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Abstract——With the rapid expansion of urban road networks 
and the increasing ownership of vehicles in many countries and 
regions, the greenhouse gas and pollutant emissions from road 
travels have become a global concern. The introduction of elec‐
tric vehicles (EVs) with dynamic charging into road systems, 
which is defined as electric road systems (ERSs), has been wide‐
ly recognized as a viable solution to address this problem. This 
paper presents a comprehensive study on the reliability of pow‐
er supply systems integrated with renewables for ERS (ERS-
PSRs), which interface with both road traffic and power net‐
works. First, a brief introduction to the charging modes of EVs 
demonstrates the coupling of the two networks. A simplified 
traffic model is then built, based on which the reliability indices 
of the system considering the influence of the dynamic charging 
and static charging modes of EVs are proposed. Further, a sim‐
plified trip chain based Monte Carlo reliability assessment 
method of ERS-PSRs is proposed. Case studies based on the 
IEEE Roy Billinton Test System (RBTS) show that the dynamic 
charging mode of EVs can not only effectively balance the sup‐
ply and demand of the power grid at different time (shaving 
peaks and filling valleys), but also significantly improve the reli‐
ability of ERS-PSRs. The case studies also examine the effects 
of the ratio of EVs with dynamic charging, wind generation 
penetration rate, additional wind power, and battery energy 
storage systems (BESSs) on the reliability of ERS-PSRs.

Index Terms——Electric road system (ERS), electric vehicle, dy‐
namic charging mode, renewable energy, reliability, power sup‐
ply.

I. INTRODUCTION 

OVER the past few decades, the ownership of vehicles 
has steadily increased in many countries and regions 

along with the global industrialization and urbanization, lead‐
ing to increasing concerns on the consequent energy and en‐
vironmental problems. The high consumption of fossil fuels 
in the transportation sector has made it one of the largest 
contributors to greenhouse gas emissions, which drive the 

global climate change and environment pollution [1], [2]. As 
of 2022, about 30% of railway lines around the world have 
been electrified, which accounts for approximately 1.9% of 
the total energy demand and 1.2% of carbon emissions in 
the transportation sector [3]. In contrast, the road systems ac‐
count for about 75% of the total energy consumption and ap‐
proximately 76.6% of carbon emissions in the transportation 
sector, which is significantly higher than the rail system [4]. 
To address these issues, electric vehicles (EVs) and renew‐
able energy have become the focus of low-carbon technolo‐
gy development [5]. In response to the net-zero targets set 
by many governments, the automotive industry has invested 
heavily in the development of low-carbon and clean-energy 
vehicles such as plug-in EVs. For example, in the UK, the 
plug-in EVs accounted for a record-breaking number of 
more than 16.3% of new vehicle registrations in 2021, with 
pure battery electric vehicles (BEVs) making up 11.1% [6]. 
Additionally, China sold about 3.3 million EVs in 2021, 
which represents a greater number than the total sales world‐
wide in 2020, and Europe also demonstrated a notable in‐
crease in EV sales, accounting for up to one-third of the 
global sales [7].

Although the introduction of EVs offers a tangible solu‐
tion for the decarbonization of transportation, it remains un‐
clear whether EVs can entirely replace fossil fuel-powered 
vehicles, in particular for heavy-goods EVs (HEVs). At pres‐
ent, the refueling process of the fossil fuel-powered vehicles 
requires only 3-5 min, while EVs require a longer charging 
time of several hours [8]. In order to overcome these limita‐
tions, the electric road system (ERS) combining static and 
dynamic charging modes are considered to be a viable alter‐
native solution to the decarbonization of transportation [2], 
[9], [10]. The ERS is a road system that supplies electric 
power to vehicles travelling on it through three different 
technologies, namely overhead lines, conductive rail, and in‐
ductive/wireless rail [11]-[13]. Meanwhile, for both the ERS 
and other traditional transportation systems, their traction 
power supply systems (TPSSs), such as metros or railways, 
share the common objectives of providing electric power to 
moving vehicles. However, different from overhead line and 
conductive rail based ERSs, the inductive/wireless rail based 
ERS has its own specific dynamic charging mode for EVs. 
In comparison to railways and metros, the traction load de‐
mands of ERS are more stochastic. This is due to the fact 
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that the load demands of railways and metros are scheduled 
and thus more predictable, while those of ERS are influ‐
enced by many factors such as vehicle types, drivers’  behav‐
iors, and weather. Accordingly, to address the reliability as‐
sessment of power supply systems for ERS, a principal ob‐
jective of this paper is to establish a new load model that in‐
corporates the static and dynamic charging modes of EVs. 
This paper focuses on the inductive/wireless rail based ERS, 
which uses induction devices to transmit electricity from the 
road to EV through the electromagnetic induction. While the 
majority of ERSs are still at the experimental phase, the 
OLEV project in South Korea and the Smartroad Gotland 
project in Sweden have demonstrated promising outcomes 
[14], [15].

In the energy and power sector, the proportion of renew‐
able energy such as wind energy in the power grid is increas‐
ing to address the climate challenge due to substantial green‐
house gas emissions from thermal power plants [16]. To fur‐
ther reduce the wind power forecasting errors, the risk-based 
evaluation methods are proposed [17]. This paper considers 
a future ERS by integrating renewable energy with its power 
supply system and then examines its operational reliability. 
The proposed reliability assessment of power supply system 
integrated with renewables for ERS (ERS-PSRs) focuses on 
the new load model including the static and dynamic charg‐
ing modes of EVs. To fully assess the impact of the EV de‐
ployment, the wind power and battery energy storage system 
(BESS) are integrated with the power supply system of ERS.

To investigate the impact of dynamic charging and renew‐
ables on the reliability assessment, it is crucial to model the 
traffic patterns and power system. ERS-PSR is a new area, 
and little has been done so far. Nevertheless, extensive stud‐
ies have been conducted on renewable generation technolo‐
gies and the interaction effects of EVs with power grid [2]. 
For example, [18] and [19] introduce some reliability indices 
and analysis methods of the TPSSs for electrified railway, 
which can be applied to ERSs. Reference [20] proposes a set 
of resilience enhancement strategies, including line harden‐
ing and the placement of distributed generators, for the pow‐
er distribution network coupled with urban transportation sys‐
tem, which would be beneficial to improving the overall sys‐
tem reliability. References [21]-[23] develop and validate an 
autoregressive moving average (ARMA) model for wind 
speed prediction, while [24] and [25] propose several fore‐
casting models for wind power generation based on wind 
speed. The models for EV charging are introduced in [26] 
and [27]. The ERS-PSR offers the dynamic charging to elec‐
trify the on-road EVs including HEVs. However, no suitable 
evaluation method has yet been proposed to assess its reli‐
ability. This paper bridges this research gap by proposing a 
set of reliability indices for the ERS-PSRs and a time-series 
daily trip chain based Monte Carlo reliability assessment 
method is proposed.

The remainder of this paper is organized as follows. Sec‐
tion II presents the charging modes and daily trip chains of 
EVs in ERS-PSRs. Section III gives the detail of the power 
interaction model of ERS-PSRs. Section IV introduces sever‐
al reliability indices and the trip chain based Monte Carlo re‐

liability assessment method for ERS-PSRs. The case studies 
are presented in Section V, where the simulation results are 
detailed. Finally, Section VI concludes this paper.

II. CHARGING MODES AND DAILY TRIP CHAINS OF EVS IN 
ERS-PSRS 

The introduction of the dynamic charging has a significant 
impact on the existing EV charging market. The charging 
mode and trip trains of EVs in ERS-PSRs are discussed in 
detail below.

A. Charging Modes of EVs

In ERS-PSRs, both dynamic and static charging modes of 
EVs are considered, where EVs can be charged at various 
charging points along the daily travel trajectory or be 
charged while driving, thus ensuring that EVs can travel lon‐
ger distances without concerns on insufficient battery capaci‐
ty. For the static charging, the charging stations are often sit‐
uated in densely-populated urban areas and along strategic 
road routes with high charging demand. In contrast, the dy‐
namic charging focuses on the wireless charging through the 
reequipped chargeable road sections. Consequently, the 
charging modes of EVs in ERS-PSRs mainly include conven‐
tional plug-in, fast plug-in, and static and dynamic wireless 
charging options. Their advantages and disadvantages are 
summarized as follows.

1) Conventional plug-in charging: it has a relatively low 
charging power and requires a long charging time, which is 
unsuitable for EVs on travel. Nevertheless, its installation 
cost is low, and the charging management can be more flexi‐
ble.

2) Fast plug-in charging: it has a higher charging power 
and much shorter charging time (e. g., 20 min to 1 hour), 
which is often used for EVs on travel.

3) Static wireless charging: it eliminates the mechanical 
charging interface and EVs only need to be parked in the 
designated parking space, which is simple and convenient 
without additional operations. However, its low charging effi‐
ciency and other technical and environmental factors limit 
its application.

4) Dynamic wireless charging: as a new charging technol‐
ogy, it employs the wireless induction technology to facili‐
tate charging for EVs on roads. The elimination of physical 
connections such as power cords and sockets, makes charg‐
ing more accessible and straightforward. However, the asso‐
ciated road reconstruction and maintenance costs are relative‐
ly high.

B. Daily Trip Chains of EVs

The typical daily travel trajectory of EVs often encompass‐
es a few locations, including home, work place/school, shop‐
ping/leisure places, and other places. It is often assumed that 
the charging facilities are installed at these locations, and the 
travel plan of EVs comprises two distinct phases: charging 
when parked and consuming when in motion [11], [28]. 
However, the travel trajectory of EVs in ERS-PSRs has an 
additional charging point, known as dynamic charging road. 
The trip chain model can be used to simulate the travel tra‐
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jectory of EVs in a wider context, as discussed in [29]. The 
trip chains of EVs in the traditional road system and ERS-
PSRs, taking into account various charging points, are de‐
tailed in Table I, where the ratios R with different subscripts 
are the proportions of EVs in the corresponding trip chains 
to the total number of EVs.

In both traditional road system and ERS-PSRs, the trip 
chains of most EVs, particularly passenger vehicles, have 
the same origin and destination, i. e., home. This suggests 
that most EVs leave home in the morning and return home 
at night, while their daily travel trajectory cover several 
fixed locations. As illustrated in Table I, the typical trip 
chains A1-A3 do not encompass dynamic charging roads. 
The introduction of dynamic charging gives rise to signifi‐
cant changes in the trip chains. To illustrate, chain A1 is di‐
vided into chains B1 and B2 with different ratios. The ratios 
in Table I satisfy:

R1 +R2 +R3 = 1 (1)

ì
í
î

ïï

ïïïï

R11 +R11 =R1

R21 +R21 =R2

R31 +R31 =R3

(2)

Besides, each trip chain has its own trip segments. Taking 
chain B2 as an example, the chain B2 can be described as:

CB2 =CH®D +CD®W +CW®D +CD®H (3)

where C represents the trip chain segments.

III. POWER INTERACTION MODEL OF ERS-PSRS 

In addition to the benefits of dynamic charging, another 
advantage is the integration of renewable energy (wind pow‐
er), which can not only alleviate the pressure of supplying 
additional load but also reduce the emission of carbon diox‐
ide. However, the uncertainty of renewable energy (variable 
wind speed and various operation states) and the variable 
load demand may introduce significant but unknown reliabili‐
ty impacts on the power system. To investigate such reliabili‐
ty impacts, this section will investigate the modelling of the 
ERS-PSRs, where EVs are treated as pure loads.

A. Load Model of EVs

Loads of EV in the ERS depend on various factors includ‐
ing environmental, infrastructural, technical, and market-re‐
lated aspects. This paper primarily addresses the technical as‐
pects of load model for EVs. The daily charging schedule 
for EVs considered in this paper includes three options, i.e., 
charging once, twice, and three times per day, and it is as‐
sumed that each option includes a certain ratio of EVs with 
dynamic charging. Therefore, the charging load and charging 
time can be estimated according to the difference in battery 
capacity at different time. It is assumed that the state of 
charge (SoC) of an EV is 100% when it leaves home and 
there are a total of N EVs. The daily charging demand of 
each EV, also known as the load model of EV at time t, can 
be defined as:

SoCit + 1 = SoCit + αc PcTc ( )60·EH (4)

Pc =
ì

í

î

ïïïï

ïïïï

Pcm1 conventional plug - in charging

Pcm2 fast plug - in charging

Pcd dynamic charging

(5)

where SoCit is the battery SoC of the ith EV at time t; αc is 
the charging efficiency; Pc is the rated charging power of 
EV in different charging modes, and the subscripts m1, m2, 
and d correspond to the conventional plug-in charging, fast 
plug-in charging, and dynamic charging modes, respectively 
[30]; Tc is the charging time (min); and EH is the rated bat‐
tery capacity of EVs (kWh).

When SoCit + 1 - SoCit > 0, the charging time Tc can be ob‐
tained by (6); otherwise, Tc = 0.

Tc = (SoCit + 1 - SoCit )·EH·60 ( )αc Pc (6)

Therefore, the load power of all EVs in ERS-PSRs at 
time t is denoted as PEVchat, which can be obtained by:

PEVchat = ∑
iÎΩEVcha

Pcm1it +Pcm2it +Pcdit (7)

ΩEVcha = {i |0 <ϖi < 100%} (8)

where ΩEVcha is the set of EVs with their separate SoC val‐
ues; and ϖi is the SoC value of the ith EV.

B. Model of Wind Power Generation

Suppose the wind power is integrated with the ERS. The 
randomness of wind speed results in variable wind power 
generation. It is therefore essential to develop models for 
predicting the wind power. In some regions, a time-series 
ARMA model is usually chosen to predict the wind speed, 
as given in (9). Then, based on the predicted wind speed, 
the polynomial power function (PPF) can be applied to cal‐
culate the wind power generation [22], [31].

Yt =∑
k = 1

p

akYt - k +∑
j = 1

q

bjet - j (9)

where Yt is the predicted wind speed at time t; Yt - k is the ac‐
tual wind speed at time t - k; et - j is the disturbance erm; ak 
and bj are the coefficients; and p and q are the orders of this 
model.

According to the principle of wind power generation, only 

TABLE I
TRIP CHAINS OF EVS IN TRADITIONAL ROAD SYSTEM AND ERS-PSRS

Type

Traditional road 
system

ERS-PSR

No.

A1

A2

A3

B1

B2

B3

B4

B5

B6

Trip chain

H®W®H

H®W® S(O)®H

H® S(O)®H

H®W®H

H®D®W®D®H

H®W® S(O)®H

H®D®W®D® S(O)®D®H

H® S(O)®H

H® S(O)®D®H

Ratio

R1

R2

R3

R11

R12

R21

R22

R31

R32

Note: H represents home; W represents workplace/school; S represents shop‐
ping/leisure places; D represents dynamic charging road; and O represents 
other places.
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when the actual wind speed reaches the cut-in speed will the 
wind turbines start to generate electricity [32]. Conversely, 
the wind turbines cease to generate electricity when the actu‐
al wind speed exceeds the cut-out wind speed [33]. For the 
ith wind power generator at time t, the relationship between 
its generated wind power Pwit and the wind speed Vwit can 
be illustrated in Fig. 1.

As can be observed, the generated wind power stays at 
the rated power Pr only when the wind speed is between the 
rated wind speed Vr and the cut-out wind speed Vco. Besides, 
when the wind speed exceeds the cut-in speed Vci but is low‐
er than the rated wind speed Vr, the generated wind power 
varies with the wind speed.

The generated wind power can be expressed as:

Pwit =
ì
í
î

ïï

ïïïï

0 Vwit⩽Vci or Vco <Vwit

Pw1it Vci <Vwit <Vr

Pr Vr⩽Vwit⩽Vco

(10)

where Pw1it is the non-linear part of generated wind power 
when Vci <Vwit <Vr, which is calculated using polynomial 
[24], [34] as:

Pw1it =C1 +C2Vwit +C3V
2

wit (11)

C1 =C0

é

ë

ê
êê
ê
ê
ê
Vci(Vci +Vr ) - 4VciVr( Vci +Vr

2Vr ) 3ù

û

ú
úú
ú
ú
ú

(12)

C2 =C0

é

ë

ê
êê
ê
ê
ê
4 (Vci +Vr ) ( Vci +Vr

2Vr ) 3

- 3Vci -Vr

ù

û

ú
úú
ú
ú
ú

(13)

C3 =C0

é

ë

ê
êê
ê
ê
ê
2 - 4 ( Vci +Vr

2Vr ) 3ù

û

ú
úú
ú
ú
ú

(14)

C0 =
1

( )Vci -Vr

2 (15)

Therefore, the total generated wind power at time t Pwt 
can be calculated as:

Pwt =∑
i = 1

Nw

Pwit (16)

where Nw is the number of wind power generators.

C. Operating States of Power Sources in ERS-PSRs

The power sources of ERS-PSRs usually include the ther‐
mal power plants and renewable energy sources such as 

wind power generators, where the former is conventionally 
utilized to cover the base load, and the latter can be utilized 
to cover the additional demand from flexible loads such as 
EVs. The operating states of these power sources differ 
slightly based on their roles.
1)　Operating States of Thermal Power Plants

For the thermal power plants, the operating states can be 
classified into up and down states, which can be described 
as the normal and failed states, respectively. The two-state 
model for thermal power plants and its state curves are illus‐
trated in Fig. 2(a) and (b), respectively, where TTF and TTR 
are the operating time and repair time, respectively; and 
MTTF and MTTR are the mean values of TTF and TTR, re‐
spectively, which are obtained through random sampling. It 
is always assumed that the operating time and repair time 
obey the exponential distribution [2].

As shown in Fig. 2(b), the thermal power plants alternate 
between the up and down states, of which the durations can 
be calculated as:

Tup =-MTTF·ln U (17)

Tdown =-MTTR·ln U' (18)

where Tup and Tdown are the durations of the up and down 
states, respectively; and U and U' are the random numbers 
between 0 and 1.

Once the duration of each state is obtained, the total gen‐
erated power of thermal power plants at time t Pgt can be 

Pw,i,t

0 Vci Vr

Pr

Vco Vw,i,t

Pw1,i,t

Fig. 1.　Generated wind power with different wind speeds.
Up state Down state

1/MTTF

1/MTTR

0

1.0

0.5

Time

0
Time

TTFTTR
1

Half-rated
state

λ23

λ32

λ21

λ12 λ13

λ31

Up state

Down state

(a)

(b)

(c)

(d)

St
at

e
St

at
e

Fig. 2.　State models and curves for power sources. (a) Two-state model 
for thermal power plants. (b) State curve of two-state model. (c) Three-state 
model for wind power generator. (d) State curve of three-state model.
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expressed as:

Pgt =∑
i = 1

Ng

Pgit Sgit (19)

Sgit =
ì
í
î

1 δ < pup® down

0 δ < pdown® up

(20)

where Sgit is the operating state of the ith thermal power 
plant at time t, which equals 1 in the up state and 0 vice ver‐
sa; Pgit is the generated power of the ith thermal power 
plant at time t; p is the state transition probability between 
different states; the subscripts up and down denote the up 
and down states, respectively; δ is the state transition proba‐
bility at time t between up and down states; and Ng is the 
number of thermal power plants.
2)　Operating States of Wind Power Generators

For the wind power generators, the operating state is simu‐
lated by using a three-state model, as shown in Fig. 2(c). 
Similar to the two-state model, the up and down states repre‐
sent the normal and failed states, respectively. In addition, in 
the cases where the full output power cannot be supplied, 
the half-rated state with a state value of 0.5 is defined, as il‐
lustrated in Fig. 2(d). Meanwhile, the duration of each state 
in the three-state model, i. e., Tup, Tde, and Tdo, can be 
achieved by (21) - (23), respectively. Furthermore, the power 
generated by the wind power generator at time t can be cal‐
culated using (24).

Tup =min ( - 1
λ12

ln U1-
1
λ13

ln U2 ) (21)

Tde =min ( - 1
λ21

ln U3-
1
λ23

ln U4 ) (22)

Tdo =min ( - 1
λ31

ln U5-
1
λ32

ln U6 ) (23)

Pwt =∑
w = 1

Nw

Pwit Swit (24)

Swit =
ì

í

î

ïïïï

ïïïï

0 δ < pdo® up + pdo® de

0.5 δ < pup® de + pdo® de

1 δ < pup® do + pup® de

(25)

where U1-U6 are the random numbers between 0 and 1; λ12, 
λ13, λ21, λ23, λ31, and λ32 are the failure rates of different states; 
Swit is the operating state of the ith wind power generator at 
time t; and the subscript do denotes the half-rated state.

Therefore, the total generated power of ERS-PSRs PGt is 
calculated as:

PGt =Pgt +Pwt =∑
i = 1

Ng

Pgit Sgit +∑
i = 1

Nw

Pwit Swit (26)

IV. TRIP CHAIN BASED MONTE CARLO RELIABILITY 
ASSESSMENT METHOD FOR ERS-PSRS 

The deployment of a large number of EVs introduces a 
significant amount of load to the power grid [11]. With the 
dynamic charging mode of EVs, the issue of extra load de‐
mands becomes more severe, while the electric roads have 

the potential to alleviate the mileage limitation due to limit‐
ed battery capacity and the charging pressure during peak 
hours. The uniqueness of the dynamic charging mode calls 
for further investigation on the extent to which the charging 
demand in ERS affects power system reliability. As previous‐
ly discussed, the renewable energy can be used to meet the 
additional load demand introduced by ERS, but it also poses 
reliability challenges. In the following, a set of reliability in‐
dices, which fully consider the uncertainty of distributed 
power output and the randomness of EV charging, are pro‐
posed. Then, a trip chain based Monte Carlo reliability as‐
sessment method is proposed.

A. Reliability Indices

For the power system, three reliability indices are pro‐
posed including frequency and duration of annual power 
shortage. For the EV, four reliability indices related to ex‐
pected energy consumption and driving distance are pro‐
posed to evaluate the reliability of ERS-PSRs.
1)　Reliability Indices for Power System

1) Loss of load expectation (LOLE): it refers to the annu‐
al expected hours of power shortage. LOLE determines the 
required installed capacity based on the expected capacity 
during peak periods [35], which is expressed as:

LOLE =∑
t = 0

T

Tlosst ( )60Tm (27)

Tlosst = {1 PGt -Ploadt < 0
0 PGt -Ploadt ³ 0

(28)

where T is the total simulation time (min); Tlosst is the state 
indicator of the power shortage at time t (min); Tm is the 
number of simulation years; and Ploadt is the system load at 
time t.

Formula (28) compares the load and generation minute by 
minute, and all minutes with a power shortage are accumu‐
lated for the total simulation time.

2) Loss of load probability (LOLP): it implies the proba‐
bility that the available generation capacity is inadequate for 
the load demand at the time t [36].

LOLP =
∑
t = 0

T

Tlosst

T
(29)

3) Energy not served (ENS): it refers to the discrepancy 
of energy demand due to power shortage.

ENS = ∫
0

T( )PGt -Ploadt Tlossdt (30)

2)　Reliability Indices for EV
1) Expected energy for dynamic charging (EEDC): it re‐

fers to the annual expected energy for EVs with dynamic 
charging.

EEDC =
1

NEVTm
∑
i = 1

NEVd

Pdi Tdi (31)

where NEVd is the number of EVs with dynamic charging; 
NEV is the total number of EVs; Tdi is the duration of dynam‐
ic charging for the ith EV; and Pdi is the power of dynamic 
charging for the ith EV.
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2) Expected energy for static charging (EESC): it refers to 
the annual expected energy for EVs with the static charging.

EESC =
1

NEVTm
∑
i = 1

NEVs

Psi Tsi (32)

where Nevs is the number of EVs with static charging; Tsi is 
the duration of static charging for the ith EV; and Psi is the 
power of static charging for the ith EV.

3) Expected energy ratio (EER): it is the ratio of EEDC to 
the total expected energy.

EER =
EEDC

EEDC +EESC
´ 100% (33)

4) Expected driving distance (EDD): it describes the maxi‐
mum expected driving distance of EVs in a year.

EDD =
EEDC·αd +EESC·αs

EH
D̄ (34)

where αd and αs are the efficiencies of dynamic charging and 
static charging, respectively; and D̄ is the mean driving dis‐
tance of EVs.

B. Trip Chain Based Monte Carlo Reliability Assessment 
Method

In this subsection, a simplified trip chain based Monte 
Carlo reliability assessment method is proposed to evaluate 
the reliability of ERS-PSRs. The proposed reliability assess‐
ment method simulates the charging behavior of each EV in 
the ERS-PSRs based on the daily travel plan. The daily EV 
charging load demand and the generated power of power sys‐
tem integrated with renewables can be obtained based on 
this simulation. The corresponding load can be time-sequen‐
tially simulated in minutes when EVs take the daily travel 
plan as a cycle. The annual simulation time is usually set to 
be 8760 hours. The loop starts with the first EV for the en‐
tire simulation time, followed by the next one, and ends un‐
til all EVs are simulated.

The flowchart for the proposed reliability assessment 
method is illustrated in Fig. 3.

V. CASE STUDIES 

Since the ERS is an emerging concept, there only exist a 
few pilot projects worldwide, the majority of which are for 
powering electric trucks using overhead lines. The concept 
of wireless charging for ERS is an even more novel, making 
it unfeasible to validate the results on a real system. In this 
paper, we employ the IEEE Roy Billinton Test System 
(RBTS), a widely recognized reliability test system, to con‐
duct the simulation experiments [37], [38]. The IEEE RBTS 
includes 6 buses, 11 generating sets, 9 branches, 2 generat‐
ing buses, and 4 loads. Its peak power generation is 185 
MW [2], [39]. The feeder F4 has 23 load points and 3 types 
of users: residents, small industries, and businesses. For the 
ERS-PSRs, the wind power generators and EVs with dynam‐
ic charging are integrated.

For the wind power generators, the cut-in, rated, and cut-
out wind speeds are 14.4, 45, and 90 km/h, respectively, and 
the rated power is 3.5 MW. Using the model proposed in 
Section III-B, the annual predicted wind speed for ERS-

PSRs is shown in Fig. 4. Then, the predicted wind power can 
be obtained by the subsequent calculation. The parameter set‐
ting for ERS-PSRs in the simulation are listed in Table II.

Calculate EEDC, EESC, and EDSC

Set system parameters, wind power, and EV load, and initialize i=1 and t=0

Start

Introduce the static and dynamic charging modes

Sample the SoCi,t and the operating state of all generators

Calculate the load power of EV with different charging modes

Calculate the generated wind power by (10)

Calculate Pg,t by (19) and calculate PG,t by (26)

Predict the wind speed

Calculate LOLE, LOLP, ENS, EEDC, EESC, and EDSC

PG,t-Pload,t<0?

Update LOLE, LOLP, and ENS

t ≥ T ?

End

Y

N

Y
N

Y

N

i=i+1,
i=i+1t= 0

i NEV?≥

Fig. 3.　Flowchart of proposed reliability assessment method.
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Fig. 4.　Annual predicted wind speed for ERS-PSRs.

TABLE II
PARAMETER SETTING FOR ERS-PSRS IN SIMULATION

Parameter

Wind power penetration rate Rwinde (%)

Ratio of EVs with dynamic charging REVd (%)

The maximum driving distance of EVs (km)

Ratios of EVs for charging 1, 2, and 3 times per day

Static and dynamic charging power of EV (kW)

Static and dynamic charging efficiencies of EV

Value

0 - 30

0 - 20

150 - 300

0.60.3 0.1

7.36

0.9 0.85
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In January 2023, there were approximately 680000 EVs in 
the UK [40]. Given that the ERS is a relatively new para‐
digm, we assume that, only a ratio of 1% EVs, i. e., 680 
EVs, are used in the ERS-PSRs for building the load model 
of EVs. 

Figure 5 shows the charging power of EVs when REVd is 
0, 5%, 10%, and 15%. It can be observed that there are two 
peak charging periods, i. e., 10: 00 and 20: 00, respectively, 
during the daily driving of EVs. Additionally, the charging 
demand is minimal during the period of 12: 00-15: 00 and 
01: 00-07: 00, which is primarily attributed to the morning 
and evening peak periods of urban traffic flow.

As the ratio of EVs with dynamic charging increases, the 
load demand of EVs in ERS-PSRs slightly increases in each 
time period, and a small peak also appears at around 15:00. 
Therefore, it can be concluded that after the introduction of 
dynamic charging for EVs, their load demand will increase, 
but the flexible charging of ERS-PSRs will theoretically ex‐
tend the driving distance of EVs.

The power supply-demand relationship is a crucial factor 
in assessing the reliability of ERS-PSRs. Table III summariz‐
es the reliability indices without considering wind power 
penetration and EVs with dynamic charging.

Table III shows that the EDD of each EV is about 20661 
km, representing an increase of 35.14% compared with the 
average distance of pure BEVs (15288 km). A study shows 
that a typical Tesla Model S covers about 19942 km per 
year, as measured from a sample of 887 EVs [41]. The dy‐
namic charging technology leads to the longest driving dis‐
tance of EVs.

1) Impact of wind power penetration and EVs with dy‐
namic charging on reliability indices for power system

In this case, the reliability indices for power system with 
different Rwinde and REVd are given in Table IV. Figure 6 
shows the value of LOCE in ERS-PSRs to analyze the reli‐
ability. It is evident from Table IV that the annual power 

shortage becomes more frequent as Rwinde and REVd increase 
in the ERS-PSRs. One of the reasons is the introduction of 
dynamic charging for EVs, which extends their driving dis‐
tance but results in a significant increase of load demand of 
EVs, leading to a more serious power shortage. As shown in 
Fig. 6, when Rwinde increases, the value of LOLE grows rap‐
idly. Furthermore, it can be noted from Table IV that the 
power shortage increases by about 1 MW annually with ev‐
ery 5% of EVs retrofitted to accept the dynamic charging 
mode.

As Rwinde increases slightly (10%), it can be observed that 
the power shortage almost remains unchanged. The LOLE 
still maintains at about 6-7 hours. The reason is that, the def‐
icit caused by conventional power plants can be reduced 
when wind power generators replace failed generation dur‐
ing peak periods. When Rwinde is 20%, the power shortage is 
the lowest. As Rwinde continues to increase, the power short‐
age becomes more frequent. Therefore, a value of 20% for 
Rwinde appears to be the optimal solution for achieving car‐
bon reduction in the ERS-PSRs under the investigation in 
this study.

2) Impact of EVs with dynamic charging on reliability in‐
dices for EVs

The reliability indices for EVs with different REVd are giv‐
en in Table V.
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00:00 04:00 08:00 12:00 16:00 20:00 24:00

1000

0

2000

3000

4000

5000

6000

Ch
ar

gi
ng

 p
ow

er
 (k

W
) REV,d is 5%

REV,d is 10%
REV,d is 15%

Time

Fig. 5.　Charging power of EVs when REVd is 0, 5%, 10%, and 15%.

TABLE III
RELIABILITY INDICES WITHOUT CONSIDERING WIND POWER PENETRATION 

AND EVS WITH DYNAMIC CHARGING

Reliability indices for power system

LOLE 
(hour)

6.975

LOLP 
(10-3)

0.798

ENS 
(MWh)

68.803

Reliability indices for EV

EEDC 
(MW)

0

EESC 
(MW)

3.673

EDDC 
(%)

0

EDD 
(km)

20661.74

TABLE IV
RELIABILITY INDICES FOR POWER SYSTEM WITH DIFFERENT Rwinde AND REVd

Rwinde (%)

10

20

30

40

REVd (%)

0

5

10

15

0

5

10

15

0

5

10

15

0

5

10

15

LOLE (hour)

6.537

6.595

6.935

7.120

4.450

4.650

4.760

4.920

17.052

18.232

18.920

19.410

33.397

34.670

36.290

39.440

LOLP (10-3)

0.748

0.754

0.793

0.815

0.510

0.532

0.544

0.563

1.951

2.087

2.165

2.222

3.823

3.968

4.154

4.514

ENS (MWh)

56.090

56.663

61.416

62.646

33.797

34.635

36.191

36.924

125.075

135.667

142.352

142.612

225.644

234.382

246.339

258.565
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Fig. 6.　Value of LOLE in ERS-PSRs.
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It can be observed in Table V that when REVd increases 
from 0 to 15%, the EEDC increases, while the EESC re‐
mains relatively unchanged at around 3.66 MWh. Mean‐
while, the EDD increases from 20661.74 to 25083.53 km, 
which is an increase of 18.6%. It can be concluded that a 
higher rate of EVs with dynamic charging will result in lon‐
ger driving distances for EVs, as well as higher costs and 
longer load construction time.

3) Impact of additional wind power
In addition to the increasing number of EVs, the introduc‐

tion of dynamic charging mode will also introduce addition‐
al uncertain loads and thus impact the reliability of power 
system. To fill the power gap caused by EVs, this part con‐
siders the impact of additional wind power R'winde on the reli‐
ability indices for the power system, as given in Table VI.

It is evident that as R'winde increases, the power shortage 
decreases significantly and the LOLP also decreases. The ad‐
ditional wind power clearly improves the reliability indices 
for the power system. Obviously, when REVd is 5%, the 1 
MW additional wind power can maintain the ENS and 
LOLE at a comparable level to the original system, at 
around 66 MWh and 6 hour, respectively. It can be summa‐
rized from Table VI that the current power system can ac‐
commodate about 10%-15% of EVs with dynamic charging 
without significant changes.

As discussed early, with the development of electric 
roads, it is clear that simply increasing the penetration rate 
of renewable energy is not enough to fill the power supply 
gap caused by dynamic charging. Therefore, adding more 
wind power may be a better solution to maintain reliable op‐

eration of the power system. It is also known that for every 
2% additional wind power, the LOLE decreases by approxi‐
mately half, and the annual power shortage decreases about 
45%. The additional wind power can be planned based on 
different operating requirements for further analysis.

4) Impact of BESS
In the aforementioned analysis, EVs are only considered 

as pure loads. However, in ERSs, EVs can serve not only as 
loads but also as BESS.

Based on the optimal wind power penetration rate of 
20%, this paper conducts a reliability analysis of the power 
system with BESS, and the results are summarized in Table 
VII.

As compared with Table V, it is evident that when the 
power system incorporates BESS, the ENS slightly increases 
while the LOLE remains almost unchanged. It can be con‐
cluded that when EVs are regarded as BESSs, they can alle‐
viate some of the energy supply pressure, thereby achieving 
peak shaving and valley filling, and leading to better system 
performance.

VI. CONCLUSION 

The introduction of EVs with dynamic charging in the 
ERS-PSRs can bring several potential benefits, including 
travel range extension and emission reduction. However, the 
increased load demand of EVs presents unknown reliability 
issues for the power system. The key contributions and find‐
ings of this paper are summarized as follows.

1) A range of charging scenarios and environments for 
EVs are modeled and several quantitative reliability indices 
are proposed. To analyze the reliability of ERS-PSRs in the 
context of EVs with dynamic charging, the charging modes 
and daily trip trains of EVs are designed, and a trip chain 
based Monte Carlo reliability assessment method for ERS-
PSRs is developed.

2) The impacts of the wind power penetration rate, the 
rate of EVs with dynamic charging, and additional wind 
power on the reliability of ERS-PSRs are all analyzed in de‐
tail. Furthermore, the impact of taking EVs as BESSs on the 
reliability of ERS-PSRs is also assessed.

3) The results from the case studies in the IEEE RBTS 
have confirmed that integrating EVs with dynamic charging 
into the ERS-PSRs can significantly increase the EDD of 
EVs. When the wind power penetration rate accounts for 
20%, the system can maintain at a more reliable state while 
reducing carbon emissions. To bridge the power supply gap 
caused by EV charging, an additional 5% wind power is sug‐
gested for the stable system operation.

TABLE VI
RELIABILITY INDICES FOR POWER SYSTEM WITH DIFFERENT R'winde

R'winde (%)

0

4

8

REVd (%)

0

5

10

15

0

5

10

15

0

5

10

15

LOLE (hour)

6.757

6.984

7.271

7.642

3.817

3.991

4.416

4.391

1.635

1.668

1.737

1.924

LOLP (10-4)

7.735

7.995

8.323

8.748

4.370

4.568

4.746

5.026

1.872

1.910

1.989

2.202

ENS (MWh)

66.410

67.248

68.586

74.148

37.451

37.486

37.585

41.541

14.230

13.909

15.003

16.213

TABLE VII
RELIABILITY INDICES FOR POWER SYSTEM WITH BESS 

Revd (%)

0

5

10

15

LOLE (hour)

4.360

4.595

4.760

4.852

LOLP (10-4)

4.990

5.259

5.345

5.554

ENS (MWh)

33.321

34.251

35.768

36.487

TABLE V
RELIABILITY INDICES FOR EVS WITH DIFFERENT REVd

REVd (%)

0

5

10

15

EEDC (MWh)

0

0.2732

0.5487

0.8407

EESC (MWh)

3.6732

3.6564

3.6611

3.6653

EDD (km)

20661.74

22017.99

23542.40

25083.53

EDDC (%)

0

6.95

13.03

18.65
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With the future roll-out of the ERS and decarbonized road 
vehicles, the coupling effects of the road traffic network and 
the power grid will become even more prominent and com‐
plex. We will continue to engage with different stakeholders 
to collect more data to meet the power supply challenges of 
ERSs.
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