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Recent advancements in industrial revolution have offered novel approaches that have
considerable potential for increasing the efficiency of road networks. Emerging concepts of
autonomous driving and machine learning can be incorporated intelligently for improving traffic
flow efficiency. Effective implementation of autonomous vehicles (AVs) could overcome
different problems of stochastic human driving behavior. However, in the coming years, traffic
composition can vary in terms of AV implementation rate, which can lead to a dynamic and
mixed traffic environment comprising regular vehicles (RVs) and AVs with different
characteristics. As a result, the gradual implementation of the AVs will definitely cause unique
impacts on traffic system. The first part of this research focuses on reviewing and investigating
impacts of the AV implementation under mixed AV-traffic environment considering different
related aspects. Findings from the review indicated that the AV implementation has positive
impacts on the traffic flow, such as improved traffic capacity and stability. However, the impact
depends on some factors including implementation rate of the AVSs, characteristics and
operational settings of the AVs, traffic volume level, and human driving behaviour. Results
obtained from the simulation-based investigation indicated that even partial AV implementation

could improve the operational efficiency of a signalized intersection compared to full RV traffic.

XV



AV implementation reduces the vehicle delay, stopped delay, and queue length. The expected
improvements are primarily based on the implementation rate, and are higher at higher rates
(>50%). Considering the different AV models employed in this research, connected autonomous
vehicle (CAV) model exhibited the best performance. The second part of this research focuses
on signalized intersection control under mixed AV-traffic environment. The different proposed
methods in the literature are based on different assumptions, requirements, and constraints
related to the network environment. To overcome these limitations, the application of adaptive
traffic signal control (TSC) can effectively optimize traffic signal plans for variations of AV
traffic environments. However, artificial intelligence (Al) approaches should be considered to
better utilization of the improved AV characteristics. The effective application of machine
learning (ML) based methods may be used to develop a real adaptive TSC which are able to
respond effectively to the dynamic varying conditions of traffic system using their intelligent
continuing learning and adaptation. Based on these concepts, a future TSC problem of AV-based
traffic is solved by proposing and developing a novel intelligent-based optimization framework.
The proposed framework improves intersection performance under congested traffic conditions
compared with that of the traditional optimization methods. Compared to full RV-based traffic,
the implementation rates of 25%, 50%, and 100% can decrease optimized cycle lengths by 26%,
39%, and 53%, respectively, which can result in delay reductions of approximately 18%, 31%,
and 56%, respectively. The proposed framework when applied in an adaptive-based manner can
help in the generalization of controlling existing signalized intersections with the gradual
implementation of AVs without the extra infrastructure or specific operational and connectivity

capabilities of the involved vehicles.
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CHAPTER 1

INTRDUCTION

1.1 Background

The advancements of industrial, information and communication technologies have created
new opportunities to improve driving environment. The emerging concept of automated driving
and it’s different applications is considered a promising approach for overcoming deficiencies in
human driving behavior and therefore solve different traffic problems. Automated driving
capabilities can range from partial automation to full automation ([1],[2],[3]). Partial automation
may help improve human driving behavior using various advanced driver assistance systems [1].
In contrast, full automation can perform all driving tasks without the need for human

intervention [4].

The conventional manner of human operating vehicles is being revolutionized using novel
vehicle technology where computers and artificial intelligence (Al) take over some or all of the
driving tasks instead of humans. Autonomous vehicle (AV)—a term commonly used to refer to
vehicles that are capable of fully automated driving (level 5 automation)—can replace humans
by handling all driving tasks [5]. So, with the full automation level of AVs, human behavior does
not play any role in making the decisions related to driving actions or in response to traffic
control systems. This can reduce human-related deficiencies and improve the response of

vehicles to different control systems.

AVs can accurately sense, gather and share data related to the traffic environment around the
vehicle using different technologies, such as radars, cameras, global positioning system (GPS)

sensors and other applications of information and communication technologies [6] and also may
1



communicate with each other or with traffic control units [7]. Using various built-in software and
different Al-based applications, AVs interpret the acquired data to plan the required driving
actions, which are transferred to the control system as commands [6]. AVs with connectivity
capabilities are commonly referred to as connected autonomous vehicles (CAVs) ([8],[5]). CAVs
are capable of vehicle-to-vehicle (V-V), vehicle-to-infrastructure (V-1) and infrastructure-to-
vehicle (I-V) interactions that enable them to communicate with other CAVs or the traffic
control network [6]. The exchange of information through the V-V and V-1 communications may
help the AV to adjust their driving behaviors based on real-time traffic conditions. It should be
highlighted that the connected vehicle technology and automatic driving are two different
technologies that should be treated separately [9]. The term connected vehicle (CV) is referring
to any type of vehicle, including regular vehicle (RV) (human-driven vehicle); with connectivity
capabilities which may has the access to the information of their surrounding vehicles or the

traffic infrastructure.

The AVs occupy the same amount of road space as the RVs, but have different operational
characteristics. Utilizing these characteristics and other advanced capabilities, compared to the
RV, AV maintains an improved driving behavior in terms of car following ([10],[11]), lane
changing ([12],[13]), speed harmonization, and anticipation and response to traffic conditions
([10],[24],[15]). Moreover, AVs are systemic and behave accurately by assigned algorithms and
rules, unlike RVs that behave stochastically due to the nature of human driving behavior [7].
RVs have complete freedom to change a control input at any time, while the AVs can only adjust

control input at periodic discrete times [16].

The AV implementation may lead to several impacts on transportation planning, urban mobility

and city design [17]. For example, AVs may lead to an increase in urban sprawl, resulting in
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increased travel time, energy consumption, and air pollutants [17]. Also, AVs will have impacts
on individual travel behavior such as trip generation, mode choice, vehicle ownership and travel
time ([18],[19],[20]). Compared to the RVs, the implementation of AVs in the traffic networks
can potentially change our mobility quality leading to different positive impacts on the traffic
flow system [21]. These impacts result from its efficient driving and response behavior obtained
by its improved operational characteristics and advanced connectivity capabilities. For example,
the full implementation of AVs in traffic networks may increase road capacity, increase the

efficiency of traffic control methods and improve traffic stability and safety ([6],[22],[23]).

Utilizing its characteristics and connectivity capabilities, the AVs could also have significant
impacts on signalized intersection control's design and operational performance. As AVs have
shorter perception and reaction times ([24],[25]), fewer speed variations, and smoother
acceleration and deceleration rates [24], the time lost during the response of a vehicle to traffic
signals can be reduced. Consequently, the required yellow change and red clearance intervals can
be minimized. In fact, some studies showed that AVs have negligible reaction time delays as
compared to RVs [12]. As AVs have improved following characteristics, including reduced
headways and safe distances ([12],[25]), the road capacity and use of vehicle platooning at
intersections can be increased [26]. Considering speed, AVs can maintain the desired design
speeds, acceleration, and deceleration rates with low variations [27], which can serve to optimize
the green phase durations of signal plans effectively. Different reports showed that the AV
implementation in the traffic flow might harmonize and increase the mean speed in the traffic
flow ([28],[12]) and decrease the speed variability ([10],[24]). AVs may also perform smarter

and fewer lane-changing maneuvers in traffic, thereby improving the stability of the traffic flow



[12] as a result of fewer disturbances and less heterogeneity in the traffic leading to maximizing

throughput in the traffic ([29],[11]).

1.2 Problem Statement

Traffic problems related to control, safety, and environmental issues are prevalent
globally, especially in urban areas. These problems can be primarily attributed to the increased
demand for vehicles [11], lack of road infrastructure, inefficient traffic control systems [30], and
poor driving behavior [6]. The stochastic nature of the human driving behavior associated with
the RVs is critical for determining traffic flow efficiency ([31],[32]). Examples of such behaviors
include high fluctuations in terms of reaction time, desired speed, selected time headway, and
safe distance in addition to their heterogeneous reactions to traffic disturbances, such as
performing lane changes or applying sudden brakes ([32],[33]). Many psychological,
environmental, and vehicle design factors influence human driving, such as driver perception and
reaction time, driver age, and design speed. The interaction of these factors leads to significant
variance in driving behavior and response to traffic control methods.

As indicated earlier, the development of the AVs in recent years has raised the prospect of
improving the conventional control of vehicles. Although the full implementation of AVs may
only occur after several decades, it is expected that traffic networks in the near future will
involve various traffic compositions owing to the expected gradual implementation of AVs. By
the year 2040, 75% of total vehicles would be AVs [34]. The 90% implementation rate of the
CAVs would not occur before 2045 [35]. Therefore, in the coming transition period, road
networks will be shared between RVs and AVs under different implementation rates, and this
will lead to a mixed and dynamic traffic environment with two models of vehicles that maintain

different driving behaviors and vehicle capabilities.
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Although the main objective of AV implementation in traffic networks is to improve the comfort
and safety of users, environmental benefits during their mobility, AVs role could be pivotal in
improving traffic flow characteristics. The related literature indicates that many studies have
investigated the impacts of the AV implementation on traffic flow systems. However, it appears
that there are limited numbers of papers that reviewed these impacts on different related aspects.
Most of the published papers focused on reviewing the impacts on traffic systems assuming a
full AV environment. Also, the literature indicates that a large proportion of papers focused on
the impacts of the partial automation level of AVs. However, it is expected that the
implementation of different types of AVs, including full AV level, will occur gradually, and
therefore, it will cause different impacts on the traffic system ([36],[23],[37]). None of the
published reviews adequately focused on reviewing the impacts on the traffic flow characteristics
under a mixed traffic environment with RVs.

To develop optimal policies for future development and achieve the effective implementation of
AVs, it is essential to conduct reliable investigations considering various possible scenarios. The
expected impacts of AV implementation may be influenced by the AV implementation rate,
network-level, and AV characteristics [4]. The critical analysis of the literature indicates that
there is an urgent need for further interpretations to overcome the limitations of the existing
research on the expected impacts of AV implementation [38]. Considering the impacts of partial
AV implementation, most studies have focused on highway networks and few studies have
focused on urban network level. The quality of the traffic flow at signalized intersections may
have significant impacts on the level of service across an entire traffic network. Evaluating these
impacts on signalized intersection performance could provide valuable insights into the impacts

of AVs on the traffic flow characteristics of urban traffic networks [2].



On the other hand, traffic management at intersections is a critical component of vehicular traffic
systems that directly affect the quality of the entire urban traffic network. Due to complex traffic
management, different researches have indicated that problems at signalized intersections are a
major cause of traffic delays and accidents in urban networks, especially during rush hours [39].
For example, around 22% of traffic delays occur at signalized intersections [39]. The level of
service (LOS) at signalized intersections can be controlled by different factors related to traffic
volume ([40],[32]), traffic composition [9], traffic control design and operation [30], and driving
behavior [41]. In addition to the human driving problems mentioned earlier, many studies have
shown that the application of inefficient traffic control methods plays a critical role in different
traffic problems mainly at signalized intersections ([42],[43]). The implementation of AVs is also
expected to significantly impact the design and operation of signalized intersection control,
which includes traffic signal control (TSC) [23]. Most of the significant positive impacts of AVs
occur in a full AV traffic environment. As a result, different researchers have utilized these
impacts in addition to the advanced connectivity capabilities of AVs for proposing autonomous-
based TSC methods for full AV traffic ([44],[45]). However, the effective operation and control
of mixed traffic of AVs and RVs are considered as a critical and complex challenge in AV
development and implementation ([14],[16]). Considering both safety and acceptable LOS, the
control of signalized intersections in the transition period to full AV traffic is a challenging task
mainly in cases with high traffic demands [16]. The literature indicates that majority (almost
95%) of the proposed TSC methods consider full AV implementation, whereas few consider
partial AV implementation [40]. A few researchers reviewed the proposed methods that

considered the signalized intersection control under a mixed traffic environment ([46],[47]).



The real application of autonomous-based TSC methods cannot be employed without
considering different limitations ([48],[37],[49]). Thus far, several studies have investigated the
traffic signal optimization of adaptive-based TSC systems under RV-based traffic. These studies
focused on solution quality with respect to the performance of the optimization method while
considering different traffic flows and TSC information. The main assumption is that RVs
maintain stochastic driving behavior for pure traffic involving only RVs. However, given the
future implementation of AVs, the optimization problem should be designed for utilizing the
deterministic and improved operational characteristics of the AVs and expected positive impacts
of its implementation for improving optimization performance without compromising other
control objectives [14]. The integration of this concept with signal optimization-based methods
under mixed AV traffic has the potential to overcome the different limitations of autonomous-
based TSC methods. Existing literature indicates that few studies have focused on the
development of TSC methods that consider signal optimization under mixed AV traffic
([40],[48]).

1.3 Research Objectives

The motivation of this dissertation is focused on the development and realistic introduction
of AVs in the near future. Basically, the research focuses on the investigation and effective
utilization of the AV implementation impacts at signalized intersections under mixed traffic
environment comprising RVs and AVs. Based on the different problems and research limitations

discussed earlier, following are the main objectives aimed to be achieved from this research:

1. To conduct a comprehensive literature review to investigate the AV implementation

impacts on the traffic flow characteristics under mixed AV traffic environment. It is also



aimed to provide a policy implication discussion on the interpretation of main obtained
findings for the future actual practice and further research interests.

2. To investigate and analyze the impacts of AV implementation on the performance of an
urban signalized intersection under mixed AV traffic environment through microscopic
traffic simulations, considering different AV characteristics and gradual AV
implementation rates, under different traffic volume conditions.

3. To conduct a comprehensive literature review of proposed methods for the signalized
intersection control under mixed AV traffic environment. It is also aimed to discuss
different limitations of the proposed methods and include a policy implication discussion
intended to provide an alternative base solution of near future control of signalized
intersection.

4. Based on the accomplished outcomes of the previous objectives, the research aimed to
propose, develop and evaluate a novel machine-learning-based optimization framework
for designing intelligent adaptive TSC systems under different conditions of mixed AV-
based traffic.

1.4 Dissertation Organization

This dissertation is divided into six main chapters. The current section provides the
organization of the remaining chapters of this dissertation. Chapter 2 presents a comprehensive
literature review on the impacts of AVs implementation on traffic flow characteristics under
mixed AV traffic environment. Chapter 2 also discusses the basic factors controlling the impacts
of AVs and includes a policy implications discussion of the future perspectives. In Chapter 3, a
simulation-based investigation study of the AV implementation impacts on the performance of

signalized intersection is reported. It includes the details of the study methodology along with



detailed analysis of the obtained results. A comprehensive literature review on the signalized
intersection control under mixed AV traffic environment is presented in Chapter 4. Limitations
of the proposed methods of the signalized intersection control are discussed with supporting
examples. This chapter includes the policy implications discussion of the future alternatives.
Chapter 5 reports the different details of the proposed optimization framework. It describes the
methodology of the framework, introduces the applied methods and discusses the different
obtained results. Finally, Chapter 6 presents the main conclusions of this research and some

recommendations.



CHAPTER 2

COMPREHENSIVE LITERATURE REVIEW ON IMPACTS OF

AUTONOMOUS VEHICLES ON TRAFFIC FLOW

CHARACTERISTICS UNDER MIXED TRAFFIC

ENVIRONMENT

As mentioned earlier, there are different levels of vehicle automation range from partial
automation to full automation level. Partial automation may help to improve human driving
behavior by utilizing advanced driver-assistance systems (ADAS). The main rule of such
systems is to improve driving comfort, reduce human driving errors, minimize the necessity for
physical road signals and vehicle insurance and improve safety ([1],[50]). Most of these are
based on adaptive cruise control (ACC) systems, which are available now in a wide range of the
existing models of the RVs [51]. By automatically controlling the throttle or the brake, the ACC
system can control the car following behavior, such as adjusting its speed and providing a
specified distance, location and acceleration from the trajectory data by using on-board sensors
([1],[52],[29],[8]). These systems are considered partial (semi) automated vehicles that only offer
autonomous longitudinal following control ([2],[5]). The cooperative adaptive cruise control
(CACCQC) is an updated and improved driver assistance system built upon the ACC system. It uses
more information collected from the advanced V2V communication technologies [38] to
automatically adjust the longitudinal control depending on the behavior of its leading and
following vehicles [53]. With both ACC and CACC systems, the drivers are still responsible for

actively steering the vehicle, keeping lanes, and monitoring traffic conditions. However, unlike
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ACC systems, CACC has direct communication with the vehicles ahead, using dedicated short-
range communication (DSRC), which can enlarge the detection range of the distance sensors [9].
It can provide a range of 3000 ft in diameter with the possibility of an extended range using
multiple transmitters [32]. As a result, compared to ACC, CACC can gather more information

which enables more accurate and effective performance in faster manners ([54],[52],[8]).

The implementation of the AV will lead to different impacts on the traffic system. The adjusted
characteristics of the AVs impact the traffic flow elements such as road capacity parameters and
the components of the traffic stability. The road capacity is mainly affected by different factors
such as traffic composition, road conditions, and driving behaviors of the vehicles. Traffic
composition, including vehicle’s type with their specific driving behavior and the
implementation of each type, is a significant factor that may affect the capacity [9]. Capacity is
highly dependent on the longitudinal time headways and the lateral movements of vehicles [24].
The traffic flow stability is also an important parameter that determines the efficiency of the
traffic networks [28]. Traffic stability indicates maintaining the traffic capacity without a traffic
breakdown incident. When traffic volume exceeds capacity, automobiles are compelled to
perform cyclic acceleration-deceleration operations, resulting in unstable traffic flows influenced
by the creation and spread of shockwaves ([33],[32]). One of the important factors in this regard
is the speed and time gap distributions. With a smaller standard deviation, the flow will be more
stable, and there will be fewer unexpected breakdowns. Traffic hysteresis and oscillations
develop in the flow due to automobile lane-changing and car-following behavior [32]. Examples
may include lane changes near merges and diverge section, lane drops, or changes of road

geometrics.
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Due to its improved operational characteristics, the implementation of the AV is expected to
overcome the problems of stochastic human driving behavior and positively impact traffic flow
efficiency. Several studies have investigated the possible impacts of AV implementation. Due to
the lack of available observed traffic data, most of these studies focus on modeling and
simulation. The literature indicates that limited numbers of papers that reviewed the impacts of
AV implementation on different related aspects. In 2014, Hoogendoorn et al. reviewed the
general impacts of AVs on traffic flow efficiency [10]. In 2020, Narayanan et al. reviewed the
contributing factors affecting the impacts of AVs [5]. Most of the published papers focused on
reviewing the impacts under full AV environment. None of the published reviews adequately
focused on reviewing the impacts on the traffic flow characteristics under a mixed traffic

environment with RVs.

To fill the critical research gap in the future development of AVs in urban networks, the main
objective of the current chapter was to include and discuss a comprehensive review of the AV
impacts on the traffic flow characteristics under partial AV implementation. The concepts of
road capacity and traffic stability were considered to analyze the impacts of the AVs on the
traffic flow characteristics. Unlike other reviews in the literature, this review discussed the
impacts under different important aspects of the topic, such as different types of AVs
representing different automation levels and connectivity capabilities and network types to
enhance the analysis capacity for some meaningful findings. Based on the findings of the current
review, a policy implication was included to significantly help the traffic community to
maximize the benefits of AV implementation by developing effective policies for future traffic

operation and control under a mixed traffic environment.
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The sections of this chapter are organized as follows. Section 1 includes the research
methodology of the review. Section 2 includes a brief discussion of the impacts of the full AV
implementation. In section 3, a review of the partial AV implementation impacts is included
considering different types of AVs. In section 4, the primary factors of the impacts of AVs
implementation on mixed traffic environments are discussed in detail. Section 5 includes the
policy implications discussion for the actual future practice and further research interests.

Finally, section 6 includes a summary of the chapter.

2.1 Methodology

Despite covering an enormous body of literature, which is still growing, this study
included a systematic review that aimed at finding the impacts of different types of AVs (e.g.,
ACC, CACC, AV, CAYV) on the traffic capacity and stability under mixed traffic environment
with the RVs (Figure 2-1). The planning part of this systematic review entails creating the study
purpose and question, keywords, and a set of inclusion and exclusion criteria. Thus, ‘autonomous
vehicle', 'road capacity', 'traffic stability," and 'mixed traffic environment' were selected to be the
search keywords. The inclusion criteria were specified to peer-reviewed journal papers published
in English and related to the research objective. However, this review has ignored the impacts of
AVs on traffic safety, travel planning, including travel time and road choice, driver comfort,
environmental issues, economic and social impacts. The impacts related to the application of the
platooning concept or the use of dedicated AV lanes in the traffic network was not considered.
The selected publications are mainly related to investigating the impacts of AVs on the traffic
characteristics in mixed traffic environments sharing the same traffic network lanes with other
different types of vehicles, including RVs. The search's first publishing date was not specified;
however, April 2021 was chosen as the end date. Following limitations should be noted in this
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review approach: (a) exclusion of non-peer-reviewed full-text papers that are freely available
online, including conference proceedings, book chapters, and white papers, and (b) unintentional
bias of the authors may influence how the review and findings are carried out and interpreted.
The second phase entails the reviewing of pertinent articles. Throughout the extraction
procedure, the complete contents of the publications were searched and read. At the beginning of
this stage, according to differing levels of complexity, the AVs types are divided into three main
categories. For each category, critical ideas about representative models are reviewed and
explained. Furthermore, their impacts on the road capacity and traffic stability are critically
reviewed along with their critical related factors. In general, the distinctions and links that
connect traffic flow and AV driving behavior under a mixed traffic environment are extensively

discussed in this research.
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2.2 Impacts of the Full AV Implementation

Many related studies have been conducted to evaluate the impacts of full implementation
of different types and models of AVs in traffic networks. In general, most of these studies have
confirmed that the full implementation has positive impacts on the traffic flow characteristics

mainly in terms of improved traffic capacity. For example, Van Arem et al. concluded that full
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CACC implementation increase the traffic flow and capacity in highway system [55].
Tientrakool et al. concluded that compared to full RVs environment, full CACC environment in
urban network increase the capacity by 273% [56]. However, full ACC environment increase the
capacity by 43%. Shladover et al. concluded that the capacity of full CACC traffic is doubled
compared to full RV environment [57]. Bohm and Hager concluded that when the traffic volume
is high, the full AV (Level 3) traffic increase the capacity parameters compared to full
environment of RVs [6]. The delay and number of stops decreased by 56 and 54% respectively
while the speed increased with 34 %. However, in case of low volume, the full AV
implementation did not showed any improvement, the delay increased by 1.3%, speed decreased
by 0.38% and the number of stops increased by 2.9 %. B. Friedrich, using mathematical
modeling, found that compared to full RVs, the capacity of full AV environment increased by
40% and 80% in urban network and highway respectively [58]. Liu et al., using improved
symmetric two-lane cellular automaton (STCA) model, concluded that the capacity with full
AVs increase from 2000 veh/h at 0% implementation rate of AVs to 3070 veh/h [12]. Mena-
Oreja et al. also confirmed that based on the proper selection of the maximum platoon length and
a desired gap, the traffic flow of the full CACC may increase by almost 39% compared to full
RVs traffic [59]. Abdulsattar et al. concluded that full CAV environment may lead to improved
capacity by 250% compared to RVs traffic in multi- lane highway systems [32]. In contrast to
the above findings, Lu et al. contradicted the significant improved capacity of the full CAV

implementation [11].

2.3 Impacts of the Partial AV Implementation

Different studies in the literature have investigated the possible impacts of partial
implementation of AVs on traffic flow characteristics under a mixed traffic environment. This
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literature included all of the related published studies during the period from 2003 up to April
2021. Tables 2-1, 2-2, and 2-3 summarized the main findings of these studies, respectfully, for
the three categories: ACC environment, CACC and CAV environment, and AV environment,
respectively. The variables of each study, including AV's type, network type, and the study type,
are included. The following parts of this section will discuss these findings concerning the two
main traffic characteristics: traffic capacity and stability for each AV type. The next section will
include an extended discussion about the primary factors of the impacts of AVs implementation

on a mixed traffic environment.
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Table 2-1 Review of the Studies Related to the Impacts of ACC on the Traffic Flow Characteristics

Study variables

Study .
[Reference AV Main findings
No] S Network type Study type
type
Bose et al., ACC Highway Macroscopi ACC improved the stability and increased the flow
2003 [29] c analysis
Kestingetal., ACC Multi-lane Simulation Flow increased by 3% per 10% increase of the implementation rate of ACC.
2010 [60] highway Outflow increased by 2.4% per 10% increase of the rate of ACC
Low rates of ACC (25%) can decrease congestions
Jerath and ACC Closed ring Meso- Low rates of ACC increased the capacity
Brennan, 2012 road simulations Capacity and flow increased as ACC rate increased
[61] Increased rate of RVs caused high susceptibility of congestions
Ntousakis et ACC Single lane and Simulation With time gaps less than 1.1 seconds, capacity rose linearly with increasing
al., 2015 [62] ring roads ACC rate; however, with time gaps greater than 1.5 seconds, capacity
declined as rates climbed
Higher rates of ACC led to more improved stability
Calvertetal., ACC Multi-lane road Simulation ACC had negative impacts on the flow and capacity
2017 [24] (Considered The positive impacts were found at rates above 70%
lane Capacity drop was slightly higher with the ACC implementation and was
changing) increasing as the rate increasing
Decreased lane changes did not show significant impacts
Lietal, 2017 ACC Multi-lane Micro- ACC performance was highly affected by the parameter settings.
[63] highway simulation Inappropriate settings increased the collision risks and caused traffic

disturbances

Optimal settings are expected to be different for different traffic conditions
Higher time gaps and deceleration rates improved stability and safety; but it
decreased capacity
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Kerner, 2020 ACC Highway Review .

Classical ACC increased the speed disturbance due to long time headway,

[64] however, the dynamic rules of modified ACC types decreased it and
therefore that improved the flow
« The likelihood of a traffic breakdown is determined by the ACC's dynamic
parameters.
Table 2-2 Review of the Studies Related to the Impacts CACC and CAV on the Traffic Flow Characteristics
Study variables
Study [Reference § e
No.] AV'stype  Network  Study type Main findings
type
VanderWerfetal., CACC Multi-lane  Simulation . Partial CACC implementation increased the flow from 2,100 (with
2004 [65] highway 100% RVs traffic ) to 2,900 (with 20% RVs, 20% ACC, 60% CACC
traffic)
. A critical time gap of 1.4 sec was found is the limit between the
deterioration and improvement
Van Arem et al., CACC Highway  Simulation . At low traffic volumes, no significant impacts of different rates of

2006 [55]

CACC

At high traffic volumes, increased CACC rates improved stability,
increased throughput and speed, and decreased shockwave impacts
With rates less than 40%, the impacts was minimal

Schakel et al., 2010
[66]

CACC Single Simulation
lane
highway

Increased headway variability, due to the mixed traffic, had minor
impacts on the stability

CACC quickly damped shockwaves at low rates (50%) and that
improved more with higher rates

Tientrakool et al.,
2011 [56]

CACC Urban Capacity
signalized analysis

Compared to full RVs, full ACC increased the capacity by 43%, while
full CACC increased it by 273%

intersectio « Capacity increased slightly until the CACC rate exceeded 85%

n
Shladover et al., CACC,AC Single Micro- « ACC did not show improvement on the capacity, however, CACC
2012 [57] C lane simulation significantly increased the capacity mainly with higher rates

highway « Increased rates of CACC had significant impacts on traffic flow, but,
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the rate of ACC had small impacts

Jones and Philips, @ CACC Review « The positive impacts of CACC on the stability and throughput were
2013 [54] only found with CACC rates of more than 40%
Zhao and Sun, CACC,AC Three lane Micro- « Platoon size had small impacts on the capacity
2013 [52] C highway  simulation . Capacity was increasing as the rate of CACC increasing
Arnaout and CACC Four-lane  Simulation . CACC implementation increased the capacity and improved the
Arnaout, 2014 [67] highway stability
. At low traffic volume, no significant impacts of different
implementation s rates
« At high traffic volume, increased CACC rates led to a significant
increase of the flow.
. Rates of less than 40% had small impacts
Milanes et al., 2014 CACC,AC Urban Fieldtesting . CACC increased the capacity and improved the stability
[68] C road
Le Vineetal., CAV Signalized Micro- « CAVs with more smooth acceleration/deceleration profile had
2015 [69] intersectio  simulation negative impacts on capacity
n
Nikolos et al., 2015 CACC,AC Highway  Numerical « Compared to ACC, CACC improved the stability
[62] C simulation « CACC increased the capacity and improved traffic dynamics mainly
at on-ramp bottlenecks
Talebpour and CAV,AV  Single Micro- « CAV enabled more reliable driving experience than AV
Mahmassani, 2016 lane simulation . CAV with shorter headway increased the capacity and improved
[29] highway stability even at low rates
. CAV with longer headway decreased the capacity and increased
delays, however, it improved the stability
Bailey and Kroll, CACC,AC Urban Simulation . Different behavioral models and parameters of AVs had different
2016 [2] C,AV signalized impacts on traffic flow
intersectio « AVs implementation rate had similar impacts in urban network and
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n highways
« Capacity and flow were increasing and delay was decreasing as AV
rate was increasing
Zhou et al., 2016 CAV Highway  Simulation . CAV with longer time gaps improved stability and safety; however it
[5] decreased the capacity
« The level of the impacts was increasing with the increase in the rate of
CAV
Ye and Yamamoto, CAV Multi-lane  Simulation « CAV's capability to maintain shorter headways was negligible at
2018 [9] highway  (Considered lower rates
lane « Capacity increased with an increase of CAV rate and that was more
changing) significant with rates of higher than 30%
. Higher time gaps improved the stability and safety; however it
decreased the capacity
Yeetal, 2018 [50] CAV Multi-lane  Simulation « As the rate of CAV increased, traffic flow became smoother owing to
highway  (Considered a reduction in excessive deceleration rates
lane « When rates of CAV is between 40 and 50%, the proportion of stop-
changing) and-go traffic was decreased
Mena-Orejaetal., CACC Multi- Micro- « Compared to full RVs traffic, full CACC traffic, with maximum
2019 [59] lanes road  simulation platoon length of 2 vehicles and desired gaps of 10, 5, 1m, increased
(Considered the flow by 9.39, 26.09 and 39.21% respectively
platooning) « With rates of less than 20%, capacity and flow decreased, however,
with higher rates, capacity and flow increased
« Desired gaps and maximum platoon length were important factors of
the capacity improvement
Makridis Michail AV, Ringroad  Simulation . The average speed decreased, while density and congestion increased
etal., 2018 [70] ACC,CAV (Considered with increased rates of AVs
lane - « With high traffic volume scenarios, high rates of CAVs lead to
changing) increased capacity, smoother lane changes, maintained high speed and
improved stability, however, low rates showed small negative impacts
« With low traffic volume scenarios, compared to RV traffic, the CAVs
implementation showed negative impacts even with higher rates
Luetal., 2020 [11] CAV Urban Micro- . Capacity, stability, and flow were improving with the increase of
network simulation CAVs rate
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Flow significantly increased with 50% CAVs rate

F. Zheng et al., CAV Single Simulation Portion of stop-and-go traffic decreased and led to improved stability
2019 [33] lane with the increasing rate of CAVs
circular Rates from 10% to 50% showed similar performance
road CAVs distribution did not show significant impacts
Zhou et al., 2020 ACC,CAC Multi-lane  Numerical Increase of CACC rate significantly decreased traffic congestions and
[71] C highway  simulation improved the capacity and stability
(Considered ACC implementation did not show any improvement on the stability
lane
changing)
Fakhrmoosavi et CV,AV, Network  Meso- CVs and AVs, mainly with higher rates, led to significant
al., 2020 [51] CAV level simulation improvement in traffic flow, capacity, however, AVs were more
significant than CVs
Abdulsattar etal., CAV Multi-lane  Simulation CAV significantly increased the capacity with high rates (50% and
2020 [32] highway  (Considered above), however, lower rates (less than 40%) did not show
lane improvement
changing) The capacity in the free flow were directly proportional with rate of
CAV
Zhongetal., 2020 CAV Multi-lane  Micros- Average lane change of RVs increased till 30% rate of CAVS is
[72] highway  simulation reached. After that, it decreased as CAVs rate increased
(Considered
lane
changing)
Jinetal,, 2020 [41] CAV Asingle-  Numerical Stability was related to driver’s reaction delay, rate of CAV, and the
lanering  simulations information obtained by CAVs
road « CAVs implementation increased the traffic flow

Driver’s reaction delay decreased the stability
As the rate of the CAVs increased, stability improved and the
propagation of lead vehicle disturbance gradually disappeared
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Table 2-3 Review of the Studies Related to the Impacts AVs on the Traffic Flow Characteristics

Study [Reference

Study variables

NO.] AV's  Network type Study type Main findings
' type
Hoogendoorn et AV Highway Review « AV implementation had positive impacts on the capacity and stability
al., 2014 [10] level « Congestion delay decreased by 30%, 60% with 10%, 50% rates of
AVs, respectively.
. Impact of AVs were highly affected by the time headway and speed
choice
Bohm and Hager, Full Urban Simulation « With high traffic volume scenarios, full AV traffic increased the
2015 [6] AV network capacity, decreased delay and number of stops by 56% and 54% and
(level increased speed by 34 %
3) « With low volumes scenarios, full AV traffic increased the delay by
1.3%, decreased speed by 0.38% and increased number of stops by 2.9
%
B. Friedrich, 2016 AV Highway and Mathematical « Capacity increased as the rate of AVs increased
[58] signalized Modeling . Assingle RV in the lane decreased the speeds and therefore decreased
intersection the capacity improvement
Peter Wagner, AV Different Macro- « At high volume scenarios, the capacity of traffic signal was doubled,
2016 [58] network simulation however, at low volumes no improvement was found
levels
Liu et al, 2017 AV Multi-lane Meso- . AVs significantly improved the capacity, stability, and free-flow
[12] highway simulation speed mainly with high rates
(Considered . Car following maneuvers contributed more to the improvement than
lane the smarter lane-changing
changing) . Different lane changing rules had little impacts
« Implementation rate of 50% was the optimal rate of lowering
congestion level
Chen et al., 2017 AV Multi-lane Theoretical . Strict segregation of AVs and RVs decreased the capacity, however,
[73] highway framework mixed-use policies increased it
Elvarsson, 2017 AV Urban Simulation « Slow improvement of network performance was observed until 40%
[74] network AV rate, however, after 60% rate the performance degraded
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Stern et al.,, 2018 AV Single-lane Field « AV improved the stability
[75] circularroad  experiment . Asingle AV significantly decreased the stop-and-go waves that were
produced by 20 RVs around it
« A 5% rate of AVs led to significant positive impacts on stability
Y. Zheng et al., AV Single lane Control- . AVs significantly suppressed the unstable waves and led to smoother
2020 [27] ring road theoretic flow
study « Speed increased by more than 6% with 5% rate of AV
F. Zheng et al., AV Single lane Numerical « AV improved the stability and decreased the uncertainty of the RV
2020 [28] highway experiment behavior

Uncertainty of RVs was lower in congested conditions compared to
free flow

The improvement was more significant with high rates of AVs (50%)
Reaction time and position of AVs showed negligible impacts
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2.3.1 Traffic Capacity

This sub-section will include a discussion of the findings related to the impacts of AVs
implementation on the traffic capacity and it's components for each AV type. Based on the
literature, different researches have showed that the implementation of different levels and types
of AVs in the network may have significant impacts on the improvement of the traffic capacity.

The following parts will include a detailed literature with respect to each type.

A. ACC Environment

Some studies have showed that the implementation of ACC may have significant impacts on the
traffic capacity. For example, using Enhanced Intelligent Driver Model (EIDM), Kesting et al.
concluded that the ACC may increase traffic flow and recovery from traffic breakdowns mainly
at higher implementation rates [60]. The maximum flow was increased by 0.3% per 1% increase
in the implementation rate of ACC and the outflow from traffic jams was increased 0.24% per
1% increase in the implementation rate of ACC. Even low implementation rates of ACC (25%)
can decrease traffic congestions. Jerath and Brennan, using a general motors’ car-following
model, concluded that the ACC may increase the traffic capacity even with lower
implementation rates [61]. The capacity and traffic flow increase mainly with increases in ACC
implementation rates. Ntousakis et al., using different time-gap settings and different network
levels, concluded that smaller time gaps increased the capacity linearly with the implementation
rate [62]. In contrast to the above positive impacts Shladover et al., using realistic headway
choices, concluded that ACC did not significantly increase the capacity of single lane highway
[57]. Calvert et al. confirmed that ACC with less than 70% implementation rates has little

negative impact on traffic capacity [24]. The capacity drop is slightly increased with the increase
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in the ACC rate. Li et al., using modified IDM, indicated that ACC may reduce the capacity as a

result of higher time gaps and deceleration rates [63].

B. CACC or CAV Environment

Some studies have showed that the implementation of CACC or CAV may have significant
impacts on traffic capacity. Different studies indicated the capacity improvement due to CACC
implementation mainly with higher rates ([57],[52],[67]). Milanes et al., based on field testing,
confirmed that CACC can increase the capacity of urban network due to the reduced inter-
vehicular gaps [68]. Nikolos et al. concluded that CACC increase the capacity and traffic
dynamics mainly at on-ramp bottlenecks [62]. Talebpour and Mahmassani concluded that CAV
with shorter headways can increase the flow and capacity mainly with increase in the
implementation rate [29]. This improvement was significant even with low implementation
rates. Makridis Michail et al. concluded that the positive impacts of the CAV may be observed
only at high traffic volume scenarios and it is clearly observed with higher implementation rates
[70]. The improved characteristics of the CAV, such as the reduction of the time headways, gaps
and reaction times, lead to improved capacity. However, for the scenarios of low traffic volume,
CAYV did not perform well compare to the RVs even with higher implementation rates. They
justified that by the CAV's inability to overcome the speed limits. Lu et al. and Zhou et al. also
confirmed that CAV implementation increase the capacity ([11],[71]). Abdulsattar et al. also
confirmed these findings mainly with high implementation rates due to short following distance
between two consecutive CAVs [32]. In contrast to the above positive impacts, Zhou et al. [5]
and Ye and Yamamoto [9] concluded that CAV implementation with long desired time gaps may
decrease the capacity. Both Mena-Oreja et al. and Makridis Michail et al. concluded that when

the implementation rate of CACC is less than 20%, the capacity and the flow decreased as
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resulted by high number of aborted maneuvers due to the obstruction caused by RVs ([59],[70]).
However, when the rate of CACC is more than 20%, the capacity and flow increased which is

concluded by previous studies.

C. AV Environment

As mentioned before, the term autonomous vehicle may be referred the full automated vehicle,
with Level 5 automation, without connectivity capabilities or as in some studies it may referred
to any type of autonomous vehicle. Some studies have showed that the implementation of the
AV may have significant impacts on traffic capacity. For example, the review made by
Hoogendoorn et al. indicated that AVs implementation has positive impacts on the traffic
capacity [10]. B. Friedrich [58] concluded that the capacity and flow are increasing as the
implementation rate of AVs increasing. Using different behavioral models of AVs, Bailey and
Kroll also confirmed these findings and concluded that the flow of the AVs increase and delay
decrease as AVs implementation rate is increase [2]. Liu et al. also confirmed that the
implementation of AV may significantly increase the capacity of the highway [12].
Fakhrmoosavi et al. concluded that CVs and AVs may significantly increase the intersection

capacity [38].

2.3.2 Traffic Stability

This sub-section will include a discussion of the findings related to the impacts of AVs
implementation on the traffic stability and it’s components for each AV type. Examples of these
components may include: throughput (flow), speed, and shockwave formation and propagation,

traffic congestion. Based on the literature, some studies in the literature have tried to discuss the
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possible impacts of partial implementation of AVs on traffic stability considering different levels

and types of AVs. The following parts will include a detailed literature with respect to each type.

A. ACC Environment

Some studies have showed that the implementation of ACC may have significant impacts on the
traffic stability. For example, Bose et al. [29] and Kesting et al. [60] concluded that ACC may
improve the stability in highway system. Ntousakis et al. concluded that higher implementation
of ACC may improve traffic stability by reducing the intensity of congestion waves [62]. Li et al.
concluded that ACC with longer time gaps and higher deceleration rates may improve stability of
highway [63]. In contrast to the above positive impacts, Zhou et al. concluded that the
implementation of ACC in highway deteriorate the stability of the traffic flow [71]. Kerner
concluded that the classical ACC model may cause speed disturbance due to the long headway
and therefore deteriorate the stability by initiating traffic breakdowns [64]. However, the
improved ACC models may decrease these disturbances and therefore either does not have

negative impacts or improve the stability.

B. CACC or CAV Environment

Some studies have showed that the implementation of CACC or CAV may have significant
impacts on the traffic stability. For example, Van Arem et al., using good vehicle dynamics and
driver behavior models, concluded that higher implementation rates of CACC in high traffic
volume scenarios may significantly improve traffic stability, increase flow, reduce shockwave
impacts and increase the average speed [55]. Schakel et al., using IDM+ car-following model,
concluded that CACC can improve the traffic stability by the fast damp of the shockwaves even

with low implementation rates [66]. The simulation results of Arnaout and Arnaout, Milanes et
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al. and Nikolos et al. confirmed the improved stability due to CACC implementation
([67],[68].,[62]). Zhou et al. [5] also confirmed that CAV with application of long desired time
gaps may decrease speed dispersion, improve traffic stability and safety. Also, Talebpour and
Mahmassani and Ye et al. concluded that CAV implementation may improve the stability by the
reduction of shockwave impacts ([29],[50]). Makridis Michail et al. concluded that CAVs had a
positive impacts on traffic stability in high traffic volume scenarios and that is improving with
the increase in the implementation rates due to smoother lane changes and the maintained high
speed of the CAV [70]. F. Zheng et al., using stochastic lagrangian model, concluded that CAVs
can improve the stability of the traffic flow by reduction of the stop and go waves [33]. Lu et al.
confirmed that CAV implementation improve the stability and increase the flow mainly with the
increase of CAVs implementation [11]. Zhou et al. concluded that the increase of CACC
implementation may significantly decrease traffic congestions and improve traffic stability [71].
Jin et al. confirmed that CAV implementation may increase traffic flow; however, they
highlighted the importance of the proper consideration of the information from vehicles ahead of
CAV [41]. In contrast to the above findings, Makridis Michail et al. concluded that low

implementation rates of CAVs may leads to little negative impacts on the traffic stability [70].

C. AV Environment

Some studies have showed that the implementation of AV may have significant impacts on the
traffic stability. For example, the review made by Hoogendoorn et al. indicated that AVs
implementation has positive impacts on the traffic stability [10]. Congestion delay can be
decreased by 30% and 60% with 10%, 50% implementation rates of AVs, respectively, due to
their increased throughput in traffic flow. Liu et al. confirmed that AVs may improve traffic

stability and increase free-flow speed of the highway mainly with higher implementation rates
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due to smart maneuvers of AVs [12]. Stern et al. confirmed that the AV implementation, even
with lower implementation rates, may improve the stability by decreasing stop-and-go waves in
the traffic. A single AV can substantially decrease those waves that produced by 20 RVs around
it in a circular road [75]. Y. Zheng et al. concluded that AVs can suppress unstable traffic waves
and increase the speed of the flow. The speed increased by more than 6% when there are only
5% AVs [27]. F. Zheng et al. also confirmed that AVs can improve the stability by decreasing
speed variations in the traffic flow [28]. This improvement is more significant with higher
implementation rates of AVs. Fakhrmoosavi et al. concluded that the implementation of CVs and
AVs leads to significant improvements in traffic flow and faster recovery [51]. In contrast to the
above findings, Makridis Michail et al. concluded that low implementation rate of AV may have
a negative impacts on the traffic stability [70]. The average speed decreased while density and

congestion increased with increased implementation rates of AVs.

2.4 Basic Factors Controlling Impacts of AVs Implementation in Mixed Traffic

Environment

In general, the obtained results of the different studies are somehow controversial due to
differences in their study type’s , tested AV’s type including their modeling and settings,
network level, traffic composition, traffic conditions and driver behavior. The relationship
between the implementation of the AVs and its impacts on mixed traffic environment of AVs
and RVs is complex and is based on different factors. Some of the studies discussed the
importance of some examples of those factors. Impacts of AVs on traffic stability are influenced
by implementation rate, connection, platoon size, safe and desired gap, and driver behavior [33].
According to Jin et al., the stability of mixed traffic is dependent on the reaction time of drivers,

the implementation rate of CAVs, and the information that CAVs may collect [41]. Narayanan
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et al. mentioned that there are 19 related factors including acceleration and deceleration profiles,
lane changing rule, longitudinal driving behavior, presence of connectivity between AVs, desired
gap, network level, vehicle distribution in the network, implemented optimization function, the
use of dedicated lanes for CAVs and AVs, intersection control method, platoon size and presence
of variable speed limits (VSL) [5]. On the other hand, F. Zheng et al. concluded that the reaction
time and the position of AVs are not considered as significant factors in terms of the AVs
impacts on the traffic stability [28]. F. Zheng et al. concluded that there are no significant

impacts of CAV's distribution on the traffic stability [33].

In general, this review has indicated that those discussed expected impacts of different types of
AV in mixed traffic environment are depending on some basic factors that may affect the level

and the magnitude of their impacts. These main factors basically may include:

e Implementation rate of the AVs

e AV characteristics

e Modeling and operational settings of the AVs

e Traffic volume

e Human driving behavior in mixed traffic environment
All of these factors differ in their significant effects on the traffic flow impacts. Those factors,
including their effects with supporting examples; will be discussed separately in details in the
following parts of this section. In addition to those, there are some other factors such as, the
application of the platooning concept and the use of dedicated lane for the AVs. However, their
related studies were not included since that it is not part of the main focus of this review as

mentioned earlier.
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2.4.1 Implementation Rate of the AVs

Most of the studies have investigated the expected impacts of different types of AVs on the
mixed traffic environment using different implementation rates. For example, Van Arem et al.
confirmed that the implementation rate of CACC is only critical with high traffic volumes
scenarios and found that the critical rate that starts to indicate significant impacts is above 40%.
With low traffic volumes, there were no significant impacts of different implementation rates
[55]. Schakel et al. concluded that when the implementation rate increased, the duration of the
shockwaves decreased leading to improved stability [66]. Kesting et al. concluded that with
increasing rates of ACC in highway, the flow and the outflow from traffic breakdowns is
increasing [60]. Tientrakool et al. concluded that the capacity increased slightly until CACC
implementation rate exceeded 85% [56]. Jerath and Brennan concluded that low rates of ACC
may lead to increase the congestion level [61]. Shladover et al. concluded that higher
implementation rates of CACC is required in order to have significant positive impacts on the
traffic flow [57]. Jones and Philips concluded that the positive impacts on the stability and flow
will be noticed only when the implementation rate of CACC is above 40% [54]. Zhao and Sun
[52] and B. Friedrich [58] concluded that the capacity increases as implementation rate of AV
increases. Arnaout and Arnaout confirmed that there were no significant impacts of different
implementations rates at low volume traffic scenarios [67]. With high volume traffic scenarios,
with implementation rates of less than 40%, their impacts were minimal, however, when it is
more than 40%, the increase in CACC implementation rates lead to a significant increase in
traffic flow. Ntousakis et al. also confirmed that higher implementation of ACC led to improved
stability [62]. Zhou et al. [5] also concluded that the traffic flow is increasing with the increase in

the implementation rate of CAVs. In addition, Talebpour and Mahmassani confirmed that higher
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implementation rates of CAVs can increase the flow and capacity of the traffic network [29]. On
the other hand, Calvert et al. concluded that the critical implementation rate of ACC that may
start to indicated an improvement in traffic flow is above 70% [24]. Liu et al. concluded that that
the increase of AV implementation rate improves the capacity, traffic stability, and free-flow
speed [12]. The implementation rate of 50% is optimal in terms of lowering congestion level. Ye
and Yamamoto concluded that with the use of proper time gap, capacity increases with an
increase in CAV implementation rate and it is more significant with rates of higher than 30%
[9]. Mena-Oreja et al. concluded that when the implementation rate of CACC is of less than
20%, CACC had a negative impacts on the traffic, however, when the rates is more than 20%, it
leads to an improvement [59]. Stern et al. concluded that even low implementation rates of AVs,
such as 5%, may lead to positive impacts on traffic stability [75]. Makridis Michail et al.
concluded that compared to the RVs, AV has negative impacts even at low implementation
rates, however, higher rates mainly in high volume traffic have showed some improvement [70].
Zhou et al. concluded that the improvement of traffic capacity and stability is increasing with the
increase in the implementation rate of CACC [71]. Lu et al. also confirmed that the
implementation rate of AVs in mixed traffic may highly impacts the capacity, stability, and flow
[11]. The capacity increase is more intensive with 50% CAVs implementation. F. Zheng et al.,
using stochastic lagrangian model, concluded that the stop-and-go traffic was decreased and the
stability improved with an increasing implementation rate of CAVs [33]. However, the
implementation rates 10% to 50% showed similar performance. Fakhrmoosavi et al. also
confirmed that higher implementation rates of CVs and AVs may result in slightly higher flow,
and improved stability [38]. F. Zheng et al. concluded that the improvement of the traffic

stability is more significant with high implementation rates of AVs (50%) [28]. Abdulsattar et
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al. concluded that the capacity in the free flow phase is directly proportional with
implementation rate of CAVs [32]. In congested flow, rates of less than 40% did not show
improvement on the capacity. The critical rate in terms of capacity improvement was found to be
50%. Jin et al. found that when the implementation rate of CAVs grows, stability improves and
lead vehicle disturbance propagation fades away [41]. Many studies confirmed that the
implementation rate of AV is highly an important factor that significantly affects the level of
their impacts. Some of these studies have indicated that implementation rate is critical factor
only with high traffic volumes conditions. Most of the studies have confirmed that increasing
rate of AV in the traffic leads to more significant improvement of the different flow
characteristics. However, few studies have indicated that with low implementation rates, there is

no expected significant improvement or even it may worsen the traffic conditions.

2.4.2 AV Characteristics

In general, the automated driving can refer to a wide range of different operational levels of AVs
[2], which differ in their driving capabilities, ranging from zero automation to full driving
automation. In addition, there are different types of the AVs in terms of their connectivity
capabilities. Different studies have used different levels or types of AVs. The literature has
indicated that one of the important factors that may highly affects the level of expected impacts
of AV implementation in a mixed traffic environment is the characteristics of the implemented
AV. As indicated earlier, these different types of AVs may behave differently in the traffic flow
due to their specific operational characteristics and therefore, their impacts may vary mainly in
case if mixed traffic environment. The studies have confirmed that through different obtained

conclusions about their expected impacts.
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The literature has somehow compared the characteristics of these different types of AVs. For
example, the performance of ACC systems is depending only on the behavior of the leading
vehicle. In terms of CACC or CAV performance, they have advanced communication
capabilities that gather and utilize more information of the vehicles ahead or in further
downstream in order to automatically control the longitudinal following behavior based on the
behavior of its leading and following vehicles. In terms of AV performance, unconnected AV’s
conservative conduct and inability to forecast nearby automobile’s movements are the reasons

for their potential decreased capacity to produce favorable traffic flow impacts [5].

Some studies have directly compared the expected impacts of these different types of AV under
mixed traffic environment. For example, Tientrakool et al. concluded that compared to full ACC
traffic, full CACC traffic showed much improved capacity [56]. Shladover et al. found that ACC
did not show a significant capacity improvement; however, CACC significantly improved the
capacity [57]. In terms of traffic stability impacts, Nikolos et al. concluded that CACC
implementation improve the stability of traffic flow compared to ACC [62]. Due to the ability to
overcome sensor constraints, CAVs can provide a smoother and more dependable driving
experience than AVs [29]. They highlighted that AVs and CAVs should be treated differently in
micro simulations. Zhou et al. concluded that CACC improve the traffic stability while ACC
cause instability of the traffic flow [71]. Fakhrmoosavi et al. concluded that AVs are more
significant than CVs in terms of improvement of the traffic flow and stability in urban network

[51].

In general, it may be concluded that the implementation of CACC or CAV is better than the non-
connected AV or ACC in terms of improvement of traffic capacity and stability. However, there
are some factors that may affect their effective positive impacts including their implementation
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rate and their distribution and position in the traffic flow in addition to the type and the
characteristics of the leading vehicle. The literature has showed that if the preceding vehicle of
the connected vehicle is non-connected, it may not be able to offer such positive impacts in the
traffic flow. For example, the desired time headway may not be assumed as a fixed number if the
AVs are following RV. Moreover, CAV may allow closer vehicle following mainly when
following another CAV, but if it is following a RV or non-connected AV, it may behave
similarly to these vehicles [8]. According to Makridis Michail et al., CAVs that follow AVs or
RVs react as AVs, since they do not have any information from other vehicles to make use of
their connectivity capabilities [70]. This is actually somehow related to the importance of CAV
implementation rate since that with low rates, the probability of connected platoon formation of
CAV is lower than the probability of a CAV following RV or an AV [70]. This fact may justify
the insignificant impacts of low implementation rates of CAVs in mixed traffic environment due
to their required longer headways. However, the lower reaction times of connected vehicle may

be achievable due to their radar detection systems [32].

On the other hand, the literature did not include clear definition for these different types of AVs.
It was noticed that there are some studies that assumed that AVs are connected to other vehicles
and have real-time information through V-1. For example, Talebpour and Mahmassani stated that
the automation and connectivity are sometimes used interchangeably by different studies [29]. It
should be noted that some of the studies did not even discuss or specify the exact characteristics
of the AV and they just named it as AVs. However, in order to have reliable and logical
comparable results with other studies in terms of evaluating the impacts of AVs, it is important
to include a clear description of AVs and RVs characteristics including their selected driving

models, operational settings and their connectivity capabilities with other objects in the traffic
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flow and other needed assumptions for modeling the AVs. In current literature, we have tried our
best, with available information in the studies, to specify the type of the used AVs within each

study in order to have clear conclusions about their impacts.

2.4.3 Modeling and Operational Settings of the AVs

The other important factor is related to the selection of the driving models and the operational
settings of the AVs. Those represent the basic characteristics of each AV type. Bailey and Kroll
confirmed that the different behavioral models and parameters of the AVs may have different

significant impacts on traffic flow [2].

A. Modeling of AVs

Several driving models have been proposed in the literature for modeling different types of AVs
for the simulation works. Examples may include: Intelligent Driver Model (IDM), Cooperative
IDM, Gipps driver model and different acceleration frameworks. For more information in this
regard, in 2015, Ntousakis et al. conducted an extended review on the existing microscopic
modeling of ACC [62], while Gora et al. in 2020 conducted a review on the microscopic
simulation models for CAV [76]. In general, the specific driving models of AVs may involve
two main groups: car following and lane changing models. The literature has indicated that the
selection of the car following models is more critical than the lane changing models. For
example, Liu et al. concluded that the car following maneuvers of the AVs contributes more to
the improvement than the lane changing [12]. Lane changing in traffic flow usually leads to
longer time headways in the origin and destination lanes. The vehicle requires a sufficient gap in
the destination lane in addition to leaving a gap in origin lane. As a result, more lane changes

could lead to negative impacts on the capacity. In terms of lane changing modeling of AVs, few

37



studies have investigated the impacts of the lane changing behavior in mixed traffic environment.
Generally speaking, some of these studies have stated that the adjusted lane changing behavior
may cause some impacts on the traffic flow. For example, Makridis Michail et al. concluded that
smoother lane changes of AV can improve the capacity and stability [70]. In contrast, Liu et al.
concluded that the use of different lane changing rules of AVs had small impacts on the traffic
flow [12]. Calvert et al. concluded that the impacts of lane changing modeling of ACC, such as
fewer lane changes, does not show significant impacts and they stated that their expected impacts
may only be claimed in theory [24]. Next part of this sub-section section will focus and discuss

the importance of the selection of the operational settings of the car following models.

B. Operational Settings of the AVs

Each type of the AVs has a special adjusted operational settings that controls it's driving
behavior and therefore differently affects it’s expected impacts on the traffic flow characteristics.
In general, the literature has highly confirmed that the selection of the operational settings of car
following models of AV is an important factor. For example, Hoogendoorn et al. concluded that
the expected impacts of AVs is highly affected by the time headway and speed choice [10]. Li et
al. also confirmed that ACC performance is highly affected by the parameter settings [63].
Inappropriate parameter settings may increase the collision risks and therefore cause traffic
instability. However, the optimal parameters are expected to be different for different traffic
conditions. Mena-Oreja et al. confirmed that the settings of the safe and desired gap and
maximum platoon length are important factors for the expected capacity improvement due to
CACC implementation [59]. Kerner concluded that the possibility of traffic instability is highly

depending on the dynamic parameters of ACC [64]. Main examples of the critical car following
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settings in terms of traffic flow impacts may include: time and space headways, acceleration and

deceleration rates, speed and reaction time.

Let’s discuss the impacts of the setting of the time and space headways (or gaps) of AVs on the
traffic characteristics. Different studies have indicated that the most important settings of AV are
the settings of headway parameters. For example, VanderWerf et al. concluded that a critical
time gap of 1.4 sec is the limit between the deterioration and the improvement of the traffic flow,
however, that is valid only for when the implementation rate of CACC is higher than 60% [65].
Ntousakis et al. tested different time gap settings and concluded that the capacity improvement
of mixed traffic of ACC and RV is highly depending on these settings [62]. With time gaps of
less than 1.1 sec, the capacity increased linearly with the increase in the implementation rate of
ACC; however, with time gaps of 1.5 seconds or more, it decreased even when ACC
implementation rate increased. Talebpour and Mahmassani also confirmed that CAVs with
shorter headway can increase the throughput and capacity mainly with higher implementation
rates [29]. In contrast, the increased time headway may have some negative impacts such as
reduced capacity and increased delays; however, it may improve the traffic stability
([29],[63].[9]). Calvert et al. also confirmed that with the partial implementation of ACC [24].
On the other hand, Ye and Yamamoto concluded that CAV's capability to maintain shorter
headways is negligible at lower implementation rates [9]. Mena-Oreja et al. tested different time
gaps settings in full CACC environment and found that with the use of desired gaps of 10m, 5m
and 1m, the flow increases by 9.39%, 26.09% and 39.21% respectively compared to full RVs
environment [59]. The review made by Narayanan et al. in 2020 indicated that longer time gaps

may reduce speed dispersion, improve traffic stability and safety; however it may decrease the

39



capacity [5]. Kerner confirmed that the possible large speed disturbance of ACC traffic may

results from their wide range of the long desired time headway to the preceding vehicle [64].

Another important aspect of car following driving models is the settings related to speed
distributions and acceleration/deceleration rates of AVs. For example, Le Vine et al. investigated
the impacts of CAV at signalized intersection and concluded that CAVs operated with smoother
acceleration/deceleration profile may have negative impacts on capacity, because of the
restriction on the dynamics of the vehicles [69]. Li et al. also confirmed that higher deceleration
rates may improve stability and safety; however that may decrease the capacity [63]. According
to Ye et al., the smoother traffic flow with rising CAV implementation rate is attributable to a
decrease in the percentage of high deceleration rate [50]. Makridis Michail et al. concluded that
the expected negative impacts of the low implementation rates of the AVs are due to their longer

headways and lower maximum deceleration and acceleration compared to the RVs [70].

In general, the findings of the literature have indicated that the exact driving behavior of different
types of AVs in mixed traffic environment is complex and still not understood. Most of the
studies are based on different assumptions of the driving behavior of these AVs such as car
following and lane changing behavior. There are some technical components regarding the
modeling and simulation of AVs that may highly affect it’s obtained expected impacts that
indicated by these different studies. Zeidler et al. stated that there is no common agreement or
recommendations on parameter settings when modeling AVs in micro-simulation software [53].
The above findings have indicated that even with the same type of AVs, the different applied
operational settings, mainly those related to time headways, may highly affect it's impacts on the
traffic flow. The literature have indicated that the AVs with shorter headways will lead to
increase the road capacity and that is confirmed the fact regarding the inversely proportional
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relation between the capacity and the minimum average time headway between the vehicles.
However, some studies have concluded that short headways may have negative impacts of the
traffic stability. So, a clear knowledge of these settings of the AVs for the simulation is very

important to explain or verify the different obtained findings.

2.4.4 Traffic Volume

Some studies have indicated that the level of the traffic volume may affect the impacts of the
different AVs in mixed traffic environment. Some of these studies have indicated that the
significant impacts of the AVs will be clear only at high traffic volume scenarios. For example,
Van Arem et al. concluded that at low traffic volumes, there were no significant impacts of
different implementation s rates of CACC on the traffic stability [55]. However, at high traffic
flows, their impacts were significant. Arnaout and Arnaout also confirmed that in terms of the
improvement of the traffic flow due to CACC implementation [67]. Bohm and H&ger confirmed
that for a high traffic volume, the full AV implementation highly increased the capacity [6].
However, for the low volumes, AVs deteriorated the traffic characteristics. Peter Wagner [58]
confirmed the increased capacity of signalized intersection due to the AV implementation in case
of high traffic volumes, while the low traffic volumes indicated no improvement. Makridis
Michail et al. also concluded that when the traffic volume was high, the impacts of CAVs were
positive; however, when the volume is low, they have found that the RVs outperformed CAVs

[70].

2.4.5 Human Driving Behavior in Mixed Traffic Environment

As indicated earlier, it is totally known that human driving behavior of the RVs and automated

driving behavior of the AVs are not the same. In fact, each has different driving models and
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logics. For example, with human driving, the acceptable safe time gap is determined based on the
human’s perception and reaction time that is highly affected by different factors such as the
driver’s experiences, visional abilities and expectations about the behaviors of other vehicles
including different types of AVs. Another example is that human drivers may take the risks
while driving, trying to predict the movement of nearby vehicles in the entire traffic stream in
addition to the immediate vehicle ([29],[70]). It is highly expected that the implementation of
AVs in the mixed traffic environment will cause some impacts on driving behavior of RVs as a
result of their interactions. However, the literature has indicated that still there are uncertainties
of these impacts that may be justified by the limitation of the real data and complexity of the
reliable simulation and modeling of this complex traffic environment. From the available
reviewed related studies, it can be concluded that the human driving behavior of RV, including
their reactions and adaptation, may affect the expected impacts of the AV implementation.
Schakel et al. concluded that the increased headway variability, caused by the presence of mixed
traffic of CACC and RVs, had small impacts on the traffic stability [66]. Jerath and Brennan
concluded that any increase of the RVs rate in a mixed traffic with ACC may lead to higher
susceptibility of congestions [61]. B. Friedrich [58] concluded that a single RV in the traffic lane
may lead to slower speeds and decrease the improved capacity of the AV implementation. On the
other hand, F. Zheng et al. concluded that higher rates of AVs can decrease the uncertainty of the
RV behavior mainly in congested traffic conditions compared to free flow where the
heterogeneous behavior impacts is more significant due to increased mean speed variance [28].
Zhong et al. concluded that the average lane change of RVs increases till 30% implementation
rate of CAVs is reached [72]. After that, it decreases as CAVs implementation rate increases. Jin

et al. concluded that one of the main factors that may affect the impacts of CAV in mixed traffic
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is the driver’s reaction delay that may cause traffic instability [41]. Kerner concluded that if the
dynamics of the AVs is qualitatively different from those of RVs, the AV might be considered an

obstacle for the RVs and that may decrease the capacity [64].

2.5 Policy Implications

The implementation of the AV will transform transportation systems and traffic flow
characteristics depending on many associated factors. Eliminating human errors and providing
real-time information on vehicles from the connected infrastructure and other vehicles can result
in significant driving behavioral improvements. Many policymakers wonder how AVs will
change the future traffic demands, and how that may affect the planning for different
transportation infrastructures such as roads, parking, and public transportation systems, and
whether strategies and laws should encourage or limit their implementation [77]. In order to
formulate policies, the first step is to identify problems that need to be addressed, determine

which issues require the greatest attention, and specify what the nature of the problem is [21].

The existing traffic environment of road networks mainly includes RVs and some different types
of semi-autonomous vehicles with different driving assisting systems. However, in the coming
future, it is expected that the implementation rate of different types of AVs, including the full
AVs level, in the traffic environment will increase and therefore it will cause different impacts
on the traffic systems. The findings of this review have confirmed these related impacts of its
implementation on the traffic capacity and on the components of the traffic stability. Also, it
have confirmed the importance of some critical relate factors that may control the level and
magnitude of the expected impacts. As a result, the traffic authorities and engineers have to

consider the specific characteristics of different AV types along with their expected impacts,
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under different future traffic compositions, in order to propose effective policies for future traffic
operation and control. The main outcomes of the included discussions in this research may be
significantly utilized in order to achieve that. Examples of these policies can be related to
optimization of the AV driving parameters, such as desired speed and headway, under different
traffic environment compositions or network levels. Other important polices can be related to
design or optimization of the traffic control systems, such as signalized intersection control,
under sheared environment of AVs and RVs. Such polices and more are very important to insure

traffic efficiency and safety in the real practice of the AV traffic environment [78].

Though extended literature review, this research has investigated the impacts of the
implementation of different types of AVs under full and mixed environment on the traffic
capacity and stability. The findings have indicated that the full implementation of different types
of AVs may significantly increase the traffic capacity compared to full RV traffic environment.
None of the studies have showed negative impacts on the traffic stability under full AV
environment; however, it is logically assumed by different studies that full stability will be
achieved. In the case of full AV traffic, the desired driving parameters of the AVs can be
controlled and optimized to achieve the optimum traffic flow parameters. The presence of
connectivity between AVs is very critical aspect in AV modeling. The obtained findings have
indicated that implementation of CAVs may enhance the efficiency and reliability of AV

performance.

Due to different factors, it may take a very long time to reach a 100% implementation of the AV
in our traffic networks. The findings have indicated that the partial implementation of the AVs
has different impacts on the traffic flow characteristics. Some of the studies have indicated that it

may lead to different levels of improvement and others have conflicted that due to different
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factors. The related investigation works have considered different AV types, different car
following models and different operational driving settings. In terms of the ACC impacts, some
studies have indicated that in general the ACC implementation may increase traffic capacity and
improve the stability of the traffic flow mainly with higher implementation rates. In contrast,
some other studies have indicated that the ACC may have negative impacts on the capacity or
stability. In terms of the CACC or CAV impacts, in general, most of the studies have also
confirmed that their implementation may improve the capacity and stability mainly with higher
implementation rates. In contrast, some studies have indicated that the CACC or CAV may have
negative impacts on the capacity or stability when their implementation rate is low. Two
reviewed studies Zhou et al. [5] and Ye and Yamamoto [9] indicated negative impacts of CAV
on traffic capacity with any rate. In terms of the AV impacts, in general, most of the studies have
also confirmed that the AV may increase the capacity and improve the stability mainly with
higher implementation rates. However, only one study concluded that the AVs may have
negative impacts on the traffic stability even with higher implementation rates [70]. None of the

studies have indicated negative impacts of AVs on the capacity of mixed traffic environment.

So, as indicated earlier, due to their improved operational characteristics, the implementation of
AVs may offer several potential positive impacts that may improve the overall efficiency of
traffic mobility. However, these expected impacts are based on some important factors that
should be considered while evaluating the AV impacts on the traffic flow under mixed traffic
environment. That is highly important in order to maximize it's positive impacts with the
complex interaction with RVs. These factors mainly related to their implementation rate, AV
characteristics, modeling and operational settings of the AVs and the level of the traffic volume

in addition to the impacts of human driving behavior.
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The implementation rate of the AVs is the most critical factor that may affects it's expected
impacts in a mixed traffic environment. Most of the studies have confirmed that the level of the
expected improvement increases as the implementation rate increase. According to this review,
the critical implementation rate should be above 40% in order to have positive significant
impacts on the traffic capacity and stability. The policy makers should encourage and support the
implementation of AVs in traffic network by proposing different strategies mainly in cities with
high traffic density. Moreover, the connectivity capabilities of the AVs can highly affect the
level and the magnitude of the expected improvement on the traffic flow mainly in case of mixed
traffic environment. The review has indicated that the implementation of CAVs is better than the
non-connected AVs in terms of improvement of traffic capacity and stability. This superiority is
due to their significant advanced characteristics, such as their ability to communicate and obtain
more valued information about the traffic, and therefore enable smarter control of car following
and lane changing maneuvers. That may benefit the vehicles to maintain a better driving
behavior by allowing shorter headways between them, faster reaction times, and perform
complex maneuvers, such as platooning and improved merging or lane changing, with less
disturbances to the traffic flow. All of that can result in more utilization and optimization of the
road capacity. In contrast to the CAVs, the behavior of the non-connected vehicles is governed
by specific theories. For example, the gap acceptance theory in which the driver has critical
spacing to perform safe lane merging [8]. Narayanan et al. concluded that the policy makers
should enforce laws to ensure connectivity between AVs to maintain significant the positive
impacts of the AV implementation [5]. The findings also has indicated another important aspects
that should be considered, while evaluating the impacts of different types of AVs is the position

and the distribution of the AVs in the traffic flow in addition to the type of the following or
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leading vehicles of the AV. Most of the related studies in the literature have only focused on the
implementation rates of each type ignoring these important factors. However, in order to achieve
the optimum policy for future traffic environment, it is highly important to conduct a reliable
investigation considering several possible combinations regarding the type of each following or
leading vehicle of an AV in the traffic flow considering different types of AVs in addition to the

RVs.

On the other hand, the selection of the driving models of the AVs and its operational settings is
also considered as a critical factor of the expected impacts. Among them, these impacts mostly
resulted due to the adjustment of the car following driving behavior mainly the headways and
speed settings. However, the optimization of these settings is highly complex since that these
may leads to different impacts on different flow characteristics. In addition, these adjusted
settings may cause several impacts on other aspects such as traffic safety and driver comfort. So,
the policy makers should realized that the optimum selection of these parameters may depend on
different factors such as the implementation rate of the AVs and the network level in addition to
other targeted objectives of the AV implementation. In terms of human driving behavior in
mixed traffic environment, the review has indicated that the possible negative impacts of the
AVs on the RV deriving behavior may be gradually decrease with the increase of the AVs rates.
Moreover, as recommended by Kerner, the future systems for AVs should be developed whose
rules are consistent with those of RVs in which both the car following and lane changing models

should learn from driver behavior of the RV [64].
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2.6 Summary of Chapter 2

This chapter included a comprehensive literature review to investigate the AV
implementation impacts on the traffic flow characteristics under mixed traffic environment with
RVs. It summarized the main findings of the reviewed studies considering their specific study
variables including the AV's type, network type and the study type. In addition, the chapter

discussed important related factors that may affect the level of the discussed impacts.

The review has showed that most of the related studies have been focused on investigating the
possible impacts of the full implementation of the AVs. Few studies have considered the issue of
its expected impacts under mixed traffic environment. Most of the studies have focused on the

impacts of the partial automation levels of AVs (ACC, CACC).

In general, it concluded that the implementation of AVs may offer several potential positive
impacts that may improve the overall efficiency of traffic system. However, in terms of mixed
traffic environment, there are contradictory results about their expected impacts on the traffic
flow characteristics. Different studies have indicated that compared to full environment of RVs;
the partial implementation of different types of AVs, mainly the CAV, may increase the traffic
capacity, improve the traffic flow stability, increase throughput-and decrease the probability of
traffic breakdown, including shockwave formation and propagation, and therefore decrease the
intensity and quantity of congestion waves. However, those are based on some important factors
that should be considered including the implementation rate, AV characteristics, modeling and
operational settings of the AVs and the level of the traffic volume in addition to the impacts of
human driving behavior. The critical implementation rate, that may significantly have a high

potential to improve traffic characteristics, was found to be higher than 40%. The connectivity of
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the AV is highly important to enable smarter control of the operational driving behavior.
However, important consideration should be made to the operational settings of the AVs mainly
those related to car following modeling. Different adjusted numbers of these setting may
improve some of the traffic flow parameters and may deteriorate some other parameters. The
position and distribution of AVs in the traffic flow in addition to in the type of the leading or

following vehicles may also play a role in maximizing their positive impacts.
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CHAPTER 3

SIMULATION-BASED INVESTIGATION OF THE IMPACTS OF

AV IMPLEMENTATION ON THE PERFORMANCE OF

SIGNALIZED INTERSECTION

As indicated by the previous chapter, investigations focusing on urban networks,
primarily under the partial implementation of full automation levels in different traffic
conditions, are scarce [4]. To overcome these research limitations, the aim of the study, reported
in this chapter, is to conduct reliable investigation considering various possible scenarios. As
mentioned earlier, the expected impacts of AV implementation may be influenced by the AV
implementation rate, network-level, and AV characteristics [4] including its operational settings
and connectivity capabilities. Based on that, the significant contribution herein is to investigate
and analyze the impacts of introducing AVs in a mixed traffic environment, considering different
AV characteristics and gradual implementation rates, under different traffic volume conditions at
an urban signalized intersection. It is a more comprehensive study than existing studies and
addresses several gaps found in the literature. The expected impacts of partial AV
implementation, including high and low rates, are analyzed in addition to its relations with the
level of traffic congestion. In addition, the performance of different automated driving
capabilities is analyzed and compared.

The real-world implementation of AVs is yet to be realized, and it may be several years before
AVs achieve sufficient market penetration and generate enough real-world traffic data to permit

detailed studies on AV driving behavior. Consequently, the application of traffic simulation tools
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is considered to be a suitable alternative for investigating the expected impacts of AVs [79].
Accordingly, a microscopic traffic simulation is performed herein using PTV Vissim (version
11) to evaluate the performance of a signalized intersection considering different performance
measures. Studies have shown that the PTV Vissim can accurately mimic the autonomous
features of AVs ([53],[6],[80],[26]). So, such a simulator is considered as a reliable alternative
that can overcome the absence of real traffic data that represents mixed AV traffic conditions.
Therefore, the results presented herein can be treated as a preliminary theoretical experiment
with the use of microscopic traffic simulations. To the best of our knowledge, Vissim has not
been used to simulate different AV models, considering the objectives of this study, in any
previous research. The simulation herein considers a mixed traffic environment where AVs and
RVs share the same traffic lanes. Different AV implementation rates are used to represent
various traffic compositions. The vehicles are modeled by focusing on the parameters related to
the car-following behavior and vehicle behavior at traffic signals and the desired acceleration
and deceleration functions and speed distributions. The AV driving behavior is simulated using
the built-in models available on Vissim, which are adjusted to create different AV models. These
models are tested to investigate the impacts of AVs with different characteristics and operational
settings. Accordingly, different test scenarios are evaluated under different traffic volume

conditions.

The sections of this chapter are organized as follows. Section 1 includes a review of the different
related works of the study. Section 2 includes the detailed methodology of the investigation. In
section 3, the obtained results are presented. Section 4 includes the discussion of the result

considering. Finally, section 5 includes a summary of the chapter.
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3.1 Related Works

Various studies have investigated the potential impacts of AV implementation on traffic
flow characteristics [4]. Owing to the lack of real traffic data on AV traffic environments, most
of these studies have been modeling or simulation-based studies, considering different AV traffic
environments with different AV characteristics, AV implementation rates, and network levels.
Most studies have focused on the expected impacts of different AV models on highway
networks, under fully autonomous or mixed traffic environments
([65],[55],[601,[61]1,[52],[68].[62],[29].[73]1.[9].[75].[59].[331.[71].[32],[41].[27].[31]). Some
studies have also focused on the impacts of AVs on urban networks [4]. Some of these have
considered the impacts of partial automation levels, such as ACC or CACC, in fully autonomous
and mixed traffic environments. Tientrakool et al. investigated the impacts of full ACC and
CACC implementation on the performance of an urban signalized intersection [56]. They
revealed that compared to full RV traffic, full ACC implementation increased the capacity of the
intersection by 43%, whereas full CACC implementation increased the capacity by 273%. Bailey
and Kroll investigated the impacts of ACC and CACC at an urban signalized intersection
considering different signal plans, AV implementation rates, and traffic volumes [2]. They
observed that different behavioral models and AV parameters, as well as the implementation
rate, had different impacts on the traffic flow. Cao et al. investigated the impacts of CACC on
urban roads considering a mixed traffic environment [81]. They discovered that increasing the
implementation rate can significantly improve the traffic flow efficiency by reducing the queue
length and total travel time.
Some researchers have investigated the impacts of full automation levels of AVs, including

CAVs, at the network level [4]. Most of these investigations have been performed considering a
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full AV implementation environment. Bohm and Hager investigated the impacts of AVs on the
traffic capacity of an urban network [6]. They revealed that when the traffic volume was high,
compared to a full RV environment, a full AV traffic environment reduced the delay and number
of stops by 56% and 54%, respectively, and increased the speed by 34%. However, when the
traffic volume was low, the full AV environment had slightly negative impacts. B. Friedrich used
mathematical modeling and discovered that, compared to a full RV traffic environment, a full
AV environment increases the capacity of an urban network increases by 40% [82].

There have been few studies on the impacts of different full automation levels at the networks
level with mixed traffic environments [4]. However, these studies have either considered a single
AV model or assumed fixed traffic conditions of either traffic volume or implementation rate of
AV. Le Vine et al. investigated the impacts of AVs on the performance of a signalized
intersection [69]. They observed that AVs with smoother acceleration/deceleration rates had
negative impacts on the traffic capacity and increased traffic delays. Levin and Boyles
investigated the impacts of AVs on different intersection networks [83]. They revealed that the
implementation of AVs can improve the applied intersection control performance. For a single
intersection, the delay decreased linearly with the increase in the AV implementation rate from 0
to 60%; however, above this threshold, the delay remained relatively constant. In contrast, for
multiple intersections, higher AV implementation rates (above 80%) were required to improve
the control performance. B. Friedrich investigated the impacts of AVs on a signalized
intersection [82]. They discovered that as the AV implementation rate increases, the capacity of
the intersection increases. They attributed this to the shorter headways between AVs. A single
RV in a mixed traffic environment can decrease the average speed and capacity of the network.

Peter Wagner also investigated the impacts of AVs on a signalized intersection and found that in
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high volume scenarios, the capacity of the traffic signal doubled [84] . However, at low traffic
volumes, the AVs did not offer any improvement. Elvarsson investigated the impacts of AVs on
an urban network and observed an improvement in the network performance up to an AV
implementation rate of 40% [74]. However, above an implementation rate of 60%, the
performance of the network decreased. Sukennik et al. investigated the impacts of AVs on the
traffic flow in an urban network comprising single-lane roads without any signalized
intersections [26]. They demonstrated that the increase in road capacity in a low-speed
environment is moderate and the AV implementation rate has an approximately linear impact on
the capacity of the network. Fakhrmoosavi et al. investigated the impacts of CAVs at the
network level considering spatially- and temporally-varying distributions of different vehicle
types (CAVs, RVs, and CVs) and different CAV implementation rates [38]. They found that
higher implementation rates of CVs and CAVs led to significant improvements in the flow,
capacity, and stability of traffic. Furthermore, AVs had a higher impact than CVs, particularly at
lower RV implementation rates. Lu et al. investigated the impacts of AVs on an urban network
and found that the capacity, stability, and flow of traffic slowly increased with the increase in the
CAYV implementation rate [25]. Notably, above an implementation rate of 40%, the improvement
in the traffic characteristics increased significantly. Maryam et al. investigated the impacts of
AVs on the safety and operation of urban arterial roads under different traffic conditions [85].
They discovered that the implementation of AVs significantly improves the traffic density,
especially at high traffic volumes. Higher implementation rates at lower traffic volumes
increased the mean speed by almost 6%. Furthermore, the increase in the AV implementation
rate significantly reduced the number of rear-end and lane-changing conflicts. P. Liu and Fan

investigated the impacts of CAVs on mobility at signalized intersections considering a mixed
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traffic environment composed of RVs, AVs, and CAVs, with different AV implementation rates
[86]. They revealed that the implementation of CAVs with a proposed speed control strategy
reduced vehicle delays even at lower CAV implementation rates. Song et al. investigated the
impacts of different AV models on the performance of fixed and actuated signalized
intersections, considering different traffic volume conditions [87]. They observed that CAVs
with CACC systems can outperform AVs with ACC or IDM systems and could reduce delays in
low and high demand scenarios by 49% and 96%, respectively. With CACC systems, a
significant reduction in delays was observed at an implementation rate of 20%. However, with
ACC and IDM systems, a significant reduction in delays was only observed at high
implementation rates. Obaid investigated the impacts of AVs on roads from a macroscopic
perspective and found that that AV implementation could significantly reduce the total daily
delay and increase the average network speed [88].

These studies indicate that the relationship between the implementation rate of AVs and their
expected impacts in a mixed traffic environment is complex and based on different factors [4].
The implementation rate of AVs in a network has a significant effect on its expected impact
(([52],[831.[12],[75].[25].[31],[32].[41]). Most studies have confirmed that the expected
improvement increases with the increase in the implementation rate. The connectivity
capabilities of CAVs can affect their performance, which in turn affects their impact on the
traffic system ([29],[33],[5]). The implementation of CAVs achieves greater improvements than
that of AVs owing to their advanced communication capabilities that enable the acquisition of
more traffic information, which can be used to improve driving behavior and lead to more
positive impacts on the traffic flow [4]. The driving behavior models and operational settings of

AVs may also affect their performance ([2],[33],[10],[29],[63],[9].[69],[50]). In addition, the
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traffic volume conditions may also affect the impacts of AVs ([6],[70]). Various studies have
shown that human driving behavior in mixed traffic environments can also affect the impacts of
AVs ([33],[31],[72],[41],[64]). The findings from different studies have indicated that the
network level also affects the expected impact of AV implementation ([33],[5]).
3.2 Methodology

The general methodology of the study is shown in Figure 3-1. First, the experimental
design was developed based on the objectives of the study. Different traffic volume levels,
network configurations, traffic signal plans, and vehicle models were developed for the
simulation using Vissim. After setting up the simulation environment, the required inputs were
assigned to each simulation scenario. Subsequently, the simulation was performed, and different
performance measures were recorded. Finally, the results were summarized, presented, and
analyzed, considering the main objectives of the study. Each step of the methodology is

explained in detail in the following sub-sections.
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Figure 3-1 General Methodology of the Study

3.2.1 Experimental Design

The aim of this study is to investigate the impacts of AV implementation under different traffic

conditions. Accordingly, the experimental design of the simulation scenarios includes three

primary inputs. First, three traffic volume levels were considered to represent different traffic

volume conditions. These levels are described in further detail Section 3.2. Second, three

different driving behavior models were considered to represent the different characteristics of
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AVs. These models and the RV model are described in Sub-section 3.4. Third, to represent
different CAV implementation levels, six different implementation rates (%) were considered
herein: 0, 10%, 25%, 50%, 75%, and 100%. A total of eight simulation scenarios were developed
and simulated considering the same network. The details of each scenario are listed in Table 3-1.
Each scenario was evaluated under three different traffic volumes, resulting in a total of 24

simulation scenarios.

Table 3-1 Description of the Simulation Scenarios

Scenario Traffic composition Scenario Description
No.

1 100% RV Full regular traffic environment

2 100% AV (aggressive) Full AV (aggressive) traffic environment

3 100% AV Full AV traffic environment

4 100% CAV Full CAV traffic environment

5 90% RV-10% CAV Mixed traffic environment with low CAV
implementation rate

6 75% RV-25% CAV Mixed traffic environment with low CAV
implementation rate

7 50% RV-50% CAV Mixed traffic environment with equally shared

traffic

8 25% RV-75% CAV Mixed traffic environment with high CAV

implementation rate

3.2.2 Traffic Volume Levels and Turning Options

The three traffic volume levels considered herein are Low, Med, and High. The High level
represents traffic conditions with a moderate level of traffic congestion (LOS = E) at a signalized
intersection. The LOS levels defined herein are based on the results of the average vehicle delay
and are comparable to the LOS defined in the American Highway Capacity Manual of 2010. The
Low level represents almost free-flow conditions (LOS = B). The total traffic volume in the Low
level was 10% of that in the High level. The Med level represents a moderate level between the

High and Low levels, with a total traffic volume of 50% of that of the High level (LOS = C).
58



These levels were implemented using different traffic approaches, with different hypothetical
traffic volumes for a given level. However, the movement and lane distribution rates were
similar for each approach. Considering the movement distribution, 60% of the vehicles move
through, 30% turn left, and 10% turn right. Considering the lane distribution, for through
movement, 70% of the vehicles use the middle lane, 13% use the left lane, and 17% use the right
lane; the left turning movements are entirely from the left lane, and the right turning movements
are entirely from the right lane. The details of the traffic volume levels (vehicles/h) are shown in
Table 3-2. The number of vehicles used to represent the three volume levels, in addition to the
movement and lane distributions, were selected based on the volume data recorded at a similar

intersection in a previous study [30].

Table 3-2 Traffic Volumes (Vehicles/h) at the Intersection Considering Three Traffic
Volume Levels

Approach
Volume level Movement | Eastbound | Westbound | Northbound | Southbound

(EB) (WB) (NB) (SB)

Left turning 300 264 312 288

High level Through 600 528 624 576
Right turning 100 88 104 96

Total 1000 880 1040 960

Left turning 150 132 156 144

Med level Through 300 264 312 288
Right turning 50 44 52 48

Total 500 440 520 480
Left turning 30 26 31 29
Low level Through 60 53 62 58
Right turning 10 9 10 10
Total 100 88 104 96

3.2.3 Simulation Environment
A. Network Configuration
The primary aim of this study is to investigate the impacts of AV implementation at an urban

signalized intersection. To represent a typical common signalized intersection, a hypothetical
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isolated four-leg signalized intersection was created in Vissim. Each road approaching the
intersection comprises three lanes in each direction, with a lane width of 3.5 m. The roads were
connected using suitable connectors to replicate all the movements that occur at a typical
signalized intersection. The layout of the network is shown in Figure 3-2. As shown, the
intersection does not contain any left or right turning bays. In addition, reduced speed areas were
created for the right and left turns at each approach, and the speed limit of the network was set to

80 km/h.

Figure 3-2 Layout of the Signalized Intersection (Source: PTV Vissim)

B. Signalized Intersection Control

The signalized intersection is controlled by a traffic signal with a four-phase fixed plan system
with protected left turns. To ensure the safe operation of the signalized intersection, vehicles are
allowed to move through from any lane, turn left only from the left lane, and turn right only from
the right lane. Furthermore, U-turns are not allowed at the intersection. All four approaches
include the same turning option configurations. The simulated vehicles were prohibited from

making lane changes as they approached the intersection. Consequently, vehicles can pass
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through the intersection without the formation of any conflict areas. To reliably evaluate the
impact of AVs on the signal performance, three signal plans were created for each of the three
volume levels. Each signal plan included four signal groups with the same phase sequence. The
cycle length for each plan was optimized using the empirical equation developed by the
Transport Research Laboratory (TRL) considering the critical-lane traffic volumes [89]. The
effective green times were calculated based on the degree of traffic in each approach [89]. The
signal plans were built and applied to the simulation in Vissim. The detailed signal plans are

shown in Table 3-3.

Table 3-3 Detailed Signal Plans for Different Volume Levels

Signal group Northbound (NB) Southbound Westbound Eastbound
(SB) (WB) (EB)
Phase R [GJ]A|R|G|]A|JR|[G|]A|R|]G]A
Phase sequences !ﬁT ( )lk Ly T N
- —_—
e T ™
Traffic volume level/Phase duration
Low (C=325s) * 0 6 [ 3]0 5 310 4 3 0] 5 [3
Med (C =425) 0 9 |30 8 310 6 3 0 7 |3
High (C =210 5s) 0 51 | 3| 0 |50 | 3 | 0| 48| 3 0 | 49 |3

* C: Cycle length (s), R: Red (s), G: Green (s), A: Amber (s)
C. Performance Measures
To investigate the impacts of AV implementation, the performance of the signalized intersection
was evaluated using four performance measures that are reported by Vissim as node evaluation
attributes. These are, the average vehicle delay (s), average stopped delay (s), average number of
stops, and average queue length (m). The average vehicle delay, which has been widely used in
previous studies to measure the LOS, is defined as the additional time required for a vehicle to

cross the intersection. It is obtained by subtracting the theoretical travel time from the actual
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travel time. The average stopped delay (per vehicle) is defined as the waiting time spent in the
queue from the instant a vehicle is stopped by a red signal till the signal turns green.

D. Simulation Set-up and Parameters
The traffic simulations were conducted using PTV Vissim, which is a microscopic traffic
simulation software package. The Vissim software includes the mathematical models required to
run traffic flow models [90]. A recent version (Version 11) of Vissim, which includes advanced
built-in features such as AV modeling [79], was used herein. Considering the modeling of
automated driving behavior, Vissim offers a significant advantage as it includes several
adjustable parameters that can be effectively used to simulate different AV models [6]. Each
simulation scenario was run for 5400 s. To saturate the system and eliminate the start-up period,
the results were only recorded after 3600 s. To gather statistically valid data, each scenario was
simulated ten times, with each simulation performed with a default random seed of 42 with an
increment of 1. Therefore, the final results of the recorded performance measures for each
scenario were based on the average of the 10 simulations. The simulation resolution was set to
one time step (s) per simulation second.
3.2.4 Vehicles and Driving Behavior Models
The vehicles in the simulation are either RVs or AVs. As discussed in Section 1, RVs are driven
by humans and are non-connected vehicles. Different operational and connectivity characteristics
were considered for the AVs by adjusting different driving settings. The two types of vehicles
not only differ in terms of their driving behavior but also have different functions and
distributions [79]. Different acceleration and deceleration functions can be defined in Vissim for
different vehicle types. Accordingly, different functions of the desired acceleration and

deceleration were created and assigned to the RVs and AVs. For the RVs, the acceleration or
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deceleration rates are stochastically selected between the two boundary curves, whereas for the
AVs, considering their deterministic behavior, the acceleration and deceleration rates are
constant. The designed acceleration and deceleration functions of the RVs and AVs are shown in
Figures 3-3, 3-4, 3-5 and 3-6. Different types of distributions can be defined for each vehicle
type in Vissim. Accordingly, three desired speed distributions were created and assigned to the
RVs and AVs: the main speed, left-turning speed, and right turning speed. The speed values are
stochastically selected for the RVs, whereas for the AVs, considering their deterministic
behavior and ability to maintain the desired speed, the speed values are constant. The different

speed distributions of the RVs and AVs are shown in Figure 3-7.
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Figure 3-4 Desired Acceleration Function of the AVs
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In microscopic traffic simulations, the driving behavior of vehicles is calculated by the
algorithms of the simulator. The driving behavior is represented and governed by various
functions, distributions, and driving parameters [2]. The driving parameters control driving
behavior characteristics such as car following, lane changing, gap acceptance, and vehicle
behavior at a traffic signal. These behaviors may include the speed, acceleration, and
deceleration of the vehicle, the headway and safe distance between vehicles, and the reaction
times. To model the car-following behavior of the AVs, the Wiedemann 99 model was selected
as the base model herein as it has numerous parameters that can be easily adjusted to model
different AV characteristics ([6],[80],[26]). The Wiedemann 99 model is a psycho-physical
model (also referred to as action point models) that considers human shortcomings in the
perception of speed and distance [90]. It assumes a linear relationship between speed and
following distance, and assumes that vehicles maintain their desired speed if the leading vehicle
does not influence their behavior [53]. Several AV-related features in PTV Vissim have been
implemented within CoEXist project. The results, from the field data, of the project showed that
there is a linear relationship between headway and speed when the AV is following RVs or AVs
[3].

The driving models control the different driving behaviors of the vehicles based on different
settings. A total of four driving behavior models were considered herein, each with different car-
following and traffic signal behaviors. One model represents typical human driving behavior
(RVs), and the other three models represent autonomous driving behavior (AVs). As vast
amounts of data exist for RV driving behavior, the settings of the RV model can be derived from

various field data. The default settings of the default urban driving behavior (Urban-motorized)
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in Vissim were used for the RV model. However, the reaction time distribution parameter was
adjusted to more realistically simulate human driving behavior at a traffic signal.

Compared to the RV model, the AV models are expected to maintain smaller distances [25] and
shorter space and time headways [25] between vehicles. Furthermore, they must strictly maintain
the desired speed and accelerate and decelerate uniformly with no oscillations in the following
distance [26] and speed [3]. Considering reaction times, AVs have more accurate and faster
reactions than RVs ([83],[26],[70]). Overall, they are expected to have better and more stable
driving behavior than RVs. However, unlike RVs, there is a lack of real data relating to AV
driving behavior. Consequently, the behavioral models of the AVs in the simulations are
hypothetical and primarily determined from various logical assumptions available in the
literature [53]. In Vissim, the Wiedemann 99 parameters can be adjusted to model the AV car-
following behavior at different network levels including urban network ([26],[53]). Zeidler et al.
analyzed the real data of the standstill distances (CCO0) and headway (CC1) used in ACC and
CACC models operating in real-world scenarios [53]. The following behavior of these models
was compared to the simulated following behavior of the Wiedemann 99 model in Vissim. The
results indicated that the behavior of the CACC model is reproduced well in Vissim. Sukennik et
al. recommended different settings to model the AV-related features and it's driving behavior
[3]. Different studies have used Wiedemenn 99 car-following model to model AV behavior at
signalized intersections of mixed traffic environment ([91],[92],[93]).

Based on different AV characteristics represented by the driving behavior settings, three AV
models were considered herein as representative models: AV (aggressive), AV, and CAV. The
AV (aggressive) model is a default AV model present in Vissim 11. The different settings of this

model were proposed by PTV based on empirical studies and co-simulation data recorded in a
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mixed traffic environment under the CoExist project, as well as other assumptions [3]. The AV
and CAV models were new models that were created by adjusting the default settings of the
driving behavior parameters, based on the autonomous features of full AVs obtained from the
literature ([6],[62],[2],[83],[70],[94],[53].[23].[25],[79]). The AV model represents unconnected
AV driving behavior, which is similar to the RV driving behavior, but with improved and
deterministic operational behavior. Based on the data obtained from sensors, the vehicle can
accurately detect the distance to other vehicles, thereby increasing safety. Compared to the RV
model, the AV model has a significantly smaller oscillation in its vehicle following behavior.
The CAV model represents connected AV driving behavior, which is similar to the AV driving
behavior, but with improved operational behavior owing to its connectivity capabilities. Herein,
we assume that CAVs are aware of the entire traffic situation. Compared to the other AV models,
the CAV model observes more vehicles within the traffic network, leading to shorter headways
and gaps.

Table 3-4 shows the main settings of the driving behavior models employed herein. As shown,
the look-ahead distance in the AV (aggressive) and CAV models is higher than that in the other
models, which may lead to better scanning of the traffic environment. The connectivity
characteristics of the AVs was modeled by directly setting the number of interaction objects and
vehicles. For example, if the number of interaction vehicles is 1, as in the case of the AV model,
which is not connected, the vehicle can only observe a single leading vehicle. As the number of
interaction objects in the AV model is 2, a traffic signal ahead of the leading vehicle would still
be observed by the vehicle. A higher number of interaction vehicles, as in the AV (aggressive)
and CAV models, indicates a higher accuracy in predicting the movements of other vehicles [6].

To model and reflect the limitations and randomness of human driving behavior in the RV
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model, most of its settings were modeled using stochastic features. Unlike RVs, AVs can operate
deterministically, precisely following the assigned settings, which represents homogenous
behavior. Therefore, AVs do not have any internal stochastic variations. In general, the following
differences can be observed in the settings of the applied models with respect to the car-
following behavior. Considering the standstill distance (CCO), the AV and CAV models had a
lower setting than the other model. The CAV model had the shortest headway time (CC1) (0.50
s) of all the AV models. The higher the value of the CC1 setting, the more cautious the following
behavior, leading to longer safety distances and consequently, a lower capacity. Furthermore,
this parameter is also indirectly related to the reaction time. The shorter the reaction time, the
shorter the headway between vehicles, which results in reduced travel time and improved
capacity. Therefore, connectivity can be indirectly modeled by adjusting the headway time and
other car following parameters [3]. The safe distance between vehicles is represented by the
following distance oscillation (CC2). Unlike the RV model, the assigned settings of the AV
models have no variations. The perception threshold for following (CC3) controls the start of the
deceleration process (in s) before the vehicle reaches the safety distance. This parameter was
lower in the AV (aggressive) and CAV models compared to the setting in the AV model. The
negative (CC4) and positive speed difference (CC5) settings of the three AV models were
similar. Compared to the RV, the speed variation of the AV models during the following process
is more sensitive to the acceleration or deceleration of the leading vehicle. The speed
dependency of oscillation (CC6) is set to zero in the AV models indicating that the distance has
no influence on the speed oscillation. In contrast, with the RV model the speed oscillation
increases with the increase in distance. The parameters CC7, CC8, and CC9 represent the

different acceleration behavior settings. The oscillation with the AV models during acceleration
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is lesser than that with the RV model. The parameters CC8 and CC9 are limited by the defined
acceleration functions. Considering the driving behavior at a traffic signal, the three AV models
have a zero reaction time and react faster than the RV model, which has a reaction time
distribution of 0.5-2.0 s. If the first vehicle in the queue has a slower reaction, the start-up time
lost in response to the traffic signal increases. It should be noted that the models contain
additional parameters that are not included in the table. The default settings were used for these
parameters in all the models owing to different assumptions of their expected impacts on the
network. Furthermore, these parameters are not relevant to the problem investigated herein and
lie outside the focus of this study. For example, as lane changing is prohibited beyond a certain
distance from the stop line, the default settings were used for the lateral and lane changing

behavior of the models.

Table 3-4 Driving Behavior Settings of the Driving Behavior Models

Driving behavior model
Attribute RV AV AV CAV
(aggressive)
Following Behavior
Max look-ahead distance (m) 250 300 250 300
Number of interaction objects 4 10 2 10
Number of interaction vehicles 99 8 1 8
Use implicit stochastics On Off Off Off
Car following behavior (based on the Wiedemann 99 model)
CCO: Standstill distance (m) 1.00 0.50 0.50
CC1: Headway time () 0.60 0.90 0.50
CC2: Following distance oscillation 0.00 0.00 0.00
(m)
CC3: Perception threshold for —6.00 —8.00 —6.00
following (s)
CC4: Negative speed difference —0.10 —-0.10 —-0.10
(m/s)
CC5: Positive speed difference 0.10 0.10 0.10
(m/s)
CC6: Speed dependency of 0.00 0.00 0.00
oscillation (1/(m/s))
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CCT: Oscillation acceleration 0.10 0.10 0.10
(m/s%)

CCS8: Standstill acceleration (m/s?) 4.00 3.8 3.8

CC9: Acceleration at 80 km/h 2.00 1.50 2.00
(m/s?)

Behavior at traffic signal
Desired position at free flow Continuous | One decision One One
checking decision decision
Behavior at red/amber signal Go Stop Stop Stop
Reaction time distribution (s) (after | 0.50-2.00 0.00 0.00 0.00
green signal)

3.3 Results

The simulation results of the signalized intersection performance are presented in this
section. The performance measures recorded for each simulation scenario under each volume
level (Low, Med, and High) are the average vehicle delay, average stopped delay, average
number of stops, and average queue length. These measures are key indicators of the impacts of
AV implementation on the performance of the intersection. First, we evaluated the performance
with the full implementation of the RV and AV models in the traffic network. Each model was
set up and linked with its specific driving behavior settings, deceleration and acceleration
functions, and speed distributions. The results of the four scenarios corresponding to each of the
four models at different volume levels are shown in Table 3-5. Subsequently, we evaluated the
performance of the intersection after CAV implementation, considering different implementation
rates in a mixed traffic network with RVs. These scenarios were implemented in Vissim by
changing the traffic composition. The results of the four scenarios with mixed traffic
environments at different volume levels are shown in Table 3-6. In addition, Table 3-7 shows the
improvement (%) in each performance measure relative to the base scenario (Scenario 1),

considering different AV implementation rates, under each volume level.
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Table 3-5 Results of Signalized Intersection Performance with Full Implementation of each

Vehicle Model
Performance measure Low Med High
volume volume volume
Scenario 1: 100% RV
Average vehicle delay (s) 13.42 23.79 78.54
Average stopped delay (s) 5.61 13.05 65.78
Average queue lengths (m) 0.29 3.51 29.94
Average number of stops 0.56 0.86 0.93
Level of service (LOS) (A-F) B C E
Scenario 2: 100% AV (Aggressive)
Average vehicle delay (s) 11.48 16.50 69.12
Average stopped delay (s) 411 8.09 57.95
Average queue lengths (m) 0.23 2.00 24.14
Average number of stops 0.49 0.65 1.08
LOS (A-F) B B E
Scenario 3: 100% AV
Average vehicle delay (s) 11.49 17.47 66.61
Average stopped delay (s) 4.08 8.49 55.57
Average queue lengths (m) 0.23 1.94 20.64
Average number of stops 0.49 0.72 1.30
LOS (A-F) B B E
Scenario 4: 100% CAV
Average vehicle delay (s) 11.41 16.14 66.68
Average stopped delay (s) 4.03 7.68 56.46
Average queue lengths (m) 0.23 1.80 21.22
Average number of stops 0.48 0.65 0.95
LOS (A-F) B B E
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Table 3-6 Results of Signalized Intersection Performance with Different CAV

Implementation Rates

Performance measure Low Med High
volume volume volume
Scenario 5: 90% RV-10% CAV
Average vehicle delay (s) 13.12 22.85 78.04
Average stopped delay (S) 5.37 12.56 65.39
Average queue lengths (m) 0.27 3.06 29.43
Average number of stops 0.54 0.83 0.95
LOS (A-F) B C E
Scenario 6: 75% RV-25% CAV
Average vehicle delay (s) 12.87 21.48 75.23
Average stopped delay (s) 5.22 11.62 62.98
Average queue lengths (m) 0.27 2.78 27.39
Average number of stops 0.55 0.80 0.94
LOS (A-F) B C E
Scenario 7: 50% RV-50% CAV
Average vehicle delay (s) 12.27 18.94 72.32
Average stopped delay (S) 4.83 9.81 60.96
Average queue lengths (m) 0.26 2.31 25.14
Average number of stops 0.52 0.73 0.95
LOS (A-F) B B E
Scenario 8: 25% RV-75% CAV
Average vehicle delay (s) 1141 17.17 69.02
Average stopped delay (s) 4.27 8.57 58.21
Average queue lengths (m) 0.23 2.02 23.01
Average number of stops 0.49 0.67 0.94
LOS (A-F) B B E
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Table 3-7 Improvement (%) in Signalized Intersection Performance with Different CAV
Implementation Rates

Performance measure Low Med High
volume volume volume
Scenario: 90% RV-10% CAV
Average vehicle delay 2.25 3.95 0.64
Average stopped delay 4.28 3.75 0.59
Average queue lengths 6.90 12.82 1.70
Average number of stops 3.57 3.49 -2.10
Scenario: 75% RV-25% CAV
Average vehicle delay 4.10 9.71 4.21
Average stopped delay 6.95 10.96 4.26
Average queue lengths 6.90 20.80 8.52
Average number of stops 1.79 6.98 —1.06
Scenario: 50% RV-50% CAV
Average vehicle delay 8.57 20.39 7.92
Average stopped delay 13.90 24.83 7.33
Average queue lengths 10.34 34.19 16.03
Average number of stops 7.14 15.12 -2.10
Scenario: 25% RV-75% CAV
Average vehicle delay 14.98 27.83 12.12
Average stopped delay 23.88 34.33 11.51
Average queue lengths 20.69 42.45 23.15
Average number of stops 12.50 22.09 —1.06
Scenario: 0% RV-100% CAV
Average vehicle delay 17.44 32.16 15.10
Average stopped delay 28.16 41.15 14.17
Average queue lengths 20.69 48.72 29.62
Average number of stops 14.28 24.42 —2.10

3.4 Discussion

3.4.1 Impacts of Full AV Implementation

A sensitivity analysis was performed to investigate the impacts of full AV implementation,
considering each AV model, by analyzing the performance results under different traffic volume
levels. Accordingly, the effectiveness of full AV implementation was evaluated relative to the
base scenario (Scenario 1). The impacts of the different AV characteristics were compared as

well. Figures 3-8, 3-9, 3-10 and 3-11 depict the average vehicle delay, average stopped delay,
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average number of stops, and average queue length, respectively, after the full implementation of

the designed models under different volume levels.
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Figure 3-8 Average Vehicle Delay with Full Implementation of each Model under Different

Volume Levels

Considering the average vehicle delay, as shown in Figure 3-8, at the Low volume level, the
three AV models performed better than the RV model, with an average delay of 11.46 s, which
corresponds to an improvement of 14.60% compared to the base scenario. Notably, the CAV
model had a lesser average delay than the AV (aggressive) and AV models, which had similar
impacts. At the Med volume level, the performance of the three AV models differed slightly,
with an average delay of 16.70 s, which corresponds to an improvement of 29.80% compared to
the base scenario. Once again, the CAV model had the best performance among the three AV
models, whereas the AV model had the worst. At the High volume level, the three AV models
exhibited an average vehicle delay of 67.47 s, which corresponds to an improvement of 14.10%
compared to the base scenario. At this volume level, the CAV and AV models exhibited better

performance than the AV (aggressive) model. Therefore, the improvement offered by the AV
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models relative to the RV model was the highest at the Med volume level, with an improvement
of 29.80%, compared to improvements of 14.60% and 14.10% at the Low and High volume
levels respectively. Similar findings were observed for the average stopped delay and queue
length as discussed below.

Considering the average stopped delay, as shown in Figure 3-9, at the Low volume level, the
three AV models had almost the same positive impact, with an improvement of approximately
27.45% compared to the base scenario. The CAV model performed slightly better than the other
AV models. At the Med volume level, the three AV models significantly reduced the average
stopped delay. However, their impacts differed slightly, with the CAV model exhibiting a
superior performance compared to the other two AV models, resulting in an improvement of
41.21% compared to the base scenario. At the High volume level, all three AV models exhibited
improved performance, with an average improvement of approximately 13.86% compared to the
base scenario. Notably, the AV model reduced the average stopped delay more than the other

two AV models.
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Figure 3-9 Average Stopped Delay with Full Implementation of each Model under

Different Volume Levels

75



Considering the average number of stops, as shown in Figure 3-10, at the Low volume level, the
three AV models performed better than the RV model, exhibiting almost the same values, with
an average of 0.49, which corresponds to an improvement of approximately 12.50% compared to
the base scenario. At the Med volume level, the three AV models reduced the number of stops by
an average of approximately 22% compared to the RV model. Notably, the AV (aggressive) and
CAV models performed better than the AV model. At the High volume level, the implementation
of the three AV models did not reduce the number of stops, which is an unexpected result.
Although the number of stops increased by approximately 2.00% compared to the RV model, the
CAYV model had the best performance among the AV models.

Considering the average queue length, as shown in Figure 3-11, at the Low volume level, the
three AV models performed better than the RV model, with the same value of 0.23 m,
corresponding to an improvement of approximately 20.70% compared to the base scenario. At
the Med volume level, the performance of the three AV models differed slightly, with an average
value of 1.91 m, which represents a significant improvement compared to the base scenario. The
CAV model had the best performance among the AV models, with an improvement of
approximately 48.72% compared to the RV model. Furthermore, the AV (aggressive) model was
better than the AV model. At the High volume level, the three AV models had similar impacts on
the average queue length. Among the three AV models, the AV model had the highest
improvement, reducing the queue length by approximately 31.02% compared to the base

scenario.
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Figure 3-11 Average Queue Length with Full Implementation of each Model under

Different VVolume Levels

In summary, the queue length experienced the highest positive improvement after full AV
implementation under all three volume conditions; in contrast, the number of stops experienced
the least positive impact. Full AV implementation reduced the number of stops at the Low and

Med volume levels, whereas at the High volume level, full AV implementation slightly increased
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the number of stops. At the Low and Med volume levels, the average stopped delay experienced
the second highest improvement after the queue length.

The level of improvement derived from full AV implementation depends on the traffic volume
conditions. The expected improvement was higher at the Med volume level compared to the Low
of High volume levels. At the Low volume level, full AV implementation reduced the average
vehicle delay, stopped delay, number of stops, and queue length by 14.60%, 27.45%, 12.50%,
and 20%, respectively; at the Med volume level, the corresponding reductions were 29.80%,
41.21%, 24.42%, and 48.72%, respectively; at the High volume level, the corresponding
reductions were 14.10%, 13.86%, —2.00%, and 31.02%, respectively. Comparing the Low and
High volume levels, the extent of positive improvement varies. The average stopped delay and
number of stops experienced higher improvement at the Low volume level, whereas the queue
length experienced higher improvements at the High volume level. Both these volume levels lead
to similar improvements in the average vehicle delay.

Comparing the impacts of the three AV models applied herein, in general, they had comparable
performance with no significant differences between them, especially at the Low and Med
volume levels. However, at the High volume level, their performance differed slightly. The CAV
model slightly outperformed the other two AV models, especially at the Low and Med volume
levels. The superiority of the CAV model in terms of the reduction in the average delay and
queue length were significant at the Med volume level. At the High volume level, the AV model
provided a higher reduction in the average stopped delay and queue length, whereas the CAV
model provided a higher reduction in the number of stops. All three AV models had similar

impacts on the average vehicle delay.
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Compared to the RV model, the improvements offered by the AV models can be primarily
attributed to their deterministic driving behaviors and the lack of variation in their driving
settings. The constant speed distributions and uniform deceleration and acceleration functions of
the AV models did not influence their performance. However, the operational driving settings
had a significant effect on their performance. In particular, the results indicated that the
following longitudinal distance oscillation and the reaction time distribution at a signal made the
highest contributions to the performance of the AV models.

3.4.2 Impacts of Partial AV Implementation

The results of the full AV implementation indicated that, in general, the applied AV models have
similar impacts on the performance of the signalized intersection. However, the CAV model
performed slightly better than the other two AV models. Consequently, the CAV model was used
to investigate the impacts of different AV implementation rates in a mixed traffic environment
with RVs. A sensitivity analysis was performed to investigate the impacts of partial AV
implementation on the different performance measures. Specifically, the effectiveness of
different partial implementation rates, compared to the base scenario, under different volume
levels, was evaluated herein. As discussed in Section 3.1, AV implementation rates of 10% and
25% represent low implementation rates, a 50% implementation rate represents an equally
shared traffic environment with RVs, and a 75% implementation rate represents a high
implementation rate. Figures 3-12, 3-13, 3-14 and 3-15 depict the average vehicle delay, average
stopped delay, average number of stops, and average queue length, respectively, considering

different CAV implementation rates, under different volume levels.
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Figure 3-12 Average Vehicle Delay with Different CAV Implementation Rates under

Different Volume Levels

Considering the average vehicle delay, as shown in Figure 3-12, at the Low volume level, the
average delay slightly (from 13.42 s to 11.41 s) as the CAV implementation rate increased from
0 to 100%. At an implementation rate of 25%, the delay was 4% lesser than that of the base
scenario. At high implementation rates, the reduction in the average delay was more significant.
At implementation rates of 75% and 100%, the CAV model provided an improvement of 15%.
At the Med volume level, the average delay decreased significantly (from 23.79 s to 16.14 s) as
the CAV implementation rate increased. At an implementation rate of 25%, the delay decreased
by approximately 10% compared to the base scenario. At an implementation rate of 75%, the
delay decreased by approximately 28% compared to the base scenario. At the High volume level,
the delay decreased from 78.54 s to 66.68 s as the CAV implementation rate increased. At an
implementation rate of 10%, the reduction in the average delay was minimal. At an
implementation rate of 25%, the average delay decreased by approximately 4% compared to the
base scenario. At an implementation rate of 75%, the average delay decreased by approximately

12% compared to the base scenario. Thus, the improvement provided by CAV implementation
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increases with the increase in the implementation rate, and becomes more significant at higher
implementation rates. For example, at the Med volume level, an implementation rate of 50%
doubled the improvement achieved at low implementation rates, and a further increase in the
implementation rate to 75% provided an additional improvement of 8%. Compared to the other
volume levels, the observed improvement was most significant at the Med volume level. For
example, the 75% CAV implementation rate reduced the average delay by almost 28% at the
Med volume level, whereas at Low and High volume levels, the reductions in the average delay
were only 15% and 12%, respectively.

Considering the average stopped delay, as shown in Figure 3-13, at the Low volume level, the
delay decreased from 5.61 s to 4.03 s as the CAV implementation rate increased from 0 to 100%.
At an implementation rate of 75%, the delay decreased by approximately 24% compared to the
base scenario. At the Med volume level, the delay decreased significantly (from 13.05 s to 7.68
s) as the CAV implementation rate increased. At low implementation rates, the improvement
derived from CAV implementation compared to the base scenario was small. In contrast, at high
implementation rates, the implementation of the CAV model provided significant improvement.
At an implementation rate of 75%, the improvement was approximately 34%. At the High
volume level, the delay decreased from 65.78 s to 56.46 s as the CAV implementation rate
increased. At an implementation rate of 10%, the reduction in the delay was small. At higher
implementation rates, the reduction in the delay increased significantly. At an implementation

rate of 75%, the reduction in the delay was approximately 11.50%.
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Considering the average number of stops, as shown in Figure 3-14, at the Low volume level, the
average number of stops decreased slightly (from 0.56 to 0.48) as the CAV implementation rate
increased from 0 to 100%. At low implementation rates (10% and 25%), the number of stops

were similar, with an average value of 0.545. At an implementation rate of 75%, the number of
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stops decreased by approximately 12.5% compared to the base scenario. At the Med volume
level, the number of stops decreased from 0.86 to 0.65 as the CAV implementation rate
increased. At low implementation rates, the improvement derived from CAV implementation,
compared to the base scenario, was minimal. At high implementation rates, the improvement
derived from CAV implementation was more significant. At an implementation rate of 75%, the
improvement was approximately 24.50%. At the High volume level, the number of stops did not
decrease regardless of the implementation rate, which is an unexpected result. As the CAV
implementation rate increased, the number of stops varied between 0.95 and 0.94. At an
implementation rate of 75%, the number of stops increased by 1% compared to the base

scenario.
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Different Traffic Volume Levels

Considering the average queue length, as shown in Figure 3-15, at the Low volume level, the
queue length decreased (from 0.29 m to 0.23 m) as the CAV implementation rate increased from
0 to 100%. At low implementation rates, the queue lengths decreased by approximately 7%

compared to the base scenario. At implementation rates of 75% and 100%, the queue lengths
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decreased by approximately 21% compared to the base scenario. At the Med volume level, the
queue lengths decreased significantly from 3.51 m to 1.80 m as the CAV implementation rate
increased. At an implementation rate of 75%, the reduction in the queue length was
approximately 42.5% compared to the base scenario. At the High volume level, the queue
lengths decreased from 29.94 m to 21.22 m as the CAV implementation rate increased. At an
implementation rate of 10%, the reduction in the queue length was minimal. Above an
implementation rate of 25%, the reduction in queue length became more significant. At an
implementation rate of 75%, the improvement compared to the base scenario was 23%. Figures
3-16, 3-17, 3-18 and 3-19 depict the improvement (%) in the average vehicle delay, average
stopped delay, average number of stops, and average queue length, respectively, with different

CAV implementation rates, under different volume levels, compared to the base scenario.
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Figure 3-19 Improvement in Average Queue Length with Different CAV Implementation

Rates under Different Traffic Volume Levels

In summary, in general, partial AV implementation reduced the average vehicle delay, stopped
delay, and queue length, regardless of the traffic volume level. However, the number of stops
only reduced at the Low and Med volume levels, and increased at the High volume level,
regardless of the AV implementation rate. The level of positive improvement in performance
increases with the increase in the AV implementation rate, and becomes significant at higher
implementation rates (50% and above). The level of improvement also depends on the traffic
volume conditions. The level of improvement is more significant at the Med volume level
compared to the other two volume levels. At the Low volume level, the AV implementation does
not significantly affect the performance of the intersection compared with full RV traffic. At the
High volume level, the expected impacts of the improved driving behavior of AVs are mitigated
by the high traffic volumes. Therefore, the level of positive improvements at the Low and High
volume levels varies. Considering the average stopped delay and number of stops, the
improvement derived from AV implementation is higher at the Low volume level. Considering
the queue length, the improvement derived from AV implementation is higher at the High
volume level. Considering the average vehicle delay, both Low and High volume levels provide
similar improvements.

Partial AV implementation has a more significant impact on the queue length compared to the
other measures at the Med and High volume levels. In contrast, at the Low volume level, partial
AV implementation has a stronger impact on the average stopped delay. At the Med volume
level, the average stopped delay experiences the second highest improvement, whereas the

average vehicle delay experiences the least improvement.
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Considering the impacts of AV implementation on the LOS of the signalized intersection at the
Low volume level, increasing the implementation rate from 10% to 100% did not improve the
LOS compared to the base scenario (LOS remained constant at B). At the Med volume level, at
low implementation rates, the LOS did not improve (LOS remained constant at C). However, at
higher implementation rates (50% and above), the LOS improved from C to B. At the High
volume level, increasing the implementation rate did not improve the LOS (LOS remained
constant at E). These findings confirm that AV implementation offers significant improvements
at the Med volume level.
3.5 Summary of Chapter 3

In this chapter, a simulation-based investigation study was presented to investigate the
impacts of AV implementation on the performance of an urban signalized intersection
considering a mixed AV-based traffic environment. The expected impacts of partial AV
implementation, including high and low rates, are analyzed in addition to its relations with the
level of traffic congestion. In addition, the performance of different automated driving
capabilities is analyzed and compared. It is a more comprehensive study than existing studies
and addresses several gaps found in the literature.
The results revealed that, compared to full RV traffic, the implementation of different AV
models provides significant performance improvements by reducing the vehicle delay, stopped
delay, and queue length at a signalized intersection. Considering different performance measures,
the queue length experiences the highest positive improvement; in contrast, the number of stops
experiences the least positive impact. Even partial AV implementation, including low
implementation rates, in a mixed traffic environment provides improvement in the signalized

intersection performance. The results revealed that, level of improvement in performance
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depends on the AV implementation rate. The improvement increases with the increase in the AV
implementation rate, and becomes significant at higher implementation rates (50% and above).
The level of improvement depends also on the traffic volume conditions. All the performance
measures experienced the highest improvement at the Med volume level. There are no significant
differences between the performances of the three AV models especially at the Low and Med
volume levels. Nevertheless, the CAV model was slightly superior to the other two AV models
particularly in terms of reducing the delay and queue length.

The study presented in this chapter can potentially serve as the starting point for further studies
on the impacts of AVs under mixed traffic environments, which is essential for increasing the
efficiency of the AV adoption in the near future. The findings obtained herein can provide new
insights into the potential impacts of AV implementation and can be used to design analytical
models that incorporate mixed traffic environments in an urban transportation network. These
models can be used to improve the efficiency of traffic networks. For example, in terms of
signalized intersection control under AV-based traffic, the traffic signal parameters can be
optimized considering different AV implementation rates. On the other hand, the findings can
also be used to compare the behavior of AVs and RVs and their impacts on signalized
intersection performance. Furthermore, the findings can help AV manufactures and traffic
authorities to program the operational settings of AVs to better optimize AV implementation in

urban networks.

88



CHAPTER 4

COMPREHENSIVE LITERATURE REVIEW ON THE

SIGNALIZED INTERSECTION CONTROL UNDER MIXED

TRAFFIC ENVIRONMENT

As indicated earlier, the implementation of AVs may affect the design and operation of
signalized intersection control [23]. Optimum utilization of driving behavior and advanced
capabilities of the AVs has enabled researchers to propose autonomous cooperative-based methods
for signalized intersection control under an AV traffic environment. Different methods have been
proposed to control the AVs at intersections under full AV environment ([44],[45]). Namazi et al.
in 2019 [40] included detailed literature on signalized intersection control under full AV
environment. However, few researchers reviewed the proposed methods that considered the
signalized intersection control under a mixed traffic environment ([46],[47]). | 2016, Chen and
Englund [44] discussed different cooperative-based methods. However, most studies considered a
fully connected environment with more focus on controlling the non-signalized intersections.
Namazi et al. [40] discussed the performance of different methods in terms of efficiency, safety,
ecology, and passenger comfort. They included seven related studies, but two of these studies
([95],[96]) did not consider the mixed environment conditions. In 2019, Guo et al. [45], part of
their review on the CAV implementation, discussed the signalized intersection control methods
that were proposed to optimize traffic signal plans. However, most of the included studies in their

review considered the full CV environment rather than AV environment.
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The main objective of this chapter is to conduct a critical comprehensive review of proposed
methods for the signalized intersection control under mixed AV traffic environment, mainly when
AVs are sharing the same intersections with RVs without the application of dedicated AV lanes. In
addition, based on the review findings, different limitations of the proposed methods are discussed.
The sections of this chapter are organized as follows. Section 1 includes the research methodology
of the review. In section 2, the extended review of the signalized intersection control under mixed
AV traffic environment is presented. It begins with the classification of signalized intersection
control methods and then includes a literature review of the proposed methods under mixed AV
traffic environment. In section 3, the different obtained limitations of signalized intersection
control under mixed AV traffic environments are discussed in detail. Section 4 is the policy
implications pertinent to the alternatives of signalized intersection control under a mixed traffic
environment. Finally, section 5 includes a summary of the chapter.
4.1 Methodology

A systematic review approach was adopted for conducting this study (Figure 4-1). At the
beginning of this work, the research questions, search keywords, and the inclusion and exclusion
criteria of the collected studies were determined. In this study, four main research questions were
identified. First, what are the proposed methods of signalized intersection control under an AV
traffic environment? Second, whether these methods have considered the case of mixed traffic
environment of AVs and RVs? Third, what are the limitations of the actual application of the
proposed methods? Fourth, what are the alternatives that may overcome these limitations? The
search keywords included the following: autonomous (automated) vehicles, regular (human-
driven) vehicles, AV environment, mixed (heterogeneous) traffic, signalized intersection control,

autonomous (cooperative-intelligence-smart) intersection control, and signal optimization.
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However, this review excluded any study which considered the application of dedicated lane(s) for

AVs. The contents of the collected studies were reviewed to conduct thematic analysis and achieve

the objectives of this study.
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4.2 Signalized Intersection Control under Mixed AV Traffic Environment

Signalized intersection control is essential to enhance the traffic flow by optimizing
intersections in different aspects [97]. It manages the order and right-of-way of vehicles to cross
intersections effectively. The main objectives of these methods are to utilize and optimize the
space within an intersection more efficiently to increase the flow, decrease delays and fuel
consumption, and improve safety ([44],[98]). In the case of a full RV environment, the literature
has indicated that different methods have been used for signalized intersection control. These
methods are divided into three main systems groups: fixed, actuated, and adaptive systems [99].
Most existing systems rely on fixed signal plans optimized regularly by traffic engineers [100].
However, the fixed systems cannot adapt to the increasing and varying traffic demands leading to
different traffic problems ([101],[102],[30]). The adaptive traffic signal systems, in general, use the
data collected by the upstream detector to estimate incoming traffic and try to find an optimum
signal plan that can maximize or minimize the control target. Compared with fixed and actuated
types, different studies have indicated that it can improve the signal efficiency leading to better
optimization of the intersection capacity ([103],[104]). However, one of the limitations of the
simple adaptive based system, under RV traffic environment, is that its basic detectors can provide
limited types of traffic information, such as average occupancy, and may miss important
information, such as vehicle states ([105],[97]). In addition, most of these systems are based on
traditional traffic prediction models, which lack self-learning capabilities that can improve the
system'’s performance [42].
Under the AV traffic environment, different methods have been proposed to control the AVs for
crossing the signalized intersections. However, these methods differ in their control architectures

and logic, the distribution of computations, or they may vary in their required infrastructures for
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the real applications and targeted objectives. The control methods of the signalized intersections
under AV environment may be classified into three main classes: autonomous intersection control,
signal optimization-based methods, and hybrid-based methods. The following sub-sections will

include a brief description of each class.

4.2.1 Autonomous Intersection Control

This class of methods includes those intelligent or cooperative-based methods that eliminate the
traffic signal. It uses different algorithms to optimize the vehicle's crossing of the intersection.
Some papers referred to these methods as autonomous intersection management (AlM)
([40],[206]). From its control architectures aspects, these methods can be divided into two

categories of centralized and distributed-based methods [43].

The centralized-based methods include a central coordination unit that communicates with
vehicles, receives real-time information about vehicles, and gives instructions to guide the vehicles
to cross an intersection safely [43]. This central agent makes the control decisions globally for all
vehicles [47]. The second important aspect of the centralized methods is the vehicle agent within
each vehicle, which controls the crossing of AVs [106]. So, it only requires communications
between the centralized units and the vehicles without the requirement of vehicle-to-vehicle (V-V)
communications. However, the different complex computations rely on the single intersection
control agent. Therefore, the high computational requirement is considered a critical concern and
needs great efforts to ensure system reliability and robustness ([44],[107]). Different meta-
heuristics and mathematical methods, such as linear and dynamic programming, have been widely
applied to many autonomous intersection-based methods [43]. In contrast, the distributed-based

methods are based on the communications between the vehicles to negotiate and agree on vehicle
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priorities to safely and effectively cross the intersection [43]. Most of these methods are applied in
agents based manner where different agents (such as an AV) interact and coordinate their
behaviors to achieve specific objectives. In other words, the vehicles collect the required
information and make the control decisions by themselves. Compared to the centralized-based
method, the advantage of distributed-based methods is that it requires less infrastructure support
since it needs only V-V communications. In addition, it has fewer computational problems since
the crossing decisions are made locally, and the computations are distributed among vehicles [44].
However, it relies entirely on the performance of the communication channel and the negotiation
protocol between the vehicles [43]. L. Chen and Englund and Pourmehrab et al. ([44],[98])
classified the autonomous intersection-based methods for fully AV environments into two main
classes, including: reservation-based and trajectory planning-based methods. These classes are

generally described in the following parts.

A. Trajectory Planning Based Methods
The intersection crossing with the application of these methods is considered as a passing sequence
optimization problem aiming at maximizing certain utilities with constraints to ensure intersection
safety and vehicle maneuvering limits [44]. It is based on different vehicle trajectories, such as the
location and speed of the vehicles. The main objective is to find the optimal sequence, such as
optimal departure at the intersection, for each wvehicle considering the connectivity and
programmability of AVs. With these methods, space tiles are planned and allocated consecutively
as travel routes. AVs are controlled along the planned trajectories to safely cross the intersection,
with unimpeded movement, strategically guiding AVs to adjust their approaching trajectories.
These methods can be improved by exploiting the optimization of vehicle control parameters. Most

of the trajectory planning-based methods are based on the application of centralized-based

94



methods. The role of the central unit is to optimize the feasible motion plans for AVs based on

different information, then, it assigns specific crossing instructions to AVs.

B. Reservation Based Methods
It considers the intersection crossing as a discrete resource allocation or scheduling problem. Some
of the studies referred to this class as suitable resource reservation-based methods [44] or signal
scheduling-based methods [98]. It aims mainly to reserve exclusive time slots and intersection
space for each vehicle to cross the intersection safely. It focuses on finding the optimal sequence of
serving lanes by sorting incoming requests from the vehicles and allocating the right of way of the

intersection based on a set of predefined rules [98].

4.2.2 Signal Optimization-Based Methods

The signal optimization-based methods require traffic signals. These methods are applied to
generate optimal traffic signal timing plans using different methods such as classical optimization
methods, heuristics optimization algorithms, and machine learning-based optimization methods.
Guo et al. [45] classified the CAV-based signalized intersection control methods into three main
classes, including adaptive traffic signals control, platoon-based control and planning-based
control. The adaptive-based methods, using CAVs data, can optimize the signal plan based on
current traffic states and do not apply prediction. The platoon-based methods, using CAVs
coordination, can optimize the signal plan by grouping incoming vehicles into platoons thought
predicting their traffic flow status. The planning-based methods, also using CAVs coordination,
treat each vehicle individually by considering its detailed trajectories and optimizing the signal

plan in a forward time horizon by adopting more accurate and complex models.
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4.2.3 Hybrid Based Methods

These methods combine autonomous intersection control-based methods (Class 1) and signal
optimization-based methods (Class 2). These methods jointly optimize AV trajectories and signal
timing at the same time. This combination can significantly improve signalized intersection
performance. For example, optimizing the arrival time of the vehicles to the intersection may result
in better utilization of green durations [37]. Another example, when the signal plans are identified,
the desired speed of the AVs can be optimized to ensure that they can cross the intersection
without stopping [108].

The literature included in this study indicated that most of the proposed methods of signalized
intersection control focused on the full AV traffic environment. However, a limited number of
studies have focused on solving the problems of signalized intersection control under a mixed
traffic environment of AVs and RVs sharing the same network. Namazi et al. in their review,
found that out of 103 reviewed studies, 94% of these studies considered full AV environment,
while only around 6% considered the mixed traffic environment [40]. This finding regarding the
research limitations is also confirmed in this current review. In addition to the reviewed studies by
[40], we found 14 additional related studies until September 2021. Figure 4-2 shows the
distribution of different methods under a mixed traffic environment. About 68% of the proposed
methods are autonomous intersection control-based methods, 11% are signal optimization-based
methods, and 21% are hybrid-based methods. Table 4-1 summarizes the collected studies,

including study variables: class of the proposed method, traffic environment, and method name.
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Figure 4-2 Distribution of Methods of Signalized Intersection Control under Mixed
Traffic Environment
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Table 4-1 Proposed Signalized Intersection Control Methods for Mixed Traffic Environment

Study [Reference No.]

Class of Method

Traffic Environment

Method Name

Dresner and Stone, 2004 [36]

Bento et al., 2013 [109]

Qian et al., 2014 [110]

Yang et al., 2016 [111]

Sharon and Stone, 2017 [106]

Lin et al., 2017 [112]

Li and Zhou, 2017 [113]

Zhao et al., 2018 [114]

Liang et al., 2019 [108]

Liu et al., 2019 [16]

Barthauer and Friedrich, 2019

[115]

Reddy et al., 2019 [46]

Pourmehrab et al., 2020 [98]

Time slot reservation

Spatial-temporal
reservation

Reservation

Trajectory planning

Reservation
Trajectory planning

Hybrid

Trajectory planning
Hybrid

Trajectory planning

Autonomous intersection

control
Reservation

Hybrid

AV and RV

AV and RV

AV and RV

AV,CV and RV

CAV and RV

CAV and RV

CAV and RV

AV and RV

AV,CV and RV

CAV and RV

AV and RV

AV and RV

AV and RV

98

First come, first served (FCFS) light

Legacy early method for intelligent traffic
management (LEMITM)

Priority-preserving order based method

Optimal departure sequence using a branch
and bound technique

Hybrid autonomous intersection management
(H-AIM)

Buffer-assignment based coordinated method

Intersection  automation  policy  (IAP)
optimization method

Real-time distributed cooperative eco-driving
strategy-based method

Rolling-horizon optimization framework

Permission assignment policy with a
coordination protocol

Pre-sorting and pre-signaling based method

Synchronous intersection

protocol (SIMP)

management

Intelligent intersection control system (1ICS)



Bashiri, 2020 [43]

Baz et al., 2020 [14]

Qi etal., 2020 [7]

Yao and Li, 2020 [47]

Chen et al., 2021 [116]

Tajalli and Hajbabaie, 2021
[37]

Signal optimization

Trajectory planning

Signal optimization

Trajectory planning

Trajectory planning

Hybrid

CAV and RV

AV and RV

AV and RV

CAV and RV

CAV and RV

CAV and RV

Real-time Data-driven adaptive signal control

Game-theory-based priority control

Particle swarm optimization (PSO) method

A decentralized based method

Platoon-based optimal control framework

Mixed-integer non-linear program
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4.3 Limitations of Signalized Intersection Control under Mixed AV Traffic Environment

In general, the conducted review indicated that the autonomous intersection control-based
methods are expected to improve the efficiency of the signalized intersections under the AV
environment ([40],[47]). Unlike the trajectory planning-based methods, the main drawback of
reservation based methods in minimizing delay at a signalized intersection is that they do not
consider the added benefit of optimizing AV trajectories [98]. The main problem of applying such
autonomous-based methods in a mixed traffic environment is that each control policy requires a
traffic signal model so that the RVs understand the crossing instructions. Compared to the
autonomous-based methods, the hybrid-based methods may lead to significantly different
performance [40]. However, some studies indicated that the effective combination of both methods
is complex and requires significant efforts to develop methods that can balance computational
complexity and control performance. For example, it is not likely that a centralized unit can handle
all the required computations to cooperate between the signal controller and approaching vehicles

[37].

The findings from this review indicated that the applications of both autonomous or hybrid-based
methods are built on some different assumptions, requirements, and constraints. Those are related
to the network environment, including the traffic composition, connectivity, road infrastructures,
intersection and functional network design, in addition to the driving behavior. Those will lead to
different limitations of their possible practicability and reliability of controlling signalized
intersections under different conditions of mixed traffic environment of AVs and RVs. In the

following parts, we will discuss some of these limitations supported with examples.
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4.3.1 Traffic Composition

The traffic composition of a mixed environment may include different implementation rates of
AVs and RVs. Some of the proposed methods have assumed a specific traffic composition for the
application of their methods. For example, some methods were proposed to be applied only at
under-saturated traffic flow conditions [98]. The trajectories-based methods may not be effective
with scenarios of high traffic volume since that the trajectories of all involved vehicles need to be
optimized for each signal cycle. Other methods have shown improvement only at specific
conditions of the traffic composition. For example, different proposed reservation based methods
showed improved performance only at lower implementation rates of RVs (less than 10%)
([36],[109]). Other methods showed improvement when the implementation rate of CAVs is more
than 10% [106]. Some trajectory planning based methods showed improvement only when the
implementation rate of AVs is more than 50% [111]. In contrast, other methods showed
improvement only when the implementation rate of CAV was less than 21% [112]. The above
findings indicated that most of the proposed methods would not be applicable at any traffic
composition or traffic flow conditions that may occur in the transition period of the expected

mixed traffic environment.

4.3.2 Connectivity

The autonomous or hybrid-based methods assumed different required levels of connectivity of the
traffic environment. The connectivity enables other communications to exchange the required
information, including crossing requests or crossing instructions, between the vehicles or with
intersection control units. For example, the centralized-based methods can be applied only under a

fully connected environment where the involved vehicles and the intersection units must be
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connected. On the other hand, in terms of vehicles capabilities, all of these methods assumed that
the involved vehicles have V-V, V-1, and I-V communications. The proposed method by C. Chen
et al. assumed that the RVs are connected to the central unit and can exchange the required
information [116]. In their proposed method, Reddy et al. assumed that the RVs have the same
sensing capabilities as AVs [46]. In the case of a mixed traffic environment, unlike the CAVs,
most of the existing RVs do not include these required connectivity capabilities. Therefore, RVs
will not be able to exchange or receive the required information on how to cross the intersections
with cooperative methods safely. The availability of connectivity is not the only concern. Indeed,
the performance of the cooperative-based methods will be built on the quality and performance of
the different involved communications. That brought up concerns about its accurate performance
and safety guarantee for real-world conditions under a mixed traffic environment ([43],[44]). For

example, some studies have shown different constraints related to communication ranges.

4.3.3 Road Infrastructures

Some of the proposed methods of signalized intersection control under a mixed traffic environment
have required different modifications of the existing road infrastructures. To provide the required
V-V and V-l communications, the central-based method's main problem is that it requires
establishing and installing centralized units at each intersection [112]. Also, to collect the required
information, different supported roadside units at each intersection must be installed. For example,
most proposed autonomous or hybrid-based methods require various sensors to detect traffic
information [37]. Other methods have used different prediction models, such as kinematic wave
theory and Newell's car-following model, to predict the information of the RVs, such as their
arrival sequence and trajectories. These road infrastructures must be provided at each intersection

of the existing network, which is considered highly costly ([43],[44]). As a result, the most
102



proposed methods may face difficulties in their real application because of the additional
constraints regarding the required infrastructure. To overcome that, some of the proposed methods
assumed that the information of the RVs can be provided by the AVs or the CVs ([108],[111]).
However, the RV information level and accuracy will depend on its implementation rate in the
mixed traffic environment. With low implementation rates, the performance of these methods may

not be effective.

4.3.4 Intersection and Functional Network Design

The findings indicated that the autonomous-based methods' performance could be sensitive to
different turning options at the intersection, considering different involved vehicle types. To solve
the related issues, some of the proposed methods have assumed specific operational configurations.
A method is applied when left-turn movements operate exclusively [37]. Another method assumed
only one-way traffic without turning movements [14]. Some of these special configurations,
mainly in the case of a mixed environment, may lead to increased delays for the AVs [110]. On the
other hand, other proposed methods have assumed specific intersection designs. For example,
some methods were applied only for intersections with single-lane roads ([46],[47],[113]). Some
studies have indicated that the hybrid control-based methods may improve the performance of the
signalized intersection; however, it may lead to negative impacts on the intersection capacity.
Barthauer and Friedrich concluded that the application of the pre-sorting and pre-signaling
decrease the capacity of the intersection by 50% compared to a conventional method [115] . Most
of these modifications in terms of operation and intersection designs were considered to include
collision-free features to ensure the safety of the vehicles crossing. However, applying these
modifications to each existing intersection is complex due to different related aspects. Alternative

intersection designs, such as the tandem intersection concept, require more space than a traditional
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four-leg intersection [115]. In addition to that, these modifications may improve safety, however,
they may cause negative impacts on the intersection operational performance, such as increased

delays [115].

4.3.5 Driving Behavior

Another common assumption of the autonomous and hybrid-based methods is related to the
driving behavior of the involved vehicles. There are sets of constraints in terms of vehicle
operational characteristics related to the design or application of the method or related to the safety
requirements. Examples include safe headway, speed limits, acceleration, deceleration limits, and
lane-changing capabilities [44]. Some autonomous-based methods assumed that all of the involved
vehicles are highly automated that have similar operational settings [44]. Some reservation based
methods assumed that RVs could keep a safe distance from their leading vehicles [117]. However,
the RVs have stochastic driving behavior that may vary based on different factors. The main
difference that should be realized is that the RVs have complete freedom to change a control input
at any time, while the AVs can only adjust control input at periodic discrete times [16]. With the
application of such autonomous-based methods, all of the involved vehicles are assumed to follow
exact assigned instructions of crossing the intersection, given by the control system, without any
unplanned maneuvers such as overtaking or lane-changing [44]. For example, some proposed
methods assumed that the RVs strictly follow the path and will not perform undesired or illegal
maneuvers ([110],[116]). However, in case of a mixed traffic environment, the critical concern is
that whether the RVs with human control are able to respond to the crossing instructions
completely and cope with the AV driving behavior ([110],[26]). Unlike the AVs, we have to

realize that the driving actions of the RVs cannot be identified by the control system [118]. So, it
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may be concluded that the reliability of the RV driving behavior should be highly considered while

designing or evaluating the performance of different proposed methods.

4.4 Policy Implications

The existing traffic environment of road networks mainly includes RVs and different types
of semi-autonomous vehicles. However, in the coming near future, it is expected that full AV will
gradually be introduced into the traffic networks of many cities. Therefore, full AV will share
networks, including intersections, with the RVs. The proposed autonomous and hybrid-based
methods of signalized intersection control, in the literature, can be applied in the case of a mixed
traffic environment. However, the effective application of such methods will be based on specific
requirements and assumptions of the AV traffic environment. As discussed in the previous section,
these requirements and assumptions will lead to different types of limitations which may affect the
generalization of applying such methods to control any existing signalized intersection in a mixed
traffic environment of urban networks in the actual practice. Examples of the limitations may
include required communication protocols, computational power, and other required modifications
in addition to the different assumptions related to the traffic composition and driving behavior of
the RVs. Moreover, one of the main drawbacks of most proposed autonomous and hybrid-based
methods is that it have focused on the vehicle's movements and ignored the other users such as
pedestrians and bicycles at the intersections [49]. However, in the case of an urban signalized
intersection, the movement of such users should be considered. On the other hand, another
important aspect that should also be considered and evaluated carefully is the duration of the
execution time of such cooperative-based control methods that may induce extra delay due to the

required computations and communications. As an example of extra expected delay, one of the
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reservation-based methods limitations is that the frequent switches of right-of-way may disrupt
platoons resulting in increased traffic delays [98].

The main outcome of the included discussion in this section may be significantly utilized to build
new signalized intersection control methods that can overcome the limitations of the proposed
methods. In a mixed traffic environment, the control methods should be applicable at different
conditions of traffic compositions. The traffic signal may be applied effectively regardless of the
implementation rates of AVs and RVs without any constraint or assumption of traffic compositions
or saturation traffic flow conditions. In terms of connectivity, unlike the autonomous or hybrid-
based methods, traffic signals do not require any level of V-V or V-I communications within the
traffic environment. Based on the collected data of the different detectors, the signal agents need to
send the required phase information to the AVs. So, the traffic signal-based methods can be
applied even when the involved vehicles, including RVs, are not connected to each other or to the
infrastructure. Moreover, with an application of the traffic signals, the requirements of the extra
modifications of the existing road infrastructures can be eliminated. It may only require simple
traffic detectors to detect specific information, such as traffic volume and vehicle type, as the case
of the existing adaptive traffic signals in the RV traffic environment. The application of the traffic
signal-based methods is considered an effective solution to the existing road network since it can
be applied without the need for extra costly modifications of the operational designs and
intersection layouts. It can be applied under different features of the road, intersection and
operational designs such as highway class, number of lanes and signal phasing. The driving and
traffic signal response behavior of the involved vehicles, mainly the RVSs, in mixed traffic
environment are different and cannot be assumed to be fully controlled or predicted. To overcome

the human driving behavioral issues of the control response, we need to apply control methods that
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are quite familiar to them, such as traffic signals which can be also easily formulated and
controlled to be totally understood and accurately followed by the AVs. In terms of road safety, the
traffic signals can provide safety measures inherent, as in the case of the full RV traffic, where
there will not be any conflicting trajectories between the involved vehicles during crossing
intersections. The traffic signal-based methods are suitable and reliable for both involved vehicle
types considering their expected driving behavior and capabilities.

To improve the performance of the traffic signals under a mixed traffic environment, we have to
think of how to utilize the advantages of the AV implementation in order to optimize the signal
plans. The optimization of existing traffic networks by the effective application of the current
artificial intelligent-based methods is becoming an increasingly important aspect for solving
different traffic problems. The application of the signal optimization-based methods can easily
handle single or multiple objectives and complex traffic conditions [40]. Under the RV traffic
environment, the literature indicated that different optimization methods had been applied to
optimize the performance of signalized intersection systems. These methods range basically from
mathematically based methods to artificial intelligence-based methods
([301,[99],[119],[120],[121],[122]). For example, several heuristics algorithms, such as genetic
algorithms (GA) and differential evolution (DE), have been applied to optimize signal plans in
order to minimize the delays, number of stops, and queue length [123]. To improve the learning
ability of the adaptive control systems, advanced machine learning methods were applied and
showed superior performance compared to other shallow learning methods such as the artificial
neural networks (ANNSs) [13].

Most of the related studies of traffic signal optimization, under the RV environment, have

considered and assumed stochastic behavior of human driving and have focused on the solution
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quality for the traffic volumes. With the implementation of AVs, to improve the performance of
the traffic signals, we have to consider the expected positive impacts of the AVs without
compromising the reliability of control systems for the RVs in a mixed traffic environment. The
deterministic driving behavior [7] and improved operational and connectivity characteristics of the
AVs, in addition to its expected impacts on the traffic flow characteristics, should be significantly
utilized for better improvement of the traffic signal optimization [14]. For example, in terms of its
advanced capabilities, the shorter perception and reaction time of the AVs may help to minimize
the yellow interval or to optimize the duration of green times. Also, the shorter start-up times may
decrease the total lost times. In terms of its operational characteristics, the shorter headways may
help to minimize the maximum green durations as a result to the improved saturation flow rates.
All of that may effectively assist the signal to optimize its main control parameters, such as signal
timing parameters, which will result in decreased delays and, therefore, better utilization of the
intersection capacities [23].

Basic optimization methods, such as mathematical or dynamic programming, are based on
analytical relationships. These cannot be applied for the mixed AV traffic environment due to
absence of real existing data or the high computational complexity of the optimization. For
example, it is not possible to establish the exact, reliable mathematical models that can represent
the traffic conditions or select the optimum control policy in the case of a mixed traffic
environment [42]. We need defined functions or equations to relate the inputs and the outputs of
this unique environment. This step requires the reformulation of some essential traffic flow
functions as a result of the adjusted AVs characteristics and its impacts on the traffic flow
characteristics. However, with the application of the ML optimization-based methods, we need

only big data for the learning process of the different hidden relationships of the mixed traffic
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environment. These methods may be used to overcome the different issues of the basic
optimization methods and also may improve the optimization performance due to its intelligent
learning.

The findings of the current review have indicated that few efforts have considered the traffic signal
optimization for the AV traffic environment. Our review found only two studies that aimed to
optimize the traffic signal under a mixed AV environment ([43],[7]). Moreover, the literature
indicated that the application of the ML-based methods is still limited and needs more efforts of
investigations under a mixed AV traffic environment. Namazi et al. [40] found that out of 103
published studies in the area of signalized intersection control of AV environment, only about 4%
of the studies have applied machine learning-based methods.

Nowadays, due to the recent explosion in the development and availability of different information
and communications technologies, in addition to the advancement in computing capabilities, there
are significant improvements in ML approaches that should be considered in solving the mentioned
challenges of signalized intersection control under mixed AV traffic environment. Examples of
advanced ML-based methods may include deep learning (DL) and reinforcement learning (RL).
Using different concepts, these methods can learn and extract the inherent complex relationships of
the system’'s behavior of the mixed traffic environment without any predefined models or
underlying processes. The deep architecture can improve the learning process and produce better
results compared to the most of the common shallow networks that usually have only one hidden
layer. For example, some studies applied reinforcement learning to improve the performance of
adaptive traffic signals under RV traffic environment ([124],[125],[126],[42],[127],[128]). Most of
these studies indicated that the reinforcement learning-based method is much superior compared to

the common traffic signal control methods.
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4.5 Summary of Chapter 4

This chapter included a comprehensive literature review about the different proposed
signalized intersection control methods under mixed AV-traffic. Based on the review findings,
different limitations of the proposed methods were discussed to provide a policy implications
discussion that intended to provide proposed alternative solutions.

The review findings indicates that most of the proposed methods can be applied effectively only
for a fully connected traffic environment, mainly where the required connectivity is achievable
along with full behavioral control of the involved vehicles. That may occur when we reach a 100%
implementation rate of the CAVs in our traffic network, which is not feasible in the near future.
Therefore, the proposed methods should be evaluated considering the underlying assumptions and
limitations for appropriate generalization and implementation of controlling existing signalized
intersections in a mixed traffic environment of urban networks. The control methods should be
applicable for both AVs and RVs, considering their different implementation rates and capabilities,
under different scenarios in the future. Any proposed method should be designed and operated with
minor modifications or requirements of the existing infrastructure.

The significant improvements in ML approaches should be utilized to develop reliable adaptive
traffic signal control-based methods. Such methods aim to respond effectively to mixed traffic's
dynamic and complex environment using their intelligent continuing learning and adaptation. As a
result, the controller can optimize signal plans by smarter utilizing the AV characteristics and their
potential impacts. Such systems are recommended to control signalized intersections in the
transition period to the full AV environment. The improvement of the proposed alternative is
expected to increase gradually with an increase in the AV implementation rate till our traffic

network reaches full AV environment where the autonomous or hybrid-based methods may be
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easily and effectually applied. The review recommended that the development of such intelligent
optimization-based methods of adaptive traffic signals control is still limited and needs more

investigation under mixed AV-based traffic.
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CHAPTER 5

TRAFFIC SIGNAL OPTIMIZATION FRAMEWORK USING
MACHINE LEARNING TECHNIQUE UNDER MIXED TRAFFIC

ENVIRONMENT

As mentioned earlier, the implementation of AVs will play a vital role in improving the
efficiency of traffic networks [4]. Traffic control engineers need to consider reformulating the
control policies of vehicle traffic networks for the potential positive impacts of the expected
gradual implementation of AVs although the full implementation of AVs remains years away. In
terms of signalized intersection control, the real application of autonomous-based TSC methods

cannot be employed without considering the different limitations discussed in chapter 4

([48],[37],[49D).

Thus far, several studies have investigated the traffic signal optimization of adaptive-based TSC
systems under RV traffic environments. These studies focused on solution quality with respect to
the performance of the optimization method while considering different traffic flows and TSC
information. The main assumption is that RVs maintain stochastic driving behavior for pure
traffic involving only RVs. However, given the future implementation of AVs, the optimization
problem should be designed for utilizing the deterministic and improved operational
characteristics of the AVs and expected positive effects of its implementation for improving
optimization performance without compromising other control objectives [14]. The integration
of this concept with signal optimization-based methods under mixed autonomous traffic have the

potential to overcome the different limitations of autonomous-based TSC methods. Existing
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literature indicates that few studies have focused on the development of TSC methods that

consider signal optimization under partial AV ([40],[48]).

So, the study, presented in this chapter, aimed to propose a novel machine-learning-based
optimization framework for designing intelligent adaptive TSC systems under different
conditions of mixed AV-based traffic. This framework utilizes state-of-the-art approaches to
represent and design the optimization process of cycle length while considering delay
minimization as the main control objective. The overall aim is to use the improved
characteristics and resulting impacts of the AVs implementation for improving the optimization
performance. Different ML-based approaches are applied and evaluated to develop different
components of the proposed framework. The proposed framework can learn and extract the
inherent complex relationships of the traffic behavior of a system without using any predefined

models. The contributions of this study can be summarized as follows:

e Various recent ML-based models are applied, evaluated, and compared for traffic delay
prediction. None of these models are evaluated in terms of their capabilities for delay
prediction under various possible scenarios of future AV-based traffic compositions in
the previous studies.

e An eXtreme gradient boosting (XGBoost)-based prediction model is developed with an
accurate and reliable representation of the mixed AV-based traffic. Model explainability
analysis is performed using SHapley Additive exPlanations (SHAP) analysis to assess the
significance of input features for delay prediction and the effect of these features on

delay.
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e Three heuristic algorithms are applied and evaluated to determine the optimum cycle
length under different AV-based traffic conditions. Emperor penguin optimization (EPO)
is used for the first time in the application of traffic signal optimization.

e The impact of the AV implementation rate on intersection delay and optimization
performance is analyzed under different traffic volume conditions.

The remainder of this chapter is organized as follows. Section 1 presents the extended review of
the works related to the proposed research. Section 2 describes the methodology of the proposed
framework in detail. The results obtained in this study are presented and discussed in section 3.

Finally, Section 4 summarizes the main findings of this chapter.

5.1 Related Works

Thus far, different methods have been proposed to control signalized intersections in AV-
based traffic environments ([44],[40],[45],[48]). Many studies have proposed different TSC
methods for full AV-based traffic ([36],[129],[130],[95],[39],[49],[96],[15]). As mentioned
earlier, TSC methods for future traffic are divided into autonomous-, signal optimization-, and
hybrid-based methods [48]. Most proposed TSC methods for AV-based traffic are considered

autonomous-based TSC methods ([43],[116]).

Some studies proposed autonomous-based TSC methods for mixed autonomous traffic; e.g.,
reservation-based methods ([36],[109],[117],[106],[46]) and trajectory planning-based methods
([111],[212],[114],[16],[47].[14],[98].[116]). Although these methods demonstrate excellent
performances ([40],[47]), their real applications suffer from different limitations related to the
traffic environment. Traffic conditions in the future will vary in terms of volume and AV

implementation rate. The trajectory-based methods for high traffic demands may not be able to
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effectively optimize all vehicle trajectories [48]. The effective application of reservation-based
methods requires high AV implementation ([36],[109],[111],[106]). The basic component of
autonomous-based TSC methods is the requirement of different communications protocols such
as V-V, V-I, and I-V communications [43]. Some proposed autonomous methods assume that
RVs have communication capabilities for exchanging data with the signal agent ([116],[46]).
However, most existing RV models do not include connectivity capabilities. Although
distributed-based methods distribute the involved computations of the control among agents, the
resulting performance depends entirely on the quality and communication range among the
agents [43]; this can cause some uncertainty in the expected operational and safety performance
considering real applications [44]. Further, centralized-based TSC methods such as trajectory
planning-based methods can involve complex computations that affect control performance
([107],[98]). Therefore, its application requires a long execution time, and it can cause additional
problems such as increased delays [98]. In addition to the above limitations, some autonomous-
based TSC methods require additional costly infrastructures to realize different types of control
and other supporting roadside units ([112],[37]). Some methods perform conditional
modifications in the design ([113],[46],[47]) or operation ([14],[37]) of the signalized
intersection for including the collision-free features of the vehicle crossing; this can cause an
additional delay ([117],[115]) and require additional land space [115]. For mixed traffic, the
assumptions included by some proposed autonomous-based methods in terms of RV driving
behavior ([44],[117]) are not realistic because of the nature of the stochastic driving behavior of
RVs. Many studies that focus on doubts regarding whether RVs can cope with AV driving
behavior have been reported ([117],[26],[16]). Further, unlike AVs, RV actions cannot be

recognized or controlled accurately by the control system from the control system side [118].
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As mentioned earlier, hybrid-based TSC methods integrate autonomous-based TSC with traffic
signal optimization for optimizing both AV trajectories and different parameters of the signal
plan. Related studies have proposed hybrid-based TSC methods that consider mixed-based AV
traffic ([113],[106],[108],[98],[37],[131],[132]). Although such methods are expected to achieve
high performances [40], they involve similar limitations as that of the autonomous-based
methods. In addition, the effective application of such methods involves high computations that
can negatively affect the resulting performance (mainly with centralized-based methods) because
of the complex combination of optimization objectives [37]. Barthauer and Friedrich [115]
proposed a hybrid TSC method that combines pre-sorting and pre-signaling techniques; the
results suggest that its application decreases the intersection capacity by half compared with the

conventional TSC method.

Signal-optimization-based TSC methods utilize an intersection space without compromising road
safety and optimizing the time of the signal plan for increasing the flow and minimizing delays
and fuel consumption ([44],[98]). Signal optimization utilizes various traffic information such as
traffic flow state or vehicle trajectory and coordination for optimizing the signal plan considering
the different control objectives of adaptive, platoon, and planning-based TSC systems [45].
Platoon-based systems aim to group the incoming vehicles into platoons using different
prediction methods for predicting their traffic flow state; planning-based systems require
advanced models to treat each vehicle individually through detailed trajectories for planning the
crossing in a forward time manner. Both systems require V—I connectivity to exchange the
required data and send crossing instructions. Adaptive-based TSC systems can utilize the
different collected traffic data for regulating and optimizing signal plans to achieve desirable

objectives in a real-time manner based on the short- and long-term variations of the different
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traffic conditions. Compared with fixed and actuated-based TSC systems, the application of
adaptive-based TSC systems can help improve the optimization of intersection capacity; thus, it
can help enhance the efficiency of traffic flow ([103],[42]). Y. Wang et al. [42] conducted a
comprehensive review of the adaptive-based developments of TSC; they stated that modern
generation adaptive-based systems are based on self-learning capabilities and high-efficiency

computations of advanced vehicle models such as CVs and AVs.

Several studies have attempted to optimize different TSC parameters such as the cycle length and
phase status, which considers single- or multiple-based optimization objectives under different
conditions of full RV-based traffic [40]. Examples of common optimization objectives include
the minimization of traffic delays, travel time, number of stops, queue length, and fuel
consumption. Traditional optimization methods such as regression, linear programming, fuzzy
logic, and probability-based methods, have been used for optimizing traffic signals before the
development  of  advanced simulation and  high-computation-based  methods
([133],[134],[135],[136]). Such methods showed limited performances because they do not
consider the dynamic and mixed nature of traffic flow conditions at urban signalized
intersections. Recent Al-based methods such as heuristics-based algorithms and ML-based
methods have been applied to improve signal optimization-based methods for RV traffic
([119],[120],[121],[137],[138],[139]). Common examples of these methods include different
genetic algorithm-based algorithms ([140],[30]), ant colony optimization [141], differential
evolution [142], immune network algorithms [143], artificial bee colonies [144], RL [145], and
other DL-based methods. Most Al-based methods exhibit efficient and robust control
performances that can capture the varied characteristics of TSC problems

([146],[147],[111],[148],[149],[143],[144]).

117



Some research studies considered signal optimization to propose TSC methods for AV-based
traffic [40]. Q. Guo et al., 2019 reviewed some of the proposed methods that focus on full AV-
based traffic [45]. However, under mixed autonomy traffic, there are only a limited number of
studies that have proposed signal-optimization-based methods [48]. Bashiri proposed an adaptive
TSC system for controlling signalized intersections under mixed autonomous traffic [43]. In their
study, a neural network trained using microscopic simulation data was used to optimize the
signal time; a heuristic method was used to predict the routing decisions for representing the
traffic state by utilizing different collected information from the CAVs. The results showed that
the proposed system performed better when the delay was reduced by 25% compared to that of
the Highway Capacity Manual (HCM) methodology. Ma et al. proposed a signal-optimization-
based method using a mixed-integer linear programming model [150]. They optimized both the
phase sequence and phase duration with the control objective of intersection delay minimization,
and their results indicated that the proposed method led to a greater reduction in delay compared

to that using vehicle-actuated and fixed-time control.

5.2 Methodology

An optimization framework that can intelligently utilize the advantages of both improved
AV driving behavior and intelligent-based approaches is developed in this study to improve TSC
optimization. A general flow diagram of the optimization framework is presented in Figure 5-1.
In the first stage, the data required for the learning process are generated using a simulation
software. In the second stage, different ML-based models are evaluated in terms of delay
prediction using the generated data. Then, the best ML-based model is selected based on the

performance of the prediction models to represent the simulation of the optimization process. In
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the third stage, a heuristic algorithm is applied to determine the optimum cycle length of the TSC

under different AV-based traffic environment conditions.

Simulation, network, and
AV modeling setup

Experimental design and
simulation runs

Recording performance
measures

Data set generation

Modeling and hyper-
parameters optimization

Learning process

Performance evaluation
of the model

Explainability analysis
of the model

Development of ML-based
prediction model

Prediction validation

Optimization process

Sensitivity analysis

Performance evaluation
of the algorithm

Development of TSC
optimization framework

4

Results validation

Figure 5-1 Flow Diagram of the Optimization Framework

5.2.1 Simulation and Network Setup

As indicated in chapter 3, there are no sufficient real-world traffic data of mixed AV traffic

environment, and most studies related to AV implementation are modeling- or simulation-based

studies. The application of advanced simulation software is considered a suitable alternative for

AV driving modeling and data generation. To this end, different simulation software have been

used; for example, SUMO, CORSIM, and PTV Vissim. Vissim is used in the current study to
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generate large datasets for the learning process. Vissim permits users to create different scenarios
related to the tested traffic environment. The recent versions of Vissim include advanced built-in
features of AV modeling ([6],[79]); further, Vissim can accurately mimic the autonomous
features of AVs in real-world scenarios ([53],[3]), and therefore, data generated herein can be

treated as preliminary theoretical data obtained using microscopic traffic simulations.

A hypothetical computer-generated traffic environment of a urban isolated four-leg signalized
intersection is created using Vissim. Each approach includes three lanes in each direction. The
signalized intersection is controlled by a traffic signal using a four-phase fixed-plan system with
protected left turns. Signal plans are built and applied to the simulation in Vissim, which uses
various cycle lengths. The effective green times of each cycle are calculated based on the degree

of traffic (i.e., critical flow ratio) in each approach using Webster’s method [89].

Each scenario of the experimental design is simulated 100 times; each simulation is performed
using a default random seed of 42 with an increment of 1. The simulation resolution is set to one
time step (s) per simulation. Each simulation scenario is run for 5400 s. The data are recorded
only after 3600 s to saturate the system and eliminate the start-up period. After setting up the
simulation environment, different scenarios are implemented by changing the traffic
composition, traffic volume, and cycle length. Subsequently, a simulation is performed and
different performance measures are recorded, which includes the average vehicle delay (s) and

number of vehicles.

5.2.2 AV Modeling

The vehicles are modeled by focusing on parameters related to car-following and vehicle

behaviors at traffic signals. The main parameters include the speed, acceleration, deceleration of
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the vehicle, headway, safe distance between vehicles, and reaction time. The default settings of
the default urban driving behavior in Vissim (Urban-motorized) are used to model RV driving
behavior. Most settings are modeled using stochastic features to model and reflect the limitations
and randomness of human driving behavior in the RV model. Unlike RVs, AVs can operate
deterministically and precisely following the assigned setting, which represents homogenous
behavior. The default settings of the built-in AV model (AV aggressive (CoExit)) in Vissim
(Verison 11.00) are used to model and simulate AV driving behavior [151]. The default settings
of the AV model are based on empirical studies and co-simulation data of a mixed traffic
environment resulting from a PTV partnership with the CoEXist project ([151],[3]). Different
studies have used Vissim to model AV behavior at signalized intersections in mixed traffic

environments ([91],[43],[92],[93]).

5.2.3 Data Description and Experimental Design

Simulations conducted for data generation consider a mixed-based AV traffic environment in
which AVs and RVs share the same traffic lanes at the signalized intersection. The experimental

design for the simulation scenarios involves three main input groups:

1) Five AV implementation rates ranging from 0% to 100% are used to represent
various traffic compositions.

2) Simulations are conducted under various volume conditions to verify the resulting
performance under different traffic conditions. The number of vehicles ranged from
400 to 4500 (veh/h), which represents three traffic volume levels: low, moderate, and
high. A high level represents traffic conditions with a moderate level of traffic

congestion (LOS = E); a low level, almost free-flow conditions (LOS = B); and a
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moderate level, moderate level between the high and low levels, with a total traffic
volume of approximately 50% of that of the high level (LOS = C). The LOS levels
are based on the results of the average vehicle delay, and they are comparable to the
LOS levels defined in the HCM of 2010 [152]. The volume levels are implemented
using different traffic approaches with different hypothetical traffic volumes at a
given level. The selected numbers are based on the volume data recorded at a similar
intersection in a previous study [30].

3) Different traffic scenarios are evaluated under different signal plan cycle lengths to
reliably evaluate the different investigated impacts of AV implementation. The ranges
of the selected lengths (32—240 s) are selected based on the traffic volume level to
enable the reliable investigation of the resulting performance.

5.2.4 Delay Prediction Modeling

Traffic prediction models predict traffic conditions within a specific period using traffic data for
improving the management and control of the traffic status. The application of model-based
prediction methods such as statistical models can lead to an unacceptable performance in real-
life applications of traffic prediction [153]. However, model-free-based methods such as ML-
based models indicate better traffic prediction performance in terms of the resulting accuracy,
time consumption, and capability for dealing with the dynamic behavior of traffic systems
([154],[155],[156],[157],[158]). The ML-based models are completely data-based and explore
hidden and complex relationships among the inputs and outputs through their learning
capabilities during the training process. Nguyen et al. and Boukerche and Wang ([159],[160])
reviewed recent studies on ML-based applications for traffic prediction. It is aimed herein to

develop an ML-based model that can predict the average vehicle delay based on the traffic

122



volume, AV rate, and cycle length. Vehicle delay is selected as the main predicted variable
because it is a commonly used parameter for reflecting the LOS at signalized intersections as in

the case of the HCM of 2010 [152].

ML-based models are used to overcome the lack of required analytical models of traffic flow
under the mixed traffic of AVs and RVs [104]. According to existing literature, studies on traffic
delay prediction in AV traffic environments with applications of recent ML-based methods
remain limited, and further investigation is warranted. To this end, this study investigates the
performance of four appropriate candidate models for the prediction capabilities of vehicle
delays under different traffic conditions: eXtreme Gradient Boosting (XGBoost), random forest
(RF), deep neural network (DNN), and linear regression (LR). XGBoost, RF, and DNN are
selected to represent different state-of-the-art models that have been applied recently in previous
studies on traffic prediction applications ([161],[162]). The LR model is used for comparison to
represent the statistical model. To the best of our knowledge, the selected models have not been

used in previous research considering the objectives of this study.

LR is a statistical approach that relates input features to outputs using a linear method. XGBoost
and RF are ensemble techniques that ensemble weak classifiers for prediction; they are more
robust against overfitting compared to single classifiers ([162],[163]). XGBoost uses decision
trees to perform optimization by minimizing the loss function utilizing a boosting technique that
allows for differentiable iterations in the local function. Although the samples are left
unchanged, various weights are assigned to each sample. Different studies have successfully
used the XGBoost model to predict different traffic-related parameters such as traffic accidents
and vehicle trajectories ([164],[165],[163],[158]). The XGBoost model results in higher
prediction accuracy while requiring less training time compared to other ML-based methods
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([163],[162],[158]). To the best of our knowledge, the performance of the XGBoost model for
delay prediction in AV-based traffic environments remains unknown. RF is a bagging method,
wherein numerous subsets of samples are considered for bagging and the mean of each subgroup
is computed [166]. For each iteration of the samples, either bootstrapping or the random
selection of the features is considered [167]. Different studies successfully used the RF model for
predicting different traffic-related parameters such as vehicle routing and traffic flow
([166],[168],[158]). The DNN is a deep learning method; it is a deep architecture of a
feedforward artificial neural network with more than one hidden layer. The model comprises
weights and biases in each neuron updated using a backpropagation algorithm for reducing
training loss and obtaining the optimum architecture [169]. Different studies have successfully

used DNN in traffic prediction applications ([161],[166]).

Modeling is conducted in a Python environment using Scikit-learn and TensorFlow libraries
using the dataset explained in the preceding section. The dataset is divided into 70% training,
15% validation, and 15% testing. The hyperparameters of all models are optimized, and the
random state is equal to zero for the reproducibility of the experiment. Different performance
metrics are used in this study for evaluating the performance of the models: mean percentage

error (MPE), mean absolute error (MAE), root mean square error (RMSE), and R?.
5.2.5 Methodology of the Optimization Framework

The heuristic approach works as an intelligent method for solving many optimization problems
[170]. This stage aims to apply and evaluate the performance of novel heuristic-based algorithms
to determine the optimum cycle length of TSC under different conditions (i.e., traffic volume and

AV implementation rate) of AV-based traffic for enabling the optimization process of the
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proposed optimization framework. The control objective is to optimize the cycle length for
minimizing the intersection delay at signalized intersections. The delay is measured using the
developed XGBoost-based prediction model. Cycle length optimization is expected to benefit
from the parallel, global, and robust search characteristics of the algorithms under the AV-based

traffic, as well as from the positive effects of AV implementation.

Different heuristics-based algorithms have been used to optimize different parameters of the
TSC. Three algorithms are selected for the application as candidate algorithms for achieving the
optimization objective. These include EPO, grey wolf optimization (GWO), and PSO. To the
best of our knowledge, none of these have been used for optimizing the cycle length considering
the specific objectives of this study, in previous research. In 2018, Dhiman and Kumar [171]
introduced a novel heuristics-based algorithm, named as EPO, that was inspired by the huddling
behavior of the emperor penguin for survival in the Antarctic winter. The EPO is an effective
optimization technique and has been employed in some fields [170]; this algorithm offers a
straightforward implementation with few controlling parameters and updating equations for the
location of the penguin [170]. Thus far, none of the earlier studies have used EPO in the
application of traffic signal optimization. In 2021, Mirjalili [136] developed GWO, which is a
recent swarm intelligence-based algorithm; it can simulate the hierarchy and hunting behavior of
grey wolves and it aims to avoid falling into local optima during the early iterations. The main
advantages of GWO include conceptual simplicity and the ease of implementation [170].
Further, the GWO algorithm shows a decent ability for solving different real-life problems such
as the exploitation of unimodal problems and the exploration of multimodal problems [170].
Thus far, only one study has proposed a hybrid-based heuristic algorithm for traffic signal

optimization by applying GWO and grasshopper optimization; this algorithm is called GWGO
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[136]. PSO established by Eberhart and Kennedy simulates the flocking behavior of birds and
their social interactions in nature [139]; it is considered a common algorithm used in traffic

signal applications ([172],[7],[173]).

5.3 Results and Discussion

In this section, we present and discuss the results of the study. The first sub-section
includes a discussion of the delay prediction performance of the applied models along with the
explainability analysis and result validations of the model. The second sub-section includes a
discussion of the optimization results, and the third sub-section presents and discusses the

validation of the results of the proposed framework.

5.3.1 Delay Prediction Results

A. Model Performance

A detailed comparative analysis was conducted to evaluate the performance of the four models in
terms of delay prediction. The optimum model parameters were determined using sci-kit-learn
and TensorFlow libraries; a grid search approach was used to obtain the optimum architecture of
the models. The optimum hyperparameter settings for the RF and XGBoost models were 500
trees (estimators), a maximum tree depth of 15, and a learning rate of 0.1 and 600 trees, a
maximum depth of 10, and a learning rate of 0.1, respectively. Each DNN trained using rectified
linear unit function (relu) and comprised four layers with 150 neurons and a dropout rate of 0.1
each; further, it had a batch size of 12, learning rate of 0.001, and 50 epochs. Table 5-1 presents
the evaluation performance results of the model for each performance measure; the XGBoost,
RF, and DNN models show promising prediction accuracies of the delay, and they showed

comparable results where all of them performed outstandingly with high accuracy levels
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(Average MAE = 3.188). Among them, the XGBoost model slightly outperformed with the
MAE value of 2.919; and the DNN model performed the worst with the MAE model of 3.609.
The deep architecture of the DNN model did not improve the learning process compared to the
resulted learning of the former models. All three models have captured the different relationships
between the inputs and predicted output effectively. Further, compared to the others, the LR
model showed a poor prediction performance where the MAE was 14.683. These findings are

confirmed by the other performance measures, as indicated in Table 5-1.

The RF, DNN and XGBoost models required similar times to reach their optimum performance;
however, the XGBoost model had a shorter time compared to that of the others, where the
processing time per instance did not exceed 4.604E-06 s. Figures 5-2 and 5-3 present scatter plot
and regression error characteristics (REC) curves of the delay prediction models, respectively.
The scatter plot of the models confirms that the LR model cannot capture the complicated
relationships in the modeling delay, and therefore, the actual and predicted delays diverge from
the normal line. The XGBoost model indicates that the actual and predicted delays are very close
to the normal line, both on the training and testing sets, which is clear evidence of the model
prediction capability in delay prediction. The REC curves indicate that XGBoost and RF both
have reasonable areas under curve (AUC) (i.e., 0.948); DNN is also close to them in terms of this

performance measure, whereas the LR covers a much smaller AUC.

Table 5-1 Results of the Performance Measures of the Model

Model MAE RMSE | MPE R’ Inference time (s per instance)
LR 14.683 21.611 | 0.465 | 0.638 7.385E-07
DNN 3.609 6.409 0.080 | 0.971 3.119E-05
RF 3.035 5.991 0.061 | 0.971 1.111E-05
XGBoost 2.919 5.614 0.060 | 0.973 4.604E-06
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Figure 5-2 Scatter Plot of Delay Models for Training and Testing Sets
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Figure 5-3 REC Curves of Delay Models for the Training and Testing Sets

Thus, the above results clearly illustrate the superiority of the XGBoost model [158]. The
XGBoost model captures the dynamic conditions of AV-based traffic at intersections. This is a
vital component for several innovative applications of traffic operations and for controlling the
development of future traffic networks. In this study, the XGBoost model was selected to

develop an ML model that can accurately represent the AV traffic environment for the
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optimization process in the proposed optimization framework because of its lower computational

complexity, greater flexibility, fast execution, and higher prediction performance.

B. Prediction Validation

Validation analysis was conducted to demonstrate the adequacy and robustness of the prediction
model. The actual delay values of the randomly selected new points of the main inputs ( not
included in the test set) were measured using the simulation platform. These data points have
entirely different values of the AV implementation rate and cycle length from the original
training and testing sets. The resulting values were compared with the predicted delay values
obtained using the XGBoost model. Table 5-2 lists the obtained values of delays for different
traffic scenarios; the results showed that the average MPE was 7.58%, and it indicates that the
prediction model is a highly validated model that can be used to appropriately predict the delay

under different conditions.

Table 5-2 Actual and Predicted Delay Values for XGBoost Model Validation

Volume level AV (%) Cycle Actual delay | Predicted delay | Error (%)
length (s) (s) (s)
50 37 13.30 12.55 5.64
90 55 17.26 15.83 8.17
10 73 22.90 22.07 3.62
Low 90 37 12.47 11.47 8.02
10 55 18.66 17.61 5.63
75 73 21.77 20.96 3.72
50 55 20.40 19.80 2.94
85 46 17.14 17.16 0.12
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15 65 2431 24.70 1.58

Moderate 85 37 16.49 17.84 7.57
15 55 2251 21.47 4.62

25 73 25.64 24.70 3.67

50 150 62.51 67.77 7.76

70 78 55.63 50.90 8.50

5 180 84.12 90.27 6.81

High 60 218 76.89 75.51 1.79

5 132 90.66 95.54 5.11

100 110 41.05 39.80 3.04

C. Explainability Analysis of the Model

Three independent features were considered as inputs for delay prediction. SHAP analysis was
performed to evaluate the importance of these features on prediction performance and enhance
model interpretability. SHAP was proposed by Lundberg and Lee, and it is based on cooperative
game theory [162]. The SHAP analysis has recently been used by many researchers in the field
of traffic prediction ([164],[174]). The prediction results were explained by calculating the
contribution of individual variables to the prediction performance using the SHAP analysis. If we
consider each observation as a cooperative game played, the SHAP value (Shapley) of each
feature represents the contribution of a player in the game, with a positive value indicating a
positive impact on the success of the game, and a negative value indicating the opposite. In this
study, SHAP values were used to reflect the negative or positive effects of each feature on the
model output (i.e., delay). The positive SHAP values indicated an increase in delay, whereas

negative values indicated a decrease. An SHAP value of zero indicated no impact on the delay.
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Further, this analysis can be used to establish the relative feature importance ranking of the input
variables using the mean absolute SHAP values. The obtained results of the SHAP analysis are

based on the prediction results of the XGBoost model, as shown in Figure 5-4.

Figure 5-4 (a) shows the overall importance of each feature based on the average absolute SHAP
values. All three features significantly contributed to the delay prediction; however, the traffic
volume showed the highest impact, where the mean SHAP value was approximately 30.0,
whereas the AV rate and cycle length showed almost similar impacts with a mean SHAP value
of 6.0. Figure 5-4 (b) shows another form of an explainability analysis, in which the SHAP value
is used for local explainability. In this figure, the ordinate represents features and is ranked
according to their importance; the color represents the magnitude of the feature value. The
abscissa shows the corresponding SHAP value of each sample, which is indicated by the dots.
The results indicate that the traffic volume feature had a significant positive effect on delay only
at higher volume conditions; however, moderate and lower volume conditions had negative
impacts (i.e., decreasing delay). This finding is compatible with scientific knowledge of the
positive correlation between the traffic volume and the resulting delay; this correlation is strong
under congested traffic conditions. The analysis of the AV rate shows that the SHAP value
decreases with an increase in the AV% rate; this indicates a negative correlation between them.
For example, under conditions of low AV implementation rates such as 10% and 25%, there is a
significant positive effect on the AV rate on the predicted delay, whereas at an AV rate of 50%,
the SHAP values are almost close to zero, which indicate no impact. The result analysis of the
conditions with high rates indicate a negative impact on the predicted delay; the positive impacts

found at the lower rates are attributed to the stochastic nature of the driving performance of the
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RVs compared to that of the AVs, which results in high delays. This finding also confirms the

significant impacts of the AV implementation rate on expected traffic delays.
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Figure 5-4 Explainability Analysis of the XGBoost Model: a) Features Ranking Based on
Absolute Mean SHAP Values, and b) Summary Plot of the Features for Interpreting the
Impact of Input Features on the Intersection Delay

D. Impact of the AV Implementation Rate on the Intersection Delay

We measured the prediction accuracy using the XGBoost model to further investigate the impact
of the AV implementation rate on the resulting prediction performance; we considered five
subsets of the original data set, where each set included all observations with similar AV rates
(AV %) regardless of volume and cycle length conditions. Table 5-3 presents the results obtained
using different performance measures. The analysis of the results clearly shows the positive
effect of AV implementation on the resulting accuracies. There is a gradual improvement in the
accuracy of the model with an increase in the AV rate. As an example, the MPE value
considering all of the observations of 0% AV was found to be 0.0714; however, when
considering all observations of 75% AV, the MPE value decreased to 0.0576, which indicates a

19.33% improvement in the resulting accuracy of the model. The improvement results from the
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deterministic driving behavior of the AVs, and this reduces variations in the actual delay values.
Findings obtained herein confirm the results of the SHAP analysis and they are aligned with the
different findings of the AV rate importance in the literature [43]. The improved prediction
performance caused by the AV implementation can be useful for enhancing the efficiency of

many ITSs that involve different prediction-based components.

Table 5-3 Prediction Performances at Different AV Rates

AV (%) MAE RMSE MPE R’
0 4.642 8.258 0.071 0.969
25 3.447 6.411 0.062 0.970
50 3.040 5.619 0.063 0.967
75 2.289 4673 0.058 0.963
100 1591 3.024 0.050 0.979

5.3.2 Optimization Results

In the first part of this sub-section, the results of the optimization performance of the algorithms
are presented and discussed; the second part presents the sensitivity analysis considering the
impacts of the AV implementation on the signal optimization under different traffic volume

conditions

A. Optimization Performance

The obtained objective function was evaluated in terms of convergence rate, processing time,
and solution quality for each algorithm. The algorithms were optimized in a Python environment
using the Opytimizer library. The optimizations were performed to obtain the optimum input

variables (i.e., cycle length) considering the AV implementation rate and traffic volume; this
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leads to the minimum delay. The population converged to the optimum fitness between two and
five iterations for the three algorithms (EPO, GWO, and PSO), which provides the flexibility of
terminating them after five iterations. The resulting optimization performance of the three
algorithms is compared to a traditional optimization method built using the empirical equation
developed by the TRL considering critical-lane traffic volumes [89]; this is referred to herein as
the TRL method. Figure 5-5 shows the optimized cycle length values of the optimization

methods at different volume levels and AV rates.

The three algorithms successfully optimized the cycle length, which minimized the fitness of the
objective function. At the low volume level, the algorithms performed similarly and produced
similar optimum values for most cases; however, at the moderate and high volume levels, the
performance differed in terms of solution quality. At the moderate level, there are slight
differences, with a slight superiority of the PSO except in the scenario with an AV rate of 50%,
where it produced the highest value. At the high level, the differences in the values obtained by
the algorithms were clearer compared to those at the moderate level. The PSO produced the
minimum cycle length values at the 0, 50%, and 100% AV rates, whereas the EPO produced the
minimum value at 75%. The time required by the algorithms in terms of the processing time for
the optimization process differed. The convergence times were found to be 0.971, 1.957, and
1.022 s for EPO, GWO, and PSO, respectively; thus, EPO was the fastest algorithm. The
processing time of the optimization is important for designing effective adaptive-based TSC
systems [173]. Although the applied algorithms show comparable optimization results in terms
of solution quality, the resulting solutions need to be validated further to evaluate the

corresponding real effect on the signalized intersection performance. The required validation was
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conducted in this study, and the obtained results are presented and discussed in Sub-section

5.3.3.
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Figure 5-5 Optimized Cycle Length Values of the Optimization Methods at Different
Volume Levels and AV Rates

B. Sensitivity Analysis

The sensitivity analyses conducted here are based on the optimization results obtained by the
PSO. The results confirm the significant effects of the AV implementation on the cycle length

optimization compared to that of the base conditions (full RV-based traffic); however, the level
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of the improved solutions is based on the traffic volume level. As expected, the AV
implementation did not affect the cycle length optimization at low volume levels. The
optimization is controlled by the number of vehicles, and the positive impacts of AV
implementation are hidden because of the low traffic volume. The minimum allowable cycle
length (C = 32 s) was determined to be the optimum value for the AV rate. However, at the
moderate level, there was a notable reduction in the optimized cycle length at higher AV rates.
For example, the optimized value was found to be 50 s with full RV-based traffic, but it
decreased to 38 s when the AV rate reached 75%; this indicates an improvement of 24%. AV
implementation significantly affects signal optimization at the high level. For example, the
optimized cycle length was 191 s when there were no AVs; however, the optimized values were
116 s and 89 s when the AV rates reached 50% and 100%,; this indicated a reduction of

approximately 39% and 53%, respectively.

The results clearly indicate that the level of optimization improvement is also controlled by the
AV implementation rate. At moderate and high levels, even lower rates of AVs can reduce the
required cycle length, which helps minimize the resulting delay. For example, at a high level
compared to the base conditions, an AV implementation rate of 25% can reduce the cycle length
by approximately 30%. In general, the resulting trends indicated a negative correlation between
the AV rate and the resulting optimized values. This finding confirms the positive impact of the
AV rate on the expected improvement of the traffic flow system

([521,[83],[12],[75],[25],[28],[32],[41].[4]).

5.3.3 Results Validation
A comparative analysis was conducted to validate the resulting optimization performance using

simulation-based experiments conducted in Vissim to demonstrate the feasibility of the proposed
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framework. A fixed-based TSC time plan was designed to control the signalized intersection, and

the control performance was evaluated using the vehicle delay as a performance measure.

Different plans were designed for each scenario based on the obtained optimum values of the

cycle length (C) (s) of the optimization methods (EPO, GWO, and PSO); they were compared to

traditional plans whose cycle length values were optimized using the TRL optimization method

[89]. Simulation scenarios were designed to cover three traffic volume levels and five AV

implementation rates. The setup of the simulation and network was similar to that used in the

data generation explained earlier. Table 5-4 shows the resulting delay values (s) of the four plans

for different tested scenarios.

Table 5-4 Delay Results of the Applied Methods at Different Scenarios of the Volume Level
and AV Implementation Rates

Volume | AV% TRL EPO GWO PSO
fevel C (s) | Delay C(s) Delay C(s) Delay C(s) Delay
(s) (s) (s) (s)
0 32 13.444 32 13.444 32 13.444 35 14.119
25 32 12.868 37 13.800 37 13.800 32 12.868
Low 50 32 12.312 32 12.312 32 12.312 34 12.766
75 32 11.713 32 11.713 32 11.713 32 11.713
100 32 11.029 34 11.661 32 11.029 32 11.029
0 42 24.248 54 24.255 50 24.343 50 24.343
25 42 21.447 51 21.529 51 21.529 49 22.210
Moderate 50 42 19.071 38 19.911 38 19.911 45 19.771
75 42 17.214 42 17.214 44 18.005 38 17.501
100 42 15.868 33 15.463 35 15.814 33 15.463
0 210 | 90.081 195 90.079 196 87.618 191 91.101
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25 210 | 82.405 137 76.045 136 80.153 141 74.783

High 50 210 | 76.301 128 64.843 146 64.408 116 62.882

75 210 | 71.044 91 50.875 109 50.190 105 52.440

100 210 | 68.109 102 40.076 111 41.399 89 39.957
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Figure 5-6 Resulting Delay Trends of each Method for Different Volume Levels and AV Rates
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Figure 5-6 shows that all four methods performed almost similarly under the fixed AV rate
conditions at a low volume level. The proposed optimization framework did not improve the
signalized intersection performance, regardless of the optimization algorithm. The optimum
cycle length of the TRL method produced minimum delays for any AV rate. The results indicate
at low volume level when using the optimized values of the cycle length; the delay decreases
slightly with an increase in the AV%. For example, the delay decreased by almost 18% when the
AV% increased from 0 to 100%; however, the LOS remained at B for all tested scenarios at this
volume level regardless of the AV rate. At a moderate volume level, the optimized signal plans
by the TRL method outperformed the other methods, except for the scenario of full AV-based
traffic where the optimization framework using the EPO and PSO method produced a minimum
delay value. The full implementation of the AVs reduced the required cycle length from 42 to 33
s; this indicates that the significant effects of the AV implementation at moderate volume
conditions on the signal optimization will be noticed only in full AV-based traffic. A comparison
of the performances of the three algorithms considering the corresponding resulting delays
indicate the slight superiority of the EPO method. For the moderate level, the results also
confirm the negative correlation between the AV rate and delay; however, the correlation is
stronger. For example, the delay decreased by approximately 36% when the AV rate increased
from 0 to 100%. At moderate volumes, the LOS improved from C to B when the AV rate
reached 50%. Unlike the low and moderate levels, the results of the high-volume level indicate
the superiority of the proposed framework performance compared to the TRL method. The
resulting delays of the optimized plans using the proposed framework were lower than those of
the TRL method regardless of the AV rate. Further, the effects of the AV implementation rate on

signal optimization, and therefore, on the resulting delays, were more significant compared to
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those for the moderate level. A comparison of the performances of the three algorithms indicated
noticeable variations between the resulting delays. GWO and PSO performed slightly better than
EPO; however, PSO produced better results in the 25, 50%, and 100% scenarios, and it can be
considered the best optimization method because of its fast processing capability. The results at
the high level indicate a significant reduction in the delay values with an increase in the AV rate.
The delays decreased by approximately 31% and 56% when the AV% increased from 0% to
50% and 100%, respectively. Thus, the LOS improved from F under the base conditions to E and
D at AV rates of 50% and 100%, respectively; this confirms the positive impact of AV
implementation on signalized intersection performance under congested traffic volume

conditions.

The proposed optimization framework proved to be effective in optimizing signal plans under
congested traffic volume conditions of mixed autonomous traffic. The positive effects of the
AVs and the smart optimization performance of the heuristic algorithms were utilized
successfully to minimize the delay at signalized intersections. The results obtained here confirm
the valuable impact of the improved driving behavior of the AVs on signalized intersection
performance. The examples of such behavior include shorter perception, reaction, start-up, and
headway times, in addition to maintaining the desired speed, acceleration, deceleration, and lane
changing. Incorporating these impacts with the effective optimization of the signal plans can help
enhance saturation flow rates, and thus achieve an increased capacity of signalized intersections

with an AV-based traffic environment.
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5.4 Summary of Chapter 5

In this chapter, a future TSC problem of AV-based traffic was solved by developing a
novel technique. An intelligent-based optimization framework for TSC under mixed AV-based
traffic is proposed, developed and evaluated. The framework utilizes state-of-the-art ML
approaches to represent and design different components of the optimization process of cycle

length while considering delay minimization as the control objective.

The analysis of the prediction results revealed the significance of the AV implementation rate,
traffic volume, and cycle length in determining the effects of AV on the signalized intersection
performance. Approaches for the prediction of traffic flow conditions in future traffic should
consider these features to accurately define the traffic status, and therefore, to design and operate
effective traffic control systems. A positive correlation was observed between the AV
implementation rate and the accuracy of delay prediction. Among the tested prediction models in
this study, XGBoost slightly outperformed the others in terms of traffic delay prediction with

respect to the prediction quality and processing time.

Compared to full RV-based traffic, the effect of AV implementation and its corresponding rate is
critical under moderate and congested traffic volume conditions where the effects are more
significant. At high volumes, traffic signal optimization is significantly controlled by the driving
behavior of the-vehicles, which is represented by the AV implementation rate, in addition to
other factors such as the performance of the optimization method. The positive effects of the

AVs on cycle length optimization are evident even at lower implementation rates of AVs.

Although the AV implementation can improve the intersection performance at low and moderate

traffic volumes, the proposed framework does not improve the optimization performance
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compared to the traditional optimization method. However, under congested volume conditions,
the obtained results indicate that the proposed optimization framework can effectively improve
the optimization performance of the cycle length, as well as the signalized intersection
performance. Compared to full RV-based traffic, the implementation rates of 25%, 50%, and
100% can decrease optimized cycle lengths by 26%, 39%, and 53%, respectively, which can
result in delay reductions of approximately 18%, 31%, and 56%, respectively. The proposed
framework can capture and utilize the positive impacts of the improved driving and unique
capabilities of the AVs on the solution quality of the optimization performance at congested
volumes. Therefore, the level of expected improvements in the proposed framework increases
gradually with an increase in the AV implementation rate. A comparison of the performance of
the tested optimization algorithms shows varying results under high-volume conditions. The
EPO and PSO show comparable processing times; however, considering the validated impacts of
the produced solutions, and the PSO can be considered the optimum algorithm that can

effectively enhance the performance of the proposed framework.

The application of fixed-based TSC methods will be inadequate because the traffic composition
of urban networks is rarely uniform; therefore, signal timing needs to be adaptively adjusted
based on the instantaneous traffic state. The results indicate the potential effectiveness of the
proposed framework for adjusting signal plans in an adaptive-based manner. The proposed
framework shows remarkable capabilities when responding to the dynamically changing

environment of future AV-based traffic.
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CHAPTER 6

CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

Considering mixed AV-based traffic environment, this research has conducted four main
studies as follows: comprehensive literature review on the AV implementation impacts on traffic
flow characteristics, simulation-based investigation of the AV impacts on the performance of
signalized intersection, comprehensive literature review on the signalized intersection control
and development of traffic signal optimization framework using ML. The main conclusions

obtained from these studies are discussed in the preceding sub-sections below.

6.1.1 Comprehensive Literature Review on the AV Implementation Impacts on Traffic

Flow Characteristics

There are limited numbers of efforts that have been made to investigate the impacts of the partial
AV implementation. Also, most of the related studies have focused on the impacts of the partial
automation levels of AVs. The conducted review concluded that, compared to full environment
of RVs; the implementation of AVs may offer several potential positive impacts that may
improve the overall efficiency of traffic system. Even partial implementation of different types of
AVs, mainly the CAV, may increase the traffic capacity, improve the traffic flow stability and
increase throughput. However, those are based on some important factors including the
implementation rate, AV characteristics, modeling and operational settings of the AVs and the

level of the traffic volume in addition to the impacts of human driving behavior. In addition to
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that, it was concluded that it is clear that the actual impacts of the implementation of the AVs on

mixed traffic still needs more investigations, mainly at network level.

6.1.2 Simulation-Based Investigation of the AV Impacts on the Performance of Signalized

Intersection

Compared to full RV traffic, the implementation of different AV models provides significant
performance improvements by reducing the vehicle delay, stopped delay, and queue length at a
signalized intersection under different traffic volume conditions. Those reductions could reduce
pollution, increase safety, and improve the efficiency of road networks. Compared to full RV-
based traffic, the improvement increases with the increase in the AV implementation rate, and
becomes significant at higher implementation rates (50% and above). The comparisons made
between different AV models confirmed the encouragement of CAV implementation instead of
non-connected AVs in order to maximize the AV efficiency. To increase the efficiency of the
AV adoption in the near future, the obtained findings of the investigation can be used to design
analytical models that incorporate mixed traffic environments in an urban transportation
network. These models can be used to improve the efficiency of signalized intersection control
by analyzing the relationships between different AV characteristics and traffic signal

performance under different traffic conditions.

6.1.3 Comprehensive Literature Review on the Signalized Intersection Control under AV-

Based Traffic

The intelligent incorporation of the AV implementation can increase the efficiency of signalized
intersection control. However, most of the expected positive impacts of the AVs that may be

utilized to propose autonomous-based methods may assume to happen in case of full traffic of
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the AVs. Considering mixed traffic environment, the real application of most proposed methods
will be based on different assumptions, requirements, and constraints related to the network
environment, including the traffic composition, connectivity, road infrastructures, intersection,
and functional design, and the driving behavior of the vehicles. The review concluded that the
TSC methods in the future should be designed and applied considering the actual capabilities of
AVs and RVs with minor modifications or requirements of the existing infrastructure. In the
transition period to the full AV environment, the significant improvements in ML approaches
should be used to develop reliable adaptive TSC-based methods that can effectively
accommodate the potential positive impacts of the AVs without compromising the safety and

level of service in the RVs.

6.1.4 Development of Traffic Signal Optimization Framework Using ML

The impact of the AV implementation rate confirms the significance of the driving behavior of
the vehicles on the optimization performance. The increase of the AV implementation rate in
traffic networks could improve the accuracy of traffic flow prediction, and therefore improve the
robustness and reliability of different ITSs such as adaptive-based TSC systems. The proposed
optimization framework in this research can effectively improve the signalized intersection
performance at congested volumes. The level of expected improvements increases gradually with
an increase in the AV implementation rate. Assuming that AVs are completely self-driving and
that their settings are programmed based on effective traffic, the encouraging results obtained
from the proposed framework indicate the proposed technique intelligently utilizes the potential
positive impacts of AVs for enhancing the efficiency of the optimization performance of the
cycle length. Thus, the proposed framework can be effectively utilized and applied to design an

adaptive-based TSC system. The application of such a system will be completely reliable and
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familiar to both AVs and RVs, which consider their actual characteristics and capabilities and
offers an intelligent and safety measure for an inherent-based solution. Therefore, the proposed
system involves the appropriate generalization for controlling any existing signalized
intersections under the different conditions of mixed-based autonomous traffic. Moreover, it is a
cost-effective system that can be applied simply without the requirements of connectivity or

major costly modifications of vehicular traffic infrastructure.

6.2 Recommendations

To provide a holistic lens on the interpretation of AV impacts and the development of the AV
implementation for the future actual practice and further research interests, the following

recommendations are made after taking the observations of this research into account:

e There are uncertainties about the net impacts of the full level of AVs on the traffic flow
under mixed traffic conditions. Further investigation efforts are needed to evaluate the
impacts of lane changing modeling of different types of AV. Moreover, further
investigations are needed to investigate the interaction effects of human driving behavior
under mixed traffic environment considering full AV level.

e The findings from the conducted investigation of the AV implementation impacts in this
research are based on a single isolated signalized intersection. Consequently, in future
studies, the impacts should be evaluated considering different urban network levels,
including multiple signalized and non-signalized intersections, as well as evaluation of
other important parameters such as the road capacity and traffic safety.

e Interms of TSC, further studies should be conducted to analyze the relationships between

different AVs characteristics and signal plan optimization. It is recommended to
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investigate the performance of the proposed optimization framework using other ML-
based prediction models and heuristics-based optimization algorithms to obtain more
general conclusions. Future studies should include the development of multi-objective
optimization frameworks that aim to utilize the impacts of AVs on environmental
concerns, such as energy consumption and air pollution.

e The most significant obstacle to AV implementation is the acceptance of autonomous
driving technologies by human, rather than technical challenges. Although AVs can
address several problems associated with RVs, their positive impacts will remain
unrealized until they are accepted and trusted by the public. Therefore, a high level of trust
must be cultivated to ensure the acceptance and widespread use of AVs. The safety of AVs
is the biggest concern for most people. Although some studies have indicated that AVs can
improve safety under mixed traffic conditions, further studies are required to highlight this
aspect and increase driver acceptance.

Finally, the different outcomes of this dissertation are beneficial for AV manufacturers, traffic
community and policy makers in the future of AV’s development and implementation. The
obtained outcomes can help transportation planners, traffic authorities, and engineers to discover
and understand the potential operational impacts of AVs and to enhance future control of the

signalized intersection under mixed AV traffic environment.

148



REFREENCES

[1]

[2]

[3]

[4]

[5]

[6]

[7]

L. Xiao and F. Gao, “A comprehensive review of the development of adaptive cruise
control systems,” Veh. Syst. Dyn., vol. 48, no. 10, pp. 1167-1192, 2010, doi:
10.1080/00423110903365910.

N. K. Bailey and J. Kroll, “Simulation and Queueing Network Model Formulation of
Mixed and Non-automated Traffic in Urban Settings Signature redacted Signature
redacted Signature redacted,” 2016.

P. Sukennik and P. T. V Group, “Micro-simulation guide for,” no. 723201, pp. 1-29,
2020.

M. Al-Turki, N. T. Ratrout, S. M. Rahman, and I. Reza, “Impacts of autonomous vehicles
on traffic flow characteristics under mixed traffic environment: Future perspectives,”
Sustain., vol. 13, no. 19, pp. 1-22, 2021, doi: 10.3390/su131911052.

S. Narayanan, E. Chaniotakis, and C. Antoniou, “Factors affecting traffic flow efficiency
implications of connected and autonomous vehicles: A review and policy
recommendations,” Adv. Transp. Policy Plan.,, no. April, 2020, doi:
10.1016/bs.atpp.2020.02.004.

F. Bohm and K. Héger, “Introduction of Autonomous Vehicles in the Swedish Traffic
System Effects and Changes Due to the New Self-Driving Car Technology,” pp. 1-44,
2015, [Online]. Available: http://uu.diva-
portal.org/smash/get/diva2:816899/FULLTEXTO1.pdf.

H. Qi, R. Dai, Q. Tang, and X. Hu, “Coordinated Intersection Signal Design for Mixed
Traffic Flow of Human-Driven and Connected and Autonomous Vehicles,” IEEE Access,

vol. 8, pp. 26067-26084, 2020, doi: 10.1109/ACCESS.2020.2970115.

149



8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

A. Olia, S. Razavi, B. Abdulhai, and H. Abdelgawad, “Traffic capacity implications of
automated vehicles mixed with regular vehicles,” J. Intell. Transp. Syst. Technol.
Planning, Oper., vol. 22, no. 3, pp. 244-262, 2018, doi: 10.1080/15472450.2017.1404680.
L. Ye and T. Yamamoto, “Modeling connected and autonomous vehicles in heterogeneous
traffic flow,” Physica A, vol. 490, pp. 269-277, 2018, doi: 10.1016/j.physa.2017.08.015.
R. Hoogendoorn, B. Van Arem, and S. Hoogendoorn, “Automated driving, traffic flow
efficiency, and human factors,” Transp. Res. Rec., vol. 2422, no. 2422, pp. 113-120,
2014, doi: 10.3141/2422-13.

Q. Lu, T. Tettamanti, D. Horcher, I. Varga, and Q. Lu, “The impact of autonomous
vehicles on urban traffic network capacity: an experimental analysis by microscopic
traffic simulation experimental analysis by microscopic tra ffi ¢ simulation,” Transp. Lett.,
vol. 12, no. 8, pp. 540-549, 2020, doi: 10.1080/19427867.2019.1662561.

Y. Liu, J. Guo, J. Taplin, and Y. Wang, “Characteristic analysis of mixed traffic flow of
regular and autonomous vehicles using cellular automata,” J. Adv. Transp., vol. 2017,
2017, doi: 10.1155/2017/8142074.

Q. Lu and K. D. Kim, “A Mixed Integer Programming Approach for Autonomous and
Connected Intersection Crossing Traffic Control,” IEEE Veh. Technol. Conf., vol. 2018-
Augus, pp. 1-6, 2018, doi: 10.1109/VTCFall.2018.8690681.

A. Baz, P. Yi, and A. Qurashi, “Intersection Control and Delay Optimization for
Autonomous Vehicles Flows Only as Well as Mixed Flows with Ordinary Vehicles,”
Vehicles, vol. 2, no. 3, pp. 523-541, 2020, doi: 10.3390/vehicles2030029.

Y. Jiang, B. Zhao, M. Liu, and Z. Yao, “A Two-Level Model for Traffic Signal Timing

and Trajectories Planning of Multiple CAVs in a Random Environment,” J. Adv. Transp.,

150



[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

vol. 2021, 2021, doi: 10.1155/2021/9945398.

X. Liu, P. C. Hsieh, and P. R. Kumar, “Safe Intersection Management for Mixed
Transportation Systems with Human-Driven and Autonomous Vehicles,” 2018 56th Annu.
Allert. Conf. Commun. Control. Comput. Allert. 2018, pp. 834-841, 2019, doi:
10.1109/ALLERTON.2018.8635849.

F. Duarte and C. Ratti, “The Impact of Autonomous Vehicles on Cities: A Review,” J.
Urban Technol., vol. 25, no. 4, pp. 3-18, 2018, doi: 10.1080/10630732.2018.1493883.

N. Eluru, C. F. Choudhury, and C. F. Choudhury CFChoudhury, “Impact of shared and
autonomous vehicles on travel behavior,” Transportation (Amst)., vol. 46, pp. 1971-1974,
2019, doi: 10.1007/s11116-019-10063-1.

J. Hamadneh and D. Esztergar-Kiss, “Impacts of Shared Autonomous Vehicles on the
Travelers’ Mobility,” MT-ITS 2019 - 6th Int. Conf. Model. Technol. Intell. Transp. Syst.,
pp. 1-8, 2019, doi: 10.1109/MTITS.2019.8883392.

J. Hamadneh and D. Esztergar-Kiss, “The Influence of Introducing Autonomous Vehicles
on Conventional Transport Modes and Travel Time,” Energies 2021, Vol. 14, Page 4163,
vol. 14, no. 14, p. 4163, Jul. 2021, doi: 10.3390/EN14144163.

M. Al-turki, N. T. Ratrout, and S. M. Rahman, “Impacts of Autonomous Vehicles on
Traffic Flow Characteristics under Mixed Traffic Environment : Future Perspectives,” pp.
1-22, 2021.

N. Jiang, “Optimal signal design for mixed equilibrium networks with autonomous and
regular vehicles,” J. Adv. Transp., vol. 2017, 2017, doi: 10.1155/2017/5649823.

E. Sentiirk Berktas and S. Tanyel, “Effect of Autonomous Vehicles on Performance of

Signalized Intersections,” J. Transp. Eng. Part A Syst., vol. 146, no. 2, p. 04019061, 2020,

151



[24]

[25]

[26]

[27]

[28]

[29]

[30]

doi: 10.1061/jtepbs.0000297.

S. C. Calvert, W. J. Schakel, and J. W. C. van Lint, “Will automated vehicles negatively
impact traffic flow?,” J. Adv. Transp., vol. 2017, 2017, doi: 10.1155/2017/3082781.

Q. Lu, T. Tettamanti, D. Horcher, and I. Varga, “The impact of autonomous vehicles on
urban traffic network capacity: an experimental analysis by microscopic traffic
simulation,” Transp. Lett, wvol. 12, no. 8, pp. 540-549, 2020, doi:
10.1080/19427867.2019.1662561.

P. Sukennik, J. Lohmiller, and J. Schlaich, “Simulation-Based Forecasting the Impacts of
Autonomous Driving,” Transp. Res. Procedia, vol. 00, 2018, [Online]. Available:
www.sciencedirect.comwww.elsevier.com/locate/procedia2352-1465.

Y. Zheng, J. Wang, and K. Li, “Smoothing Traffic Flow via Control of Autonomous
Vehicles,” IEEE Internet Things J., vol. 7, no. 5, pp. 3882-3896, 2020, doi:
10.1109/J10T.2020.2966506.

F. Zheng, C. Liu, X. Liu, S. E. Jabari, and L. Lu, “Analyzing the impact of automated
vehicles on uncertainty and stability of the mixed traffic flow,” Transp. Res. Part C
Emerg. Technol., wvol. 112, no. January, pp. 203-219, 2020, doi:
10.1016/j.trc.2020.01.017.

A. Talebpour and H. S. Mahmassani, “Influence of connected and autonomous vehicles on
traffic flow stability and throughput,” Transp. Res. Part C Emerg. Technol., vol. 71, pp.
143-163, 2016, doi: 10.1016/j.trc.2016.07.007.

M. Al-turki, A. Jamal, H. M. Al-ahmadi, M. A. Al-sughaiyer, and M. Zahid,
“sustainability On the Potential Impacts of Smart Tra ffi ¢ Control for Delay , Fuel Energy

Consumption , and Emissions: An NSGA-II-Based Optimization Case Study from

152



[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

Dhahran , Saudi Arabia,” pp. 1-22, 2020.

F. Zheng, C. Liu, X. Liu, S. E. Jabari, and L. Lu, “Analyzing the impact of automated
vehicles on uncertainty and stability of the mixed traffic flow,” Transp. Res. Part C
Emerg. Technol,, wvol. 112, no. June 2019, pp. 203-219, 2020, doi:
10.1016/j.trc.2020.01.017.

H. Abdulsattar, M. R. K. Siam, and H. Wang, “Characterisation of the impacts of
autonomous driving on highway capacity in a mixed traffic environment: An agent-based
approach,” IET Intell. Transp. Syst., vol. 14, no. 9, pp. 1132-1141, 2020, doi: 10.1049/iet-
1ts.2019.0285.

F. Zheng, L. Lu, R. Li, X. Liu, and Y. Tang, “Traffic Oscillation using Stochastic
Lagrangian Dynamics: Simulation and Mitigation via Control of Autonomous Vehicles,”
Transp. Res. Rec., vol. 2673, no. 7, pp. 1-11, 2019, doi: 10.1177/0361198119844455.

T. Litman, “Autonomous Vehicle Implementation Predictions Implications for Transport
Planning,” 2021.

P. Bansal and K. M. Kockelman, “Forecasting Americans’ long-term adoption of
connected and autonomous vehicle technologies,” Transp. Res. Part A Policy Pract., vol.
95, pp. 49-63, Jan. 2017, doi: 10.1016/j.tra.2016.10.013.

K. Dresner and P. Stone, “Sharing the Road: Autonomous Vehicles Meet Human
Drivers,” pp. 1263-1268, 2004.

M. Tajalli and A. Hajbabaie, “Traffic Signal Timing and Trajectory Optimization in a
Mixed Autonomy Traffic Stream,” IEEE Trans. Intell. Transp. Syst., pp. 1-14, 2021, doi:
10.1109/TITS.2021.3058193.

F. Fakhrmoosavi, R. Saedi, A. Zockaie, and A. Talebpour, “Impacts of Connected and

153



[39]

[40]

[41]

[42]

[43]

[44]

[45]

Autonomous Vehicles on Traffic Flow with Heterogeneous Drivers Spatially Distributed
over Large-Scale Networks,” Transp. Res. Rec. J. Transp. Res. Board, vol. 2674, no. 10,
pp. 817-830, 2020, doi: 10.1177/0361198120940997.

Y. Bichiou and H. A. Rakha, “Real-time optimal intersection control system for
automated/cooperative vehicles,” Int. J. Transp. Sci. Technol., vol. 8, no. 1, pp. 1-12,
2019, doi: 10.1016/}.1jtst.2018.04.003.

E. Namazi, J. Li, and C. Lu, “Intelligent Intersection Management Systems Considering
Autonomous Vehicles: A Systematic Literature Review,” IEEE Access, vol. 7, pp. 91946—
91965, 2019, doi: 10.1109/ACCESS.2019.2927412.

S. Jin, D. H. Sun, M. Zhao, Y. Li, and J. Chen, “Modeling and stability analysis of mixed
traffic with conventional and connected automated vehicles from cyber physical
perspective,” Phys. A Stat. Mech. its Appl., vol. 551, no. 174, p. 124217, 2020, doi:
10.1016/j.physa.2020.124217.

Y. Wang, X. Yang, H. Liang, and Y. Liu, “A review of the self-adaptive traffic signal
control system based on future traffic environment,” J. Adv. Transp., vol. 2018, 2018, doi:
10.1155/2018/1096123.

M. Bashiri, “Data-Driven Intersection Management Solutions for Mixed Traffic of
Human-Driven and Connected and Automated Vehicles,” 2020, doi: 10.18130/v3-vecp-
5j50.

L. Chen and C. Englund, “Cooperative Intersection Management : A Survey,” vol. 17, no.
2, pp. 570-586, 2016.

Q. Guo, L. Li, and X. (Jeff) Ban, “Urban traffic signal control with connected and

automated vehicles: A survey,” Transp. Res. Part C Emerg. Technol., vol. 101, no. April,

154



[46]

[47]

[48]

[49]

[50]

[51]

[52]

pp. 313-334, 2019, doi: 10.1016/j.trc.2019.01.026.

R. Reddy, L. Almeida, and E. Tovar, “Work-in-progress: Synchronous intersection
management protocol for mixed traffic flows,” Proc. - Real-Time Syst. Symp., vol. 2019-
Decem, no. December 2019, pp. 576-579, 2019, doi: 10.1109/RTSS46320.2019.00068.
H. Yao and X. Li, “Decentralized control of connected automated vehicle trajectories in
mixed traffic at an isolated signalized intersection,” Transp. Res. Part C Emerg. Technol.,
vol. 121, no. March, p. 102846, 2020, doi: 10.1016/j.trc.2020.102846.

M. Al-Turki, N. T. Ratrout, S. M. Rahman, and K. J. Assi, “Signalized Intersection
Control in Mixed Autonomous and Regular Vehicles Traffic Environment - A Critical
Review Focusing on Future Control,” IEEE Access, vol. 10, pp. 16942-16951, 2022, doi:
10.1109/ACCESS.2022.3148706.

B. Xu et al., “Cooperative Method of Traffic Signal Optimization and Speed Control of
Connected Vehicles at Isolated Intersections,” IEEE Trans. Intell. Transp. Syst., vol. 20,
no. 4, pp. 1390-1403, 2019, doi: 10.1109/T1TS.2018.2849029.

L. Ye, T. Yamamoto, and T. Morikawa, “Heterogeneous Traffic Flow Dynamics under
Various Penetration Rates of Connected and Autonomous Vehicle,” IEEE Conf. Intell.
Transp. Syst. Proceedings, ITSC, vol. 2018-Novem, pp. 555-559, 2018, doi:
10.1109/1TSC.2018.8569975.

F. Fakhrmoosavi, R. Saedi, and A. Zockaie, “Impacts of Connected and Autonomous
Vehicles on Traffic Flow with Heterogeneous Drivers Spatially Distributed over Large-
Scale Networks,” vol. 2674, no. 10, pp. 817-830, 2020, doi: 10.1177/0361198120940997.
L. Zhao and J. Sun, “Simulation Framework for Vehicle Platooning and Car-following

Behaviors Under Connected-vehicle Environment,” Procedia - Soc. Behav. Sci., vol. 96,

155



[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

no. Cictp, pp. 914-924, 2013, doi: 10.1016/j.sbspro.2013.08.105.

V. Zeidler, H. S. Buck, L. Kautzsch, P. Vortisch, and C. M. Weyland, “Simulation of
Autonomous Vehicles Based on Wiedemann’s Car Following Model in PTV Vissim,”
2019.

S. Jones and B. H. Philips, “Cooperative Adaptive Cruise Control: Critical Human Factors
Issues and Research Questions,” pp- 121-127, 2013, doi:
10.17077/drivingassessment.1477.

B. Van Arem, C. J. G. Van Driel, and R. Visser, “The impact of cooperative adaptive
cruise control on traffic-flow characteristics,” IEEE Trans. Intell. Transp. Syst., vol. 7, no.
4, pp. 429-436, 2006, doi: 10.1109/TITS.2006.884615.

P. Tientrakool, Y. C. Ho, and N. F. Maxemchuk, “Highway capacity benefits from using
vehicle-to-vehicle communication and sensors for collision avoidance,” IEEE Veh.
Technol. Conf., pp. 04, 2011, doi: 10.1109/VETECF.2011.6093130.

S. E. Shladover, D. Su, and X. Y. Lu, “Impacts of cooperative adaptive cruise control on
freeway traffic flow,” Transp. Res. Rec., vol. 2324, no. January 2012, pp. 63-70, 2012,
doi: 10.3141/2324-08.

M. Maurer, J. C. Gerdes, B. Lenz, and H. Winner, “Autonomous driving: Technical, legal
and social aspects,” Auton. Driv. Tech. Leg. Soc. Asp., pp. 1-706, 2016, doi: 10.1007/978-
3-662-48847-8.

J. Mena-Oreja, J. Gozalvez, and M. Sepulcre, “Effect of the Configuration of Platooning
Maneuvers on the Traffic Flow under Mixed Traffic Scenarios,” IEEE Veh. Netw. Conf.
VNC, vol. 2018-Decem, 2019, doi: 10.1109/VNC.2018.8628381.

A. Kesting, M. Treiber, and D. Helbing, “Enhanced intelligent driver model to access the

156



[61]

[62]

[63]

[64]

[65]

[66]

[67]

impact of driving strategies on traffic capacity,” Philos. Trans. R. Soc. A Math. Phys. Eng.
Sci., vol. 368, no. 1928, pp. 45854605, 2010, doi: 10.1098/rsta.2010.0084.

K. Jerath and S. N. Brennan, “Analytical prediction of self-organized traffic jams as a
function of increasing ACC penetration,” |IEEE Trans. Intell. Transp. Syst., vol. 13, no. 4,
pp. 1782-1791, 2012, doi: 10.1109/TITS.2012.2217742.

I. A. Ntousakis, I. K. Nikolos, and M. Papageorgiou, “On Microscopic Modelling of
Adaptive Cruise Control Systems,” Transp. Res. Procedia, vol. 6, no. September, pp.
111-127, 2015, doi: 10.1016/j.trpro.2015.03.010.

Y. Li, Z. Li, H. Wang, W. Wang, and L. Xing, “Evaluating the safety impact of adaptive
cruise control in traffic oscillations on freeways,” Accid. Anal. Prev., vol. 104, no.
January, pp. 137-145, 2017, doi: 10.1016/j.aap.2017.04.025.

B. S. Kerner, “Effect of Autonomous Driving on Traffic Breakdown in Mixed Traffic
Flow: A Critical Mini-Review,” arXiv, no. April, pp. 1-94, 2020.

J. VanderWerf, S. Shladover, and M. A. Miller, “Conceptual Development and
Performance Assessment for the Deployment Staging of Advanced Vehicle Control and
Safety Systems,” Calif. PATH Res. Rep., p. 147, 2004, [Online]. Available:
https://trid.trb.org/view.aspx?id=1157086.

W. J. Schakel, B. Van Arem, and B. D. Netten, “Effects of cooperative adaptive cruise
control on traffic flow stability,” in IEEE Conference on Intelligent Transportation
Systems, Proceedings, ITSC, 2010, pp. 759-764, doi: 10.1109/ITSC.2010.5625133.

G. M. Armaout and J. P. Arnaout, “Exploring the effects of cooperative adaptive cruise
control on highway traffic flow using microscopic traffic simulation,” Transp. Plan.

Technol., vol. 37, no. 2, pp. 186-199, 2014, doi: 10.1080/03081060.2013.870791.

157



[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

V. Milanes, S. E. Shladover, J. Spring, C. Nowakowski, H. Kawazoe, and M. Nakamura,
“Cooperative adaptive cruise control in real traffic situations,” IEEE Trans. Intell. Transp.
Syst., vol. 15, no. 1, pp. 296-305, 2014, doi: 10.1109/T1TS.2013.2278494.

S. Le Vine, A. Zolfaghari, and J. Polak, “Autonomous cars: The tension between occupant
experience and intersection capacity,” Transp. Res. Part C Emerg. Technol., vol. 52, pp.
1-14, 2015, doi: 10.1016/j.trc.2015.01.002.

Makridis Michail, Mattas Konstantinos, Ciuffo Biagio, Alonso Raposo Maria, Toledo
Tomer, and Thiel Christian, “Connected and Automated Vehicles on a freeway scenario.
Effect on traffic congestion and network capacity,” 2018, doi: 10.5281/zenodo.1483132.
Y. J. Zhou, H. B. Zhu, M. M. Guo, and J. L. Zhou, “Impact of CACC vehicles’
cooperative driving strategy on mixed four-lane highway traffic flow,” Phys. A Stat.
Mech. its Appl., vol. 540, p. 122721, 2020, doi: 10.1016/j.physa.2019.122721.

Z. Zhong, E. E. Lee, M. Nejad, and J. Lee, “Influence of CAV clustering strategies on
mixed traffic flow characteristics: An analysis of vehicle trajectory data,” Transp. Res.
Part C Emerg. Technol., vol. 115, 2020, doi: 10.1016/j.trc.2020.102611.

D. Chen, S. Ahn, M. Chitturi, and D. A. Noyce, “Towards vehicle automation: Roadway
capacity formulation for traffic mixed with regular and automated vehicles,” Transp. Res.
Part B Methodol., vol. 100, pp. 196-221, 2017, doi: 10.1016/j.trb.2017.01.017.

A. B. Elvarsson, “Modelling urban driving and stopping behavior for automated vehicles,”
Semester Proj. IVT, ETH Zirich, Zurich, no. June, pp. 1-43, 2017.

R. E. Stern et al., “Dissipation of stop-and-go waves via control of autonomous vehicles:
Field experiments,” Transp. Res. Part C Emerg. Technol., vol. 89, pp. 205-221, 2018, doi:

10.1016/j.trc.2018.02.005.

158



[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

P. Gora, C. Katrakazas, A. Drabicki, F. Islam, and P. Ostaszewski, “Microscopic traffic
simulation models for connected and automated vehicles (CAVs) - State-of-the-art,”
Procedia Comput. Sci., vol. 170, pp. 474-481, 2020, doi: 10.1016/j.procs.2020.03.091.

D. Milakis, “Transport Reviews Long-term implications of automated vehicles: an
introduction Long-term implications of automated vehicles: an introduction,” 2018, doi:
10.1080/01441647.2019.1545286.

A. Taeihagh, H. Si, and M. Lim, “Transport Reviews Governing autonomous vehicles:
emerging responses for safety, liability, privacy, cybersecurity, and industry risks,” 2018,
doi: 10.1080/01441647.2018.1494640.

H. U. Ahmed, Y. Huang, and P. Lu, “smart cities A Review of Car-Following Models and
Modeling Tools for Human and Autonomous-Ready Driving Behaviors in Micro-
Simulation,” pp. 314-335, 2021.

PTV, “Connected Autonomous Vehicles Context / Overview,” pp. 1-44, 2017.

Z. Cao, L. Lu, C. Chen, and X. U. Chen, “Modeling and simulating urban traffic flow
mixed with regular and connected vehicles,” pp. 1-9, 2021, doi:
10.1109/ACCESS.2021.3050199.

B. Friedrich, “on Traffic,” pp. 317-334, 2016, doi: 10.1007/978-3-662-48847-8.

M. W. Levin and S. D. Boyles, “A multiclass cell transmission model for shared human
and autonomous vehicle roads,” Transp. Res. Part C, vol. 62, pp. 103-116, 2016, doi:
10.1016/j.trc.2015.10.005.

M. Maurer, J. C. Gerdes, B. Lenz, and H. Winner, Autonomous driving: Technical, legal
and social aspects. 2016.

S. Maryam, O. A. Osman, D. Lord, and K. K. Dixon, “Investigating the safety and

159



[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

operational benefits of mixed traffic environments with different automated vehicle
market penetration rates in the proximity of a driveway on an urban arterial,” Accid. Anal.
Prev., vol. 152, no. January, p. 105982, 2021, doi: 10.1016/j.aap.2021.105982.

P. Liu and W. D. Fan, “Exploring the impact of connected and autonomous vehicles on
mobility and environment at signalized intersections through to-vehicle ( 12V )
communications,” 2021, doi: 10.1080/03081060.2020.1868088.

L. Song, W. D. Fan, and P. Liu, “Exploring the effects of connected and automated
vehicles at fixed and actuated signalized intersections with different market penetration
rates,” 2021, doi: 10.1080/03081060.2021.1943129.

M. Obaid, “Macroscopic Traffic Simulation of Autonomous Vehicle Effects,” pp. 187—
196, 2021.

Roads and Highways Department, “Calculation of Traffic Signal Timings - Webster’s
Method,” pp. 16-22, 2001.

M. Fellendorf and P. Vortisch, Barceld - 2010 - Fundamentals of traffic simulation.pdf.
2010.

Y. Dinar, “Impact of Connected and/or Autonomous Vehicles in Mixed Traffic,” p. 138,
2020, [Online]. Available: https://mediatum.ub.tum.de/doc/1597450/1597450.pdf.

M. Khashayarfard and H. Nassiri, “Studying the Simultaneous Effect of Autonomous
Vehicles and Distracted Driving on Safety at Unsignalized Intersections,” J. Adv. Transp.,
vol. 2021, 2021, doi: 10.1155/2021/6677010.

N. Raju and H. Farah, “Evolution of Traffic Microsimulation and Its Use for Modeling
Connected and Automated Vehicles,” J. Adv. Transp., vol. 2021, 2021, doi:

10.1155/2021/2444363.

160



[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

F. Rosique, P. J. Navarro, C. Fernandez, and A. Padilla, “A systematic review of
perception system and simulators for autonomous vehicles research,” Sensors
(Switzerland), vol. 19, no. 3, 2019, doi: 10.3390/s19030648.

S. A. Fayazi, A. Vahidi, and A. Luckow, “Optimal scheduling of autonomous vehicle
arrivals at intelligent intersections via MILP,” Proc. Am. Control Conf., pp. 4920-4925,
2017, doi: 10.23919/ACC.2017.7963717.

M. O. Sayin, C. W. Lin, S. Shiraishi, J. Shen, and T. Basar, “Information-Driven
Autonomous Intersection Control via Incentive Compatible Mechanisms,” IEEE Trans.
Intell. Transp. Syst., vol. 20, no. 3, pp. 912-924, 2019, doi: 10.1109/T1TS.2018.2838049.
S. Wang, X. Xie, K. Huang, J. Zeng, and Z. Cai, “Deep reinforcement learning-based
traffic signal control using high-resolution event-based data,” Entropy, vol. 21, no. 8, pp.
1-16, 2019, doi: 10.3390/e21080744.

M. Pourmehrab, L. Elefteriadou, S. Ranka, and M. Martin-Gasulla, “Optimizing
Signalized Intersections Performance under Conventional and Automated Vehicles
Traffic,” IEEE Trans. Intell. Transp. Syst., vol. 21, no. 7, pp. 2864-2873, 2020, doi:
10.1109/TITS.2019.2921025.

X. (Joyce) Liang, S. 1. Guler, and V. V. Gayah, “A heuristic method to optimize generic
signal phasing and timing plans at signalized intersections using Connected Vehicle
technology,” Transp. Res. Part C Emerg. Technol., vol. 111, no. November 2019, pp.
156-170, 2020, doi: 10.1016/j.trc.2019.11.008.

K. L. Tan, S. Sarkar, S. Poddar, and A. Sharma, “Deep reinforcement learning for
adaptive traffic signal control,” arXiv, 2019.

F. Dion, “Comparison of delay estimates at under-saturated and over-saturated pre-timed

161



[102]

[103]

[104]

[105]

[106]

[107]

[108]

signalized intersections,” vol. 38, pp. 99-122, 2004, doi: 10.1016/S0191-2615(03)00003-
1.

M. R. Karim, J. Mohamad, and S. Abdullah, “Control delay variability at signalized
intersection based on HCM method CONTROL DELAY VARIABILITY AT
SIGNALIZED INTERSECTION BASED ON HCM METHOD,” no. January, 2005.

S. El-Tantawy and B. Abdulhai, “Multi-agent reinforcement learning for integrated
network of adaptive traffic signal controllers (MARLIN-ATSC),” IEEE Conf. Intell.
Transp. Syst. Proceedings, ITSC, no. September, pp. 319-326, 2012, doi:
10.1109/1TSC.2012.6338707.

Y. Wang, X. Yang, H. Liang, and Y. Liu, “A review of the self-adaptive traffic signal
control system based on future traffic environment,” J. Adv. Transp., vol. 2018, 2018, doi:
10.1155/2018/1096123.

P. Jing, H. Huang, and L. Chen, “An adaptive traffic signal control in a connected vehicle
environment: A systematic review,” Inf., vol. 8, no. 3, 2017, doi: 10.3390/info8030101.

G. Sharon and P. Stone, “A Protocol for Mixed Autonomous and Human-Operated
Vehicles at Intersections,” Lect. Notes Comput. Sci. (including Subser. Lect. Notes Artif.
Intell. Lect. Notes Bioinformatics), vol. 10642 LNAI, pp. 151-167, 2017, doi:
10.1007/978-3-319-71682-4_10.

H. Ahn, A. Colombo, and D. Del Vecchio, “Supervisory control for intersection collision
avoidance in the presence of uncontrolled vehicles,” Proc. Am. Control Conf., pp. 867—
873, 2014, doi: 10.1109/ACC.2014.6859163.

X. (Joyce) Liang, S. I. Guler, and V. V. Gayah, “Joint Optimization of Signal Phasing and

Timing and Vehicle Speed Guidance in a Connected and Autonomous Vehicle

162



[109]

[110]

[111]

[112]

[113]

[114]

Environment,” Transp. Res. Rec., vol. 2673, no. 4, pp. 70-83, 2019, doi:
10.1177/0361198119841285.

C. Bento, R. Parafita, and U. Nunes, “Intelligent traffic management at intersections :
Legacy mode for vehicles not equipped with V2V and V21 communications Intelligent
Traffic Management at Intersections : Legacy Mode for Vehicles not Equipped with V2V
and V21 Communications,” no. March 2015, 2013, doi: 10.1109/ITSC.2013.6728317.

X. Qian, J. Gregoire, F. Moutarde, and A. De La Fortelle, “Priority-based coordination of
autonomous and legacy vehicles at intersection,” 2014 17th IEEE Int. Conf. Intell. Transp.
Syst. ITSC 2014, pp. 1166-1171, 2014, doi: 10.1109/1TSC.2014.6957845.

K. Yang, S. I. Guler, and M. Menendez, “Isolated intersection control for various levels of
vehicle technology: Conventional, connected, and automated vehicles,” Transp. Res. Part
C Emerg. Technol., vol. 72, pp. 109-129, 2016, doi: 10.1016/j.trc.2016.08.0009.

P. Lin, J. Liu, P. J. Jin, and B. Ran, “Autonomous vehicle-intersection coordination
method in a connected vehicle environment,” IEEE Intell. Transp. Syst. Mag., vol. 9, no.
4, pp. 37-47, 2017, doi: 10.1109/MITS.2017.2743167.

P. (Taylor) Li and X. Zhou, “Recasting and optimizing intersection automation as a
connected-and-automated-vehicle (CAV) scheduling problem: A sequential branch-and-
bound search approach in phase-time-traffic hypernetwork,” Transp. Res. Part B
Methodol., vol. 105, pp. 479-506, 2017, doi: 10.1016/j.trb.2017.09.020.

W. Zhao, D. Ngoduy, S. Shepherd, R. Liu, and M. Papageorgiou, “A platoon based
cooperative eco-driving model for mixed automated and human-driven vehicles at a
signalised intersection,” Transp. Res. Part C Emerg. Technol., vol. 95, no. April, pp. 802—

821, 2018, doi: 10.1016/j.trc.2018.05.025.

163



[115]

[116]

[117]

[118]

[119]

[120]

[121]

M. Barthauer and B. Friedrich, “Presorting and presignaling: A new intersection operation
mode for autonomous and human-operated vehicles,” Transp. Res. Procedia, vol. 37, no.
September 2018, pp. 179-186, 2019, doi: 10.1016/j.trpro.2018.12.181.

C. Chen, J. Wang, Q. Xu, J. Wang, and K. Li, “Mixed platoon control of automated and
human-driven vehicles at a signalized intersection: Dynamical analysis and optimal
control,” Transp. Res. Part C Emerg. Technol., vol. 127, no. 2020, 2021, doi:
10.1016/j.trc.2021.103138.

X. Qian et al., “Priority-based coordination of autonomous and legacy vehicles at
intersection To cite this version : Priority-based coordination of autonomous and legacy
vehicles at intersection,” 2014.

E. Onieva, V. Milanés, J. Villagra, J. Pérez, and J. Godoy, “Expert Systems with
Applications Genetic optimization of a vehicle fuzzy decision system for intersections,”
Expert Syst. Appl., wvol. 39, no. 18, pp. 13148-13157, 2012, doi:
10.1016/j.eswa.2012.05.087.

A. Stevanovic, P. T. Martin, and J. Stevanovic, “VisSim-based genetic algorithm
optimization of signal timings,” Transp. Res. Rec., no. 2035, pp. 59-68, 2007, doi:
10.3141/2035-07.

G. N. Purohit, A. M. Sherry, and M. Saraswat, “Time Optimization for Real Time Traffic
Signal Control System Using Genetic Algorithm,” Glob. Journel Enterp. Inf. Syst., vol. 3,
no. lv, pp. 3640, 2011.

J. I. Tech, S. Eng, D. Rahbari, and R. Tl, “Help the Genetic Algorithm to Minimize the
Urban Traffic on Intersections,” J. Inf. Technol. Softw. Eng., vol. 04, no. 02, 2014, doi:

10.4172/2165-7866.1000135.

164



[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

W. Genders and S. Razavi, “An open-source framework for adaptive traffic signal
control,” arXiv, vol. X, no. X, pp. 1-11, 2019.

P. Alvarez and M. A. Hadi, “Evaluating the effectiveness of signal timing optimization
based on microscopie simulation,” Obras y Proy., vol. 7, no. 16, pp. 85-94, 2014, doi:
10.4067/s0718-28132014000200006.

D. Houli, L. Zhiheng, and Z. Y1, “Multiobjective reinforcement learning for traffic signal
control using vehicular ad hoc network,” EURASIP J. Adv. Signal Process., vol. 2010,
2010, doi: 10.1155/2010/724035.

I. Bargegol, M. Nikookar, R. V. Nezafat, J. Lashkami, and A. M. Roshandeh, “Timing
Optimization of Signalized Intersections Using Shockwave Theory by Genetic
Algorithm,” Comput. Res. Prog. Appl. Sci. Eng. ©PEARL Publ., vol. 01, no. 04, pp. 160—
167, 2015.

E. Van Der Pol, “Deep Reinforcement Learning for Coordination in Traffic Light
Control,” Master thesis, no. November 2015, p. 2016, 2016.

B. Abdulhai, R. Pringle, and G. J. Karakoulas, “Reinforcement learning for true adaptive
traffic signal control,” J. Transp. Eng., vol. 129, no. 3, pp. 278-285, 2003, doi:
10.1061/(ASCE)0733-947X(2003)129:3(278).

Q. Zhao, C. Xu, and S. jin, “Traffic Signal Timing via Parallel Reinforcement Learning,”
Smart Innov. Syst. Technol., vol. 149, no. 3, pp. 113-123, 2019, doi: 10.1007/978-981-13-
8683-1_12.

Z. Li, L. Elefteriadou, and S. Ranka, “Signal control optimization for automated vehicles
at isolated signalized intersections,” Transp. Res. Part C, vol. 49, pp. 1-18, 2014, doi:

10.1016/j.trc.2014.10.001.

165



[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

Q. Lu and K.-D. Kim, “Intelligent Intersection Management of Autonomous Traffic Using
Discrete-Time Occupancies Trajectory,” J. Traffic Logist. Eng., vol. 4, no. 1, pp. 1-6,
2016, doi: 10.18178/jtle.4.1.1-6.

Y. Guo and J. Ma, “DRL-TP3: A learning and control framework for signalized
intersections with mixed connected automated traffic,” Transp. Res. Part C Emerg.
Technol., vol. 132, p. 103416, Nov. 2021, doi: 10.1016/J.TRC.2021.103416.

S. Maadi, S. Stein, J. Hong, and R. Murray-Smith, “Real-Time Adaptive Traffic Signal
Control in a Connected and Automated Vehicle Environment: Optimisation of Signal
Planning with Reinforcement Learning under Vehicle Speed Guidance,” 2022, doi:
10.3390/s22197501.

S. Chiu, “Adaptive traffic signal control using fuzzy logic,” undefined, pp. 98-107, 1992,
doi: 10.1109/1VS.1992.252240.

C. J. Lan, “New Optimal Cycle Length Formulation for Pretimed Signals at Isolated
Intersections,” J. Transp. Eng., vol. 130, no. 5, pp. 637-647, Sep. 2004, doi:
10.1061/(ASCE)0733-947X(2004)130:5(637).

L. D. Han and J. M. Li, “Short or long-which is better? Probabilistic approach to cycle
length optimization,” Transp. Res. Rec., no. 2035, pp. 150-157, 2007, doi: 10.3141/2035-
17.

C. W. Tsai, T. C. Teng, J. T. Liao, and M. C. Chiang, “An effective hybrid-heuristic
algorithm for urban traffic light scheduling,” Neural Comput. Appl., vol. 33, no. 24, pp.
17535-17549, Dec. 2021, doi: 10.1007/S00521-021-06341-8/FIGURES/12.

W. Genders and S. Razavi, “An Open-Source Framework for Adaptive Traffic Signal

Control,” wvol. X, no. X, pp. 1-11, 2019, [Online].  Available:

166



http://arxiv.org/abs/1909.00395.

[138] X. (Joyce) Liang, S. I. Guler, and V. V. Gayah, “An equitable traffic signal control

[139]

scheme at isolated signalized intersections using Connected Vehicle technology,” Transp.
Res. Part C Emerg. Technol., vol. 110, no. November 2019, pp. 81-97, 2020, doi:
10.1016/j.trc.2019.11.005.

S. Jalili, S. Nallaperuma, E. Keedwell, A. Dawn, and L. Oakes-Ash, “Application of
metaheuristics for signal optimisation in transportation networks: A comprehensive
survey,” Swarm Evol. Comput., wvol. 63, p. 100865, Jun. 2021, doi:

10.1016/J.SWEV0.2021.100865.

[140] W. Wisetjindawat, S. Derrible, and A. Kermanshah, “Modeling the Effectiveness of

[141]

[142]

[143]

[144]

Infrastructure and Travel Demand Management Measures to Improve Traffic Congestion
during Typhoons,” Artic. Transp. Res. Rec., vol. 2672, no. 1, pp. 43-53, 2018, doi:
10.1177/0361198118791909.

R. Putha, L. Quadrifoglio, and E. Zechman, “Comparing Ant Colony Optimization and
Genetic Algorithm Approaches for Solving Traffic Signal Coordination under
Oversaturation Conditions,” Comput. Civ. Infrastruct. Eng., vol. 27, no. 1, pp. 14-28, Jan.
2012, doi: 10.1111/J.1467-8667.2010.00715.X.

H. Ceylan, “Optimal design of signal controlled road networks using differential evolution
optimization algorithm,” Math. Probl. Eng., vol. 2013, 2013, doi: 10.1155/2013/696374.
A. Louati, S. Darmoul, S. Elkosantini, and L. Ben Said, “An artificial immune network to
control interrupted flow at a signalized intersection,” Inf. Sci. (Ny)., pp. 70-95, 2018, doi:
10.1016/j.ins.2017.12.033.

H. Zhao, R. He, J. S.-A. of Transport, and undefined 2018, “Multi-objective optimization

167



[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

of traffic signal timing using non-dominated sorting artificial bee colony algorithm for
unsaturated intersections,” yadda.icm.edu.pl, vol. 46, no. 2, pp. 85-96, 2018, doi:
10.5604/01.3001.0012.21009.

X. Liang, X. Du, G. Wang, and Z. Han, “A Deep Reinforcement Learning Network for
Traffic Light Cycle Control,” IEEE Trans. Veh. Technol., vol. 68, no. 2, pp. 1243-1253,
2019, doi: 10.1109/TVT.2018.2890726.

A. Hajbabaie, R. B.-T. research, and undefined 2013, “Traffic signal timing optimization:
Choosing the objective function,” journals.sagepub.com, vol. 2355, no. 2355, pp. 10-19,
2013, doi: 10.3141/2355-02.

H. Yang and D. Luo, “Acyclic Real-Time Traffic Signal Control Based on a Genetic
Algorithm,” Bulg. Acad. Sci. Cybern. Inf. Technol. <, vol. 13, no. 3, 2013, doi:
10.2478/cait-2013-0029.

M. Liu, Y. Oeda, and T. Sumi, “Multi-Objective Optimization of Intersection Signal Time
Based on Genetic Algorithm,” 2018.

Q. Lu and K. D. Kim, “A Mixed Integer Programming Approach for Autonomous and
Connected Intersection Crossing Traffic Control,” IEEE Veh. Technol. Conf., vol. 2018-
Augus, no. August, 2018, doi: 10.1109/VTCFall.2018.8690681.

C.Ma, C. Yu, J. Lai, and X. Yang, “Signal Timing Optimization for Isolated Intersections
under Mixed Traffic Environment,” 2020 IEEE 23rd Int. Conf. Intell. Transp. Syst. ITSC
2020, Sep. 2020, doi: 10.1109/ITSC45102.2020.9294523.

PTV, “Autonomous Vehicles Base Settings,” p. 4, 2019.

HCM, “Highway Capacity Manual 2010 - Volume 3: Interrupted Flow,” Environ. Prot., p.

1207, 2010, Accessed: Oct. 07, 2022. [Online]. Available:

168



[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

http://www.pdfdrive.com/highway-capacity-manual-2010-e157782591.html.

Y. Lv, Y. Duan, W. Kang, Z. Li, and F. Wang, “Traffic Flow Prediction With Big Data :
A Deep Learning Approach,” vol. 16, no. 2, pp. 865-873, 2015.

C. Gutierrez-osorio, “ScienceDirect Modern data sources and techniques for analysis and
forecast of road accidents: A review,” vol. 7, no. 14076, 2019, doi:
10.1016/}.jtte.2020.05.002.

S. Dabiri, “Semi-Supervised Deep Learning Approach for Transportation Mode
Identification Using GPS Trajectory Data Semi-Supervised Deep Learning Approach for
Transportation Mode Identification Using GPS Trajectory Data,” 2019.

S. George, A. K. Santra, S. George, and A. K. Santra, “Traffic Prediction Using
Multifaceted Techniques: A Survey,” vol. 115, pp. 1047-1106, 2020, doi:
10.1007/s11277-020-07612-8.

M. T. Kashifi, M. Al-Turki, and A. W. Sharify, “Deep hybrid learning framework for
spatiotemporal crash prediction using big traffic data,” Int. J. Transp. Sci. Technol., Jul.
2022, doi: 10.1016/J.1JTST.2022.07.003.

A. Navarro-Espinoza et al., “Traffic Flow Prediction for Smart Traffic Lights Using
Machine Learning Algorithms,” Technologies, vol. 10, no. 1, p. 5, 2022, doi:
10.3390/technologies10010005.

H. Nguyen, L. Kieu, T. Wen, and C. Cai, “Deep learning methods in transportation
domain : a review,” 2018, doi: 10.1049/iet-its.2018.0064.

A. Boukerche and J. Wang, “Machine Learning-based traffic prediction models for
Intelligent Transportation Systems,” 2020, doi: 10.1016/j.comnet.2020.107530.

A. Miglani and N. Kumar, “Deep learning models for traffic flow prediction in

169



[162]

[163]

[164]

[165]

[166]

[167]

[168]

autonomous vehicles: A review, solutions, and challenges,” Veh. Commun., vol. 20, p.
100184, Dec. 2019, doi: 10.1016/J.VEHCOM.2019.100184.

H. Chen, H. Chen, R. Zhou, Z. Liu, and X. Sun, “Exploring the Mechanism of Crashes
with Autonomous Vehicles Using Machine Learning,” 2021, doi: 10.1155/2021/5524356.
P. Liu and W. Fan, “Extreme Gradient Boosting (XGBoost) Model for Vehicle Trajectory
Prediction in Connected and Autonomous Vehicle Environment,” Promet -
Traffic&Transportation, vol. 33, no. 5, pp. 767-774, Oct. 2021, doi:
10.7307/PTT.V3315.3779.

A. B. Parsa, R. Shabanpour, A. Mohammadian, J. Auld, and T. Stephens, “A data-driven
approach to characterize the impact of connected and autonomous vehicles on traffic
flow,” https://doi.org/10.1080/19427867.2020.1776956, vol. 13, no. 10, pp. 687695,
2020, doi: 10.1080/19427867.2020.1776956.

J. Ayoub, N. Du, X. J. Yang, and F. Zhou, “Predicting Driver Takeover Time in
Conditionally Automated Driving,” IEEE Trans. Intell. Transp. Syst., vol. XX, 2020.

S. Lee et al., “Intelligent traffic control for autonomous vehicle systems based on machine
learning,” Expert Syst. Appl., vol. 144, p. 113074, Apr. 2020, doi:
10.1016/J.ESWA.2019.113074.

M. Tamim Kashifi, A. Jamal, M. Samim Kashefi, M. Almoshaogeh, and S. Masiur
Rahman, “Predicting the travel mode choice with interpretable machine learning
techniques: A comparative study,” Travel Behav. Soc., vol. 29, pp. 279-296, Oct. 2022,
doi: 10.1016/J.TBS.2022.07.003.

G. Meena, M. Mabhrishi, and D. Sharma, “Traffic Prediction for Intelligent Transportation

System using Machine Learning VM Migation View project Video Analysis and

170



[169]

[170]

[171]

[172]

[173]

[174]

Segmentation of Educational Videos View project Traffic Prediction for Intelligent
Transportation System using Machine Learning,” 2020 3rd Int. Conf. Emerg. Technol.
Comput. Eng. Mach. Learn. Internet Things, p. 48199, 2020, doi:
10.1109/ICETCE48199.2020.9091758.

M. T. Kashifi and I. Ahmad, “Efficient Histogram-Based Gradient Boosting Approach for
Accident Severity Prediction With Multisource Data,” Artic. Transp. Res. Rec., vol. 2022,
no. 6, pp. 236-258, 2022, doi: 10.1177/03611981221074370.

O. W. Khalid, N. A. M. Isa, and H. A. Mat Sakim, “Emperor penguin optimizer: A
comprehensive review based on state-of-the-art meta-heuristic algorithms,” Alexandria
Eng. J., vol. 63, pp. 487-526, Feb. 2023, doi: 10.1016/J.AEJ.2022.08.013.

G. Dhiman and V. Kumar, “Emperor penguin optimizer: A bio-inspired algorithm for
engineering problems,” Knowledge-Based Syst., vol. 159, pp. 20-50, Nov. 2018, doi:
10.1016/J.KNOSYS.2018.06.001.

A. M. Amiri, N. Nadimi, and A. Yousefian, “Comparing the efficiency of different
computation intelligence techniques in predicting accident frequency,” IATSS Res., vol.
44, no. 4, pp. 285-292, Dec. 2020, doi: 10.1016/j.iatssr.2020.03.003.

S. A. Celtek, A. Durdu, and M. E. M. Al “Real-time traffic signal control with swarm
optimization methods,” Meas. J. Int. Meas. Confed., vol. 166, Dec. 2020, doi:
10.1016/J.MEASUREMENT.2020.108206.

J. Ayoub, X. J. Yang, and F. Zhou, “Modeling dispositional and initial learned trust in
automated vehicles with predictability and explainability,” Transp. Res. Part F Traffic

Psychol. Behav., vol. 77, pp. 102-116, Feb. 2021, doi: 10.1016/J.TRF.2020.12.015.

171



Vitae

Name :Mohammed Khalied Al-Turki

Nationality :Saudi

Date of Birth :12/24/1988

Email :moe_kt@hotmail.com

Address :P. O. Box: 3462, Dmmamm 32272 , Saudi Arabia
EDUCATION

e Sep 2017 — Present
PhD Degree in Transportation Engineering, GPA: 3.81/4.00

King Fahd University of Petroleum and Minerals (KFUPM), Saudi Arabia
Dissertation title:

“Investigation and Utilization of Autonomous Vehicles Impacts on Signalized Intersection

Performance under Mixed Traffic Environment with Regular Vehicles”

e May 2015
M.Sc. Degree in Transportation Engineering, GPA: 3.54/4.00

King Fahd University of Petroleum and Minerals (KFUPM), Saudi Arabia
Thesis title:
“Laboratory Evaluation of Local Dense Graded CRM Asphalt Mixture”

e Jun 2011
B.Sc. Degree in Civil Engineering, First Honors, GPA: 3.75/4.00

Jubail University College (JUC), Saudi Arabia

172



WORK EXPERIENCE

e Sep 2017 — Present
PhD Candidate

Civil and Environmental Engineering Department, King Fahd University of Petroleum and
Minerals (KFUPM), Saudi Arabia

= Conducting scientific researches and publishing journal and conference papers
= Presenting lectures
e May 2015 - Sep 2017

Lecturer

Civil Engineering Department, Jubail University Collage (JUC), Saudi Arabia

= Teaching transportation related courses such as: Surveying, Transportation
Engineering, Traffic Engineering and Pavement Engineering
= Supervising undergraduate students during field training and design projects
=  Student advisory
e Oct 2011 - Sep 2012
Teaching Assistant

Civil Engineering Department, Jubail University College (JUC), Saudi Arabia

= Teaching and assisting students during different civil engineering labs

= Supervision of civil engineering labs (Transportation Engineering and Surveying
labs)
= Student advisory
= Supervision of civil engineering club
RESEARCH INTERESTS

e Autonomous vehicles implementation
e Traffic operation and control
e Traffic prediction and optimization

e Road safety

173



PUBLICATIONS

1. M. Al-Turki, M. T. Kashifi, N. T. Ratrout and S. M. Rahman, “Traffic Signal
Optimization Framework Using Interpretable Machine Learning Technique under
Heterogeneous-Autonomy Traffic Environment, Physica A: Statistical Mechanics and
its Applications, January 2023, under review.

2. M. ALTurki, N. T. Ratrout, and 1. Al-Sghan, “IMPACT OF AUTONOMOUS
VEHICLES ON THE PERFORMANCE OF A SIGNALIZED INTERSECTION
UNDER DIFFERENT MIXED TRAFFIC CONDITIONS: A SIMULATION-BASED
INVESTIGATION,” J. Appl. Eng. Sci., vol. 21, no. 1, pp. 1-17, Jan. 2023, doi:
10.5937/JAES0-39994.

3. M. T. Kashifi, M. Al-Turki, and A. W. Sharify, “Deep hybrid learning framework for
spatiotemporal crash prediction using big traffic data,” Int. J. Transp. Sci. Technol., Jul.
2022, doi: 10.1016/J.1JTST.2022.07.003.

4. M. Al-Turki, N. T. Ratrout, S. M. Rahman, and K. J. Assi, “Signalized Intersection
Control in Mixed Autonomous and Regular Vehicles Traffic Environment - A Critical
Review Focusing on Future Control,” IEEE Access, vol. 10, pp. 16942-16951, 2022, doi:
10.1109/ACCESS.2022.3148706.

5. M. Al-Turki, N. T. Ratrout, S. M. Rahman, and 1. Reza, “Impacts of autonomous vehicles
on traffic flow characteristics under mixed traffic environment: Future perspectives,”
Sustain., vol. 13, no. 19, pp. 1-22, 2021, doi: 10.3390/su131911052.

6. M. Al-turki, A. Jamal, H. M. Al-ahmadi, M. A. Al-sughaiyer, and M. Zahid,
“sustainability On the Potential Impacts of Smart Traffic Control for Delay , Fuel Energy
Consumption , and Emissions: An NSGA-II-Based Optimization Case Study from
Dhahran , Saudi Arabia,” pp. 1-22, 2020.

7. M. Arifuzzaman, M. A. Habib, M. K. Al-Turki, M. I. Khan, and M. M. Ali,
“Improvement and characterization of sabkha soil of Saudi Arabia: A review,” J. Teknol.,
vol. 78, no. 6, pp. 1-11, Jun. 2016, doi: 10.11113/JT.\V78.5352.

8. M. Al-Turki, “Laboratory Evaluation of Local Dense Graded CRM Asphalt Mixture”,
Thesis, PQDT-Global, 2015.

174



