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Abstract: With electric vehicles (EVs) pouring into infrastructure systems, coupled traffic and energy
transportation networks (CTETNs) can be applied to capture the interactions between the power
grids and transportation networks. However, most research has focused solely on the impacts of
EV penetration on power grids or transportation networks. Therefore, a simulation model was
required for the interactions between the two critical infrastructures, as one had yet to be developed.
In this paper, we build a framework with four domains and propose a new method to simulate
the interactions and the feedback effects among CTETNs. Considered more accurately reflecting
a realistic situation, an origin-destination (OD) pair strategy, a charging strategy, and an attack
strategy are modeled based on the vehicle flow and power flow. The model is able to analyze the
spatial and temporal distribution characteristics of EVs, and measure the impacts on power grids and
transportation networks with road-block. The IEEE 33-bus system with geographic information was
used as a test system to verify the effectiveness of the model.

Keywords: coupled traffic and energy transportation networks (CTETNs); electric vehicles (EVs);
interactions; peak-load spot; road-block

1. Introduction

Electrified transportation has introduced new challenges to both power systems and
transportation networks. Electric vehicles (EVs), as coupling points of the two systems, are being
integrated into infrastructure systems and playing a key role in the interaction. EVs are the nexus
between the charging infrastructures, the power grids, and the transportation networks [1]. EVs are
defined as a type of interruptible load, thus demand-side management can be performed for EVs to
improve the overall reliability of the power system [2,3]. However, overloaded charging may result in
undesirable grid congestion or voltage deviations. Quantitative reliability assessment approaches to
further study the interactions between the power grid and transportation networks are lacking [4].

Various issues associated with EV injection in terms of the reliability and economy in power grids
have been studied for several years, involving innovative energy storage systems [5], battery charging
strategies [6], as well as information and communication technologies [7]. Optimized EV charging
strategies can benefit EV drivers and power grids [8,9] by decreasing charging cost [10] and enhancing
the reliability [11,12] and flexibility [13] of power grids. Beside the effects on the operating cost of
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power grids [14], the fluctuating energy flow [15] has been studied to better understand the impacts of
the EV penetration on power grids.

The research has mostly focused on energy savings and emissions reduction from the
transportation network perspectives. The increasing penetration of EVs offers significant economic
and environmental benefits, such as the combination of renewable energies [16,17], the integration
of smart grids [18], and less dependency on fossil fuels. In some Nordic countries, EV policies
and initiatives have been proposed to promote carbon neutrality in the transportation systems [19].
In China, by replacing conventional vehicles with EVs, the benefits for cleaner air were revealed [20].
In Japan, mobile systems were built to realize clean transportation [21].

Multiplex networks, in which the same set of nodes are connected by links that have different
connotations, are another class of multilayer networks [22]. Although multiplex networks are
derived from social networks [23], the concept of multiple networks is able to efficiently show
the interactions among different infrastructures [24]. Each layer of the network can be an actual
infrastructure network or a virtual network, such as power grids, transportation networks, or assistant
decision systems. The multiplex network structure can create flow congestion [25], improve the
robustness of the multiplex systems, and change critical behaviors [26]. Charging strategies and traffic
conditions, specifically affected by human beings and real-time demand, increase the randomness
and complexity of the transportation network. Complexity theory has provided new insight for
exploring the complexity of power systems and their interactions with other systems [27,28]. Therefore,
by adopting the complex multiplex network, the inherent topological characteristics of the coupled
traffic and energy transportation networks (CTETNs) can be determined to measure the spreading
failure mechanisms and describe the impact of failures.

Researchers are beginning to recognize the necessity of developing appropriate tools to analyze
the interactions between power grids and transportation networks. The interactions between the two
systems cause multiplex networks to be vulnerable to initial failures [29]. In the real world, the initial
failures are seldom random but targeted [30]. The most important nodes or branches, determined
by innovative metrics [31], are the primary targets. Approaches to improve the robustness of the
coupled energy transportation systems have been proposed based on the degree of nodes [32] and
efficient edge attacks [33]. Furthermore, studying attacking mechanisms can provide prevention
strategies for malicious attacks on the network. Therefore, exploring the impacts of targeted attacks is
important, especially when the transportation system and power grid are interconnected. Additionally,
determining a method for the electricity authority to cooperate with a transportation agency is essential,
while ensuring the operational data of each system remains private so decisions can be made in
a distributed manner [34].

To investigate the interactions and feedback effects among the CTETNs, we proposed a new
framework composed of power grids, transportation networks, vehicle technologies, as well as
information and communication technologies (ICT). In this framework, in terms of the efficiency
and accuracy of the proposed methods, including an OD pair strategy, a charging strategy and an
attack strategy, we successfully extracted the characteristics of the interactions among the CTETNs
with road-block. The simulation results showed that a new peak-load spot suddenly emerged in the
power grid, and the vehicle flow transfer was consistent with the local-world dynamics theory in the
transportation network.

The rest of this paper is organized as follows: Section 2 outlines a new framework based on the
interactions of four domains. Section 3 builds the CTETN model, and the topology of CTETNs is
split into three areas according to the daily load-curve. Section 4 analyzes the EV behaviors including
OD pair strategy and charging strategy. Section 5 formulates the attack strategy and evaluates the
simulated results. Finally, Section 6 concludes the paper.
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2. Framework on Interactions of Four Domains

CTETNs are the important for capturing the interactions between power grids and transportation
networks. This paper proposes a new framework, as shown in Figure 1, integrated with power grids
and transportation networks as well as ICT and vehicle technologies. EVs play an important role in
the interaction between power grids and transportation networks. As such, the rapid development of
power grids, transportation networks, and vehicle technologies cannot be separated from advancing
ICT. Thus, these four domains work together to provide insight into spatial and temporal load evolution
and traffic conditions in the field of electrified transportation.
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Figure 1. Framework on the interaction of coupled traffic and energy transportation networks (CTETNs).

The emerging Machine to Machine (M2M) paradigm is driven by the Internet of Things (IoT),
where physical objects are not disconnected from the virtual world but aim at collectively provide
contextual services [35,36]. M2M, regarded as ICT, can autonomously measure, transmit, digest,
and respond to information [37], which can guarantee energy-efficient communication and a stable
supply of energy [35]. Within the proposed framework, ICT properly adapts the communication media
to account for active power, node voltage, charging time and power, and traffic conditions, to build
the connection with power grids, transportation networks, and vehicle technologies. The vehicle
technologies, including the characteristics of the EVs, such as EV type and OD pair, establish contact
with the power grid using vehicle to grid (V2G) technology and grid to vehicle (G2V) technology,
and then connects to the transportation network using the EV behavior. Furthermore, the topology of
the transportation networks and the locations of the fast charging stations (FCSs) affect the EV travel
routes, thereby affecting the charging characteristics of EVs. Therefore, energy flows between the
power grids and transportation networks.

EV behavior, including OD pair strategy and charging strategy, is complex and random. The EV
first determines its origin and destination. If the EV cannot arrive at the destination within the mileage
range, the location of the FCSs will change the travel route. The EV must also consider the need
of charging for the emergency supply of electricity. Furthermore, the charging time and charging
power will affect the operation of the power grid through the V2G/G2V technology, resulting in load
evolution and redistribution of power flow.

3. CTETN Model

The network, based on the daily measurement of the load curve, is split into three zones: industrial
area, business zone and residential district [38] (Figure 2). In the industrial area, the active power is
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low at night, but high during the day. Notably, the active power rises sharply from 8:00 a.m. In the
business zone, the active power is affected by the shop hours: it is low from 10:00 p.m. to 8:00 a.m.,
but dramatically increases after the shops open. In the residential district, the active power is low
when people are out, but high at lunch time and in the evening.Energies 2018, 11, x FOR PEER REVIEW  4 of 12 
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Figure 2. Daily load-curve of the divided areas.

The networks can be represented by the complex network G, which is composed of nodes and
edges. The power grid can be represented by a graph GE = [E(N), E(L)], where E(N) represents the set of
buses and E(L) represents the set of branches. The transportation network can be abstractly represented
by a graph GT = [T(N), T(L)], where T(N) represents the set of nodes and T(L) represents the set of
links. We built the CTETNs using the IEEE 33-bus system as shown in Figure 3. The FCSs are the
coupling points between the power grid and the transportation network. The energy can be exchanged
between the EVs and the power grid when the EVs arrive at the FCS. As shown in the transportation
network, the numerical value between two corresponding nodes represents the distance. For example,
the distance between node 1 and node 2 is 21 km. The FCSs should be positioned where convenient for
EVs. Eight nodes were used as the FCSs, denoted by ΩT = {#5, #6, #20, #21, #3, #10, #30, #31} [39].
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4. Analysis of EV Behavior

4.1. OD Pair Strategy of EVs

A vehicle driver leaves the origin to the destination and the routing choices of each EV are named
an OD pair [40]. Drivers are assumed to be selfish so they tend to travel through the shortest path.
Let T(R) and T(S) be the sets of origin nodes and destination nodes. As shown in Figure 4, each OD
pair r-s is connected by a set of paths, which are denoted by Krs, r ∈ T(R), s ∈ T(S) [22]. The length of
road ki, ki ∈ Krs, is denoted by dk,i. Thus, the length of an OD pair is defined as the distance from the
origin to the destination, and is denoted by Drs as follows:

Drs = ∑
ki∈Krs

dk,i (1)
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Figure 4. Schematic of an origin-destination (OD) pair.

Four typical EV models were chosen from Table 1: public bus, private car, taxi, and commercial
car [41]. The BYD K9 is the public bus model, setting out randomly from the industrial area, business
zone, and residential district; 50% of BYD e6 is the private car model, setting out from the residential
district; 50% of BYD e6 is the taxi model, setting out from somewhere randomly; and Tesla model S
is the commercial car model, setting out from the business zone. The EVs were randomly driven
somewhere as destinations to form the OD pairs. Tf is the time for fast-charging and Tr means the time
for regular-charging. Considering the charging efficiency, BYD K9 was only charged 50% at the FCS
for 0.5 h; BYD e6 was charged 80% at FCSs for 0.25 h; and the Tesla model S was charged 100% at the
FCS for 1 h.

Table 1. Electric vehicle (EV) parameters.

EV Type Capacity (kw·h) Range (km) Tf Tr Model Ratio

BYD K9 324 250 0.5 h (50%) 6 h Public bus 31%
BYD e6 57 120 0.25 h (80%) 10 h Private car/taxi 23%/23%

Tesla mode S 85 480 1 h 10 h Commercial car 23%

4.2. EV Charging Strategy

Currently, there are two charging approaches: fast-charging and regular-charging. Fast-charging
means charging with high current and high power [42], typically requiring less than two hours’
charging to provide sufficient energy for emergencies. Regular-charging refers requires more time to
charge with low current, which can prolong the battery life. In addition, to extend the possible range
of commutes and eliminate range anxiety for the next trip, an EV uses regular-charging when it arrives
at the destination. We define MI as the mileage range of the EV. For each EV, if Drs > MI, it needs
fast-charging, and an FCS with the shortest travel path is chosen. Otherwise, if Drs < MI, the EV does
not need fast-charging. Notably, when the EVi is traveling, by comparing its OD path with the travel
path, the road location of the EVi can be determined at time t.

For every fast-charging EVi, its travel time is divided as follows:

t1,i = d1,i/v (2)

t2,i = t1,i + t f ,i (3)
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t3,i = t2,i + d2,i/v (4)

where v is 30 km/h in this paper for simplification, d1,i represents the distance from the origin to the
FCS, t1,i represents the time from the origin to the FCS, tf,i represents the time required for fast-charging,
t2,i represents the time from the origin to finishing fast-charging, d2,i represents the distance from the
FCS to the destination, and t3,i represents the time from the origin to the destination.

At time t, the travel path is defined as the multiplication of speed and time, which is denoted by
lt,i as follows:

lt, i = v · t (5)

The detailed process is described in Figure 5. For every regular-charging EVi, if lt,i < Drs,i,
EVi is in the process of driving; otherwise, the EV has already arrived at the destination and is in
regular-charging mode. Drs,i represents the distance of EVi from the origin to destination. Similarly,
for the fast-charging EVs, when the vehicle is driving, its location at time t can be determined.
If t < t1,i, the EVi is driving from the origin to the FCS. If t1,i < t < t2,i, the EVi is in fast-charging mode.
If t2,i < t < t3,i, the EVi is driving from the FCS to the destination. If t > t3,i, the EVi has already arrived
at the destination and is in regular-charging mode.
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5. Case Study

For the case study, 10,000 EVs were used, including BYD K9, BYD e6, and Tesla model S. For each
EV, if it drove from the origin at 8:00 a.m., it would arrive at the destination before 2:00 p.m., so the
time scale ranged from 8:00 a.m. to 2:00 p.m. The time interval used was 15 min, for a total of
24 time intervals per day, i.e., the first time interval was 8:00–8:15 a.m., the second time interval was
8:15–8:30 a.m., and so on, until the 24th time interval from 1:45 to 2:00 p.m.

When the EV formed the OD pair, the drive route was determined, and the spatial and temporal
distribution characteristics of EV were also determined. Thus, the difference in the OD pair lead to
a difference in the results. For the accuracy of the simulation results, we supposed that each EV forms
100 OD pairs. The simulation was performed 100 times and the results were averaged. Furthermore,
to simplify the simulation, we assumed that the capacity of power grid was large enough to hold the
charging EVs.

5.1. Attack Strategy

The EVs formed the OD pair according to the proposed method, and the route of every EV was
determined according to the shortest path algorithm. Then, the number of EVs passing through each
road was calculated. This paper defines the traffic flow from the macro level, and this number was set
to the flow level. The road (6, 26), as shown in Figure 3, with the maximum traffic flow, was assumed
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to be the initial road-block in the simulation. Due to the road-block, the Krs,i of each EV was updated.
The load fluctuation and the traffic condition at every time interval would also be different.

5.2. Impacts on Power Grids

The load characteristics of the power grid are illustrated in Figure 6. The dots represent the 100
simulation results and the line represents the average value. Two peak-load spots without road-block
are visible, appearing at the 11th and 14th time intervals, with loads of 272.13 and 283.42 MW,
respectively. However, three peak-load spots with road-block are present, appearing at the 9th, 11th
and 14th time intervals, with peak-load demands of 253.99, 284.80 and 281.00 MW, respectively.
Obviously, a new peak-load spot emerged due to the road-block.

Energies 2018, 11, x FOR PEER REVIEW  7 of 12 

 

5.2. Impacts on Power Grids 

The load characteristics of the power grid are illustrated in Figure 6. The dots represent the 100 

simulation results and the line represents the average value. Two peak-load spots without road-block 

are visible, appearing at the 11th and 14th time intervals, with loads of 272.13 and 283.42 MW, 

respectively. However, three peak-load spots with road-block are present, appearing at the 9th, 11th 

and 14th time intervals, with peak-load demands of 253.99, 284.80 and 281.00 MW, respectively. 

Obviously, a new peak-load spot emerged due to the road-block. 

 

Figure 6. The load characteristics (a) without road-block and (b) with road-block. 

The EVs started regular-charging once arrived at the destination, which resulted in increasing 

load. When a large number of EVs pour into the FCSs, EVs need fast-charging, resulting in a sharp 

increase in the load and emerging peak-load spots. Furthermore, with road-block, the peak-load spot 

in the 11th time interval increased with more fast-charging EVs, and the peak-load spot in the 14th 

time interval remained almost unchanged. 

The ninth time interval, where a new peak-load spot emerged, was used as an example to 

analyze the impacts on the power grid. For example, consider EVa with MI = 120, r = 14, s = 30, and r-

s = (14, 30). Initially, Krs = {(14, 20), (20, 6), (6, 26), (26, 27), (27, 30)}, Drs = 110 km, thus Drs < MI. However, 

the set of paths through the OD pair changed under road-block to K’rs = {(14, 20), (20, 6), (6, 7), (7, 8), 

(8, 26), (26, 27), and (27, 30)}, D’rs = 135 km, thus D’rs > MI. Due to the increased Drs, the EVa needed 

fast-charging at the #6 FCS (at Bus 6).  

As another example, EVb already needed to go to the #5 FCS at the 14th time interval without 

road-block. However, the EV chose the #6 FCS for fast-charging at the ninth time interval for the 

shortest path under road-block. Thus, the electricity load at the 14th time interval was transferred to 

the ninth time interval. Besides, at the ninth time interval, the electricity load increased by about 

45.79% due to the road-block, which caused the peak-load spot. Similarly, at the 11th time interval, 

the electricity load increased by about 29.96%, which led to the sharp load increase. However, at the 

14th time interval, the electricity load only increased by 5.7%, which was transferred out to other time 

intervals. 

5.3. Impacts on FCSs 

The number of fast-charging EVs was initially about 1045 and increased to around 1458 with 

road-block. The load characteristics of FCSs were also different, as shown in Figure 7. The blue line 

represents the increased load without road-block and the red line represents the increased load with 

road-block. The load of the #6 FCS around the road-block increased sharply, and the load of #5 and 

#21 FCS in the middle of transportation network also increased. However, the load characteristics of 

the FCSs at the margin of the transportation network barely increased. 

Comparing the increased electricity load of FCS at every time interval, we obtained the following 

conclusion: the demand at an FCS around the road-block was more strongly influenced. Especially 

Figure 6. The load characteristics (a) without road-block and (b) with road-block.

The EVs started regular-charging once arrived at the destination, which resulted in increasing
load. When a large number of EVs pour into the FCSs, EVs need fast-charging, resulting in a sharp
increase in the load and emerging peak-load spots. Furthermore, with road-block, the peak-load spot
in the 11th time interval increased with more fast-charging EVs, and the peak-load spot in the 14th
time interval remained almost unchanged.

The ninth time interval, where a new peak-load spot emerged, was used as an example to analyze
the impacts on the power grid. For example, consider EVa with MI = 120, r = 14, s = 30, and r-s = (14, 30).
Initially, Krs = {(14, 20), (20, 6), (6, 26), (26, 27), (27, 30)}, Drs = 110 km, thus Drs < MI. However, the
set of paths through the OD pair changed under road-block to K’rs = {(14, 20), (20, 6), (6, 7), (7, 8),
(8, 26), (26, 27), and (27, 30)}, D’rs = 135 km, thus D’rs > MI. Due to the increased Drs, the EVa needed
fast-charging at the #6 FCS (at Bus 6).

As another example, EVb already needed to go to the #5 FCS at the 14th time interval without
road-block. However, the EV chose the #6 FCS for fast-charging at the ninth time interval for the
shortest path under road-block. Thus, the electricity load at the 14th time interval was transferred
to the ninth time interval. Besides, at the ninth time interval, the electricity load increased by about
45.79% due to the road-block, which caused the peak-load spot. Similarly, at the 11th time interval,
the electricity load increased by about 29.96%, which led to the sharp load increase. However, at the
14th time interval, the electricity load only increased by 5.7%, which was transferred out to other
time intervals.

5.3. Impacts on FCSs

The number of fast-charging EVs was initially about 1045 and increased to around 1458 with
road-block. The load characteristics of FCSs were also different, as shown in Figure 7. The blue line
represents the increased load without road-block and the red line represents the increased load with
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road-block. The load of the #6 FCS around the road-block increased sharply, and the load of #5 and #21
FCS in the middle of transportation network also increased. However, the load characteristics of the
FCSs at the margin of the transportation network barely increased.

Comparing the increased electricity load of FCS at every time interval, we obtained the following
conclusion: the demand at an FCS around the road-block was more strongly influenced. Especially
at the ninth time interval, the load of #6 FCS increased to 15.62 MW with the road-block, whereas
the load was 6.17 MW without the road-block. However, the demand at the FCSs at the margin of
transportation network barely increased.
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5.4. Impacts on Transportation Networks

Figure 8 shows the power tail of the road traffic condition in the transportation network. The OD
pairs of the EVs were determined, so the number of EVs passing through each road were also
determined. By viewing these numbers as an array, the numbers were sorted, and then the cumulative
probability (CP) of the EVs on the road was calculated. Additionally, the travel routing would be
different once the road-block occurred. Thus, by comparing the cumulative distribution function (CDF)
of EVs, the change in congestion situation with road-block could be reflected to some degree.

In Figure 8, the blue line represents the traffic condition without road-block and the red line
represents the traffic condition with road-block. To highlight the difference, the subgraph depicts
the CDF of EVs from 600 EVs. In Figure 8a, the blue line and red line are close to each other, almost
overlapping, which demonstrates that the road traffic condition only changed a little with road-block
in the transportation networks. In Figure 8b,c, as with Figure 8a, the blue line and the red line
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almost overlap, showing that the traffic flow barely changed in the industrial area and business zone.
In Figure 8d, the blue line and red line are far from each other from 400, demonstrating that the
residential district was considerably influenced due to of the road block (6, 26).
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In general, the more consistent the red and blue lines, the more alike the traffic conditions.
Otherwise, there was a greater transfer of vehicle flow with road-block. The overall road traffic
condition of the entire transportation network barely changed, but the residential district was affected.

The EVs, initially planning to drive on road (6, 26), instead drove through the local roads when
the maximum vehicle flow road was blocked, i.e., (6, 26). From Figure 2, node 6 was adjacent to node 7,
and node 26 was adjacent to node 8, so road (7, 8) was the most likely choice, and we defined road (7, 8)
as a “neighboring-road”. Such phenomenon can be explained by local-world dynamics. In the local
world, the internal relationship is very close, and a relatively weak connection still exists between the
local area and outside, which is consistent with the law of communication [43]. Therefore, some EVs
chose a detour and preferred to transfer to the local area. Finally, the transportation systems would
capture the localization effect of the vehicle flow during the evolutions.

6. Conclusions

The interactions between the power grid and transportation network are becoming closer due
to the popularization of EVs. Furthermore, EVs behavior, including routing choice and charging
strategy, make the interactions increasingly complex. Thus, we proposed a new framework with four
domains to explore the interactions of CTETNs. In this paper, the topology of CTETNs based on the
IEEE 33-bus system was used as the test system. Considering the OD pair strategy, charging strategy,
and attack strategy modeled on vehicle flow and power flow, a new method and its simulation model
provided more realistic results compared with the previous studies in this area. The method can be
used to model the spatial and temporal distribution characteristics of EVs for CTETNs impact analysis,
providing more accurate evaluation results. Under road-block, a new peak-load spot in the power
grid suddenly emerged at the ninth time interval. However, in the transportation network, the vehicle
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flow drastically changed in the residential district by transferring to local roads, especially to the
neighboring roads.

To simplify the simulation, we assumed that the capacity of the power grid and FCSs were large
enough to hold the charging EVs. However, in reality, the capacity is usually limited. Future work
should improve upon the proposed method for real life application, considering the queuing time of
the fast-changing EVs and potential for localised overloads, which could provide suggestions for the
operation of the CTETNs and measure the validity of the FCSs.
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