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Mathematical Analysis of Electric Vehicle Movement
With Respect To Multiple Charging Stops

Yudai Honma' and Shigeki Toriumi?

Abstract: As environmental issues become more prominent, electric vehicles (EV) have attracted an increasing amount of attention. How-
ever, the continuous cruising distance of an EV is limited to approximately 160 km, which is insufficient for everyday use. Battery capacity
is the limiting factor in long-distance EV travel, because the vehicles need to stop at EV recharging stations multiple times. In Japan, there
are more than 2,000 EV charge stations, but there are, at most, two rapid chargers. When multiple users converge at the station, a queuing (or
waiting) condition is created, which may lead to a call-loss condition. In other words, an appropriate number of chargers must be installed at
each station when planning the EV infrastructure. Therefore, the number of vehicles entering the station must be estimated. In this study, a
mathematical model based on the supporting infrastructure for widespread EV use is proposed to estimate the number of vehicles arriving at
each charge station. DOI: 10.1061/(ASCE)EY.1943-7897.0000356. This work is made available under the terms of the Creative Commons
Attribution 4.0 International license, http://creativecommons.org/licenses/by/4.0/.

Author keywords: Electric vehicle (EV); EV supporting infrastructure; Multiple routes; Multiple stops.

Introduction

Since the start of the 20th century, there has been an enormous
amount of fossil fuel usage. It is not an overstatement to say that
the current level of prosperity in the world has been supported by
this huge consumption of energy (MacKenzie 2000). However, this
exponential increase in energy consumption throughout the 20th
century and continuing today introduced several problems. Among
them, the depletion of fossil fuels is one of the most serious and
imminent (Roberts 2004). The depletion of oil, in particular, has
been discussed by various organizations and scientists. In the trans-
portation sector, which mainly consists of the automobile industry
that is almost entirely dependent on oil, a reduction in CO, emis-
sions and a departure from dependence on oil are acute challenges
(IEA 2004).

Against this backdrop, electric vehicles (EVs) have gained
prominence in recent years. Conceptual EVs have been developed
in the past, but several factors have prevented their practical deploy-
ment. Among these factors, the major disadvantage was a short
driving distance, limited by battery performance and the time re-
quired to recharge the battery (Larminie and Lowry 2003). In recent
years, however, owing to the increasing prevalence of hybrid cars,
the development of batteries such as lithium-ion batteries has led to
significant advances in EV performance. However, even in recent
models of EVs, the driving distance covered by a car with a
fully charged battery is 100—160 km, at most (Nissan Motor Com-
pany 2014). Alternatively, it will take approximately 30 min to re-
charge the battery to approximately 80% capacity using special,
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rapid-charging equipment (Husain 2010). This distance is very
unsatisfactory compared with the 400 km (or more) covered by
a gas-engine car with a full tank.

Thus, it is inevitable to develop the EV-support infrastructure
for EV users. In fact, there are continuous efforts to popularize
the EV-support infrastructures in the United States (Morrow et al.
2008) as well as in Japan (MLIT 2011). Furthermore, numerous
models have been proposed to analyze a system of EV-support
infrastructure (e.g., Bapna et al. 2002; Kuby et al. 2004; Kuby
and Lim 2005, 2007; Kuby et al. 2009; Melaina and Bremson
2008; Upchurch et al. 2009; Lim and Kuby 2010; Upchurch and
Kuby 2010 and the references therein). In particular, Kuby and Lim
(2005) developed the flow refueling location model to analyze the
distribution of EV-charging stations. They also applied this model
to real-world networks at both the metropolitan and state scales
(Kuby et al. 2004, 2009), and extended it to stations with limited
capacities (Upchurch et al. 2009), locations along arcs (Kuby and
Lim 2007), and maximizing total trip lengths instead of the total
number of trips (Kuby et al. 2009). Similarly, for the Japanese EV
infrastructure, Ishigame and Matsuda (2011) also calculated the fa-
vorable locations of EV-charging stations in Osaka Prefecture.

However, these flow refueling location models are generally
social-optimum models. EVs are allocated to EV stations to so-
cially optimize the above objective indices, and the main concerns
of such previous studies are the effective locations of EV stations.
In real-world situations, the EV driving route is not feasible and EV
users spontaneously determine their driving routes. The model to
describe the EV route-decision behavior is essential.

Furthermore, the problem of the limited driving distance of EVs
is serious, particularly for long-distance driving. More precisely,
EVs for long-distance driving need to recharge their batteries en
route to their destination. Furthermore, EVs must stop at recharging
facilities multiple times because the EVs’ driving distance after
quick recharging is approximately 120 km. This fact indicates that
a certain number of EV-charging facilities should be deployed and
all requests for recharging should be satisfied. However, Japanese
EV stations currently install two rapid chargers at most. When
multiple users converge at the station, a queuing (or waiting)
condition is created, which may lead to the call-loss condition.
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In other words, it is beneficial to ensure that an appropriate
number of chargers are installed at each station when planning
EV infrastructure. Therefore, the number of vehicles entering the
station must be estimated.

Thus, this research focuses on the EV-support infrastructure
of charging facilities in terms of EV route-decision behavior and
multiple charging stops. A mathematical model specialized for
long-distance trips to estimate the number of EVs arriving at each
charging facility is proposed. When considering the movements of
long-distance trips, it is very important to incorporate the route of
EV movements because there is not only a simple and shortest path
from origin to destination, but also several alternative paths. Fur-
thermore, it is also essential to consider an EV’s multiple stops at
EV-recharging facilities. An elegant mathematical model to analyze
the EV-support infrastructure with respect to multiple routes and
multiple-charging stops also will be discussed.

The rest of paper is organized as follows. In section “Fomulation
of the Mathematical Model,” a mathematical model to estimate the
number of EVs arriving at each charge station is formulated, and
several indices to evaluate EV movements are derived. In section
“Equivalent Markov Model,” the model is applied to the Japanese
traffic flow and road networks. The arrival number for EV-charging
stations is approximated and how users are affected by the conver-
sion from gasoline vehicles to EVs is discussed. The conclusions of
this study and several ideas for future studies are presented in
section “Calculation Based on Passenger Movements in Japan.”

Formulation of the Mathematical Model

Designed Network

Set up in two dimensions, the model assumes |O| = trip start points
(origins) O € (1, ...,0, ..., = trip end points (destina-
tions) D e (1,...,d,...,|D|) and |K| = EV charge stations
K e (1,...,k, ...,|K|). It further assumes that T',; EVs travel from
an origin (0) to a destination (d) within the origin destination (OD)
matrix. The maximum cruising distance of the EVs is L. The EVs
that are unable to travel from o to d without charging their batteries
must use one of several charge stations. Under these assumptions, the
number of EVs arriving at each charge station will be derived.

Now, a directed graph G = (V, E) connecting paths (i) through
(iv) is introduced, where the distance between two points is L or
less (V=0 @ D @ K):

1. Origin (start point) — Charge station.

2. Charge station — Charge station.

3. Charge station — Destination (end point).

4. Origin (start point) — Destination (end point).

All conceivable paths of EVs traveling from the origin to destina-
tion in this network are expressed on the directed graph G, and path(s)
that can be expressed on the directed graph G are the only feasible
paths. An example of an EV routing network is shown in Fig. 1.

v
/ g \
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g

Routing Behavior

Given the previous conditions and assumptions, an EV moving
from an origin (o) to destination (d) on the directed graph G is
considered. Many paths linking o to d are available, including
one that utilizes the shortest travel time. Understandably, the path
of shortest travel time will be used most frequently, and the longer
the travel time of a path, the less frequently it will be used. To in-
corporate this concept into the model, the probability that an EV
moving from o to d will use the rth path is specified. On the basis of
the multinomial logit model, the probability is defined as

exp[—C7]
Zre(b"d exp[—'yC‘,’d]

where + = cost-decay parameter; C?¢ = cost of traveling the rth path
from o to d; and ®°¢ = set of paths from o to d. In this study, C?¢ =
sum of link costs, and is expressed as

Pod =

(1)

CoSe,y, + i Chkyy T Chpd (2)

=1
e G
Ckk/dzef% +T (4)
dedg% (5)

Here, the rth path is the following route from o to d:
0—>ky — ky, —>---— ky > d, d,, is the distance between two
points, v is the speed of the EV, and T is the time required for rapid
battery charging. The definition of Eq. (2) assumes that EV drivers
can refuel the EVs at their origin and always refuel when they reach
EV station nodes. In addition, it assumes that the travel speed is
constant, regardless of traffic volume.

There are a number of rationalities to introduce the logit model
when describing routing behavior. First, in the field of traffic en-
gineering, the logit model and its extensions are the main method to
describe a driver’s route choice. Indeed, the stochastic user equi-
librium traffic assignment model internally assumes the logit model
in route decision behavior (Brilon et al. 2011). Some might con-
sider that long-distance drivers usually use major highways and
have few choices in their routes. However, Japanese highway net-
works mainly develop in a north-south direction, so drivers tend to
use other roads, which have many alternative routes. Moreover,
access-egress routing behavior for highway networks is also an im-
portant factor because drivers do use highways.

How to define the alternative set ®°¢ is now discussed. In the
simple definition, the alternative set consists of simple paths. In this

/ a : Destination

gﬁ} : EV charge sta.

Fig. 1. Example of EV-routing network
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study, however, all possible paths which connect origin and desti-
nation are considered. This strategy has the possibility of generat-
ing very long detours that would not be selected in real-world
routes. Furthermore, it seems difficult to calculate the probability
for large-scale networks.

On the contrary, this definition is made to enhance computa-
tional feasibility. As discussed in later sections of this paper, this
definition makes it possible to perform stochastic assignment in
large-scale networks.

Equivalent Markov Model

When the set of paths ®°¢ is a subset of the entire conceivable
paths, the network flow expressed by Eq. (1) is equivalent to the
Markov distribution (Akamatsu 1996):

o . W
Palili) = expl=ey] 2 (6)
id

def i
Wia= Z exp[—CH] + 84 (7)

redid

where p(j|i) = transition probability of EV traveling from node
i € Vtonode jeV;and §,; = Kronecker delta symbol.
This formulation satisfies the condition

.. Z nbr(i eXp[—“/Ci']W-d
> pUly == m Ty ()
jenbr(i) id
which should be regarded as the conditional probability. Further-
more, the equivalency between two assignments is easily con-
firmed by

A-1

Pt = plalo) x T | plkialkn) x p(dlky)
=1

kod

Wia

1

kd

Woa’

= exp[—Cop, | 37— X eXpl=yCk ) T X o

Wi Waa
X CXP[—VCkA,IkA] WAd X eXP[—’YCkAd} m
A1

A

A1 Wy
= exp {—'y (cokl + Z Chykyey T ckAd)} —W .
=1 o

_ eXp [_’YC;)d] (9)

2 exp[—CY]

The existence of Markov assignment equivalency implies that
the target flow can be calculated very efficiently. More clearly,
if each node uses Eq. (6) to move the next node to pass the
EVs, the resulting network flow equals the assignment discussed
in Eq. (1).

Note that p(j|i) does not depend on the node of origin. It is
confirmed that there is no subscript notation related to origin in
Eq. (6). Thus, if each EV follows the Markov assignment, the
movement of all EVs from arbitrary nodes spontaneously holds
to Eq. (1). This fact makes it possible to calculate the many-to-
one flow at once, so it is a very favorable feature of this model.
Since multipath routing is used, there are multiple candidate nodes
for the next step, even if the EVs are intended to go to the same
destination.
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How to Calculate W4

To determine the value of p(j|i), W4, which is included in p(j|i),

must be calculated. The native approach is not feasible because the

summation in W;; means considering all paths from node i to d.
Consider matrix A of N x N, whose [i, j] element is given as

follows:

(10)

{exp[—vc,-j} (if node i to j is connected)
a,-j =

0 (otherwise)

The element of A? yields

N
aﬁ] = Z ajxdy;= Z exp[—y(ci +cx))]= Z exp[—CY
=1

(K(R). (6. €E) rea
(11)

where (IJZj = set of paths that connect nodes i and j in L steps.
Similarly, the typical element of AL is given by

afl =3 expl—CY] (12)

red;
From the definition
(I)ij:q)ij@q)éj@ (13)

is derived. Consequently, the value of W,; can be obtained as fol-
lows (I is the identity matrix):

W=I+A+A%+A%+ .- (14)

where the element of matrix W is

Wi = Z exp[—7CY] + 6iq (15)

redii

Furthermore, if matrix A satisfies the Hawkins-Simon condition
(Hawkins and Simon 1949; Seneta 2006), the following formula is
obtained:

I—A""'=T+A+A%+ A%+ - (16)
Therefore, the value of W, j is obtained as follows:
W=[I-A]"! (17)

As indicated previously, determining the link-weighted matrix A
yields the transition probability p(j|i) in a straightforward manner.
This means that all EV movements will be calculated only by
setting matrix A. This is feasible because Eq. (16) is just one
calculation for the matrix inverse.

Derivation of Arrival Number to EV Station

Note that the EV travel can be described by the Markov model.
Next, the Markov process that reaches destination (d) is investi-
gated. When the transition matrix between nodes in the Markov
process is defined by Eq. (18), the number (N;;) of EVs entering
each node (while traveling toward the destination) is determined by
Eq. (19):

P, pa(jli)] (18)
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Nia \" T \"
Noy Ty

| - 1P, (19)
Nyyja Ty

where T,; = number of EV movements from origin (o) to desti-
nation (d). Thus, the number (N;) of EVs arriving at charge station
k can be derived as follows (independent of destination):

N, = Zde (20)

deD

This is one of the most important pieces of information to
calculate in this paper.

Average Cost from Origin to Destination

At the end of the formulation, the average cost from origin (o) to
destination (d) is also calculated.

Now, focusing on the movement from origin (o) to destination
(d), the probability of pass-through link (i, ) is described as q;’;j .
Through the formula stated previously, the average cost (C,,) can
be written as

(Coa) =D P2ty
redod

= Z ﬂ]?ji * Cij (21)

(i.j)eE

0 100[km]

S |

In order to calculate Eq. (21), it is necessary to derive q;’jd . Here,
focusing on the fact that EV movements can be described as a
Markov model, the Markov process to destination node d is con-
sidered again. Then, for the movement from origin (o) to destina-
tion (d), the probability of passing each node Q;’d is calculated as

d
o7
od
2

T

=e,[I— Py (22)

od
IN]

where el = unit vector in which only the oth element is 1 and 0
otherwise. Consequently, the probability q;’;’ that passes through
link (i, j) is

g = diag (03, 037, -+~ 0f )P, (23)

where diag(-) = diagonal matrix with the applicable component as a
diagonal element.

Eq. (23) is basically the same as the Akamatsu model (Akamatsu
1996), and thus, there are minor contributions to theoretical aspect.
Rather, the key finding of this paper is to show that the Akamatsu
model can clearly apply to EV routing behavior and the arrangement
of mathematical expressions for EV routing, such as average travel
cost calculation. Thus, it is also very important to show that the for-
mulation is applicable for practical use. For this purpose, the quite
large-scale problem with realistic data is calculated in the next section.

100,000+

Fig. 2. Mesh population data
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Fig. 3. Detailed road network data

Calculation Based on Passenger Movements in
Japan

Preparation of OD Data and Network

The model described in the previous sections is applied to the
movement of traveling passengers in Japan (excluding Hokkaido
and Okinawa) to estimate the number of EVs arriving at the charge
station. In the following calculation, it is assumed that the vehicles
driving in the target region were all replaced with EVs.

First, how to prepare OD data is explained. From the Third
Interregional Travel Survey (MLIT 2010b) issued by the Japanese
Ministry of Land, Infrastructure, Transport, and Tourism, there are
several OD flow data that focus o,nvarious transportation methods
and trip purposes. In this study, the OD data of “vehicle,” “week-
day,” and “all purpose” is extracted. This OD data is aggregated
between 207 zone movements. Thus, the 10-km mesh population
data of national population census 2010 (MLIT 2010a) is also used,
and OD data is proportionally allocated to each mesh. Using the

Table 1. Size of Detailed Road Network Data

previous calculation, the OD data between 3,460 mesh movements
is created. The centers of each mesh are set as origin and destination
points. Mesh population data is shown in Fig. 2.

Next, the EV charge-station data is prepared. According to
CHAdeMO Association, 2,151 EV-charging stations have rapid
chargers currently installed (CHAdeMO 2013). The locations of
these 2,151 EV stations are used as the distribution.

Finally, the travel cost between two arbitrary points based on
the real road network is calculated. In this study, the detailed
road network data, which are also used for car navigation systems
(Sumitomo 2005), is prepared, and the shortest distance path is
calculated. Furthermore, the distance is converted to travel time
(= cost) under the assumption that EV travel speed v =
80 km/h on highways, v = 60 km/h on metropolitan express-
ways, and v = 30 km/h on ordinary roads. Fig. 3 shows the de-
tailed road network data, and Table 1 is the size of this data.

Using this geographic information science (GIS) data, the EV
routing network, which was explained in the formulation, is con-
structed. Fig. 4 shows the EV routing network in this study, and
Table 2 shows the size of this network. It is assumed that the time
for rapid battery charging (7') is 40 min and the maximum cruising
distance of the EV (L) is 120 km.

Item Size

Node 1,269,703 Estimated Number of EV Arrival

I,l:irtlkl dist " lgggi (5) (5) The number of EV arrival to each station is first analyzed based on
otal distance (km) ’ the mathematical model. It is assumed that parameter v is 0.1.
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Fig. 4. EV-routing network

Table 2. Size of EV Routing Network Data

Item Size

OD destination 3,460
EV-charging station 2,151
Node 10,715
Link 2,700,048

Based on the previous network, the calculation results are shown in
Fig. 5 (indicating the number of EVs arriving at the charge station
per hour).

From the figure, it can be confirmed that the stations located
around large cities and near arterial roads are the most frequently
used. It can be seen precisely that the number of EVs arriving at
stations near metropolitan areas, such as Tokyo, Nagoya, Osaka,
and Fukuoka, evidently increases. In addition, the regions
connecting Tokyo, Nagoya, and Osaka, known as the Higashi-
Meihan regions, have been confirmed to have a significant num-
ber of arriving EVs. The previously mentioned results can be
properly understood because the number of arriving EVs must
be proportional, to some extent, to the passing traffic at that spot
from a general perspective. Meanwhile, rural areas such as
Tohoku, Chugoku, and Sanyo do not have as many EVs as met-
ropolitan areas. Generally, these rural areas have a number of
stations, where approximately 100 EVs are estimated to use.
Therefore, a certain amount of EV stations must be installed even
in rural areas, which are low-demand areas. From this viewpoint,
it is suggested that infrastructure improvements are important on

© ASCE
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a nationwide scale. The most important point when planning the
strategy of infrastructure improvements is appropriate allocation
based on EV arrivals.

Fig. 6 is a histogram of the number of EVs arriving at the charge
station per hour. Approximately 72.6% of the 2,151 stations are
visited by 100 EVs per hour or less (average number of EV visits
is 95.7 cars/h). In contrast, the number of EVs arriving at the busi-
est station is 3,793 cars/h, suggesting that many chargers will be
needed in that station.

The queuing theory (Haviv 2013) is introduced here. An EV-
charging station can follow the typical M/M/s queuing model.
Therefore, A\/sp <1 must be satisfied; here, A\ = arrival rate of
EV per hour; 1 = service rate of EV quick charger per hour;
and s = number of EV quick chargers in an EV-charging station.
This equation means that the number of arrivals to the queuing
system cannot exceed the total service potential of the system.
Therefore, this equation must be satisfied in any queuing model.
Now, it is assumed that each EV occupies the charging station
for approximately 40 min on average (considered storing, charging,
and retrieving) and the number of EV chargers is two (most stations
only have one charger at present), and the actual diffusion rate of
EVs is a. Then

3,793 x «
2P0 xa 2
2% 60/40 24)
2 x 60/40
ap ~ 0079% (25)
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Fig. 5. Number of EV arrivals per hour

are derived. Thus, in the actual situation, this can be managed if the
actual diffusion rate of EVs is less than 0.079%.

However, the condition /sy < 1 only assures that the waiting
queue would not increase infinitely. In a practical sense, queue
length (and waiting time) infinitely diverges when « is close to
the limit stated in Eq. (25). Fortunately, by the formula of M/M /s
queuing model, the waiting time at EV stations can be also calcu-
lated. For example, to set the average waiting time to less than
5 min, a < 0.026% should be satisfied from M/M/s formula. In

any case, the most important point is to calculate the arrival number
of EVs, which is shown in Fig. 5.

Comparison of Average Time

Next the average travel time from origin to destination is examined.
It is also a very important factor to evaluate the convenience for EV
users. The average travel time by EVs can be derived as well, using
the previously mentioned formulas.

7000 1

1000 6000} 1
(el

z S 5000 F 1
£ 800 X

G 2 4000 F ]
> Z
o600 =

3 2 3000 1
= L
£ 400 E

£ £ 2000 F 1
Z Z

200 1000 [ 1

0 0L y * * * * —

0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000

Number of EV arrivals per hour Average travel time by EVs
Fig. 6. Histogram of EV arrivals per hour Fig. 7. Histogram of the average travel time by EVs
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Fig. 7 is a histogram of the average travel time (including charg-
ing time) on an EV routing network. Approximately 63% of EVs
travel 6 h or less (average number of EV visits 242.15/min). In
contrast, the maximum travel time is near 50 h.

4000

3000

1.0-fold

2000

Average travel time by EVs

1000

2000 3000 4000
Travel time by gasoline-car

0 1000

Fig. 8. Scatter diagram of the EV time and the gasoline car time

0 100[km]
| |

By calculating the time of shortest distance, which supposes
gasoline cars, both times are now compared to evaluate the incon-
venience of EV usage. Fig. 8 is a scatter diagram of the EV time and
the gasoline car time. From the figure, it can be confirmed that EV
users are obligated at a maximum 1.4-fold time. This is mainly
because of the need for detouring to charge the battery.

To illustrate the regional difference in terms of EV trips, the
following index is calculated:

Ro _ Z <C0d> (26)

min
Cod

where (C, ) = average travel time by EVs; and C™" = time of the
shortest distance by gasoline cars. As is clear from the definition,
R, = average ratio, which indicates the proportion of EV and gas-
oline cars. If R, is large, the region would be disadvantaged by the
conversion from gasoline car to EV. The calculation result of R, is
shown in Fig. 9. From the figure, it can be confirmed that the
Kyushu regions, and Ibaraki prefecture have large R, which means
the “EV refugee.” Therefore, in terms of the development of EV
infrastructure, the Kyushu region and Ibaraki prefecture are very
important for investment. In parallel, controlling the diffusion rate
of EVs may be another important way to cope with the lack of
infrastructure in such areas.

Note that the result R, is not weighted by OD data and popu-
lation. Obviously, it is easy to incorporate the weighted average of
(C,q)/C™n by OD data. However, if the weighted average were
introduced, it would be apparent that the ratio of rural areas tends
to be worse than that of metropolitan areas. This is because

Fig. 9. Average ratio of travel time by EVs and by gasoline cars
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(Cpq)/C™in generally increases with the increasing distance be-
tween origin and destination. Such analysis is not the authors’ in-
tention. By not taking account of OD data and populations, it is
possible to illustrate the inconvenience caused by the location of

EV stations.

Conclusion

This research focused on the EV support infrastructure of charging
stations and proposes a mathematical model to estimate the number
of EVs arriving at each EV-charging station. In particular, a math-
ematical model to estimate the number of EVs arriving at each
charging station with respect to multiple routes and multiple stops
is formulated, and basic properties of the previous problem are dis-
cussed. Furthermore, the model is applied to Japanese traffic flows
and the number of EV arrivals to EV-charging stations is calculated.
In addition, by comparing EV travel time with that of gasoline-
fueled cars, the priority regions for investment of EV support infra-
structure are illustrated. Future work should include analyzing
more practical situations with several collaborated facilities as well
as social optimal system, which maximizes the user benefits.

Appendix. Example of Routing Calculation

To promote understanding, a brief example of EV routing is
provided. The network consisting of four nodes and five links
described in Fig. 10 is considered. For simplicity, all links are as-
sumed to have unit cost (i.e., ¢,, = 1). The goal is to move EVs
from node 1 to node 4.

As is easily confirmed, there are three candidate paths from
node 1 to node 4:
e PartI 1-2—4
e Part II 1-3—4
e Part lll 1-2—3—4

The total costs of paths I and I are C; = Cy; = 2, and the cost of
path III is Cy; = 3. Thus, from Eq. (1), the probability that each
path is used is derived as follows:
exp[—Cy] x?

Stexp[—C,] X+ 24

path I

exp[—yCu] ~  ¥°

th 11 =
pa I exp[—C,] % + 247

exp[—yCui] _ X

Stexp[—1C,] X0+ 24

path II1

where x = exp[—7].

@

N

®

Fig. 10. Sample network
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As discussed previously, the transition probability from node i
to node j is calculated. From Eq. (10), matrix A for this network is

0 0

(30)

S O O =
S O = o=
S ==

0
0
0
and thus, W is calculated from Eq. (17) as follows:

x xX*4+x X425
1 by x> 4x
0 1 X
0 0 1

S O o =

Then, from Eq. (6), it is obtained as follows:
w w
[p(21), p(3[1)] = |exp(—yern) ==t exp(—yeys) v
Wiy Wiy
« X 4x % X
=<x X ,
x4 222 x4 222

[p<3|2>,p<4|2)1=(xx%,xx ! ) (33)

X+ x x2+x

) = (1) (34)

It is certain that the Markov assignment described by
Egs. (32)—(34) is equivalent to Egs. (27)—(29); for example,

2

path I p(2]1) x p(4[2) = (35)

X
X3+ 242

This is a brief example of EV routing.
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