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Abstract—To promote the penetration of electric vehicles
(EVs), a charging facility (CF) planning model based on
Yen’s algorithm is proposed for coupled transportation and
distribution systems considering traffic congestion. This
model not only takes into account the influence of new CFs
on the power system, but also considers the impact of CF
locations on traffic flow distribution and congestion level in
the transportation system. Yen’s algorithm is innovatively
employed to offer multiple possible choices for EV drivers’
route-selection considering CF locations determined in
traffic flow assignment model. Overall, the total cost of both
distribution and transportation systems is minimized to
obtain the optimal CF planning results. For the distribution
system, generation cost, energy loss and penalty cost for
voltage deviation are included. For the transportation sys-
tem, the main objective is to ensure EVs can reach their
destinations at the lowest cost, while the travel time due to
different path selections and the delay time caused by con-
gestion can be minimized. Finally, a comprehensive case
study on the integrated IEEE 30-bus and a 25-node trans-
portation system is conducted to validate our approach.

Index Terms—Distribution System Planning, Charging
Facility, EV flow, Yen’s algorithm.

NOMENCLATURE
Abbreviations:
CF Charging facility
DS Distribution system
EV Electric Vehicle
FCS Fast charging station
BSS Battery swapping station

TS Transportation System
O-D origin-destination
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Sets, Index and Parameters:

QA Q7 Set of the coefficients of piecewise linear equation

QEP Set of the end/break-points of piecewise linear
equation

QND Set of nodes in DS

QLo Set of feeders in DS

Qr Set of time intervals

Qr Set of departure time

QFT Set of O-D pairs

QLT Set of links on selected path for each O-D pair

oH Set of candidate CFs

t Index of time intervals

T Index of departure time

h Index of candidate CF

i,j Index of DS node

ij Index of DS feeders

rs Index of the origin and the destination

rs Index of O-D pair

I Index of TS link

fe EV flow from origin r to destination s departs at
time ¢

i Free travel time on link |

T Free travel time from origin r to the destination s

cap Capacity of link |

Vimax Max traveling speed on link |

Rven Cruising range of an EV
cta, ¢t cfail Coefficients of travel time cost, delay cost and
travel failure cost

ani, Zn,i Coefficients of piecewise linear equation

Pxn End/break-points of piecewise linear equation

P> Active power at DS node i at time t

Gij, Bij Real and imaginary parts of the node admittance
matrix

c'P Voltage deviation cost

c?! Power loss cost

Ui rating The voltage rating at DS nodes

U™, UM Voltage upper and lower limits of DS node i

St Apparent power capacity of the substation on node
i

Si™ Designed transfer capacity of feeder ij

pEv Charging power of EV

ECEY EV power consumption per mile

Tau Queueing time at FCS or BSS

L The distance between node r to the first CF or the
distance between two adjacent CFs

F, NB The number of FCSs and BSSs to be built
T Total time intervals
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Variables:

F The objective function

Fr The EV transportation cost in TS

Fe The operation cost in DS

fira The overall travel time cost

Tl The total delay cost

frail The travel failure cost

fgen Generation cost

fud The total penalty cost for voltage diviation
fol Power loss cost

c Generation cost on DS node i at time t
Uit,Uij Voltage magnitudes of bus i and j at time t

it Phase angle deviation of branch ij at time t

P, QY The active power and reactive power of the gen-
erator on node i in time t

P> Active power at DS node i at time t

Piir, Qijt  The active power and reactive power of branch ij at
time t

P Active power of CF on node i at time t

PZ®, P Active power of BSS/FCS on node i at time t

fi EV flow from origin r to destination s on node i at
time t

T Total delay time of EV flow f ©

Trer Total travel time of EV flow f ©

T Travel time of EV flow f 7 on link |

LS Charging time of EV flow f ;" at candidate CF h

X1t the sum of EV flow on link | at time t

or Binary decision variable for whether EV flow f
could travel on link |

vy Binary decision variable for whether the EV flow f
+ could complete its trip

o Binary decision variable for whether EV flow f
has charged at the hth candidate CF.

uf, uf Binary decision variable for whether a FCS or BSS
will be constructed on node i

I. INTRODUCTION
A. Motivation

Electric vehicles (EVs) play an important role in reducing
carbon emissions if more electricity can be supplied by re-
newable energy. In addition, EV batteries can be controlled to
achieve smart charging and have the potential to respond to
energy market signals [1]. In practice, many factors hinder the
deployment of EVs [2], such as EV price, the development of
EV batteries and charging infrastructure planning. The rela-
tionship between these factors and 30 national EV market shares
are examined using multiple linear regression analysis in [3].
Their results show that charging infrastructure planning is
strongly related to EV market share, which is the key issue
addressed in this work.

B. Literature Review

Charging facility (CF) planning has been separately studied by
the power system community and the transportation community
over the past decades [4]. However, the adequacy and con-
venience of charging service provided by CFs in the transpor-
tation system (TS) should be accessed, and the influence of CFs

on the power system should not be neglected. In recent years,
researchers have investigated CF planning in the coupled traf-
fic-power system [5] -[14]. These CF planning models can be
divided into two categories: single-objective planning and
multi-objective planning. Models proposed in [5], [8] and [12]
are multi-objective, whereas the models mentioned in [6], [7],
[9], [10], [11], [13] and [14] belong to single-objective type. In
[5], a multiobjective CF planning method which maximizes
charging service ability while minimizing power losses and
voltage deviations in distribution systems (DSs) is proposed. In
[6], EV CFs are planned utilizing advanced evaluation method
with the consideration of uncertainties. In [7], to determine the
site and the size of the charging stations, net present value and
life cycle cost are considered in the planning model. The mul-
ti-objective model developed in [8] minimizes the overall an-
nual cost of investment and energy losses simultaneously with
the maximization of the annual traffic flow captured by CFs. In
[9], the economic charging station planning model is built
simultaneously taking into account traffic constraints and load
profile templates. In [10], the proposed comprehensive planning
model determines the optimal expansion strategies for both
transportation network and power distribution network, in-
cluding sites and sizes of new charging stations, charging spots,
transportation network lanes, and power distribution network
lines. In [11], fast charging station siting and sizing in coupled
transportation and power networks is investigated to increase
social welfare. In [12], the developed CF planning model aims
to reduce the power losses and voltage deviation of the distri-
bution system, and then increase the EV flow served by CFs
considering permissible waiting time and service radius of CF.
In [13], the CF location model is investigated to minimize the
average driving cost and the minimum line costs between CF
and the distribution nodes. [14] developed a CF location plan-
ning model taking into account the impacts on the critical power
grid assets.

In [5], EV Expected Energy Not Supplied (EVEENS) which
is defined as the annual traffic flow not charged by the CFs is
proposed for the first time to quantify the service ability of CFs
in the EV charging stations planning procedure in the coupled
traffic-power system. Motivated by [5], many proposed CF
planning models considers the service ability of CFs in CF
planning procedures [6]-[14]. The service capacity of CFs is
highly related to the traffic flow passing by, while traffic flow
assignment depends on drivers’ route-selection. The traffic
assignment model assuming that drivers only choose the
shortest path between the origin and destination is a commonly
used traffic flow assignment model, which has been utilized in
[5]-[61, [11]-[12], [14] and many other unmentioned references.
Actually, this model is more suitable for the transportation
network without any congestion [15]. The reality is that when
the battery capacity is not sufficient to cover the shortest route,
drivers are willing to take detours to charge their EVs and then
continue to drive to the destination. There are some other pro-
posed traffic flow assignment models [7]-[10] [13] [16]. In [7],
[13] and [16], the CF planning model uses the historical traffic
flow data to integrate distribution network constraint, user
constraints and traffic flow captured constraints. However,
obtaining such data may be costly for some target planning



networks, and the historical data may not be readily available
for other practical applications. In [8], the user equilibrium
based traffic assignment model is introduced in this strategy to
obtain traffic flow data. In [9], the system optimization model is
utilized to generate and assign the traffic flow in economic CF
planning. In [10], an unconstrained traffic assignment model is
developed to explicitly capture the steady-state distribution of
traffic flows. However, all the traffic assignment model
(route-choice models) mentioned in references [5]-[14] gener-
ate traffic assignment data independently before CFs planning
procedures without considering the impact of CF locations on
route-selection. Specifically, CF locations can directly influ-
ence drivers’ route-selection, then have an impact on the results
of the traffic flow assignment model. The obtained traffic flow
assignment data are inaccurate without taking into account the
impact of CF sites on them. Using the unreliable traffic flow
assignment data to evaluate the service ability of CF to be
constructed will then influence the rationality of the CF plan-
ning results.

In addition, as CF locations can influence the traffic flow
distribution, locations of new-built CFs can influence the traffic
condition. Consequently, the traffic condition
has direct effects on the travel time of EVs. In this sense, the
impact of new-built CFs on the traffic condition or the travel
time of EVs should be investigated in the CF planning proce-
dure. Unfortunately, papers taking this into account are rare.
Many papers including [5]-[7], [11], [12], [14] do not consider
the traffic condition in proposed CF planning models. In [8]-[10]
[17], the Bureau of Public Roads (BPR) function is used to
obtain the travel time of EVs, but the influence of new-built CFs
on the traffic condition or the travel time of EVs is ignored. [13]
introduces a congestion coefficient of the road section to con-
sider the traffic congestion, but this coefficient is simply set to
be a constant value, which is unrealistic. [18] investigates op-
timal CFs placement considering the congestion caused by EV
drivers’ charging activities following transportation science
research. Nevertheless, the proposed model is discussed in the
transportation network but not in a coupled traffic-power system.
[19] uses conical congestion function to obtain the travel time of
EVs, but ignores the impact of new-built CFs on the travel time
of EVs.

To sum up, the relationship between the CF planning model
and the traffic assignment model reals that locations of CF can
influence the traffic assignment data, while the traffic assign-
ment data also impact CF planning results. After thoroughly
reviewing the literature, it has become evident that none of the
previous studies incorporated the CF planning model and the
traffic assignment model by considering the aforementioned
interactions between them.

C. Contributions

Under this background, a Yen’s algorithm based CF site
planning model in the coupled traffic-power system is proposed
in this paper. Compared with published papers, the contribu-
tions of this paper are as follows:

1) The proposed CF planning model not only aims to increase
the service capacity provided by planned CFs to help EV drivers
arrive their destinations within the shortest time at the lowest

cost, but also reduce the cost in the power system and the ad-
verse impact of planned CFs on the power system.

2) The traffic assignment model and CF planning model in this
work are integrated to obtain the final planning results by con-
sidering the interactions between them. More specifically, the
CF location planning model influences the traffic assignment
data by a novel traffic assignment model based on Yen’s algo-
rithm. This traffic assignment model distributes traffic flow
considering the impacts of CF locations on route selection by
EV drivers. Then, CF planning results are obtained according to
the traffic assignment data. It is expected that CF planning
results would have the maximum service ability for charging EV
and have the least influence on the traffic congestion and the
distribution system.

3) The novel traffic assignment model based on Yen’s algo-
rithm and locations of candidate CF locations is proposed.
Different from many traffic assignment models, which either
assume that drivers only choose the shortest path between the
origin and destination or ignore the impact of CF sites on the
traffic assignment data, the proposed traffic assignment model
gives EV driver the chance to take detours to charge his EV in
planned CFs and then continue to drive to the destination when
the battery energy cannot support EV to reach the destination
through the shortest path. In the proposed model, K shortest
paths between the origin and the destination are obtained by
applying Yen’s algorithm. Then drivers choose the shortest path
from K paths to reach the destination according to the cruising
range and candidate locations of CFs. As a result, the obtained
traffic flow assignment data is closer to reality, providing a basis
for accurate CF planning results.

4) Different CF planning results will have different impact on
route selection by EV drivers and may cause different levels of
traffic congestion. Therefore, drive time delay caused by traffic
congestion when new CFs are built is taken into consideration in
CF planning procedures.

D. Organization of This Paper

The remainder of this paper is organized as follows: Section Il
illustrates the proposed CF planning model. Section Il intro-
duces Yen’s algorithm and its application in the proposed traffic
flow assignment model. Case studies are given in Section IV.
Section V concludes the paper.

Il. CHARGING FACILITY PLANNING MODEL

CF locations not only influence the traffic flow assignment
and traffic congestion in the TS but also affect the stability and
economic efficiency of DS directly. Therefore, the CF planning
model is developed to obtain an optimal CF planning scheme
for both TS and DS. The objective function can be formulated
as

minF=F +F 1)

The objective function (1) is to minimize the overall EV
transportation cost in TS, Fr, and the operation cost in DS, Fe.
Detail formulations of Fr and Fe are given as follows.

A. Minimizing Transportation Cost

In TS, the optimal CF planning aims to help EV drivers arrive
their destinations within the shortest time at the lowest cost.



Therefore, the transportation cost consists of three components,

namely travel time cost, delay cost and travel failure cost, which
can be expressed as

Fr=frat foa + 2

The overall travel time cost fira can be calculated according to

(3), which is determined by the time spend to complete the trip.
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It is possible for drivers to drive from the origin node to the
destination node by following a path (or a route) through the
transportation network. Each path is a sequence of directed links
leading from one node to another [20]. It is assumed that if an
EV has no available path to complete the trip, the driver will not
drive the car on the road but stay at the origin node. In (3), f ;
represents the EV flow generated at time 7 by the travel demand
from the origin node r to the destination node s; 7 is a binary
variable which denotes whether or not the EV flow can com-
plete its trip (arrive at the destination); and Tix. is the travel time
of EV flow, f 7. Equations (4)-(7) give the mathematical defi-
nitions of Ty.. The travel time of EV flow is composed of two
parts: driving time on roads and charging time at CFs as shown
in (4). The driving time is determined by the length of selected
links and also affected by traffic volumes of links in time t.
Driving time on path rs includes the time consumption on each
link EV flow passed through, which is formulated as (5) [21]. It
is an increasing sequence, which is called Bureau of Public

Roads (BPR) function; T} is the free travel time across link | (i.e.

travel time across link | at the speed limit without causing
congestion); xi represents the sum of EV flow on link | at time
t, the mathematical definition of which is shown in (6); and cap
is the capacity of link I. Therefore, the driving time of each EV
increases as the traffic flow on the road increases. The traffic
congestion will cause the increase of the travel time. Then the
overall travel time cost fi increases and influences the value of
the objective function. The second part in (4) is the overall
charging time, where T3 is calculated by (7), and ¢y is a bi-
nary variable which represents whether or not EVs on path rs
are charged at candidate CF h; L is the distance between node r
to the first CF or the distance between two adjacent CFs; and
ECEV is EV power consumption per mile.

To help EV drivers complete their trips as soon as possible,
the total delay cost caused by the traffic congestion is consid-
ered separately and implies an additional penalty for the traffic
congestion which may be caused by newly-built CFs, as shown
in (8). Also, (9) presents the delay time Ty, of each EV flow,

which is the difference between actual travel time Ty, and free
travel time Ty. The mathematical definition of Ty, is given in

(10).
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For all EV flows, the main concern is to complete trips. If the
EV battery capacity is insufficient for the whole trip, EV cannot
arrive at the destination without charging the battery on the way.
Therefore, a penalty cost for failing to arrive at destinations is
added as part of the total cost of the TS as

ffa” :Cfall Z Z f[rs (1_7/;5)
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B. Minimizing Distribution System (DS) Operation Cost

The locations of CFs also have an impact on the operation
cost of the DS. Three components are taken into consideration:
generation cost, penalty cost for voltage deviation and power
loss. Therefore, the DS operation cost is described as

Fe=fen+fat Ty (12)

The detailed calculation of generation cost fgen is given in (13)
to (20). Eq. (14) represents the piecewise linear generation cost
function. Eq. (15) is the multi-period power flow equality con-
straint. In (16), the CF power is composed of the power con-
sumed by FCSs and BSSs; ufand u; are variable decisions for
FCS and BSS on node i, respectively. Equation (17) denotes
that the active power of FCS at time t is determined by the
number of EVs. Equation (18) explains how to calculate the
average active power of BSSs. The proposed traffic assignment
model to be introduced in Section Il is to assign the EV flow
from origin r to destination s which starts travel at time ¢, f and
obtain the EV flow from origin r to destination s on node i at
time t, f ;. The relationship between f 7 and f i} is shown in
equation (19). In equation (19), ¢y is the binary decision vari-
able for whether EV flow f has charged at the hth candidate
CF. And »7 is the binary decision variable for whether the EV
flow f 7 could complete its trip.
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The second component is to limit the voltage deviation after
constructing CFs to maintain the safe operation of DS. To
minimize the voltage deviation, it can be expressed as the total
penalty cost for absolute deviations in voltage magnitudes on
DS nodes [22]:
fg =" 2> >
ieQ"P teQ’
where Ui rating COrresponds to the rated voltage on node i that can
be setto 1 p.u.
At last, power loss cost can be expressed as
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C. Constraints
The constraints are formulated as follows:

Subject to
1) Active power limit of generators

(RS Y +(QE ) < (e Y vie T Vi, je@™  (22)
2) Electricity branch flow limit
Pij,t :Uiz,tGij +Ui,tUj,t (Gij Cos‘gij,t + Bij sin gij,t)
vie Q' V(ij) e Q" (23)
Qi = _Uiz,t B, U, U, (Gij cosd;, + B sin 9ij,t)
vte Q' V(ij) eQ®® (24)
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3) Nodal voltage limit
U™ <u,, <U™ vteQ vieQ™ (26)
4) CF number constraints
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I1l. YEN’S ALGORITHM AND ROUTE SELECTION

A. Description of Yen’s Algorithm
TABLE |
PSEUDOCODE TO OBTAIN K-SHORTEST PATHS

Algorithm: searching K-shortest paths
function Yen’s Algorithm (Graph, origin, destination, K)
initialize A and B
Al = the shortest path from the origin to the destination
for®every k (k>1) in K do
for® every q in A*! without destination do
spurNode = q;
rootPath = A* from origin to spurNode;
for® each path p in A do
if rootPath equals to links p. (the origin, q) do
remove edge p.(spurNode, spurNode +1) from

Graph;
end if
end for®
for® each rootPathNode in rootPath except spurNode
remove rootPathNode from Graph;
end for®
spurPath = the shortest path from node q to the des-
tination
A, = rootPath + spurPath
Save A in B
restore edges to Graph;
restore nodes in rootPath to Graph
end for®
if B is empty
break
end if
Ak = the shortest path of B
end for®
Yen's algorithm, proposed in [23], provides a method to find
K shortest loopless paths from one point to another in a network.
It can only be applied to an acyclic network where weights are
positive between any two points. According to this algorithm,
EV drivers have K potential paths at most to reach the destina-

tion considering the cruising range.
TABLE Il
PSEUDOCODE TO THE PROPOSED TRAFFIC ASSIGNMENT MODEL

Algorithm 2: Route selection
Generate candidate FCSs and BSSs;
for® every charging or battery swapping type EV flow do
Generate K shortest-paths by Algorithm 1;
Set k=1,
while® (k <=K) do
if Ruen is longer than the length of A* then
@(slrs :l,)/;s :1’¢|‘II'S :0 ,
Leave while® and return to for® to move to next EV
flow;
else if no appropriate type CF is on A* then
@4 =0,y =09 =0;
Set k=k+1;
else if the EV flow arrives at the destination node after
charging at CFs then
@4 =1yF =Lgf =1;
Leave while® and return to for® to move to next EV
flow;
else
@(slrs 20,7:3 :O,Qr:s =0 :
Set k=k+1;
end if
end while®
if there is no optional path for the EV flow then
@(Slrs ZO,}/:S :Olgorl]'s :0 ,
end if
end for®




A transportation network is a weighted directed graph. In the
Yen’s algorithm, K shortest paths can be found by K iterations,
which are stored in set A. In the first iteration, the shortest path
Alina network is found by any efficient shortest path algorithm,
then the second shortest path A2,... , the K shortest path AXis
selected. Before determining the k shortest path A* (k>1), each
node on the last shortest path A*! (except the destination) is
selected as a deviation node g. Potential shortest paths are found
to select AX. Each potential shortest path consists of a rootpath
and a spurpath. The rootpath is the subpath from the origin to
node g in A¥L, If Al (j=1,..., k-1) has the same rootpath, remove
the link between node g and g+1 in A from the graph. Then,
remove nodes on rootpath (except the deviation node) from the
graph. The spurpath is selected as the shortest path from node g
to the destination in the graph. For each deviation node, there is
a potential shortest path. Finally, the shortest one of all the
potential paths is determined as A¥. The pseudocode of Yen’s
algorithm to search K shortest loopless paths is illustrated in
Table I.

B. A Novel Traffic flow Assignment Model

The proposed traffic flow assignment model is based on
Yen’s algorithm and locations of candidate CFs, which aims to
obtain the traffic flow assignment data, f ;i mentioned in
(17)-(19). Insection II1. A, K paths (Al to AK) have been found
for each origin-destination (O-D) pair, and the lengths of these
paths are incremental. According to the remaining battery en-
ergy, EV drivers hope to choose the path as short as possible.
Paths are tested one by one from A to AKX until EV drivers can
complete their trips through the tested path. It means that the
shortest path through which drivers can complete their trip is the
selected path. Basing on the aforementioned route selection
method, the traffic flow assignment data (f {{ ) can be obtained.
The specific process for this traffic flow assignment model is
shown in Table Il. From situation O in Table Il , it can be seen
that if the length of tested path AX is less than or equal to EV’s
cruising range Ruen, the path is the selected path. In this situation,
EVs can complete the trip without charging, leading to y; =1, J
© =1(1eA), and ¢ =0. If Ryen is less than the length, EV's must
be charged to complete the trip. As seen in Table Il (situations
©@-@), three conditions must be satisfied to select the test path:
1) there is at least one appropriate type of CF on the path; 2) the
remaining battery energy can support EVs to reach the CFs, 3)
after each charging, the EVs can reach the next CF, and even-
tually arrive at the destination. Situation & in Table Il means
that EVs have tried all the K paths, but still cannot find a path to
reach the destination. This is because the Ryen is too short, or the
number of CFs is not enough or the locations of CFs are un-
reasonable. These EVs that cannot arrive at destinations will
incur a travel failure cost as depicted in (11).

IV. CASE STUDIES

A. Experiment Setting

The proposed model is validated on a coupled 25-node
transportation and 30-node DS, as depicted in Fig. 1. The de-
tailed link lengths of the TS are available in [24]. The capacities
and design speeds of roads are consistent with the characteris-
tics of the main roads in China [25]. The topology of 30-node

DS can be found in case30pwl from MATPOWER with a triple
transmission capacity. O-D pairs and traffic flow are randomly
generated, and the number of EVs for each O-D pair is set as 4-6
per hour. It is assumed that there are 600 O-D pairs and 50,000
EVs, containing fast-charging cars and battery-swapping cars.
The time interval is set to 10 minutes. Queue time tq in (18) is
assumed to be one time interval (10 minutes). Table Il lists
some crucial parameters. It is assumed that 3 FCSs and 3 BSSs
will be constructed. There are 6 candidate locations both for
FCSs and BSSs, as given in Table IV. This case simulates the
operation of the system for 24 hours in a day. It is assumed that
before departure, the EV battery is fully charged.

B. Results and Discussion

a) Case 1: compare with CF planning results based on other
traffic flow assignment model

24(24)

23(23)

O DS nodes @ Candidate BSSs DS feeders
@ TSnodes M Candidate FCSs — — TS links
Fig. 1 Test system coupled DS and TS

TABLE 1l
SETTINGS OF SOME CRUCIAL PARAMETERS
Parameters ctra cdel cfail cvd cP!
Value 0.5 _ 15 . 187.5 1500 50
($/10min)  ($/10min)  ($/veh) $) ($/MW)
TABLE IV
LOCATIONS FOR CANDIDATE FCSs AND BSSs
CF Type Locations
FCS 3 4 8 10 13 16
BSS 7 9 11 12 14 19
TABLE V
CF PLANNING RESULTS OF DIFFERENT MODELS
FCS BSS
A 8 10 13 7 12 14
B 4 10 13 9 11 14
A: Comparison model; B: Proposed model.
TABLE VI
DETAILED FINANCIAL INDICATORS OF DIFFERENT MODELS (10°$)
A F=49.73
Fr=234.19 | Fe=15.54




ftra fael frail fgen fvp fpl
4.58 1.21 28.40 10.52 4.859 0.168
F =40.45
B Fr=23.99 Fe=16.47
ftra fdel frail fgen fvp fpl
6.48 2.09 15.42 11.42 4.862 0.185

A: Comparison model; B: Proposed model.

To prove the merits of the proposed traffic flow assignment
model based on Yen’s algorithm, this case compares the results
of CF planning model coupled with the proposed traffic flow
assignment model with those coupled with other traffic flow
assignment models mentioned in previously published papers.
The traffic flow assignment models in [5] and [6] are similar and
all assume that traffic flow is distributed to the shortest path
between the origin and the destination. If the battery capacity
cannot support EVs to reach the destination through the shortest
path because there are not enough CFs on this path, it is assumed
that the trip fails. This means that EV drivers have no other
choices when they cannot arrive at the destination through this
shortest path, which is unrealistic. Actually, when the battery
capacity is not enough for the shortest route, drivers are willing
to take detours to charge EV in order to complete the trip. The
CF planning model coupled with these two similar traffic flow
assignment models is regarded as the comparison model.
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23
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— Direction of traffic flow which is over capacity

Fig. 2 The difference between the EV flow in rush hour and road capacity in
the comparison CF planning model
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Fig. 3 The difference between the EV flow in rush hour and road capacity in the
proposed CF planning model

In the proposed model, K is set to 10. In this situation, EVs
have 10 options to travel and can select the most suitable path
from 10 possible options. The cruising range of all EVs is set at
250 km, which is derived from BYD EV500 with a range of
500km. To ensure that EVs can return to origins after arriving at
destinations, the cruising range is set as half value of the actual
cruising range.

Tables V and VI respectively show the CF planning results
and detailed financial indicators in different models. It can be
found that the planning results are different. Specifically, the
overall cost, as well as the failure cost in the comparison model,
are larger than that in the proposed model. This is because in the
comparison mode if an EV cannot arrive at the destination via
the shortest path, the travel fails. But in the proposed model,
because EV drivers have more options to arrive at the destina-
tion, the possibility to complete the trip is higher. The number of
EVs which cannot complete their trips in the comparison model
(named failed EVs) is about twice as in the proposed model,

which is given by Table VII.
TABLE VII
THE NUMBER OF FAILED EVS

The number of failed EVs
A 15146
B 8222
The traffic flow distributions in the two models are illustrated
in Figs. 2 and 3, respectively. The difference between the
maximum traffic flow (8:50 am-9:00 am) in a day and the road
capacity in a time interval (10 minutes) is illustrated in these two
figures. Green numbers and arrows indicate that the traffic flow
is not more than road capacity, and red ones indicate that the
traffic flow is greater than the road capacity. The purple circle
means newly added congested road in the proposed model
compared with the comparison model. It is seen from Fig. 3 that
12 more congested roads are newly added in the proposed
model. As shown in Table VII, there are 6924 more EVs on the
road in the proposed model. Therefore, in rush hour, roads are




more crowded in the proposed model. Moreover, the congestion
of links connecting CFs is severer in the proposed model. This is
because when EVs fail to travel via the shortest path as the EV
battery power is limited, they look for other longer paths to pass
CFs to complete the trip.

TABLE VIII
PLANNING RESULTS WITH DIFFERENT K

CF locations 6

K FCS BSS F(10°9)
1 8 10 13 7 12 14 4.97
2 4 10 13 7 9 14 4.55
3 4 10 13 9 11 14 4.34
4 4 10 13 9 11 14 4.27
5 4 10 13 9 11 14 4.17
6 4 10 13 9 11 14 4.15
7 4 10 13 9 11 14 4.13
8 4 10 13 9 11 14 4.08
9 4 10 13 9 11 14 4.05
10 4 10 13 9 11 14 4.05
100 4 10 13 9 11 14 3.91

b) Case 2: CFs’ planning results with different K

This case investigates the influence of K’s value on the plan-
ning result. In this case, the cruising range is also set at 250km.
The CF planning results and overall costs with K from 1 to 10
are given in Table VIII. It can be seen that as K’s value in-
creases, the total cost decreases. The planning results remain
stable since K=3.

Table IX shows details of Fr and Fe with different K respec-
tively. As observed, as K increases, Fr decreases and the general
trend for Fe increases slightly. At the same time, fri (the failure
cost) reduces when K increases. This proves that as K increases,
more EVs can arrive destinations. The numbers of EVs which
fail to complete their trips with different K (failed EV) are
displayed in Fig. 4. It can be observed from Fig. 4 that the
number of failed EVs decreases as K increases, which further
validates the aforementioned conclusions.

TABLE IX
DETAILS OF F1 AND Fe WITH DIFFERENT K (10°$)

K ftra fdel ftail Fr fgen fpl fvp Fe
155
458 121 2840 3419 10.52 0.168 4.86 4
2 | 558 182 2202 11.07 0.179 486 16.1
29.41 1
3 | 5.67 146 20.27 1095 0.176 4.85 159
27.40 7
4 594 175 18.90 11.11  0.179 4.85 16.1
26.58 4
5 | 608 170 17.65 1123  0.182 4.85 16.2
25.43 6
6 | 6.14 177 1730 1126  0.182 4.86 16.3
25.21 0
7 | 619 180 16.98 11.30 0.183 4.86 16.3
24.97 4
8 | 6.34 193 16.12 11.37 0.184 4.86 16.4
24.39 1
9 6.45 205 1553 1140 0.185 4.86 16.4
24.04 5
10 | 648 2.09 1542 1142 0.185 4.86 164
23.99 7
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Fig. 4 Numbers of failed EVs and uncompleted O-D pairs with different K.
5000
4500f
4000f
D 3500f
“g’ 3000f
= 2500}
2000f
15001
100

1 2 3 4 5 6 7 8 9 10
The value ok K
Fig. 5 Computing time with different K

As there are more EVs traveling on the roads, both the
transportation cost fia and delay cost fser grow, which is also
shown in Table IX. The slight growth of Fe can be explained by
the growing number of EVs charged by CFs. Because the re-
duction of the failure cost is larger than the increased margin of
other costs, the overall cost decreases. Further, in Fig. 4,
the rate of decrease of failed EV number slows down when K is
larger than 9. Since the most suitable path for the same O-D pair
is the same, the number of O-D pair which cannot complete the
trip is relevant to the number of failed EVs. The change curve of
the number of uncompleted O-D pair depicted in Fig. 4 shows
that the uncompleted OD pair decreases as K increases and
the rate of decrease of uncompleted O-D pair number slows
down since K=9. When K increases from 100 to 200, only six
more O-D pairs are completed. The computing time with dif-
ferent K from 1 to 10 is illustrated in Fig. 5. When K equals to
100, the computing time is 66627 s (18.5 hours). Therefore,
setting a large value to K is not worth with too long computing
time and limited arrival rate improvement. In realistic applica-
tion, a suitable value of K is needed as CF plan will not change
with the growth of K and the computing time should be ac-
ceptable.
¢) Case 3: the impact of ¢™' on planning results

This case aims to investigate the impact of ¢™' on the CF
planning results. In this case, K is set at 20. Table X shows the
planning results of FCSs and BSSs with different ¢, It reveals
that as c™! increases, the number of failed EV decreases rapidly
and remains constant since c®! is larger than 112.5. And since



¢l is larger than 112.5, the planning results remains unchanged
at FCS:{4, 10, 13} and BSS :{9, 11, 14}.
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TABLE X
PLANNING RESULTS WITH DIFFERENT FAILURE COST
cfail ECS BSS Failed EV
375 3 4 8 9 12 19 20173
75.0 3 10 13 7 12 11 12121
1125 10 4 13 9 11 14 7614
150.0 10 4 13 9 11 14 7614
187.5 10 4 13 9 11 14 7614
TABLE XI
THE CRUISING RANGES OF COMMON EVS ON THE MARKET
EV Types Rveh (km) EV Types Rven (km)
BYD Song EV500 500 BYD Yuan EV360 360
BYD Qin EV450 480 ROEWE ERX5 320
BAIC BJEV
New Energy EU400 460 ZbDbs3 210
BAIC BJEV
New Energy EUS 416 ZD D2s 180
TABLE XII
LOCATIONS OF CFS AND COSTS WITH DIFFERENT CRUISING RANGE
Rveh CF locations 6 Failed
(km) FCS BSS F(10°9) EVs (veh)
500 4 10 13| 9 11 14 4.05 8222
480 4 10 13| 9 11 14 4.05 8222
460 8 10 13| 9 11 14 4.30 10246
416 8 10 13| 7 11 14 451 10799
360 8 10 13| 9 19 14 5.67 19266
320 4 8 1011 14 19 6.77 26027
210 3 4 13|12 14 19 9.45 42764
180 3 4 13|11 12 14 9.76 44550

Fig. 6 illustrates the value of F, Fe and Frwith different ¢,
We can see that Fr and F increase as c@! increases. When ¢! is
larger than 112.5, Fe remains unchanged. Figs. 7 and 8 illustrate
detailed financial indicators of Fr and Fg with different ¢!, It
can be seen that when c@! is large than 112.5, all detailed fi-
nancial indicators of Fr and Fg are unchanged except f!, This is
because when ¢! is large enough, the CF construction plan and
the number of EVs charged by CFs do not change. It can be
concluded that in proposed model a sufficient value of cf! is
needed. When the value of ¢! is not adequate (i.e. less than
112.5), obtained CF planning results are unstable and planned
CFs cannot serve enough EVs as more than 24 % EVs cannot
arrive their destinations.
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d) Case 4: the influence of cruising range on planning results
This section examines the impact of EV cruising range Ryen 0N
planning results. The cruising ranges of various EVs on the
market are listed in Table XI, which are used to investigate the
influence of EV cruising range Ryenh on planning results in this
case. When K is set at 10, and ¢! is set at 187.5 ($/veh).

TABLE X1l
Fe AND Fr CosT DETAILS (10%$) WITH DIFFERENT CRUISING RANGE

Rven

(km) ftra fdel ftail Fr fgen for fvp Fe

500 | 6.48 2.09 1542 2399 | 1142 0.185 4.86 16.46
480 | 6.48 2.09 1542 2415 | 1142 0.185 4.86 16.47
460 | 593 122 1921 26.26 | 11.69 0.194 487 16.75
416 | 590 156 20.25 27.71 12.3 0.204 4.88 17.38
360 | 393 049 36.12 4054 | 11.15 0.185 4.87 16.20
320 | 280 0.14 4838 51.74 | 1096 0.182 4.84 1598
210 | 0.39 0 80.18 80.57 | 9.00 0.136 4.78 13.91
180 | 0.25 0 83.53 83.78 | 890 0.132 4.77 13.80

Tables X1l and XI1I show the results with different Ryen. Ac-
cording to Table XII, cruising range has obvious influence on
planning results. If the cruising range is small, the overall cost
will be high and the number of failed EVs will be large. When
Rven =180 km (the lowest value in Table XII), the overall cost
exceeds 9x105$, and about 89.1% of EVs cannot arrive desti-
nations. It should be noted that there are other types of EVs for
sale which have shorter cruising range than 180 km. With the
reduction of Ryen, the number of failed EVs increases rapidly,
and Fe decreases due to the reduced charging load, as shown in



Tables XI1 and XI11. When Ryen is less than 210 km, there is no
more congestion in the TS and fqe is zero, which can be seen in
Table XIII. This is because there are very few EVs on the road

in this situation. The results indicate that for this coupled system,

if the EV cruising range is not sufficient, more new CFs are
needed to be planned to help EVs to complete their trips.

V. CONCLUSION

A novel CF planning model for the coupled electric-traffic

network basing on Yen’s algorithm is proposed in this paper. In
this model, the impacts of planned CFs on both TS and DS are
considered simultaneously. Simulation results show that the CF
planning results of the proposed model can charge more EVs
and help more EVs to arrive destinations while considering the
impacts of CFs on EV flow assignment and road congestion.
This model can obtain optimal CF planning results for both TS
and DS. Also, suitable values of two parameters (i.e. K and cf")
in the proposed model will help improve its accuracy.
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