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Simulating a Transition to Autonomous Mobility

Abstract

This study examined the transition from Traditional Vehicles (TVs) to Autonomous Vehicles (AVs) using
microsimulation modelling approaches. For this purpose, the study first optimised the parameters of human
driving behaviours to find out what would happen if AVs could drive with modified human behaviours. Then,
the study acquired the optimised driving behaviours to evaluate how efficient AVs can be within the context
of the anticipated driving behaviours. The shared road of AVs and TVs was tested for where the proportion of
the AVs incremented by 10% from an entirely traditional network to a network fully occupied by AVs. Such
an assessment of the shared road represented the transition periods between TVs and AVs in highway transport.
Overall, the simulation results in this study indicated that AVs could substantially improve the quality of
traffic, especially by reducing the number of stops, queue length, and delay time. The study also found that
TVs and AVs can efficiently share their road, and the improvement in the quality of traffic increases with an
increase in the proportion of AVs to TVs, up to a specific level, on the road. In this regard, according to the
results from the peak and normal traffic conditions, a road with a 60% share of AVs can see its traffic quality
improved as much as a road entirely populated by AVs. Therefore, dedicating 100% of the road traffic to AVs
or devoting a dedicated lane for AVs in peak traffic hours might be as efficient as a shared road with 60%
AVs.

1. Introduction

Various studies have pointed to Autonomous Vehicles (AVs) for their traffic and environmental benefits, and
their possibility of providing mobility for young, old and disabled people (Bansal et al., 2016; Krueger et al.,
2016; PennDOT, 2016; Fagnant and Kockelman, 2015; NHTSA, 2015; Howard and Dai, 2014; Schoettle and
Sivak, 2014b, 2014c; Casley et al., 2013). Some studies have also estimated a possible timeframe in which
AVs will become a reality (Litman, 2016; Kyriakidis et al. 2015; Underwood, 2014). In the one hand, it is
likely that the transition and societal changes resulting from the adoption of AVs are extensive and so AVs
might be required to operate and share the road with Traditional Vehicles (TVs) for some decades (Hancock
et al., 2019; Laan and Sadabadi, 2017). On the other hand, there has not yet been an official adoption of AVs
on highways to address the exact outcomes of their adoption for long-distance travel. Therefore, it is unclear
what exactly will happen to road trips in terms of characteristics such as traffic, the environment and some
others. Such characteristics impact on the transport industry, the car industry and road users. Addressing the
possible outcomes of the adoption of AVs before their emergence on public roads will help different groups
of experts who are dealing with the production and deployment of AVs in the road network. The related groups
are including, but not limited to, transport scientists, car manufacturers, environmental protection agencies,
road users, legislators, insurance companies, and all groups which might be relevant to mobility services. For
this reason, the current research aimed to address whether AVs are efficient in highway transport compared to
TV or not and, if so, how would the traffic flow look like during the transition period from TVs to AVs. Such
an objective can be split into sub-objectives as follows:

e To identify the possible outcomes of replacing human drivers with machines on the environment,
travel time, queues, delays, the level of service (LOS), and some other elements of highway trip and
comparing them with those of the TVs

e To assess if AVs could be utilised in the current transport infrastructure in a shared traffic with TVs
or if they would need a dedicated lane

e To evaluate the change in traffic flow during the transition period by increasing the proportion of AVs
in the highway.

The evaluation of this study was conducted by modelling AVs in a hypothetical model of the M50 motorway
in Dublin, Ireland. The purpose of this modelling was to attain a clear understanding of the effects of AVs on
some of the characteristics of the road trip such as travel time, queue length, delay time and some others.
However, since the technologies used in AVs are new, and there is no previous experience of the application
of AVs in highway transport, there is no information about the driving behaviours of these vehicles. Therefore,
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this study optimised the parameters of human driving behaviours to find out what would happen if AVs could
drive with modified human behaviours. The optimisation, along with a few model configurations for AVs, was
conducted over 86 simulation scenarios using the microsimulation software Vissim (PTV, 2017). iNCooM

Then, the study
acquired the optimised driving behaviours to evaluate how efficient AVs can be within the context of the
anticipated driving behaviours. The modelling of TVs and AVs in this study was conducted over 180
simulation scenarios under various traffic conditions of the year 2017 to ensure the results are internally
consistent. Then, the shared road of TVs and AVs was tested under 11 scenarios for each peak, normal and
off-peak traffic conditions where the proportion of AVs increased by 10% from an entirely traditional network
to a network fully occupied by AVs. In total, the simulation for the shared road was conducted over 33
scenarios for all traffic conditions. Finally, the study adopted driving behaviours suggested by PTV in 2018
for the simulation of AVs over 41 scenarios; and compared them with those [results] of this study. The
comparison of results from the simulation of the AVs of this study and those of PTV showed the extent to
which the optimised driving behaviours of this study was in line with those of PTV, and validated the
optimisation and simulation of this study.

It is worth noting that NHTSA (2019) and SAE (2016) have defined five levels of autonomy!, but it is hard to
make a concrete statement regarding how exactly will AVs behave at each of those levels until AVs are in
operation in real driving situations. Therefore, the authors cannot correspond the AVs of this study to a specific
level of autonomy, but they believe that a conditional level [3] of autonomy could be replicated using their
model in corporation with new technologies such as Automated Driving Systems (ADS). According to NHTSA
(2019) and SAE (2016), the level 3 AVs are expected to perform all aspects of the driving tasks under some
circumstances, while the presence of a driver would be necessary.

2. Literature Review

The advent of new sensor technologies, especially AVs in transport science and the car industry has made the
microsimulation models a fundamental principle of traffic studies since the field implementation is expensive
or impossible to conduct (Park and Qi, 2005). Teixeira et al. (2020) introduced a simulation framework that
combines various multi-agent system simulators for a more realistic testing of the lane-merging and platooning
scenarios. Such a simulation framework showed to be very helpful in better evaluation of the vehicle-
coordination mechanisms and their constraints such as the vehicle to infrastructure and other road elements
communications (V2X). Also, Liu et al. (2019) designed a cooperative scheduling mechanism using V2X
communications for reducing AVs’ delay and their average evacuation time in intersections without traffic
lights, which also helps increasing safety. Liu et al. (2019) used vehicles’ trajectories and intersections data in
an algorithm to find the trajectories with minimum delays and smaller risk of collisions. Adopting such a
mechanism resulted in 20% increase in throughput and 10% reduction in intersection delay compared to a
traditional intersections with traffic lights. In addition, Dimitrakopoulos et al. (2019) introduced a modelling
approach to increase the efficiency of the vehicular communications for AVs’ safety management.
Dimitrakopoulos et al. (2019) designed a software — which could be embedded in the vehicle — that collects
data from various sources and process them using the contextual data, and previous knowledge and
experiences. Such a system can help increasing safety by providing information to the AV driver about the
vehicle, the road side elements, and the probable upcoming incidents or emergencies. However, the studies
mentioned above argues the future steps of the adoption of AVs such as connecting AV's to communicate with
each other, reducing their delay in intersections, increasing throughput and safety, while as previously
mentioned, there is still a lack of information about the driving behaviours of AVs to date, nor is it clear what
specific types of driving behaviours AVs will adopt in order to simulate them in the first instance. Hawkins
(2018) states that Artificial Intelligence (AI) tools such as machine learning methods are being used by
Google’s AV (WAYMO) to train driving behaviours to the vehicles. However, Bartolini et al. (2017) specify
some major obstacles in adopting Al techniques such as the connection between the defined input parameters
and the output driving behaviours from machine learning. The lack of such a stable connection raises concerns
for back-tracking to the exact reasons for possible errors in driving behaviours. Therefore, the current study
proposes a method for optimising human driving behaviours which can be used to simulate AVs and their
mixed traffic with TVs under a flexible simulation framework that could also be adoptable in other potential

1 Level 0: No Automation, L1: Driver Assistance, L2: Partial Automation, L3: Conditional Automation, L4: High
Automation, and L5: Full Automation. See NHTSA (2019) and SAE (2016) for the definition of each level.
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AV-simulation studies; this is the main contribution of this study. This study uses the traditional human driving
behaviours defined in Wiedemann-99 (W99)! to find out how efficiently AVs might behave if they drive with
optimised human driving behaviours. The advantage of applying W99 is that the input parameters of the model
are available and could be used for back-tracking and modification of the false driving behaviours. This
demonstrates the importance of understanding the literature on past experiments which applied
microsimulation methods to optimise W99 for their studies.

Lu et al. (2016) calibrated car following model parameters of Vissim using video-based processing approach.
For this, they processed the traffic videos and extracted the vehicle trajectories in the form of a time-series
position. Then, they calculated the optimal value of the car following parameters using a golden section search
algorithm and minimised the errors between the observed and simulation results in Vissim. Also, Chu et al.
(2003) calibrated the car following parameters of Paramics for freeway traffic with consideration of the route
choice model and estimation of the origin-destination pairs. For this, Chu et al. (2003) used sensitivity analysis
and adopted a mathematical method referred to as parameter fine-tuning method and GEH statistics to
minimise the deviation between the observed data and simulation results in Paramics. Table 1 represents a list
of studies with a focus on the adoption of W99 and their acquired methods of assessment. Additionally, in
light of the subject of this study, Zeidler et al. (2019) and PTV (2017) stated that W99 could also be adopted
to replicate autonomous behaviours and Virdi et al. (2019) incorporated W99 in their simulation model to
assess the safety of Connected AVs (CAVs).

In general, with regard to the findings of the studies in this area, specially the studies that adopted sensitivity
analysis for the calibration of W99, it can be seen that W99 is a driving behaviour model that is sensitive to its
parameters and malleable enough to be tuned for a conditional level of automation.

Table 1. Summary of studies with an emphasis on the evaluation of W99

Study Year | Location Study Type Assessment Method Evaluation
Tool
Virdi et al. 2019 Australia Urban Surrogate Safety Assessment Vissim
Network and Module (SSAM)
Freeway
Luetal 2016 Canada Urban Video processing with sensitivity Vissim
Network analysis
Durrani et al. 2016 UsS Freeway Analysing vehicle trajectories Vissim
Song et al. 2015 China Freeway Numerical analysis of vehicle Matlab
trajectories
Essa 2015 Canada Urban Sensitivity Analysis and genetic Vissim and
Network algorithm .
Paramics
Ge and Menendez | 2014 Switzerland | Urban Sensitivity analysis Aimsun and
Network .
Vissim
Aghabayk et al. 2013 Australia Freeway Evolutionary algorithms Vissim
Menneni et al. 2008 UsS Freeway Genetic algorithm Vissim
Park and 2003 US Freeway Sensitivity analysis Vissim
Schneeberger
Chu et al. 2003 US Freeway Sensitivity analysis Paramics
Ma and Abdullhai | 2002 Canada Urban Genetic algorithm Paramics
Network
Gardes et al. 2002 uUsS Freeway Sensitivity analysis Paramics

! A car-following model that is known for its extensive use in microsimulation software Vissim (Higgs et al., 2011)
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Furthermore, some studies focused on the simulation of AVs and CAVs. For example, Bischoff and
Maciejewski (2016) proposed a simulation model to assess the replacement of TVs with autonomous taxis in
Berlin. They applied an algorithm to dispatch autonomous taxies to handle the demand for vehicles in the
network. The results of their simulation showed that one autonomous taxi could provide the demand served by
ten TVs. Also, Talebpour and Mahmassani (2016) presented a framework to simulate different car following
models using stability analysis of traffic stream behaviour for different penetration rates of AVs. The results
of their study revealed that AVs could be useful in preventing shockwave formation and propagation of traffic
flow and improving the string stability of shared traffic streams. Besides, road throughput showed a substantial
potential to increase in some scenarios, where automation was incorporated. Furthermore, Yea and Yamamoto
(2018) developed a two-lane traffic flow model for the simulation of CAVs and measured their impact on road
capacity. The results of their study indicated that road capacity increases with an increase in the penetration of
CAVs. Also, Zhu and Ukkusuri (2018) adopted a cell-based simulation approach for modelling the proactive
driving behaviours of connected vehicles. Their model identifies the trajectory of connected cars and simulates
proactive driving behaviours by adjusting the exit flow of the model cells containing connected vehicles. The
results of their simulation verify that the presence of connected vehicles on the network substantially impact
on the smoothness of traffic flow and help reduce emissions. Moreover, Virdi et al. (2019), investigated the
safety impacts of the shared fleets of TVs and CAVs. They incorporated a CAV control algorithm and
Surrogate Safety Assessment Module (SSAM) with Vissim to assess the safety of CAVs in various penetration
from a traditional road network to a network fully occupied by CAVs. The results of their study showed some
disbenefit of adopting CAVs in low penetrations (like 20%), whereas a high penetration rate (like 90%) has
significantly reduced the conflicts at junctions, which substantially help increase safety.

Table 1
reviews studies with a focus on the simulation of AVs and CAVs and the acquired methods.

Table 1. Summary of studies with a focus on the simulation of AVs

Study Year | Location Study Type Assessment Method Evaluation Tool
Rafecletal. | | Urban Network | Vissim
‘Bhargavactal. | | Freeway/tunnel | Vissim
Tomdsctal. | | Freeway | Vissim
Zheng et al. ' China Vissim
- Katrakazas et al. | - Vissim

Virdi et al. 2019 | Australia Urban Network | Surrogate Safety Assessment Vissim and Virdi

and Freeway Module CAYV Control
Protocol (VCCP)
algorithm

Alam and Habib | 2018 | Canada Urban Network | Latin Hypercube Sampling Vissim

technique

Yea and 2017 | US Freeway Cellular automation Mathematical

Yamamoto modelling and

NGSIM

Zhu and 2017 | US Urban Network | Mesoscopic cell transmission Matlab

Ukkusuri model; vehicle trajectory data

Laan and 2017 | US Freeway Simultaneous perturbation Corridor Macro

Sadabadi stochastic approximation Simulation

algorithm Software
(CORMAK),
developed in JAVA

Talebpour and 2016 | US Urban Network | String stability analysis and SA | Mathematical

Mahmassani modelling

Gerado et al. 2015 | Mexico Urban Network | Proposed parameter estimator Mathematical

algorithm modelling
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3. Research Contribution

As discussed in Section 2, some recent studies have calibrated driving behaviours for the analysis of traffic
flow, vehicle trajectory, road capacity, and road safety. However, more research and analysis in this context
would be helpful to assess a broader range of the impacts of AVs on highway transport. In this context, the
experiment in the current research also provides a set of optimised driving behaviours, which could be used
for the simulation of AVs in this study and any simulation software in future studies. Then, the study acquired
the optimised driving behaviours to evaluate how efficient AVs can be within the context of the anticipated
driving behaviours and used them for the evaluation of AVs during the transition period from TVs to AVs. In
general, this research has contributed the following findings to the state of knowledge in the field of AVs:

e Proposing a method for optimising human driving behaviours using sensitivity analysis. This study
optimised the driving behaviours of W99 using sensitivity analysis for the modelling of AVs along
with some model configurations for AVs. The results of simulations with optimised W99 provided a
vision of what might happen if AVs can drive with optimised human driving behaviours and the extent
to which they can improve the quality of trip characteristics.

e Addressing the impact of each parameters of W99 on travel time, queue length, delays, fuel
consumption, emissions, and LOS. As part of the optimisation process, the study estimated how these
characteristics are affected by changes in the W99 parameters. The results of this evaluation provided
a useful guideline on how much the W99 parameters must change to attain the desired improvements
in travel time, queues, delays, and the other assessed parameters.

o Examining the efficiency of AVs on long trips. For this purpose, a 40-km motorway was modelled
on Vissim. The simulation comprised 180 scenarios for a diverse range of traffic conditions, which is
unprecedented and provides a profound understanding of what would happen to traffic flow over long
travel distances. The results of the simulation were assessed for travel time, queue length, delays, LOS,
road throughput, fuel consumption, and emissions.

o Examining the operability of TVs and AVs in shared road traffic. TVs and AVs were designed to
work in separate modes and then in shared traffic situations with different proportions on the road. For
this purpose, the share of AVs incremented by 10% in each scenario from entirely regular traffic flow
to a network operating fully with AVs. The results showed how flexibly TVs and AVs can interact
with each other and what share of AVs is needed on a motorway to cause considerable reductions in
queues, delays, fuel consumption, and emissions along with increases in the network throughput and
an improvement in LOS.

o Adopting Cronbach’s Alpha reliability test in highway traffic simulation model. To the best of the
author’s knowledge, Cronbach’s Alpha has not been used before for assessing the internal consistency
of the highway traffic simulation models. Hence, due to the high performance, ease of use, and
availability of this reliability test in the statistical software IBM SPSS, Cronbach’s Alpha method was
adopted as a model reliability test in this paper. The evaluation of results in this regard revealed that
Cronbach’s Alpha could be adopted as a reliable and efficient tool for investigating the reliability of
the traffic simulation models.

4. Methods

4.1. Microsimulation Software

Multiple studies such as Ronaldo (2012), Gao (2008), Byungkyu et al. (2006), and Jones et al. (2004) evaluated
various micro-simulation software packages adopted for transportation and traffic simulations. In this context,
Saidallah et al. (2016) conducted one of the most comprehensive assessments of the various simulation
software packages. Saidallah et al. (2016) studied 11 software packages based on eight criteria such as the
simulation type (microscopic, mesoscopic, and macroscopic), visualisation (2D, 3D), software’s capability for
designing infrastructure, and some others (as shown in Table 3). Regarding the efficiency of the chosen
software packages for the simulation in this study, a weighting method was proposed by the current study that
helped to find which software package can ideally provide the needs of this study. The weighting of software
packages was conducted using the results obtained from the study conducted by Saidallah et al. (2016). The



217  results of the weighting assessment showed that Vissim provides the required features for designing TVs and
218  AVs, and it is an available software for the simulation in this study. Therefore, Vissim seemed the most
219  competent software package for the simulations of the current study; hence, it was adopted for the simulation
220  of TVs and AVs in this study.

221

222  Table 3. Evaluation of the simulation software packages'

Simulation Software

Feature Weight Aimsun Corsim Paramics Sumo Vissim
Availability of  Open-source, and Yes 1%
the simulator available No 0** 0 0 0 1 0
Commercial Not Rk
Available -1 -1 -1 1 1
Available 1
Visualisation mode 1
2D 0 1 1 1 1 1
1
3D 0 1 1 1 0 1
Infrastructure Difficulty in Easy 1
design dgmgnlng Medium 0 1 0 1 1 1
(intersection, )
roundabout, etc.) Difficult -1
Flexibility in Flexible 1
designing various Limited 0
road types (freeway, Ve 1 -1 1 -1 1
urban, etc.) Limitr}é d -1
Micro features  Defining new Yes 1
for creating vehicle types No 0 1 0 0 0 1
vehicles Defining vehicle Yes 1
dimensions No 0 1 0 0 0 1
Adopting/Flexibility Yes 1
in modifying W99 No 0 0 0 0 0 1
Overall value 9 5 0 3 1 8

223 Note: the weighting values could be anything other than -1, 0, and 1 as long as they provide a fair distinction regarding
224 the advantage and disadvantages of a software feature based on the requirements and goals of a research.

225 * 1: Representing an advantage regarding the adoption of the related software in this research

226 ** 2: Representing a neutral impact regarding the adoption of the related software in this research

227 **%* 3. Representing a disadvantage regarding the adoption of the related software in this research

228

229  4.2. Vissim Model

230  In order to evaluate the efficiency of AVs in motorway traffic flow, they are designed in a conceptual model
231 of the M50 motorway which is shown in Figure 1. The reason for choosing M50 was that it is the busiest
232  motorway in Ireland. Besides, M50 has substantial importance in controlling the traffic of the national routes
233  radiating from Dublin, as they begin at their junctions with the M50 (Irish Times, 2017). The simulation was
234  firstly conducted for TVs using Vissim with traffic data extracted from the Transport Infrastructure Ireland
235  (TI) traffic data site (TII, 2017). Then the model was designed to simulate AVs using the same traffic data
236  and road network. The model evaluates travel scenarios generated from Bray to Dublin Airport, including
237  traffic from six merging roads (junctions), which are referred to as nodes hereafter.

238

! *The simulation model ‘Features’ in this Table are extracted from the studies conducted by Saidallah et al. (2016). The
current study added a weighting evaluation to this Table based on its needs and limitations. All rights regarding the
defined features in Table 3 reserved to the authors of the study ‘Saidallah et al. (2016)’.
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Dublin

Origin

Figure 1. Simulation network area

As with all modelling tasks, some assumptions are made for the Vissim model in this study, as follow:

The Vissim model is a conceptual model of the M50 motorway. Therefore, the results do not represent
the exact traffic stream of the M50 but describe a conceptual situation to compare the performance of
TVs and AVs. However, all efforts were made to make the model as realistic as possible.

The motorway has four lanes (in one direction) across its entire length. The number of lanes in some
sections of the M50 varies between 3 to 4. So, the study decided to model a 4-lane motorway across its
entire length to reduce the number of Vissim network connectors which would help reduce the probable
model errors at connector locations.

The M50 has six nodes in total. Such an assumption was considered since there was a lack of sufficient
traffic data for minor junctions at M50.

Half of the traffic from the approaching roads to the M50 nodes (for example, N7) is heading
towards the airport. This assumption was made since there is no information about the percentage of
traffic approaching the M50 that travels north, south or into the city. In this context, contact was made
with TII to retrieve the exact traffic data for all junctions and their turning ratios. TII confirmed that they
do not have those turning proportions from the traffic count data, as they do not capture all movements
entering and leaving the interchange (Kennan, D, & Brennan, D., personal communication, Feb 12,
2019). However, the N7 interchange had a counter, and that provided some information about the traffic
inside the junction. In this context, the peak traffic volume for N7 according to the data sent by TII was
2,103 veh/h for the traffic towards the airport, which was so close to the assumption of this study (2,093
veh/h). Therefore, the assumption for cutting the total approaching traffic in half seemed acceptable for
the modelling of this study.

All cars on the M50 move towards the airport and none leave the M50. This assumption was made
for a better evaluation of the travel time, the number of vehicles, and vehicle delay in a long motorway
trip between two destinations where no vehicles leave the trip.

Generally, when a simulation model aims to assess the changes in a real network, it needs comprehensive
calibration to ensure that the model is representative of the reality and the quality of the results is maximised
for the experimental data (Trucano et al., 2006). In this context, the calibration refers to the adjustments of the
simulation parameters to conform to the real model of the road so that the simulation model can represent



272
273
274
275
276
277
278
279
280
281
282

283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316

317
318
319
320
321
322
323
324
325
326

realistic results (as much as possible) that comply with that of the actual condition. However, the purpose of
the simulation in this study is to compare the efficiency of AVs with that of TVs in motorway transport and
not to address the exact consequences of using AVs on the M50. So, as long as the model and traffic data are
the same for both TVs and AVs, they can be compared. In light of this, the model for this study is a conceptual
model of the M50, not an exact model. Besides, as explained in the assumptions, detailed information about
the turning ratios at nodes was not available. Therefore, a comprehensive calibration of the model was not
possible since the study had to make some assumptions about the traffic data and turning ratios at the nodes
However, some configurations were applied to the Vissim model for AVs based on the assumption that AVs
will offer improvements compared to human behaviours. The following points present the model
configurations used to demonstrate certain autonomous behaviours. Such settings will work in parallel with
the optimised driving behaviours for the current study, which will be discussed later in Section 3.4.

e The average speed limit of the M50 motorway is 100km/h, which is applied to the simulation model of
this study. It is worth noting that Vissim applies a speed range of 80km/h — 120km/h for an ordinary speed
of 100km/h (PTV, 2017). Such a speed distribution provides more realistic traffic flow of the vehicles in
the model. Therefore, for the modelling in this study, the 100 km/h speed of TVs is distributed in the
range of 80—120 km/h to provide for the possibility of driving at any rate in this range similar to what
Vissim does for such speed. Also, PTV (2017) recommends removing the speed distribution of vehicles
for AVs as these vehicles are expected to drive without such a variation of speed. Therefore, for the
modelling of AVs in this study - with respect to the average speed of the cars on the M50 - AVs are limited
to driving at 100 km/h without distribution of their speed. It is worth noting that AVs of this study can
reduce their speed when there is an object or vehicle in front of them, but they drive at a constant speed
and never exceed the speed limit of 100 km/h.

e According to PTV (2017), a traditional car can have a maximum acceleration of 3.5 m/s?, which occurs
at the speed of 0 km/h. The acceleration reduces with the increase in speed, reaching 0 m/s? at the speed
of 250 km/h. In this regard, and based on what has already been explained about the speed of the cars in
the model of this study, a TV can drive at any speed in the range of 80—120 km/h and the acceleration
changes accordingly in the range of 0.42-2.29 m/s?>(PTV, 2017). However, an AV can only drive at 100
km/h without distribution of speed. Therefore, there will be no distribution in the desired acceleration of
AVs; thus, a constant desired acceleration of 1.04 m/s? (as of TVs in such speed) is applied to AVs. Such
an acceleration could be considered too conservative, but due to a lack of official report about AVs’
acceleration and deceleration, this study avoided to make broad assumptions in this regard, to replicate a
safer driving operation of AVs.

e PTV (2017) adopts a fixed desired deceleration for TVs at all speeds. In this context, the AVs of this study
are defined with the mean desired deceleration of AVs, but without a distribution. Also, PTV (2017)
defines a distribution of speed and deceleration for TVs, while AVs are defined without such distributions
in maximum deceleration.

e Human drivers experience distractions such as feeling drowsy which may lead to them closing their eyes
for a few seconds. They also may lose control due to alcohol usage, using mobile phones or a combined
effect of such distractions (Fagnant and Kockelman, 2015). A report from NHTSA (2018) states that
reading a text message would distract a driver for about 5 seconds on average. However, AVs will not
have any such distractions since AVs will adopt smart sensors and cameras such as LIDAR for navigation.
In light of this, there is a driving behaviour in Vissim called “temporary lack of attention” to replicate
such human distractions. For the simulation in this study, a distraction time of 5 seconds was built in for
TVs, occurring for 5% of the total length of the driving period, while this value was considered zero for
AVs.

The application of such model configurations on speed, acceleration and deceleration for AVs means that they
can run more smoothly in terms of acceleration and braking operations. Consequently, AVs might be able to
offer continuous traffic flow with a nearly constant velocity, which might also increase the road capacity and
reduce congestion. In addition to the model settings explained in this Section, an optimisation of W99 was
conducted and applied to the driving behaviours of AVs.

The traffic data was acquired from TII (2017), which is the database of traffic data in Ireland. Traffic data was
assessed for all nodes of Figure 1, along with information on all the traffic originating from Bray for the whole
data year 2017. The data was extracted from the related data points on the TII data site, then the cumulative
volume for each month was calculated to find months with peak, normal and off-peak traffic conditions. Table
4 shows the traffic volume (Veh/h) at each data point for each month of the year 2017.
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According to TII (2017) May, September and February experienced peak, normal, and off-peak traffic
conditions, respectively. Therefore, these months were selected for further analysis and simulation. In this
context, the traffic data were analysed in greater detail to find the peak, normal, and off-peak traffic conditions
within each of these three months. Such an assessment covered a diverse range of traffic conditions with the
minimum, average and maximum traffic conditions for the whole year included in the evaluation. Table 5
demonstrates total traffic volume for 10 peak, normal, and off-peak within each of the selected months.

Table 4. Traffic volume (Veh/h) at each data point for each month of the year 2017 (TII, 2017)

Origin Node 1 Node 2 Node 3 Node 4 Node 5 Node 6

Month Datasite 1 Datasite 2 Datasite3 Datasite4 Datasite5 Datasite6 Datasite7 Total
Jan 1,125,968 451,359 1,463,279 1,436,308 1,141,295 535,563 234,042 6,387,814
Feb 1,067,638 436,842 1,418,848 1,392,433 1,105,306 519,935 225,758 6,166,760
Mar 1,233,190 492,986 1,597,094 1,571,852 1,244,545 591,863 259,726 6,991,256
Apr 1,201,310 452,179 1,534,849 1,498,097 1,180,427 546,957 258,334 6,672,153
May 1,287,254 496,855 1,662,277 1,627,478 1,286,058 608,954 280,804 7,249,680
Jun 1,231,291 461,010 1,594,936 1,557,649 1,233,810 576,554 280,482 6,935,732
Jul 1,289,729 450,729 1,633,137 1,585,320 1,220,319 575,278 281,388 7,035,900
Aug 1,293,855 450,869 1,657,952 1,597,677 1,234,272 590,786 283,136 7,108,547
Sep 1,205,815 467,307 1,595,776 1,575,862 1,227,316 581,786 277,504 6,931,366
Oct 1,203,539 468,021 1,572,276 1,562,638 1,237,222 585,991 270,952 6,900,639
Nov 1,203,069 477,573 1,595,394 1,564,769 1,217,837 607,787 258,041 6,924,470
Dec 1,126,774 451,154 1,443,018 1,475,689 1,178,114 525,740 222,935 6,423,424
Average 1,205,786 463,074 1,564,070 1,537,148 1,208,877 570,600 261,092 6,845,847

Std. Dev.* 70,435 18,291 82,065 70,771 49,452 30,894 22,328 318,599
Cv*= 0.06 0.04 0.05 0.05 0.04 0.05 0.09 0.05

* Standard Deviation
** Coefficient of Variation = average/standard deviation

Table 5. Total traffic volume for 10 peak, normal, and off-peak traffic within each of the selected months (TII,

2017)
February May September
Traffic
condition Peak Normal Off-peak Peak Normal Off-peak Peak Normal  Off-peak
10,289 9,713 7,740 14,420 10,103 6,735 13,996 10,002 8,699
10,281 9,808 9,054 14,386 10,241 8,071 13,978 10,280 9,260
10,296 9,809 6,431 14,135 10,213 9,319 14,014 9,876 8,732
10 hourly 10,552 9,832 7,911 14,258 10,264 7,790 13,873 9,866 7,823
traffic within 10,471 9,745 6,600 14,180 10,005 8,290 14,008 10,011 8,634
each traffic 10,444 9,854 9,102 14,516 10,068 7,120 14,048 9,774 8,902
condition 10,532 9,776 8,136 14272 10,127 8,603 14,157 10,002 8,608
10,237 9,907 6,937 14,072 10,162 7,567 13,960 9,893 7,507
10,151 9,997 8,184 14,151 10,203 8,437 14,288 9,722 8,667
10,311 9,662 6,632 14,452 10,177 7,485 14,063 9,810 9,280
Average 10,356 9,810 7,673 14,284 10,156 7,942 14,039 9,924 8,611
Std. Dev.* 134 96 989 152 81 762 114 160 560
CV** 0.01 0.01 0.13 0.01 0.01 0.10 0.01 0.02 0.07

* Standard Deviation
** Coefficient of Variation
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4.3. Driving Behaviours

As previously discussed in this paper, there is no experience of the application of AVs, to date, in highway
transport, and there is no information about the driving behaviours of these vehicles. Therefore, the current
research decided to simulate AVs by using traditional driving behaviour model of W99 (Wiedemann, 1999) to
find out what would happen if AVs could drive with modified human behaviours. W99 is still being used in
Vissim (PTV, 2017) and it was adopted by several studies such as Aghabayk et al. (2013), Higgs et al. (2011),
and Menneni et al. (2008). Moreover, the results of studies by Virdi et al. (2019), Zeidler et al. (2019) and PTV
(2017) show that W99 could be used to replicate autonomous behaviours. The W99 in Vissim relies on ten
user-defined parameters' to represent human driving behaviour in freeway traffic (PTV, 2017; Lowens and
Machemehl, 2007). Several previous studies such as Lu et al. (2016); Song et al. (2015); Aghabayk et al.
(2013), Higgs et al. (2011), have analysed the parameters of Wiedemann 99 in depth. Therefore, the definitions
and equations for those parameters are not presented in this study, but the defined values for W99 are briefly
presented in Table 9. In this study, an optimisation method was applied since the default values for driving
behaviours might not represent the desired driving behaviours for AVs.

4.4. Optimisation Using Sensitivity Analysis

Multiple studies such as Menneni et al. (2008), Russo (2008), and Woody (2006) showed that CC1 and CC2
are essential parameters of W99 when calibrating the simulation model to capacity and indicated to the
substantial influence of these parameters on the freeway traffic flow. Besides, Menneni et al. (2008) explain
that the combined effect of CCO, CC1 and CC2 can result in multiple solutions for the desired capacity value.
In this context, the current study performed an optimisation using Sensitivity Analysis (SA) which is also
referred to as “what-if” or “simulation analysis”. The SA is a method used for predicting the outcome of a
decision given a specific range of variables; it addresses how much changes in one variable might affect the
outcome. The parameters of W99 were optimised using sensitivity analysis and then these parameters are
simulated in Vissim. Then, the simulation results were evaluated for travel time, the total number of vehicles
in the model (which is an indication of the network throughput and capacity), queue length, queue delay, the
number of stops, stop delay, the Level of Service (LOS), fuel consumption and emission. In this context, 86
simulation scenarios were defined to find a combination of parameters which provide the highest improvement
in the characteristics mentioned above (i.e., a reduction in travel time, or an increase throughput). The
optimisation flowchart is shown in Figure 2.

s ; G ; Defining scenarios with ; ;
Optimisation of Using sensitivity analysis Running the scenarios
Wiedemann-99 [ for optimisation » the factorialchanges of in VISSIM

CCO, CC1, and CC2
v

Defining scenarios with Using the recorded values Recording the values of Finding the scenario
the factorial changes of « for the optimisation of '« CCO0, CC1, and CC2 of «— with the highest

CC3-CC9 CC3-CC9 the chosen scenario improvement in traffic

v

Runninaihescenaiiss Finding the scenario with Recording the values of Using the recorded

9 — the highest improvement —» CC3-CC9 of the chosen —» parameters of CC0-CC9

in VISSIM ; : ; : ¢

in traffic scenario for the simulation of AVs

Figure 2. Optimisation flowchart

Regarding the increase or decrease of CC-parameters?, the study conducted some (trial) simulations to capture
the effect of reducing CC-parameters on the simulation results. The results showed that small changes in CC-
parameters have negligible impacts on the simulation results. In light of this, taking account of all the possible
reductions from 0-100% would have been very time-consuming and unnecessary. Hence, the study made use
of three factorial percentages of 25%, 50% and 75% changes in the values of CC-parameters, which represent
the percentages below and above them (between 0-100%). Also, a 100% change in value was applied to some
CC-parameters where it was possible, such as for CC4 (negative “following” threshold) and CC5 (positive

! CCO: Standstill Distance, CC1: Headway Time, CC2: “Following” Variation, CC3: The Threshold for Entering to
“Following” Phase, CC4: Negative “Following” Threshold, CC5: Positive “Following” Threshold, CCé6: Speed
Dependency of Oscillation, CC7: Oscillation Acceleration, CC8: Standstill Acceleration, CC9: Acceleration at 80 km/h
2 In order to avoid confusion with the parameters of Wiedemann-99, they are referred to as CC-parameters.
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“following” threshold). When a parameter like CCO decreased by 25%, other CC-parameters were used in the
simulation without a change of value. Then, the same procedure was implemented for all the rest of the
parameters one by one. In the next step, the factorial change method was used to design scenarios with the
combined effect of two and three CC-parameters at a time. Note that each of the simulation scenarios was
executed in Vissim and assessments were conducted on the results related to travel time, queue length, delay,
and other parameters assessed in this study. After running the simulation scenarios in Vissim and analysing
the results, the scenarios that provided the least travel time, fewest queues, delays and highest capacity,
throughput, etc. were separated, and the related CC-parameters were selected as the optimum CC-parameters.
In the next step, and after finding the optimised values of CC0, CC1 and CC2, the optimisation procedure was
continued for CC3 to CC9 — one by one — while CC0, CC1 and CC2 were added to the new scenarios with
their optimised values.

4.5. Simulation

As previously discussed in Section 3.2., In order to simulate TVs and AVs, the traffic data were analysed to
find the month with the heaviest traffic (May), the month with the closest to normal traffic (September) and
the month with the lightest traffic (February) of the year 2017. Then, the traffic data were reassessed to find
the peak, the closest to normal, and off-peak traffic conditions within each of those three months to cover a
diverse range of traffic conditions. For instance, in May, ten days with the heaviest traffic conditions were
selected for the simulation of TVs. In this way, ten simulation scenarios were created where the average of
those ten scenarios represent the results related to the heaviest traffic conditions within the peak month (May).
Note that each simulation scenario was configured for 15 runs, and each took one hour of simulation plus an
extra 10 minutes for each run to fill-up the model for the ongoing traffic of the motorway. Therefore, the results
represent an average of 150 hours of simulation for peak traffic conditions within May. Then, the same
procedure was adopted for the simulation of TVs for the normal and off-peak traffic conditions within the
same evaluation month (May). Likewise, the simulation was performed for traffic conditions in September and
February. Such a framework of simulation represents reliable results for the simulation of all traffic conditions.
In addition, the final values of the simulations in this step were subsequently compared with the results from
the simulations of AVs. Such a simulation procedure resulted in 90 scenarios with 1,350 hours of simulation;
then, the same simulation framework was adopted for AVs. Figure 3 illustrates the overall workflow of the
simulation modelling of TVs and AVs. Figure 4 also shows the breakdown of the simulaion model in this
regard.

Simulation of [ Gengratmg { "‘"; /" Incorporating traffic "\ Desxgmpg
TvsandAvs | | taficdata | -mC o withvissiy /% modelin
from TII \ / VISSIM
/ I 3 3 i d B y
Evaluation of Simulation / b:ﬁgi?gg?:lggcgﬁgnzll:; \\\4 Simulation
the results of AVs Y SUNINE of TVs
N\ model for AVs A

Figure 3. The overall workflow for the simulation of TVs and AVs
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Figure 4. Breakdown of the simulation procedure for TVs

In the next step, in order to simulate the transition period for adopting AVs and the shared traffic with TVs, 11
scenarios were defined for simulation. For this, the network was designed to operate with TVs in scenario one.
Then, AVs were incremented by 10% at each scenario, until they occupied the entire network in Scenario 11.
The results of this evaluation offer an understanding of the quality of traffic flow with different proportions of
TVs and AVs. Figure 5 illustrates the steps taken for the simulation of a transition period. Also, Table 6
represents the sharing percentage of the TVs and AVs at each scenario.

Defining scenarios with

Simulation of TVsand » different proportions of -

Running the
>

AVs in shared roads TVs and AVs scenarios
TVs and AVs are not flexible No < "’Tﬁ;provement by increasiﬁg\" ~

enough to share the road ~__the proportion of AVs? - —

Yes
Recommending the best TVs and AVs can share
proportion of TVs & AVs the road

Figure 5. Simulation of the shared traffic
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Table 6. Scenarios for the simulation of TVs and AVs in shared road

Scenario 1 2 3 4 5 6 7 8 9 10 11
Proportions of TVs and AVs in TVs 100 90 80 70 60 50 40 30 20 10 0
percent AVs 0 10 20 30 40 50 60 70 8 90 100

Furthermore, in order to validate the simulation of this study, an assessment was conducted with the driving
behaviours optimised by PTV for AVs. PTV (2018) defined three sets of driving behaviours for AVs; AV-All-
Knowing, AV-Normal, and AV-Cautious, which are demonstrated later in the simulation of shared traffic in
Table 12). The All-Knowing mode of driving behaviours represents AVs in the minimal distances from each
other, smaller thresholds, and higher acceleration and deceleration, whereas AV-Cautious represents an
opposite mode of driving behaviours. Also, AV-Normal represents a standard mode of driving behaviours
where all parameters have an average value in their range. The driving behaviours suggested by PTV were
used for the simulation of AVs in the normal traffic conditions of September. Then, the results were compared
to those of this study. Such an evaluation shows the extent to which the optimised parameters of the current
study are in line with the tuned parameters recommended by PTV.

Regarding the number of simulation runs, Byrne (2013) recommends 7 runs to achieve 0.05 confidence
interval, and 0.05 coefficient of variation, and a 99% confidence level. However, Byrne (2013) indicates that
more number of runs might be required when more variables are associated with the simulation model.
Therefore, a higher number of simulation run was adopted in this study to achieve a meaningful prediction of
the impact of AVs in multiple characteristics (travel time, fuel consumption, and others). In this regard, 10
number of runs was defined for the optimisation process, and 15 runs for the simulation of TVs and AVs under
various traffic conditions. Table 7 represents the structure of the simulation procedures in this study along with
the number of scenarios, and simulation time in Vissim.

Table 7. Structure of the simulation procedures

Purpose of Description # Scenarios # Runs in Simulation time (h)
simulation each Recorded for Warm-up Total
scenario  assessments

Simulation for CCO0, CC1, and CC2 63 10 630 105 1,003
optimisation CC3 to CC9 23 10 230 38
Simulation of TVs in peak traffic (May) 30 15 450 75 3,150
TVsand AVs AVs in peak traffic (May) 30 15 450 75

TVs in normal traffic (Sep) 30 15 450 75

AVs in normal traffic (Sep) 30 15 450 75

TVs in off-peak (Feb) 30 15 450 75

AVs in off-peak traffic (Feb) 30 15 450 75
Simulation of Peak traffic (May) 11 15 165 27 576
shared road of Normal traffic (Sep) 11 15 165 27
TVs with AVs Off-peak traffic (Feb) 11 15 165 27
Simulation with ~ AVs with All-knowing driving 10 15 150 25 717
PTV values behaviours

AVs with Normal driving 10 15 150 25

behaviours

AVs with cautious driving 10 15 150 25

behaviours

Mixed traffic of PTV-AVs with 11 15 165 27

TVs
Total 340 215 4,670 776 5,446

4.6. Reliability and Validity

In this study, the simulation scenarios are tested over various simulation runs to make sure the results are
internally consistent; then, the average values of the simulation runs are used as the overall results of the
simulation scenario. In this regard, a constancy test named Cronbach’s Alpha (o) is adopted to evaluate the
consistency of the (initial) simulation runs. Cronbach’s Alpha is a very well-known reliability test for
evaluating the internal consistency of a statistical model (Heale and Twycross, 2015; Tavakol and Dennik,
2011). Once the model was tested for consistency, then it was adopted for simulations. Equation 1 shows the
mathematical function of Cronbach’s o retrieved from the study conducted by Tavakol and Dennick (2011):
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a

where
N = the number of items
C = average covariance between item pairs

V = average variance

According to Siswaningsih et al. (2017), a Cronbach’s a value of above 0.7 represents an acceptable reliability
of the model results, where a values of above 0.8 and 0.9 are considered a good and very good reliability,
respectively. In this study, the reliability assessments of Cronbach’s a is conducted using SPSS. For this
purpose, the results of the various simulation runs for each characteristic evaluated in the simulation (travel
time, LOS, and others) are analysed for consistency. Additionally, the simulation results of the same traffic
condition under various times of the year are compared to ensure the model results are reliable for other times
of the year. For this, the simulation results of the AVs are compared for the peak traffic conditions of May,
September, and February. The assessment criteria for this reliability is the Coefficient of Variance (CV), which
represents the dispersion of a probability distribution, and it is the ratio of the standard deviation to mean of
the data set (Zaiontz, 2019). A CV value of below 10% would represent a good consistency, whereas below
5% is regarded as excellent consistency (Zhichu, 1989).

Regarding the validity of the simulation result; a very common method to evaluate the validity of a simulation
result would be GEH statistics method to compare modelled results with observed data collected from a survey
which is also called ‘external validation’. However, as previously discussed in this paper, the limitations
regarding the data collection in this study led to some assumptions in the model design. Also, the model of this
study is a conceptual model of the M50. Furthermore, there is no experience of the official application of AVs
in highway transport (other than small trials to date), so there is no observed data for them regarding their
impact on travel time, queue length, and many other evaluated parameters of this study. As a result, external
validation of the simulation results with empirical results was not possible in this study. However, the
comparison of results from the simulation of the AVs of this study and those of PTV shows validation of the
optimisation and simulation of this study.

5. Results

5.1. Reliability test results

The Chronbakh’s Alpha test was conducted on the simulation results of a random traffic condition (on 4 of
May 2017). Results of the evaluation (shown in Table 8), demonstrates that nine out eleven evaluated
parameters of the simulation model represented good (and very good) reliability according to Siswaningsih et
al. (2017) and Taber (2018). Also, two parameters, the number of vehicles from origin to destination, and stop
delay represented acceptable consistency for TVs according to the studies mentioned above. In general, the
simulation model of this study represented an overall a value of 0.848, which is a good reliability. Therefore,
the simulation model showed to be reliable to represent consistent results.

Table 8. Reliability Assessment of the simulation model in the test condition (May, 4th)
Cronbach's Alpha (a)

Evaluated parameter Vs AVs Average Reliability
Travel time 0.913 0.906 0.910 Very good
Number of vehicles (origin-destination)  0.456  0.851 0.654 Acceptable
Number of vehicles (total) 0.839  0.986 0.913 Very good
Queue delay 0.867  0.889 0.878 Good
Queue length 0.834  0.883 0.859 Good
Vehicle delay 0.855  0.887 0.871 Good
Stop delay 0.773  0.719 0.746 Acceptable
Number of stops 0.779  0.886 0.833 Good
CO emission 0.825 0.924 0.875 Good
Fuel consumption 0.825  0.924 0.875 Good
LOS 0929 0912 0.921 Very good
Average reliability 0.809  0.888 0.848 Good
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5.2. Optimisation results

The basis of assessing any improvement in the optimisation results was a comparison of the results of
optimisation scenarios with the results of the simulation of TVs. Therefore, the results related to scenario TVs
were considered as the reference category for assessing the improvement of the optimisation scenarios. In this
context, the result of each 63 optimisation scenarios were compared to those of TVs, which is shown in Figure
6. In overall, scenarios 59 — with an overall improvement of 55.6% compared with the simulation result of
TVs — presented the greatest improvement of all 63 scenarios adopted for optimisation. Therefore, the CC-
parameters related to scenario 59 were used as the optimised CC-parameters of this study and were applied to
the optimisation of CC3—CC9. The related values of CCO, CC1, and CC2 for scenario 59 are 0.38, 0.45, and
2, respectively. After finding the optimised values of CCO, CC1 and CC2, the optimisation procedure was
continued for CC3 to CC9 — one by one — while CC0, CC1 and CC2 were added to the new scenarios with
their optimised values. In order to assess any further development in the model with the optimisation of CC3—
CC9, the simulation results of the optimisation scenarios were compared with the results from scenario 59. In
this regard, any improvement in the results of scenario 59 was considered an enhancement to the optimisation
process. Otherwise, the new optimisation scenarios (for CC3—CC9) were being rejected if they deteriorated
the results of scenario 59. In this regard, the simulation results related to the optimisation of CC3—CC9 revealed
that none of the optimisation scenarios related to CC3—CC9 could improve the results of scenario 59; most
deteriorated them. Therefore, the results indicated that, except for CCO, CC1, CC2, the rest of the Wiedemann
parameters evaluated in this study should not be changed. Such a result had also been indicated in a report by
Wisconsin DOT (2018).
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Figure 6. Improvement percentage of the optimisation scenarios related to CC0, CC1, and CC2 compared to
the base scenarios (traditional road traffic)

One may claim that AVs would have different behaviours than human and W99 was defined for human driving
behaviour. In light of this, some of the CC-parameters like CC6 (Speed Dependency of Oscillation) should be
reduced to 0 or they should be changed; which is a valid concern. However, since autonomous vehicles are not
yet officially operating on the streets, there is not a solid reference regarding their exact driving behaviours.
Therefore, the current study did not make such amendments in the values of CC3—-CC9. Table 9 represents the
optimised values for AV driving behaviours recommended by this study.
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Table 9. Recommended values for the driving behaviours of AVs
Model

Definition W99 Status Recommended
Parameter
CcCo Standstill Distance 1.50 Changed 0.38
CC1 Headway Time 0.90 Changed 0.45
CcC2 “Following” Variation 4.00 Changed 2.00
CC3 The Threshold for Entering to “Following” Phase -8.00 Not changed -8.00
CC4 Negative “Following” Threshold -0.35 Not changed -0.35
CCs5 Positive “Following” Threshold 0.35 Not changed 0.35
CCo6 Speed Dependency of Oscillation 11.44 Not changed 11.44
cc7 Oscillation Acceleration 0.25 Not changed 0.25
CC8 Standstill Acceleration 3.50 Not changed 3.50
CC9 Acceleration at 80 km/h 1.50 Not changed 1.50

The study also estimated how the characteristics in Table 8§ are affected by driving behaviour changes. The
results from this evaluation provide a useful guideline on the extent to which driving behaviour must change
to attain the desired improvements in travel time, queues, and all the other assessed characteristics. In this
regard, the results of all 63 optimisation scenarios were sorted for each characteristic in Table 8. Then,
scenarios with the greatest improvement in each characteristic (i.e., the lowest value of travel time) were
selected for further assessments. The trial evaluation showed that 20 scenarios would provide a sufficient range
of results for addressing the impact of CC0O, CC1, and CC2 on each characteristic. The idea was to find which
factorial changes of CC0, CC1, and CC2 have had the highest frequency (i.e., the highest impact) in those top
20 scenarios sorted for each characteristic. These assessments represent the importance of each of the factorial
changes. The assessment of the frequency of the factorial changes defined for CC0O, CC1, and CC2 (shown in
Table 10) revealed that CC1 with 75% reduction (0.23) from its initial value (0.9) had the highest impact (of
all factorial changes) on the quality of traffic flow. In total, CC1 (0.23) was used 93 times in 180 evaluated
scenarios (20 scenarios for a total of 9 factorial changes) with the greatest improvements in the characteristics
of traffic in this study. Such a result implies that CC1 when it is considered 0.23, plays an essential role in
simulations related to the improvement in the quality of traffic. Overall, CC1 (0.23) had the highest impact on
the reduction of travel time, queue length, LOS, and increasing the number of vehicles. Moreover, results
showed that CC2 had the second-highest impact on the quality of traffic (after CC1) when CC2 was decreased
by 75% (1) from its initial value (4). In total, CC2 with the value of 1 was used 85 times in 180 scenarios with
the most considerable improvements in the characteristics of traffic in this study. CC2, when it was considered
1, had the highest impact on the reduction of queue delay, the number of stops, stop delay, fuel consumption
and CO emissions.

Table 10. Frequency of the reduced values of CC0, CC1, and CC2 in the top 20 optimisation scenarios

CC-parameter CCo CC1 CC2

Reduced value 1.13 0.75 0.38 0.68 045 0.23 3 2 1
Travel time 5 5 7 0 6 14 5 6 5
Number of Vehicles 3 7 8 2 6 12 3 6 9
Queue length 3 8 9 1 8 11 4 5 4
Queue delay 5 5 6 4 7 8 0 7 13
Number of Stops 5 5 6 4 7 9 1 7 12
Stop delay 4 5 8 5 7 7 1 5 13
Fuel consumption 5 6 5 4 7 9 1 7 12
CO emission 5 6 5 4 7 9 1 7 12
LOS 5 6 7 0 6 14 5 4 5
Total 40 53 61 24 61 93 21 54 85

5.3. Simulation results of TVs and AVs in Various Traffic Conditions

As previously discussed in the methods of this paper, the simulation of TVs and AVs was conducted over 180
scenarios, with 3,150 hours of simulation. Table 11 and Figure 8 represent a comparison of results from the
simulation of TVs and AVs under the heaviest traffic hours of the year (peak traffic in May), the normal traffic
hours in the month with normal traffic (in September), and the lightest traffic hours of the year in the month
with off-peak traffic. Figure 7 also illustrates a screen snip of the TVs and AVs’ traffic flow on each of the
traffic conditions.
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Figure 7. Simulation of TVs and AVs in the heaviest, near normal, and lightest traffic hours of the year

As demonstrated in Table 11 and Figure 8, in the first look, AVs achieved slightly higher improvements in the
normal traffic hours, followed by off-peak traffic hours. However, considering that the assessment is done in
percentage terms, and there is a substantial difference between the magnitude of the improvement of traffic
flow in peak traffic condition, and the other two conditions. For example the magnitude of 10% improvement
in the LOS during the peak traffic condition would be much higher than that of the off-peak traffic condition.
Therefore, it could be stated that AVs provided much higher improvement in the quality of traffic in the peak
traffic condition than the normal and off-peak traffic conditions, especially in queue length and queue delay.
AVs in the off-peak traffic hours also showed smaller improvements in some parameters such as travel time
and in the total number of vehicles on the road than they did during peak and normal traffic hours. One reason
for the small improvements in these measures during the off-peak traffic hours could be the limitations defined
for AVs such as the speed limit of 100km/h and the constraints related to their acceleration function, described
in methods.
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592
593  Table 11. Numerical results of the simulation of TVs and AVs

Evaluated Parameter Average of 10 peak Average of 10 normal Average of 10 off-peak
traffic hours in May (the traffic hours in traffic hours in
heaviest traffic conditions September (normal traffic February (the lightest
of the year 2017) conditions of the year traffic conditions of the

2017) year 2017)
TVs AVs TVs AVs TVs AVs

Travel Time (hh:mm:ss) 03:09:51 02:45:06 02:30:35 02:05:01 02:02:50 01:50:09

Number of Vehicles (O-D) 1,362 2,182 1,308 1,868 1,826 2,593

Number of Vehicles (Total) 41,655 50,502 33,900 39,618 28,881 33,060

Queue Delay (hh:mm:ss) 02:23:28 00:52:31 00:54:45 00:04:20 00:11:51 00:00:16

Queue Length (km) 4.03 1.97 0.91 0.02 0.23 0.00

Number of Stops 1,382 200 402 15 74 1

Stop Delay (hh:mm:ss) 00:29:44 00:02:03 00:10:20 00:00:27 00:02:13 00:00:02

CO Emission (tons) 2.53 0.66 0.94 0.19 0.29 0.12

Fuel Consumption (litres) 137,118 35,832 51,030 10,169 15,435 6,440

LOS Value (1-6) 4.43 3.09 3.18 1.61 1.71 1.03
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It is worth noting that due to the vastness of the simulation study and the abundance of the evaluation
parameters, the study could not incorporate additional models for the calculation of CO emissions. Hence, the
study relied on the Vissim outputs in this regard. Also, the AVs of this study were assumed to be operating
with combustion engines. However, the authors believe that real AVs would be full-electric or hybrid with a
combustion engine. Therefore, real AVs would be expected to represent a higher reduction in fuel consumption
and CO emissions than what the AV of this study have demonstrated.

5.4. Simulation results of the shared road (transition from TVs to AVs)

Various scenarios with different proportions of TVs and AVs on the road were simulated for peak, normal,
and off-peak traffic conditions of the year 2017. For this purpose, a random day from 2017 was simulated from
each of the three evaluated months: May (heaviest traffic of the year), September (close to normal traffic), and
February (lightest traffic). The simulation results were evaluated for the highway characteristics explained in
Table 8. The improvement for each characteristic was calculated — for each of the shared scenarios — and
compared with the results from the simulation of TVs, which were the reference category for the analysis.

The selected day for the simulation of the TV—AV shared road in the heaviest traffic condition of the year 2017
was the 16" of May, which was a random day that represents those days with the heaviest traffic hours of the
year. The simulation results (demonstrated in Figure 9) showed that travel time, queue length, queue delay,
CO emission, fuel consumption, and LOS were reduced with an increase in the share of AVs on the road. On
the other hand, the number of vehicles from the origin to destination (O-D), and the total number of vehicles
in the model were increased with an increase in the share of AVs. According to the results represented in
Figure 9, when AVs comprised 100% of the network, the number of stops and length of stop delay were
reduced by about 86% and 93%, respectively. Such a substantial reduction in the number of stops and the
length of stop delay could be an indication of the efficient interaction of AVs. After stops and stop delay time,
fuel consumption and CO emissions were the characteristics that had the next greatest reductions. In general,
a network with an equal proportion of TVs and AVs (50%—-50%) provided 41.3% improvement in the quality

of traffic, whereas a road entirely populated by AVs demonstrated a 57.6% improvement. _
also found this resul,that with lower proportions of AVS thatemissions savings Were less, i1 v

indicates how efficient a road shared by TVs and AVs can be in improving traffic quality, and how much a
dedicated lane for AVs can be beneficial in this matter.

[-@- Travel Time (O-D) #Vehicles (O-D) = %~ Total #vehicles Queue length = A~ Queue delay % #Stops
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Figure 9. Improvement percentage of the shared traffic compared to traditional road traffic in May
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Also, the shared road of TVs and AVs was simulated in the near normal traffic condition. The selected day for
this assessment was the 25" of September, which represents the days with normal traffic hours. Figure 10
represents the improvement of each simulation scenario compared with the results from the simulation of TVs
in this regard. According to the results in Figure 10, when AVs accounted for 100% of road traffic, the queue
length and queue delay and the number of stops and stop delay decreased by more than 95%. Additionally,
fuel consumption and CO emissions were reduced by about 82% (overlapped in the Figure by similar values).
In general, a network with a 50% share of AVs provided a 50.0% improvement in the quality of traffic, whereas
a road network entirely populated by AVs demonstrated 69.8% improvement.
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Figure 10. Improvement percentage of the shared traffic compared to traditional road traffic in September

Furthermore, the shared road of TVs and AVs was simulated in the lightest traffic condition of the year 2017.
The selected day for this assessment was the 18th of February, which represents the days with the lightest
traffic of the year. Figure 11 shows that when AVs represented 100% of the traffic, the number of stops, queue
length, and delay were almost eliminated from the road. In general, a network with a 30% share of AVs
provided a 59.9% improvement in the quality of traffic (in the lightest traffic condition), whereas a road
network entirely populated by AVs demonstrated a 63.4% improvement (only 3.5% improvement).
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Figure 11. Improvement percentage of the shared traffic compared to traditional road traffic in February

Figure 12 also represents an overview of the simulation of the transition period. This Figure shows the average
improvement of the shared scenarios for the peak, normal, and off-peak traffic conditions compared to a road
entirely operated by TVs. As shown in Figure 12, dedicating 100% of the road traffic to AVs or devoting a
dedicated lane for AVs in peak and normal traffic hours might be as efficient as a shared road with 60% AVs.
Likewise, a 30% share of the AVs in off-peak traffic conditions provides approximately the same improvement
as a 100% share of them. In addition, this Figure demonstrates the average improvement of the AVs compared
to TVs for all three shared traffic conditions throughout the transition period. Also, Figure 13 illustrates a
screen snip of the traffic flow in different penetration of AVs during the transition period.
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Figure 12. Transition period at a glance
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Figure 13. Simulation of the shared traffic in various penetration of AVs

5.4. Validation by the simulation of AVs with PTV driving behaviours

As previously argued in the methodology of this paper, PTV (2018) defined three sets of driving behaviours
for AVs; AV All-Knowing, AV-Normal, and AV-Cautious, which are demonstrated in Table 12. However, to
the best of the authors’ knowledge, there is no previous simulation of the AVs using PTV driving behaviours
in the scale of the simulation model of this study. Therefore, in this study, AVs with PTV driving behaviours
are simulated under 10 normal traffic hours (in 10 days) in September to avoid any probable high or low
variations of the results in the peak or off-peak traffic conditions using these driving behaviours.
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Table 12. Various autonomous driving logics defined by PTV and those of this study

Model . AV driving logics, defined by PTV
parameter W99 This study All-knowing Normal Cautious
CCo 1.5 0.38 1 1.5 1.5
cc1 0.9 045 0.6 0.9 1.5
CcC2 4 2 0 0 0
CC3 -8 -8 -6 -8 -10
CC4 -0.35 -0.35 -0.1 -0.1 -0.1
CC5 0.35 0.35 0.1 0.1 0.1
CCeo 11.44 11.44 0 0 0
cc7 0.25 0.25 0.1 0.1 0.1
CC8 3.5 35 4 35 3
CCY 1.5 15 2 15 1.2

The results of simulations with PTV driving behaviours were compared with simulation results of the AV of
this study. It should be note that the results from the simulation of TVs were considered as the reference
category, and the rest of the simulation results were compared with them. These results are shown in Figure
14.

The results in Figure 14 show that AVs with All-Knowing driving behaviours improved the quality of traffic
by 73%, which is slightly more [by 6%] than what the AVs of the current study obtained. Also, AVs with
Normal driving behaviours defined by PTV (PTV, AV-Normal) achieved a 69% overall improvement
compared with TVs, which is so close to the results of this study. Additionally, the investigation of PTV’s
Cautious driving behaviours for AVs revealed that Cautious driving behaviours reduce traffic quality.

Improvement Percentage of the AVs compared to TVs

i]oo 100 100 100;

‘RIle}: PTV, AV Normal

AVs of this study
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Figure 14. Improvement percentage of the AVs of this study versus PTV-AVs

In general, the comparison of results from the simulation of various driving behaviours of AVs defined by
PTV indicates that there is only a 4% difference in the overall average improvement achieved by AVs with
Normal driving behaviours compared to AVs with All-Knowing driving behaviours (both defined by PTV).
Such a difference is negligible, given the stochastic nature of the simulations. Therefore, one of those sets of
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driving behaviours would be representative of the other one with some margin of error. Moreover, the
comparison of AV simulation results of this study to those of PTV validates the optimisation and simulation
of this study. The optimised driving behaviours of this study obtained an overall improvement of 67%, which
is in line with the simulation result improvements shown by the PTV’s Normal driving behaviours (69%) and
All-Knowing driving behaviours (73%), with negligible variations of 2% and 6%, respectively.

Following the comparison of the AVs of this study and those of the PTV, the shared traffic with PTV values
were simulated. In this context, a day with normal traffic hours within the month with normal traffic condition
(25™ of September) was chosen for simulation. The driving behaviour selected for this analysis was PTV’s
Normal driving behaviour (AV-Normal), as it had provided efficiency similar to that of the AVs of this study.
Similar to what has previously been explained for the evaluation of the scenario improvement, TVs were
considered as the reference category, and the simulation results of the shared scenarios were compared to those
of TVs. As shown in Figure 15, the number of stops, queue length, and delay showed the largest reductions of
all evaluated characteristics in this assessment, similar to the reductions previously found for the shared traffic
of the current study. Also, the evaluation in this Section represented an average improvement of 73.6% when
AVs represented 100% of the road traffic, an improvement average close to that of this study (69.8%).
Moreover, there was no substantial improvement in the quality of traffic once the percentage of AVs rose
above 60%. Such a result has already been found in the simulation results of the shared traffic of the current
study.
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Figure 15. Improvement percentage of the shared traffic of PTV with Normal driving behaviours compared to
traditional road network traffic

6. Conclusions and Discussion

The investigation into the optimisation of driving behaviours revealed that CC0, CC1, and CC2, when they are
regarded as 0.38, 0.45, and 2, respectively, can provide the greatest overall improvement in the quality of
traffic. Changes of CC3—CC9 were not found to improve on the optimised scenario associated with CC0, CC1,
and CC2; most had deleterious effects. Optimisation results indicated that, except for CC0, CC1, CC2, the rest
of the Wiedemann parameters evaluated in this study should not be changed.

The assessment of the impacts of CC0O, CC1, and CC2 on the characteristics evaluated in this study revealed
that CC1 with 75% reduction (0.23) from its initial value (0.9) had the greatest impact (of all factorial changes)
on the quality of traffic. Overall, CC1 (0.23) had the greatest impact on reducing travel time, queue length,
and LOS, and on increasing the number of vehicles. Results showed that CC2 had the second-greatest effect
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on the quality of traffic (after CC1) when it was decreased by 75% (1) from its initial value (4). CC2 with a
value of 1 had the most substantial impact among all factors on the reduction of queue delay, the number of
stops, stop delay, fuel consumption, and CO emissions.

The simulation of TVs and AVs in various traffic hours throughout the year revealed that AVs obtained the
greatest numerical improvement under normal traffic hours. However, looking at the simulation results in
terms of the magnitude of the traffic flow in the peak traffic condition, AVs provided much more improvement
in the quality of traffic in peak conditions than the normal and off-peak traffic conditions, especially in queue
length and queue delay. In general, AVs showed higher efficiency in reducing the number of stops, stop delay,
queue length, and queue delay, which could be due to their near-constant velocity and the low variation in their
acceleration and decelerations.

Results related to the shared traffic simulations revealed that the number of stops, queue length, and delay were
substantially decreased when the road was entirely populated by AVs. Such substantial reductions indicate that
AVs might be more efficient when they represent a large share of the traffic. However, the results related to
peak traffic hours in this context revealed that there was not a substantial improvement in the quality of traffic
after AV share rose above 60%. Therefore, dedicating 100% of the road traffic to AVs or devoting a dedicated
lane for AVs in peak traffic hours might be as efficient as a shared road with 60% AVs. The simulation results
of the shared road in the normal and off-peak traffic hours confirm such a declaration. According to the results
in this context, there is an insignificant improvement in the overall results after a 60% share of AVs is reached
in normal traffic hours and a 30% share for off-peak traffic hours.

The investigation of PTV driving behaviours for AVs revealed that there is only a 4% difference in the overall
average improvement achieved by AVs with Normal driving behaviours compared to AVs with All-Knowing
driving behaviours (both defined by PTV). Such a difference is negligible given the stochastic nature of the
simulations. Therefore, one of those sets of driving behaviours, preferably AVs with Normal driving
behaviours, would be representative of the other one with some margin of errors. Furthermore, the comparison
of results from the simulation of the AVs of this study and those of PTV validated the simulation of this study.
The simulation of AVs using the optimised driving behaviours of this study obtained an overall improvement
of 67% in traffic quality, which is in line with simulated 69% improvement from the PTV’s AV-Normal
driving behaviours. The PTV All-Knowing driving behaviours resulted in an overall improvement of 73% in
the quality of traffic, which is also close to the overall improvement obtained by the AVs of the current study,
representing another validation for the simulation of the current study. Moreover, the comparison of the
simulation results of the AVs of this study and those of PTV also validates the optimisation of the current
study. It is worth highlighting that the optimisation of the current study revealed that only the three parameters
of CC0, CCl1, and CC2 have to be changed, and a change of value for the rest of the parameters does not
improve the quality of traffic. The simulation results in this study validate such a declaration for the current
study, as PTV AVs (with regard to change of all CC-parameters) represented almost similar improvement to
those of this study. Moreover, the simulation of the shared road of PTV returned results similar to those of this
study. The shared scenarios showed no substantial improvement in the quality of traffic once the AV share of
the road rose above 60%. Such a result has already been seen in the simulation results of the shared road of the
current study.

In general, the simulation results in this study indicated that AVs could substantially improve the quality of
traffic, and this improvement should increase with an increase in the share of AVs, up to a specific level, on
the road. Therefore, the optimum percentage of AVs on the road varies based on the traffic conditions.

7. Research Limitations

While efforts were made to simulate AVs in the best way possible, and considering that the results of
evaluations validated the employed research methodology of this paper, the findings of this research have to
be considered in light of some limitations, as follows:

o The lack of sufficient traffic data at nodes and making assumptions regarding the traffic volumes.
The lack of traffic data for the turning ratios at the motorway junctions and making assumptions in
this regard made the simulation model, a conceptual model of the M50 motorway, and not an exact
model, which was a major limitation in this research. This lack of data required the current study to
make some assumptions regarding the input traffic volumes and keeping all cars in the model rather
than making broader assumptions in this regard. This impacted the conformity of the simulation results
with actual traffic running on the motorway. Also, the lack of ‘observed’ data prevented the study
from running a comprehensive calibration and validation using GEH statistics which was another
major limitation of this study.
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The lack of data about any possible accidents on the M50 during the study year, 2017. Road Safety
Authority of Ireland (RSA, 2017) is the main source of accident data in Ireland. However, it has yet
to provide the accident data for the year 2017. Therefore, it was not possible to check whether the days
in the TII traffic database had any form of a traffic accident or not, which was another limitation of
this study.

The possibility of ignoring a covariance between the CC-parameters during the optimisation
process. With regard to the results of the previous studies in this regard (Menneni et al., 2008; Russo,
2008; and Woody, 2006), the current study decided to put more focus on CC0, CC1 and CC2, and then
made an attempt to optimise the rest of the CC-parameters with respect to the optimisation results
related to CCO, CC1, and CC2. However. Since the optimisation for CC3—CC9 was conducted one at
a time, it is possible that changing one parameter automatically restricted the search domain when
optimised for the next parameter.

The lack of an academic reference about the driving behaviours defined by PTV and their adopted
method in defining those values. From the study, it can be seen that there are significant changes in
the range of some parameters defined by PTV compared to W99. Assuming that they are accurately
representative of the AV behaviours, the lack of information about the acquired method adopted for
generating those values prevented this study to make more evaluations in this regard.

The lack of information about how exactly would AVs operate though how many parameters should
be defined or altered to make a realistic replication of AVs driving behaviours. For this, the study
was restricted to the W99 model limitations, and microsimulation model limitations. The current study
made the best effort to get as close as possible to replicate autonomous driving but the authors believe
that AVs driving behaviours cannot be (fully) anticipated until these vehicles are in operation with
other AVs and TVs.

Not being able to demonstrate that the simulated driving behaviours are actually those of AVs until
real AVs are produced. When real AVs emerge, the current study can make further investigations to
compare the attained simulation results with the survey data in this regard.

8. Directions for Future Studies

With regard to the results of this study and its limitations, future studies are recommended to consider the
following items to improve the quality of their research, which also help fill the gaps of the current research in
the field:

Future studies are recommended to install their own digital counters at links and junctions to obtain
accurate traffic data for the main links and each approaches of the junctions. This could be utilised
using automatic traffic counters such as JTC! (for junctions), and ATC? (for the main links). Also,
ANPR? counters could be very useful to obtain accurate travel times throughout O-D pairs of their
study. In this way, they would be able to capture the full impact of the traffic stream at junctions, main
links, and vehicle’s travel time and use those data for a comprehensive model calibration, which can
be representative of all traffic parameters (travel time, traffic volume, queue length, delay time, and
LOS).
The current study made a comprehensive assessment of various traffic conditions of the year 2017. As
a result, and due to the high number of the simulation scenarios and extensive simulation time, the
researchers of this study could not focus on other road trip characteristics, such as the road accidents.
In this context, future studies are recommended to integrate the effects of accidents on the highway
simulation models and investigate how much those accidents impact travel time, queue length, delays,
and the number of stops for TVs, which are the basis of assessments. Studies can model those accidents
when simulating AVs to investigate how AVs might react to such incidents on the road and to what
extent AVs can neutralise their impact on travel time, queues, and other evaluated parameters under a
shared road traffic.
Future studies are also recommended to investigate the application of AVs in urban traffic, such as
their impact in coordinated signalised intersections. AVs’ performance in roundabouts could also be
evaluated to determine how AVs interact and communicate with other AVs and TVs to make the best
decisions for yielding way or advancing in roundabout.

Such a scenario could

1 Junction Traffic Count
2 Automatic Traffic Count
3 Automatic number-plate recognition
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also be applied to AVs at an intersection, with results being compared with the results related to the
roundabout scenario. In this way, AVs could be investigated for whether they operate more efficiently
in roundabouts or intersections. Such an evaluation could address the best application of AVs at
junctions with several approaches.

e The simulation results related to the operation of AVs in the off-peak traffic condition revealed that
AVs might not be efficient after 30% penetration on the road; even they might have adverse
implications such as an increase in travel time. The authors of the current study believe that increasing
the speed limit of AVs might provide AVs with the opportunity of making more use of the capacity in
free-flow traffic condition. Therefore, future studies are recommended to further the investigation in
this context and simulate AVs with a higher speed limit in shared traffic with TVs.
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