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a b s t r a c t

This study proposes a multi-objective optimization model to determine the optimal charging infra-
structure for a transition to plug-in electric vehicles (PEVs) at workplaces. The developed model con-
siders all cost aspects of a workplace charging station, i.e., daily levelized electric vehicle supply
equipment (EVSE) infrastructure cost, PEV energy and demand charges. These single-objective functions
are aggregated in a multi-objective optimization framework to find the Pareto optimal solutions. Smart
charging strategies with interrupted and uninterrupted power profiles are proposed to maximize the use
of EVSE units. The charging behavior model is developed based on collected workplace charging data.
The model is tested with various scheduling policies to investigate their impact on the behaviors of EVSE
types from different perspectives. Finally, a sensitivity analysis is performed to assess the impacts of
battery sizes and onboard charger ratings on cost behavior. It is shown that the proposed model can
achieve up to 7.8% and 14.6% cost savings as compared to single-objective optimal models and the
current charging practice, respectively. The unit cost is found to be more sensitive to scheduling policies
than the charging strategies. It is also found that the flexibility ratio policy gives the best PEV scheduling
with the lowest unit cost and the most efficient use of the grid assets.
© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

The adoption of zero-emission plug-in electric vehicles (PEVs) is
becoming an ambitious target for the decarbonization of the planet
in the national mitigation plans of developed countries. One of the
specific goals set out is to support the transition to smarter and
more sustainable transportation. Enabling this transition to elec-
trified transport can be achieved through a convenient and wide-
spread charging network [1]. Workplaces are found to have the
most charging points among non-residential stations that help
increase the electric driving range for PEVs [2]. These stations are
primarily available for use by employees or a commercial fleet of
PEVs. The workplace charging process can be performed over most
of aworking hours, which can give flexibility. However, it is likely to
ich is funded by Sustainable
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coincide with the peak hours [3]. Workplace charging stations can
then take the opportunity to co-operate with the utility grid to
provide ancillary services (e.g., peak shaving) without violating
overall charging requests when the PEVs are parked at workplaces
[4]. To encourage charging at workplaces, utilities have started to
implement PEV specific rates [5,6]. Given the expected growth in
workplace charging networks, architecting and managing such a
workplace charging station requires deep analysis. Planning should
specify both optimal electric vehicle supply equipment (EVSE) type
and unit number, while themanaging process should include smart
charging strategies to provide a cost-effective solution with effi-
cient use of the grid assets.

With ever increasing numbers of PEVs, optimal planning of non-
residential charging station deployment has been undergoing
research [1,2]. The overall objective of this research is to ensure the
techno-economic feasibility of charging stations while providing a
charging service quality for PEV users [7]. Most of the studies
formulate the planning problem as a single-objective with deter-
ministic optimization models, such as linear [2,8e10] and
nonlinear integer programming [1,11], or as meta-heuristic opti-
mization models, such as a genetic algorithm [12]. In Ref. [2], the
e under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Nomenclature

F Aggregated objective function
m, s Mean and standard deviation of normal distribution
u1, u2, u3 Weights of energy, demand charge, and levelized

infrastructure cost functions
CDC Demand charge
Cdrate Demand charge rate
CEC Daily total PEV energy charge
CLIC Daily levelized EVSE investment cost
Cunit, Cins, Cmain EVSE unit hardware, installation, and

maintenance costs, respectively
Eavailable;sj Total energy in the available time slots of sthj EVSE

unit
Erequired,i Required charging energy of the ith PEV
F Electricity pricing vector
J Set of EVSE charging levels
j jth EVSE type
LC Lifetime of EVSE unit
N Set of PEVs
n The number of PEVs

Pratedi , hi Onboard charger rated power and efficiency of the ith
PEV, respectively

PratedJ ,hJ Rated power and efficiency of DCFC, respectively
Pbase Base load
Pch,i Set of charging rates of the ith PEV
Plim Distribution transformer capacity
r Annual interest rate
S Set of jth type EVSE unit
s The number of EVSE units
SOC State of Charge
T The number of time slots of 1 min resolution
tarr,i, tdept,i,treq,i Arrival, departure and required charging times of

the ith PEV, respectively
tplug�in,i, tplug�off,i Plug-in and plug-off time of ith PEV,

respectively
WD Total number of working days per year
DCFC DC fast charger
EVSE Electric vehicle supply equipment
L2-1P Single phase AC Level 2/Mode 3 charger
L2-3P Three phase AC Level 2/Mode 3 charger
PEV Plug-in electric vehicle
TOU Time-of-use tariff
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objective is set to minimize the overall cost of aworkplace charging
station that is sum of the levelized costs of EVSEs, installation, and
operation. In Ref. [8], the optimization model maximizes the
number of PEVs charged at different non-residential locations un-
der a budget and substation transformer capacity constraints. In
Ref. [9], the model is developed to maximize coordinated PEV
charging energy at a workplace under constant and time-of-use
(TOU) rates. While these studies focus on economics of charging
stations to maximize the station owner's profit, technical aspects
associated with charging station deployment such as network
losses and the grid impact are not considered. However, somework
address the effect of power grid constraints [10,12]. In Ref. [10], the
siting and sizing of charging stations are optimized to reduce losses
and improve the voltage profile in the distribution system. In
Ref. [12], the profitability of DC fast charging (DCFC) stations with
different sizes subjected to grid capacity constraint is analyzed
through an optimal model that determines optimal locations and
sizes for the DCFC.

While these single-objective optimization models provide an
optimal charging infrastructure configuration through cost mini-
mization, designing a charging station involves various objectives
from different aspects in a workplace environment, such as
charging infrastructure provider with profitability maximization,
utility with peak demand reduction, business system operator with
demand charge minimization, and PEV user with charging cost
minimization. Aworkplace owner providing a PEV charging service
as a benefit for the employees may have multiple conflicting cost
objectives to achieve. Some of these objectives can be compromised
in finding the optimal solution if considered independently as
single-objective optimization. For instance, if only the energy
charge is considered to reduce the electricity consumption, the
peak demand can increase at the lowest cost time frames. This may
result in higher demand charges for industrial and commercial
customers, specifically with fast charging EVSE units. Therefore,
optimality should be concurrently sought for each aspect consid-
ered that may result in multiple non-unique sets of solutions. The
final subjective decision can then bemade from the non-dominated
solutions, i.e., the Pareto optimal set based on the decision maker's
2

priority. In this respect, the multi-objective optimization (MOO)
method can define a Pareto optimal set that provides a suitable
compromise among all objectives without degrading any of them.

Only few works has applied the multi-objective optimization
formulation to the planning of charging infrastructure [13e17]. In
Ref. [13], two cost minimization objectives for charging service
provider and PEV user, and an objective of maximizing charging
unit utilization ratio are incorporated into a multi-objective opti-
mization formulation. It is shown that the multi-objective optimi-
zation model provide better balanced solution as compared to the
single-objective optimization. In Ref. [14], the siting and types of
public charging infrastructure are optimized by a multi-objective
optimization model with the objectives of minimizing the total
cost and failed trips to the charging station. In Ref. [15], minimizing
investment cost and energy losses with maximizing the number of
PEVs served are considered for electric vehicle grid integration. The
Pareto solutions obtained are used to make proper trade-off be-
tween the overall cost and the PEV charging service. In Ref. [16], the
objectives of minimizing charging time and charging cost are set to
find the optimal option among L2, DCFC, and battery swapping. In
Ref. [17], the MOO model is set to minimize grid related objectives
while maximizing the number of PEVs served with DCFCs. The
Pareto solutions are found using a heuristic algorithmwhile a fuzzy
based decision-making model is employed to select the best per-
forming solution. A multi-criteria decision-making model is pro-
posed in Ref. [18] to select the best performing Pareto solution
meeting the charging station owner's perspectives at workplaces.
The objectives in these studies have mainly focused on the energy
charge and investment cost and excluded the demand charge as
part of multi-objective optimization models.

In addition to the investment cost of charging infrastructure,
PEV energy and demand charges are the other two main cost ob-
jectives in a workplace environment that need to be considered.
These two objectives may contradict each other in finding the
optimal charging infrastructure. In this respect, smart charging has
been shown to have potential in terms of energy charge and peak
demand reductions [19]. It is shown in Ref. [20] that demand
charges can be a significant portion of the total electricity cost
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depending on the configuration of charging station. In Ref. [21], the
impact of smart charging on cost behavior is found for different PEV
assignments to EVSEs. It is proved that installing more EVSEs could
enable a more distributed load assignment per EVSE that reduces
total cost, in which the demand charge reduction is found to be
significant. In Ref. [5], the studies on the smart charging strategies
with different objectives suggest that either cost or peak minimi-
zation shows superior performance in maximizing utilization of
existing infrastructure and supporting the maximum number of
PEVs in a workplace, as they were shown to have nearly the same
aging effect on the transformer. In Ref. [22], Munoz et al. develop a
smart charging strategy based on PEV's load shifting flexibility that
minimizes the number of EVSEs and reduces peak demand signif-
icantly. While these studies prove the benefits of smart charging
strategies for only single EVSE type, the behavior of all EVSE options
under various smart charging strategies needs to be evaluated for
all aspects in a workplace environment. Moreover, many sched-
uling policies other than the current practice, i.e., first-come, first-
served, can be implemented in a workplace environment. The
behavior of EVSE types with various scheduling policies is largely
unexplored.

The motivation of this study is to explore the techno-economics
performance of EVSE configurations at workplace charging stations
against smart charging strategies and scheduling policies. As such,
the optimal workplace charging infrastructure configuration that
satisfies the workplace owner's multiple objectives simultaneously
is identified. This is particularly important for commercial and in-
dustrial customers that are subject to paying additional fees such as
demand charges, unlike residential customers. The following
research questions were developed in this study: (i) Does the
optimal charging infrastructure configuration differ from the
perspective of a workplace setting?, (ii) What is the impact of the
smart charging strategy on the optimal charging infrastructure
configuration?, (iii) What is the impact of charging scheduling
policies on the optimal charging infrastructure configuration?, (iv)
How does the optimal charging infrastructure configuration differ
from EV battery sizes and onboard charger ratings? To investigate
the above-mentioned research questions, this study proposes a
MOO model to find the trade-off among three conflicting single
objectives. These are described as cost functions of daily levelized
EVSE investment, PEV energy, and demand charges. To find the
Pareto optimal solutions, three cost functions are aggregated using
the weighted sum method. Two smart charging strategies with
interrupted and uninterrupted charging profiles are studied to
solve the optimization problem using linear programming. The
model is tested with prioritizing scheduling policies. All workplace
EVSE configurations are studied. These are AC single-phase
(7.36 kW) (L2-1P) and three-phase (22 kW) (L2-3P), dual-port AC
L2-3P (22 kW) (L2 MP), DCFC (50 kW) and dual-port DCFC (50 kW)
3

(DCFC MP). Dual-port EVSEs allow two PEVs to connect and charge
simultaneously. Based on collected charging data from the field,
case studies are performed for a research institution. The findings
will be critical in the installation of cost-effective workplace
charging stations, which show the contributions of each cost
element to the total cost to avoid a possible subsidization among
PEV users while also being grid-friendly charging stations at
workplaces. The rest of the paper is organized as follows. Section II
describes the development of the MOO model with the Pareto so-
lution. Section III presents smart charging strategies and charging
scheduling policies. Case studies are presented in Section IV.
Finally, concluding remarks are given in Section V.
2. Multi-objective optimization model for workplace
charging station

2.1. Multi-objective optimization problem formulation

The framework for the proposed workplace charging station
design optimization is shown in Fig. 1. Herein, a MOO model is
proposed to determine the optimum EVSE configuration in which
workplace PEVs are scheduled with optimal charging power rates.
A charging station operator first sorts EVs and assigns them to
available EVSE units based on a scheduling policy. The proposed
MOOmodel is then solved only once for each EV when it is plugged
in by considering available PEVs at the station. Once it has been
scheduled, it is not updated when new PEVs arrive at the charging
station. The MOO model entails identifying the trade-off among
several objectives through optimal charging processes for candi-
date PEVs at the station. Several objectives can be defined from the
perspective of a workplace environment, depending on whose
optimality is sought. From a charging station owner perspective,
the objective can be to minimize EVSE infrastructure costs over its
life cycle [2], while the objective becomes to minimize operational
energy charges for PEV users [19]. Peak demand reduction is always
desirable from the grid perspective [23]. This, however, may con-
flict with energy charges that occur at the lowest TOU intervals.
That can be defined as minimizing demand charges at workplaces
as the demand charge is proportional to the peak load over a billing
period [20]. Hence, the problem can be formulated as a Multi-
Objective Linear Programming problem with three objective func-
tions that results in global minimum as follows:

min Pch;1…Pch;n
Sj

�
CECðPch;iÞ CDCðPch;iÞ CLICðSjÞ

�T
; (1)

with,
(2)



Fig. 1. A schematic overview of the proposed workplace charging station design optimization framework.
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(1) is composed of three objective functions. The first objective
is to minimize operational energy charge, CEC, referring to daily
total PEV energy charge as defined in (2). Minimizing the opera-
tional energy charge is achieved by optimizing the charging power
rates of PEVs, Pch,i. The second function in (1) is to minimize de-
mand charge, CDC. Minimizing the demand charge is achieved by
minimizing the peak load in 15 min resolution as expressed in (2)
through optimizing the charging power rates of PEVs. The last
function in (1) is to minimize EVSE infrastructure cost, CLIC, refer-
ring to daily levelized investment cost (LIC) of EVSE units. Mini-
mizing the LIC is achieved by optimizing the number of charging
units installed, Sj as given in (2). The objective functions are subject
to following constraints:

subjectto
XT

t¼1
Pch;iðtÞ,hi,

Dt
60

¼Erequired;i; ct2½tarr;i;tdept;i�;i
¼1;…;n

(3)
8><
>:

0 � Pch;iðtÞ � min
�
hiP

rated
i ; hjP

rated
j

�
;cJ2f1;2;3g

0 � Pch;iðtÞ � hj,P
rated
j ;cJ2f4;5g

ct2½tarr;i; tdept;i�; i ¼ 1;…;n (4)
Pch;iðtÞ ¼ 0; ct;½tarr;i; tdept;i�; i ¼ 1;…;n (5)

treq;i � ðtdept;i � tarr;iÞ; i ¼ 1;…;n (6)
4

XT

t¼1

0
@PbaseðtÞþ

Xsj
sj¼1

Xn

i¼1
Pch;i;sjðtÞ

1
A�Plim; Sj¼1;…;sj;i

¼1;…;n:

(7)

Eq. (1) always seeks optimal charging rates for each PEV with
satisfying the constraints simultaneously, while the smart charging
algorithms employed guarantee the minimization of the number of
charging units. The details of each objective function are expressed
in the followings. The smart charging algorithms are defined in the
next section.

The following are the definitions of the sets used in the model:
N ¼ {1, 2, …n} is set of PEVs, T is the number of time slots of 1 min
each, Pch,i(t)¼ {Pch, i(1)… Pch, i(T)} is set of charging rates of the ith
PEV, S ¼ {1, 2, …s} is set of EVSE units, J ¼ {1, 2, 3, 4, 5} is set of
charging levels of the EVSE types considered. {1, 2, 3, 4, 5} denotes
L2-1P, L2-3P, L2-3P MP, DCFC and DCFMP charging units, respec-
tively. The electricity price vector is F(t) ¼ {f(1) … f(T)}.
2.1.1. Energy charge function
The energy charge represents operational cost as daily elec-

tricity consumption cost to charge all PEVs at the workplace. It can
be expressed by (2). The pricing vector, F(t), considers a TOU tariff.
While (2) minimizes total daily energy charge with optimal
charging rates, the PEV user requirements are satisfied by Con-
straints (3) through (6). Herein, Erequired,i is the required charging
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energy of the ith PEV to achieve the desired state of charge (SOC) at
departure time. tarr,i, tdept,i, and treq,i are the arrival, departure, and
required charging times of the ith PEV, respectively. Pratedi and hi are
the onboard charger rated power and its efficiency of ith PEV,
respectively. PratedJ and hJ are the rated power and the efficiency of

DCFC EVSE unit, respectively. The equality constraint (3) guarantees
every PEV has a desired SOC by departure time. Constraint (4) states
that the charging power can be between zero and maximum rated
value in compliance with the standards IEC 61851/SAE J1772
[24,25]. Constraint (5) imposes that the charging process happens
within the arrival and departure times. Constraint (6) states that
the required charging time cannot be longer than the plugged-in
time.

2.1.2. Demand charge function with TOU tariff
The demand charge is calculated by (2). It is product of a de-

mand charge rate and peak of aggregated load averaged in 15 min
time intervals. The aggregated load is the sum of base load, Pbase,
and total charging loads,

P
Pch;i;sj . The demand charge rate, Cdrate, in

(2) is a part of the demand metered rate schedule for general ser-
vice customers of Pacific Gas and Electric Company (PG&E) [26].
The rate of 13.27 $/kW for winter season is considered in demand
charge calculations. In this study, a demand profile in 15 min in-
terval for a research institution was collected for typical five
working days throughout a year and daily average load of these five
days was used as the base demand profile. The base profile was
then interpolated to 1 min intervals to be used in the model. The
charging power rates of each PEV in the charging time horizon are
optimized such that the peak of aggregated power of 15 min in-
tervals is minimized. The aggregated load is dynamically updated
after each PEV's scheduling. According to Ref. [26], the rate
schedule limits the total power demand at 499 kW that a customer
can demand in three consecutive months. Therefore, the constraint
in (7) states that the aggregated load after charging all the PEVs
shall not exceed the peak power limit, Plim of 500 kW. In addition,
the rate schedule offers TOU rates used in (2) as F(t) rate of electrical
energy. The three time frames during a day are described as peak,
part- and off-peak for winter. Fig. 2 depicts the daily average base
power and TOU rate used.

2.1.3. Levelized EVSE infrastructure cost function
The EVSE infrastructure cost includes unit hardware, Cunit,

installation Cins, and maintenance costs, Cmaint [27], as in (2). It is
assumed that the cost term associated with operating the EVSE unit
(e.g., charges for electricity) is considered in the energy charge
while the installation cost includes the maintenance cost. The
capital cost should be levelized to consider the time value of money
since the infrastructure cost includes total length of lifetime of EVSE
[28]. Since the energy cost is calculated in 24 h time horizon, the
infrastructure cost is converted to daily levelized cost figure using
the annuity factor, AF in (2) [2] as

AF ¼
 

1
WD

,
ð1þ rÞLC,r
ð1þ rÞLC � 1

!
; (8)

where, WD is total number of working days per year, r is annual
interest rate, and LC is lifetime of an EVSE unit.
5

2.2. Pareto optimal solutions with the weighted sum method

For the multi-objective problem, it is highly unlikely to have a
single solution which minimizes each objective function simulta-
neously [29]. The solution is defined in terms of Pareto optimality
and a set of points on the Pareto frontier is therefore sought. The
unique optimum solution is identified from the Pareto frontier
depending on the decision-maker preference [17]. The Pareto set
includes all feasible solutions in the objective space representing
alternative designs. One intuitive way to find Pareto points is to
combine all the design objectives into a single aggregate function
ðFÞ in a way that it should represent the user's preferences and
objectives. As such, the Pareto solutions are obtained by optimizing
F . The most common way of aggregate objective function formu-
lation is the weighted sum approach that presents weighted linear
combination of all objective functions [30]. For the proposed multi-
objective optimization problem, the aggregate objective function
can be expressed as

FðPch;i; SjÞ ¼
�
u1,CECðPch;iÞ þ u2,CDCðPch;iÞ þ u3,CLICðSjÞ

�
; (9)

with,

u1 þ u2 þ u3 ¼ 1 c u2½0;1�; (10)

where (u1, u2, and u3) represents weights of energy and demand
charges, and levelized infrastructure cost functions, respectively.
This results in all possible solutions including the single-objective
solutions. An increment of 0.1 for the weights' iterations is used
in simulations to evaluate the range of weights that makes up 66 wt
sets. By setting possible weight sets, minimizing F yields a series of
Pareto points that shows a feasible objective space with a trade-off
among the three objective functions. Among the 66 solutions, the
optimal solution is more subjective and depending on the user's
design preferences. In this study, unit cost is given priority.



N. Erdogan, S. Kucuksari and J. Murphy Energy 254 (2022) 124161
Algorithm 1. Uninterrupted PEV charging algorithm
1. Generate mobility data
2. Load pricing data and base demand profile
for i ¼ 1:N do
Compute Erequired,i
S ¼ 1
Calculate Eavailable;sj ¼ f ðminðPratedi ;PratedJ Þ; tarr;i; tdept;i;

P
Pch;ði�1ÞÞ

if Eavailable,s < ¼ Erequired,i then
Calculate treq,i
Find idle time slots tidle
for k ¼ 1:size(tidle) do
if treq,i < ¼ tidle(k) then
Set constraints Eqs. (3)-(7)
Solve Eq. (1)-(2)
Update demand profile

PT
t¼1ðPbaseðtÞþ

Pn
i¼1Pch;iðtÞ

�
end if

end for
else
S ¼ 2
...
else
if i ¼ ¼ N then

break;
end if
end if
end for

1. Generate mobility data
2. Load pricing data and base demand profile
for i ¼ 1:N do
Compute Erequired,i
S ¼ 1
Calculate Eavailable;sj ¼ f ðminðPratedi ;PratedJ Þ; tarr;i; tdept;i;

P
Pch;ði�1ÞÞ

if Eavailable,s < ¼ Erequired,i then
Set constraints Eqs. (3)-(7)
Solve Eq. (1)-(2)
Update demand profile

PT
t¼1ðPbaseðtÞþ

Pn
i¼1Pch;iðtÞ

�
else
S ¼ 2
…

else
if i ¼ ¼ N then
break;

end if
end if
end for
3. Smart charging strategies and scheduling policies

3.1. Smart charging strategies with interrupted and uninterrupted
charging profiles

In order to maximize the use of EVSE units, the proposed MOO
model implements a smart charging algorithm that utilizes either
uninterrupted or interrupted charging profiles. To address the
current charging practice, an uninterrupted charging profile is first
proposed in which each PEV is plugged-in and continuously
charged until the desired SOC is reached. With the existing charger
technology, this employs an uninterrupted charging profile be-
tween plug-in and plug-off times that occurs at either variable or
fixed charging rates [3]. Second, in order to investigate the impact
of future EVSE features, an interrupted charging profile is proposed
in which the PEV is charged at discrete time slots separated by idle
slots (tidle). Interrupted charging requires that multiple PEVs be
connected to the same charging unit while only one PEV can be
charged at a time. This can be implemented on Octopus chargers
that have built-in more cables but only one active cable at a time
[22]. One advantage of the uninterrupted charging profile is the
potential to allow the battery some cool off time and mitigate rapid
temperature rise, which is an important factor for battery lifetime
longevity due to the on/off switching behavior of the discrete
charging process [31].

The smart charging algorithm with uninterrupted and inter-
rupted charging profiles is summarized in Algorithms 1 and 2,
respectively. It expects three parameters: arrival time (tarr,i),
charging energy need (Erequired,i) and departure time (tdept,i). The
algorithm assigns PEVs into an EVSE unit sequentially depending
on the prioritizing scheduling policy until an incoming PEV does
not fit into the current unit. Then, a new EVSE unit is added, and the
incoming PEV is placed in the new unit. The algorithm is bidirec-
tional in the sense that the available EVSE units are used for sub-
sequent PEVs if any of available units can accommodate any
subsequent PEV. That is controlled by checking available time slots
and energy, Eavailable;sj , for every existing EVSE unit sequentially. The
6

Eavailable;sj is calculated based on the arrival and departure times of
the incoming PEV and the total charging power of previous PEVs.

Algorithm 2. Interrupted PEV charging algorithm
3.2. Charging scheduling policies

Charging requests for a group of PEVs can be ordered using
heuristic prioritizing policies [32]. The station owner can apply
rational policies to take decisions about matching charging re-
quests and available resources. This study exploits five scheduling
policies as benchmarking criteria to provide a basis for assessing
the performance of the proposed model. The impact is explored in
terms of the station owner, PEV users, and grid perspectives. These
policies can be rational in a workplace setting since PEV users are
typically required to provide some information about their
mobility, such as daily commute, dwell times, and required
charging energy in accordance with an employer-prepared policy.

The first policy is the current charging practice which is first-
come, first-served (FCFS) basis. It sorts PEVs according to their
arrival times and assigns the first PEV with the earliest arrival time
by

[ ¼ arg min
i2N

�
tarr;i

�
: (11)

The second policy is the earliest deadline first (EDF) [32]. PEVs
are sorted according to their departure times and the PEV with the
earliest departure time is scheduled first as

[ ¼ arg min
i2N

�
tdept;i

�
: (12)

The flexibility ratio (FR) policy considers the ratio of parking
duration to required charging time and sorts PEVs with respect to
their flexibility ratios. The PEVwith the least flexibility is scheduled
first as

[ ¼ arg min
i2N

 
tdept;i � tarr;i

treq;i

!
: (13)

The longest job first (LJF) policy sorts PEVs with respect to their
amount of required energy. The PEV with the highest required
charging energy is scheduled first by

[ ¼ argmaxi2N
�
Erequired;i

�
: (14)
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The final policy is the shortest job first (SJF) [32] which PEVs are
sorted with respect to their amount of required energy and the PEV
with the lowest required charging energy is scheduled first by

[ ¼ arg min
i2N

�
Erequired;i

�
: (15)
Table 3
Comparison of MOO results with various single-objective optimization results for
DCFC unit.

MOO ECO DCO EVSEO

Unit cost ($/kWh) 0.487 0.525 0.521 0.488
4. Case studies

4.1. Modeling workplace charging behavior

A workplace charging behavior model is developed using
collected data from a charging station based in a research institu-
tion. Currently, 27 PEVs, including 3 PEV fleet cars, are registered
and 10 charging units are installed in the station. The charging units
are available on a FCFS basis for only the registered PEVs. The
specifications of the charging infrastructure and the registered
PEVs are summarized in Table 1 and 2, respectively. Note that L2
type (3-Phase) EVSEs have 2 ports that share the supply of 22 kW
across the 2 sockets, depending on the onboard charging rates of
the PEVs plugged-in. Even though the charging station does not
include any DCFC units, it is considered in the study.

To form a charging behavior, the daily charging energy and
duration with a timestamp were collected through each station
transaction for a period of 6 months. In evaluating the collected
data, the charging activities of the fleet PEVs are not considered to
have realistic arrival/departure times as these cars dwell most of
the time at the workplace. Since battery SOC information is not
registered, the changes in SOC (%) are calculated based on each
PEV's battery capacity and its recharged energy. The following as-
sumptions were made to fit the distributions of arrival/departure
times and charging energies into a Gaussian curve: Arrivals after
12.00PM and departures before 12.00PM are not considered as
arrival and departure times, respectively. Also, any charging energy
of less than 1 kWh is ignored. It is observed that the histograms of
exploited data can be represented by a Gaussian distribution. The
normal distributions are N(8h40, 1h05), N(16h10, 2h28), and
N(45.44%, 17.87%) for workplace arrival and departure times and
percentage change in SOC, respectively, with N(m, s) indicating a
normal distribution with mean m and standard deviation s. Finally,
the PEV mobility and charging behavior are generated based on the
obtained Gaussian probability density functions.
Energy charge ($) 226.89 220.82 223.35 227.30
Demand charge ($) 62.17 70.98 52.59 62.34
EVSE cost ($) 74.96 100.11 113.06 74.96
4.2. Simulation settings

To represent the field implementation, a set of 5 different PEV
Table 1
Specifications of EVSEs in the study area.

EVSE Type Charging power [kW]

L1 (1-Phase, 16A) 3.68
L2-1P (1-Phase, 32A) 7.36
L2-3P (3-Phase, 32A) 22

Table 2
Specifications of PEVs in the study area.

Onboard Charger Rate [kW] No of PEVs

3.3 7
3.7 3
6.6 12
7.2 4
11 1

7

types listed in Table 2 are selected in the model. The set of PEVs is
composed of (12 kWh, 3.7 kW), (24 kWh, 6.6 kW), (30 kWh,
6.6 kW), (34 kWh, 11 kW), and (64 kWh, 7.2 kW). The selected PEV
models are homogeneously distributed to all PEV users considered.
The onboard chargers are assumed to operate at 90% efficiency
whereas an efficiency of 97% is taken for DCFC. A lifetime of 15 years
is assumed for AC EVSEs while a lifetime of 10 years is taken for the
DCFC EVSEs. The sum of unit and installation costs are taken as
follow: $5000 and $12,000 for L2-1P and L2-3P, respectively, from
the field implementation while a cost figure of $50,000 for DCFC
EVSE at 50 kW is taken from Ref. [28]. A fixed interest rate of 5% is
used in (8). The numerical simulations are run for 100 PEVs for 100
times to cover a considerable different randomly generated
mobility scenarios. The presented results are average values among
100 trials. Themodel is implemented inMATLAB and the solution is
obtained using the linear programming in optimization toolbox
[33]. The resolution is assumed to be a time interval of 1 min.
4.3. Charging infrastructure analysis

4.3.1. Analysis of Pareto solutions
To demonstrate the superiority of the MOO over the single-

objective approach, each component of the MOO are individually
run as single-objective optimization. These are energy charge
(ECO), demand charge (DCO) and EVSE cost (EVSEO) optimizations.
Table 3 presents the comparison results for DCFC unit with inter-
rupted charging strategy as an example. It is shown that each single
optimization achieves its objective by minimizing the value.
However, their solutions result in higher unit cost figures than that
of the MOO approach since optimizing a single objective can
compromise other objectives. The MOO achieved further unit cost
savings up to 7.8% as compared to the single-objective approaches
depending on the charging strategy and scheduling considered.
Cost savings differ from both the charging strategies and sched-
uling policies. The Pareto solutions of the MOO are therefore,
further investigated below. Pareto optimal points have been found
for five EVSE types under two charging strategies and five
Connector type No of charging stations

Type-2 2
Type-2 6
Type-2 2

Battery Capacity [kWh] No of PEVs

11e12 4
24 10
27e30 8
33e40 4
64 1



Fig. 3. Design objective values of the Pareto solutions with interrupted charging strategy for EVSE types (a) L2-1P, (b) L2-3P, (c) DCFC.
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scheduling policies. As an example, Fig. 3 presents the Pareto points
for L2-1P, L2-3P, and DCFC with interrupted charging strategy. Due
to page limitation, all design objective values are not presented. The
discussions below are made through presenting the Pareto solution
making the unit cost the lowest.

As expected, the MOO increased the computational time by
approximately 50 fold for an increment of 0.1 in weights as
compared to optimizing the single-objective case. The computa-
tional burden can be even exacerbated for increased number of set
of weights. However, the scheduling time to solve the problem per
vehicle is found to be ranging from 5.98 s to 11.6 s depending on the
charging scheduling considered. This proves that the MOO
approach does not violate its real-time implementation as it is
solved only once at the time the PEV is plugged-in.
4.3.2. EVSE unit cost analysis
The cost behavior of an uncontrolled charging scenario is given

in Fig. 4a to provide a basis for assessing the performance of the
proposedmodel. In the uncontrolled charging scenario, all PEVs are
charged at their rated power with the FCFS policy. Fig. 4b through
Fig. 4f present the unit cost behaviors of the optimal model with the
uninterrupted charging strategy for each EVSE type. The unit cost is
the ratio of total cost to total charging energy where the total cost is
the sum of three cost components. When compared to the un-
controlled charging scenario, the optimal model with the uninter-
rupted charging strategy saves between 7.9% and 14.6% of the cost.
DCFC units offer the greatest cost savings. L2-1P displays the best
unit cost performance with a mean value ranging from 0.278 to
0.309$/kWhwhereas the highest cost figures are obtained with L2-
3P EVSE type with a mean value of 0.314e0.368 $/kWh. This is due
to the inefficient use of L2-3P capacity (i.e., 22 kW) which is much
larger than the onboard charger rates of the PEVs. In this
perspective, multi-port L2 shows similar performance to that of L2-
1P with the best mean value of 0.282 $/kWh. Multi-port option
decreases the number of charging units needed, which reduces the
EVSE cost component significantly. The best mean unit cost values
for single and multi-port DCFCs vary between 0.286 and 0.388
$/kWh, respectively. Although the charging capacity of DCFC types
is high, higher infrastructure costs make them less cost-effective
compared to L2-1P and multi-port L2. The impact of scheduling
policies on unit costs differs from EVSE types. Among the sched-
uling policies, FR policy has the best mean unit cost figure for each
EVSE type considered, ranging from 0.278 $/kWh and 0.314 $/kWh.
On the contrary, EDF policy shows the worst unit cost performance.
It is observed that EDF may increase unit costs compared to the
uncontrolled charging case since peak demand and thus higher
energy charge periods overlap with departure times.
8

As shown in Fig. 5, the cost behaviors of the optimal model with
the interrupted charging strategy are further reduced for all EVSE
types by 2e3%. Similar to the uninterrupted charging strategy, L2-
1P type returns to the lowest unit cost with a mean value of 0.272
$/kWh, while L2-3P has the highest unit cost value of 0.307 $/kWh.
The lowest unit cost is still obtained by FR policy. As compared to
the uncontrolled charging, FR policy achieves a cost savings of 3e5
Cents/kWh depending on the EVSE type. It has been found that unit
cost is more sensitive to scheduling policy than the charging
strategies.
4.3.3. Impact of EVSE types on aggregated load profile
The impact of the optimal model on the grid is quantified and

evaluated in terms of the peak of 15-min intervals and the variance
of the aggregated load profile. The variance of the distribution
system load profile is a measure to evaluate load fluctuation that
increases power system operational cost and transmission level
operation [34]. Herein, the peak and variance values for each
charging strategy and scheduling policy, reported in Table 4, pro-
vide a measure of the impact of EVSEs on the grid. Note that the
peak values are the maximum of the aggregated load. The inter-
rupted charging strategy achieves further peak reduction, while
both smart charging strategies significantly reduce the peak de-
mand as compared to the uncontrolled charging scenario. DCFC has
the highest peak reduction, up to 27.4%. The scheduling policies
have more influence on the grid behavior of EVSEs than the
charging strategies. Among the scheduling policies, FR displays the
best peak power performance, while EDF could increase peak de-
mand. As an example shown in Fig. 6, L2-1P and L2-3P exhibit
similar characteristics for the both charging strategies, while L2-3P
achieves slightly less peak power. It is found that DCFC can be the
most grid friendly configuration with both smart charging strate-
gies and scheduling policies. This is because DCFC can take
advantage of the off-peak periods efficiently with higher power
charging rates. It is also noticed that the load variance follows the
peak and exhibits similar relationships. For all charging strategies
and scheduling policies, multi-port DCFC helps further reduce the
peak power due to lower charging powers as compared to the
single unit.
4.3.4. Performance evaluation of EVSE types from different
perspectives

Table 5 presents a comparative analysis of the EVSE types from a
station owner's perspective. The number of charging units can be of
interest as it might require parking space depending on the EVSE
type. Since the presented values are average values among 100
trials, the EVSE unit numbers in the table are found to be fractional.



Fig. 4. Unit costs of EVSEs for 100 PEVs with uninterrupted charging strategy: (a) uncontrolled, (b) FCFS, (c) EDF, (d) LJF, (e) FR, and (f) SJF scheduling policies.

Fig. 5. Unit costs of EVSEs for 100 PEVs with interrupted charging strategy: (a) FCFS, (b) EDF, (c) LJF, (d) FR, and (d) SJF scheduling policies.
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The unit numbers for the L2 types are found to be approximate,
while 3e5 DCFC units can charge all PEVs. The highest EVSE
infrastructure costs happened for L2-3P types due to their higher
unit numbers, even though DCFC has the highest infrastructure
cost. It is found that the number of EVSE units is affected
9

significantly by the scheduling policies, but less sensitive to the
charging strategies. FR policy returns to the lowest charging unit
numbers, while EDF policy gives the highest numbers.

In terms of total cost, L2-1P type is found to be cost effective for
all charging strategies and scheduling policies. The EVSE cost is the



Table 4
Impact of EVSE types on the grid in terms of charging strategy and scheduling type.

Charging Scheduling L2-1P L2-3P L2 Multiport DCFC DCFC Multi-port

Strategy Type Peak [kW] Variance [kW]2 Peak [kW] Variance [kW]2 Peak [kW] Variance [kW]2 Peak [kW] Variance [kW]2 Peak [kW] Variance [kW]2

Uncontrolled FCFS 183.97 4456.2 181.50 4355.5 181.5 4355 192.36 4208.97 178.2 4035
Uninterrupted FCFS 174.15 4058.9 174.33 4047.7 177.7 4043 169.29 3,2212.0 166.3 3494

EDF 203.09 4868.9 201.18 4809.4 200.5 4812 181.45 3672.5 186.8 4128
LJF 157.80 3564.2 155.91 3520.8 155.8 3519 147.15 2929.2 147.3 3022
FR 152.24 3468.6 151.54 3415.3 150.9 3419 145.16 2833.2 142.5 2905
SJF 168.66 3714.9 169.15 3665.2 167.6 3669 152.46 3005.6 155.4 3135

Interrupted FCFS 167.03 4038.5 167.75 3991.3 166.5 3995 156.02 3482.2 161.6 3566
EDF 190.21 4612.5 190.22 4555.4 189 4567 191.63 3674.9 185.1 3994
LJF 149.49 3466.9 148.77 3417.5 148.6 3424 139.59 3009.1 142.9 2975
FR 146.72 3397.7 146.40 3359.2 145.7 3363 139.90 2856.7 139.1 2898
SJF 152.27 3539.5 152.04 3483.6 151.3 3490 145.83 2916.4 144.6 3013
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Fig. 6. Aggregated load profiles with 100 PEVs for (a) uncontrolled, (b) uninterrupted, (c) interrupted charging profiles.
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major factor contributing to the main difference in the total cost
figures for L2-3P and DCFC. This is because L2-3P requires a higher
number of units while DCFC has the highest infrastructure cost.
Following the EVSE cost, total cost is affectedmainly by the demand
charge. EVSE cost and demand charge are more sensitive to
scheduling policy while energy charge display similar figures irre-
spective of charging strategies and scheduling policy. It is observed
that the demand charges for L2-1P and L2-3P types are prominent
compared to DCFC. This is due to need of longer charging times. In
this case, the algorithm cannot avoid the peak times while mini-
mizing energy charge. In terms of the station owner perspective, FR
policy shows superior performance with benefits for all aspects
considered. This shows the importance of charging flexibility in
10
scheduling in terms of unit cost. Demand charge and EVSE cost
become major cost components for L2-1P and L2-3P, respectively.

The analysis of the PEV user perspective is worth considering
since energy charges can be reflected on PEV users. It is observed
that the energy charge is more sensitive to scheduling policies than
to charging strategies. All scheduling policies achieve energy cost
savings with respect to the uncontrolled charging in which EDF
policy shows the superior performance. However, EDF policy was
shown to have the lowest performance of all the other aspects
considered. This is because PEVs are sorted by their departure times
under this policy, which shifts more charging loads towards peak
times and increases the number of charging units needed. Thus,
EDF policy results in the highest unit cost as explained above, even



Table 5
Performance of single unit EVSE Types in Terms of Station Owner and PEV User Perspectives.

Charging
Strategy

Sche
Type

L2-1P L2-3P DCFC

Num.of
Units

EVSE
Occ.

Energy
Charge [$]

Demand
Charge [$]

EVSE
Cost [$]

Num of
Units

EVSE
Occ.

Energy
Charge [$]

Demand
Charge [$]

EVSE
Cost [$]

Num of
Units

EVSE
Occ.

Energy
Charge [$]

Demand
Charge [$]

EVSE
Cost [$]

Uncontrolled FCFS 22.3 1 239.32 57.94 41.22 20.9 1 239.46 58.06 92.71 3.2 1 231.95 62.59 80.69
Uninterrupted FCFS 21.6 1 238.4 53.70 39.91 20.4 1 238.41 54.73 90.54 2.92 1 230.82 55.73 72.72

EDF 27.9 1 227.83 67.36 51.72 26.6 1 227.67 66.69 118.05 3.8 1 221.50 62.58 93.39
LJF 18.5 1 233.85 46.36 34.21 17.7 1 233.56 46.30 78.45 2.92 1 227.22 45.60 72.72
FR 17.4 1 234.42 44.72 32.30 16.6 1 234.03 45.13 73.43 2.1 1 227.39 40.90 51.8
SJF 21.6 1 234.24 51.55 39.91 20.2 1 233.88 51.68 89.56 3.1 1 228.20 53.37 76.45

Interrupted FCFS 21.2 3.1 239.04 49.37 39.33 20.1 3 238.87 49.98 89.11 2.91 9.3 235.19 45.77 72.47
EDF 26.6 3.9 228 60.10 49.28 25 3.7 227.78 60.66 111.12 3 3 226.89 62.18 74.96
LJF 17.8 3.6 232.57 41.64 33.04 16.9 3.6 232.38 41.62 75.25 2.8 13.6 228.36 37.85 69.73
FR 16.9 3.2 232.86 40.56 31.33 16.1 3.5 232.58 40.68 71.34 2.24 8.8 227.96 38.21 55.78
SJF 19.8 3.3 233.02 42.67 36.69 18.7 3.5 232.77 42.54 83.29 2.23 6.3 228.33 41.44 55.53
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though it achieves the lowest energy charge. EVSE occupancy is
proposed as another parameter to measure the charging time
affecting the PEV user's convenience. Herein, the occupancy rep-
resents howmuch time PEVs are required to connect to EVSEs with
respect to the required time to complete their charging needs. The
EVSE occupancy is calculated by

EVSEoccupancy ¼ mean

 
tplug�off ; i � tplug�in; i

treq; ii

!
i ¼ 1;…;n;

(16)

where, tplug-in, i and tplug-off, i are plug-in and plug-off time of ith
PEV. With the interrupted charging, the occupancy rates increase
significantly for DCFCwhile the charging times increase by 3e4 fold
for L2-1P and L2-3P types. Since DCFC provides more charging
flexibility thanks to its higher rated power, the algorithm seeks
optimal time slots to minimize the cost function. His results in a
reduction in the demand charge and a total cost even though the
charging cost increases slightly.

Table 6 summarizes the performance of the optimal algorithm
formulti-port EVSE types. As the number of port increases, the total
cost decreases significantly. The major contribution to cost reduc-
tion differs from the EVSE type. Multi-port option reduces L2 EVSE
costs almost by 2-fold. The cost reduction in multi-port DCFC is due
to the contribution of reduced demand charges. As the number of
DCFC units does not change significantly, the contribution of EVSE
costs becomes limited. Energy charges do not change with the
multi-port L2 type, irrespective of the charging strategies and
scheduling policies. The energy charge with multi-port DCFC, on
the other hand, increases slightly. Reducing charging power with
multiple-port requires higher charging time. That can shift some of
the charging process to part-peak or peak times. Since the charging
flexibility decreases with respect to single port due to lower
charging powers, the EVSE occupancy for multi-port DCFCs is
reduced almost by 2-fold. As rated charging powers are not affected
for the multi-port L2 type, the PEV user's convenience in terms of
charging time does not change in this case.
4.4. EVSE PEV hosting capacity analysis

To evaluate the performance of charging services with each
EVSE type, a new hosting capacity index (HCI) is introduced.HCI is a
measure of actual PEV hosting capacity for a charging station and is
calculated as the ratio of the total charging energy of PEVs to the
total energy capacity for installed EVSE units in the available time
horizon (e.g., between their plug-in and plug-off times) as follow:
11
HCI ¼

Pn
i
ErequiredðiÞ

SjðiÞ,
ðmaxðtplug�off ð1:nÞÞ

minðtplug�inð1:nÞÞ
ðPratedj ,hjÞdt

: (17)

The closer HCI is to unity, the better EVSE's performance. Fig. 7a
and b demonstrate expected charging services for each EVSE type
as a function of the number of PEVs for the interrupted and unin-
terrupted charging strategies with FCFS policy, respectively. As the
total charging energy increases with the number of PEVs, HCI is
becoming higher. Moreover, it is likely to be saturated after a spe-
cific number of PEVs that differ from the EVSE types. The L2-1P has
the highest PEV hosting capacity index of 0.45 for around 150 PEVs
(Fig. 7a). The L2-3P type has the lowest HCI of 0.15 even though the
index of its multi-port option is bigger by 2-fold. This confirms that
the capacity of L2 EVSE cannot be efficiently used due to the on-
board charger specifications of PEVs on the market. As the number
of PEVs increases, the hosting capacity of the multi-port DCFC is
getting higher at a level of 0.44 for more than 250 PEVs, while it is
slightly less for the single port option.

For the uninterrupted charging strategy, it is found that HCI for
each EVSE types is slightly higher (Fig. 7b). The main factor is that
the interrupted charging strategy turns out to have higher EVSE
units as it uses a wider time horizon to fulfil charging requests at
lower costs. The highest HCIs are found to be 0.48 and 0.46 for
approximately 300 PEVs for the multi-port and single DCFCs,
respectively. Similar to the interrupted charging strategy, L2-1P has
the highest HCI among L2 types up to 100 PEVs. As a result, DCFC
delivers the highest level of charging services as the number of
PEVs increases significantly. However, L2-1P types has still have the
best hosting capacity index for charging a lower number of PEVs. As
expected, the multi-port EVSEs have better hosting capacities
compared to their single-port counterparts.

4.5. Sensitivity analysis

A sensitivity analysis has been performed to explore the impact
of PEVs’ battery sizes and their onboard charger ratings on unit cost
behavior with respect to EVSE types. The battery sizes and onboard
charger ratings were selected based on new PEV models on the
market. According to the data in Ref. [35], among 128 new PEV
models on the market, the distribution of battery sizes is as follow:
8.5% fewer than 30 kWh, 38% between 30 and 60 kWh, 45% be-
tween 60 and 90 kWh, and 8.5% greater than 90 kWh. The distri-
bution of charger ratings varies as: 10% 7.2 kW, 10% 7.4 kW, 45%
11 kW, 17% 22 kW, and 18% other power ratings. For this sensitivity



Table 6
Performance of multi-port EVSE types in terms of station owner and PEV user perspectives.

L2 Multi-port DCFC Multi-port

Charging
Strategy

Sche
Type

Unit # EVSE
Occ.

Energy Charge
[$]

Demand Charge
[$]

EVSE Cost [$] Unit # EVSE
Occ.

Energy Charge
[$]

Demand Charge
[$]

EVSE Cost [$]

Uncontrolled FCFS 10.4 1 239.46 58.06 46.36 2.8 1 236.13 57.02 70.73
Uninterrupted FCFS 10.3 1 238.43 54.05 45.62 2.6 1 234.70 51.44 64.38

EDF 13.3 1 227.70 66.54 59.07 3.3 1 223.93 61.81 82.43
LJF 8.9 1 233.55 46.06 39.38 2.4 1 229.63 43.28 58.65
FR 8.3 1 233.98 44.90 36.91 2.1 1 229.38 41.08 52.05
SJF 10.2 1 233.94 51.04 45.11 2.6 1 230.11 48.21 65

Interrupted FCFS 10.1 3.2 238.95 49.30 44.94 2.5 5 236.80 47.61 62.51
EDF 12.7 4.1 227.70 59.62 56.25 2.9 3.7 226.35 58.80 72.97
LJF 8.5 3.7 232.33 41.27 37.93 2.3 6.8 229.38 39.21 56.16
FR 8.1 3.6 232.55 40.25 35.96 2 6.6 228.86 37.45 50.68
SJF 9.4 3.5 232.73 42.27 41.91 2.1 5.7 229.52 40.23 53.29

Fig. 7. PEV hosting capacity indices of EVSE types: a) interrupted, b) uninterrupted charging strategies.

Fig. 8. Unit cost behaviors of EVSE types for battery sizes ranging from 30 kWh to 60 kWh.

Fig. 9. Unit cost behaviors of EVSE types for onboard charger rates at 7.4 kW, 11 kW, and 22 kW.

N. Erdogan, S. Kucuksari and J. Murphy Energy 254 (2022) 124161
analysis, three different PEV battery sizes and onboard ratings were
selected.

Fig. 8 shows the unit cost behaviors of the EVSE types for
12
selected battery sizes. DCFC is found to be the least sensitive to
battery size. As the battery size increases, the unit cost for DCFC
reduces while it increases in L2 types. The unit cost decreases
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slightly for multi-port DCFC. Among DCFC options, battery sizes up
to 90 kWh are found to be the most economical for multi-port
DCFC, in which the unit cost is getting higher than that of a single
port option. The unit cost of L2 EVSE types increases with bigger
battery sizes. However, L2-1P and multi-port L2 can still be cost-
effective up to 60 kWh battery sizes. Among the L2 options, L2-
3P has the highest unit cost due to the inefficient use of EVSE po-
wer ratings. The sensitivity analysis on the charger ratings is shown
in Fig. 9. ince DCFC accesses the battery directly, it is not included in
this analysis. As expected, L2-1P is the least sensitive to the power
ratings since its rating limits the charging power. L2-3P is the most
sensitive to the power ratings, and the unit cost for this type re-
duces significantly when increasing onboard power ratings. How-
ever, the multi-port option is still the most economical option for
increased charger ratings up to 22 kW.
5. Conclusion

The optimal planning and management of a workplace charging
station have been considered in this study. The multi-objective
optimization model developed provides an optimum EVSE config-
uration that minimizes the unit cost of a charging station over its
life cycle with an efficient use of the grid assets. From the per-
spectives of the station owner, PEV users, and the grid, the unin-
terrupted and interrupted smart charging profiles with various
scheduling policies have been studied to explore their impacts on
the behaviors of EVSE types.

It has been shown that the multi-objective model achieves up to
7.8% cost savings as compared to single-objective optimal models in
which other cost aspects of a workplace charging station can be
compromised. In addition, the developed model displays superior
performance with reduced unit cost values of between 7.9% and
14.6% depending on the charging strategies and scheduling policies
as compared to the current practice. Based on the workplace
mobility pattern considered, it has been found that L2-1P has the
best unit cost figure, whereas L2-3P displays the highest unit cost
among the EVSE types considered. This has been supported by the
introduced PEV hosting capacity index. As such, L2-1P and L2-3P
have the highest and lowest index values at lower PEV numbers,
respectively, while DCFCs outperformwith an increased number of
PEVs. However, higher EVSE infrastructure costs for DCFCs make
their cost-effectiveness lower than that of L2-1P and multi-port L2
types.

The unit costs are found to be more sensitive to the scheduling
policies than the charging strategies. In this regard, the impact of
the scheduling policies on EVSE cost and demand charge can be
dominant, whereas energy charge displays similar cost figures
irrespective of charging strategies and scheduling policies. It was
shown that knowing the charging flexibility gives the best PEV
scheduling with the lowest unit cost and the most efficient use of
the grid assets. Moreover, it is shown that the demand charge could
play a major role in reducing unit costs even though the energy
charge is dominant. As a result, when considering a charging sta-
tion for workplaces, one should consider the impact of EVSE types
on the grid in terms of peak power.

The sensitivity analysis has concluded that L2-3P is the most
sensitive EVSE to both battery size and onboard power rating. As
the battery size increases, the unit cost for DCFC reduces, while it
increases significantly for L2 types. L2-1P andmulti-port L2 can still
be cost-effective for battery sizes up to 60 kWh. While multi-port
options reduce unit costs compared to their single-port counter-
parts, the savings are lower for higher battery sizes and onboard
power ratings.
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