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Abstract

Electric vehicles (EVs) have received increasing attention in recent years due to improved
policy incentives for EV uptake around the world. The impact of EVs can be felt mostly in the
transport and energy domains, which poses a challenge to both complex urban transport
networks and urban power grids. An analysis of the impact of the rising penetration of EVs is
necessary to prevent and mitigate the negative impacts. In the current academic field, most
of the impact-related modelling about EVs is focused on energy consumption and the
electricity grid, and there is a lack of analysis of the impact on the transportation system.
This paper presents a literature review, modelling, and future work on EV impact on joint
modelling of the transport and energy sectors. In this paper, we analyze the impact of EVs in
a model transportation network constructed in Aimsun by attracting EVs to different regions
based on simulations of morning traffic data. As a result, when the penetration of EVs rises,
the total travel time, total vehicles in the queue, and total stops in the whole network will rise,
while the total battery consumption of EVs will increase in the EV attraction regions and the
congested sections.

1 Introduction

With rapid economic and social development, the energy and environmental crises are
becoming more serious. Traditional diesel locomotives are gradually being replaced by
electric and new energy vehicles. Many countries have developed and implemented
incentives to support EVs (Rietmann et al., 2019). In addition, EVs have become an
important future development direction of the automobile industry. In recent years, the
increasing popularity of EVs has brought challenges to urban transportation and energy
systems. Furthermore, while EVs bring comfort to people’s lives, they also cause congestion
and overload in charging areas (Tiwari et al., 2021, Calearo et al., 2019). Therefore, it is of
great practical significance to study the impact of EVs on transportation and energy.

Because of the limited battery condition of EVs, the charging time of charging stations is
long. It is necessary to optimize the charger to reduce energy loss and ensure the reliable
operation of the charger (Solanke et al., 2020). In addition, the existing urban distribution
network resources should meet EVs’ rapid charging and discharge requirements at the same
time (Das et al., 2020). In this case, the charging cost will rise, and the reliability and
effectiveness of the power supply will be reduced (Tiwari and Singh, 2022).
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As the number of charging stations increases, EVs will gradually replace traditional vehicles.
EV charging volume will lead to unstable factors, such as the fluctuation of urban power grid
load and failure of transmission line failures, which will lead to an overload of the power grid
(Hussain et al., 2021).

Based on the literature review, recent research about the impact of EVs on traffic has
focused on reducing congestion at charging stations. Previous research on electric vehicle
grid effects has focused on EV planning and peak congestion. Since the use of EVs varies
from place to place, it is necessary to consider various factors, such as the location choice,
the prevalence of EVs, and the state of the electric grid. To analyze the role and impact of
EVs on the transportation network and on the power grid is meaningful to model the
movement of EVs accurately and run several scenarios of possible future uptake.

2 Problem description

With the improvement of people’s awareness of energy conservation and environmental
protection, the popularity of EVs has dramatically improved in recent years. However, the
blooming EVs enter the city, resulting in traffic congestion and affecting the operation of the
power grid system. Although the problem of traffic congestion has always existed in urban
traffic networks, the increase in the number of EVs will further aggravate the problems of
traffic congestion and increased travel time because of charging on street-side and in
charging stations (Tang et al., 2020, Tang et al., 2019). In addition, the increase in the
penetration rate will cause an electric grid load on the urban power system and significantly
reduce the operating efficiency and safety of the power grid (Khalid et al., 2019).

2.1 Objective

It is challenging to analyze the impact of EVs due to the complexity of mixed traffic
scenarios, the lack of charging models in urban areas, and the lack of research into the
impact of EVs on traffic. In order to predict future traffic conditions more accurately, it is
important to conduct more in-depth studies on the impact of EVs. In addition, the impact of
EVs on urban traffic needs to be assessed by considering different EV charging scenarios in
an integrated manner. Although the existing literature reports the impact of EVs on traffic
and power grids, there is no definitive data to support the study of the impact of EVs.
Therefore, it is valuable to analyze the impact of EVs in different areas based on simulation
modeling. In this research project, Aimsun will be used as the software for modeling the
impact of EVs, with a calibration procedure in order to ensure it captures the most accurate
traffic conditions up to date. This paper will use the microscopic free-flow acceleration model
(MFC) and the battery consumption model for EVs, as well as the streamlined energy
consumption and emissions models, to analyze the traffic and energy impacts of EVs at
different penetration rates. As a result, this research project tries to solve the following
research questions:

1. What is the impact of EVs on traffic in different charging states?
2. What is the impact of different penetration rates of EVs?

3. What is the battery and energy consumption of EVs under different penetration
rates?

2.2 Simulation model

In terms of simulation modelling, we will consider the different scenario periods for EV
simulation and the calibration of the model based on the morning peak data, which is a
challenging problem due to the morning commute to and from work. This paper regards the
community residence, school, and shopping mall as normal charging places for EVs. EVs
will be charged in these places, which means that the residents, schools, and shopping
malls will attract EVs as the major charging places inside urban areas. The figure below Fig.
1 shows the simulation model that will be used for this study, as appears in Aimsun.
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Figure 1:

3 Data collection

For the simulation modelling, in this paper, we will use Aimsun with complementary traffic
and vehicle information data. In this project, traffic modelling can be used to directly observe
the impact of changes on the penetration rate of EVs. In addition, we embed inside the
Aimsun model the energy consumption and the vehicle emission models. Simulation is
conducted first by calibrating the model against traffic and vehicle information data for the
morning peak hours and then by incorporating several scenarios of EV penetration rates.
The microscopic model will be used to analyze the free flow acceleration model (MFC) and
battery consumption model of EVs, as well as the simplified energy consumption and
emission models. Furthermore, the battery state of EVs can be observed in the simulation,
and when the battery charge state is low, the charging demand will be increased. Based on
the model, this paper also simulates and analyzes the impact of the number of EVs and
battery capacity changes on vehicle driving performance and traffic under different battery
conditions. First, we will add different vehicle categories to the traffic model. Different
scenarios will be created based on different penetration rates of EVs, such as 0.5%, 1%,
2%, and 5%, etc. In addition, the initial state of charge is fixed to calculate the amount of
electricity consumed on the road. For the fuel consumption calculation, we also fixed the
initial fuel level. Electricity and fuel will be consumed dynamically when moving in the
network use Aimsun’s default dynamic consumption function.

This research project requires the collection of traffic data and vehicle statistics for traffic
modeling, which is very challenging to collect in a complex traffic network. For this research
project, the data collection is based on the EV Council and the Australian Bureau of
Statistics statistical reports in (Statistics, 2021, Council, 2022). In the report, the EV Council
and the Australian Bureau of Statistics show that in 2021, EV sales will be three times higher
than the previous year, with a total of 20,665 EVs sold, representing 2% of total sales. Then
we infer that the current EV penetration rate will be much less than 2%, which leads to our
baseline EV penetration rate being 0.5%.

The report also discusses the current state of EV charging limitations, where available
charging is limited due to the inability of EV technology to accept the power that some fast
chargers can distribute. For the current status of the charging stations, there are 291 public
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fast charging stations in Australia and the government expects to build 700 stations over the
next five years. For NSW, the areas with the highest number of EVs are Dawes Point,
Haymarket, Miller Point, and the Rocks, accounting for 0.54% of all vehicles in the region.
Therefore, when modeling and analyzing the impact of EVs, this paper will model different
EV penetration rates starting from 0.5%. Visualizing the impact of EVs by using a
microscopic simulation model makes it easier to observe the detailed impact of EVs on the
local transport network.

In addition, the EV Council conducted a survey in 2022 in which 740 respondents were
asked to identify the most common 12-hour charging times within 24 hours. Their results
showed that the most common times for charging were 12:00 a.m. to 2:00 a.m. and 12:00
p.m. to 2:00 p.m.

Furthermore, based on the Australian Bureau of Statistics data, the peak time for traffic
commuting is 7 a.m. to 10 a.m. and 5 p.m. to 8 p.m. Therefore, vehicles are at their highest
number during peak commuting times, while peak charging times are when the load on the
grid is the greatest. In terms of simulation modeling, considering the different scenario
periods for EV simulation and the calibration of the simulation model based on the morning
peak data, this paper will base the traffic simulation on the morning peak, which makes it
easier to approach the actual traffic status. In addition, the MFC model and the energy
consumption model can take into account environmental conditions and driver behaviors
(influenced by vehicle dynamics), thus allowing for more accurate calculations of emissions
and fuel consumption.

However, in this paper, the influence of driving behaviors and vehicle operating
environments, such as the gear-shifting and driving style of the vehicle type, slope, and
weather, will not be considered due to space constraints.

3.1 Traffic Data

Based on the data provided by the small simulation model, this paper collects OD data on
vehicles causing commuting and considers different EV penetration rates based on the total
number of vehicles. In this paper, the morning commute model considered includes only
cars, and the following Figure 2 shows the OD dataset for morning car commuting.

Figure 2: Toy model vehicle morning OD dataset
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In addition, this research project will incorporate in the scenarios the locations of actual
traffic around schools, communities, etc. This is an already calibrated toy model using traffic
count data, which means that the number of vehicles and road flows are closer to reality.
Therefore, the calibration of the Aimsun model in itself will not be presented in this paper but
follows the standard modelling procedure from the Static Traffic Assignment, Static OD
adjustments, Time-Dependent OD adjustment, Dynamic traffic assignment and finally,
microscopic traffic simulation modelling.

The main focus of this paper is on the impact of various changes in the EV penetration rates.
Furthermore, this paper sets up the randomness and shortest path of traffic commuting

based on Aimsun’s OD traffic, making the traffic simulation scenario closer to the real traffic.
As the battery capacity of an EV determines the driving efficiency of the vehicle, the analysis
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of vehicle types in this paper is based on Aimsun’s classification of European vehicle types
which are the Euro car segment. When considering the initial EV battery percentage, the
morning simulation scenario is right after the midnight charging peak.; therefore, we consider
that the initial battery capacity in the morning is 100% and that the EV is already sufficiently
charged before driving.

3.2 Modelling EV scenarios

Based on data collection, the purpose of this research project is to analyze the impact of
EVs by analyzing the most common charging time and the permeability of different EVs. In
addition, this case study considers the time of EV activities during the morning commuting
peak, which is from 7 a.m. to 10 a.m. This paper shows the simulation of realistic scenarios
for different times and the EV penetration rates to assess the impact of different levels of EV
penetration. Table 1 shows the 10 scenarios with different times and EV penetration rates.

Table 1: Simulation scenarios details

Simulation Period EV
scenario penetration
1 7:00 am - 10:00 am 0.5%
2 7:00 am - 10:00 am 1%
3 7:00 am - 10:00 am 3%
4 7:00 am - 10:00 am 5%
5 7:00 am - 10:00 am 7%
6 7:00 am - 10:00 am 10%
7 7:00 am - 10:00 am 12%
8 7:00 am - 10:00 am 15%
9 7:00 am - 10:00 am 18%
10 7:00 am - 10:00 am 20%

Based on the simulation model, this paper will also add the assessment of EV impact
modelling. Firstly, the EV consumption model is set up based on the European EV battery
capacity standard provided by Aimsun. As mentioned in the previous section, for the initial
charge of the EV in the morning, this paper assumes that the user completes charging
before driving in the morning, meaning that this paper considers the EV to be fully charged
at their origin. We set the initial energy level’s mean value at 100 per cent with a deviation of
5 per cent.

The next step in modelling EVs is to add EVs to the existing model, more specifically inside
the traffic demand matrices, based on different EV penetration rates. For example, the traffic
demand generated from the original OD matrix for an EV with 0.5% penetration rate contains
5001 Petrol vehicles, 36 EVs, and 2158 Diesel vehicles, in total of 7195 vehicles.

As this paper considers the morning commute, the destinations during the morning peak are
set-up as destinations that attract EVs. This paper attracts EVs to shopping malls, schools,
and communities as mentioned in the previous section.

Through micro-simulation, the EV transport demand and MFC models are applied to a
dynamic simulation scenario, which is a two-lane car-following model with the number of
vehicles as 4, maximum distance as 100 meters, and maximum speed difference as 30
km/hr.

Next, only one simulation of a modelling scene results in a lack of accuracy and realism.
This modelling will create an average of 10 replications of the main simulation model in order
to balance the accuracy of the resulting simulation results.

As a result, this modelling of EV adoption provides an intuitive view of the state of charge
(SOC), while offering the possibility to evaluate the battery status, charging demand, and
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electricity consumption. Based on the above EV modelling approach, it is possible to
simulate the SOC of EVs and view the dynamic attributes of each EV.

In addition, there are a variety of complex vehicle types in a mixed transport network, and as
this research project focuses on observing the impact of EVs, this paper identifies the
vehicle in the modelling by the different coloured dots, green for EVs, orange for fuel
vehicles and red for diesel vehicles, respectively. The following Figure 3 shows an example
of the vehicle engine types in the Aimsun modelling.

Figure 3: Engine type of modeling in Aimsun

EV

Petrol

Diesel

4 Data analysis

Different EV penetration scenarios simulated using the proposed model are used to assess
their impact on the traffic congestion in the network. Figure 4 (a) shows the average total
travel time of all vehicles in the model during the AM peak hour for different EV penetration
levels. At different EV penetration rates (0.5%-20%), the average total travel time spent per
day in the morning by all vehicles in the network increases from 14.3min at 0.5% EV
penetration to 17.82min at 20% EV penetration. Assuming that the transport demand
remains constant, the average total travel time would increase by nearly 9% if the EV
penetration reaches 5%; furthermore, if the EV penetration reaches 10% or 20%, the
average total travel time would increase by nearly 12% and 20%, respectively. This means
that an additional total 1.45 hours of commuting time each morning accumulated for all
vehicles at 5% EV penetration, and even more so at 10% and 20% EV penetration, with an
additional morning commute of around 2 and 3.5 hours respectively. This is a significative
impact, as the increase in the EV penetration leads to an increased congestion in the
morning peak, forcing residents to change their transport plans.

In addition, Figures 4 (b), 4 (c), and 4 (d) show the average morning peak queues for all cars
in the network, the total number of morning peak vehicle stops, and the average speed of
morning peak vehicles for different EV penetration rates, respectively. By comparing the
effect of different EV penetration rates (0.5%-20%), the total average morning queue for cars
is 4.9 at 0.5% EV penetration and 5.7 cars at 20% EV penetration. The average total number
of vehicle morning stops for cars increased from 198 at 0.5% EV penetration to 275 at 20%
EV penetration rate. However, the average vehicle speed decreased from 51km/h to
48.91km/h. This means that 14% more vehicles were in queues at 20% EV penetration than
at 0.5 EV penetration, as well as approximately 28% more total vehicles stopped at 20% EV
penetration than at 0.5% EV penetration; even more, the vehicle speed at 20% penetration
is approximately 4.2% lower than at 5% penetration indicating a significant impact.
Therefore, through the model proposed in this paper, it is found that when the proportion of
EVs increases to 20% it leads to an increase in the total number of queues and stops and a
decrease in the total average speed of vehicles during the morning commute, resulting in a
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significant reduction in traffic efficiency due to severe congestion and increased commuting
times during the morning commute.

Figure 4: Traffic network performance in different EV penetration rates. (a) Average travel time.
(b) Mean queue length. (c) Total number of stops. (d) Average speed. (e) Total battery
consumption.

Comparision Travel Time (Average) in AM peak “Comparision Mean queue (Average) in AM
network peak network”

20 58 3

18 2

(o)) §

16 M—WMW 56
14 5.4

5.2 &

Mean queue
o

48
46
44

Total Travel Time(Average)
@

05 i 3 5 7 10 12 15 18 20 0.5 1 3 5 7 10 12 15 18 20
EV PENETRATION RATE VARIATION (%) EV PENETRATION RATE VARIATION (%)
- (a) (b)
Comparision Total number of stop “Comparision Speed (Average) in AM peak
(Average) in AM peak network” network

300
95
250 M
2009 52
) 551
150 e
100 49 1

50 48
5 a7
05 1 3 5 7 10 12 15 18 20 05 1 3 5 7 0 12 1, 1820
EV PENETRATION RATE VARIATION (%) EV PENETRATION RATE VARIATION (%)

(c)
Comparing Total Battery Consumption in the

Total number of stop
Speed

network

With the increasing penetration of EVs, the energy impact increases significantly. Figure 4
(e) illustrates the energy consumption at different EV penetration rates in this model. When
the EV penetration reaches 20%, the energy consumption in the network (3080 kWh) is 44
times than that recorded at 0.5% EV penetration (70.3 kWh).

In addition, in Figure 5, it is shown that the energy consumption of EVs in different road
sections is based on different EV penetration rates. The main areas of energy consumption
are on roads entering urban areas and on high-speed lanes. As the EV penetration rises,
resulting in longer commute times and longer EV dwell times in the network, it increases
energy consumption. Furthermore, as the EV penetration rises, there are significant changes
in the energy consumption in destinations that attract EVs to them, such as malls and urban
communities. This means that more EVs will travel to these charging areas and EVs will
consume more power on these roads. In addition, if there is a significant increase in the
traffic demand, vehicles will queue up more in the network, which will also lead to longer
dwell times for EVs in the network, thus increasing energy consumption.
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Figure 5: Battery consumption of EV sectlon version (0 5% scenario - 20% scenario)
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5 Discussion and recommendations

With regard to preliminary studies on modelling the impact of EVs on transport and energy,
this paper discusses the changing trends in the impact of different EV penetration rates in
different scenarios based on Aimsun modelling. When the EV penetration rate rises
significantly, the morning commute of vehicles will increase, which will result in a higher
commuting time in the morning. In terms of transport, when the EV penetration rate reaches
5% it will increase by 10% of the commuting time, while at 20% it will increase by 20%. For
EV battery consumption, EVs have a greater impact on major roads and EV charging areas,
especially when the penetration of EVs increases significantly, leading to a rapid rise in
battery consumption near all charging areas. The battery consumption will be charged by the
power grid, so the impact of the power grid load increases when the EV penetration rate
increases. As a result, the increase in EV penetration affects commuting times, traffic
congestion, and the charging area battery consumption. An increase in EV penetration
impacts significantly commuting times and traffic congestion.

A possible reason is that EVs have a different acceleration behaviour than traditional internal
combustion engine vehicles (He et al., 2020). Figure 6 demonstrates the typical
acceleration/speed curve used by Aimsun default setting for Electric-Euro Car Segment A
cars (Wikipedia, 2023); “Gipps model” represents the car-following model; “TWOPAS model’
represents another car-following model which gives a more detailed acceleration profile for a
vehicle than the default “Gipps model”. The enhanced detail comes from the consideration of
the engine output, weight, and air resistance. “MFC model” stands for the Microscopic Free
Flow Acceleration Model (Makridis et al., 2019) which is a backward-looking model,
deducing acceleration and deceleration from vehicle speed and from each component used
in the operation of the vehicle. There are “Petrol G1” to “Petrol G5” labels in the MFC model
curves which represent the engaged gear 1 to 5 of the petrol engine car. The “MFC electric”
curve represents the acceleration/speed curve and an EV.
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Figure 6: Acceleration/speed curve of all the acceleration models included in Aimsun Next
User Manual (He et al., 2020, Makridis et al., 2019)
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In Figure 6, when comparing the “MFC Electric” curve and the “MFC Petrol” curves, EV has
a lower acceleration than petrol vehicles when the speed is lower than 12 m/s (43.2 km/hr).
This means that under the speed of 43.2 km/hr, EVs accelerate slower than petrol vehicles.
This may be the reason that in our experiments, more EVs cause more congestion.

Due to the EVs being slower than normal Internal Combustion Engine Vehicles (ICEV) from
standing still until the speed reaches 43.2 km/hr. in the proposed network, there are a lot of
intersections, which require vehicles to stop and go frequently. This phenomenon can also
be explained by Figure 4(d), after replacing ICEVs with EVs, the average speed started to
decrease from 51.01 km/hr to 48.91 km/ hr. As shown in Figure 4(c), the total number of
stops when there is no EV is around 198 times. When the EV penetration rate increases the
number of stops increases from 198 times to 275 times. This is reasonable since the
inserted EV is slower in acceleration than ICEV, therefore ICEVs may queue after the EVs.
In this way, we can conclude that if we are replacing ICEVs with poor-performance EVs, the
congestion will be more severe.

There might be concerns about the increasing demand when replacing ICEVs with EVs in
the simulation, we can guarantee that there is no increase in the total number of simulated
vehicles in all our simulations and the total number of simulated vehicles is always 7195
vehicles for all simulations.

Limitations Although this paper models and analyses the impact of EVs, it does not
consider charging stations for EVs, which can limit the number of EVs that can be charged
and can have more severe queuing and congestion impacts (Grigorev et al., 2021). In
addition, due to the increased usage of EVs, they will consume most of the power demand
for a long time. Grid pressures will gradually increase as EV penetration rises and the
number of vehicles rises, as well as increasing the grid losses (Dik et al., 2022). The
research shows that the capacity of the traditional distribution grid is limited to some extent
when it comes to large-scale EV charging. In order to reduce this pressure on energy,
authors in (Caballero-Pena et al., 2022) proposed to use a distributed power supply-based
approach to reduce the impact on the grid caused by new energy access, thus achieving
energy saving and emission reduction and improving power quality. Therefore, if the
penetration of EVs continues to grow in the future, it will lead to a sharp increase in energy
consumption and cause grid power disorders. In addition, if the transportation network is
severely congested, it may shorten the EV travel distance, which will lead to greater energy
consumption.
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Recommendations Therefore, this paper recommends adding real charging station data to
analyze the impact of rising EV penetration rates on the real grid. Furthermore, there is a
gap between the scale of the model in this study and the scale of the actual urban road
transportation, including the environment, volume, and the demand for public transport and
pedestrians. As there are a large number of slow-moving modes of transport, such as
bicycles, in actual urban traffic, the use of EVs on a large scale can also increase vehicle
travel time and delay problems, thus aggravating traffic congestion. Therefore, simple
models cannot adequately represent the impact of large-scale complex traffic. If analyzed
and modelled for real traffic scenarios, it is necessary to consider the number of real EV
charging stations and potentially different traffic demand needs. It is also recommended that
more specific data collection, modelling, and consideration of the complexities of real traffic,
such as temperature and gradient, be undertaken to obtain a more in-depth and reliable
analysis.

6 Future work

By reflecting on the results of the project and its shortcomings, this paper proposes future
work on EV modelling: 1) Analyzing the impact of EVs based on real traffic; this paper
considers only the initial phase of EV modelling, but by considering the difference between
toy models and real traffic for EVs, there is a need to build real traffic models and collect real
traffic data. 2) Lack of realistic data for calibrating the Aimsun model: although the toy model
used in this paper is based on the calibrated model provided by Aimsun, there may still be
irregularities in the behaviours of the traffic scenarios, resulting in deviations between the
simulation results and reality. Therefore, it is recommended to use real traffic models and
real traffic data. 3) Aimsun lacks modelling of the EV charging stations and a charging
station script. This paper is analyzing the impact of EVs on the network by setting attraction
levels in different areas, which is an incomplete modeling and needs improvement in its
functionality and accuracy. It is recommended that Aimsun’s EV queuing and charging
station scripts be further developed, which can be used to analyze more accurately the
impact of EVs.

7 Conclusions

This paper presents a simulation scenario model for EVs to assess the impact of EVs on
transport networks and energy consumption. The results show that the increased
penetration of EVs not only has a negative impact on the transport network but also
increases electricity consumption in urban areas. This paper validates the impact of EVs on
transport and energy in the model. At larger EV penetration rates, travel times, energy
consumption, waiting times, and stopping times will increase, while the speed at which
vehicles travel through the network will decrease. This means that with higher penetration
rates, travel times and congestion will increase, while in areas that attract EVs, the apparent
increase in battery consumption will vary with EV penetration. Finally, according to the
recommendations, there is a need to add EV charging stations and queue models to study
real traffic scenarios as opposed to just simulated scenarios. In addition, scripts for EVs in
Aimsun need to be developed to ensure that EV information and the complete charging
process are integrated into the EV modeling. Additionally, additional factors in the model
could be considered, such as weather, temperature, and strengthening the research on the
impact of EVs on transportation.
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