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Abstract – Fossil oil, as the main energy of transportation, is destined to be exhausted. The 
electrification of transportation is a sustainable solution to the energy crisis, since electric power could 
be acquired from the inexhaustible sun, wind and water. Among all the problems that hinder the 
development of Electric Vehicle (EV) industry, charging issue might be the most prominent one. In 
this paper, the service process of a charging station with Battery Energy Storage System (BESS) is 
analyzed by means of Cramér – Lundberg model which has been intensively utilized in ruin theory. 
The service quality is proposed in two dimensions: the service efficiency and the service reliability. 
The arrival rate and State of Charge (SOC) upon arrival are derived from 2009 National Household 
Travel Survey (NHTS). The simulations are performed to show how the service quality is determined 
by the system parameters such as the number of servers, the service rate, the initial capacity, the charge 
rate and the maximum waiting time. At last, the economic analysis of the system is conducted and the 
best combination of the system parameters are given. 
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1. Introduction 
 
As people’s concerns over the imminent depletion of 

fossil oil and stringent standards for carbon emissions grow 
with time, green technologies have come into notice lately. 
Electric Vehicle (EV) is one of the representatives of green 
technologies and it has many advantages compared with its 
counterpart Internal Combustion Engine Vehicle (ICEV), 
such as zero tail gas emissions, low operation cost, low 
noise, simple power system and high energy efficiency. 
However, the disadvantages of EV are clear as well. Scarce 
charging infrastructures and long charging time might be 
the largest inconveniences for EV users. 

Charging station is the most fundamental facility for EV. 
On the one hand, as the major weakness of EV, short 
driving range results in more frequent visits to charging 
station. Thus, it is much likely to cause congestions at the 
charging station if the charging process is not properly 
scheduled. On the other hand, the wide application of EV 
in the future engenders large demand for electric power. 
It is estimated that the cumulative EV sales in the U.S. 
by 2020 in the medium case are 1 million [1]. The high 
charging rate of these EVs will potentially jeopardize the 
stability of the grid if the structure of the charging station is 
not properly designed. Therefore, it is of great importance 
to investigate into the service process of charging station. 

The service process of charging station is indeed a 
queueing problem. It is the first time that queueing theory 
is applied to model EV demand for load flow studies [2]. A 
spatial and temporal model is presented, based on fluid 
dynamic model, to analyze the EV charging demand for a 
quick charging station located near a highway exit [3]. In 
[4], mobile charging service is classified as mobile battery-
swapping station and charging station, a queueing-based 
analytic method is used to determine the design parameters 
for this mobile charging system. Queueing models are 
proposed to balance the load among charging station in 
an area while minimizing the charging waiting time, 
considering communication with the grid, queueing priority 
and time-of-use pricing [5, 6]. The optimal size of a charging 
station is studied through a queueing system, in view of 
investment, operational costs, physical constraints and 
pricing strategies [7]. A variation of queueing theory, fuzzy 
queueing theory, which deals with variable parameters like 
number of servers, arrival rate and service rate, is applied 
to analyze the impact of EV on power networks [8, 9]. In 
[10] and [11], the optimization of vehicle fleet in electricity 
distribution company is determined, based on multi-criteria 
analysis and queueing theory. The electric power capacity 
of a vehicle-to-grid parking lot is estimated using queueing 
theory, based on an EV demand/supply model in [12] and 
[13]. The calculation of loss probability and safety stock in 
battery switch station is determined using the formulae of 
queueing theory [14]. A methodology employing queueing 
theory to model the overall charging demand of EV in two 
scenarios, charging station and residential community, is 
proposed [15]. A more accurate stochastic model, based on 
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queueing theory, is proposed to forecast EV charging 
demand [16]. In [17], a queueing model is used to predict 
the temporal evolution of the number of EV in a shopping 
center parking lot, aiming to balance the minimization of 
the loss of life of transformer and the maximization of 
charging service quality. In [18], the problem of allocating 
energy from renewable sources to EV is formulated as a 
stochastic optimization based on queueing model to 
minimize the time average cost of using other energy 
sources. A communication scheme between electric service 
company and EV users, based on queueing model, is 
proposed to minimize the mean number of charging EV 
during the actual on-peak periods [19]. Based on the 
charging activity analyzed by queueing theory, new 
mechanisms are proposed to coordinate the charging load 
and the grid peak load [20, 21]. An aggregation of EV with 
a queueing network is modeled to estimate the capacities 
for voltage regulation [22]. In [23], a planning model of 
charging station in urban area is presented, it optimally 
allocates the station capacities based on queueing theory 
and minimizes the costs of the whole society. The optimal 
number of charging device of a charging station is 
determined by internal rate of return [24] and desire model 
[25], both based on queueing theory. 

A typical charging station is generally a place where EV 
absorbs energy from the grid directly. However, a Battery 
Energy Storage System (BESS) could be applied to a 
charging station [26]. Simply speaking, a BESS is actually 
a giant battery pack consisting of numerous batteries. 
These batteries are from degraded EV batteries which have 
dropped to about 80% of their original capacities and are 
unfit for EV uses anymore [27]. The reutilization of EV 
batteries after the end of their automotive lifecycles is 
quite important, environmentally as well as economically. 
On the one hand, it is estimated that 0.33 to 4 million 
metric tons of EV lithium-ion cells outflow could be 
produced between 2015 and 2040 [28]. On the other hand, 
EV battery contributes to about 1/3 of the total EV 
manufacturing cost. 

There are extensive applications of BESS in power 
industry. The economy of repurposing EV battery units 
for peak-shifting is analyzed, using a residential energy 
profile and regulated cost structure [29]. A simulation 
model is proposed considering photovoltaic, EV, energy 
storage system and demand response such as time-of-use, 
real-time-pricing and curtailment, allowing customers to 
minimize the electricity bill by scheduling their EV 
charging and the utility to minimize the peak by changing 
electricity prices [30]. The power trading optimization 
problem of a charging station with renewable energy 
sources and energy storage is studied according to price 
variations [31]. In [32], the most appropriate battery and 
ultracapacitor types are determined for mobile charging 
station. The service quality and profit model of a charging 
station with BESS is analyzed [33, 34]. A control strategy 
of energy storage buffer system for smart charging station 

is proposed in [35]. 
The evaluation criteria of the service process in relation 

to EV uses are diverse, such as waiting time, queue length 
and so on. In [33] and [34], the concept of blocking 
probability is proposed, indicating the likelihood that 
there is not enough power in the system to provide service 
to customers. In [36] and [37], car share system is analyzed 
and the service quality is defined as the probability that a 
customer is unable to access an EV from the system. 

For simplicity, the charging station with BESS is 
referred to as the system hereafter. The main contribution 
of this paper is fourfold: (1) apply Cramér — Lundberg 
model, the foundation of ruin theory (a traditional field of 
actuarial science), to characterize the service process of a 
charging station equipped with BESS; (2) inspired by ruin 
probability, define service reliability as the likelihood that 
the system is capable of continuously providing service 
without ruin; (3) derive the arrival rate and State of Charge 
(SOC) upon arrival from 2009 National Household Travel 
Survey (NHTS); (4) conduct the economic analysis of the 
system. 

 
 

2. Service Mechanism of the System 
 
The service mechanism of the system is described as the 

following (Fig. 1): 
(1) When the charging station is idle, the BESS is 

charged with the grid before reaching its maximum capacity. 
(2) When an EV visits the charging station and the 

BESS is not depleted, the EV draws a constant power from 
the grid in a small and controllable manner and the BESS 
simultaneously compensates the power shortfall during the 
process [35].  

(3) When an EV visits the charging station and the BESS 
is depleted, the EV draws the required power entirely from 
the grid. 

The service mechanism of the system could also be 
interpreted this way: a cell phone (BESS) is connected to a 
low rate charger (Grid) and someone randomly plays video 
(EV) on this phone. 

 

 
(1)           (2)           (3) 

Fig. 1. The service mechanism of the system 
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3. Service Quality 
 
There are two participants in the service process of a 

charging station: customers and the grid. Customers focus 
on efficiency and want to spend their time in the system as 
less as possible. The grid is concerned about reliability and 
wants to maintain the adequacy of the BESS as much as 
possible. Hence, the service quality could be defined in two 
dimensions: service efficiency and service reliability. 

 
3.1 Service efficiency 

 
Queueing theory is a mathematical tool to analyze queue 

service system. By Kendall's notation, the service process 
of EV quick charge is modeled as an M M s  queue, 
indicating Poisson arrivals, exponential service times and 
s  servers respectively. 

Define service efficiency as: 
 

 sW
W

h =  (1) 

 
where Ws is the average service time and W is the average 
time spent in the system, including service and waiting 
time.  

Suppose the arrival of the system is Poisson process with 
parameter l  and the service time is an exponential 
random variable with parameter m . The system is indeed 
a birth and death process (Fig. 2), a particular case of 
continuous-time Markov chains. The balance equations of 
the system is [38]: 
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where ip  is the probability that there are i customers in 
the system as time tends to infinity; il l=  is the birth 
rate when there are i customers in the system; 

( )min ,i i sm m=  is the death rate when there are i 
customers in the system. 

Solving the equations recursively, one can show that: 
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parameter. The requirement that 1r <  is intuitive: the 
arrival rate is always less than the total service rate, 
otherwise the system collapses. 

The average number of customers in the system is 
derived as [38]: 
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By Little’s Law [38], L Wl= , then the service 

efficiency is determined as: 
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3.2 Service reliability 

 
Cramér — Lundberg model, also known as Poisson risk 

process, classical compound-Poisson risk model or classical 
risk process, is the theoretical foundation of ruin theory, a 
traditional field of actuarial science. It is usually applied to 
characterize an insurer’s vulnerability to insolvency. 

The similarity between the cash reserve of an insurer 
and the reserve capacity of a BESS is obvious: the insurer 
has constant incoming premiums and random outgoing 
payments; the BESS is constantly charged from the grid 
and randomly discharged to EV. The reserve capacity of 
the BESS is characterized as: 

 
 max1

, 0,0tN
t i ti

R u ct t R Rx
=

= + - ³ £ £å   (6) 
 

where tR  is the reserve capacity at time t ; u is the initial 
capacity; c is the constant charge rate from the grid; tN  is 
the number of services until time t ; ix  is the i th service 
demand; maxR  is the maximum capacity. 

It is likely that the BESS is exhausted during service 
hours, in which case called ruin in the context of ruin 
theory. The central goal of the model is to determine the 
likelihood that the reserve capacity of the BESS drops to 
zero within a given time horizon. The ruin probability 
before time T is defined as: 

 
 ( ) ( )( ), Pu T u Ty w= £  (7) 

 
where ( ) ( )inf 0 : 0tu t Rw = > =  is the first time that the 
BESS is exhausted. 

Inspired by ruin probability, service reliability is defined 
as: 

 
 ( ) ( ), 1 ,u T u Tq y= -   (8) 

 
This index is the probability that the system is capable of 

 
Fig. 2. The rate diagram of the birth and death process 
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providing service without jeopardizing the reliability of the 
grid. 

Let 
1
tN

t ii
S x

=
= å  be the total service demand until time 

t, define the distribution function of tS  as: 
 

 ( ) ( ), P tF x t S x= £   (9) 
 
Then the service reliability is determined as [39]: 
 

 ( ) ( ) ( ) ( )
0

, , 0, ,
T

u T F u T T T t f u t t dtq q= + - - +ò   (10) 

 

where ( )
( )

0
,

0,

T
F x T dx

T
T

q = ò ; ( ),f x t  is the density 

function of tS . 
 
 

4. Parameters and Assumptions 
 

4.1 Arrival rate 
 
The arrival process is often deemed as a Poisson process. 

However, it is unreasonable to assume a constant Poisson 
parameter l , since the arrival rate varies with time. 
Hence a nonhomogeneous Poisson parameter ( )tl  is 
used. 

The data from 2009 NHTS [40] are utilized to derive the 
arrival rate. To deduce the arrival rate at a specific moment, 
one needs to figure out how many vehicles are on the road 
at that time. It is obvious that the more vehicles on the road, 
the more likely that an EV visits a charging station. Let 
n ( t ) be the number of vehicle on the road at time t; a ( i ) 
the number of vehicle newly added on the road at time i; 
r(i, t) the residual rate that a vehicle newly added on the 
road at time i is still on the road at time t. Then 

 
 ( ) ( ) ( )1

,t

i
n t a i r i t

=
= å   (11) 

 
2009 NHTS provides the number of vehicle trips by start 

time, which can be used as a ( i ). 
To determine r(i, t), it suffices to figure out the 

distribution of daily driving time. Notice that daily driving 
time is proportional to daily Vehicle Miles of Travel 
(VMT). Some use gamma distributions to model daily 
VMT [41, 42], while others use lognormal distributions [43, 
44]. It is believed that lognormal distribution outperforms 
gamma and Weibull distribution [45]. Hence the daily 
driving time t  is assumed to be a lognormal random 
variable: 

 
 ( )2ln ,t tNt m s:   (12) 

 
2009 NHTS shows that the 95% Confidence Interval 

(CI) of average minutes spent driving in a typical day by 

all drivers is (56.09-0.71, 56.09+0.71).  
By the properties of lognormal distribution: 
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where 150,000 is the sample size (number of household); 
1.88 is the drivers per household; ( )11.96 0.975-= F ; 

( )1 x-F  is the inverse function of standard normal 
distribution function. As a result, 2.75tm = , 1.60ts =  
and 
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Notice that the arrival rate at time t is proportional to the 

number of vehicle on the road at that time: 
 

 ( ) ( )t n tl µ   (16) 
 

( )tl  is determined as follow (business hours last from 
9AM to 9PM): 

 
Table 1. Arrival rate 

t 9 10 11 12 13 14 
( )tl  17.74 19.55 21.98 24.38 23.54 24.32 
t 15 16 17 18 19 20 
( )tl  26.49 27.73 28.26 23.81 19.09 15.32 

 
4.2 SOC upon arrival 

 
The SOC of an EV upon its arrival at the charging 

station is determined by the following factors: 
(1) SOC upon departure from home. Assume the EV is 

fully charged overnight, thus the SOC upon leaving home 
is 100%. 

(2) Distribution of daily VMT. 2009 NHTS shows that 
the 95% CI of daily VMT per driver is (28.97-0.71, 
28.97+0.71). Assume the daily VMT d  is a lognormal 
random variable: 

 
 ( )2ln ,d dNd m s:   (17) 

 
Analogously, 1.46dm =  and 1.95ds = . 

(3) Maximum range. Assume all EVs are homogeneous 
and the maximum range r is 100 miles. On the one hand, 
few vehicle travels more than 100 miles on a daily basis. 
For example, let ( )F xd  be the distribution function of d , 
then (100) 0.9463Fd = . On the other hand, it is much more 
likely that a driver will choose an ICEV rather than an EV, 
if the driver travels more than 100 miles a day. 
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Notice that d  is for all vehicles, it is modified to suit 
EV scenario. Let ed  denote the daily VMT of an EV, then 
the distribution function of ed  is: 

 

 ( )

ln

,0
lne

d

d

d

d

x

F x x r
rd

m
s

m
s

æ ö-
Fç ÷

è ø= < £
æ ö-

Fç ÷
è ø

  (18) 

 
The SOC is: 
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and the probability density function of x  is: 
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4.3 Service time 

 
Assume the service time g  is exponentially distributed 

with parameter m , since the battery charging is a chemical 
process [5]. The distribution function of g  is: 
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Let inx  and outx  denote the SOC of an EV before and 

after the charging, then the service time is determined as: 
 

 
( ) ( )ln 1 ln 1in outt

x x
m

- - -
=   (22) 

 
It is unlikely that an EV user visits a charging station 

before the SOC drops below 50%. Assume that the 
charging station provides service to any EV with SOC less 
than 50%: 50%inx < . The concavity of SOC curve with 
respect to charging time shows that the charging efficiency 
decreases as the SOC increases. For instance, it takes about 
40 minutes to reach 80% SOC by a Tesla supercharger 
based on a 90kWh Model S, but another 35 minutes to 
reach 100% SOC [46]. To promote the charging efficiency, 
assume that the SOC of any accepted EV after charging is 
80%: 80%outx = . 

 
4.4 Reneging 

 
Practically, an EV user visiting the charging station 

leaves once the waiting time before service exceeds one’s 
tolerance, this behavior is called reneging. Let wT  denote 
the maximum waiting time that an EV user can tolerate 

before service. 
If a visiting EV user decides to stay in the system and 

accept service, this scenario is called an effective visit; 
otherwise, it is an ineffective visit.  

 
4.4 Capacity deficiency 

 
If the BESS is depleted, define the gap between the 

actual capacity charged from the station and the initial 
capacity as the capacity deficiency: 

 

 ( )1
max ,0tN

d ii
C ux

=
= -å   (23) 

 
4.5 Maximum capacity 

 
The maximum capacity is the physical constraint of the 

system. Suppose the maximum capacity is equal to the 
initial capacity:  

 
 maxR u=   (24) 

 
 

5. Results and Discussions 
 
From this part until end, the units of parameters are 

measured as: m (kw), c(kw), u (kwh), wT (hour) and 
dC (kwh). 
Table 2 shows the service efficiency when wT = ¥ . 
 

Table 2. Service efficiency ( wT = ¥ ) 

s 
m  

1 2 3 4 

0.3 0.1658 0.3601 0.5511 0.7148 
0.6 0.2097 0.5297 0.7937 0.927 
0.9 0.2758 0.7025 0.9154 0.9773 
1.2 0.3486 0.8126 0.9581 0.9915 

 
Table 3 shows the service reliability when wT = ¥ .  
 

Table 3. Service reliability ( wT = ¥ ) 

u 
c 1 2 3 4 

0.3 0.0217 0.1093 0.2763 0.4801 
0.6 0.184 0.5381 0.774 0.9126 
0.9 0.4435 0.8569 0.9626 0.9914 
1.2 0.6359 0.9491 0.9933 0.9995 

 
Table 4 shows the service efficiency, given different wT . 
 

Table 4. Service efficiency 

Tw 
( m , s) 0.5 1 1.5 2 

(0.6,2) 0.9771 0.9188 0.8465 0.7818 
(0.6,3) 0.9806 0.9344 0.8846 0.8492 
(0.9,2) 0.9628 0.88 0.811 0.7682 
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(0.9,3) 0.9774 0.9406 0.9233 0.9179 
Table 5 shows the service reliability, given fixed c and u. 
 

Table 5. Service reliability ( ( ) ( ), 0.6, 2c u = ) 

Tw 
( m , s) 0.5 1 1.5 2 

(0.6,2) 0.9899 0.9847 0.975 0.9582 
(0.6,3) 0.8977 0.8198 0.7065 0.6012 
(0.9,2) 0.9449 0.8594 0.7426 0.631 
(0.9,3) 0.6907 0.5733 0.546 0.5449 

 
Table 6 shows the capacity deficiency, given fixed m  

and s. 
 

Table 6. Capacity deficiency ( ( ) ( ), 0.6, 2sm = ) 

Tw 
u 0.25 0.5 0.75 1 

(0.6,2) 3.4465 3.8811 4.2384 4.52 
(0.6,3) 2.467 2.9025 3.2576 3.5367 
(0.9,2) 1.4583 1.8869 2.2399 2.5177 
(0.9,3) 0.5956 0.9551 1.2788 1.5413 
 
Table 7 shows the capacity deficiency, given fixed u 

and wT . 
 

Table 7. Capacity deficiency ( ( ) ( ), 2,1wu T = ) 

s 
m  

1 2 3 4 

(0.6,2) 0.0033 0.934 2.1323 3.1374 
(0.6,3) 0.7467 2.8827 4.2832 4.9865 
(0.9,2) 1.809 4.231 5.147 5.3281 
(0.9,3) 2.7533 4.935 5.3199 5.3453 
 
It can be seen that h  is an increasing function of m  

and s, q  is an increasing function of u and c, from Table 
2 and 3 respectively, given wT = ¥ . 

In table 4, it is counterintuitive that the increase of m  
does not necessarily result in the increase of h : 

 
 ( ) ( )0.6,2, 0.9,2,w wT Th h>  for 0.5,1,1.5, 2wT =   (25) 

 
This phenomenon might be interpreted by m  and wT . 

On the one hand, as m  increases, the service time 
decreases, thus the potential waiting time before service 
decreases. Then new visit that was deemed as ineffective 
before is now deemed as effective. This prolongs the whole 
waiting time, thus decreases the service efficiency. On the 
other hand, as wT  increases, the effect of introducing new 
visit into the system reduces, hence m  dominates over 

wT  again. Notice that: 
 

 ( ) ( )0.6,3,0.5 0.9,3,0.5h h>   (26) 
 

compared with 
 

 ( ) ( )0.6,3, 0.9,3,w wT Th h<  for 1,1.5,2wT =  (27) 
In Table 5, q  is a decreasing function of m , s and wT . 

Intuitively, the increase of m , s or wT  leads to more 
frequent effective visits, hence reduces q . Moreover, 
Table 5 can be regarded as an asymptotic version of 

( )0.6,2q  in Table 3. 
Table 6 and 7 show how capacity deficiency varies with 

system parameters. In fact, as defined previously, capacity 
deficiency is the capacity that is not enough to meet the 
service demand in a typical business day. 

 
 

6. Economic Analysis 
 
In this section, only the elements those have been 

discussed previously are considered, other factors such as 
land cost, labor cost and so on are ignored. 

The objective function is the present value of the profit: 
 

 P R C= -   (28) 
 

where R is the present value of the revenue and C is that of 
the cost. 

The present value of the revenue is the charging fees 
from EV users: 

 
 1 1

tjk N j
ij sj i

R p dx
= =

= å å   (29) 
 

where ijx  is the i th effective service demand on the j th 
day; tjN  is the total number of effective visit until time t 
on the j th day; sp  is the charging fees per unit from EV 
users; d is the discount factor, k is the life cycle of the 
system. 

The cost of the system can be categorized as 
construction cost CC  and operation cost OC : 

 
 C OC C C= +   (30) 

 
The construction cost contains cost of server SC  and 

cost of BESS BC : 
 

 C S BC C C= +   (31) 
 
The cost of server is: 
 

 ( )SC sg m=   (32) 
 

where s is the number of server and ( )g m  is the cost per 
server, given the service rate m . 

The cost of BESS is: 
 

 BC ub=   (33) 
 

where u is the capacity of the BESS and b is the cost per 
kwh. The present value of the operation cost is: 
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 ( )1

k j
O l l h hj

C c p c p d
=

= +å   (34) 
where lp  is the charging cost per unit overnight; hp  is 
that during business hours; lc  is the capacity charged at 
low price; hc  is that at high price. 

Notice that c is ignored in the economic analysis, since it 
is the constant rate charged from the grid, which is trivial 
in this scenario. 

The target is to seek an appropriate combination 
( ), ,s um  to maximize the present value of the profit P.  

 
 

7. Case Study 
 
(1) 0.9999d = . This is the daily discount factor, 

equivalent to 0.9642 annually. 
(2) 1000k = . This is the life cycle of the BESS. 
(3) 0.06lp = ; 0.12hp = ; 0.2sp = . These are the 

electricity prices for the system to charge the BESS 
overnight, during business hours and provide service to EV 
users. 

(4) Table 8 is derived from the suppliers on Alibaba, the 
largest global trade platform. 

 
Table 8. Power and cost of quick chargers 

m  10 20 40 60 80 120 150 
( )g m ($1,000) 2.77 3.6 5.7 6.94 12.14 14.99 26.35 

 
(5) 21.75b = . General Motors revealed in October 

2015 that they expected a price of $145/kwh for Li-ion 
cells entering 2016 [47]. Suppose EV batteries are recycled 
at 15% of their original values when they have ended their 
automotive life cycles. 

(6) The battery capacity is 20 kwh for an EV with 
maximum range 100 miles. 

The following results show the best combination and 
maximum profit, given different wT : 

 
Table 9. Best combination and maximum profit (standard 

arrival rate) 

wT  0 0.1 0.2 0.3 

( ), ,s um  (20,2,111) (60,1,116) (60,1,117) (60,1,119) 

( )max P  
($1,000) 

3.83 4.47 5.3 6.18 

 
Table 10. Best combination and maximum profit (double 

arrival rate) 

wT  0 0.1 0.2 0.3 

( ), ,s um  (60,2,232) (60,2,269) (60,2,284) (60,2,307) 

( )max P  
($1,000) 

11.58 13.45 14.91 16.13 

 
It is clear that the maximum profit increases as the 

maximum waiting time before service wT  increases, since 
more people decide to wait in the system and the potential 
revenue increases. 

Notice that the initial capacity u increases as wT  
increases. This might be attributable to the fact that the 
system needs to store more energy at low price, in order to 
provide service to more users at low cost. 

It is strange that the system is optimally equipped with 2 
chargers at 20 kw rather than 1 charger at 60 kw, given 

=0wT  in the standard arrival rate case, because the cost of 
the former is higher than that of the latter. One plausible 
explanation might be that the system loses potential users 
when there is only one charger, even the efficiency of the 
charger is high. 

Obviously, the maximum profit and system parameters 
increase as the arrival rate doubles, given fixed wT . 

 
 

8. Conclusion 
 
Predictably, more and more EVs will be on the road in 

the future. As the number of EV increases, the demand for 
charging station rises as well. Thus, it is very crucial to 
analyze the service process of charging station. 

The following problems have been addressed in this 
paper: (1) how to characterize the service process of a 
charging station with BESS? (2) what is the economical 
optimization of this system? Moreover, the service quality 
is defined as the service efficiency and reliability. A case 
study is presented at the end of the paper, aiming to seek 
the best combination and the maximum profit of the system. 

This paper was written much more from an economic 
perspective. Nevertheless, it also could be done in an 
engineering way. When is the BESS most likely to be 
exhausted during a typical business day? What is the 
distribution of the time of ruin, given that the BESS is 
depleted? What is the total charging rate curve of the 
system? These are questions unanswered in the paper. 
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