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Summary

Highway traffic congestion, a persistent issue driven by the ongoing in-
crease in motorization, leads to major concerns for researchers, including
travel delays, traffic pollution, and road traffic safety. To diligently address
the problem of traffic congestion, the dynamics of traffic flow on highways
are vital to understanding for effective planning and management. Effec-
tive traffic control strategies can be designed only if accurate traffic states
are known. Thus, mathematical models of traffic are harnessed to pre-
dict the future states of traffic flow on highways. In this dissertation, the
principal considerations center on the macroscopic continuum second-order
traffic flow models. That being the case, these macroscopic models are em-
ployed in traffic control such as Model Predictive Control (MPC). Apart
from traffic control, models of traffic are employed to describe the com-
plex dynamics of evolving traffic and for various other purposes, including,
but not limited to emissions estimations, incident impact assessments and
traffic enroutement based on future dynamics of traffic flow.

Lately, the Macroscopic Continuum Traffic Flow Models (MCTFMs)
are extensively refined for the characteristics of Human-Driven Vehicles
(HDVs), yielding positive findings, however, their practical utility is yet
not fully exercised. Additionally, with the advent of Connected and Au-
tonomous Vehicles (CAVs), certain dynamics of traffic flow such as their
impact on the capacity of highways would be immense, and in particular,
intrinsic characteristics such as driver behavior would significantly alter.
Thus, it necessitates the need to revise the second-order traffic flow models
for CAVs, and subsequently for CAVs and HDVs mixed traffic. In view of
this rationale, the motivation of this dissertation is to evaluate the exist-
ing second-order traffic flow models, extend these models to mixed traffic,
and later, investigate and harness them in traffic control, particularly, in
MPC-based traffic flow control.



II

To attain the goals of this dissertation, at the outset, a comprehensive
review of the literature is conducted. Aiming to expand knowledge and
understanding of the second-order continuum macroscopic models. These
models are presented in distinct groups, which are categorically presented
and discussed from a practical standpoint. A research gap in the cur-
rent literature is identified considering the CAVs, which is addressed later
in this dissertation. Subsequently, a detailed appraisal of the continuum
second-order traffic flow models based on sensitivity analysis and numerical
simulation is presented. The models are briefly studied and investigated to
reproduce various traffic conditions. The second-order continuum models
are examined considering their practical significance while analyzing the
functional importance of the different parameters of the models. The sen-
sitivity of the models’ parameters is analyzed using statistical methods,

signifying the understanding of revising them for mixed traffic.

Further, a revamped model of mixed traffic is proposed. This model
incorporates the distinct headway distance among vehicles (CAVs and
HDVs) in mixed traffic. The proposed model is calibrated and validated
on M50 Dublin motorway data reproduced in Simulation of Urban MObil-
ity (SUMO). The proposed model is harnessed to investigate the impacts of
CAVs on conventional traffic flow. The additional practical significance of
the proposed model is demonstrated by employing it in computing Level of
Service (LOS) of the Dublin motorway segments with different Penetration
Rate (PR) of CAVs.

Next, we proposed a novel continuum model for traffic mixture consid-
ering three classes of vehicles. To commence, the Fundamental Diagram
(FD) is vital to understand, it is viewed as the basis of traffic flow theory
in view of traffic mixture is not well studied. We delve deeper into the
insights of the FD of traffic mixture and derive the FD of traffic mixture
driven on class-specific varying headway distances of the vehicles. Subse-

quently, we propose a continuum second-order traffic flow model, aiming to
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effectively capture and analyze the traffic dynamics arising from the traf-
fic mixture. Furthermore, the proposed model integrates the macroscopic
emissions and fuel consumption model to quantify the exhaust emissions
and fuel consumption resulting from the traffic mixture. Three traffic
mixtures are considered (i) a mixture of CAVs and HDVs (ii) a mixture
of CAVs, HDVs, and Heavy Vehicles (HVs), and (iii) a mixture of CAVs,
HDVs, and Connected Heavy Vehicles (CHVs). This model is based on a

theoretical framework.

Besides, a novel simulation-based approach is presented to evaluate
traffic flow in the presence of CAVs. In this work, the anticipative behavior
of CAVs is modeled based on the change occurrence time in traffic. Various
dynamics of the macroscopic traffic flow are investigated providing the
anticipative response of CAVs based on distance headway and density-
dependent change occurrence time, prioritizing traffic safety with real-time

applications.

Conclusively, an MPC-based Variable Speed Limit (VSL) control of
motorway traffic is implemented by harnessing a continuum second-order
traffic flow model for HDVs as a prediction model. Within this framework,
congestion has been alleviated in some segments of the Dublin motorway,
while on the other side, the congestion occurrence time is significantly
minimized. Subsequently, we have used the same MPC-based framework
to control traffic flow with CAVs, and we have explored alternative control
variables instead of VSL in the case of CAVs. We use the time headway of
CAVs as a control variable, and it yields sufficiently good results. In all, by
integrating together the approach of modeling and control presented in this
dissertation, can help both the industry and academia in understanding

modeling and controlling of traffic flow in mixed traffic conditions.

Keywords: Anticipative Response; Continuum Second-Order Traffic Flow
Models, Connected and Autonomous Vehicles; Change Occurrence Time;

Driver Response; Distance Headway; Human-Driven Vehicles; Macroscopic
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Models; Model Predictive Control; Mixed-Traffic Flow; Traffic Congestion;
Traffic Planning and Management; Traffic Control; Time Headway
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Chapter

Introduction

1.1 Background and Motivation

Highways are essential pillars of transportation systems, which are un-
der stress due to traffic congestion, resulting from rapid urban develop-
ment. Traffic congestion implies various externalities, including, but not
limited to an increase in the number of traffic accidents (compromising
traffic safety), Green House Gasses (GHG) emissions, noise pollution, and
travel delays. It is a major economic and societal problem [2, 3, 4]. The
exhaust emissions from vehicles are widely spread, and are a leading prob-
lem globally. Particularly in Europe, traffic congestion has been a source
of environmental pollution in the last decade. It is estimated that over
100 million people are affected by harmful levels of exhaust emissions in
the European Environment Agency (EEA)-33!,2 member countries. Al-
leviation of traffic congestion has been a challenge for researchers, traffic
engineers, and planners and has been a major concern for policymakers
and governments across the globe.

To alleviate traffic congestion, and for effective management of high-
ways, understanding the dynamics of traffic flow on highways are vital.
Thus, it necessitates accurate descriptions of traffic flow over time and

"https://www.eea.europa.eu/data-and-maps/indicators/exceedances-of-air-quality-
objectives-7/assessment

2https://www.eea.europa.eu/data-and-maps/indicators/exposure-to-and-
annoyance-by-2/assessment-1
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space horizons [5]. Further, with developing Intelligent Transportation
System (ITS), certain tools and methods hold immense importance. That
being the case, traffic flow models are harnessed to predict traffic flow al-
lowing us to understand various traffic dynamics such as congestion forma-
tion and dissipation, travel time estimation, exhaust emissions, and other
non-equilibrium traffic phenomena [6]. Macroscopic traffic flow models are
specifically harnessed on highways to predict traffic flows. The information
collected with macroscopic traffic flow models is processed in many prac-
tical applications such as Model Predictive Control (MPC)-based traffic
control and Advanced Traveller Information System (ATIS), allowing to
alleviate traffic congestion |7].

Furthermore, with the contemporary advancements in Internet of Things
(IoT) and advanced communication technologies, diverse technologies of
Connected and Autonomous Vehicles (CAVs) are proposed in traffic sys-
tems to enhance traffic network performance, road safety, transport mobil-
ity, and urban accessibility [8, 9]. With these technologies environmental
and noise pollution can be significantly reduced. While, with the help of
ITS, proper use of ATIS and Advanced Driver Assistance System (ADAS),
the dynamics of traffic alter significantly. Lately, with the advent of CAVs,
research on understanding the dynamics of mixed traffic CAVs and Human-
Driven Vehicles (HDVs) has been revolutionized. Recent studies suggest
that traffic dynamics will alter significantly, and so will control methods.
Additionally, the existing MCTFMs are not able to accurately predict the
traffic flow of mixed traffic. This is because they do not take into account
the distinct behavior of CAVs and HDVs such as interactions between
them.

Conclusively, the penetration of CAVs in conventional traffic flow presents
a paradigm shift in urban traffic dynamics. While admittedly, the cur-
rent MCTFMs have been proven effective in analyzing traffic flow, their
applicability to mixed traffic is impeded by the unique complexities be-
havior of CAVs. These models, rooted in assumptions of homogeneous
behavior and lacking provisions for real-time communication and adaptive
decision-making, fail to capture the interactions between CAVs and HDVs.
Consequently, a critical research gap emerges, necessitating the revision of
MCTFMs to accurately predict and understand mixed traffic phenomena.
By refining macroscopic models to incorporate the distinct behavioral pat-




1.2. RESEARCH OBJECTIVES

terns, communication dynamics, and decision-making processes of CAVs,
researchers can bridge this gap and provide more reliable insights into
traffic flow, congestion patterns, and road network optimization. This en-
hancement holds immense practical significance as it enables urban plan-
ners, transportation authorities, and policymakers to formulate informed
strategies for traffic management, infrastructure development, and mobil-
ity enhancement. Ultimately, revised MCTFMs tailored for mixed traffic
conditions hold the potential to revolutionize urban traffic by fostering
safer, more efficient, and sustainable mobility solutions in the era of Inter-
Connected and Automated Mobility (ICAM) and Connected, Coordinated
and Automated Mobility (CCAM).

1.2 Research Objectives

This dissertation is centered on macroscopic continuum second-order
traffic flow models, and their practical applications in traffic control. The
objective of this dissertation is to evaluate existing models from a practical
perspective. While additionally, to propose revamped continuum macro-
scopic second-order traffic flow models for mixed traffic to more accurately
describe the complex dynamics of mixed traffic, with the specific goals be-
ing to:

e Evaluate the existing continuum second-order traffic flow models to
reproduce various traffic conditions. Identifying the most sensitive
parameters for the output of the model, and presenting physical
meaning and understanding of the parameters of the existing models.

e Evaluate macroscopic traffic flow in the presence of CAVs and HDVs
in a connected environment. To quantify the impacts of CAVs on
conventional flow, and to investigate Macroscopic Fundamental Di-
agram (MFD) of mixed traffic.

e Be harnessed in the computation of exhaust emissions and fuel con-
sumption in the mixed traffic environment.

e Be harnessed in conventional traffic control. To evaluate the use of
second-order continuum traffic models in conventional control such
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as MPC-based Variable Speed Limit (VSL) control of traffic, without
CAVs.

e Propose novel control strategies with CAVs in mixed traffic by har-
nessing the new Macroscopic Continuum Traffic Flow Model (MCTEFM)
for mixed traffic.

1.3 Scientific Contribution

This dissertation integrates the state-of-the-art knowledge of the re-
cent advancement concerning CAVs. The scientific contributions of this
dissertation are as follows:

e A comprehensive and detailed understanding of the parameters of
the MCTFMs is presented. The parameters of a set of MCTFMs are
examined from a physical perspective and their significance is thor-
oughly investigated by employing sensitivity analysis and numerical
simulation, contributing to the existing scientific understanding of
the macroscopic models.

e A revamped MCTFM for mixed traffic flow based on a pragmatic
approach employing microscopic simulations. Detailed theoretical
and practical concepts are presented.

e A framework for the evaluation of the macroscopic road characteris-
tics in the presence of CAVs, employing a simulation-based approach,
contributes to road traffic safety science.

e An integrated framework for traffic flow and emission modeling in
the presence of CAVs, HDVs, HVs and Automated Heavy Vehicles
(AHVs) from a methodological perspective.

e Insights on the control of motorway traffic based on MPC, employing
an efficient existing MCTFM as a prediction model in the process.

e A novel traffic flow control methodology with CAVs in the mixed
traffic environment, insights, understanding, and contemporary pro-
jections.
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1.4 Practical Utility and Applications

This dissertation holds immense significance in terms of the practical
utility and applications of the MCTFMs. Further, this dissertation is cen-
tered on the modeling of the traffic flow in mixed traffic environment. As
a consequence, three different new MCTFMs are formulated with distinct
practical utility and real-world applications as shown in Figure. 1.1. In
addition, a complete understanding of the parameters of the MCTFMs
is presented to enhance their practical importance and use in real-world
applications. The proposed models and evaluation methodology serve to
improve the efficiency of highways. The proposed MCTFMs are robust and
computationally fast, thus traffic flow analysis such as in the presence of
CAVs, HDVs, HVs and AHVs would be performed more efficiently. These
models can be employed in a number of practical applications, including,
but not limited to:

e Real-time traffic flow predictions
e Evaluating the impacts of CAVs

e Understanding of the formation and dissipation of congestion on
highways

e Estimation of GHG and fuel consumption

e Design of novel traffic control strategies

e Traffic impact assessment

e Traffic planning and management

e Dynamic and static traffic assignment

e Novel control of traffic with CAVs in mixed traffic
e Analysis of LOS of highways

Moreover, the utility and practical applications of the MCTFMs are further
detailed in the main chapters of this dissertation and are outlined in the
next Section of this chapter.
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1.5 Dissertation Outline

The content of this dissertation is shown in Figure. 1.1, highlighting
the step-wise goals achieved in this dissertation from its commencement
to its conclusion. The outlines of this dissertation are as follows:

e Chapter 2: Preliminaries and State-of-the-Art

This dissertation exhibits two-directional attributes that are mod-
eling and control. First, the macroscopic modeling of traffic flow
is explored and next the models are implemented in traffic control.
This chapter presents preliminary definitions of the terminologies
used in this dissertation and a state-of-the-art review of the macro-
scopic model since their inception. Chapter 2 concludes the research
gaps in the existing literature which are responded to in the next
chapters.

e Chapter 3: Appraisal of the Second-Order Continuum Traf-
fic Flow Model Employing Sensitivity Analysis and Numer-
ical Simulation
In this chapter, the assessment of existing MCTFMs is conducted,
involving detailed analysis based on categorical distinctions and ac-
curate reproduction of traffic phenomena. Further, the parameters of
MCTFMs are examined, grounded in their physical underpinnings.
These examinations lead to the plausible ranges within which these
parameters operate. Subsequently, the significance of all the param-
eters of MCTFMs is highlighted by employing sensitivity analysis for
their impact on the output of the models and numerical simulations
for qualitative comparative analysis. This chapter concludes with
a major contribution to the practical implementation of MCTFMs.
Additionally, it paves the way for further research.

— Waheed Imran, Gennaro Nicola Bifulco, Angelo Coppola and
Luigi Pariota. Appraisal of the Continuous Second Order Traf-
fic Systems employing Sensitivity Analysis and Numerical Sim-
ulation. Under Review

e Chapter 4: Macroscopic Modeling of Connected, Autonomous,
and Human-Driven Vehicles: A Pragmatic Perspective
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This chapter proposes a new MCTFM for mixed traffic (CAVs and
HDVs). It discusses the theoretical development of the new model.
Additionally, this model is briefly assessed in this chapter. Details on
the calibration and validation are documented. Further, the practi-
cal applications of the new proposed model in this chapter are briefly
presented. Conclusively, this chapter paves way for the implementa-
tion of this model in traffic control, presented in chapter 8.

— Waheed Imran, Tamas Tettamanti, Balazs Varga, Gennaro Nicola
Bifulco and Luigi Pariota. Macroscopic Modeling of Connected,
Autonomous and Human-Driven Vehicles: A Pragmatic Per-
spective. Under Review

Chapter 5: Characterization of Traffic Flow and Emissions
Driven on the Fundamental Diagram of Traffic Mixture

In this chapter, various aspects of flow operations are investigated
in the presence of CAVs, HDVs, HVs, and AHVs as they will have
to coexist in traffic, forming a complex traffic mixture with distinct
driver behaviors. Apart from traffic characteristics, characterization
of exhaust emissions, and fuel consumption is vital in this complex
traffic mixture, for understanding the positive outcomes of the evolv-
ing CAVs. The macroscopic emissions and fuel consumption model
to quantify the exhaust emissions and fuel consumption is integrated
with a new MCTFM model proposed in this chapter. This chap-
ter aims to propose an integrated methodology for the modeling of
traffic mixture through MFD of traffic contemplated with emissions
model. Detailed insights regarding the complex phenomena of traffic
mixture, and consequently their impacts on traffic emissions and fuel
consumption are presented.

— Waheed Imran and Luigi Pariota. Characterization of Traffic
Flow and Emissions Driven on the Fundamental Diagram of
Traffic Mixture. Under Review

Chapter 6: Macroscopic Evaluation of Traffic Flow in View
of Connected and Autonomous Vehicles: A Simulation-Based
Approach
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The operational performance of CAVs is vital to understand. Oper-
ating with significantly small lengthways between the vehicles, CAVs
could compromise the safety of road traffic. Thus, this chapter pro-
poses a density-dependent time for change occurrence in the frame-
work of MCTFM. The behavior of CAVs is specifically modeled
to improve road traffic safety. Finally, simulations are performed
to investigate traffic patterns subject to various CAVs differentiated
by their intrinsic properties such as lengthways gap and density-
dependent time headway.

— Waheed Imran and Luigi Pariota. Macroscopic Evaluation of
Traffic Flow in View of Connected and Autonomous Vehicles: A
Simulation-based Approach. Alexandria Engineering Journal,
79:581-590, 2023.

Chapter 7: An MPC-based VSL Control of Motorway Traf-
fic

In this chapter, an existing MCTFM is employed in the MPC frame-
work as a prediction model to control traffic low on the Dublin
motorway M50. This chapter aims to develop a framework that
can be employed later to control traffic with CAVs. In the current
traffic, only HDVs are considered. Various insights regarding conges-
tion formation and its mitigation are briefly presented. This chapter
concludes with plausible directions for the next major part of this
dissertation, dicussed in chapter 8.

— Waheed Imran, Alessio Tesone, Bal4dzs Varga, Gennaro Nicola
Bifulco and Luigi Pariota. An MPC-based VSL Control of Mo-
torway Traffic by employing a Continuum Second-Order Traffic
Model. Under preparation

Chapter 8: A Novel MPC-Driven Regulation of Traffic Flow
with Connected and Autonomous Vehicles

This chapter proposes a novel control strategy for the control of
traffic with CAVs in the mixed traffic environment. The MCTFM
proposed in chapter 4 is employed in the MPC framework as a pre-
diction model. In this chapter, conventional traffic control such as
VSL is replaced with control of traffic only with CAVs by controlling
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their time headway. The PRs of CAVs are used to quantify the ef-
fective PR of CAVs for effective control. Moreover, this novel control
strategy is compared with conventional traffic control under various
circumstances, far-reaching insights from the findings of this study
are briefly discussed in this chapter.

— Waheed Imran, Alessio Tesone and Luigi Pariota. A Novel
MPC-Driven Regulation of Motorway Traffic with Connected
and Autonomous Vehicles. Under preparation

Chapter 9: Conclusions and Future Directions
Finally, this chapter discusses and concludes the findings of this dis-
sertation, suggesting future directions for research.
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Chapter

Preliminaries and
State-of-the-Art

This chapter presents the preliminary theoretical background and state-
of-the-art literature review of the related research carried out in this dis-
sertation.

2.1 Definitions

2.1.1 Traffic Flow Models

Traffic flow models are simplistic representations of real-world traffic
scenarios by defining mathematical descriptions of traffic flow [5]. The dy-
namics of traffic flow can be predicted and possibly controlled using traffic
flow models. These models can serve as the foundation for decision-making
on how to improve the flow of traffic such as by analyzing the pattern
of congestion formation in time and space horizon and reproducing the
traffic phenomena [10]. Moreover, contemporary advancements, including
the CAVs, will necessitate new policy choices aimed at understanding the
dynamics of mixed traffic, and safeguarding drivers from collisions while
increasing road capacity [11]|. Traffic flow models are categorized based on
the mathematical descriptions, and three different categories of traffic flow
models are presented in the literature, that are microscopic, macroscopic,
and mesoscopic.
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2.1.1.1 Microscopic Traffic Models

Microscopic models consider spatiotemporal characteristics. Vehicles
on the microscopic level are viewed as individual particles interacting with
each other. Mostly, the time and distance headways are taken into account,
and the essential component of the model is the mathematical formulation
of the interaction laws between the vehicles that control the acceleration
and deceleration of a single vehicle [12]. The dynamics of traffic flow based
on mathematical descriptions are assessed based on the system of Ordinary
Differential Equations (ODEs). These models are the most detailed with
the lowest aggregation level. However, the microscopic models are compu-
tationally complex and expensive. This dissertation is solely centered on
macroscopic models.

2.1.1.2 Macroscopic Traffic Models

Macroscopic models consider traffic variables such as velocity, density
and flow, following the continuum mechanics. Vehicles are considered as
a flow of fluid for which suitable conservation law is applicable. For this
reason, macroscopic models are often called in the present context hy-
drodynamic models [13]. These models examine the aggregated evolution
of traffic flow based on a Partial Differential Equations (PDEs) for the
evolution of the relevant quantities (velocity, density, and flow) that are
typically included in macroscopic models. They necessitate equilibrium
speed-density relationships to substitute the interaction rules established
in microscopic models, consequently, they are computationally significantly
faster than microscopic models.

2.1.1.3 Mesoscopic Traffic Models

The mesoscopic models combine characteristics from macroscopic and
microscopic descriptions coupled with probability distributions. They in-
volve a high level of aggregation, but a low level of details as they typi-
cally adopt gas-kinetic analogies. Thus, these models bridge microscopic
and macroscopic models [14, 15]. A distribution function that consists of
a statistic of all the vehicles starting with the design and principles of a
microscopic model. This distribution function is developed over time using
methods from mathematical physics, and its moments, or average values,
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give the overall characteristics of macroscopic models and their evolution.
In this way, velocity-density relations for macroscopic models are obtained,
and these relations are strongly connected to the underlying microscopic
models.

2.1.2 Macroscopic Fundamental Diagram

In traffic theory, velocity, density, and flow are referred to as macro-
scopic fundamental variables or traffic stream variables. There exists a
vital relationship between these variables, represented by Fundamental
Diagram (FD)s since these relationships involve macroscopic variables, so
are represented by MFDs. The MFDs play a pivotal role in traffic sci-
ence [16]. Different information related to traffic can be illustrated with
MFDs, allowing traffic engineers and researchers to study complex insights
of traffic flow, including, but not limited to congestion dynamics, free flow
dynamics, and hysteresis. The basic relationship between flow(q), density
(p), and velocity (v) is given as

q(x,t) = p(x,t) - v(x,t), (2.1)

where t and x are time and space indices. By employing this relationship
q(x,t) can be computed. However, in so doing, real-time information of
p(x,t) and v(x,t), are needed. Thus, v(x,t) can be considered as a function
of density in equilibrium conditions, and the relationship between v(z,t)
and p(z,t) in equilibrium conditions is given by equilibrium velocity dis-
tribution (V(p(z,t))). When changes in flow occur, traffic moves towards
this distribution [17].

Greenshields [18]| proposed a distribution with an inverse linear rela-
tionship between v(x,t) and p(x,t) and is given by

p(l‘, t) )
Y

Pm
where p,, and v, represent maximum density and velocity, respectively.
In Eq. (2.2), as p(z, t) increases, @ increases as well. Thus, this increase

leads to a decrease in (1 — %), resulting in a decrease in V(p(x,t)). So,

V(p(x,t)) is zero when p(z,t) approaches p,,. Recalling Eq. (2.1), and

V(pla 1)) = v (1 - (2.2)
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replacing v(z,t) with v(p(z,t)) results in

q(p(x; 1)) = p(x,1) - V(p(z, 1)), (2.3)

where q(p(z,t)) represents flow as a function of density. Using Eq. (2.3),
the relationship between p(x,t) and ¢(p(x,t)) can be established. Fig-
ure. 2.1 is the flow-density relationship obtained using speculative syn-
thetic data employing the Greenshields model (Eq. (2.2)).

In Figure. 2.1, free flow, congested flow, capacity (maximum flow (g,)),
critical density (per) and p,, can be observed. The shape of FD depends
on the choice of V(p(z,t)). The Greenshields model results in an overesti-
mation of the traffic quantities, and this model is only feasible for homo-
geneous traffic conditions. In non-homogeneous traffic, the Papageorgiou
model [19] can be employed, which is given as

V(p(@, 1)) = tm - exp[— (2 ye). (2.4)
c Per

where ¢ corresponds to a shape factor. The velocity-density relationships
with the Greenshields model and the Papageorgiou model are illustrated
in Figure. 2.2. Furthermore, it is to be noted that the Greenshields model
presents a simplified representation of traffic flow. In reality, traffic flow in
congestion is impacted by different factors, including, but not limited to
driver heterogeneity, the geometry of the highway, etc. While the Green-
shields equation provides a basic framework for understanding the rela-
tionship between density and velocity, other contemporary models exhibit
close behavior with heterogeneous traffic.

2.1.3 Intelligent Transportation System

Lately, technological advancements have led to the development of an
integrated system aimed to reduce environmental pollution, and conges-
tion, increasing traffic safety, and controlling inefficient use of resources.
This advanced framework is now widely known as I'TS integrates informa-
tion and communication advancements to improve the safety and efficiency
of transportation networks. It combines data collection in real-time, pro-
cessing, and communication to improve the operations and management
of transportation systems [20]. The components and features of ITS in-
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Figure 2.1. Flow-Density relationship according to the Greenshields model.
Note that this figure is generated by using speculative synthetic data for the
purpose of understanding.

clude, ATIS, providing real-time information regarding traffic conditions
to travelers, leading to informed decisions by travelers[21|. The MCTFMs
can play a pivotal role in ATIS by providing travelers with information
about the future states of traffic.

The features of ITS are not limited to ATIS, but beyond. One signif-
icant feature is traffic management and control [22]. Traffic flow can be
optimized by leveraging using real-time data from sensors, cameras, and
detectors to monitor congestion. This information can be processed to
optimize the signals timings, lane usage and benefit the users with dynam-
ics routing information. Moreover, potential collisions and hazards can be
avoided with advanced technologies such as Vehicle to Infrastructure (V2I)
and Vehicle to Vehicle (V2V) communication [23]. Further features include
but are not limited to, smart electronic toll collection, intelligent parking
systems, environmental monitoring and management, emergency manage-
ment, transportation demand management, fleet management, and traffic
data collection and analysis (big data) [24, 25, 26].
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Figure 2.2. Velocity-Density relationship according to the Greenshields and
Papageorgiou models. Note that this figure is generated by using speculative
synthetic data for the purpose of understanding.




2.1. DEFINITIONS

17

control measurements )
— > system

. o
« | Inputs ]
E z
- E)
e E
4 5
@ MPC controller 3
g

control | optimization
actions (\

objective,
model  [prediction [+ )

constraints

Figure 2.3. Block diagram of the MPC-based control loop.

2.1.4 Model Predictive Control

The MCTFMs predict the future states of traffic. They perform ac-
curate short-term predictions. While the MPC considers a set of control
rules by taking into the future states of traffic, thus MCTFMs can be
employed in MPC-based control for robust solutions. MPC solves a con-
strained optimization problem and determines an optimal control variable
[27, 28]. Thus, it is one of the control techniques that explicitly consid-
ers constraints. An objective function is often designed to optimize the
problem by prioritizing certain traffic characteristics, the most common
of which is to minimize total travel time. Certainly, the MPC tracks a
reference trajectory, and a control action is determined accordingly. The
predictions and optimization are repeated for the given time instances,
thus, it is also called receding horizon control [29]. The prediction time
and control time, known as the prediction horizon and the control horizon
are vital for the output of the control. An optimal solution is achieved over
short-term optimization since the error of a proximal forecast is considered
to be small compared to a distant prediction [30]. The general principle of
MPC is illustrated in Figure. 2.3.
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2.2 State of the Art on Second-Order Traffic Flow
Models

The MCTFMs assume aggregated traffic variables. These models are
categorically presented as first-order and second-order traffic models [31,
32]. The first-order models comprise commonly a single-state equation and
are based on velocity. While the second-order models are two-state coupled
equations and are based on acceleration [33]. At the outset, Lighthill,
Whitham and Richards (LWR) initiated studies on the MCTFMs between
1950’s and 1960’s by proposing a single-state equation model famously
known as the LWR model [34, 35], which is given as

Dpl,t) Dol 1) vl 1))
ot + Oz

=ig(x,t) —eq(z, 1), (2.5)

where p(z,t) is traffic density, and v(z,t) is the velocity considered as a
function of density such as V(p(x,t)). It represents the relationship be-
tween density and velocity in equilibrium flow conditions. Whereas, i, and
eq are the exogenous source terms for off-ramp and on-ramp flows. While
the t and x represent time and space, respectively. The first-order models
are subject to assumption that the speed of vehicles is adjusted instanta-
neously to the value given by the velocity-density relationship based on
actual density [36]. Thus, abrupt changes in flow occur which is an un-
realistic traffic behavior [37]. Further, the LWR model characterizes only
small changes in flow that occur instantaneously [38, 39, 40, 41]. This
model is not capable to reproduce non-equilibrium traffic phenomena [42].

Soon as the shortcoming of the LWR model was noticed, an improved
momentum equation to the existing first-order model was added, enabling
a new model, and resolving the shortcoming of the LWR model [43]. The
momentum equation primarily comprises the convection, acceleration, an-
ticipation, and relaxation terms [44]. It is given as

Jv(zx,t)
ot

ov(x,t) it Op(z,t)

+ofan ) O SO = LV (ol )=o), (26)
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where the acceleration term 1is

Ov(x,t)
ot '’
the convection term is
ov(x,t)
v(z,t) .
dp
Whereas
cz Op(x,t)
p(x,t) Ox

is the anticipation term, and

L (V(p(, 1)) — v(a, 1)),

r
is the relaxation term. The acceleration and convection terms characterize
the acceleration of vehicles and the effect of a vehicle on other vehicles in
the vicinity with its egress and ingress in a road section. The relaxation
term defines the tendency of each vehicle to travel at the desired speed
depending on the congestion level of the link. I" > 0 is the relaxation time
for vehicles to adjust their velocity according to the equilibrium conditions.
The reaction of drivers to the variations in traffic conditions ahead of them
is characterized by the anticipation term. In other words, this term ac-
counts for the tendency of vehicles to accelerate or decelerate [31]. ¢3 in
the anticipation term is the backward propagation speed of the perturba-
tion or a rearward velocity constant. It corresponds to a driver’s response
to changes in traffic conditions. Thus, all the changes in upstream traffic
propagate with a constant velocity in all traffic conditions. In other words,
perturbation in traffic flow is instigated according to it. Combining Eq.
(2.5) and Eq. (2.6) forms a second-order model with two-state-equations.
It is widely known as the Payne and Whitham (PW) model [45, 46] which
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is given as

op(z,t)  Op(w,t)-v(x,t)
ot Or _ZQ(xat)_eq(x7t)a

ov(z,t) ov(z,t) 2 op(z,t) 1
(2.7)

Based on the constant anticipation rate, this model assumes that all the
vehicles have uniform behavior [46].

The second-order PW model was criticized by [39] by highlighting the
imperfections of the PW model that include the violation of anisotropic
traffic property, and the onset of vehicles’ negative speeds. Commonly,
frontal traffic dynamics influence vehicles while being practically insensi-
tive to what happens behind them. It was noted that some information
generated by the motion of the vehicles travels faster than the vehicles
themselves (faster-than-traffic waves). Hence it affects the frontal traffic
dynamics. However, in the literature, a notion has been created that the
information from the characteristic speed from behind cannot reach vehi-
cles from behind thus affecting their dynamics.

[47] noted a while after Daganzo’s criticism that in multi-lane traffic
flow, lane speeds differ which allows some vehicles to travel faster than the
average speed. Later, the PW model was improved by [48| distinguish-
ing the density such that changes in traffic occur below or at the average
speed. However, this can only result in realistic acceleration when the den-
sity is low [49], and otherwise, the acceleration is unrealistic. [50] argued
that the faster-than-traffic waves do not necessarily violate the anisotropic
property. Typical velocity faster than the average vehicle velocity could
be shown to exist, with followers accelerating (or decelerating) before their
leaders. This does not entail a violation of anisotropy, and it cannot be
regarded as a theoretical inconsistency. Through theoretical analyses and
numerical tests, they showed that these faster-than-traffic waves (char-
acteristic velocity) could not be artifacts of the derivation of continuum
models from microscopic relationships because they are also observable in
the underlying car following relationships.

[51] criticized the numerical example given by [50], concluded that it
could be unrealistic in real-world traffic. It has been suggested that a line
of vehicles can be triggered to accelerate beginning from back to front.
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Furthermore, it is shown that the faster-than-traffic waves could result in
convexities in the flow-density diagram. It means the information carried
by faster-than-traffic characteristics could reach vehicles from behind and
affect their dynamics. Practically, the driver’s presumption of frontal con-
ditions in the PW model and its extensions are based on spatial changes
in density. However, [52| successfully solved this problem by proposing an
anisotropic second-order model, which is called on as JQZ in what follows
on. It looks at how drivers predict what will happen ahead of them by
considering how closely packed the vehicles are and how the speed changes
as they move. It is given as

Op(z,t) N Op(x,t) - v(z,t)

=1i4(z,t) — eq(x, 1),

ot Oz
o o (2.8)
WD 1 (ol 1) — )22 = (v (o 1)) (e 1).

This model successfully addressed the issue of anisotropy in the second-
order models. However, it relies on drivers making predictions using a
fixed value, which isn’t very practical in real-world situations.

The adverse impacts of faster-than-traffic waves were also discussed
by [53]. The performance of MCTFMs (second-order) may not be overall
significant both from a theoretical and practical perspective. However, the
shortcomings are comprehended in the recent extensions of the second-
order models. Recently, a second-order model based on variable rearward
velocity was proposed by [5]. It is the extension of [52], meaning that
the model is anisotropic as well as driver presumptions are not constant
as in earlier models. The second-order models are classified further into
two distinct groups. Discrete traffic models consider space and time as
discrete variables. They are obtained by discretizing in space and time
the continuous macroscopic traffic models. Whereas continuous models
assume continuous variables in space and time, and the system dynamics
are represented by partial differential equations [54].

Furthermore, the second-order continuous models are revised by incor-
porating traffic physics, road and environment, and explicit driver behav-
ior. These advancements offer the opportunity to delve into unexplored
insights concerning traffic dynamics and to enact novel control strategies
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within the era of ITS. Adverse weather effects are modeled by [55]. They
have employed weather-based FD by incorporating weather information,
however, this model is a discrete model with global non-physical parame-
ters. Considering driving behavior in mountainous regions, [56] proposed
a continuum model that considers the tail light effect of the frontal vehicle
to minimize the driving challenge. Lately, the PW model is improved by
[17] by incorporating driver behavior over transitions in traffic. This model
is the most recent extension of the continuum models.

Besides, some developments are [57, 58, 59|, however, all of these mod-
els are based on HDVs, and do not account for the properties of CAVs.
Presently, technologies such as automated driving and wireless communi-
cation are vital for the development and deployment of CAVs. They are
aimed to improve traffic efficiency and safety [60, 61]. Thus, the second-
order models can be revised by incorporating the properties of CAVs for a
more realistic characterization of mixed traffic.

2.2.1 Refinements concerning CAVs in the framework of
second-order traffic models

Lately, there have been a few advancements that consider V2V com-
munication, Adaptive Cruise Control (ACC), and Cooperative Adaptive
Cruise Control (CACC) [62, 63, 64, 65]. Concerning CACC, it has been
investigated that at 100% PR, CACC reduced traffic congestion by improv-
ing highway capacity and throughput, and controlled traffic flow instabil-
ities to a significant extent as compared to ACC. However, the literature
following this approach is focused on homogeneous traffic, assuming a 100%
PR, while there are some attempts that consider varying PR of ACC and
CACC systems |65, 66]. With respect to the stabilization of traffic flow,
results confirm that if only around 30%-40% vehicles are equipped with
CACC, they enhanced the stabilization of traffic flow. These investigations
laid the foundation for conducting research on the characteristics of mixed
traffic flow and examining how they influence conventional traffic flow.

Based on Gas Kinetic Traffic (GKT) model, [67] proposed a second-
order traffic flow model, which incorporates the ACC/CACC approach
with a twofold aim. First, developing a numerical simulation tool based
on a multi-lane GK'T model, and second, testing its behavior under realistic
traffic conditions. But, since the drawbacks of the GK'T model are known,
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this model is only applicable to regions with low density. Its applicability
in high-density regions can result in unrealistic traffic flow behavior [68].
There is a scarcity of existing literature concerning the adaptation of this
model for CAVs. Besides, some studies are carried out to revise the first-
order models by considering the lane-changing behavior in the presence of
Automated Vehicles (AVs). One extension of the first-order model which
incorporates the lane-changing behavior was proposed by [69]. This model
differs from the state-of-the-art first-order LWR model with the addition
of a source term that defines the rate of a lane change in flow. However,
this model is only applicable to homogeneous flow as the driver behavior
and transition dynamics are ignored.

Further, [70] proposed a macroscopic model for mixed traffic. A FD
based on hysteresis phenomena is proposed to improve the well-known
Cell Transmission Model (CTM) which is modified to capture the impacts
of mixed traffic. However, this model is of first-order which is not the
scope of this dissertation, further, this model does not explicitly consider
the driver/vehicles interactions. The spatio-temporal characteristics of the
mixed traffic are ignored which is the shortcoming of this model. Besides,
considering other frameworks, the spatial characteristics of mixed traffic
such as headway are studied by |71]. They have modeled the headway of
vehicles in mixed traffic subjected to PR of CAVs. It is explicitly con-
cluded that with the deployment of CAVs headway changes, this study is
supported by microscopic simulations. A study on the impacts of CAVs and
other AVs on mixed flow characteristics and emissions subjected to micro-
scopic simulations in VISSIM is conducted by [72|. It has been concluded
that 100% of CAVs greatly improve the freeway capacity as compared to
other AVs.

The existing literature has successfully laid the foundation for inves-
tigating and comprehending the interactions among vehicles within het-
erogeneous traffic conditions. Nevertheless, there exist areas of research
that require attention from a broader perspective. Specifically, the inter-
actions between vehicles in mixed traffic scenarios and their consequential
effects on traffic flow throughput, road capacity, and freeway performance
are subjects that demand consideration. It is imperative to develop accu-
rate models that can effectively capture the dynamics of mixed traffic. To
address these issues, this dissertation introduces novel second-order traffic
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models. These models offer a valuable tool for characterizing mixed traffic
flow, enhancing our comprehension of the aforementioned research gaps.

2.2.2 Practical applications of the second-order traffic flow
models in control

In the MPC framework, as explained in Section 2.1.4, the prediction
model plays a pivotal role. The second-order models are substantially effi-
cient in reproducing real-world traffic phenomena and are computationally
fast. In this dissertation, we focus on the practical applications of second-
order continuous traffic low models in control in the MPC framework with
application to motorway traffic.

The design of motorways should be convenient for the users and should
be comfortable and safe while ensuring the efficient movement of vehicles
[73]. Traffic congestion is a challenging problem, and it is observed more
often on motorways during peak hours. To tackle traffic congestion, various
effective control techniques are proposed. One of the conventional control
techniques is the implementation of VSL. It helps in the dissolution and
reduction of traffic congestion. The second-order continuous models are
rarely used in control in the MPC framework, while the discrete models
are employed more often.

The control strategies are broadly classified as system and vehicle level
control. The former regards traffic control on a macroscopic level since
the traffic is regulated by treating all the vehicles together. The system
level control is further classified as ramp and mainstream control. In ramp
control the flow is intelligently managed by controlling ingress vehicles to
the mainstream [74]|. In mainstream control, there have been reported a
number of methods such as implementing traffic diversions, it is also called
routing of the traffic Routing. Another method is VSL where different
road segments are controlled by implementing restrictions on posted speed
[73], this approach is justified mainly for motorways. While at the vehicle
level, V2V and V2I technologies for control purposes are employed. It is
generally done on a microscopic level [75, 76].

In challenging scenarios characterized by heavy traffic congestion and
bottlenecked road segments, the implementation of VSL control aims to
preserve the reliability of speed regulations. This objective is pursued to
ensure that speed limits continue to serve their primary purpose of up-
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holding road safety while optimizing traffic flow to its maximum capacity.
The VSL system adapts the designated speed limits in response to real-
time traffic conditions [77]. Categorically, two overarching methodologies
for VSL implementation can be identified: the reactive and proactive ap-
proaches. The reactive approach involves the application of straightfor-
ward speed regulations in response to the detection of abnormal traffic
conditions in real time. Conversely, the proactive VSL approach rep-
resents a more advanced strategy compared to its reactive counterpart.
This approach leverages optimization techniques and computations that
are founded on anticipated traffic states, thereby enabling a more sophis-
ticated and pre-emptive adjustment of speed limits. The predicted states
are calculated by a prediction model that looks into the future states of
the traffic, preventing an abnormal traffic behavior such as severe traffic
breakdown from happening [78, 79].

The VSL has been implemented in many studies [80, 81]. A VSL traffic
control strategy was proposed by [82] employing kinematic wave theory.
This scheme is aimed to enhance the throughput of traffic bottlenecks
by proposing simple regulations, this scheme is designed only for solving
moving jams [83]. A new model was proposed by [84] for VSL control of
traffic. This study explicitly considers FD of traffic influenced by variable
speed limit for a particular road segment. Macroscopic modeling of VSL on
freeways is presented by [85]. This study employs the METANET model,
however, METANET is a discrete model, and this model is not based on
traffic physics. Conversely, literature reports various studies employing
discrete models in implementing VSL, but the continuous models which
are based on traffic physics, and are more efficient than discrete models
are not employed in the design of VSL.

Furthermore, in the MPC framework, a few studies employing the dis-
crete macroscopic models are presented [86]. An integrated approach to
freeway traffic network control is presented by [87]. Based on optimal
control variables they propose the MPC method. The control variables
are obtained from numerical optimization. The findings suggest a signifi-
cant reduction in traffic congestion, but this study is related to a discrete
second-order traffic model. The MPC approach has proved significant in
many studies and can bring a plausible reduction in congestion. [88] in-
vestigated the optimal perimeter control for two-region urban cities. The
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comparative analysis demonstrates that MPC is a better control approach
in available approaches in the literature. However, this study considers
homogeneous regions, thus, it can be extended to investigate heteroge-
neous regions. The MPC approach can be extended to freeways. Alter-
natively, models incorporating traffic physics should be employed in the
MPC framework, exercising continuous models brings the opportunity to
employ a number of control inputs, thus replacing the conventional VSL
method.

Furthermore, with the advent of CAVs, the dynamics of traffic will
alter, and so will the control approaches. To completely enhance the mo-
torway performance such as to mitigate traffic congestion, a more complex
control algorithm between the two, that includes optimized VSL decision-
making is needed. At the system level, the accuracy of the macroscopic
prediction model is significant because it describes the evolution of traffic
flow [89]. The second-order continuous models incorporating traffic physics
provide opportunity to control traffic by choosing alternative control in-
puts to VSL such as reaction time, time headway, and distance headway in
the case of CAVs. The macroscopic state prediction is useful for real-time
predictions and control applications.

2.3 Concluding Remarks and Direction for the Next
Chapter

The fundamental concepts of traffic flow, the state of the art and ba-
sic definitions of the terminologies used in this dissertation have been re-
viewed in this chapter. A multifaceted compilation of the literature, one
of which includes a thorough explanation of traffic models while simulta-
neously pointing out research gaps in the era of CAVs. The other facet is
focused on the control of traffic in the MPC framework. This aspect also
reveals persistent gaps in the range of applications for CAVs.

In this dissertation, the second-order continuous models and their use in
control are methodically and thoroughly explored. Our strategy involves
a methodical process that analyzes the details of the topic. However,
the validity of second-order continuous models is still widely debated, as
shown by a detailed review of the literature. As a primary concern, it
becomes necessary to carefully examine the accuracy of these models. This
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examination is of utmost importance in order to enable the wide scope of
this dissertation, the improvement of second-order continuous models to
fit the context of CAVs, and their eventual incorporation into the traffic
management framework.

Thus, next, we present an appraisal of the second-order continuous
models. We delve deeper into the insights and properties of these models.
We investigate the role of the parameters of the second-order continuous
models and identify how they can be improved to incorporate CAVs. The
importance of the models’ parameters on the output has been analyzed by
employing sensitivity analysis and the validity of these models is investi-
gated with numerical simulation compared with microscopic simulation.







Chapter

Appraisal of the Second-Order
Continuum Traffic Flow
Model Employing Sensitivity
Analysis and Numerical
Simulation

3.1 Abstract

The Macroscopic Continuum Traffic Models (MCTFMs), explicitly the
Second Order Traffic Flow Models (SOTFMs) are substantially known
for traffic flow characterization because of their plausible simplicity, low
computational efficiency, and explicit replication of non-equilibrium traf-
fic phenomena. Categorically, the SOTFMs are presented in two distinct
groups namely Density Gradient Models (DGMs), and Speed Gradient
Models (SGMs) also known as anisotropic traffic flow models. Their math-
ematical properties are extensively studied, but investigations into their
practicality are limited. Thus, in this chapter, the performance of a set
of SOTFMs is qualitatively and quantitatively evaluated against reference
data (ground-truth) collected in a microscopic simulator representing non-
identical traffic conditions.
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The evaluation is complemented with a sensitivity analysis of these
systems which is employed to highlight the versatility of model parame-
ters qualitatively and quantitatively. Results show that the SOTFMs are
powerful tools to reproduce real-world traffic phenomena. As evident from
the results, these systems have a lower average error when compared with
the ground-truth, and the spatiotemporal pattern formation and evolution
conform to that of the ground-truth. Furthermore, it is noted that the av-
erage system output is dominated by the relaxation term, but the stability
of the system around the average output is affirmed by the anticipation
term. A far-reaching analysis on the versatility, consistency, expandability
and accuracy of a set of SOTFMs are presented distinctively.

3.2 Introduction

Traffic flow forecasting is a crucial process for effective planning, man-
agement and control of traffic movement along highway corridors. It en-
ables transportation agencies to proactively plan and implement strategies
to alleviate congestion, improve traffic flow, and reduce fuel/energy con-
sumption. Moreover, real-time traffic flow forecasting enables travellers to
make informed decisions about their travel plans, such as choosing alter-
nate routes or modes of transportation, and can help emergency responders
to plan for and respond to incidents more quickly and effectively. There-
fore, gaining a comprehensive understanding and accurate description of
traffic flow dynamics holds immense importance [90].

Several MCTFMs are proposed in the literature for traffic flow forecast-
ing, among those, Second Order Traffic Systems (SOTFMs) are considered
the most prominent since they can capture more complex traffic behaviors
compared to First Order Traffic Flow Models (FOTFMs) [31, 91], such as
traffic jams and shockwaves. These models take into account not only the
current traffic volume and speed but also the rate of change of these vari-
ables over time. They are based on the assumption that drivers adjust their
speed based on the traffic flow around them and the road conditions, lead-
ing to a nonlinear relationship between traffic density and traffic speed.
They are particularly useful for predicting traffic conditions on highway
corridors. Moreover, they offer the advantage of requiring fewer calibra-
tion efforts in comparison to other traffic systems, such as microscopic
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systems, which are computationally complex and possess calibration is-
sues. It should be noted that SOTFMs are computationally faster than
microscopic models [47, 92]. Conversely, it is noteworthy that the majority
of SOTFMs lack a robust theoretical foundation, and due to the infrequent
validation against real data, their practical utility, consistency and expand-
ability remains less understood. Moreover, the literature pertaining to the
assessment of SOTFMs is notably limited.

Lately, [53| presented a comprehensive survey covering broad aspects
of most of the traffic systems already proposed in the literature. Among
those, the SOTFMs are represented by the [52] (JQZ model). This model
assumes that drivers adjust their speed based on the traffic flow and the
road conditions and, due to its mathematical structure, can replicate com-
plex traffic phenomena (e.g., traffic bottlenecks and speed drop) while pre-
serving the anisotropic property of traffic. Furthermore, the model has less
calibration error and the overall performance of the model is better than
other models presented [5].

Notwithstanding, the assessment of the SOTFMs based on a solitary
model is insufficient. Indeed, the JQZ model has been subject to criticism
in the literature for its backward propagation speed of perturbation, which
is based on a constant value [93, 5|. Additionally, the acceleration equa-
tion of the JQZ model can become decoupled from the continuity equation
when relaxation times are larger, further diminishing its reliability. Fur-
ther, the macroscopic models are extremely sensitive to initial conditions
in saturated traffic conditions [94], thus it is vital to asses various traffic
scenarios for to evaluate their consistency to reproduce traffic phenomena
effectively, flexibility to accept heterogeneity (driver behavior), and ex-
pandability to different traffic conditions [95].

In light of the preceding rationale, this paper presents an extended
evaluative study on SOTFMs, with particular emphasis on a distinctive
ensemble of continuous SOTFMs renowned for their simplicity, rapid com-
putational efficiency, ability to address negative-way travel, capacity to
replicate traffic phenomena, and incorporation of traffic physics. Specifi-
cally, the paper undertakes a qualitative and quantitative analysis of the
performance of SOTFMs, with the main objectives being to:

1. define the overarching characteristics of SOTFM, to elucidate the
spatiotemporal evolution of traffic flow under distinct traffic con-
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ditions. Specifically, the performance of the SOTFM is evaluated
through a comparative analysis with external reference scenarios.
The study is conducted on two non-identical traffic scenarios. It
is noteworthy that the reference scenarios are designed to simulate
sufficiently complex traffic conditions, without imposing excessive ef-
fects on the simulation, thereby avoiding oversimplification.

2. enhance understanding of model parameters and aiming to reducing
further the computational complexity. This is obtained by perform-
ing a sensitivity analysis, which has revealed how the parameters of
the different models most significantly affect their outputs. Sensi-
tivity analysis has consequently allowed us to reduce the number of
model parameters subjected to calibration.

3. improve comprehension of model parameters and related effects. To
achieve this aim, a sensitivity analysis is conducted. The sensitivity
analysis enables the identification of the model parameters that exert
the most significant influence on the outputs of the various considered
SOTFMs. As a result, the number of model parameters requiring
calibration is reduced.

4. augment the comparative analysis standpoint, given the prevailing
belief that SOTFMs are promising models for forecasting traffic state,
it is crucial to quantify the extent to which they can accurately repli-
cate observed traffic in a reference scenario.

3.3 Background and State of the art: Overview of
the Second Order Traffic Flow Models

Macroscopic models describe traffic flow at an aggregate level by lever-
aging flow, density, and speed as variables to represent the behavior of
groups of vehicles. These models are equated with the flow of fluid par-
ticles, for which suitable equilibrium or conservation laws can be written.
For this reason, macroscopic models are often called hydrodynamic models
[49, 47, 96].

Macroscopic models are computationally less demanding than meso-
scopic and microscopic models, and the computational effort does not in-
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crease with increasing traffic densities (does not depend on the number of
vehicles in the network). For these reasons, they are suitable for short-term
forecasting in the context of network-wide coordinated traffic management.
For example, they can be used in the development of dynamic traffic man-
agement and control systems or to estimate and predict average traffic flow
operations.

Macroscopic models are classified on the basis of state equations as
FOTFMs (or velocity-based, with one state equation) and SOTFM (or
acceleration-based, with two state equations) [31, 32]. The first effort in
macroscopic modeling of traffic was taken by Lighthill and Whitham in
1955 and, a year later, by Richards (1956) with the so-called LWR model
[34, 35]. It describes the relationship between traffic density and speed
and is based on the principle of conservation of vehicles. The model is a
first order Partial Differential Equation (PDE) consisting of a continuity
equation that relates the rate of change of traffic density to the difference
between the inflow and outflow rates, and a velocity-density relationship
that describes the relationship between traffic velocity and density. The
model is mathematically expressed as follows:

pt + p(ve(p))x =0, (3.1)

where subscripts ¢ and x indicate temporal and spatial partial derivatives;
p is traffic density; and v.(p) is the closure relation (i.e. the speed-density
relationship in equilibrium conditions). This latter is the relation between
velocity and density at the equilibrium and is given by

ve(p) = vy X (1 - L), (3.2)
Pm
where vy is the free-flow speed and p,, is the jam density.

First Order Traffic Flow Model (FOTFM) such as the LWR (see Eq.
3.1) are appreciated for their simplicity, but can be suitable only if one
contemplate about the size and the end of a queue, i.e. the time-space
trajectory of a shock [97]. Indeed, they are based on the restrictive as-
sumption that vehicles adjust their speeds instantaneously to the value
given by the closure relation based on actual density. This leads to the
following issues: i) the speed reacts instantaneously to any variation of
traffic density without any delay [37]; i7) start & stop and hysteresis phe-
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nomena are not captured; i) is unable to describe non-equilibrium traffic
phenomena [42]|. For all these reasons, the LWR model is only capable of
characterizing small changes in a traffic flow that occur instantaneously
such that conditions on an idealized long road section [39, 40, 41, 37|.

To overcome the shortcomings of the LWR model, Payne and Whitham
added a momentum equation to the existing FOTFMs. This newly pro-
posed equation is composed of the acceleration, convection, anticipation,
and relaxation terms [44, 43|, and is given as

c2 1
v + vug + ;Opx = ;(ve(p) — v), (3.3)

2
. . . . C .
where v; is the acceleration term, vv, is the convection term,?opm is the

anticipation term, and 1 (ve(p) — v) is the relaxation term. The convection
term depicts changes in the traffic speed due to the inflow and outflow of
vehicles with different speeds. The relaxation term defines the tendency
of each vehicle to travel at the density-dependent equilibrium speed of the
link. Herein, v.(p) is the closure relation between velocity and density, v
is the average velocity, and 7 > 0 is the relaxation time for vehicles to
adjust their velocity according to the equilibrium velocity. Finally, the
anticipation term describes the reaction of drivers to downstream traffic
conditions; in other words, this term accounts for the tendency of vehicles
to accelerate or decelerate [31]. Herein, ¢y represents the backward prop-
agation speed of a perturbation, that can be assumed as constant.

Combining Eq. 3.1 and Eq. 3.3, the Payne [45] and Whitham [46]
(PW) SOTFM model is be obtained:

pi + p(ve(p)), =0,
c2 1 (3.4)
vy + vug + gopx = ;(ve(p) —v).

Based on the constant anticipation rate, this model assumes that all the
vehicles have uniform behavior [46]. The structure of the PW model is
elaborated in Table 1, and the developments till the PW model are given
in Figure 3.1.

Later, Daganzo [39] highlighted some shortcomings of the PW model
which include the possible onset of negative speeds of the vehicles as well
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Figure 3.1. Schematic representation of the evolution of various traffic sys-
tems till the development of PW model.

as the violation of the so-called anisotropy principle. That is, a vehicle
should be influenced only by the traffic dynamics ahead of it, being prac-
tically insensitive to what happens behind. Indeed, they stated that some
information generated by the motion of the vehicles travels faster than the
vehicles themselves (faster-than-traffic waves), hence affecting the forward
traffic dynamics. However, in the literature, a notion has been created that
the information from the characteristic speed from behind cannot reach ve-
hicles from behind thus affecting their dynamics.

Since Daganzo’s severe criticism, the SOTFM started to expand. For
instance, Aw and Rascle [48] improved the PW model by characterizing
density such that changes occur at or below the average speed. However,
this can result in unrealistic acceleration when the density is high [35].
[50] argued that the faster-than-traffic waves do not necessarily violate the
anisotropic property. Thus, they associated the waves with the group ve-
locity such that the velocity at which the overall shape of the traffic waves
travels. Through theoretical analysis and numerical tests, they showed
that these waves could not be artifacts of the derivation of continuum
models from microscopic relationships because they are also observable
in the underlying car-following relationships. [51| countered that the nu-
merical example given by Helbing and Johansson could be unrealistic in
real-world traffic because it suggests that a line of vehicles can be triggered
to accelerate from back to front. Furthermore, the authors showed that
faster than traffic waves could result in convexities in the flow density di-
agram, meaning information carried by faster than traffic characteristics
could reach vehicles from behind and affect their dynamics. Again, [53]
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suggested that the adverse effects of faster-than-traffic waves on the per-
formance of continuum models may not be generally significant from both
a theoretical and a practical perspective. However, the shortcomings are
comprehended in the recent extensions of the SOTFMs which are elabo-
rated on next.

3.4 Contemporary Argumentation

This paper aims to consider models from different classes of SOTFMs,
and to evaluate their properties for different traffic mechanisms such as
spatiotemporal pattern formation. To avoid too complex mathematical
formulations and extensive calibration difficulties, the simplest SOTFMs
are selected among the available ones presented in the literature. This
selection has been done through an extensive review of the traffic systems,
and considering the best output of the traffic systems available in the
literature. A criterion for the selection of SOTFMs is to cover the depth of
information provided by the model along with the breadth of theoretical
knowledge related to the systems, which is also the uniqueness of this
study.

To begin with, it is worth noting that SOTFMs can be divided into
Density Gradient Model (DGM) and Speed Gradient Model (SGM) to
tackle faster-than-traffic wave problems. Note that the original PW model
is a DGM that considers the driver presumption of forward conditions
based on density and spatial changes in density, while the SGM considers
the driver presumption of forward conditions based on density and spatial
changes in velocity [5]. A schematic representation of traffic systems is
presented in Figure 3.2.

The PW model is based on the assumption that cg is a constant, which
produces unrealistic behaviors since the driver presumption to forward
conditions is always non-uniform. This unrealistic behavior is related to the
anticipation term of the model, which is improved in the recently developed
extension proposed by [98] and [99]. In literature, developments in DGM
are also known as PW-type or extended PW-type models. [98] proposed a
new anticipation term that characterizes traffic flow based on the lateral
distance b and time headway 7. This model, called in what follows IK
model, can characterize homogeneous and non-homogeneous flows, and is
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Figure 3.2. Schematic diagram of the second order traffic models as expended
from PW model.

given as

pe + p(ve(p)), = 0,

1 (3.5)

Ut + Uz + Thbpe = . (?}e(p) — v).
The second extension of the PW model that has been considered is the

model proposed by [99]. In this study, a new anticipation term is proposed

based on alignment with the conditions ahead as a function of the difference

in velocity and characterizes the changes in flow smoothly with the traffic

conditions ahead. The model, called Khan and Gulliver (KG), is given as

Pt + P(Ue(P))x =0,

v2 — 2 1 (3.6)
vt + VU + n;dTPx = ;(Ue(P) - “)a

where dt, is the transition distance [99] and vy is the maximum legal speed
allowable on the road stretch.

Regarding SGM, linked to the Jiang, Qing and Zhu (JQZ) model devel-
oped by Jiang [52|, which addressed the problem of traffic flow anisotropy.
This approach is well aligned with the criticism of Daganzo on the isotropic
behavior of the PW model. Other recent advances in this class were pro-
posed by [5, 93]. The SOTFM proposed by [52] is given as

pi+p(ve(p)), =0,

3.7
vt + (v —€o)vg = %(ve(p)—v). (3.7)

In Eq.3.7 the anticipation term (cov,) is different from that in Eq.3.5 and
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Eq.3.6 since the presumptions to forward conditions are based on spatial
changes in velocity; in doing so, this model successfully responded to the
criticism of Daganzo and satisfies the anisotropy property of the traffic flow.
However, this model has been criticized for the constant rearward velocity
propagation and has been extended by [93]. The Song and Karni (SK)
model is based on a variable relation for rearward velocity propagation,
which is given as

pi+ p(ve(p)), =0,
v + (v — S(Tp))vx = l(ve(p) — U),

T

(3.8)

where s(p) is the macroscopic relation between spacing and density, defined
as

s(p) = g(p) + L, (3.9)

where g(p) is the minimal safe distance as a function of density p and L. is
the average length of vehicles. The former term is defined as g(p) = Szin

Pmaz

where pyq, 18 the maximum density when the traffic comes to a standstill,
and S, 18 the minimal safe distance between vehicles. The structure of
all the above systems is given in Table 3.2.

The SOTFMs and their related terms are summarized in Table 3.2.
The latter highlights that the only difference between all models is the
anticipation term. Indeed, since the anticipation term characterizes the
rearward traffic velocity as this is the response of a driver to conditions
ahead, it can be devised in a number of ways. It is worth noting that
the focus of this work is not the development of a new model, but the
development of an evaluation process for SOTFMs such that those dis-
cussed above, and their practical utility. Traffic systems discussed in this
section are the simplest representations of SOTFMs with maximum out-
put capabilities and are seldom validated. Considering the most recent
developments and analyzing these developments for most common traffic
phenomena such as rarefaction and shock wave propagation, this could be
a potential benchmarking study for field applications of these traffic sys-
tems.
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3.5 Evaluation Methodology

This section introduces the framework for evaluating the SOTFMs,
which resemble the benchmarking analysis procedure proposed in [53].

First, a set of benchmarking criteria is designed with the aim to ex-
amine the capability of the models to reflect real-world traffic phenomena
and analyze their operational performance. Then, ground-truth data and
simulation scenarios are selected to ensure that the benchmarking analysis
outcomes are reliable. Finally, the computational framework is introduced,
including the numerical schemes for the solution of the models and the op-
timization algorithms for calibrating the models.

The evaluation framework employed in this paper is schematized in
Figure 3.3.

Latin Hypercube Sampling

Initial conditions Reference

N . relativeto the Scenario data
analysed Scenario p,v.q)

Macroscopic
Input Simulation
parameters Model
Under Evaluation
Parameters Model
Importance performance

Assessment evaluation

Figure 3.3. The evaluation process for SOTFMs as in the integrated frame-
work.

3.5.1 Benchmarking criteria

The benchmarking criteria employed in this study is based on some
essential aspects of traffic flow behavior that an ideal model should reflect.
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More specifically, we consider two different aspects, i.e., the complex em-
pirical phenomena and implementation considerations. The former bench-
marking criterion concerns the capability of SOTFMs to describe complex
phenomena, thus we examine how well each model can reproduce the flow
behavior in the presence of significant and abrupt perturbations (gener-
ation and propagation of traffic oscillation). To exhaustively investigate
this questions, the underlying mechanism used by each model to repli-
cate these phenomena is considered. The latter benchmarking criterion,
instead, concerns implementation considerations of the models. For in-
stance, the robustness of each model under different traffic conditions and
the parsimony of models in terms of the number of parameters.

3.5.2 ground-truth Data

A macroscopic traffic model is an abstraction of real traffic conditions,
so it is necessary to verify that the model correctly reflects real traffic con-
ditions to obtain accurate predictions. This step involves the exploitation
of ground-truth traffic data, which can be derived from real (for instance
through the use of traffic sensors) or synthetic data. In this work, to assess
both the qualitative and quantitative performance of SOTFMs reported in
Table 3.2, we exploit synthetic ground-truth data in SUMO.

3.5.2.1 Study Area

The study area is a single-lane circular road corridor with a length
of 20,000 m and a maximum speed of 30 m/s. The longitudinal slopes
are assumed to be negligible, meaning that the traffic conditions are not
affected by changes in the elevation. Furthermore, no on/off-ramps are
taken into account in this analysis. As a result, the study area can be
regarded as a homogeneous section. It is worth noting that the circular
layout of the corridor is particularly well suited for assessing the behavior
of traffic flow in the presence of significant and abrupt perturbations [49].

Within SUMO, the study area is modeled as composed of 31 edges
with different lengths to avoid any kind of speed breakdown due to sharp
variations in the geometry of the road. Traffic state is recorded every
120 seconds from 31 loop detectors inside the area, one on each segment
that makes up the network. The cross-sectional observations are used to
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reconstruct spatiotemporal traffic states.

3.5.2.2 Traffic Scenarios

To evaluate the performance of the SOTFMs two traffic scenarios are
designed. More in detail, in order to achieve the benchmarking criteria
introduced in 3.5.1, it is essential to cover a wide range of traffic conditions,
including phenomena such as shock waves and traffic oscillations. For this
reason, we have considered two non-identical traffic conditions, as shown
in Figure 3.4. These conditions are the initial density conditions across the
whole circular road network, i.e. the conditions at the starting point ¢t =0
of the simulation. Given the initial traffic conditions, SUMO is then used
to model the evolution of traffic patterns over time and space horizon. The
total simulation time is 1800 s (30 minutes) to keep the uniqueness in all
kinds of traffic simulations performed in the study.

The first traffic scenario (scenario I) is depicted in Figure 3.4 (a). The
initial density distribution defines a traffic condition where light traffic from
behind approaches a relatively denser region. The initial density distribu-
tion for the second scenario (scenario II) is shown in Figure 3.4 (b). These
initial conditions present dense traffic conditions in the downstream sec-
tions, in which light traffic is approaching a denser region between 12,000
m to 14,000 m and 14,000 m to 16,000 m. This case presents more vari-
ations in the traffic conditions compared to scenario I, sharp variations of
traffic conditions are useful to analyze the ability of SOTFMs to reproduce
non-equilibrium traffic phenomena.

Regarding the traffic flow composition, here we assume that it is ho-
mogeneous. To be precise, the vehicle fleet consists of road vehicles with
a length of 7 m, a maximum speed of 30 m/s a maximum acceleration of
3.5m/ s?, and a maximum deceleration of 2.2 m/ s?. The longitudinal mo-
tion of the vehicles is guided by the Krauss car-following model [100, 101],
whose parameters are: the driver’s desired minimum time headway 75, = 1
s, the minimum gap g = 2.5 m and the driver imperfection n = 0.5. All
the microscopic parameters are summarised in Table 3.3. Moreover, to
avoid the vehicles all assuming the same behavior, the desired speed is
assumed to follow a truncated normal distribution with mean 1 (i.e., the
maximum between the speed limit and the maximum speed of the vehicle),
standard deviation 0.1, lower cut-off 0.2 and upper cut-off 2. This implies
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that ~95% of the vehicles drive between 80% and 120% of the legal speed
limit.
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Figure 3.4. Initial density distributions over the 20,000 m circular road
network: (a) Scenario I; (b) Scenario II.

3.5.3 Numerical Methods

The SOTFMs are sets of PDEs, demanding the numerical solution of
these systems for the purpose of conducting simulations. In the literature,
various numerical methods are proposed to numerically solve SOTFMs
[102]. The performance of these systems are dependent enough on the
choice of the numerical method used for the discretization [53]. However,
the selection of the proper numerical method depends also upon the type
of mathematical structure of a model. It is evident from the literature that
different classes of the SOTFMs would perform differently while employing
different numerical methods [103]. In this study, careful consideration has
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been given to the selection of the numerical decomposition method for the
SOTFMs.

The conservative form of a traffic flow model is essential to obtain
the solution and other important properties such as hyperbolicity and
anisotropy. A generic traffic system can be represented in the conservative
form as

wi + f(w)e = S(w), (3.10)

where w represents the vector of traffic flow variables (p and v), f(w)
denotes the functions of the data variables, and S(w) is the source terms’
vector [104, 102, 105|. The quasilinear form of the system in Eq. 3.10 is

wt + A(w)wy =0, (3.11)

where A(w) is the Jacobian matrix for the gradients of the functions of
variables.

To explain the functions of the data variable on a solution spatial and
temporal grid, M equidistant segments for a total length of z,; are con-
sidered. Consequently, the length of a segment is Az = x,,,/M, which is
the road spatial step. The time step is At = tx/N, being tx the total
time duration and N is the number of time steps. The terms w and f(w)
are approximated for the road segments (mz — %, z; + %), and the data
variables are obtained for each of the M segments for the time period
(tnytns1).

The PW, IK, and KG models are solved using the First Order Centered
(FORCE) scheme [14, 5] since they are DGM. The updated data variables
for PW, IK, and KG models using the FORCE scheme are obtained as

W = W - g ( - fﬁé) + ALS(WD). (3.12)

Instead, the models belonging to SGM family are solved using the
upwind scheme [52, 93, 106]. The exact solutions cannot be guaranteed
to the Riemann problem as these traffic systems are solved as a Riemann
problem [107]. This problem arises because the continuity and acceleration
equations are linked through the relaxation term, and the characteristic
speed is not dependent on density as reported by [53]. For this reason,
the speed gradient models are simulated using the scheme proposed by
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52, 106, 58]:

2 o), iful <0
ot = 4 R (eg — o) (0 — vl ) + G (v(p) — o). ifol >0
(3.13)
Apart from the numerical discretization, two significant aspects of
SOTFMs are hyperbolicity and anisotropy. A model is hyperbolic when
a perturbation (change in flow) propagates with a finite velocity, and the
effect of a perturbation decreases over time. A traffic model is said to be
strictly hyperbolic if the eigenvalues are real and distinct [98, 102]. Re-
garding the anisotropy, it requires that velocity changes are not greater
than the average [105, 108]. To determine if a model is hyperbolic and
anisotropic, the eigenvalues must be derived from the Jacobian matrix. To
construct the Jacobian matrix, the density and SGMs are considered in
the conservation form (details are given in Table 3.4). For illustration pur-
poses, the following is presented the conservation form of the JQZ model:

o (1) 0= ()50 (i )

(3.14)
Table 3.4 shows that the data variables of DGMs (PW, IK, and KG)
are the same. The functions of such variables change since the driver
anticipation term differs for all the models. However, the vector of the
source term remains unchanged for all models because the relaxation term
is the same as shown in Table 3.2. This vector is also responsible for
the linkage between continuity and acceleration equations, thus it plays a
crucial role in the qualitative analysis of these systems.
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Table 3.1. Payne Whitham (PW) model structural terms

Term Mathematical Rep- Description
resentation
Convection VU Characterizes the im-

pacts of vehicles on
ingress and egress

2
Anticipation %0 Pz Characterizes the
driver response to
forward conditions

Speed Constant co Backward speed of
wave propagation

Relaxation L (ve(p) — v) Tendency of vehicle to
achieve desired veloc-
ity

Relaxation Time T Time for the adjust-
ment of velocity

Closure relation ve(p) Equilibrium  velocity
distribution

Table 3.2. The SOTFM and their structural terms forming a system of
Partial Differential Equations (PDEs).

Term IK KG JQZ SK
Gradient Density Density Velocity Velocity
Convection VUg VU VU VU
Anticipation Thbps % Da CoUy @vx

Relaxation  L(ve(p) —v) L(ve(p) —v) L(ve(p) —v) L(ve(p) —v)
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Table 3.3. SUMO network characteristics and parameters.

Description Value Unit
Vehicle length 7 m
Maximum speed 30 m/s
Maximum  accelera- 3.5 m /s>
tion

Maximum  decelera- 2.2 m/ s2
tion

Minimum safe gap 2.5 m
Smin

Desired minimum 1 s
time headway

Driver imperfection n 0.5 I
Number of Detectors 31 (]
Aggregation time of 120 s

traffic data




Table 3.4. Conservation form of the Second Order Traffic Systems

g'g
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The eigenvalues are derived from the Jacobian matrix of the systems,
which for the specific case of the JQZ model is

A@):(S P ) (3.15)

v —Co
hence the corresponding eigenvalues are
)\1 :’U*C(),)\Q = . (316)

The Jacobian and corresponding eigenvalues of all the models (includ-
ing JQZ) are listed in Table 3.5. The Jacobian matrix differs for all the
models, resulting in different eigenvalues. If the eigenvalues are real and
distinct, the model is hyperbolic. The eigenvalues of all the traffic sys-
tems are real and distinct, so they are hyperbolic. This is an important
check for SOTFMs as it is a mandatory property. Anisotropy is not always
mandatory. If one of the eigenvalues is less than the average velocity while
the second eigenvalue is equal to the average velocity, the model exhibits
anisotropic behavior: alterations in traffic conditions occur at or below
the average velocity and are influenced by the rearward velocity. Traffic
state variations with the JQZ and SK models occur at or below the av-
erage velocity, so the anisotropic property is satisfied. Note that in free
flow conditions, traffic perturbations evolve according to As in the forward
direction while during congestion they evolve according to A; in the rear-
ward direction in the speed gradient model and vice versa for the density
gradient models.




Table 3.5. Jacobian matrix, eigenvalues, hyperbolicity, and anisotropy of the SOTFM.

Model Jacobian A(w) Eigen Values Hyperbolic Anisotropic
IK (—v20—|—76 22) M =0+ V71b Ao =v—7b v -
S R P R . - A
JQ7 <8 v—pc0> M=v—Cyp =0 v v
SK <8 v_ph(Tp)> Mo=v— M2y, =y v v

g'g

ADOTOAOHLAJN NOILVATVAH

67
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3.5.4 Setup for the Computational Procedure

The road network is introduced in Section 3.5.2.1, while the initial
traffic conditions are the illustrated in Figure 3.4. To compare the results
with the ground-truth data (SUMO), the traffic variables are recorded each
120 s, and detectors are assumed to be located in the same positions as
the ones in SUMO. The maximum density is set equal to 1, which is the
normalized relative maximum density of the road. As a reference curve in
the macroscopic traffic environment, the Greenshields equilibrium velocity
distribution is employed.

A crucial step for resolution consistency is to define the grid size and
the boundary conditions. We set the road spatial step as Az = 200 m and
the temporal step At = 1 s. To account for the circular road conditions,
periodic boundary conditions such as

p(La t) = p(oat)a

v(L,t) = v(0,1), (3:.17)

are employed. That is, traffic states at the first and last segments are
the same. The dominance of exercising circular road conditions is that
the perturbations remain in the road section and travel with traffic waves
that describe the model property to successfully absorb perturbations with
time. It is worth noting that before the start of experiments for all traffic
scenarios, the initial density distributions have been verified, and are well
aligned with the those observed in SUMO. All the parameters used for the
setup of a generic considered SOTFM are listed in Table 3.6.

3.5.5 Framework for Model Calibration

This section discusses the framework employed for calibrating the SOTFMs

on the ground-truth data. Calibration is a crucial task that allows a model
to fit a real system. From a practical point of view, this task consists in
finding the optimal set of values of the parameters that allow the model
itself to reproduce, in the best possible way, the behavior of a real system.
It is worth noting that the structural terms of the different SOTFMs are
listed in Table 3.1, while the set of parametric variables along with their
range of variation for each SOTFMs is reported in Table 3.7. It is worth
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Table 3.6. Initial parameters settings for the macroscopic simulations.

Description Value Unit
Maximum Speed 30 m/s
Maximum Normalized 1 [
Density

Closure Relation Greenshields m/s
Time Step At 1 S
Aggregation time of 120 S
traffic data

Road step Ax 200 m

noting that all the parameters are assumed to be uniformly distributed in
their specific range of variation.

The optimal set of values is the solution of a constrained minimization
problem in which the objective function expresses the deviation of the
simulated measurements from those observed:

mEin f(gdatav §model)7 (318)

subject to the following constraints

(1]

lE,j < Y < uz, 5 j = 1, ...,5 (3.19)

where f(&datas Emodel) 1S the objective function to be minimised used, being
&data and el the simulated and observed traffic data; =; is the vector of
the model parameters for the generic considered SOTFMs j (7 = 1,...,5);
lz; and ugz ; are model parameters upper and lower bounds, respectively.

In this case, the defining state variable used for the calibration is the
flow ¢, hence the objective function is

f(gdataa émodel) = [Qd(t) - Qd,m(t)]Q’ (320)

where g4(t) is the flow estimated by the SOTFMs and ¢q,,,(t) is the ground-
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truth flow.

The problem in Eq. (3.18) cannot be solved analytically, since it is a
simulation model. In this study, for the full-scale calibrate model, we fol-
low the approach proposed by [109] and [110], varying all the parameters
simultaneously to investigate the impact of variation in parameters on the
average output of the models. The different combinations of the SOTFMs
parameter are sampled via the Latin Hypercubic Sampling (LHS) [111],
and for each input combination, a simulation run is performed. In or-
der to cover as much as possible the entire possible space of values, 4000
samples are generated, which means 4000 combinations of the parameters
for each considered SOTFMs. For each combination of the parameters of
the generic SOTFMs j, we run the SOTFMs and then calculate a PI for
comparison purposes. To evaluate the global performance of the SOTFMs
for each set of values of the parameters, we compute as PI the Root Mean
Square Error (RMSE) of the flow ¢ over the whole time series:

by \/ L S a0~ ganlOF o)

Then, we chose as solution of the problem the set of values of the param-
eters that return the lowest PI.




Table 3.7. SOTFMs parameters, their admissible range of variations and calibrated values for Scenario I and

Scenario II.

Model PI (I/1I) Parameter ~ Admissible Range  Calibrated Value (I/II)  Unit
b 0.1-1 0.75 / 0.95 I
IK 0.078 / 0.10 on 28 - 32 30.72 / 30.78 m/s
T 5 —20 5.28 / 19.62 s
™ 120 17.23 / 13.87 s
T 07— 1.7 0.78 / 0.73 5
KG 0.083 / 0.10 vf 28 - 32 30.70 / 30.68 m/s
T 5 —20 5.12 / 19.42 S
St 1-5 3.15 / 4.42 m
c 5- 25 24.81 / 15.56 m/s
JQZ 0.091 / 0.125 vf 28 — 32 30.09 / 30.21 m/s
T 5—20 19.65 / 19.95 s
Smin 1-6 5.51 ] 4.51 m
SK 0.089 / 0.12 vf 28 — 32 30.09 / 30.27 m/s
T 5 —20 19.66 /19.48 S
Tr 0.7-1.7 0.78/0.99 s
Le 7-10 0.18 / 7.40 m

g'g

ADOTOAOHLAJN NOILVATVAH

€q
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3.5.6 Framework for Sensitivity Analysis

This section discusses the methodological framework employed for sen-
sitivity analysis, which aims to identify and analyze trends, patterns, and
insights of the considered SOTFMs. That is, to obtain a comprehensive
knowledge of the parameters of each model and their contribution to the
performance of each model. This is a crucial step for understanding the
behavior of any model’s output related to any change in parametric vari-
ables.

In order to perform a comprehensive and systematic investigation, the
SOTFMs are analyzed both qualitative and quantitative. The qualitative
analysis is assessed through scatter plots, which provide straightforward
and intuitive evidence of the relationship between the input factors (in this
case the parameters of SOTFMs) and the output (the PI in Eq. (3.21)).
The quantitative analysis involves two different tests to assess the impact of
SOTFMs parameters on the performance of the model itself. The first one
employ the Pearson correlation coefficient R to spot the (linear) correlation
between the parameters of SOTFMs and the output of the simulation (in
this case the PI). The second approach consists of a Global Sensitivity
Analysis (GSA).

3.5.7 Linear Correlation Analysis

The linear analysis investigates the linear dependence between two ran-
dom variables. As a measure of linear dependence between two random
variables, in this study we employ the Pearson correlation coefficient R
[112]: it is the ratio between the covariance of two variables and the prod-
uct of their standard deviations; thus, it is a normalized measurement
assuming always a value between —1 and 1. To evaluate the significance
of the results, i.e. for testing the hypothesis that there is no relation-
ship between the observed phenomena (null hypothesis), the p-values are
calculated: if p is smaller than the significance level (0.05), then the cor-
responding correlation in R is considered significant. Moreover, the lower
bound (R;) and upper bound (R,) for a 95% confidence interval for each
coefficient are used to analyze the limits of the values of the parameters
within the given dataset.

The linear analysis is widely employed because of its simplicity, ease
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of implementation and ease of interpretation of the results. Hence, it is
here used to have a first insight into the relationships between the pa-
rameters and the output variable (PI). However, this approach does have
some limitations: it is too simplistic to capture real-world complexity; lin-
ear regression makes strong assumptions that independent and dependent
variables are linearly related, which may not be the case; outliers can have
a large effect on the output; inability to determine parameter importance.

3.5.8 The PAWN Global Sensitivity Analysis

An efficient way to study the influence of SOTFMs parameters on the
PI is to perform a GSA: it considers the variation of each input factor (the
parameter of the SOTFMs in this case) within its space of variability to
identify the interaction with the output (PI). To determine the relative im-
pact of each input factor on the output variability, the sensitivity indexes
are computed. These indexes range from 0 to 1, with higher values indi-
cating greater influence and a value of zero indicating non-influence. The
identification of influential and non-influential parameters could enhance
and simplify the calibration process of SOTFMs since the inputs that do
not affect the model performance could be considered as fixed [113].

Different GSA methods exist in the technical literature [114]. Here we
employ the PAWN distribution-based sensitivity analysis method proposed
by [115]; the method has been widely applied in climate or atmospheric
sciences for assessing complex environmental models [116, 117], but re-
cently it has been employed also in the transportation filed for the safety
assessment of Automated Driving Systems [118]. The choice of this spe-
cific sensitivity method lies in its easy applicability to nonlinear models,
its independence from the type of output distributions (e.g. symmetric,
multimodal, or highly skewed) and the ability to provide robust results
even for relatively low sample size.

To commence, consider the generic input-output relationship ¥ =
f(X), where X = [21,22, ..., Tp, o, Ty € S C M the input vector
of M factors and Y € % the scalar output variable. The PAWN measures
the sensitivity of the output y of the model (the RMSE, in our case) to
variations of an input z, (the value of a parameter of SOTFMs) by the
distance between the unconditional distribution of y (obtained by vary-
ing all the inputs) and the conditional distribution obtained when all the
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inputs change but z,. It is worth noting that the conditional and uncon-
ditional distributions are characterized by their Cumulative Distribution
Functions (CDFs). Since we are interested in employing datasets generated
via a generic sampling strategy (the LHS in this case), the computation of
PAWN indexes needs to be approximated numerically. The approximation
procedure, proposed by [119], consists of dividing the range of variation
of each input factor x, into n equally spaced intervals, each of which is
denoted as F(k = 1,...,n) and adopted to define the conditional sam-
ple YUp,(Vp € M). The unconditional sample YU corresponds with the
entire sample Y. The distance between distributions is measured by the
Kolmogorov-Smirnov (KS) statistics:

KS(Fy) = max|Fy(y) = Fyje, (ylzp) € A, (3.22)

being Fy(y) the empirical distribution of the unconditional sample Y U;
Fyjz, (yl7p) € 7 the observed distribution of a conditional sample Y Uy
obtained by varying all factors but x,(Vp € M), which is set to the k-th

conditioning value @(Dk). The PAWN index S’p considers a statistic (maxi-
mum, median or mean) over all possible values that z, can assume:

Sp = statkzl,m’nKS(ﬂk). (3.23)

Due to approximation errors, the sensitivity indexes of non-influential
parameters could have a non-zero values. To recognize influential and
non-influential input factors, an artificial input factor (dummy parame-
ter) that does not affect the output distribution is introduced. That is,
Fyjz, (Y|Tm+1) for all conditioning points in Eq. (3.22). If the sensitivity

index value of an input factor is larger than the one of the dummy S’dummy,
it is considered influential.

In this study, we run I' = 4000 simulations (the same used for the cal-
ibration) to estimate the unconditional distribution of the output (PI).
Starting from this generic input—output dataset < z,y >, the PAWN
indexes are computed following the approximation procedure described
above. We split the range of variation of each input factor xp into n = 20
equally spaced intervals and define the conditional sample YUy, (Vp € M)
accordingly. The PAWN analysis is implemented using the MATLAB
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adaptation of the latest version of the SAFE toolbox developed by [120].

3.6 Results

This Section presents and discusses the results of the evaluation anal-
ysis for each considered SOTFMs, under traffic scenarios I and II shown
in Figure 3.4. For the purpose of calibration, once the traffic data from
SUMO is obtained, the calibration procedure, as described in Section 3.5.5,
is performed to identify optimal parameters of the SOTFMs. Given the
optimal set of variables, spatio-temporal pattern formation on the corridor
based on the fundamental traffic variable "¢" is observed which is again
compared with results from SUMO. The admissible ranges of the paramet-
ric variables are tabulated in Table 3.7.

It is worth noting that the recent work of [94] proved that traffic flow
models are sensitive to initial conditions, then the sensitivity of their pa-
rameters might become tricky. The models are all the more sensitive the
more congested the traffic conditions are. On the other side, macroscopic
traffic flow models exhibit self-affinity fractals, displaying similar behavior
at different scales or levels of magnification for which the basic relation is
the fundamental diagram (speed-density relationship in particular). The
relaxation and the anticipation terms play a pivotal role in this case: the
former dominates the overall performance as it depends on the fundamen-
tal diagram, while the latter guarantees the stability of SOTFMs when
non-equilibrium traffic phenomena occur. Thus, some parameters of the
SOTFMs could be of second importance for calibration and statistical
significance, but they assume a crucial role in the stability and intrinsic
properties of the SOTFMs as demonstrated by [42]. Moreover, the results
depend on the objective and on the indices used to evaluate the sensitiv-
ity, hence the influence of a parameter on a model should be studied in a
broader sense. To systematically analyze the overall behavior of any model
(and the impact of its parameters) it would therefore be correct to consider
different aspects.

According to the above discussion, we consider two different scenar-
ios, namely Scenario I and Scenario II, characterized by different prevail-
ing traffic conditions in Figure 3.4. For both of them, we calibrated the
SOTFMs considering the whole set of parameters and evaluated qualita-
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tively and quantitatively their performance. The calibrated values for the
parameters of SOTFMs for all the three considered conditions are given in
Table 3.7.

3.6.1 Scenariol
3.6.1.1 Results of Full Calibrated Models

The spatiotemporal pattern formation and evolution based on traffic
flow for all the traffic models are shown in Figure 3.5. Qualitative re-
sults demonstrate that the SOTFM replicates the reference traffic scenario
without violating the basic assumptions and fundamentals. This scenario is
analyzed for 1800 s (30 minutes), and a very engaging and close interplay is
observed between all systems. The spatiotemporal pattern formation and
evolution of SUMO is shown in Figure 3.5 (a). For the initial 900 s, there
are large variations in flow, and the flow in denser regions evolves slowly
forming fairly two different traffic flow conditions. While this pattern for-
mation eventually reaches a uniform flow rate over time, albeit, another
considerable fact with SUMO is analyzed, which is clear from the flow for-
mation pattern that is randomness in the values of flow and is distinctly
reflected in the color banding. Note that this randomness can result in
higher PI, however, it is important to assess the performance of SOTFM
against such complex scenarios so that they are investigated in their true
essence.

The spatiotemporal pattern formation and evolution based on the flow
of the IK model for 1800 s (30 minutes) is illustrated in Figure 3.5 (b). It
is worth noticing that the spatiotemporal pattern formation and evolution
of the IK model is similar to the SUMO. The spatio-temporal evolution
pattern of the IK model is sufficiently accurate. Initially, the denser traffic
evolves and eventually reaches an almost uniform flow level after 1080 s,
very persistent with the reference SUMO. The interplay of SUMO and
IK in following the mechanism of spatiotemporal pattern formation and
evolution is sound and validates the capabilities of the model to depict
real-world traffic. The PI of the IK model is 0.078.

Figure 3.5 (c) illustrates the spatiotemporal pattern formation and evo-
lution of flow of the KG model over 20,000 m circular road for 1800 s (30
minutes). Yet again, the traffic dynamics between KG and SUMO are
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the same as for the DGM such as IK model. The PI of the KG model
is 0.083, there are differences between instantaneous flow rates as for the
other models of the group, but the pattern formation and evolution are
consistent. On the other hand, the KG model replicates precisely the IK
model which verifies the consistency of these systems with each other.

The spatiotemporal pattern formation and evolution of the JQZ model
are shown in Figure 3.5 (d). Like the DGM, the SGM has the same trends
in pattern formations as SUMO. The PI of this model is 0.091, and the
spatiotemporal pattern formation and evolution are plausible. The SK
model Follows the same trends in pattern formation and flow evolution as
shown in Figure 3.5 (e), and the PI is 0.088. Such consistent agreement
of SOTFMs with SUMO is vital to understanding the interplay between
microscopic and macroscopic traffic systems. Eventually, the SOTFMs
produced equally the same results and there is no significant difference in
PI values. Since all the SOTFMs can reproduce the first scenario, we now
move to a more complex scenario with large variations in traffic states to
calibrate and evaluate the performance of SOTFMs.

3.6.1.2 Results of the Sensitivity Analysis for Scenario I

Here we analyze the relationship between the input parameters of each
SOTFMs (3.7) and the output (PI) both qualitatively and quantitatively.

3.6.1.2.1 IK Model Analysis of the IK model involves four parame-
ters listed in 3.7, namely vy, 7, 71, and b.

Figure. 3.6 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs and the same number of points
(4000, one for each run) compose each plot. The y-axis of each subplot
corresponds to the output variable y (PI), whereas the x-axis refers to a
different SOTFMs parameter. The results clearly show the different de-
grees of correlation between PI and the considered variables of the model,
as well as the output dispersion w.r.t. the mean. More specifically, Fig-
ure 3.6 (c) highlights shows a significant nonlinear correlation between PI
and vy, while a minor relation exists with 7 (Figure 3.6 (d)). The remain-
ing parameters 7, and b do not seem to have a significant effect on the
output.

The results of the linear analysis confirm that the most statistically
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Figure 3.5. Flow evolution over time (1800 s - x-axis) and space (20,000 m road section y-axis) given the
initial conditions as defined by scenario I: a) SUMO, used as ground-truth; b) PW model; ¢) IK model; d) KG
model; e) JQZ model; f) SK model.
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significant parameter is vy with R = —0.80 (high negative degree of corre-
lation) and a p-value approximately equal to 0. The R; and R, for R are
—0.81 and —0.79, indicating a small range of dispersion for vy. The R of
7 is 0.09 with a p-value approximately equal to 0, indicating a very weak
correlation with PI. The R of 7, and b are approximately equal to 0 with
a p-value approximately higher than the threshold (0.05), indicating that
the result is not statistically significant. These parameters can be fixed to
any value from their feasible range, although the role of these parameters
is tricky in congested situations. It is worth noting that the significance
of the parameters also depends on the situation in which they are used,
for instance, b characterizes the sideways distances between the vehicles,
but in this study, it appears irrelevant also because the simulations are
performed on a single lane, thus the impact of sideways distance on traffic
flow is trivial.

Finally, the results of GSA in 3.10(a) highlight that the most influ-
ential input factor is vy, while 7 has a relatively low effect. The median
sensitivity value of b is slightly above the threshold line, indicating a mi-
nor effect on the model performance. Regarding the last parameter 73,
its sensitivity index is slightly below the threshold line, hence it does not
affect significantly the performance of the model. The distribution boxes
indicate that vy is more dispersed than the other parameters followed.

3.6.1.2.2 KG Model The analysis of the KG model involves four
parameters listed in Table 3.7, 7., vy, 7 and sg.

Figure 3.7 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs. The results clearly show the
different degrees of correlation between PI and the variables of the model,
as well as the output dispersion w.r.t. the mean. More specifically, Fig-
ure 3.7 (c¢) highlights shows a significant nonlinear correlation between PI
and vy, while a very weak correlation emerges with 7 (Figure 3.6 (d)). The
remaining parameters 75 and sg do not seem to have a significant effect
on the output.

The results of the linear analysis confirm that most statistically signifi-
cant parameter is vy with R = —0.79 (high negative degree of correlation)
and a p-value approximately equal to 0. The R; and R, for R are —0.81
and —0.79, indicating a small range of dispersion for vy. The R of 7 is 0.09




CHAPTER 3. APPRAISAL OF THE SECOND-ORDER CoONTINUUM TRAFFIC FLow MODEL
62 EMPLOYING SENSITIVITY ANALYSIS AND NUMERICAL SIMULATION

(@) (b)

0.05 0.05

7l s
(c) (d)

H H

285 29 205 30 305 31 315 6 08 10 12 14 16 18
vrlm/s 7s]

Figure 3.6. Scatter plots of each input parameter of IK model against the
PI output for scenario I: a) time headway 75,; b) lateral distance ration b; c)
free-flow speed vy; d) relaxation-time 7.
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with a p-value approximately equal to 0, indicating a very weak correlation
with PI. The R of 7. and sg are approximately equal to 0 with p-value
approximately higher than the threshold (0.05), meaning that the results
are not statistically significant.

Finally, the results of GSA in 3.10(b) confirm that the most influential
input factor is vy, while 7 is a second-importance parameter. The median
sensitivity value of sg and 7. are slightly below the threshold line, thus
these parameters can be considered as non influential. The distribution
boxes indicate that v; is more dispersed than the other parameters fol-
lowed.
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Figure 3.7. Scatter plots of each input parameter of KG model against the
PI output for scenario I: a) reaction time 7,.; b) standstill distance sg; ¢)
free-flow speed vy; d) relaxation-time 7.

3.6.1.2.3 JQZ Model Three parameters are considered for the JQZ
model, namely c,, vy and 7.

Figure 3.8 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs. The results demonstrate clearly
show the different degree of correlation between PI and the considered vari-




64

CHAPTER 3. APPRAISAL OF THE SECOND-ORDER CONTINUUM TRAFFIC FLow MODEL
EMPLOYING SENSITIVITY ANALYSIS AND NUMERICAL SIMULATION

ables of the model, as well as the output dispersion w.r.t. the mean. The
scatter plot results in Figure 3.8(a) clearly show the nonlinear correlation
between vy and PI. A moderate correlation emerges from Figure 3.8(b)
with ¢,, while a weak correlation exists with 7 as in Figure 3.8(c).

The linear analysis results in Table 3.8 confirm the outcome of the
visual analysis. The outcome confirm that the most statistically significant
parameter is vy with R = —0.55 (moderate negative degree of correlation)
and a p-value approximately equal to 0. The R; and R, are —0.58 and
—0.53, indicating a limited range of dispersion for v;. The R of cg is —0.44
with a p-value approximately equal to 0, indicating a negative moderate
degree of correlation between ¢y and PI. The R; and R, are —0.42 and
—0.47 indicating the range of variation is limited. In the ens, the R of 7 is
—0.19 with a p-value approximately equal to 0, hence a weak correlation
exists.

Finally, the results of GSA in 3.10 are in line with the previous results.
Indeed, the most influential input factor is vy, followed by ¢,. Regarding
then 7, its sensitivity value is slightly above the threshold line, thus the
parameter has a minor (but still significant) effect on the performance of
the model.

3.6.1.2.4 SK Model Five parameters are considered for the SK model,
namely vy, T, T, Smin and L

Figure 3.9 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs. The results demonstrate clearly
show the different degree of correlation between PI and the considered vari-
ables of the model, as well as the output dispersion w.r.t. the mean. The
scatter plot results in Figure 3.9(d) clearly show the nonlinear correlation
between vy and PI. Moreover, a weak correlation emerges from scatter
plots in Figure 3.9(a), Figure 3.9(c) and Figure 3.9(e) with Sy, 7 and
7 respectively. No correlation trend can be appreciated with L. (Figure
3.9(b)).

The linear analysis results in Table 3.8 confirm the outcome of the
visual analysis. The outcome confirm that the most statistically significant
parameter is vy with R = —0.56 (moderate negative degree of correlation)
and a p-value approximately equal to 0. The R; and R, are —0.60 and
—0.54, indicating a limited range of dispersion for vy. The R of 7is —0.23
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Figure 3.8. Scatter plots of each input parameter of the JQZ model against
the PI output for scenario I: a)free-flow speed vy; b) backward speed ¢g d)
relaxation-time 7.
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with a p-value approximately equal to 0, indicating a negative moderate
degree of correlation between 7 and PI. The R; and R, are —0.26 and
—0.20 indicating the range of variation is limited. The R of 7. is 0.31
with a p-value approximately equal to 0, indicating a positive moderate
degree of correlation between 7, and PI. The R; and R, are 0.29 and 0.34
indicating the range of variation is limited. The R of 7, is —0.26 with a
p-value approximately equal to 0, indicating a positive moderate degree of
correlation with PI. The R; and R, are —0.30 and —0.23 indicating the
range of variation is limited. Finally, the R of L. is —0.05 with a p-value
almost equal to 0, indicating a very weak degree of correlation with PI.

The results of GSA in 3.10(d) confirm that the most influential input
factor is vy. Three parameters s,,;,, 7 and 7, are second-importance pa-
rameters, while L. resulted to be non important since its sensitivity value
is slightly above the threshold line.

(a) (b)

0.15 0.15
— —
A 01 A~ 0.1
0.05 0.05
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Figure 3.9. Scatter plots of each input parameter of the SK model against
the PI output for scenario I: a) minimum safe distance s,,;,,; b) vehicle
length L.; c) reaction-time 7,; d) free-flow speed vy; e) relaxation-time 7.
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3.6.2 Scenario II
3.6.2.1 Results of Full Calibrated Models

The calibrated values for parametric variables of SOTFMs for scenario
IT (a) are listed in Table 3.7. The models with the lowest value of PI are
KG and IK, followed by SK and JQZ.

The initial density distribution corresponds to a traffic condition where
light traffic conditions such that relative density between 0.15 and 0.45 ap-
proaches a denser traffic condition downstream. This dense region repre-
sents congestion due to an inactive bottleneck and sharp changes in traffic.
Such conditions create non-equilibrium traffic phenomena and the role of
the anticipation term of the SOTFMs becomes vital. As with large changes
in traffic, the stability of the models can be compromised. In Figure 3.11
(a), a visible shockwave is generated when upstream traffic approaches the
denser traffic downstream at 14,000 m which propagates backward until
720 s (12 minutes), to 10,800 m. Beyond this point in time and space, the
traffic stabilizes and the shockwave dissipates, moving in the downstream
traffic direction. Until 1200 s (20 minutes), the rear end of this traffic is
approached by traffic from upstream creating uniform flow traffic condi-
tions in the corridor as a result of circular geometry. This traffic scenario
depicts a realistic traffic condition in which a shockwave is formed and
dissipated with time. The same behavior is replicated by the SOTFMs as
shown in Figure 3.11 (c)-(e).

The spatiotemporal pattern formation of the IK model as shown in
Figure 3.11 (b), this model obeys the trends in pattern formation as in
3.11 (a). The pattern formation (which represents a shock and rarefaction
wave) is observed, and smooth traffic flow is observed over time. The PI
for this model is 0.10, replicating the scenario II (a) with the KG model as
shown in Figure 3.11 (c), it follows the same trends as by the IK model,
and the PI is 0.10. Thus, both of these models (IK and KG) can be
employed in congested traffic situations, however, the use is subject to the
sensitivity and efforts in the calibration of the parameters of the models,
which is investigated later in this paper.

The spatiotemporal pattern formation of the SGM such as the JQZ
and SK is shown in Figure 3.11 (d) and 3.11 (e), respectively. The early
behavior of both models is close to that of the SUMO. An almost similar
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flow pattern is followed by both models. There are variations in the pre-
dicted flow values after 14 minutes but this behavior is common because
changes in these systems occur over the velocity gradient, which is faster
than the DGTS. The PI of the JQZ model is 0.125 while for the SK model,
it is 0.12. The flow behavior of each kind of SOTFMs stabilizes with time,
so it is important to rely on the early behavior of the models. If the initial
behavior of any model is satisfied it is more likely that it will result in a
consistent outcome. It is important to note that larger PI values can also
be attributed to the simulation prediction time. In general, the DGTS
outperforms the SGM in both traffic scenarios.

3.6.2.2 Results of Senstivity Analysis

Here we analyse the relationship between the input parameters of each
SOTFMs (3.7) and the output (PI) both qualitatively and quantitatively.

3.6.2.2.1 IK Model Analysis of the IK model involves four parame-
ters listed in 3.7, namely vy, 7, 71, and b.

Figure 3.12 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs and the same number of points
(4000, one for each run) compose each plot. The y-axis of each subplot
corresponds to the output variable y (PI), whereas the x-axis refers to a
different SOTFMs parameter. The results demonstrate clearly show the
different degree of correlation between PI and the considered variables of
the model, as well as the output dispersion w.r.t. the mean. More specif-
ically, Figure 3.6(c) highlights shows a significant nonlinear correlation
between PI and vy, while the remaining parameters 73, b and 7 do not
exhibit a trend (seem to have a significant effect on the output).

The results of the linear analysis confirm that most statistically signifi-
cant parameter is vy with R = —0.77 (high negative degree of correlation)
and a p-value approximately equal to 0. The R; and R, for R are —0.78
and —0.75, indicating a small range of dispersion for v¢. The value of R for
Th, b and 7 is close to zero, indicating a weak or null association. Moreover,
the p-value for 75, and b is higher than the threshold value (0.05), hence
the results related to these variable are no statistically significant.

The results of GSA in 3.16(a) confirm that the most influential input
factor is vy, while 7 has a minor influence on the performance of the model.
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Figure 3.11. Flow evolution over time (1800 s - x-axis) and space (20,000 m road section y-axis) given the
initial conditions as defined by scenario II: a) SUMO, used as ground-truth; b) IK model; ¢) KG model; d)
JQZ model; e) SK model.
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The median sensitivity value of b and 73, are slightly below the threshold
line, indicating a negligible influence of these parameter on PI.
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Figure 3.12. Scatter plots of each input parameter of IK model against the
PI output for scenario II: a) time headway 75,; b) lateral distance ration b; ¢)
free-flow speed vy; d) relaxation-time 7.

3.6.2.2.2 KG Model The analysis of the KG model involves four
parameters listed in Table 3.7, 7., vy, 7 and sg.

Figure 3.13 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs. The results demonstrate clearly
show the different degree of correlation between PI and the considered
variables of the model, as well as the output dispersion w.r.t. the mean.
More specifically, Figure 3.7(c) highlights shows a significant nonlinear
correlation between PI and vy, while the remaining parameters 7., 7 and
ss¢ do not seem to have a significant effect on the output.

The results of the linear analysis confirm that most statistically signifi-
cant parameter is vy with R = —0.76 (high negative degree of correlation)
and a p-value approximately equal to 0. The R; and R, for R are —0.77
and —0.74, indicating a small range of dispersion for v¢. The value of R for
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7, T and sy is close to zero, indicating a weak or null association. More-
over, the p-value for 7, and sg is higher than the threshold value (0.05),
hence the results related to these variable are no statistically significant.

Finally, the results of GSA in 3.16(b) confirm that the most influential
input factor is vy, while 7 is a second-importance parameter. The median
sensitivity value of sg and 7. are slightly below the threshold line, thus
these parameters can be considered as non influential.
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Figure 3.13. Scatter plots of each input parameter of KG model against the
PI output for scenario II: a) reaction time 7,.; b) standstill distance sg; )
free-flow speed vy; d) relaxation-time 7.

3.6.2.2.3 JQZ Model Three parameters are considered for the JQZ
model, namely c,, vy and 7. The scatter plot results in Figure 3.14(a)
clearly show the nonlinear correlation between vy and PI, while the ones
in Figure 3.14(b) and in Figure 3.14(c) depict a weak correlation with ¢,
and 7.

The linear analysis results in Table 3.8 confirm the outcome of the
visual analysis. The outcome confirm that the most statistically significant
parameter is vy with R = —0.41 (moderate negative degree of correlation)
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and a p-value approximately equal to 0. The R; and R, for R are —0.44
and —0.38, indicating a limited range of dispersion for v;y. The R of ¢ is
—0.15 with a p-value almost equal to 0, indicating a negative weak degree
of correlation between ¢y and PI. The R; and R, for R are —0.18 and
—0.12 indicating the range of variation is limited. Similarly, the R of T is
—0.14 with a p-value almost equal to 0, hence a low degree of correlation
exists. Whereas, the R; and R, for R are —0.17 and —0.11.

The results of GSA in 3.16 confirm that the most influential input
factor is vy. Regarding 7 and c,, they resulted to be second-importance
parameters, i.e. they have a minor but still significant effect on the per-
formance of the model.
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Figure 3.14. Scatter plots of each input parameter of the JQZ model
against the PI output for scenario II: a)free-flow speed vy; b) backward speed
¢o d) relaxation-time 7.

3.6.2.2.4 SK Model Five parameters are considered for the SK model,
namely vy, T, T, Smin and L

Figure 3.15 illustrates the scatter plots of these variables, which refer
to the analysis of all the simulation runs. The results demonstrate clearly
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show the different degree of correlation between PI and the considered vari-
ables of the model, as well as the output dispersion w.r.t. the mean. The
scatter plot results in Figure 3.15(d) clearly show the nonlinear correlation
between vy and PI. Moreover, a weak correlation emerges from scatter
plots in Figure 3.15(a), Figure 3.15(c) and Figure 3.15(e) with Sin, 7r
and 7 respectively. No correlation trend can be appreciated with L. (Fig-
ure 3.15(b)).

The linear analysis results in Table 3.8 confirm the outcome of the
visual analysis. The outcome confirm that the most statistically significant
parameter is vy with R = —0.43 (moderate negative degree of correlation)
and a p-value approximately equal to 0. The R; and R, are —0.45 and
—0.40, indicating a limited range of dispersion for vy. The R of 7is —0.12
with a p-value approximately equal to 0, indicating a negative moderate
degree of correlation between 7 and PI. The R; and R, are —0.15 and
—0.08 indicating the range of variation is not small. The R of 7. is 0.18
with a p-value approximately equal to 0, indicating a positive moderate
degree of correlation between 7. and PI. The R; and R, are 0.15 and 0.21
indicating the range of variation is limited. The R of 7. is —0.16 with a
p-value approximately equal to 0, indicating a positive moderate degree of
correlation with PI. The R; and R, are —0.19 and —0.13 indicating the
range of variation is limited. Finally, the R of L. is —0.02 with a p-value
almost equal to 0, indicating a very weak degree of correlation with PI.

The results of GSA in 3.16(d) confirm that the most influential in-
put factor is vy. Three parameters s,,;,, 7 and 7, are second-importance
parameters, but still significantly affecting the performance of the model.
Finally, L. resulted to be non important since its sensitivity value is slightly
above the threshold line.
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Figure 3.15. Scatter plots of each input parameter of the SK model against
the PI output for scenario II: a) minimum safe distance $,,;,; b) vehicle
length L.; c) reaction-time 7,; d) free-flow speed vy; e) relaxation-time 7.
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Figure 3.16. PAWN sensitivity indexes for each input factor of the SOTFMs for scenario II. Bootstrapping
estimates the distribution of each PAWN index. Boxplots are employed to display variation in the sample: the
bottom and top edges of a box indicate the 25th and 75th percentiles, while the red line inside the box the
median value. The horizontal red line represents the KS of the dummy parameter. Input parameters are sorted
according to their PAWN index values. Results for: a) IK model; b) KG model; ¢) JQZ model; d) SK model




Table 3.8. Pearson (R) with R; and R, and p-values of SOTFMs parameters for scenarios I and II.

ModelParameter co vy T T b Ty Smin L. Sst
11 11 I I I 11 I 11
IK R - -0.80-0.770.09-0.04 0.01-0.01 0.01-0.02 - - - -
p-value - ~0~0 ~0~0 048030 0.500.16 - - - -
Ry - -0.81-0.78 0.06-0.07-0.01-0.04-0.02-0.05 - - - -
R, - -0.79:0.750.12-0.01 0.040.01 0.040.009 - - - -
KG R - -0.79:0.76 0.09-0.07 - - -0.010.01 - - -0.003-0.01
p-value - ~0~0 ~O0~0 - - 021048 - - 0.840.33
Ry - -0.81:0.770.06-0.11 - - -0.05-0.01 - - -0.03-0.04
R, - -0.78:0.740.12:0.04 - - 001004 - - 0.020.01

JQZ R -0.44+-0.15-0.55-0.41-0.19-0.14 - - - - - -
p-value ~0~0 ~0~0 ~0~0 - - - - - -

Ry -0.47-0.18-0.58-0.44-0.21+0.17 - - - - - -

R, -0.42-0.12-0.53-0.38-0.15-0.11 - - - - - -

SK R - -0.56{0.43-0.23-0.12 - - 0.320.18-0.29:0.16 -0.060.02 -
p-value - ~0~0 ~0~0 - - ~0~0- ~0~0  ~00.11 -

Ry - -0.58-0.45-0.26-0.15 - - 0.290.15 -0.32-0.19 -0.09-0.05 -

R, - -0.54:0.40-0.20-0.08 - - 0.350.21 -0.26-0.13-0.03-0.005 -

9°¢

SLINSHY
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3.6.3 Computational Effort Analysis

The computational effort required to resolve numerical schemes for
SOTFMs is influenced by factors such as spatial and temporal discretiza-
tion, the complexity of the traffic model, and the size of the simulated
domain. To obtain general indications of the computational effort required
by each model, we analyzed the time required to run, on average, one sim-
ulation.

Before analyzing the results, it is worth noting that: ) the simulations
have been carried out on a Lenovo P14, vPRO, intel core i7; i) the results
are related to the employed numerical schemes.

Table 3.9. Time required to run, on average, one simulation for each SOTFMs
for Scenario I and Scenario II.

Model  Average Simulation Time [s] (I/II)

IK 0.4376 / 0.5773
KG 0.3998 / 0.4121
JQZ 0.0013 / 0.0013
SK 0.0014 / 0.0015

Results in Table 3.9 show that JQZ and SK models are much faster,
both in Scenario I and Scenario II, than IK and KG (i.e., require less
computational effort). Furthermore, the results show that the execution
time does not vary or increase slightly between Scenarios I and II for all
models except the IK, for which it instead increases by approximately 35
percent.

3.7 Discussion

The analysis carried out in the previous Section evaluates the perfor-
mance of the SOTFMs in reproducing the ground-truth traffic conditions.
Moreover, the sensitivity analysis revealed the significant parameters, for
each model, for calibration purposes.

All the SOTFMs can reproduce closely the ground-truth data, hence
confirming their suitability for practical applications. The results high-
light how sensitive the models are to initial conditions: the values of the
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parameters vary depending on the initial conditions and, more generally,
on the traffic conditions observed. It is important to note that the mod-
els, under congested prevailing traffic conditions, are able to replicate the
mechanism of formation and dissipation of shock waves, which is crucial
for understanding the evolution of traffic dynamics. The results confirmed
that the relaxation term plays a vital role as it mitigates any change in
traffic flow; however, the instigation of perturbation is due to anticipation,
and the model stability strictly depends on this term. During transient
phases, i.e. when a significant variation of traffic condition occurs, the
response of SOTFMs is not always uniform but strictly depends upon the
intensity of change in the specific traffic condition. The outcome shows,
also, that SOTFMs can be employed based on the scenario where they are
deemed fit. Some models could perform better in light traffic conditions
while some of them in dense conditions. Additionally, the underlying prin-
ciples of all models are different, thus, it is very important to verify them
before employing them in particular traffic conditions.

Regarding the importance of SOTFMs parameters, it is evident from
the results of sensitivity analysis that most of the parameters are signifi-
cant, while a few are not. Qualitative and linear regression analysis proved
to be useful tools to evaluate the relationship between an evaluation index
and the models’ parameters. However, in the case of nonlinear relation-
ships, GSA approaches are more suitable to identify the parameters that
actually affect the performance of a model. The results further confirm
that these models are strongly influenced by initial conditions: some pa-
rameters may or may not be significant based on the observed prevailing
traffic conditions. Thus, the calibration of such models should be done
carefully, and parameters values should be updated on the basis of actual
traffic conditions.

Finally, the computational analysis highlights how different models re-
quire different resolution times (the time needed to complete a simulation).
In particular, JQZ and SK models have a less resolution time, on average,
about 250 times shorter than that of IK and KG. The computational effi-
ciency of SOTFMs is a key aspect for their practical applicability since:

e a less computationally demanding model allows for quicker simula-
tion times. This is especially beneficial for scenarios where rapid
decision-making or real-time analysis is crucial, as well as for ex-
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ploratory analysis.

e Reduced computational demands mean that the model can run on
less powerful hardware or be applied to larger and more complex
traffic scenarios without requiring extensive computational resources.
Lower computational demands often translate to lower costs, both
in terms of hardware requirements and energy consumption.

o A less computationally intensive model is more suitable for real-
time applications, such as traffic management systems and intelligent
transportation systems.

e Models that are not overly computationally demanding are more
scalable, meaning they can be applied to larger geographic areas or
more extensive transportation networks without a significant increase
in computational costs.

3.8 Conclusion

In this Chapter, we investigate the properties and performances of a
set of notable representatives of Second Order Traffic Systems (SOTFMs).
Specifically, four models are considered: two density gradient traffic sys-
tems (IK and KG) and two velocity gradient traffic systems (JQZ and SK).
The mathematical structure of each model, as well as its features (Jaco-
bian matrix, eigenvalues, hyperbolicity, and anisotropy), are studied.

We carried out an extensive simulation analysis to evaluate (and com-
pare) comprehensively the performance of SOTFMs in reproducing the
ground-truth traffic. Each model is implemented on two scenarios, char-
acterized by different traffic conditions; moreover, structural parameters
of the SOTFMs are considered as uniformly distributed random variables
within a feasible range of variations. To accomplish this task, I' = 4000
simulations runs, for each model under each traffic scenario, are performed.

The results demonstrate that all the SOTFMs can reproduce well the
ground-truth: the speed gradient systems replicate the spatiotemporal pat-
tern formation of SUMO, including complex traffic phenomena, in all sce-
narios. The IK and KG models present the best performances (lowest PI
values) for both scenarios, followed by SK and JQZ. Going into detail of
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the first two models, the IK performs the best under light traffic condi-
tions (PI = 0.078), while under congested conditions the IK and the KG
have comparable performance. Generally, all the SOTFMs perform better
under light traffic conditions (Scenario I). It is crucial to emphasize that,
in instances of congested traffic conditions, the models exhibit the ability
to replicate the mechanisms involved in the formation and dissipation of
shock waves. This is crucial for comprehending the evolution of traffic
dynamics. The findings affirm that the relaxation term assumes a pivotal
role by mitigating alterations in traffic flow. However, it is noteworthy
that the induction of perturbations is mitigated by the anticipation term,
thereby rendering the stability of the model contingent upon this term. In
transient phases, characterized by substantial variations in traffic condi-
tions, the response of the SOTFMs is not uniformly consistent.

To identify and analyze trends, patterns, and insights of the considered
SOTFMs, such as obtaining comprehensive knowledge about the param-
eters of each model and their contribution to the performance of each
model, we employ different approaches. The qualitative analysis is as-
sessed through scatter plots, which provide straightforward and intuitive
evidence of the relationship between the SOTFMs input factors and the
output (the PI in Eq. (3.21)). The quantitative analysis involves the
Pearson correlation coefficient R to spot the (linear) correlation between
and the PAWN Global Sensitivity Analysis (GSA) method. The outcome
of sensitivity analysis shows that most of the parameters are significant,
while a few are not. Qualitative and linear regression analysis proved to
be useful tools to evaluate the relationship between an evaluation index
and the models’ parameters. However, to determine the relative impact
of each input factor on the output variability, the GSA-based approach
proved to be more effective. This is particularly true in the cases of non-
linear relationships, for which the linear analysis produces biased results.
It is concluded that parameter fixing can reduce the computational effort,
but this operation should be performed carefully since some parameters
may or may not be significant based on the observed prevailing traffic con-
ditions. This implies that the values of such models should be updated
periodically according to actual traffic conditions. It is also worth not-
ing that the SOTFMs, for several reasons such as replication of real-world
phenomena, fast computations, consistency, expandability, and simplicity,
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could be extremely serviceable in control applications.

Future work in the same direction could include the time-varying sensi-
tivity analysis of the performance of SOTFMs, the employment of different
laws for the fundamental diagram, different traffic conditions, the exploita-
tion of real traffic data, and the evaluation under mixed traffic conditions.

3.9 Preview of the Next Chapter

In this Chapter, we extensively examined models known as MCTFMs,
specifically focusing on SOTFMs. Using a systematic approach, which
involved detailed scenarios and sensitivity analysis, we gained valuable
insights into how well SOTFMs can simulate and replicate various complex
traffic situations. Our findings highlight that these models are robust, not
only simulating but also accurately reproducing different traffic scenarios.
Each model offers a unique understanding of traffic dynamics.

In the next chapter, we will delve into a more challenging aspect, adapt-
ing and improving SOTFMs to handle mixed traffic. This involves the
presence of CAVs alongside traditional HDVs on highways. This shift is
crucial for our research, holding significant implications for both academics
and practical applications. The main goal of the upcoming chapter is to
enhance SOTFMs to effectively manage the complexities of mixed traffic
scenarios. We aim to make substantial contributions to the field of traf-
fic modeling and control, especially in incorporating CAVs into SOTFMs.
Our objective is to develop advanced models for traffic management that
consider the coexistence of CAVs and HDVs, ensuring efficient highway
management.




Chapter

Macroscopic Modeling of
Connected, Autonomous, and
Human-Drive Vehicles: A
Pragmatic Perspective

4.1 Abstract

Several interdisciplinary investigations have delved into the influence
of Connected and Autonomous Vehicles (CAVs) on traffic network perfor-
mance, with expectations for positive outcomes. However, a crucial factor
to consider is the transitional phase during which both Human-Driven
Vehicles (HDVs) and CAVs will coexist on the roadways. To gain a com-
prehensive understanding of the dynamics of this mixed traffic scenario,
it is imperative to develop adequate models that capture the interactions
between CAVs and HDVs.

In our study, we introduce a Second-Order Traffic Flow Model (SOTFM)
that relies on the dynamic headway distance between vehicles in mixed
traffic settings. This model serves as a valuable tool for comprehending
the complex interplay between CAVs and HDVs and its implications on
traffic flow. Our findings indicate that as the Penetration Rate (PR) of
CAVs increases, there are notable enhancements in both the average traf-
fic velocity and the Level of Service (LOS) of the traffic network. These
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improvements are indicative of the positive influence that a higher PR of
CAVs can have on overall traffic performance.

To ensure the reliability and applicability of our proposed model, we
subject it to rigorous validation through microscopic simulations. These
simulations replicate various traffic scenarios while considering a range
of Penetration Rates (PRs) for CAVs. The consistency of our model in
replicating real-world traffic dynamics under different PR conditions un-
derscores its utility and robustness.

Importantly, the model we present has practical implications. It can
be effectively utilized in traffic forecasting, offering valuable insights into
how traffic conditions may evolve as Connected and Autonomous Vehicle
(CAV) adoption rates change. Additionally, it holds promise for real-time
traffic control applications, where optimizing traffic flow in mixed traffic
environments can significantly improve overall transportation efficiency.

In all, our study contributes to the growing body of research exploring
the impact of CAVs on traffic networks. By introducing a SOTFM and
validating it through simulations, we provide a practical framework for
understanding and harnessing the potential benefits of CAVs in mixed
traffic scenarios, with direct applications in traffic forecasting and real-
time traffic management.

4.2 Introduction

Traffic congestion on freeways has become a significant problem. It
leads to increased socio-economic costs, as well as environmental issues
caused by CO2 emissions [121]. To resolve this problem, many studies
have suggested innovative and creative methodologies in the last decades.
With the development of the Internet of Things (IoT) and communication
technologies, diverse technologies of Connected and Autonomous Vehicles
(CAVs) are proposed in traffic systems to enhance traffic network perfor-
mance, road safety, transport mobility, and urban accessibility [11]. One
of the ongoing major trends in the automotive sector is the development
of Cooperated, Connected and Automated Mobility (CCAM). In order
to ensure the optimal mobility environment for the general public, CCAM
aims to support the automobile industry as it transitions to connected and
automated driving. By 2040-2050, the Penetration Rate (PR) of CAVs is




4.2. INTRODUCTION

85

anticipated to surge [122|. However, due to many policy and technical
obstacles, CAVs will have a marginal PR in the next few years [123]. Until
a consensus is reached on their impacts on safety, operations in a mixed
environment, and legislation, there will be legal barriers for CAVs to op-
erate.

In the near future, CAVs’ PR will be modest, and it is anticipated that
Human-Driven Vehicles (HDVs) and CAVs will share the road for a consid-
erable amount of time. Contrary to merely using HDVs, the combination
of CAVs and HDVs may show some complex traffic flow characteristics
[124, 125, 126]. There is a dire need for research on this type of mixed
traffic flow up to this point [127]. At all scales (microscopic, mesoscopic,
and macroscopic), appropriate models and modeling methodologies are re-
quired in order to accurately depict the changing dynamics and capacities
of mixed traffic flow as they will alter significantly with CAVs [128].

So far, several benefits of CAVs have been identified. CAVs are able
to run with significantly less spacing or headway [129]. As a result, it is
anticipated that the traffic capacity of highways with CAVs would grow
[130, 131, 132], and the Level of Service (LOS) of highways will improve.
However, despite the benefits of CAVs being identified and studied on
the microscopic level, a few studies involving CAVs are presented on the
macroscopic level.

The macroscopic approach is used due to its capability of reliable traffic
flow modeling, at the same time with moderate computational complex-
ity (compared to microscopic modeling) [53, 133, 134]. The macroscopic
approach mostly considers two kinds of models known as the first-order
and second-order models. There are several derivations of second-order
models in the literature, such as those that are derived from the extension
of car-following models using Taylor’s expansion [135]. Another strategy
is to construct analogies from fluid movement in order to derive the struc-
tural terms of the second-order traffic model [136, 137, 98, 5|, and the
additions of viscous and diffusion terms to the existing momentum equa-
tions [138]|. Nonetheless, these derived formulations are only applicable to
HDVs, and not to CAVs as they are not explicitly revised for the charac-
teristics of CAVs-HDVs mixed traffic. In this perspective, the conventional
second-order macroscopic traffic model (JQZ model) [52] is revised in order
to capture the impact of CAVs on conventional traffic flow. The revised
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second-order model is based on the dynamic headway distance of CAVs
and HDVs in a mixed traffic environment.
The main contributions of this chapter can be summarized as follows:

1. A new second-order traffic model is proposed by taking into account
the spatio-temporal characteristics of the HDVs and CAVs to model
dynamic headway distance between vehicles.

2. Nonetheless, conventional velocity-density relationship models fail to
explicitly account for the variability introduced by CAVs. The in-
corporation of a shape factor becomes indispensable in the modeling
of traffic within a heterogeneous environment. In pursuit of this ob-
jective, an enhanced model for the velocity-density relationship is
assessed, given its heightened sensitivity to the outcomes of macro-
scopic models

3. A verification of the effectiveness of the proposed model is carried
out by performing a comparative analysis of the proposed model with
microscopic simulations on the Dublin motorway. Some macroscopic
aspects such as the average velocity and Level of Service (LOS) of
mixed traffic are analyzed using the proposed model.

4.3 Mixed Traffic Flow Modeling

The headway distance is the distance from the front bumper of a leading
vehicle to that of the following vehicle [139], it comprises the gap between
two vehicles and the length of a leading vehicle. The gap between two
vehicles is a driver’s intrinsic property, it varies according to the traffic
conditions and is a dynamic gap Dy since vehicles are in motion [140]. With
the advanced capabilities of CAVs, which include the ability to maintain
shorter headway distances compared to HDVs, D, for CAVs differs from
that of HDVs. This variation depends on the class-specific reaction time
and velocity [141].

Vehicles maintain a minimum clearance gap to avoid collisions, which
is a safe gap denoted as gs; between the vehicles. Conversely, the clearance
gap increases with an increase in the velocity of a vehicle. It is not possible
for vehicles to maintain a uniform g, as in standstill conditions; thus, an
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additional distance is perceived, represented as g,. This perceived distance
is a function of traffic transition time (7) and average velocity (v). There-
fore, the D, between the vehicles is the sum of g5 and g,. Variations in
traffic occur according to g, then D, is computed as

Dg == gs + gp, (41)
and the headway distance is
H =L+ Dy, (4.2)

where L is a vehicle’s average length.

Adjustments in headway distance are characterized by 7 which vary for
various classes of vehicles [142]. Thus, in non-identical traffic conditions,
a driver’s response to changes ahead is not unique, and the g, is computed
as

gp=10-T, (4.3)

Traffic adjustments will occur according to Eq. (4.2), it will induce stochas-
ticity in the traffic which is further refined hereafter.

The 7 is the transition time for change occurrence. In other words,
it is the time over which a change in traffic state occurs. Transition dis-
tance is the distance covered whenever a traffic state changes. For a small
transition distance than a safe distance, a collision between vehicles will
occur. Conversely, for a larger safe transition distance, driver reaction is
safer. A safe transition distance is achieved during reaction time 7, when
perceiving a forward traffic change, and the harmonization time 73, to take
action to harmonize to changes ahead [143], thus

T="T7 +Tp (4.4)

The safe gap gs to avoid accident occurrence is the stopping required
in case the leading vehicle velocity reduces to zero. Thus, 73 is the stop-
ping time while adjusting to gs, and during this time the vehicles apply
maximum deceleration d,,. gs can be modeled for HDVs and CAVs from
the well-known law of motion [143, 144, 145], it is

9s = =7 (4'5)
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The following vehicle will harmonize with the leading vehicle by covering
gp and adjusting to g5 while applying d,,.

The intrinsic vehicle characteristics, such as reaction and harmoniza-
tion times, have improved with the development of CAVs, and they have
been investigated in a number of studies [146, 147|. From a motion view-
point, with improved intrinsic vehicle characteristics, the two vehicle classes,
CAVs and HDVs will maintain a non-identical headway in mixed traffic
conditions. Considering the characteristics of mixed traffic, the class of
each vehicle will have a non-identical headway distance. For HDVs, it is
represented by H,, and is

2
Hy=L+ % + (- T)upv, (4.6)
and that for CAVs is represented by Hj, and is
v2
Hb:L_}‘ﬁ"‘(U'T)CAV- (47)

In Eq. (4.6) and Eq. (4.7), 7 and d,, are different for HDVs and CAVs.

During transitions, the response of drivers/vehicles is characterized by
reaction velocity v, [134] which is a function of the actual headway distance
and the transitions occurring time, it is

v = —. (4.8)
T
It is the change in velocity when traffic changes occur from free flow to
congested flow and vice versa. In the case of free flow, reaction time
increases, the D, is relaxed and vice versa. The v, for HDVs and CAVs
will be non-identical. For HDVs, it is represented by (, and is

(=—, (4.9)

where 7, is the transition time for change occurrence by HDVs. Reaction
velocity for CAVs is denoted by ¢ , and is

© , (4.10)
T
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where 73, is the transition time of CAVs.

Furthermore, the dispersion effect of the speed of multi-class traffic is
characterized by anticipation. That is, how identical driver/vehicle reacts
to traffic conditions presumed. Drivers/vehicles usually reduce speed while
approaching heavy traffic downstream, and vice versa for light traffic. The
second-order traffic models take into account this property of flow, which
in Eq. (2.8) is
Ov(x,t)

or
demonstrating that traffic patterns alter spatially with gradients of veloc-
ity. In a practical sense, ¢ is the driver’s response to the changes in traffic
which is not always uniform. It is characterized by reaction velocity, in
this study, it is given by Eq. (4.9) for HDVs, and Eq. (4.10) for CAVs. In
most studies, ¢g is considered constant, implying that a driver or vehicle
will always have a uniform response in non-identical conditions. However,
this assumption is incorrect and lacks physical meaning. Lately, this as-
sumption has been corrected for HDVs, however, revising this for CAVs is
significant for a more accurate traffic characterization.

(v(z,t) — o) (4.11)

The response of the following vehicle is significantly influenced by the
leading vehicle, and it is regarded as an anisotropy principle in traffic flow.
Further, in macroscopic systems, the typical behavior of flow is regarded
as a traffic wave that is traffic-traveling-wave [50]. It is not possible to
study the behavior of a single car at the macroscopic level; instead, we
must study typical traffic behavior as a traffic-traveling-wave. The behav-
ior of the traffic-traveling-wave changes once the perturbation in traffic is
instigated. The anticipation term is responsible for these changes [11]. In
a single vehicle class, it is straightforward, but in more than one class, the
anticipation impact is complex. The traffic-traveling-wave must precisely
be captured for accurate characterization of traffic flow. Theoretical stud-
ies on the behavior of traffic-traveling-wave are scarce in the context of
mixed traffic.

Thus, to commence, we propose a new anticipation term, which couples
the behavior of CAVs and HDVs based on the PR of CAVs and HDVs.
Therefore, it is essential to introduce the share of each class in traffic.
This can be done by introducing the PR of CAVs in the anticipation term.
To introduce PR of CAVs, let it be represented by o, multiplying it with
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Eq. (4.10), we get
Ox =0 -, (4.12)
and ( is updated as
G=(1-0)-C (4.13)
where o is between 0 and 1.

The anticipation term Eq. (4.11) can now be revised for mixed traffic
by averaging the responses of CAVs and HDVs. This can be achieved by
taking the weighted average of (, and ¢,, thus

ov

%). (4.14)

G + ‘P*](

The backward propagation speed of disturbances in traffic is determined
by [Cx + px].

To this end, the anticipation term of the second-order model is revised,
and from then on, another significant model input V(p(z, 1)) is discussed.
The choice of velocity-density relationship can greatly affect the model out-
put. Specifically when a pragmatic approach is followed, and when traffic
data is gathered from an external source. Traffic behavior is stochastic,
which means traffic is not always in equilibrium. In second-order mod-
els, this property is when the average velocity of vehicles is tuned as per
the density-dependent velocity, which is equilibrium velocity and given by
V(p(z,t)). Such changes are modeled through the relaxation term com-
monly known as the speed adaptation term. It details how vehicles adapt
their speed to the steady-state speed and is characterized as

Vip(z,1)) = v(z,t)
F Y

(4.15)

where I' is the traffic relaxation time, and I > 0. The average velocity of
vehicles is tuned to equilibrium velocity over I'. It has been shown that
small T" results in stable traffic [42]. The CAVs have a smaller relaxation
time so they can adjust to equilibrium conditions quickly compared to
HDVs [148]. This is another vital parameter for modeling the impact of
CAVs on regular traffic, however, as with other parameters, the importance
of I" is also linked to the PR of CAVs.

To provide a more comprehensive explanation of I', we examine a flow
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of vehicles comprising HDVs and CAVs. When HDVs follow other HDVs,
their response to changes in traffic conditions is relatively sluggish. In
contrast, CAVs play a crucial role, as research has shown that they can
adapt more quickly to such changes compared to other vehicle types [149,
150]. Taking into account this observed behavior, when the proportion
of CAVs in the traffic, referred to as the PR, increases, the value of I
decreases. This decrease is attributed to the faster adaptability of CAVs to
traffic conditions. It’s worth noting that the specific value of I" used in our
analysis has been carefully calibrated and validated through simulations.
Thus, as the PR of CAVs rises, I' experiences a reduction in its value.

In simulations, we use I',, which is a calibrated value for each traffic
scenario according to the PR of CAVs. The relaxation term can be written

* V(p(z, 1) — v(a, 1)
(Ty) |

where Iy, is the relaxation time of the proposed model, and is obtained as:

(4.16)

Hllin f(gdataa gmodel), (417)

P

subject to the following constraints
Ir, <Tp <ur, (4.18)

where f(€qata, Emodet) is the objective function to be minimised used, being
Edata and &pnoder the SUMO and the proposed model traffic data.

Traffic velocity is inversely proportional to traffic density, as the most
simple model to describe this relationship is the Greenshields Equilibrium
Velocity Model (GEVM) [151, 152]. It describes velocity as a linear mono-
tonic decreasing function of the density and is

p(x,t))’

Vi, 1)) = vy (1= 22

(4.19)
where vy is the maximum velocity, p(z,t) and p,, are the average and max-
imum traffic density, respectively. The Papageorgiou model for velocity-
density relationship [19] is supposed to capture the variation in the slope
of the velocity-density relationship as an exponential function. It is given
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as 1 ( t)
B P\T,
V(p(a, 1)) = vf - exp[— (222)), (4.20)
c Per

where c is the shape factor, and p. corresponds to critical density. In
ideal situations, the Greenshields model can be used, but in case there
are large variations in driver/vehicle behavior, the Greenshields model’s
performance can be questioned. Thus, we investigate the Papageorgiou
model that could be employed in the modeling of CAVs, details of which
are given in the next section.

The second-order traffic model now can be revised for CAVs and HDVs.
The anticipation term of the second-order traffic model in (2.8) presented
by [52] is modified, and the new proposed model is presented as

op(z,t) + Ip(x,t) - v(x, 1) = iq($,t) - QQ(x7t)v

ot ox
(4.21)
8U($,t) av(xvt) _ V(p(l‘,t)) — ’U(.’L',t)
ot + (v, 1) =[G + ¢s]) or (Fp) :

According to Eq. (4.21), perturbations in traffic will be captured by [(, +
¢s]. This would induce a non-uniform class-specific behavior of traffic.
While the steady state will be guaranteed by relaxation term through V' (p)
over I';,.

4.4 On the Fundamentals of Mixed Traffic Dy-
namics using SUMO Simulations

In this section, a thorough analysis of mixed traffic is performed in
order to understand mixed traffic dynamics. First, traffic behavior is ex-
tensively studied from several microscopic experiments performed in Sim-
ulation of Urban MObility (SUMO) [100, 101]. Recently, [1] presented
a study on the impacts of CAVs on conventional traffic by considering
PR and Level of Driving Automation (LoDA) [153] of CAVs introduced
by the Society for Automotive Engineers (Society for Automotive Engi-
neers (SAE)!). They have examined the effectiveness and safety of traffic

"https://www.sae.org/blog/sae-j3016-update
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when CAVs are introduced to the Dublin motorway?. The data used in
their study was gathered from historical data® of Irish roadways. We follow
the same study design for the microscopic simulations to establish homo-
geneity in both studies.

In [1], Level of Driving Automation (LoDA) 2 and LoDA 4 are modeled,
LoDA 2 refers to Advanced Driver Assistance Systems (ADAS) which con-
trol the vehicle, but requires driver supervision at all time while LoDA 4
refers to fully automated driving. The PRs of CAVs are 0%, 7%, 20%, 40%,
and 70%, the LoDA is different for each PR as shown in Table 4.2. In mi-
croscopic simulations, the motion of vehicles is a result of the combination
of longitudinal and lateral models. Concerning longitudinal behavior, ve-
hicle acceleration relies on a car-following model that can be fine-tuned to
reproduce a variability of driving styles or vehicle capabilities such as cars
and heavy vehicles. Lateral behavior is computed using a lane-changing
model, that usually features decisions based on the surrounding lanes’ per-
ception. The parameters of these models allow fine-tuning of the driving
behaviors. While these types of models have been shown suitable for re-
producing traffic behavior and flow instabilities [154].

However, the literature does not converge on using a specific model
per vehicle type. HDVs use the default car-following model of SUMO
which represents LoDA 0. Further, LoDA 2 is assumed for CAVs, to be
connected through V2V communication, and their acceleration relies on
an implementation of CACC [155]. For CAVs, LoDA 4, Intelligent Driver
Model (IDM) is used as it better mimics the behavior of an automated
system and is more conservative since designed to be collision-free [154].
The car following models and the parameters are given in Table 4.1.

4.4.1 The Dublin Motorway Corridor

The Dublin motorway corridor, and its characteristics are presented
in this section. The motorway corridor is M50 which is a 11 km, and 4
lanes (each side) stretch in Dublin city including two major interchanges
with on-ramps and off-ramps to national roads N7 and N9. In order to
evaluate the macroscopic variables from the motorway corridor, it is further

https://github.com /maxime-gueriau/ITSC2020C AVimpact
Shttps://data.gov.ie/dataset /traffic-volumes
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Table 4.1. Models and parameters used in microscopic simulations [1].

Description HDV LoDA 2 LoDA 4
Car-following models Krauss CACC IDM
Vehicle type Car Car Car
Speed deviation (%) 0.1 0.05 0.05
Time headway (s) 1.2 0.8 0.6
Minimum gap (m) 2.5 1.5 1
Max acceleration (g3) 2.5 1.5 1
Deceleration (g3) 7.5 7.5 7.5
Maximum deceleration (g3) 9 9 9
Imperfection 0.5 0.05 0.05
Lane changing models
Cooperation 0.5 0.5 1
Anticipation 0.5 0.5 1

Table 4.2. Total PR of CAVs and specific PR subjected to LoDA of CAVs

[1].

Scenario HDVs (%) CAVs (LoDA 2) (%) CAVs (LoDA 4) (%) CAVs (%)

A 100
B 93
C 80
D 60
E 30

0
b}
15
30
50

0

2

5

10
20

0
7
20
40
70




4.4. ON THE FUNDAMENTALS OF MIXED TRAFFIC DyNnamics USING SUMO SIMULATIONS 95

refined and divided into 7 different segments on each side. Each segment
comprises different sub-segments, some of which have on and off-ramps.
The corridor with details is shown in Figure 4.1. We evaluate the corridor
from segment 1 to segment 7 (one side), it has 2 off-ramps and 3 on-ramps.

o,
& o‘@, q’% fQ 2 %
S Q& e
& %\ % & % \%
Segment 8 Segment 9 Segment 10 Segment 11 O /Segment 12 Segment 13 Segment 14
» > » » » »
< < < < < <

Segment 7 Segment 6 o, o, \Segment § Segment 4 o, \Segment 3 Segment 2 Segment 1

NN K &

) %, & %, &
o £ o o

Figure 4.1. Motorway corridor representation, corridor analyzed from right
to left (segment 1 to segment 7).

Table 4.3. Segments of the Dublin motorway and the segment lengths (Az).

Description
Segments 1 and 14 2 and 13 3 and 12 4 and 11 5 and 10 6 and 9 7 and 8
Az (Km) 2 0.972 1 2.16 2.357 1.81  0.701

4.4.2 Analysis of the Macroscopic Traffic Variables using
Microscopic Traffic Simulations

4.4.2.1 The Velocity-Density Relationship

The velocity-density relationship is the most vital input for second-
order models. It is directly linked to the relaxation term, and the traffic
is adjusted to steady-state speed according to this term. Thus, the choice
of a velocity-density model as input for second-order models guarantees
accurate model output. There are a number of models available in the
literature for the velocity-density relationship. However, to the best of our
knowledge, there is no specific model that directly takes into account CAVs.
Thus, we employ the Papageorgiou model (see Eq. (4.20)) by calibrating
it according to the traffic data from SUMO. The calibrated parameters
are given in Table 4.4.
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In Figure 4.2, the velocity-density relationships are given with assorted
PRs of CAVs. It is demonstrated that with the increase in PR of CAVs
there is a decrease in the slope between velocity-density relationship. The
scatter plot represents the velocity-density relationships computed directly
from SUMO, and the lines show the least-square fittings of the Papageor-
giou model. The Papageorgiou model results in similar outcomes to that
of SUMO with the calibrated values.

In Figure 4.3, a more detailed quantification of the improvement in
velocity is demonstrated. When density is 20 veh/km/lane, the velocity
is 60 km/hour with 0% CAVs. For the same density when CAVs’ PR is
increased to 7%, the velocity is 61 km/hour. It increases to 64 km/hour
with 20% CAVs. The velocity is 70 km/hour and 72 km/hour with 40%
and 70% CAVs. Similarly, there is always an increase in velocity with
varying PR considering a reference value of density. This trend is almost
similar for reference density of 40, 60, and 80 veh/km/lane.

For reference density 40 veh/km /lane, the velocity with 0% CAVs is 28
km /hour. It is 33 km /hour with 7% CAVs, while the velocity 38 km /hour.
For 40% and 70% CAVs, it is 45 km/hour and 48 km/hour, respectively.
For reference density 60 veh/km/lane, the velocity with 0% CAVs is 12
km /hour. It is 14 km/hour with 7% CAVs which increases to 16 km/hour
with 20% CAVs. With 40% and 70% CAVs, the velocity is 25 km/hour
and 31 km/hour, respectively. For reference density 80 veh/km/lane, the
velocity with 0% CAVs is almost 0 km/hour, and it is the same for 7%
CAVs. With 20% CAVs, the velocity is 4 km/hour, while it is 11 km /hour
and 20 km /hour with 40% and 70% CAVs, respectively.

Whenever a change in flow occurs, the system is adjusted to the equi-
librium. This change is mitigated by the relaxation term which directly
considers the velocity-density relationship. A robust representation of a
velocity-density relationship is responsible for the accurate output of the
macroscopic models.

4.4.2.2 The Flow-Density Relationship

The relationship between flow and density is given by ¢(p). Fig-
ure. 4.4 to Figure. 4.8 depicts different traffic scenarios. The scatter plots
are measurements from SUMO, considered as reality. p and v are mea-
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Table 4.4. Calibrated parameters for the Papageorgiou velocity-density
model.

PR vf Per c R?
0 100 28 1.320 0.99
7 100 30 1.325 0.99
20 100 32 1.330 0.99
40 100 38 1.310 0.99
70 100 47 1.150 0.99

120 < CAVs =0 %
[ - CAVs =7 %
CAVs =20 %

100 CAVs = 40 %

- CAVs = 70 %

—Papageorgiou(R2=O.99)
—Papageorgiou(R2=0.99)
—Papageorgiou(R2=O.99)
—Papageorgiou(R2=0.99)

v, km/hour
(2]
o

40" v - —Papageorgiou(R2=0.99)
207
0 1 1 1 1 )
0 20 40 60 80 100

p, veh/km/lane

Figure 4.2. The velocity-density relationship subjected to 0%, 7%, 20%, 40%
and 70% PRs of CAVs.
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V, km/hour
B [=2] (=]
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o

~
o

PR % 0 80 p, veh/km/lane

Figure 4.3. The velocity subjected to varying PR of CAVs considering a
reference density.

sured directly from SUMO, and flow (g) is computed as
q=p-v, (4.22)

while the blue line is the least-square fitting of the flow-density relationship
computed as

a(p) = p-V(p), (4.23)

using the Papageorgiou model (Eq. (4.20)) for V(p). Figure 4.4 is q(p)
when the CAVs are not deployed such that CAVs are 0% and HDVs are
100%. The maximum flow (gy,) is 1308 veh/hour/lane, and the critical
density (per) is 28 veh/km/lane. Beyond the occurrence of p,,, the figure
represents congestion. Figure 4.5 represents q(p) with CAVs 7%, and HDVs
93%, the changes are small. p.. is 30 veh/km/lane, and the ¢, is 1386
veh/hour/lane. Similarly, ¢(p) with 20% CAVs is shown in Figure 4.6, and
that for 40% and 70% CAVs is demonstrated in Figure 4.7 and Figure 4.8,
respectively. With 20% CAVs, the p., improves which is 31 veh/km/lane,
and the g, is 1493 veh /hour/lane.

When CAVs are 40%, the p., is 39 veh/km/lane, and the g, improves
significantly to 1775 veh/hour/lane. With 70% CAVs, the relationship
further improves. pe, is 47 veh/km /lane, and the ¢y, is 1973 veh /hour/lane.
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It is evident from the results that the p.. improves greatly, and the ¢,
increases with the increase in PR of CAVs. The improvements are due to
the enhanced intrinsic and extrinsic characteristics of CAVs such as small
reaction times. Furthermore, with 0% CAVs in Figure 4.4, the capacity
drop is evident, but as the PR of CAVs increases from 0% to 70%, the
capacity drop vanishes. Capacity drop is caused by the delayed response
over the transitions, but since the CAVs have smaller reaction times, the
delay is eliminated resulting in enhanced flow over transitions.

The improvement in macroscopic variables is subjected to enhanced
microscopic characteristics of the mixed traffic. The CAVs are believed to
maintain smaller headways as compared with HDVs. In these experiments
we clearly see when CAVs with smaller headways are penetrated in the
traffic, there is an increase in the capacity which can be gauged with p.,,
Um, ¢m and the shape of the velocity-density and flow-density relationships.
Next, the revised macroscopic second-order model is evaluated.

2500 © SUMO —Papageorgiou (R?=0.99)

x=28, y=1308
2000 -

g, veh/hour/lane

- -
(3, (=] )]
(=3 o (=
o o o

Critical Density

0 20 40 60 80 100
p, veh/km/lane

o

Figure 4.4. The flow-density relationship based on PR, HDVs =100% and
CAVs = 0%.

4.5 Performance Evaluation of the Proposed Model

The performance of the proposed second-order is evaluated in this
section. Since the proposed second-order model is a system of Hyperbolic
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Figure 4.5. The flow-density relationship based on PR, HDVs =93% and

CAVs = 7%.
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Figure 4.6. The flow-density relationship based on PR, HDVs =80% and

CAVs = 20%.
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CAVs =40%.
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Figure 4.8.
CAVs =70%.
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Partial Differential Equations (HPDEs), it is numerically solved by em-
ploying a conservative scheme proposed by [52]. The density dynamics are
computed as

At At .
pith = plt 4 g P = i) + v (i — o) ] —eqf, (424)

where the subscripts ¢ and n are space and time indices. The velocity
dynamics is computed according to Eq. (4.21) which if v < (max(Cs, ¢«))
is

Y; = + E(K* + s =) (Vi — V") + ?(V(Pz’ ) — i), (4.25)

and otherwise, it is

At At
o = o (G ] — )0 — )+ (VD) — o). (4.26)
In (4.24), (4.25) and (4.26), Az and At are the road and time steps.
Furthermore, this scheme is only stable if the Courant-Friedrichs-Lewy
(CFL) condition [156] is satisfied, that is

m—— < 1. 4.2
v Ax — (4.27)

The proposed model is validated on data from SUMO. Az is the length
of each segment which is in accordance with SUMO. The time step At is
0.5 s for SUMO, and 1 s for the proposed macroscopic model. The total
simulation time is 24 hours (86400 s). It is worth mentioning that as the
proposed second-order model is Initial Boundary Value Problem (IBVP).
Thus, the data from the 1st segment and the 7th segment are used as
initial conditions for the proposed second-order model. The results are
shown from the 2nd segment to the 6th segment of the Dublin motorway
corridor.

Five different traffic scenarios which are differentiated by the PR of the
CAVs are reproduced with the proposed second-order model. The velocity-
density relationship V'(p) is calibrated for each scenario, and the Papageor-
giou model [19] is used for this relationship as elaborated in the previous
section. Errors arising from fixed parameters such as segment lengths are
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structured errors that are carefully handled. The error of the prediction
model is an unstructured error that is reduced to minimal value by cali-
brating the parameters of the proposed and JQZ model by employing the
as discussed in Section 3.5.5. The proposed and JQZ model parameters are
given in Table 4.5. The prediction error is quantified based on Root Mean
Square Percentage Error (RMSPE). The proposed second-order model is
validated on the simulated data from SUMO. A comparative analysis of
the results of the proposed, JQZ models and SUMO is presented.

Table 4.5. Simulation parameters for the traffic models.

Description Value
Simulation time 24 hours
Length of the motorway corridor 11 km (11,000 m)
Maximum velocity 100 km/hour (28 m/s)
Time step, At for the proposed model 1s
Simulation time step, At for SUMO 0.5s
Estimation time step for SUMO 20 s
Reaction time (HDVs) 1.2s
Reaction time (CAVs) 04s
Harmonization time (HDVs) 7 =0.5s
Harmonization time (CAVs) 7, =055
Average length of a vehicle, L 4 m
Minimum gap 1.5 m
Maximum deceleration , d,;, (CAVs) 7 ms—?2

Table 4.6. Calibrated parameters for the proposed and JQZ models.

Parameter Range  Unit Scenarios
1 2 3 4 5
co 5-30 ms~! 11.31 11.33 12.02 1542 19.10
Ljg- 1-35 S 24.97 24.03 22.02 19.61 13.53

ry, 1-35 S 2171 21.01 1870 14.20 11.63
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4.6 Validation of the Proposed Model against Sim-
ulated Data

The average density and velocity behavior of the proposed and JQZ
models is evaluated and compared with SUMO for validation. The pro-
posed model replicates the SUMQO’s density and velocity behavior with a
smaller prediction error compared to the JQZ model. The prediction error
on density and velocity is given in Table 4.7. The density and velocity
behavior with CAVs = 0% is shown in Figure 4.9a and Figure 4.9b, re-
spectively. The density behavior of the proposed model is alike SUMO,
and the prediction error is as low as 1.24%. While the prediction error
on velocity is 1.80%. The density and velocity behavior with CAVs = 7%
is shown in Figure 4.10a and Figure 4.10b, respectively. The density and
velocity dynamics are replicated accurately, while the prediction error on
density and velocity is 1.22% and 1.59%, respectively.

The density and velocity behavior with CAVs = 20% is shown in Fig-
ure 4.11a and Figure 4.11b, respectively. The density prediction error is
1.23%, and that for the velocity is 1.59%. With CAVs = 40% CAVs, the
density and velocity behavior are illustrated in Figure 4.12a and Figure
4.12b, respectively. The prediction error is 1.12 % on density and 1.35 %
on velocity. Similarly, it is 0.91 % and 1.27 % on density and velocity,
respectively with CAVs = 70% which is shown in Figure 4.13a and Figure
4.13b for density and velocity respectively.

The JQZ model [52| results are also shown in Figures 4.9-4.13, and the
prediction error is tabulated in Table 4.7. As compared to the proposed
model, the JQZ model has a large prediction error. As the PR of CAVs in
SUMO increases the JQZ model prediction error decreases. The reason for
this is “uniformity" in driving behaviors, the changes in traffic occur with
a uniform value that is given by cg in the model. This is because of the
similar characteristics of CAVs. Interestingly, the second-order JQZ model
can have large prediction errors in more heterogeneous traffic conditions
such as when the PR of CAVs is 0%, and the vehicles are not operating
with the same driving characteristics. But while the PR of CAVs increases
the average behavior becomes more uniform.

The reason JQZ model’s prediction error is the uniform value of cg.
As disturbances in traffic are instigated according to cg, this model always
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presumes similar behavior to any traffic condition, which can further de-
teriorate the model performance in more chaotic traffic conditions. The
JQZ model with higher PR of CAVs can be used for the prediction of traf-
fic states, but not for evaluative properties such as impacts of CAVs on
shockwave dissipation time and distance because driving/vehicle charac-
teristics are not considered in this model. Conversely, the proposed model
closely replicated the density and velocity of SUMO. It is evident that
the proposed model is well capable of reproducing the traffic dynamics.
The parameters of the proposed model, and the choice of velocity-density
relationship results in a plausible output of the model.
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(a) The average density behavior of the proposed, JQZ model
and SUMO, HDVs =100 % and CAVs = 0 %.
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(b) The average velocity behavior of the proposed, JQZ model
and SUMO, HDVs =100 % and CAVs = 0 %.

Figure 4.9. The average velocity and density behavior of the proposed, JQZ
model and SUMO with HDVs =100 % and CAVs = 0 % aggregated on the

whole motorway corridor.
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(a) The average density behavior of the proposed, JQZ model
and SUMO, HDVs =93 % and CAVs = 7 %.
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(b) The average velocity behavior of the proposed, JQZ model
and SUMO, HDVs =93 % and CAVs = 7 %.

4.10. The average velocity and density behavior of the proposed,

JQZ model and SUMO with HDVs =93 % and CAVs = 7 % aggregated on

the whole motorway corridor.
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(a) The average density behavior of the proposed model, JQZ
and SUMO, HDVs =80 % and CAVs = 20 %.
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(b) The average velocity behavior of the proposed model, JQZ
and SUMO, HDVs =80 % and CAVs = 20 %.

Figure 4.11. The average velocity and density behavior of the proposed,
JQZ model and SUMO with HDVs =80 % and CAVs = 20 % aggregated on
the whole motorway corridor.
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(a) The average density behavior of the proposed model, JQZ
and SUMO, HDVs =60 % and CAVs = 40 %.
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(b) The average velocity behavior of the proposed model, JQZ
and SUMO, HDVs =60 % and CAVs = 40 %.

Figure 4.12. The average velocity and density behavior of the proposed,
JQZ model and SUMO with HDVs =60 % and CAVs = 40 % aggregated on
the whole motorway corridor.
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(a) The average density behavior of the proposed, JQZ model
and SUMO, HDVs =30 % and CAVs = 70 %.
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(b) The average velocity behavior of the proposed, JQZ model
and SUMO, HDVs =30 % and CAVs = 70 %.

Figure 4.13. The average velocity and density behavior of the proposed,
JQZ model and SUMO with HDVs =30 % and CAVs = 70 % aggregated on
the whole motorway corridor.




Table 4.7. The RMSPE (%) on density and velocity of the proposed model and the JQZ model as compared
with SUMO subjected to varying PR of CAVs.

RMSPE (%) of the proposed model =~ RMSPE (%) of the JQZ model

PR (%) of CAVs Density ‘ Velocity Density ‘ Velocity
0 1.24 1.80 3.11 4.92
7 1.22 1.59 3.53 5.03
20 1.23 1.60 3.76 5.21
40 1.12 1.35 3.93 5.95
70 0.91 1.27 1.90 3.12
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4.7 Applications of the Proposed Model

In this section, the efficacy of the proposed model is exemplified in
relation to the fundamental attributes of the Dublin motorway. The rapid
computational efficiency of the proposed model enables a more efficient
assessment of the LOS. Moreover, the proposed model facilitates the ex-
amination of spatio-temporal evolution of traffic variables, specifically ve-
locity in this study. Additionally, it provides a means to analyze pertinent
insights pertaining to the propagation and dissipation of a shockwave.

4.7.1 The LOS Analysis

The LOS is a quality measure of the highways introduced by the
Highway Capacity Manual (HCM) [157]. LOS is a metric (defined by
letters from A to F) that designates a variety of operational circumstances
for a specific kind of facility. HCM defines six LOS letters, A through F,
where A stands for the highest level of service and F for the lowest. These
definitions are based on the facility’s Measures of Effectiveness (MoE). Ef-
fectiveness is typically measured in terms of speed, travel time, density and
delay. The proposed model is used in the same experimental setup to asses
the LOS of the Dublin motorway. It is done to quantify the effectiveness
of CAVs on the LOS of the motorway.

The LOS of the segments of the Dublin motorway is evaluated using
the traffic conditions over the motorway between 22:00 and 21:00. We
only evaluate the evening peak hour. The LOS of each segment of the
motorway is shown in Figure 4.14. To understand the Figure, we recall
Figure 4.1. It is important to note that there are off-ramps in segments 2
and 5, while there are on-ramps in segments 3, 5, and 6. For segment 2
when the CAVs’ PR is 0%, the LOS is C, and with 7% it is again C. The
LOS of segment 2 improves with 20% CAVs, it is B, and further improves
to A with 40% and 70%, respectively. Segment 3, when the PR of CAVs
is 0% and 7%, the LOS is C. While with 20% CAVs it is B. It improves to
A with 40% and 70% CAVs.

The LOS of segment 4 with 0% and 7% CAVs is D, and it is C with
20% CAVs. The LOS improves to A with 40% and 70% CAVs. The LOS is
D with with 0% and 7% CAVs. The LOS of which is C with 20%, while it
improves to A with 40% and 70% CAVs. Similarly, in segment 6, the LOS
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is B with 0% and 7% CAVs whereas it is A for 20%, 40% and 70% CAVs.
Thus, from the result, it is concluded that CAVs significantly contribute
to the improvement of the LOS of the motorway. The analysis of the
LOS is vital for many reasons such as traffic control purposes and asset
management domains. The proposed model can be employed to effectively
analyze the LOS with less complex computational efforts as compared to
manual procedures and microscopic simulations.

Level of Service (LOS)
> WO OoOmm

Segments

Figure 4.14. The LOS of the Dublin motorway for segment 2 to segment 6
subjected to CAVs’ PR = 0%, 7%, 20%, 40% and 70%.

4.7.2 Macroscopic Spatio-Temporal Analysis of the Veloc-
ity

The velocity evolution with the proposed model over 24 hours with
varying PRs of CAVs on the motorway corridor is shown in Figure 4.15. It
is evident that the velocity evolution improves with the increase in the PR
of CAVs. From the analysis of the motorway corridor, we observed that
major velocity breakdowns occur in segments 2, 3, 4 and 5. The velocity
breakdowns occur due to vehicular interactions at the off-ramp in segment
2, at the on-ramp in segment 3, and at the off-ramp in segment 4. The
velocity during these breakdowns is as low as 16.91 km/hour when the
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PR of CAVs is 0%. With CAVs = 0%, the velocity evolution is shown in
Figure 4.15a. A very clear pattern of velocity breakdowns is observed. It is
observable that the minimum velocity 16.91 km/hour between 11:00 and
13:00 in the first half of the day. In the second half of the day between
20:30 and 21:30, again the velocity is minimum, and major breakdown
occurs in segment 3 and segment 4.

The velocity evolution of mixed traffic with CAVs = 7% is shown in Fig-
ure 4.15b. The velocity breakdowns are visible, major velocity breakdowns
occur in segment 2, segment 3, and segment 4, and the minimum velocity is
19.60 km/hour. A little enhancement is noticed in the frequency of veloc-
ity breakdowns. The velocity evolution of mixed traffic with CAVs = 20%
is shown in Figure 4.15¢. The velocity breakdowns improved significantly,
major velocity breakdown occurred in segment 4, and the minimum veloc-
ity is 25.43 km /hour. The velocity evolution of mixed traffic with CAVs
= 40% 1is shown in Figure 4.15d. The velocity breakdowns are further
smoothed out. Segment 3 and segment 4 has no velocity breakdowns. The
minimum velocity is recorded in segment 2, and it is 26.44 km /hour. This
behavior is enhanced when the CAVs = 70%, the variations in velocity are
almost smoothed out, velocity behavior is consistent as depicted in Figure
4.15e, and the minimum velocity 31 km/hour is in segment 2. With the
increase in the PR of CAVs, the velocity breakdowns are smoothed out,
and the overall corridor performance improves. The harmonization of ve-
hicles is rapid due to the improved response of CAVs resulting in a smooth
flow.

However, in the current experimental setup, the impacts of the param-
eters of the proposed model on traffic flow cannot be explicitly determined.
There is no impedance on the off-ramps and on-ramps due to which the
traffic perturbation once generated dissipates abruptly with a change in the
vehicles’ characteristics. In other words, the shockwaves are not sustained
for longer times due to which their formation and dissipation times cannot
be analyzed. Moreover, the JQZ model cannot be employed to investigate
the impacts of the microscopic characteristics on the evolution of traffic
explicitly. Thus, we showcase the capability of the proposed model to in-
vestigate the impacts of the microscopic such as the reaction time of the
CAVs on the evolution of traffic. This being the case, we employ circular
boundary conditions. In this case, the perturbation in traffic is sustained,
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and the CAV characteristics defined by the proposed model parameters
can be explicitly investigated. For this purpose, the results of this study
are further extended on a circular road in section 4.7.3.
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Figure 4.15. Velocity evolution on the motorway corridor with assorted PRs of CAVs.
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4.7.3 Spatio-Temporal Analysis of a Shockwave in the pres-
ence of CAVs

The proposed model is based on dynamic headway with characteris-
tics of CAVs defined by traffic physics. Previously, the proposed model
was validated by generating ground truth in SUMO, and the prediction
accuracy of the proposed model was evaluated. But, for the impacts of
the parameters of the proposed model, a perturbed traffic condition with
an inactive bottleneck is needed. The proposed model’s parameters can
be analyzed accurately if there is a continuous flow with no off-ramps and
on-ramps. The perturbation in traffic will travel along the traffic, and the
impact of the parameters on the traffic can be better evaluated. For this
reason, we have designed a 20 km long circular road with periodic bound-
ary conditions;

p(L,t) = p(0,t), v(L,t) = v(0,1). (4.28)

The simulations are performed for 1800 s (30 minutes). The CAVs’
PR is set to a reference 40%, and only 7, is varied. Five different 7, are
considered that are 0.5s,1.0s, 1.5 s, 2.0 s and 2.5 s. A shockwave resulting
from an inactive bottleneck is analyzed subject to these 7,.. The shockwave
distance and time of occurrence are compared. The shockwave subjected
to different 7, with CAVs= 40% is shown in Figure. 4.16 to Figure. 4.20.
The shockwave distance and time for different 7, are given in Table 4.8.
We have considered 7. for the evaluation due to its sensitivity on the
model output with respect to other parameters of the proposed model as
we analyzed from our experiments.

The shockwave dynamics with 7. = 0.5 s is shown in Figure 4.16, and
the propagation distance and time are given in Table 4.8. The tail of the
bottleneck is at 14,400 m, the shockwave propagates from this point to
12,400 m. The propagation distance of the shockwave is 2000 m, and it
takes 158 s for it to start dissipating. The shockwave dynamics with 7,, =
1.0 s is shown in Figure 4.17. The tail of the bottleneck is at 1,4400 m,
and the shockwave resulting from this bottleneck is propagated backward
till 12,200 m. The shockwave propagation distance is 2200 m, and it takes
226 s to start dissipating. The difference between the propagation time
with 7. = 0.5 s is 68 s.

The shockwave dynamics with 7. = 1.5 s is shown in Figure 4.18. The
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Table 4.8. The shockwave distance and time subjected to 7. = 0.5 s, 1.0 s,
1.5 s, 2.0 s and 2.5 s with PR of CAVs = 40%.

7 (s)  Propagation distance (m)  Propagation time (s)
0.5 2000 158
1.0 2200 226
1.5 2310 251
2.0 2400 268
2.5 2800 319

tail of the bottleneck is at 14,400 m, and the shockwave propagates back-
ward till 12,090 m. The shockwave propagation distance is 2310 m, and it
takes 251 s to start dissipating. With 7, = 2.0 s, the shockwave dynamics
are illustrated in Figure 4.19. The tail of the bottleneck is at 14,400 m,
and the shockwave propagates backward till 12,000 m. The shockwave
propagation distance is 2400 m, and it takes 268 s to start dissipating.
Similarly, the shockwave dynamics with 7, = 2.5 s is shown in Figure 4.20.
The tail of the bottleneck is at 14,400 m, and the shockwave propagates
backward till 11,600 m. The shockwave propagation distance is 2800 m,
and it takes 319 s to start dissipating. The insights from these simulations
are plausible for many reasons. The impact of 7. is explicitly analyzed. It
is evident from the results that 7. of CAVs can significantly improve the
traffic flow operations when CAVs are 40%. Results could be different for
various PRs of CAVs. The proposed model could be employed in traffic
control applications in the presence of CAVs to develop new control strate-
gies.

4.8 Conclusion

A new macroscopic Second-Order Traffic Flow Model (SOTFM) in-
corporating the characteristics of Connected and Autonomous Vehicles
(CAVs) was proposed. It is based on class-specific reaction velocity con-
sidering dynamic headway distance. The proposed model has been inves-
tigated and validated with a high-fidelity traffic simulator (SUMO). It
is evident from the results that the proposed model can replicate differ-
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Figure 4.16. Shockwave formation and dissipation with 7, = 0.5 s in presence
of CAVs = 40%.
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Figure 4.17. Shockwave formation and dissipation with 7, = 1.0 s in presence
of CAVs = 40%.
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Figure 4.18. Shockwave formation and dissipation with 7,, = 1.5 s in presence
of CAVs = 40%.

1
0.8
0.6
0.4
0.2
0

750 1000 1250 1500
Time, s

Figure 4.19. Shockwave formation and dissipation with 7,, = 2.0 s in presence
of CAVs = 40%.
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Figure 4.20. Shockwave formation and dissipation with 7. = 2.5 s in presence
of CAVs = 40%.

ent traffic conditions subjected to assorted Penetration Rates (PRs) of
CAVs. Macroscopic analysis of corridor velocity was carried out. It is con-
cluded that the average velocity of the motorway corridor improves by 20
km /hour with the increase in PR of CAVs from 0% to 70%. Furthermore,
CAVs maintain small headway, thus with the increase in the PR of CAVs,
the capacity of the road increases which helps in the mitigation of conges-
tion.

CAVs also have a smaller reaction and harmonization times due to
which changes in traffic occur faster compared to Human-Driven Vehicles
(HDVs). The investigations showed that the Level of Service (LOS) of the
Dublin motorway enhances with the increase in PR of CAVs. It is evident
from the results that CAVs can improve LOS D to LOS A. Furthermore,
shockwave analyses were performed in order to check the effectiveness of
the parameters of the proposed model. Particularly, the impact of the
reaction time of CAVs (7,(cavs)) on a shockwave dissipation time has been
evaluated. It is observable that CAVs with smaller 7,.c4vs) can reduce the
shockwave occurrence time and distance.

In all, the proposed model provides a more realistic characterization
of mixed traffic. All the model parameters are traffic physics-based which
reduces the calibration efforts. Thus, the proposed model can be employed
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for the characterization of mixed traffic, and control of traffic flow. The
more, it can also be extended to investigate exhaust emissions resulting
from a traffic flow.

Further application of the proposed model includes its use in traffic
control as a prediction model. With the proposed model, traffic dynam-
ics can be studied based on microscopic characteristics such as reaction
time and headway distance. Thus, allowing to replace conventional traffic
control such as Variable Speed Limit (VSL) with other control variables
such as reaction time, harmonization time and deceleration of CAVs. Ad-
ditionally, one vital aspect of the proposed model is that it is based on a
fundamental diagram calibrated with data, for real-time applications, the
model can be revised to consider the modeling of the parameters of the
fundamental diagram. More, various vehicle classes can be incorporated,
ranging from conventional vehicles (HDVs) to different automation levels of
CAVs. Additionally, the second-order models can be revised to consider the
influence of Cooperative Intelligent Transportation Systems (C-ITS) tech-
nologies, which enable communication between vehicles and infrastructure,
leading to cooperative behaviors and enhanced traffic management. This
comprehensive approach would account for the diverse elements present
in modern traffic scenarios, allowing for a more accurate representation of
traffic flow dynamics in complex mixed traffic environments.

4.9 Preview of the Next Chapter

This section has pragmatically examined mixed traffic using micro-
scopic simulation data as a basis for our Second-Order Traffic Flow Model
(SOTFM). We successfully fine-tuned the speed-density relationship through
this data, revealing an interactive relationship between microscopic and
macroscopic simulations. Although our proposed model has demonstrated
its capabilities, there is more work to be done.

To enhance our comprehension and practical applications, further re-
search is essential. We need to expand the model to accommodate addi-
tional vehicle types and investigate exhaust emissions and fuel consump-
tion details within this framework. As traffic mixtures introduce more
complexity, we require robust strategies, especially for the speed-density
relationship, to precisely capture these dynamics.
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Considering this perspective, the subsequent section introduces an inte-
grated macroscopic model that combines traffic and emission models. This
integration is crucial for conducting vital investigations, such as simultane-
ous predictions of traffic flow and emissions. By effectively incorporating
the intricacies of traffic mixtures into the Fundamental Diagram (FD), our
proposed integrated macroscopic model becomes a powerful tool for effi-
cient traffic flow planning and management.




Chapter

Characterization of Traffic
Flow and Emissions Driven on

the Fundamental Diagram of
Traffic Mixture

5.1 Abstract

The advent of Connected and Autonomous Vehicles (CAVs) and Con-
nected Heavy Vehicles (CHVs) has transformed traffic studies. CAVs
and CHVs will have to coexist in traffic alongside Human-Driven Vehi-
cles (HDVs) and Heavy Vehicles (HVs) on the freeways forming a complex
traffic mixture. This coexistence necessitates the understanding of the
dynamics of traffic mixture to improve the operations of freeways. To
commence, the Fundamental Diagram (FD) is vital to understand, it is
viewed as the basis of traffic flow theory in view of traffic mixture is not
well studied. We delve deeper into the insights of the FD of traffic mix-
ture and derive the FD of traffic mixture driven on class-specific varying
headway distances of the vehicles. Subsequently, we propose a continuum
second-order traffic flow model, aiming to effectively capture and analyze
the traffic dynamics arising from the traffic mixture. Furthermore, the pro-
posed model integrates the macroscopic emissions and fuel consumption
model to quantify the exhaust emissions and fuel consumption resulting
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from the traffic mixture.
Two traffic mixtures are considered

e a mixture of CAVs and HDVs, and
e a mixture of CAVs, HDVs and HVs

Results manifest that the average velocity on the freeway corridor mo-
mentously improves with an increasing PR of CAVs in a traffic mixture.
The average velocity of traffic mixture (HDVs-CAVs) improves by 67.65%
with increasing PR of CAVs from 0% to 100%, and it improves by 63.63%
when there are only 5% HVs in the traffic mixture (HDVs-CAVs-HVs).
CAVs can limit traffic oscillations, consequently, improving the spatio-
temporal velocity and density evolution. As a result, fuel consumption and
exhaust emissions are minimized which are computed using the proposed
model in conjunction with an emission model, and are verified through
numerical simulations.

5.2 Introduction

Traffic congestion on freeways leads to high exhaust emissions and fuel
consumption resulting in increased socio-economic costs, as well as environ-
mental issues [121, 158, 159]. Connected and Autonomous Vehicles (CAVs)
have the potential to reduce traffic congestion by enabling a smoother flow
of traffic through robust communication with traffic. Consequently, ex-
haust emissions and fuel consumption could be reduced. CAVs could also
use algorithms to optimize vehicle speeds and routes which will help pre-
vent unnecessary stops due to heavy traffic conditions. It is expected
that by 2040-2050, the Penetration Rate (PR) of CAVs will surge [122].
However, due to many policy and technical obstacles, CAVs will have a
marginal PR in the next few years [123|. Typically, there will be a transi-
tion period over which Human-Driven Vehicles (HDVs), CAVs, and Heavy
Vehicles (HVs) will operate simultaneously forming a traffic mixture.

This traffic mixture may show some complex traffic flow characteristics
[124, 125]. Thus, it is significant to understand the dynamics of traffic mix-
ture in order to maintain smoother flow operations. There is a dire need
for research on this type of mixed traffic flow [127]. At all scales (micro-
scopic, mesoscopic, and macroscopic), appropriate models and modeling
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methodologies are required in order to accurately depict the changing dy-
namics and capacities of mixed traffic flow as they will alter significantly
[128].

To date, various benefits of CAVs have been identified that are

1. CAVs will be able to detect obstacles on a road. This will greatly
reduce the number of car accidents and fatalities on the roads, thus
enhancing traffic safety.

2. CAVs can help manage traffic congestion by driving at precise speeds
and maintaining appropriate distances between vehicles. CAVs are
able to run with significantly less spacing or headway. Due to the
smaller reaction times of CAVs in traffic mixture, the interactions
among vehicles at off-ramps and on-ramps occur quickly, resulting in
smoother flow operations. As a result, it is anticipated that the traf-
fic capacity of highways with CAVs would grow [130, 131, 132|, and
the Level of Service (LOS) of highways will improve. They could also
optimize routes for faster travel times with fewer delays due to traf-
fic jams or construction projects on highways resulting in increased
efficiency.

3. Unlike HDVs, CAVs are more fuel efficient because they won’t waste
energy in sudden starts, stops, or unnecessary acceleration/decelera-
tion. This would result in less environmental pollution from vehicle
emissions over time if these technologies were widely adopted glob-
ally ensuring decreased pollution.

Modeling traffic flow in view of HDVs, CAVs, CHVs and HVs is impor-
tant to accurately simulate and interpret how CAVs will interact with the
environment. With an increase in the number of CAVs on the freeways, it
is essential to understand how they will communicate with other driver-
s/vehicles, obey road rules, react to signs/barriers, and adjust speed when
merging onto a highway or changing lanes. Apt modeling helps us create
realistic simulations which can be used to identify potential hazards posed
by these new technologies, and help traffic engineers determine appropri-
ate measures for managing infrastructure efficiently. Additionally, such
models can help identify areas that might require improvements in terms
of infrastructure upgrades or Intelligent Transportation Systems (ITS).
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Macroscopic models can be effectively used to evaluate flow of traf-
fic mixture. Macroscopic approach is employed due to its capability of
reliable traffic flow modeling, and moderate computational complexity
[53, 133, 134]. One widely known group of macroscopic models is the
second-order traffic flow models. However, they are not explicitly revised
for the characteristics of traffic mixture (HDVs-CAVs-CHVs-HVs). In this
perspective, the conventional continuum second-order macroscopic traffic
model [52] is revised in order to incorporate the characteristics of traffic
mixture. The revised continuum second-order model is based on the class-
specific varying headway distances of HDVs, CAVs; and HVs, and explicitly
uses a PR-based Fundamental Diagram (FD) of the traffic mixture.

The main contributions of this chapter can be summarized as follows:

1. A new second-order continuum traffic model is proposed by tak-
ing into account the varying headway distances of the HDVs, CAVs,
CHVs, and HVs. The parameters of the FD explicitly consider the
PR of HDVs, CAVs, and HVs, resulting in non-uniform shape of the
FD.

2. Fuel consumption and exhaust emissions are investigated for traffic
mixture by integrating a macroscopic emissions model with the pro-
posed model.

3. The performance of the proposed model is evaluated on a 20 km
circular highway. Far-reaching analysis of the characteristics of traffic
mixture are presented.

5.3 Modeling of the Dynamics of Traffic Mixture

5.3.1 Modeling of the Class-Specific Headway Distance

The headway distance is the space needed between two vehicles in
order to achieve a safe and comfortable driving experience. Traffic flow dy-
namics alter significantly with headway distance (H), headway time (74),
reaction time (7,) which consequently impact the highway capacity. Accu-
rate characterization of traffic flow based on these parameters is vital for
plausible descriptions and understanding of the evolution of traffic flow.
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Moreover, the characteristics of HDVs, CAVs, and HVs could be differ-
entiated based on headway distance, 74, and 7.. We exploit the typical
headway distance assuming the characteristics of traffic mixture to char-
acterize traffic flow.

The distance from the front bumper of a leading vehicle to that of
the following vehicle is defined as headway distance [139] as shown in
Figure 5.1. Typically, this distance comprises of length of a vehicle (L),
the clearance gap (C) between the vehicles at standstill, and the traffic
transitions gap (Gy) which is taken into consideration whenever there is
a change in the traffic state. The Gy between the vehicles is a dynamic
gap, and is a vehicle or driver’s intrinsic property [140]. It is different for
non-identical traffic conditions subjected to different classes of the vehicles
such as HDVs, CAVs, CHVs and HVs in traffic mixture. It significantly
depends upon the class-specific reaction time and velocity [141].

o o

Figure 5.1. Headway distance representation considering the length of a
vehicle (L), clearance gap ('), and the gap during traffic transitions (Gy).

Thus, the headway distance is
H=Guy+C+ L. (5.1)

The 7, is the amount of time it takes for a driver to recognize and respond
to a situation on the road. The greater the H between two vehicles, the
more time a driver has to react. Therefore, as H increases, 7, should also
increase. Consequently, adjustments in H are characterized by 7., which
is different for various classes of vehicles in non-identical traffic conditions
[142], thus, the Gy can be modeled differently. In non-identical traffic
conditions, a vehicle or driver’s response to changes ahead is not unique,
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and the Gy is computed as
Gtt =vU- Ty, (52)

where v is the class-specific average velocity. The H is often considered
a constant which is, however, not correct. Headway distance in Eq. (5.1)
will result in a non-identical value depending on the traffic state.

Investigations of the impacts of vehicle classes on the average traffic
flow have always been a concern of researchers. With the emergence of
CAVs, the intrinsic vehicle properties have improved, and they have been
investigated in a number of studies [146, 147|. From a motion viewpoint,
with improved intrinsic vehicle characteristics, the three-vehicle classes,
CAVs, HVs. CHVs and HDVs will maintain a non-identical headway in
mixed traffic conditions. Considering the characteristics of traffic mixture,
the class of each vehicle will have a unique headway distance that is because
of the difference in the 7, of the vehicles. For HDVs, it is represented by
Hj, and is

Hy, = Gun + Cp + L, (5.3)
that for CAVs is represented by H., and is

Hc = Gttc + Cc + Lca (54)
and for HVs is represented by H;, and is

H;y = Gy + Cy + Ly. (5.5)

For HVs, the headway distance can vary depending on the size and
weight of each vehicle, as well as the speed at which they are traveling.
Generally, it is recommended that there should be around four seconds
of time gap between two HVs moving at normal speeds. For CAVs, the
recommended headway distance may be much smaller than for traditional
HDVs and HVs due to their superior sensing capabilities. The CAVs with
advanced technology such as lane-keeping assistance systems can calculate
more accurately how far away from other objects they need to remain in
order to ensure a safe journey for all involved. This means that CAVs usu-
ally require less room between them compared with HDVs and HVs, when
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both are traveling along a road at similar speeds. Finally, for HVs (usually
heavy commercial trucks or other large freight carriers), a larger headway
distance is required due to their sheer size and weight combined with low
acceleration capability. HVs often require greater distances between them
in order to maintain an acceptable level of safety on public roads. From
Egs. (5.3), (5.4), and (5.5), it is clear that the class-specific headway will
be non-identical. The Gy for each class will be computed from the average
speed and the 7, of the HDVs, CAVs, and HVs. While the C is always dif-
ferent when HDV is followed by a CAV and HV, and vice versa, whereas
the L is the same for CAVs and HDVs, and different for HVs.

5.3.2 Modeling of the Parameters of the Fundamental Di-
agram

The fundamental traffic flow variables are velocity (v), density (p)
and flow (q). These three variables are related to each other, they all
affect the capacity and Level-of-Service (LOS) for roadway segments and
highways. Higher ¢ is associated with higher v, while a small p can result
in large headway distance. Higher v results in small headway distance
and so forth. Ultimately, these factors must be considered together when
exploring traffic behavior of traffic mixture. The relationship between these
variables is

q(x,t) = p(x,t) - v(x,t). (5.6)

The p(x,t) can be presumed as the reciprocal of H, when the p(x,t) is
large the H is small, and vice versa, it is computed as

plx,t) = % (5.7)

Assorted classes of vehicle have different characteristics such as the clear-
ance gap between HDV and HDV is larger than that of a CAV and CAV.
Similarly, the clearance gap and average length of HVs are larger than both,
CAVs and HDVs, thus the headway dynamics will be different for them.
The class-specific p(x,t) can then be computed by substituting Eqs. (5.3),
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(5.4), and (5.5) in Eq. (5.7),

Hih, HDVs

plz,t) = i? CAVs (5.8)
1
E. HVS

Substituting Eq. (5.7) in Eq. (5.6), it gives

v(z,t)
R

Q(x7t> = (59)

thus considering the class-specific characteristics, the ¢ can be computed
as

vel) - HDVs

h

gla,t) = U= CAVs (5.10)
—”(é;t). HVs

Egs. (5.8) and (5.10) are true when a single class of vehicles is considered.
For a traffic mixture, these relationships can be exploited by introducing
the PR of each class. The PR of three classes of vehicles is represented as

PRypvs = a,

PRcavs = B, (5.11)
PRpys =n.

Eq. (5.8) can then be exploited to take into account the class-specific PRs
as

1
plx,t) = {(axHh)HBXIH), CAVs and HDVs (5.12)
ax AP ATy CAVs, HDVs and HVs

Eq. (5.12) yields average density subjected to the average velocity and
class-specific reaction times. If we consider free-flow traffic conditions,
critical density (pr) can be computed by considering the free-flow velocity
(vy) instead of v. Substituting Eq. (5.1), Eq. (5.7) gives

1
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If class-specific characteristics are considered the p.. can be computed

as
1
Gytn+Cr+Lp> HDVs
_ 1
Per = m7 CAVS (514)
1
Grit+Ci+Le HVs

where Gy = vy - 7, and 7, is different for all the three vehicle classes. The
per of the mixed traffic can be as

CAVs and HDVs

CAVs, HDVs and HVs
(5.15)

Eq. (5.15) can be further exploited to determine the maximum flow (g,)
of mixed traffic as

1
— { (ax(Geen+CrhtLp))+H(Bx(Grc+CetLe))’
pC’I‘ - 1

(ax(Getn+Ch+Lp)) +(BX(Grre+CetLe))+(x (Geet+Ce+Lt)) *

o — | GO O T B Gt L) CAVs and HDVs
" Y CAVs, HDVs and HVs

(5.16)
The maximum density (p,,) can be computed by setting v = 0 (jam traffic
conditions) in Eq. (5.14), thus

f
(ax(Geth+Ch+Lp))+(BXx(Gtte+Co+Le))+(nx (Gt +Ci+Lt))

1
m, HDVS
pm =1 == CAVs (5.17)
1
T HVs

pm of mixed traffic can then be computed as

CAVs and HDVs

CAVs, HDVs and HVs
(5.18)

Due to the assorted characteristics of all types of vehicles, the per, pm,
and ¢y, will always vary subject to class-specific PRs. These parameters
can be directly employed to estimate the FD of traffic. From a real-time
forecasting standpoint, the continuum perspective of modeling is vital since
the FD directly employs the values of p.- and p,,. In continuum second-
order traffic flow models, the velocity-density relation is most sensitive

1
Pm = {(aX(Ch+Lh))+(/BX(Clc+Lc))7
(@x(Cp+Ln))+(Bx(CetLe))+(mx (Ce+Le))
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to model output. Thus, taking into account the class-specific PR and
headway distances would allow us to capture the behavior of the traffic
mixture more realistically.

5.3.3 Analysis of the Mixture Fundamental Diagram

The FD is evaluated based on the derivations in Section 5.3.2. The pg,
is computed using Eq. (5.15), pp, and g, are computed using Egs. (5.18),
and (5.16), respectively. The class-specific parameters are given in Ta-
ble 5.3. First, a traffic mixture of HDVs and CAVs is considered to evaluate
the behavior of the FD in the presence of CAVs with assorted PRs. The
mixture FD of HDVs and CAVs is shown in Figure 5.2, and the analysis
is further elaborated in Table 5.1. When a = 1 (100% HDVs), the pe, is
17 veh/km whereas the p,, and g, are 133 veh/km and 1756 veh/hour,
respectively. We consider this as the base case scenario, and henceforth
we introduce the PR of CAVs () to understand the FD of traffic mixture.

With = 0.2 (20%) CAVs, the p. and py, are 19 veh/km and 138
veh /km, respectively while the g, is 2022 veh/hour. The p., and p,, are
22 veh/km and 144 veh/km, respectively with 5 = 0.4 (40% CAVs), and
the ¢y, is increased to 2384 veh/hour. With 5 = 0.6 (60% CAVs), the pe,
is 27 veh/km, and the p,, is 151 veh/km, while the g, is 2903 veh/hour.
When g = 0.8 (80% CAVs), the p, is 34 veh/km, and p,, is 158 veh/km.
The @y, is 3711 veh/hour. With g =1 (100%) CAVs, the p. and p,, are
48 veh/km and 166 veh/km, respectively while the g, is 5143 veh/hour.

The mixture FD of HDVs, CAVs and HVs is shown in Figure 5.3, and
the analysis is further elaborated in Table 5.2. Now, the mixture comprises
of three classes of vehicles. The PR of HVs, n = 0.05 (5% of the total
traffic) which is uniform throughout the analysis. When a = 0.95, 8 = 0,
and n = 0.05, the pe is 15 veh/km, p,, is 122 veh/km, and ¢, is 1669
veh/hour. When a = 0.75, 8 = 0.2, and n = 0.05, the p. and p,, is
17 veh/km and 127 veh/km, respectively, while the g, is 1907 veh/hour.
The per is 20 veh/km, py, is 132 veh/km, and g, is 2226 veh/hour with
a = 0.55, 8 =0.4, and n = 0.05.

When a = 0.35, 8 = 0.6, and = 0.05, the pg, is 24 veh /km, p,, is 138
veh /km, and gy, is 2672 veh/hour. When o = 0.15, 8 = 0.8, and n = 0.05,
the per and py, is 31 veh/km and 143 veh/km, respectively, while the ¢y, is
3341 veh/hour. The p., is observed to be 38 veh/km, py, is 148 veh/km,
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Figure 5.2. Fundamental diagram with assorted PR of CAVs () and HDVs
(a).

and ¢y, is 4114 veh/hour with « = 0, 8 = 0.95, and n = 0.05. The FD
in both mixtures such as CAVs and HDVs and CAVs, CHVs and HVs is
greatly influenced by the PR of CAVs. It is clear that the HVs reduce the
efficiency of road networks. Further, the CHVs will reduce the resistance
caused to traffic flow by HVs, thus, we will also investigate the impact of
CHVs on the overall throughput of traffic in later sections.

Table 5.1. The per, pm, and ¢, of FD subjected to assorted PR of HDVs
(o) and CAVs ().

o' N per (veh/km)  pp, (veh/km) gy, (veh/hour)
1 0 0 17 133 1756
0.8 0.2 0 19 138 2022
0.6 0.4 0 22 144 2384
0.4 0.6 0 27 151 2903
0.2 0.8 0 34 158 3711
0 1 0 48 166 5143
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throughout the analysis.

Table 5.2. The p.r, pm, and ¢q,, of FD subjected to assorted PR of HDVs
(o), CAVs (B), and HVs (n).

o B n per (veh/km)  pp, (veh/km) ¢, (veh/hour)

0.95 0 0.05 15 122 1669
0.7 02 0.05 17 127 1907
055 04 0.05 20 132 2226
035 06 0.05 24 138 2672
0.15 0.8 0.05 31 143 3341

0 0.95 0.05 38 148 4114
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5.3.4 The Revamp Continuum Second-Order Traffic Model

The continuum second-order traffic models are introduced in Chap-
ter 2 (see Section 2.2). The gaps and shortcomings of these models are
also detailed, reckon with traffic mixture. In this Section, we revise the
anticipation term of the continuum second-order model [52]. The driver
presumption is altered from the original work to take into account the
impacts of the variations in traffic and to introduce class-specific PRs.
During traffic transitions, the response of drivers/vehicles is characterized
by reaction velocity v, [134] which is a function of the actual H and the
transition occurring time, it is

Vp = —. 5.19
= (519)
It is the change in velocity when traffic changes occur from free flow to
congested flow and vice versa. In the case of free flow, 7;. increases, resulting
in a large H and vice versa. The v, for HDVs, CAVs, and HVs will be
different. For HDVs, it is represented by ¢, and is

(=—, (5.20)
Tah
where 7,5, is the transition time for change occurrence by HDVs, which is
the sum of 7, and harmonization time 7. Reaction velocity for CAVs is
denoted by ¢ , and is
-

(5.21)
Tbh

¥

where Ty, is the transition time of CAVs. Reaction velocity for HVs is

denoted by v , and is
H,
v=— 5.22
Tch ( )
where 7., is the transition time of HVs.

Furthermore, the dispersion effect of the speed of traffic mixture is
characterized by anticipation. That is, how identical driver/vehicle reacts
to traffic conditions presumed. Drivers/vehicles usually reduce speed while
approaching heavy traffic downstream, and vice versa for light traffic. The
second-order traffic models take into account this property of flow, which
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in Eq. (2.8) is

(vl ) — e 2200,
demonstrating that traffic patterns alter spatially with gradients of veloc-
ity. In a practical sense, ¢g is the driver response to the changes in traffic
which is not always uniform. It is characterized by reaction velocity, in
this study, it is given by Eq. (5.20) for HDVs, and Eq. (5.21) for CAVs.
In most of the studies, ¢g is considered as constant which means a driver
or vehicle will always have a uniform response in non-identical conditions
which is not correct and has no physical meaning. This has been revised by
many researchers and corrected for HDVs. However, revising this for the
mixture of HDVs, CAVs, and HVs is significant for more accurate traffic
characterization of traffic.

(5.23)

The response of the following vehicle is significantly influenced by the
leading vehicle, and it is regarded as an anisotropy principle in traffic flow.
It forms the basis of traffic hypotheses since, in mixed traffic, they will
manifest according to the predominant class-specific average behavior. To
be explicit, in macroscopic systems, the typical behavior is regarded as a
traffic wave that is traffic-traveling-wave [50]. It is not possible to study
the behavior of a single car at the macroscopic level, instead, we must
study typical traffic behavior as a traffic-traveling-wave. In the case of
CAVs, HDVs, and HVs this traffic-traveling-wave is modified in accordance
with the dominating average behavior of either CAVs, HDVs, and HVs.
Therefore, it is essential to introduce the share of each class in traffic in
order to identify the prevailing behavior of traffic-traveling-wave. This can
be done by introducing a class-specific PR because realistically the traffic
is 100% comprised of HDVs, and to understand the impact of CAVs and
HVs, the PR of CAVs and HVs must be taken into account.

To introduce PR, we multiply it with Eq. (5.21), we get
Ox =P, (5.24)

and ( is updated as

G =0-C, (5.25)
while 7 is updated as

Ve =17, (5.26)
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where «, 5, and n are the PR of HDVs, CAVs, and HVs, ranging between 0
and 1. The anticipation term Eq. (5.23) is now revised for traffic mixture,
and is

[Ce + i + ’7*](61} (5.27)

ax)'

To this end, the anticipation term of the second-order model is revised,
and from then on, another significant model input V(p(z,t)) is discussed.
The choice of velocity-density relationship can greatly affect the model
output. Traffic behavior is stochastic, it means traffic is not always in
equilibrium. In second-order models, this property is when the average
velocity of vehicles is tuned as per the density-dependent velocity, which
is equilibrium velocity and given by V(p(z,t)). Such changes are modeled
through the relaxation term commonly known as the speed adaptation
term. It details how vehicles adapt their speed to the steady-state speed
and is characterized as

Vip(z,t)) — v(,t)
T ;

(5.28)

where v is the average traffic velocity and T' is the traffic relaxation time.
The average velocity of vehicles is tuned to equilibrium velocity over T
It has been shown that small T results in stable traffic [42]. The CAVs
have smaller relaxation time so they can adjust to equilibrium conditions
quickly compared to HDVs [148]. This is another vital parameter for mod-
eling the impact of CAVs on regular traffic, however, as other parameters,
the importance of T is also linked to class-specific PR. The Papageor-
giou model for velocity-density relationship [19] is supposed to capture the
variation in the slope of the velocity-density relationship as an exponential
function. It is given as

-1, p(z,t
V(p(a, 1)) = vy - exp[— (22D (5.29)
c Per
where c is the shape factor of slope, and p., corresponds to critical density.
In real-time simulations of mixture traffic, the p., for Eq. (5.29) can be
computed directly by using Eq. (5.15) for traffic mixture.

The second-order traffic model now can be revised for HDVs, CAVs, and
HVs. The anticipation of the second-order traffic model in (2.8) presented
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by [52] are modified, and the new proposed model is presented as

du(a,t) o ou@t) _ Vipad)—v(@t — (5-30)
o T (v(x,t) = [ + ©x + 7)) 9 (TCagr)

Op(x,t Op(z,t)-v(x,t
{ plet) | dotet)eien) g

According to Eq. (5.30), perturbation in traffic will be instigated accord-
ing to the dominating traffic class. This would induce a non-uniform class-
specific behavior of traffic. While the steady state will be guaranteed by re-
laxation term through V'(p) over class-specific relaxation time. If a change
in flow propagates with a finite velocity, then the model is hyperbolic.
Thus, the effect of a perturbation decreases over time. A traffic model
is strictly hyperbolic if the eigenvalues are real and distinct. Anisotropy
requires that velocity changes are not greater than the average. The eigen-
values are obtained from the Jacobian matrix to determine anisotropy and
hyperbolicity. To construct the Jacobian matrix, a model is considered in
conservation form.

The backward propagation velocity in the proposed continuum model
is characterized by (C«+@«+7s). Thus, the proposed model in conservative
form is

- < v >t’f(w) - < (3v% - (C*Tso*Jr%)v) )w’s(w - <V(p7)“_v>
(5.31)

where 1 represents the data variables p and pv, while the vector of func-
tions of the data variables is f(¢)). The vector representing the source
terms is S(1). The proposed continuum model’s Jacobian matrix A(t))
while setting ¢ = (p,v) is

v P
Al) = , 5.32
v (0 v—(C*+<p*+'y*)> (532
and the eigenvalues of Eq. (5.32) are
AL =0 — (G + Qs +74), A2 = 0. (5.33)

From Eq. (5.33) the proposed continuum traffic model traffic mixture
is hyperbolic as the eigenvalues are real and distinct. Since changes in
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traffic travel at and below the average velocity, thus, the system is also
anisotropic. Backward propagation of velocity evolves with Ao in the
frontal direction, while during congested flow, it evolves with A; in a back-
ward direction [5].

The proposed second-order model is a system of HPDEs. It is numer-
ically solved by employing a conservative scheme proposed by [52]. The
density dynamics are computed as

- At . At

n

P =pi + E(P?(%’ —vi4q)) + E’U?(P?A - i), (5.34)

where the subscripts ¢ and n are space and time indices. The velocity
dynamics is computed according to Eq. (5.30) which if

is

t At
B = 0 2L (Gt ] o) (W — ) o (V () oD,
(5.35)
and otherwise it is
At At
Un+1 = 'U:l+ C*+SD*+'7* —U? ’U;-n—’U;‘n_ +—(V p? —’Uzn .

(5.36)
where Az and At are the road and time steps. Furthermore, this scheme
is only stable if the Courant-Friedrichs-Lewy (CFL) condition [156] is sat-
isfied, that is

= <. (5.37)

5.4 The Macroscopic Model For Fuel Consump-
tion and Exhaust Emissions

The widely used microscopic VI Model [160] is transformed to macro-
scopic emissions and fuel consumption model by [161], and it is expressed
as
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3 3
In(MOE,) =YY (08, xv" x a), (5.38)
r=0 s=0
where In(MOE,) is the consumption rate of energy or exhaust emissions.
v" represents the instantaneous velocity while a® is instantaneous acceler-
ation. The coefficients of the regression are oy ; (see Table 1 of [161]). The
acceleration a®, is

Jv(z,t) Ov(x,t)
5 + v(x,t) R (5.39)
Using the difference scheme of [52], it is discretized as
ntl _gn ol —
R v (5.40)
Thus, Eq. (5.38) can be expressed as
e N
I(MOE) =33 (0, x (0 x (U L) (5.4
r=0 s=0
and finally, Eq. (5.41) become
3.3 ntl _ . n ot — ol
0= exp(of, x (1) x (“ N Uiy gn By, (542)
r=0 s=0

where © represents the desired quantity to be calculated. We integrate
Eq. (5.42) with Eq. (5.35) and Eq. (5.36) to calculate the fuel consump-
tion and exhaust emissions according to the dynamics envisioned by the
proposed model.

5.5 Performance Evaluation of the Proposed Con-
tinuum Second-Order Model for Traffic Mix-
ture

The performance of the proposed continuum second-order model is
evaluated on a 20 km freeway corridor. The simulation parameters are




CHAPTER 5. CHARACTERIZATION OF TRAFFIC FLow AND EMIssIONS DRIVEN ON THE
142 FunpaAMENTAL DiaGrRAM OF TRAFFIC MIXTURE

given in Table 5.3. The corridor is divided into 100 segments, and the road
step (Az) and time step (At) are 200 m and 1 s, respectively. The total
simulation (T§) time is 30 minutes, the relaxation time (7') is 20 s. The
Papageorgiou model is employed for velocity-density relation. Moreover,
typical parameter values are selected for the other parameters of the model.
Circular boundary conditions such as

o(X. 1) = v(0,0),
are employed in order to evaluate the traffic perturbation over the entire
corridor for 30 minutes. An inactive bottleneck (caused by a merge) is
employed sidewise to create a strong congested point. The purpose of this
is to observe a very strong shockwave that should remain in the corridor for
the whole simulation time, thus, it could allow us to evaluate the impacts

of CAVs, CHVs and HVs on conventional traffic flow.

5.5.1 Spatio-Temporal Analysis of the Velocity Subject to
Assorted PRs of CAVs

The evolution of the velocity with the proposed model is analyzed. In
this experiment, only CAVs and HDVs are considered in the traffic mixture.
The velocity evolution is observed for 30 minutes with assorted PRs of
CAVs and HDVs, and the results are given in Table 5.4. The velocity
evolution over the freeway corridor with « = 1 and 8 = 0 is shown in
Figure 5.6. A sharp velocity breakdown occurs between segments 68 and
72. The impact of this breakdown is propagated backward, and a very
timid velocity patterns are observed. The vyj;, is 7.23 km /hour while the
vmax and vayg are 100 km /hour and 46.0 km /hour, respectively.

The velocity evolution over the freeway corridor with o = 0.80 and
B = 0.20 is shown in Figure 5.7. The velocity breakdown between segments
68 and 72 improves incrementally. The vy;;, is 10.21 km /hour while the
vmax and vayg are 100 km/hour and 50.88 km/hour, respectively. The
vavg of the corridor improves by 10.60%. With o = 0.60 and 8 = 0.40,
the velocity evolution is demonstrated in Figure 5.8. The vy, is 14.42
km/hour while the vmax and vayg are 100 km/hour and 57.00 km/hour,
respectively. The vayg of the corridor improves by 23.91%.
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Figure 5.6. Spatio-temporal velocity evolution over the freeway corridor with

a=1and 5 =0.

The velocity evolution over the freeway corridor with a = 0.40 and
£ = 0.60 is shown in Figure 5.9. The velocity breakdown between segments
68 and 72 improves significantly. The vy,;;, is 20.35 km/hour while the
vmax and vayg are 100 km/hour and 63.00 km /hour, respectively. The
vavg of the corridor improves by 36.95%. With a@ = 0.20 and 3 = 0.80
as in Figure 5.10, the velocity breakdown is smoothed out efficiently. The
vavg of the corridor improves by 50.28%. Whereas the Uppin 18 29.00
km /hour while the vmax and vayg are 100 km/hour and 69.13 km /hour,

respectively.

The velocity evolution over the freeway corridor with a =0 and 8 =1
is shown in Figure 5.11. The velocity adjustments are sharp, and the veloc-
ity breakdown is eliminated very soon. The velocity evolution is smoother,
and a homogeneous pattern is observed. The vy, is observed to be 40.57
km /hour while the vmax is 100 km/hour. The vayg of the corridor im-
proves by 67.65%, and is observed to be 77.12 km /hour. It is demonstrated
that CAVs significantly improve the efficiency of the freeway corridor. With
the increase in the PR of CAVs, a more homogeneous velocity behavior is

achieved.
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Table 5.3. Parameters for the Simulation.

Description Notation Value
Average length of a vehicle (HDV) Ly 4.5 m
Average length of a vehicle (CAV) L. 4.5 m
Average length of a vehicle (HV) Ly 16.5 m
Clearance gap (HDV) Ch, 3
Clearance gap (CAV) C. 1.5
Clearance gap (HV) Cy 5
Reaction time (HDV) Trh 1.5s
Reaction time (CAV) Tre 0.5s
Reaction time (HV) Trt 255
Maximum velocity vy 100 km /hour
Velocity-Density relationship V(p) [19]
Length of Corridor X 20,000 m
Road Step Ax 200 m
Time Step At 1s
Segments i 100
Simulation time T, 30 mins (1800 s)
Relaxation time T 20 s

Table 5.4. Analysis of the minimum velocity (

Unmin)

maximum velocity

(vmax), average velocity (vavg), and the % improvement subject to assorted
PRs of HDVs and CAVs.

o G n Vmin Umax Vavg Improvement (%)
1 0 0 7.23 100 46.00 -

0.80 0.20 0 10.21 100 50.88 10.60

0.60 0.40 0 14.42 100 57.00 23.91

0.40 0.60 0 20.35 100 63.00 36.95

0.20 0.80 0 29.00 100 69.13 50.28
0 1 0 40.57 100 77.12 67.65
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Figure 5.9. Spatio-temporal velocity evolution over the freeway corridor with
o =0.40 and 8 = 0.60.
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Figure 5.10. Spatio-temporal velocity evolution over the freeway corridor
with a = 0.20 and 8 = 0.80.
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Figure 5.11. Spatio-temporal velocity evolution over the freeway corridor
with « =0 and g = 1.

5.5.2 Spatio-Temporal Analysis of the Velocity Subject to
Assorted PRs of CAVs, a traffic mixture of HDVs,
CAVs and HVs

The spatio-temporal evolution of velocity of the traffic mixture com-
prised of HDVs, CAVs and HVs is shown in Table 5.5. The velocity evolu-
tion is observed for 30 minutes with assorted PRs of HDVs, CAVs and HVs,
and the results are given in Table 5.5. With a = 0.95, 5 = 0 and n = 0.05,
the velocity evolution is shown in Figure 5.12. An abrupt velocity break-
down is observed between segments 68 and 72 which propagates upstream.
The vpip, is 6.30 km/hour while the vmax is 100 km/hour. The vayg is
44.00 km/hour which is less than the vavg when the mixture comprises of
CAVs and HDVs only. It is observable that HVs enable resistance to the
flow resulting in deteriorated traffic characteristics.

The velocity evolution of traffic mixture with o = 0.75, 8 = 0.20 and
1 = 0.05 is shown in Figure 5.13. Refinements in the velocity breakdowns
are observed, the vy, is 8.90 km/hour. The vmax is 100 km/hour and
the vayg is 48.50 km/hour. Further enhancements of the velocity break-
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down are observed when o = 0.55, 8 = 0.40 and n = 0.05 as shown in
Figure 5.14. The vp;;, and vmax are 12.54 km /hour and 100 km /hour,
respectively, while the vayg is 54.17 km/hour. Similarly, when a = 0.35,
f = 0.60 and n = 0.05 as shown in Figure 5.15. The vp,;;, and vmax
are 17.60 km/hour and 100 km/hour, respectively, while the vavg is 60.24
km /hour.

The velocity evolution of the traffic mixture with o« = 0.15, 5 = 0.80
and 7 = 0.05 is shown in Figure 5.16. It is smoother than before, and
adjustments in velocity are quick resulting in faster propagation of veloc-
ity breakdown downstream. The vy,;;, is 25.01 km/hour while the vmax
and vayg are 100 km/hour and 66.92 km /hour, respectively. With o = 0,
f = 0.95 and n = 0.05 is shown in Figure 5.17. The v;, is 32.40 km /hour
while the vmax and vayg are 100 km/hour and 72.23 km/hour, respec-
tively. It is observable that the velocity breakdowns significantly improve
with the increase in PR of CAVs. Nonetheless, it also observed that the
HVs are enabling friction to velocity evolution over time. From these re-
sults, it will be helpful to also analyze the impact of CHVs on the velocity.
Thus, next we analyze the evolution of velocity in the presence of HDVs,
CAVs and CHVs.

Table 5.5. Analysis of the minimum velocity (vy,j,,), maximum velocity
(vmax), average velocity (vavg), and the % improvement subject to assorted
PRs of HDVs, CAVs and HVs.

o I5; n Vnin Vmax Vavg Improvement (%)
0.95 0 0.05 6.30 100 44.00 -
0.75 0.20 0.05 8.90 100 48.50 10.22
0.55 0.40 0.05 12.54 100 54.17 23.11
0.35 0.60 0.05 17.60 100 60.24 36.90
0.15 0.80 0.05 25.01 100 66.92 50.00

0 0.95 0.05 32.40 100 72.23 63.63




PERFORMANCE EVALUATION OF THE PROPOSED CONTINUUM SECOND-ORDER MODEL FOR

5.5.

149

TRAFFIC MIXTURE

40 60 80 100

20

—_~
o 4
1) =
5 =]
Y £
AR £
O
AN S -
AR N o
GRS
AR
AR
AR
AR =
N
AN e
,%%@,:,,f \ -
Z!/;,,,M \
AN \
e
AR
AL
A
AN
AN
AT o
AR
AT
AR
AR
MRTTHTHIHIHNH
AR
RITITHHITIIIRR
DRI
AR R
LR R
AR R
LN
RN
RN
TR
AR (7]
RN o -
RSN
AR ] c
RISS ]
IS
W I £
A
o
Q
(7]

o o o
o [Te]

(4noy/wiy) 2 ‘Ayoojap

100

Spatio-temporal velocity evolution over the freeway corridor

with « = 0.95, =0 and n = 0.05.

Figure 5.12.

40 60 80 100

20

30

N

A
A
AR
AR
AR

20

R0

X
AR
LR
AR
AR
R
LI

10

W
A

W

A
AN
AN
AN
AT
AN
QAR
RN
RN
AR
R
R R
AT
NN
RN
R RN
?: Al 3.«%

LS
) Vv%v«#”/

0 0 00
o Te] o
-

csom\sé A ‘Anoojap

inutes)

ime (m

T

0

Segments

Spatio-temporal velocity evolution over the freeway corridor

with « = 0.75, § = 0.20 and n = 0.05.

Figure 5.13.
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Figure 5.14.
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Figure 5.16. Spatio-temporal velocity evolution over the freeway corridor
with o = 0.15, § = 0.80 and n = 0.05.
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5.5.3 Spatio-Temporal Analysis of the Velocity Subject to
Assorted PRs of CAVs, a traffic mixture of HDVs,
CAVs and CHVs

The velocity evolution of the traffic mixture (HDVs-CAVs-CHVs) is
analyzed, and the results are summarized in Table 5.6. Since only 5%
HVs are connected, there are few difference with the previously studied
scenario where the HVs are conventional. The velocity breakdown occur
between segments 68 and 72 which evolves upstream, the velocity break-
down dissipation is slow. The velocity evolution when the a = 0.95, 5 =0
and n* = 0.05 is shown in Figure 5.18. Some improvements are observed,
the vi, is 7.38 km/hour, while the vmax and vayg are 100 km/hour
and 46.11 km/hour, respectively. The velocity evolution with a = 0.75,
B = 0.20 and n* = 0.05 is demonstrated in Figure 5.19. The v ;,, is 10.42
km /hour, and the vmax and vayg are 100 km/hour and 51.20 km/hour,
respectively.

The velocity evolution with a = 0.55, § = 0.40 and n* = 0.05 is shown
in Figure 5.20. The velocity breakdown recovers soon as compared to
the previous scenario. The vy,;, and vmax are 14.71 km/hour and 100
km /hour while the vayg is 56.87 km/hour. The velocity evolution with
a = 0.35, B = 0.60 and n* = 0.05 is shown in Figure 5.21. The veloc-
ity evolution is fast downstream, and the breakdown impact on upstream
traffic is lower than before. The v;;, and vmax are 20.77 km /hour and
100 km/hour while the vayg is 63.27 km/hour.

The velocity evolution when the a = 0.15, 8 = 0.80 and n* = 0.05 is
shown in Figure 5.22. The evolution of velocity is smoother and fast, the
Vi i 29.33 km/hour, while the viax and vayg are 100 km/hour and
70.15 km /hour, respectively. The velocity evolution with a = 0, 5 = 0.95
and n* = 0.05 is demonstrated in Figure 5.23. The velocity evolution is
almost uniform and is significantly improved. Velocity breakdown occurs
at the start, but it is recovered soon. The vy;;, is 37.98 km /hour, and the
vmax and vayg are 100 km /hour and 75.66 km /hour, respectively.

A detailed comparison of the vayg of the corridor between the three
different scenarios such as (i) HDVs and CAVs, (ii) HDVs, CAVs and HVs,
and (iii) HDVs, CAVs and CHVs is presented in Figure 5.24. The bars in
the Figure represent vayg of different traffic mixtures with assorted PRs.
[t is observable that the vayg of HDVs and CAVs, and HDVs, CAVs and
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CHVs is are comparable. The differences are small for all PRs. While
the vayg of HDVs, CAVs and HVs is smaller as compared to the other
two traffic mixtures. CAVs and CHVs significantly contribute to eliminate
oscillations in the velocity over the entire time horizon, while HVs add
impedance to the flow resulting in deteriorated traffic conditions.

Table 5.6. Analysis of the minimum velocity (vy,j,,), maximum velocity
(vmax), average velocity (vavg), and the % improvement subject to assorted
PRs of HDVs, CAVs and CHVs.

a B n* Vmin Umax Vavg Improvement (%)
0.95 0 0.05 7.38 100 46.11 -
0.75 0.20 0.05 10.42 100 51.20 11.03
0.55 0.40 0.05 14.71 100 56.87 23.33
0.35 0.60 0.05 20.77 100 63.27 37.21
0.15 0.80 0.05 29.33 100 70.15 52.13
0 0.95 0.05 37.98 100 75.66 64.08

5.5.4 Spatio-temporal Analysis of Density Shockwave Sub-
ject to Assorted PRs of HDVs, CAVs, HVs and CHVs

The spatio-temporal analysis of density shockwave is shown in Fig-
ure 5.25 to Figure 5.30 for HDVs and CAVs while in Figure 5.31 to Fig-
ure 5.36 for HDVs, CAVs and HVs, and HDVs, CAVs and CHVs. In Fig-
ure 5.25, the traffic mixture is & = 1 and 8 = 0, the shockwave originating
between segments 68 and 72 propagates backward, resulting in a traffic jam
upstream for some time. The lines in the Figure are the line of the same
value (contour line) of density. It is observed that the lines are distorted
due to the oscillatory behavior of traffic. With a = 0.80 and g = 0.20, a
minor improvement is observed as in Figure 5.26. The shockwave prop-
agation is faster, and the distortion is reduced to some extent, meaning
that the oscillations are reduced.

The trend in improvement of the propagation of shockwave is observ-
able with the increase in the PR of CAVs. With a = 0.60 and 5 = 0.40,
the oscillations are further reduced and the propagation is significantly im-
proved as shown in Figure 5.27. Similarly, the shockwave propagation is
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Figure 5.18.
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Figure 5.22. Spatio-temporal velocity evolution over the freeway corridor
with a = 0.15, 8 = 0.80 and n* = 0.05.
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Figure 5.23. Spatio-temporal velocity evolution over the freeway corridor
with o =0, 8 = 0.95 and n* = 0.05.
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Figure 5.24. Comparison of vayg of three traffic mixtures such as (i) HDVs
and CAVs (ii) HDVs, CAVs and HVs (iii) HDVs, CAVs and CHVs. Single bar
represent each traffic mixture with particular PR of the HDVs, CAVs, HVs
and CHVs.
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even with o = 0.40 and 8 = 0.60 as shown in Figure 5.28, and a very sharp
propagation downstream is observed with o = 0.20 and § = 0.80, and
a=0and g =1 as in Figure 5.29 and Figure 5.30 respectively. CAVs en-
able the traffic to move with higher velocity maintaining smaller headways
during congestion which allow the shockwave to propagate downstream
relatively fast compared to HDVs. CAVs significantly reduce shockwave
occurrence time and backward propagation distance.

The spatio-temporal analysis of density shockwave for HDVs, CAVs,
HVs and CHVs is shown in Figure 5.31 to Figure 5.36. This experiment
is designed to evaluate the impact of conventional (Human-Driven) HVs
and CHVs coupled with CAVs on conventional traffic flow. The PR of HVs
and CHVs is unform such that it is always 5% (0.05). In Figure 5.31 to
Figure 5.36, the continuous line represents the shockwave propagation in
presence of HVs, while the dashed lines represent the propagation of CHVs.
The HDVs and CAVs are subjected to assorted PRs.

It is observable that HVs is inducing impedance to the flow, and the
shockwave propagation is slower. This impact is more frequent during the
congestion occurrence, it is due to the higher 7., of HVs. The increase in
PR of CAVs can help reduce the impedance caused by HVs. The difference
can be observed in Figure 5.25 to Figure 5.30 and Figure 5.31 to 5.36.
Conversely, the shockwave propagation in presence of CHVs is smoother.
With the increase in PR of CAVs the shockwave propagation is faster, and
the oscillations are eliminated, but the the presence of CHVs has still a
little impact on the propagation, it is due to the length of the CHVs which
affects the critical density of the road.

5.5.5 Analysis of Critical Density Subject to Assorted PRs
of HDVs and CAVs

The per for HDVs and CAVs is evaluated in this section. The time taken
by traffic to reach p(z,t) beneath the p.. is demonstrated in Figure 5.37
to Figure 5.42, and the results are given in Table 5.7. The initial traffic
conditions are the same throughout the analysis. There is a significant im-
provement in the p., with the increase in PR of CAVs. The p(x,t) beyond
per represents traffic congestion. Thus, increase in the PR of CAVs can
limit traffic congestion, and can enhance the density shockwave evolution
resulting in smoother flow.
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Figure 5.25. Spatio-temporal analysis of a density shockwave over the free-
way corridor with &« =1 and 5 = 0.
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Figure 5.26. Spatio-temporal analysis of a density shockwave over the free-
way corridor with o = 0.80 and 8 = 0.20.
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Figure 5.27. Spatio-temporal analysis of a density shockwave over the free-
way corridor with o = 0.60 and 8 = 0.40.
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Figure 5.28. Spatio-temporal analysis of a density shockwave over the free-
way corridor with @ = 0.40 and 8 = 0.60.
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Figure 5.29. Spatio-temporal analysis of a density shockwave over the free-
way corridor with o = 0.20 and 8 = 0.80.
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Figure 5.30. Spatio-temporal analysis of a density shockwave over the free-
way corridor with @« =0 and 5 = 1.
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Figure 5.31. Spatio-temporal analysis of a density shockwave over the free-
way corridor with assorted PRs of HDVs, CAVs, HVs and CHVs.
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Figure 5.32. Spatio-temporal analysis of a density shockwave over the free-
way corridor with assorted PRs of HDVs, CAVs, HVs and CHVs.
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Figure 5.33. Spatio-temporal analysis of a density shockwave over the free-
way corridor with assorted PRs of HDVs, CAVs, HVs and CHVs.
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Figure 5.34. Spatio-temporal analysis of a density shockwave over the free-
way corridor with assorted PRs of HDVs, CAVs, HVs and CHVs.
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Figure 5.35. Spatio-temporal analysis of a density shockwave over the free-
way corridor with assorted PRs of HDVs, CAVs, HVs and CHVs.
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Figure 5.36. Spatio-temporal analysis of a density shockwave over the free-
way corridor with assorted PRs of HDVs, CAVs, HVs and CHVs.
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The time taken by p(x,t) to normalize beneath p. with a = 1 and
B = 0 shown is shown in Figure 5.37. Initially, the traffic is dense, traffic
congestion is observed which smooths out with time. It takes 1560 s, for
p(x,t) beyond pe, to start normalizing beneath p.,. It represents that the
congestion duration is large. With a = 0.80 and § = 0.20, the results are
shown in Figure 5.38, the p(z,t) tends to smooth, and the time taken by
p(x,t) to evolve beneath p.. is 1080 s. With o = 0.60 and § = 0.40, the
results are shown in Figure 5.39, the propagation of flow further enhances,
and the p(x,t) normalizes beneath p., quickly. The time take by p(z,t) to
normalize beneath p.,. is 660 s.

The time taken by p with @ = 0.40 and 3 = 0.60 to normalize beneath
Per 18 360 s and the results are shown in Figure 5.40,. Similary with
a = 0.20 and 8 = 0.80, the results are shown in Figure 5.41, since the
Per changes with the increase in PR of CAVs, thus the congested peaks in
traffic are reduced, the time taken by p(z,t) to normalize beneath p., is
60 s. With a =0 and § =1 as in Figure 5.42, the traffic is not congested
since the traffic demand is same for all cases, thus, if all vehicles are CAVs,
with the current demand there will no congested peaks in traflic, and the
evolution of traffic flow will smoother.

Table 5.7. Analysis of the normalization time of p beneath p.,. in traffic

mixture.
a g time (s) taken to normalize
1 0 1560
0.80 0.20 1080
0.60 0.40 660
0.40 0.60 360
0.20 0.80 60

0 1 —

5.6 Fuel Consumption and Exhaust Emissions

The total fuel consumption and exhaust emissions are investigated sub-
ject to assorted PR of CAVs in mixed traffic (HDVs and CAVs) using
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Figure 5.37. Analysis of the normalization of p(z,t) beneath p.. with a =1
and = 0.

cr

[2] £
o o
T

Density, p (veh/km)
N
o

100

0 20 40 60 80 100
Segments

Figure 5.38. Analysis of the normalization of p(z,t) beneath p., with o =
0.80 and 8 = 0.20.
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Figure 5.39. Analysis of the normalization of p(z,t) beneath p., with o =
0.60 and 8 = 0.40.
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Figure 5.40. Analysis of the normalization of p(z,t) beneath p., with o =
0.40 and 8 = 0.60.
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Figure 5.41. Analysis of the normalization of p(z,t) beneath p., with o =
0.20 and g8 = 0.80.
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Figure 5.42. Analysis of the normalization of p(z,t) beneath p., with a =0
and 8 = 1.
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Eq. 5.42. The results are shown in Figure 5.43 to Figure 5.46. It is ob-
served that with the increase in the PR of CAVs, the fuel consumption is
significantly decreased. With @ = 1 and 8 = 0, the total fuel consumption
is 1.3038 x 10° ml which significantly decreases to 5.4856 x 10* ml with
a=0and 8 =1.

The CO emissions are also investigated, significant improvement in
reduction of CO emissions is observed. Total emissions with = 1 and
B = 0 are 2.5018 x 10° mg. While CO emissions with & = 0 and 8 = 1
reduces to 2.4508 x 10% mg. Similar improvemenet is observed for other
exhaust emissions such as HC and NOx. Total HC emissions with o = 1
and f = 0 are 8.2999 x 10* mg, which reduces to 1.1723 x 10* mg with
a=0and g =1.

The NOx emissions also improve with the increasing PR of CAVs. Total
NOx emissions with o = 1 and 8 = 0 are 1.210 x 10° mg. Later, when
o = 0and 8 = 1, asignificant reduction in NOx emissions is observed, total
emissions are estimated to be 1.5524 x 10* mg. The proposed model can be
effectively put in practice to evaluate the harmful environmental emissions
caused by HDVs. The CAVs will significantly improve the environmental
emissions and fuel consumption which is regarded as the most beneficial
outcome of the recent technological developments.
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CHAPTER 5. CHARACTERIZATION OF TRAFFIC FLow AND EMIssIONS DRIVEN ON THE
FunpaAMENTAL DiaGrRAM OF TRAFFIC MIXTURE

5.7 Conclusion

A revamped macroscopic traffic flow model for traffic mixture of Human-
Driven Vehicles (HDVs), Connected and Autonomous Vehicles (CAVs) and
Heavy Vehicles (HVs) is proposed. The proposed model explicitly reckon
the dynamics of headway of a traffic mixture. The parameters of the
Fundamental Diagram (FD), which are essential for the accurate charac-
terization of flow are computed subject to the class-specific Penetration
Rates (PRs). The proposed model is integrated with a macroscopic emis-
sions and fuel consumption model to quantify the improvement resulted
by CAVs. The proposed model is tested on a 20 km circular freeway with a
congested point to observe the evolution of velocity and density shockwave
over space and time horizon caused by the traffic congestion.

First, a traffic mixture of HDVs and CAVs is investigated with the given
conditions. It is evident from the results that with the increase in the PR
of CAVs in the traffic mixture, the velocity breakdowns are controlled. It
is observable that the average velocity (vag) of the corridor is improved
by 67.65% with § = 1 (CAVs=100%). The density shockwave is tackled
soon after it is initiated when § = 1, and the propagation is smoother
as compared to the base scenario where « = 1 (HDVs=100%) and 5 = 0
(CAVs=0%). The spatio-temporal evolution of velocity is quicker with
increasing PR of CAVs.

Conversely, when the PR of HVs is introduced (the PR of HVs is uni-
form throughout the numerical tests, and a mixture of HDVs, CAVs and
HVs is considered), a traffic friction was observed. It is noted that com-
pared to the traffic mixture of HDVs and CAVs, the improvement in v,
is lower. From the base scenario, an improvement of 63.63% is observed.
Which is lower than the first case. While this improvement is 64.08%
when 5% uniform Connected Heavy Vehicles (CHVs) are considered in
traffic mixture of HDVs, CAVs and CHVs.

Exhaust emissions and fuel consumption are computed for traffic mix-
ture of HDVs and CAVs. The total fuel consumption significantly reduces
from 1.3038 x 10° ml with @ = 1 and 3 = 0 to 5.4856 x 10* ml with @ =0
and B = 1. The CO emissions decreases from 2.5018 x 10° mg with o = 1
and =0 to 2.4508 x 10® mg with o = 0 and 3 = 1. Similarly, the total
HC emissions with & = 1 and 8 = 0 are 8.2999 x 10* mg, which reduces to
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1.1723 x 10* with & = 0 and 8 = 1. Vital improvement in NOx emissions
is recorded. The total NOx emission improve from 1.210 x 10° mg with
a=1and 8 =0 to 1.5524 x 10* mg with « =0 and 5 = 1.

Overall, the revised second-order macroscopic traffic flow model ac-
count for the unique characteristics of CAVs, and accurately capture the
impact of these vehicles on traffic flow. The proposed model can be em-
ployed by transportation planners and policymakers to better understand
the potential benefits and challenges of CAVs and develop strategies to
further maximize their benefits while minimizing their negative impacts.
The more, the proposed model can be used in traffic control by designing
a control strategy with CAVs.

5.8 Preview of the Next Chapter

In this Chapter, we introduced an integrated macroscopic model that
links traffic flow and emissions, proving its potential for understanding
mixed traffic dynamics. By integrating microscopic details into the funda-
mental traffic diagram, we’ve advanced our understanding of how different
vehicle types interact on the road.

The next section presents a new macroscopic model that extends be-
yond conventional boundaries. This model proactively considers the density-
dependent process time of Connected and Autonomous Vehicles (CAVs),
emphasizing their minimal reaction time for safe maneuvers. By depict-
ing changes in traffic conditions as a function of density, this approach
promises deeper insights into mixed flow dynamics.

Our upcoming objective is to enhance our understanding of mixed traf-
fic and improve safety by modeling optimal process times for CAVs. This
will contribute to a more comprehensive and robust model, optimizing
CAV operations on highways and informing traffic flow planning for safer
and more efficient road networks.







Chapter

Macroscopic Evaluation of
Traffic Flow 1n view of
Connected and Autonomous

Vehicles: A Simulation-based
approach

6.1 Abstract

The macroscopic evaluation of road traffic characteristics is vital as
they will alter significantly with the emergence of Connected and Au-
tonomous Vehicles (CAVs). The macroscopic second-order traffic flow
models are emerging as essential tools to observe the evolutionary dy-
namics of traffic flow. These models are significantly improved to describe
the dynamics of traffic flow in view of Human-Driven Vehicles (HDVs).
However, proficient macroscopic second-order traffic flow models are in-
dispensable in comprehending and elucidating the descriptions of traffic
flow dynamics, particularly in view of evolving CAVs. Therefore, we pro-
pose a macroscopic second-order traffic model that distinguishes CAVs
from HDVs by meticulously considering their distinct driving characteris-
tics. The proposed model incorporates lengthways between the vehicles,
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and the reaction time of the CAVs, and is evaluated on a 20,000 m ring
road. The findings show that with smaller lengthways and reaction times
of CAVs, traffic evolves quickly during transitions. An increase in average
traffic velocity is observed as the reaction time is significantly small. It has
been demonstrated that CAVs can significantly limit variations in velocity
resulting in smoother flow operations.

6.2 Introduction

The macroscopic traffic flow models are vital for the characterization
of traffic flow because they provide a simplified, but accurate description
of traffic behavior. These models rely on empirical data and mathemati-
cal principles, predicting traffic patterns, analyzing traffic congestion, and
allowing users to evaluate freeways’ efficiency. The macroscopic models
consider aggregate traffic variables such as velocity (v), density (p) and
flow (g), thus, providing a simplified view of traffic behavior in time and
space. This simplification allows for the analysis of traffic flow at an aggre-
gated level, making it easier to understand traffic patterns and congestion
dynamics [162]. Further, macroscopic models can be employed to analyze
traffic flow on various spatial and temporal scales such as from single inter-
sections to entire transportation networks. In addition, the macroscopic
models are computationally efficient, making them well-suited for real-time
traffic management and control [37].

Overall, the macroscopic traffic flow models are essential for character-
izing traffic flow because they provide a simplified yet accurate representa-
tion of traffic behavior on a larger scale, allowing for efficient transporta-
tion planning and management. However, they are yet to be analyzed if
these models could be used for the evaluation of traffic low with emerg-
ing Connected and Autonomous Vehicles (CAVs). In the context of traffic
flow, complex driving behaviors at the microscopic level exert a profound
influence on the overall dynamics of traffic [17]. The advent of CAVs holds
great promise for enhancing the microscopic traffic characteristics. How-
ever, the extent of the positive impacts remains largely unexplored, requir-
ing the development of robust and computationally efficient tools (traffic
models). To the best of our knowledge, existing macroscopic traffic mod-
els have not been extended to encompass the unique attributes of CAVs
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adequately. Consequently, to bridge this gap, our study aims to propose a
second-order macroscopic model that investigates and optimizes network
efficiency in view of CAVs by refining the underlying properties of CAVs.

6.3 The Macroscopic Second-Order Traffic Flow
Model for Connected and Autonomous Vehi-
cles

The longitudinal gap between two vehicles in a traffic stream is length-
ways gap. The minimum distance between two vehicles to ensure that
the driver of the following vehicle has enough time to react to unforeseen
changes in forward traffic is a minimum lengthways gap. The total length-
ways gap is the sum of the minimum lengthways gap and the distance
traveled by the vehicle during the driver’s reaction time. In other words,
it is the gap between two consecutive vehicles that includes both the gap
between the vehicles and the distance traveled by the leading vehicle while
the driver of the following vehicle reacts to any situation. The properties
of traffic flow are impacted by lengthways gap. It determines the capac-
ity of a roadway or a traffic lane. If the lengthways gap is small, more
vehicles can pass through a given point in a given time, leading to higher
traffic flow rates. Second, lengthways gap affects traffic safety. With small
lengthways gap there is a risk of accidents. Conversely, with large length-
ways gap, road capacity reduces.

The anisotropic behavior of a driver refers to the response to traffic
ahead [163, 99]. During traffic alignment to conditions ahead, a driver
always maintains a safe lengthways gap. Thus, the total lengthways gap
as a function of velocity is

ls(v(z,t) =1y + (10 X v(z,1)), (6.1)

where [ is the minimum lengthways gap between vehicles, 7, is the reaction
time, and v(x,t) is the average velocity. In a similar manner, considering
the safe time which is the sum of density-dependent reaction time, and
the safe time over which the vehicles harmonize to a change in traffic, this
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time is transition occurrence time, and is

Tr(min)

pm

where 7,(;) is the minimum reaction time of CAVs, p(w,t) is average
density, p,, is maximum density, and 73 is the harmonization time [40].
Practically, the harmonization time for any given traffic condition can be
computed as

Tr(min) X Um

ERIR (6.3)

Th =
where v, is maximum velocity. Thus, substituting Eq. (6.3), Eq. (6.2)
gives
_ Tr(min) Tr(min) X Um
Pz, t) = <G (@)
Pm

(6.4)

Eq. (6.4) is the density-dependent transition time over which the total
lengthways gap is maintained.

Since the backward propagation speed of traffic perturbation is given
by ¢ in the second-order model, it corresponds to driver behavior. It is
characterized by reaction velocity [164], and this reaction velocity is based
on safe lengthways gap and density-dependent transition time [5] is

ls(v(z,t))

V= o)

(6.5)
According to Eq. 6.5, the reaction velocity of the vehicles will vary accord-
ing to the traffic conditions. Over traffic transitions, the 7(p(x,t)) will
be small due to the smaller 7,(,,,) and 75, allowing rapid change in traffic
state over considerably small Is(v(x,t)). This distinguishes the reaction
velocity of CAVs from HDVs as the HDVS’ 7, ;1) and [ differ from that
of the CAVs.

Thus, replacing the ¢y in Eq. (2.8) with 9, the proposed model is
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9p n Op(x,t) - v(x,t)
ox ot ’ (66)
ov(x,t) ov(z,t)  V(p(x,t)) — U(:U,t)‘

o + (v(z,t) — 9) B T

The proposed second-order model is numerically solved by employing a
conservative scheme proposed by [52]. The density dynamics are computed
* At At

it =m0 —vih)) + (el =), (67)
where the subscripts ¢ and n are space and time indices. The velocity
dynamics is computed according to Eq. (6.6) which if

vy <9
; At At
o =0l L el )+ V) ), (69)
and otherwise, it is
vptt = +E(ﬁ_vi)(vi _Uifl)_‘_?(v(pi)_vi)' (6.9)

where Ax and At are the road and time steps. Furthermore, this scheme
is only stable if the Courant-Friedrichs-Lewy (CFL) condition [156] is sat-
isfied, that is

At
Um A S 1, (6.10)

we have ensured this necessary condition in our numerical simulations.

The speed-density relationship [19] is employed for V(p). It is given as

V(p(z,t)) = vm - exp[—(-—) ], (6.11)
C Per

where ¢ corresponds to shape factor, and p., is the critical density. It

is computed as a footprint of ls(v(x,t)) during free flow conditions such

as 1/ls(v(x,t)) which ensures that p.. will vary according to the change




CHAPTER 6. MAacroscoric EvaLuaTioN oF TRAFFIC FLow IN VIEW OF CONNECTED AND

182 AuToNoMoOUS VEHICLES: A SIMULATION-BASED APPROACH

N T(pin). For mixed traffic, p,, can be computed by introducing the
Penetration Rate (PR) and parameters of HDVs as 1/(((«) X ls(v(z,t)) +
(1 — @) x ls(v(x,t))), where « is the penetration rate of CAVs. The
parameters of HDVs are given in Section 6.4.9.

6.4 Numerical Simulation of the Proposed Model
in all-CAVs Environment

The proposed model in view of CAVs is evaluated in this Section. Nu-
merical simulations are performed over a 20,000 m ring road with periodic
boundary conditions such as

p(L,t) = p(0,t), v(L,t) = v(0,1). (6.12)

The simulation parameters are given in Table 6.1. Total simulation time
Ts is 1800 s. Different values for [, and 7,.(,,i,,) are employed to quantify
their impacts on the traffic flow.

Table 6.1. Parameters for the Simulation.

Description Notation Value Unit
Lengthways gap ly 12, 15, 17, 20, m
Minimum reaction time Tr(min) 0.2,04,0.6,0.8,1 S

Maximum velocity Um, 28 m/s

Velocity-Density relation  V(p(x,t)) [19] m/s
Shape factor c 1 -
Length of Corridor X 20,000 m
Road Step Ax 200 m
Time Step At 1 S
Segments i 100 -
Simulation time T 1800 S
Relaxation time T 15 S
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6.4.1 Analysis of average velocity subject to assorted min-
imum reaction times of CAVs

The impact of 7,(;:,) on the average velocity of the corridor is ana-
lyzed in this Section. Velocity evolution improves with a significantly small
Tr(min), Tesults are given in Table 6.2. It is observable that average veloc-
ity increases from 16.30 m/s to 21.30 m/s when 7, () is reduced from
1s to 0.2 s. In Fig. 6.1, the impact of 7,(,,;,) on the average velocity of
the corridor is presented. With 7,(,;,)=1 s, the velocity behavior is not
smooth. Between segments 68 and 72, the average velocity is minimum.
Clearly, as a result of the minimum average velocity occurrence, the ve-
locity behavior upstream is affected. But when 7, (,,;,)=0.2 s, the velocity
behavior is smooth, and significant improvement is observable.

Table 6.2. Evaluation of average velocity over the entire corridor with varying

Tr(min)-
Tr(min) (S) 1 0.8 0.6 0.4 0.2
v (m/s) 1630  17.32 1853 1085  21.30

6.4.2 Analysis of average velocity (v) subject to assorted
minimum gap minimum gap

The impact of I, on the average velocity of the corridor is analyzed
in this Section. In all, the average velocity of the corridor improves with
small [y, results are given in Table 6.3. CAVs are able to maintain small
gaps between each other. It is observable that average velocity increases
from 18.03 m/s to 20.01 m/s when [, is reduced from 20 m to 12 m. The
Tr(min) 1 uniform for all the varying values of Iy, and it is 0.5 s. In Fig. 6.2,
the impact of [, on the average velocity of the corridor is demonstrated.
With [;,=20 m, the velocity behavior is not smooth. Between segments
68 and 72, the average velocity is minimum. Clearly, as a result of the
minimum average velocity occurrence, the velocity behavior upstream is
also affected. But when [,=12 m, the velocity behavior is fairly smooth,
and significant improvement is observable.
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Table 6.3. Evaluation of average velocity over the entire corridor with varying

ly.
Iy (s) 20 17 15 12
v (m/s) 18.03 18.71 19.17 20.01
ur 1s—7 . =08s (a)=0.65—7' 0457 =025

™ Te(min) ™ rmin)~ 7r(min) rmin)~ rmin)~

10 . . . . . . . . . .
0 10 20 30 40 50 60 70 80 90 100
Segments

Figure 6.1. Average velocity over the corridor with varying 7, () and fixed
ly=15 m.

(b)
—1=20m—1I=17m [ =15m —I =12m
g g g g

15 L L L L L L I L L |
0 10 20 30 40 50 60 70 80 90 100

Segments

Figure 6.2. Average velocity over the corridor with varying I, and fixed
Tr(mm):o.5 S.
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6.4.3 Analysis of critical density subject to assorted mini-
mum reaction time and lengthways gap

The impact of T,(;in) and Iy on pe, is evaluated in this Section. There
is a significant improvement in p., when 7,.(,;,) and [; are small. The
impact of T,(min)= 18, 0.8 s, 0.6 s, 0.4 s and 0.2 s and [;= 15 m and
12 m are particularly evaluated. The results are tabulated in Table 6.4.
For all values of 7,(;n), two assorted values of [, are considered. When
Tr(min)—1 8 and [;=15 m, the p¢- is 0.023 veh/m which is almost similar
to an all HDVs environment. When 7,(in)=1 s and lg=12 m, the p¢, is
0.025 veh/m, it reflects with small gaps among the vehicles, the capacity
increases. When 7, (;,i,)=0.8 s and l;=15 m, the p.. is 0.026 veh/m, and
it increases to 0.029 veh/m when 7, (;,,)=0.8 s and [,=12 m.

Similarly, when 7, (i,)=0.6 s and l;=15 m, the p- is 0.031 veh/m
which increases to 0.034 veh/m when 7,.(p,;,)=0.6 s and l;=12 m. The
per 18 0.038 when 7, (;n)=0.4 s and [;=15 m while it increases to 0.043
veh/m when 7, (;,i,)=0.4 s and [;=12 m. When 7, (;5,3,y=0.2 s and [;=15 m,
the per is 0.048 veh/m which increases to 0.056 veh/m when 7, (;i,)=0.2
s and l;=12 m. It is evident from the results that smaller 7,(,,i,,) and I
result in higher p... Thus, it can be concluded that road capacity alters
significantly in the presence of CAVs.

Table 6.4. Analysis of p.,. with assorted 7. and ;.

Tr (8) ly (m) Per (veh/m)
1 15 0.023
12 0.025
0.8 15 0.026
12 0.029
0.6 15 0.031
12 0.034
0.4 15 0.038
12 0.043
0.2 15 0.048

12 0.056
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6.4.4 Spatio-temporal evolution of density and velocity with
minimum gap=12 m and minimum reaction time=1
S

The spatio-temporal evolution of density over the corridor for 1800 s
with 7,.(min) = 1 s and [; = 12 m is shown in Figure 6.3. The main perfor-
mance indicator to evaluate the density evolution with varying character-
istics is the spillback distance and time of the density shockwave. Initially,
a very strong traffic congestion (perturbation) point (inactive bottleneck)
is created to generate the density shockwave. The tail of perturbation is
segment 67, while over time, the density shockwave originates, and the
spillback is observed until segment 59 for 493 s, after which shockwave is
observed to dissipate. Overall, the evolution of density shockwave is slow,
and the spillback impacts traffic upstream. Next, the velocity evolution
is assessed, and then the 7, () is changed to analyze its impact on the
spatio-temporal evolution of density and velocity.

The spatio-temporal evolution of velocity over the corridor for 1800 s
with 7.(nin) = 1 s and [; = 12 m is shown in Figure 6.4. Initially, ve-
locity breakdown occurs, and the minimum velocity of the congestion is
observed to 4.94 m/s. The velocity of the density spillback is observed to
vary between 4.94 m/s and 7.97 m/s which improves with time. With the
dissipation of density shockwave, the velocity evolution witnessed improve-
ment and reached 14.50 m/s after 1800 s. For a more clear elaboration
of the results, the spillback velocity represented by a line (impact line)
and impact zone with a triangle is shown in Figure 6.5. For the sake of
comparison, we will be referring to the impact line and impact zone from
Figure 6.5.

6.4.5 Spatio-temporal evolution of density and velocity with
minimum gap=12 m and minimum reaction time=0.8
S

The spatio-temporal evolution of density over the corridor for 1800 s
with 7,(nin) = 0.8 s and l; = 12 m is shown in Figure 6.6. In this case,
the tail of perturbation is segment 67, while over time density shockwave
originates, and the spillback is observed until segment 61 for 428 s, after
which shockwave is observed to dissipate. Overall, the evolution of density
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Figure 6.3. Spatio-temporal evolution of density over the corridor for 1800 s
with 7,.(piny= 1 s and [;= 12 m.
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Figure 6.4. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7,.(;in)= 1 s and l;= 12 m.
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Figure 6.5. Conceptual representation of the impact line and impact zone.

shockwave slightly improves, and the spillback impacts traffic upstream.
The impact zone is smaller as compared to the previous case.

The spatiotemporal evolution of velocity over the corridor for 1800 s
with 7,y = 0.8 s and [; = 12 m is shown in Figure 6.7. Initially,
velocity breakdown occurs, and the minimum velocity of the congestion is
observed to 5.90 m/s. The velocity of the density spillback is observed to
vary between 5.90 m/s and 10.83 m/s which improves with time. With
the dissipation of the density shockwave, the velocity evolution witnessed
improvement and reached 15.11 m/s after 1452 s.

6.4.6 Spatio-temporal evolution of density and velocity with
minimum gap=12 m and minimum reaction time=0.6
S

The spatio-temporal evolution of density over the corridor for 1800 s
with 7,.(min) = 0.6 s and [; = 12 m is shown in Figure 6.8. The tail of per-
turbation is segment 67, while over time density shockwave originates, and
the spillback is observed until segment 64 for 394 s, after which the shock-
wave is observed to dissipate. Overall, the evolution of density shockwave
improves, and the spillback impacts traffic upstream. The impact zone is
smaller as compared to that with 7,(;,,) = 1 s and 0.8 s.
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Figure 6.6. Spatio-temporal evolution of density over the corridor for 1800 s
with 7,.(in)= 0.8 s and ;= 12 m.
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Figure 6.7. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7,.(in)= 0.8 s and ;= 12 m.
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The spatio-temporal evolution of velocity over the corridor for 1800
s with 7.(nin) = 0.6 s and [; = 12 m is shown in Figure 6.9. Velocity
breakdown occurs initially, the minimum velocity of the congestion is ob-
served to 7.70 m/s. The velocity of the density spillback is observed to
vary between 7.70 m/s and 13.50 m/s which improves with time. With
the dissipation of density shockwave the velocity evolution witnessed im-
provement and reached 18.80 m/s after 1191 s.
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Figure 6.8. Spatio-temporal evolution of density over the corridor for 1800 s
with 7,.(miny= 0.6 s and [;= 12 m.

6.4.7 Spatio-temporal evolution of density and velocity with
minimum gap=12 m and minimum reaction time=0.4
S

The spatio-temporal evolution of density over the corridor for 1800 s
with 7.(nin) = 0.4 s and l; = 12 m is shown in Figure 6.10. The tail of
perturbation is segment 67, while over time density shockwave originates,
and the spillback is observed until segment 66 for 204 s, after which the
shockwave is observed to dissipate. Overall, the evolution of density signif-
icantly improves, and the spillback has less impact on the upstream traffic.
The impact zone is considerably small as compared to that with 7,(,,5,,) =
1s,0.8sand 0.6 s.
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Figure 6.9. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7p.(;min)= 0.6 s and [;= 12 m.

The spatio-temporal evolution of velocity over the corridor for 1800
s With 7,.(;pin) = 0.4 s and [; = 12 m is shown in Figure 6.11. Velocity
breakdown occurs initially, the minimum velocity of the congestion is ob-
served to 10.82 m/s. The velocity of the density spillback is observed to
vary between 10.82 m/s and 15.40 m/s which further improves with time.
With the dissipation of the density shockwave, the velocity evolution is
smooth and reaches 21.90 m/s after 976 s.

6.4.8 Spatio-temporal evolution of density and velocity with
minimum gap=12 m and minimum reaction time=0.2
S

The spatio-temporal evolution of density over the corridor for 1800 s
with 7.(min) = 0.2 s and l; = 12 m is shown in Figure 6.12. The tail of
perturbation is segment 67, it is observable that there is no spillback of
density shockwave. The congestion dissipates soon and has almost neg-
ligible impact on upstream traffic. Moreover, the evolution of density is
significantly faster without deteriorating the upstream while the impact
zone is negligible.

The spatio-temporal evolution of velocity over the corridor for 1800
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Figure 6.10. Spatio-temporal evolution of density over the corridor for 1800
s with 7,.(in)= 0.4 s and ;= 12 m.
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Figure 6.11. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7,.(in)= 0.4 s and ;= 12 m.
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s With 7,.(;pim) = 0.2 s and [; = 12 m is shown in Figure 6.13. Velocity
breakdown occurs initially as a response to initial perturbation, but this
breakdown is recovered as soon as it occurs. The minimum velocity of the
congestion is observed to 14.20 m/s. With the dissipation of the congestion
the velocity reaches 25.10 m/s after 800 s.
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Figure 6.12. Spatio-temporal evolution of density over the corridor for 1800
s with 7p.(;min)= 0.2 s and [;= 12 m.

6.4.9 Comparative Evaluation of the Traffic Flow Dynam-
ics in Mixed Traffic Environment

This section unveils the outcomes of the comparative analysis per-
formed to assess traffic flow in the coexistence of CAVs and HDVs. The
analysis takes into account three different scenarios: the first, all the ve-
hicles are HDVs, the second scenario has 100% CAVs, while the third
replicates a balanced composition where 50 % of the vehicles are CAVs
and the remaining are HDVs.

The spatio-temporal evolution of velocity with HDVs is shown in Fig-
ure 6.14. Overall, lower velocity trends are observable. The velocity evo-
lution is slower, and the breakdowns are higher. The impact zone and line
are greater. Furthermore, the evolution is not smooth compared to the
velocity evolution of CAVs in Figure 6.15. This situation is due to the fact
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Figure 6.13. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7.(pin)= 0.2 s and ;= 12 m.

that HDVs have larger 7,.(;,;n) compared to CAVs. For HDVs, the 7,.(mn)
is 1 s, while for the CAVs it is 0.2 s. The comparative analysis is further
supported by analyzing the variance of velocity in all the cases, discussed
later.

Conversely, the velocity evolution in all-CAVs environment is smooth
as illustrated in Figure 6.15, and the velocity breakdowns and variations
are limited. The impact zone is significantly reduced while the evolution
patterns are sufficiently smooth. The perturbations are recovered soon
due to the small 7,(;3,,) of CAVs. Furthermore, the results are expanded
in the mixed traffic environment (50% CAVs and 50% HDVs) as shown in
Figure 6.16. The differences between all-CAVs and all-HDVs environments
are clearly observable. Compared to all-HDVs environment, significant ad-
vancements are observed in the velocity evolution. The perturbations are
recovered soon while the velocity impact zone and line sufficiently improve.
This qualitative analysis of spatio-temporal evolution of velocity allows us
to acknowledge significant advancement caused by the penetration of CAVs
in the network.

To further enhance the outcomes of this study, we illustrate the variance
of velocity in three different traffic scenarios as explained earlier in this
section. The variance of velocity is shown in Figure 6.17. In all-HDVs
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environment the variance of velocity vary between 4.12 and 67.41 for the
total simulation time. From the results, we conclude that the variations
in traffic are larger as large variations are illustrated in Figure 6.14. In
mixed environment, the variance of velocity varies between 2.88 and 49.01.
The variance of velocity reduces significantly in this scenario due to the
penetration of CAVs.

The dynamics of traffic alter significantly with CAVs in the network.
In all-CAVs environment, the variance of velocity varies between 2.05 and
26.12. The variance of velocity reduces significantly in this scenario. Re-
sults justify that with the advent of CAVs, the traffic dynamics improve
significantly, and the velocity evolution is smoother resulting in higher
flows, improved critical density, and maximized jam density. Moreover,
due to the smoother evolution of velocity, the corresponding perturbations
(variations) in traffic flow are minimized.
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Figure 6.14. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7,.(;min)= 1 s in all-HDVs environment.

6.5 Conclusion

A macroscopic second-order traffic flow model is proposed to evaluate
traffic flow in view of Connected and Autonomous Vehicles (CAVs). CAVs
are assumed to maintain smaller gaps (lengthways) among the vehicles
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Figure 6.15. Spatio-temporal evolution of velocity over the corridor for 1800
s with 7,.in)= 0.2 s and ;= 12 m in all-CAVs environment.
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Figure 6.16. Spatio-temporal evolution of velocity over the corridor for 1800 s
With 7,.(min)= 0.2 s for CAVs and 7, (;nin)= 1 s for HDVs in mixed-environment.
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Figure 6.17. Variance of velocity over the corridor for 1800 s for a) all-HDVs,
b) mixed traffic and c) all-CAVs.

and run with extremely small reaction times (7,.(min)) compared to Human-
Driven Vehicles (HDVs). The macroscopic second-order traffic flow models
have been extensively revised for HDVs in the past decade. But to evaluate
the characteristics of traffic flow in view of CAVs, a more detailed macro-
scopic second-order traffic model is needed which can accurately and more
realistically characterize traffic flow centered on the properties of CAVs.
For this purpose, a new model is proposed which incorporates the dynam-
ics of traffic low more efficiently. This model considers the lengthways
ls(v(x,t)) among vehicles. Factors such as 7,(p;,) and minimum length-
ways gap (ly) of CAVs are explicitly employed to describe traffic dynamics.

Numerical simulations are performed in all-CAVs, all-HDVs and a mixed
environment such that 50% CAVs and the remaining are HDVs. Assorted
values of 7,(,m) and [y are used to quantify the impact of CAVs of the
average behavior of traffic flow. First, the average velocity is analyzed,
and it is observable that the average velocity of the ring road significantly
improves with smaller values of 7,.(p,). The average velocity of the ring
road increases from 16.30 m/s to 21.30 m/s when 7,(;,) is reduced from
1 s to 0.2 s. While the average velocity increases from 18.03 m/s to 20.01
m/s varying the l; from 20 m to 12 m. As a result of the robust com-
municative properties of CAVs, they can maintain smaller 7,(,,,) and I,
which subsequently significantly alter the road capacity. The critical den-
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sity (per) of the ring road is thoroughly analyzed. The p. improves by
52% to 55% depending on the assorted values of 7,(p,n) and Iy, It is a
plausible development.

Conversely, the dynamics in all-HDVs and mixed environment are dif-
ferent. In all-HDVs, the velocity evolution deteriorates and larger varia-
tions in velocity are observable while in the mixed environment the pene-
tration of CAVs contributes to improvement in the velocity evolution, and
the variations are limited. The proposed model can be employed in the
evaluation of the properties of CAVs in traffic flow, and in deciding the
optimal parameters for their operations on highways. The proposed model
can also be used in control applications to optimize the values of 7, (nin)
and Iy, subsequently alleviating traffic congestion. As a future research
direction, traffic stability associated with critically small values of 7,.(nin)
could be analyzed, and the performance of the proposed model could be
compared with microscopic simulations to guarantee its use in traffic plan-
ning and management.

6.6 Preview of the Next Chapter

Up to this point in the dissertation, we have introduced several in-
novative macroscopic traffic models, each developed with a distinct aim:
to contribute to the expansion of the scientific literature in transporta-
tion engineering. What distinguishes our proposed model is its versatility;
it extends beyond the domain of traffic control involving Connected and
Autonomous Vehicles (CAVs), with potential applications in Intelligent
Transportation Systems (ITS), including Advanced Traveler Information
Systems (ATIS) and route management. This concludes our research seg-
ment focused on model development and conceptualization.

In the next phase of our study, our focus will shift to the practical
implementation and assessment of the model introduced in Chapter 4.
The upcoming chapter will explore the model’s effectiveness in managing
and optimizing traffic within control applications. This transition marks
a pivotal point in our research, bridging theoretical foundations with real-
world applications, and aiming to narrow the gap between theory and
practice in the field of transportation management and control.




Chapter

An MPC-Driven VSL Control
of Motorway Traffic

7.1 Abstract

Proactive traffic control measure such as the Variable Speed Limit
(VSL) system, driven by Model Predictive Control (MPC) is implemented
for effective and safer traffic flow operations. Conventionally, the ap-
plication of VSL control hinges upon discrete Second-Order macroscopic
models, exemplified by METANET as a representative case. Conversely,
the MPC paradigm hardly ever employs Continuum Second-Order models
for traffic control. In this paper, a continuum Second-Order macroscopic
model is used as a predictive model in VSL control based on MPC because
of its prediction accuracy. This VSL control is based on actual motorway
traffic in Dublin and is implemented in a microscopic simulation. The find-
ings of the study are two-fold, first, the continuum Second-Order model is
examined in terms of its predictive power. The effectiveness of the MPC-
driven VSL control is next assessed. Within the MPC paradigm, some
segments of the motorway experience no traffic congestion, while others
witness a considerable decrease in the occurrence time (or frequency) of
congestion.
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7.2 Introduction

The economic growth of any country is closely tied to an effective trans-
portation system. The backbone of a road transport network is the motor-
ways, which enables fast and safe transportation of passengers and freight
on a large scale. They are constantly under stress as a result of population
growth, efforts are needed to keep them functional. In our days, traffic
problems such as time delays, fuel consumption, and driver fatigue are
increased, stemming mostly from traffic congestion on motorways [165].
Safety, convenience, and comfort while ensuring the efficient flow of ve-
hicles should be the prime consideration in the design of the motorways
[73]. Traffic congestion has turned into a phenomenon, and it is seen on
motorways frequently during peak hours. To solve this problem, several
effective control approaches are proposed. Nevertheless, these approaches
can be further enhanced, and thus in this paper, we propose a Variable
Speed Limit (VSL) system, driven by Model Predictive Control (MPC) of
motorway traffic. It helps the dissolution and reduction of traffic conges-
tion.

The detailed literature review is provided in Section 2.2.2. In this
chapter, we explore the practical utility of the Second-Order model [5].
We implement this model as a prediction model in the MPC framework.
The superior performance of the models in terms of the prediction capa-
bility results in a more reliable MPC-driven VSL control. The continuum
models are rarely employed in MPC-driven VSL control while conversely,
most of the MPC frameworks are based on the discrete models. Exercis-
ing the continuum Second-Order model in the MPC framework not only
opens up new research avenues such as the incorporation of the properties
of Connected and Autonomous Vehicles CAVs and traffic physics with im-
proved prediction capability and faster computations.

The rest of this chapter is organized as: in Section II, the initials and
study design are presented. Section III presents the continuum Second-
Order traffic model. In Section IV, the MPC framework is briefly dis-
cussed. Performance evaluation is given in Section V. Conclusions and
future directions are given in Section VI.
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7.3 Study Design

In this Section, we detail the initials and study design of this study.

Mainly, two distinct analyses are performed:

e First, to challenge the prediction accuracy of the continuum Second-

Order model [5], we conduct a comparative analysis of this model
with microscopic simulation performed in Simulation of Urban MO-
bility (SUMO) [100, 101] using real traffic data from Dublin motor-
way.

Next, we exploit the continuum Second-Order model, and employ
it as a prediction model in the MPC-framework. Hereafter, two
scenarios are explicitly presented. The first scenario is no control
scenario in which the traffic flow is produced in SUMO to depict the
real-world, it also forms the base scenario for comparative analysis.
Secondly, a control scenario is considered in which important steps
include optimization of the problem using the Second-Order contin-
uum model, the definition of objective function, and constraints as
shown in Fig. 7.1. Thus,

Scenario 1, No Control,
Scenario 2, MPC-driven VSL Control.

For simplicity, both scenarios are shown in Fig. 7.1.

The general design includes, a 7 km stretch of the Dublin motorway

divided into 7 segments of non-identical lengths, thus, N = 7 represents
the number of segments. The motorway corridor is shown in Fig. 7.2,
there are two off-ramps, one in segment 2 and the other in segment 5. The
corridor has 3 on-ramps in segments 3, 5 and 6, respectively. The corridor
is analyzed from segment 2 to 6. The comparative analysis of both the
systems and the results of the MPC framework are presented later in this

paper.
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Figure 7.1. The block diagram of MPC-driven VSL control framework.
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Figure 7.2. Representation of the 7 km Dublin motorway corridor.
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7.4 The Continuum Second-Order Traffic Model
(The Prediction Model)

The improved Second-Order traffic model [5] is an anisotropic traffic
flow model. This model explicitly considers the driver reaction, sensitivity,
and stimuli, and requires less calibration efforts to implement since the
model parameters are based on traffic physics, and are readily available.
The model is given as

Py I —if o,

ot ox

5 (7.1)
9 4 (= Lm0 _ ) Zv

ot 0p pm Ox T ’

where p = p(z,t) and v = v(z,t) corresponds to traffic density and veloc-
ity, respectively while ~ is driver sensitivity. The density of sources and
sinks is given by ¢f and of, respectively. p,, and v, are the maximum
density and velocity, respectively. Transition width is given by dp which
represents the spatial change in density. 7 is the reaction time, and « is the
acceleartion. v(p) is the velocity-density relationship, since we are dealing
with a motorway traffic where the relations between traffic variables are
somehow linear, we use the Greenshields model for v(p). It is given as

v(p) = vm (1 - £22), (72)
Pm
where vy, is the maximum traffic velocity while p,.y and p,, are the av-
erage and maximum traffic density, and I' is the relaxation time of the
system. The temporal and spatial derivatives are ¢ and z, respectively.
The rearward velocity in this model is a variable, and reaction to frontal
changes is non-uniform. It is given by l”—moﬁ in (7.1).

The two state-equations of the model describe density and velocity
dynamics more realistically incorporating traffic physics. The continuous
Second-Order traffic flow models represent the traffic flow in a continuous
manner such as a continuous function of time and space, unlike the discrete
models which consider discrete segments and cells. The continuous models
are exercised for their simplicity in implementation and understanding
supported by a theoretical foundation.
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Continuous traffic flow models cannot be directly solved as if they were
discrete models with cells or segments, primarily due to their fundamental
differences in representation. Continuous models describe traffic condi-
tions as continuous functions of space and time, using partial differential
equations, whereas discrete models work with discrete segments or cells
and use difference equations.

However, the continuous models can be solved numerically for simula-
tion purposes employing numerical methods and techniques that can ap-
proximate solutions to continuous models by discretizing space and time,
effectively converting them into a form that resembles discrete models.
This discretization process involves breaking the continuous roadway into
discrete intervals or cells and subdividing time into discrete steps. The
continuous models can be solved by employing a number of numerical
techniques including, but not limited to finite difference and higher resolu-
tion schemes such as Roe decomposition. Thus, improving the prediction
accuracy and reliability.

Further, to implement (7.1) in this study, density dynamics are com-
puted as

n+1
P

=pi + E(pi (vi" = vit1))+ (7.3)
At

Evf(p?_l —pi) +ifl —of!"

where the subscripts ¢ and n are space and time indices. The velocity
dynamics are computed as

if o7 < LYmor
t = 6p pm

ot
At v v
=P + E(wp—:oﬁ —v") (v —v)) (7.4)
At
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7.5 Principle for the assessment of the accuracy
of the continuum Second-Order Model

The comparative analysis involves both the SUMO and the macroscopic
traffic model. This assessment is conducted by examining traffic data
variables at a specific time step denoted as n + 1. In this context, n
represents the current time step within the simulation, and n + 1 signifies
the subsequent time step immediately following it. Essentially, it is the
point in time at which we evaluate and compare the traffic data between the
two systems to understand how they perform in predicting or representing
traffic conditions as the simulation progresses.

Thus, the traffic is first generated in SUMO for 24 hours, and then
the data from SUMO is used as the initial conditions for the macroscopic
model, allowing the Second-Order macroscopic model to perform predic-
tions. The block diagram explaining the procedure of the comparative
analysis is given in Fig. 7.3. The accuracy of the macroscopic model to
reproduce the Dublin motorway traffic is quantitatively measured by em-
ploying the RMSPE. Comprehensive results are presented in Section 7.7.

7.6 The Design of MPC-driven VSL Control

MPC is a model-based control approach, it optimizes a certain objec-
tive function subject to certain constraints by evaluating the future traffic
states with a predictive model. The optimal values of control variables
are computed by an iterative procedure [166|. In this regard, the MPC
computes the optimal control action trajectory u* inside the control hori-
zon N, in order to optimize the given objective function by solving the
optimization problem in real-time. The prediction of the traffic states is
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Figure 7.3. The block diagram of the systems’ comparative analysis.

performed by using a mathematical model that predicts the dynamics of
the system over the prediction horizon N,. The first element of the u* is

applied to the system by the receding horizon principle [167] as shown in
Fig. 7.4.

+— Past 1 Future =—»

Optimal Control Action u”

U

f—l
I Control Horizon N,

Prediction Horizon N,

Figure 7.4. Principle of the receding horizon.

We use the objective function given by (7.12), and (7.1) has been used
for the prediction of the future states of traffic. The desired speed in the
Second-Order Model is given by

2

v(p?) = v (1 - ;’—;). (7.6)




7.6. THE DesicN oF MPC-priveEN VSL CONTROL 207

In [78], the desired speed has been replaced with a VSL decided by the
MPC

o(}) = SLI, (7.7)

where the control variable is represented by the speed limit (SLI') of spe-
cific motorway segments at the time instant n. However, this implies that
even at very high densities, setting a high VSL would lead to a very high
flow, which is unrealistic. It is well-known that a VSL value may truncate
the fundamental diagram, not replace it altogether. Thus, we modify (7.6),
and replace v, with SL?. Thus, it is expressed as

T
o(pl) = SLE(1— 2. (78)
Pm
It considers the new updated maximum speed (SL}') for each segment, and
the density to ensure equilibrium conditions.

In the MPC framework, during the whole observation time 7" (i.e simu-
lation time), the controller at each control time step nyrpc = kAypc, k €
N, solves a constrained optimization problem by using a forecasting model
given by Egs. (7.3), (7.4) and (7.5) that predicts, within a prediction hori-
zon window [N, the state variable values of the plant whose behaviour it
wants to optimize. The parameter Aj;pc represents the controller sample
time that establishes its operating frequency, while the prediction horizon
window NN, is an integer number expressed as the number of time steps
At (i.e time step of prediction model) in which the forecasting procedure
is carried out using Egs. (7.3), (7.4) and (7.5).

The N, has been fixed to 6 sample time steps, Aypc to 300 s and
the N, in this case, has been chosen equal to the prediction horizon. The
MPC-driven VSL control framework is shown in Fig. 7.1. The impor-
tant steps of scenario 2 are the optimization of the problem using the
Second-Order continuum model as a prediction model, the definition of
the objective function, and constraints.

Based on the aforementioned assumptions, the optimization problem
is:
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glLig}(TTT(p(n))),

subject to

(7.3), (7.4), (7.5),

0 < v < v, (7.9)
0<p}" < pm, (7.10)
SL; < SL? < SL,, (7.11)

Vi e N,Vn € [npype,nvmpc + np,nypc +np+1,...,nppe +np + Np — 1],

where np is the sample time step such that np = k- At, k € N, and the
objective function is the Total Travel Time (Total Travel Time (TTT)),
which has been computed as:

ny po+np+Np—1 N,

TTT = At > > Azipi(n), (7.12)

n=njypc i=1

it is the sum of density over all prediction model time steps, thus, the opti-
mizer minimizes this value subject to the SL' of the controlled segments.
Due to congestion in two segments, we only apply control on two segments
such as segments 3 and 4, the number of controlled segments is given by
Nes.

The optimization of the objective function is subjected to constraints
(7.3), (7.4), and (7.5), that are used to predict the density and velocity
dynamics. The optimization is also subjected to physical constraints on
traffic variables given by (7.9) and (7.10). The bounds on speed limits are
given by (7.11).

Since the simulation time is too large (24 hours), it is not essential
to run the MPC controller for all the time. Thus, the activation of the
MPC controller is subject to a condition when the pq.4 exceeds the pg.
Pavg is the average traffic density of each segment, while p., is the crtical
density of each segment as shown in Fig. 7.5. The p., is obtained by the
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calibration of the fundamental diagram for each segment. Thus, we call it
a conditional MPC controller with the following conditions:

{pavg < per, 1O action needed,

Per > Pavg, activate controller.

So, if the traffic is in free flow conditions or in the left side of the funda-
mental diagram, no action is needed. But, if the flow is saturated such
that the right side of the fundamental diagram, represents congestion, the
controller is then activated.

Capacity

Free Flow Saturated Flow (Congestion)

Critical Density (Sweet Spot)

Flow, veh/hour

Density, veh/segment

Figure 7.5. Representation of typical MFD.

7.7 Performance Evaluation

In this Section, the results of this study are detailed. As discussed in
Section 7.3, the results of this study are two-fold. First, the accuracy of the
Second-Order Model to reproduce the real-world traffic is analyzed. Later,
the comparative analysis of the no-control scenario (Scenario 1) and the
VSL control (Scenario 2) are presented in the current MPC framework.
The simulation parameters for the Second-Order Model and SUMO are
given in Table 7.1. The total simulation time is 24 hours, time step for
both, SUMO and the Second-Order model is 20 s. The maximum speed
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U, for scenario 1 is 28 m/s, the SL, and SL; are 36 m/s and 22 m/s,
respectively in scenario 2. The length of the motorway stretch is 7 km (7000
m), and the lengths of all segments are non-identical. The relaxation time
T is 22 s, and the reaction time 7 is 1.5 s. The average length of vehicles
is 4 m, and the minimum gap is 1.5 m.

Table 7.1. Simulation Parameters

Description Value
Simulation time, T' 24 hours
Length of the motorway corridor 7000 m
Maximum velocity for scenario 1 28 m/s
SL, 36 m/s
SL; 22 m/s
Sample time, At for the Second-Order model 20 s
Sample time, Agsyyo for SUMO 0.5s
Aggregation time 300 s
Relaxation time, I' 22's
Sample time of the controller, Ap;pc 300 s
Reaction time, 7 1.5s
Average length of a vehicle, L 4m
Minimum gap 1.5 m

7.7.1 Prediction Accuracy of the Second-Order Continuum
Model

7.7.1.1 On the Density Behavior of the Second-Order Contin-
uum Model

The density behavior of the Second-Order model for 24 hours is shown
in Fig. 7.6. As the motorway stretch is divided into different segments,
the density behavior of each segment is shown. The Second-Order model
reproduces the SUMO scenario, and the results are closely similar. More-
over, it results in stable outcomes during the change occurrence. In all the
segments of the motorway, the density behavior of the proposed model is
closely similar to that of the SUMO. The accuracy of the Second-Order
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model to reproduce the motorway traffic is evaluated using the RMSPE
which is given in Table 7.2. The RMSPE on density in segment 2 is 3.36%,
it is 5.60% in segment 3. In segment 4 and segment 5, the RMSPE is 1.41%
and 1.51%, respectively. It is 1.43% in segment 6.
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Figure 7.6. Analysis of the density behavior of the Second-Order model and
SUMO for 24 hours. Each sub-figure represent the average density of each
segment. From (a) to (e), it is given for segment (2) to (6).

7.7.1.2 On the Velocity Behavior of the Second-Order Contin-
uum Model

The velocity behavior of the Second-Order model for 24 hours is shown
in Fig. 7.7. It reproduces the SUMO scenario more accurately, and the re-
sults are closely similar. Moreover, it results in stable outcomes during the
change occurrence which guarantees that the model can be employed in
any traffic condition. The accuracy of the Second-Order model to repro-
duce the motorway traffic velocity is evaluated using the RMSPE which is
given in Table 7.2. The RMSPE on velocity in segment 2 is 3.77%, it is
4.26% in segment 3. In segment 4 and segment 5, the RMSPE is 2.33%
and 5.50%, respectively. It is 3.61% in segment 6. The results are promis-
ing, next, we extend the results to the second part in which we control the
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motorway traffic based on MPC-driven VSL control.
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Figure 7.7. Analysis of the velocity behavior with the Second-Order model
and SUMO for 24 hours. Each sub-figure represents the average velocity of
each segment. From (a) to (e), it is given for segments (2) to (6).

Table 7.2. RMSPE on Density and Velocity of the Second-Order model.

Segment | RMSPE on Density (%) | RMSPE on Velocity (%)
2 3.36 3.77
3 5.60 4.26
4 1.43 2.33
5 1.51 5.50
6 1.43 3.61

7.7.2 The MPC-driven VSL control of the Dublin Motor-
way

7.7.2.1 Overall Dynamics of the Traffic Density over the Corri-
dor

Previously, we discussed the ability and accuracy of the Second-Order
model to reproduce motorway traffic. Onwards, we present the results of
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the MPC-driven VSL control. The density dynamics in no control scenario
(scenario 1) are illustrated in Fig. 7.8 for the entire motorway corridor. It
is observable that the p.. exceeds pg.g in segments 3 and 4 which can be
identified by following the red lines in the figure. pe > pavg is also the
condition for the MPC controller to activate. The rest of the corridor is
not congested, and the density evolution is smooth. Thus, we control only
the congested segments that are 3 and 4. Next, we further elaborate on
the results of scenarios 1 and 2.

Avg. Density, veh/segment

Segments

Figure 7.8. Density evolution in no control scenario on the motorway corridor
for 24 hours.

7.7.2.2 Scenario 1

The results of scenario 1 are illustrated in Fig. 7.9. The congestion
occurrence (per > Pavg) over time in different segments of the motorway
is observable. The traffic congestion occurs mainly between 11 : 00 to
13 : 00 of the first half of the day. In the second half, it is evident that
the congestion occurrence is between 20 : 45 and 21 : 20. The congestion
occurs only in two segments, 3 and 4 while the traffic operations are smooth
on the rest of the corridor.
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7.7.2.3 Scenario 2

The control scenario with VSL control implemented is shown in Fig. 7.10.

It is evident from the results that after the implementation of VSL control,
the congestion is fully dissolved in segment 3. While in segment 4 the con-
gestion occurrence time is reduced. The density evolution as compared to
scenario 1 is smoother and without any major disruption of traffic flow. In
the preceding analysis, it was observed that in Segment 4, the occurrence
of congestion is not fully mitigated, but significantly minimized. Addition-
ally, it was noted that the presence of concurrent congestion in Segment 3
contributed to the inability to completely mitigate the congestion in Seg-
ment 4. Nevertheless, the MPC-driven VSL control was found effective
and viable under these circumstances and has been demonstrated in the
findings.
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Figure 7.9. Density evolution on the motorway corridor for 24 hours in
scenario 1.

7.8 Conclusion and Future Research

In this paper, we present an MPC-driven VSL control for motorway
traffic. The MPC framework employs a more precise Continuum Second-
Order model, enhancing the performance of MPC-driven VSL control by
reducing the model’s prediction error. The results are twofold: first, we
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Figure 7.10. Density evolution on the motorway corridor for 24 hours in
scenario 2.

assess the accuracy of the Continuum Second-Order model. The findings
clearly demonstrate that this model exhibits lower prediction errors, as
measured by the RMSPE. Secondly, we implement an MPC framework,
utilizing the Second-Order model in the optimization process.

Primarily, we apply control exclusively to two congested segments, as
evident from the results. MPC-driven VSL control proves to be effective
and feasible. In Segment 3, congestion is completely mitigated after im-
plementing VSL control, while in Segment 4, congestion occurrence time
is significantly reduced.

Future research opportunities arise within the context of this study
due to the effectiveness and precision of Second-Order traffic models. Cur-
rently, these models only consider Human-Driven Vehicles (HDVs) in ho-
mogeneous traffic. However, Connected and Autonomous Vehicles (CAVs)
are poised to play a substantial role in the future of traffic flow on motor-
ways. Consequently, incorporating the features of CAVs into Continuum
Second-Order models for use in traffic control (in the context of the present
MPC framework) is a promising research direction.
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7.9 Preview of the Next Chapter

In this chapter, we have implemented an MPC-driven VSL control
on the Dublin motorway. We have harnessed a continuum Second-Order
traffic model in the MPC paradigm yielding sufficiently plausible results.
Within the context of continuum Second-Order models, they are flexible to
accommodate traffic physics and we have successfully revised them for the
features of CAVs. Next, we employ the proposed continuum Second-Order
model presented in chapter 4 in the MPC framework as in this chapter. We
extend our study to the control of motorway traffic with CAVs and present
a novel control within the context of CAVs in a mixed-traffic environment.




Chapter

A Novel MPC-Driven

Regulation of Traffic Flow
with Connected and
Autonomous Vehicles

8.1 Abstract

Traffic congestion on motorways is the major problem of our days.
Control approaches such as Variable Speed Limit (VSL) as introduced
in the last chapter are employed to control traffic congestion on motor-
ways. VSL is a conventional and effective traffic control approach. It has
been widely investigated in the context of Human-Driven Vehicles (HDVs).
With the advent of Connected and Autonomous Vehicles (CAVs), techno-
logical developments offer new possibilities to control traffic congestion.
These possibilities include but are not limited to the control of intrinsic
features of CAVs in mixed traffic environment. Time headway is one of the
sensitive parameters that impact the traffic flow. With this in mind, CAVs
offer a possibility to control the time headway instead of implementing the
conventional control methods. Time headway can impact the capacity of
a particular road section. Thus, to replace the conventional control meth-
ods, we in this chapter propose a novel Model Predictive Control (MPC)-
Driven control of traffic with CAVs. To ensure safety, we design a multi-
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objective cost function that at the same time handles the safety of the
vehicles and ensures efficient flow of the vehicles. The findings demon-
strate that congestion can be controlled and efficient flow can be achieved
by controlling a specific Penetration Rate (PR) of CAVs.

8.2 Introduction

Traffic congestion is characterized as: when the operational capacity
of any road is exceeded by vehicular demand. It impacts the operations of
highways and results in an increase in travel time, environmental emissions,
safety issues, and overall economic cost. Thus, the mitigation of traffic con-
gestion is of prime importance. Several methodologies are proposed for the
control of traffic congestion such as the conventional Variable Speed Limit
(VSL). Most studies employed Model Predictive Control (MPC)-driven
VSL control approaches for conventional traffic such as traffic in the pres-
ence of Human-Driven Vehicles (HDVs). This conventional traffic control
is previously demonstrated in Chapter 7 of this dissertation. Lately, the
advent of CAVs revolutionizes traffic studies as the traffic dynamics alter
significantly with the features of CAVs. The advent of CAVs offers possi-
bilities to reinvent novel control strategies due to the developing Intelligent
Transportation System (ITS).

The advent of CAVs signifies the control of traffic flow with alternative
control inputs such as time headway, distance headway, and reaction time
of the vehicles. Thus, the conventional control VSL can be replaced with a
novel control input variable provided only to CAVs. An effective Penetra-
tion Rate (PR) of CAVs can be used to control flow on any particular road
segment. In the context of the MPC paradigm, one important aspect is
the prediction model. It plays a vital role in the accuracy and effectiveness
of MPC-driven control. In our days, the prediction models are revised for
the properties of CAVs. The macroscopic Second-Order continuum model
is revised for the characteristics of mixed traffic in Chapter 4 of this disser-
tation. However, a detailed discussion on the models and MPC is already
provided in the earlier Chapters of this dissertation.

Further, to control traffic congestion and to regulate the traffic flow
on motorways, in this Chapter, the characteristics of CAVs are harnessed,
and a dynamic time headway control strategy based on the MPC method




8.3. TuHE MAacroscoric MODEL 219

is proposed. Initially, the revised model for mixed traffic as in Chapter 4
is considered as a prediction model in the MPC paradigm. The MPC
paradigm is prompted to regulate traffic flow on motorways to avoid traf-
fic congestion and improve the overall efficiency of the motorway. The
effectiveness of the novel control strategy with the PR of CAVs set to 40%
is analyzed thoroughly.

8.3 The Macroscopic Model

The prediction model in the MPC paradigm plays a vital role. In
this study, we employed a macroscopic continuum model for mixed traffic
proposed in Chapter 4. This model explicitly considers the microscopic
driving characteristics of HDVs and CAVs. The model is given by

Op(x,t) n Op(x,t) - v(z,t)
ot Ox

0v(z,t)
ot

=ig(z,t) — eq(x, 1),

ov(z,t)  V(p(z,t)) — v(x,t).

+ (0, 1) =[G+ o) e = L

(8.1)

A detailed explanation of the model can be found in Chapter 4. The class-
specific behavior of HDVs and CAVs is represented by (. and ¢, whereas
the impact of change in the time headway 75, of CAVs in the Fundamental
Diagram (FD) is captured by calibrating them for various values of 73,. In
the proposed model 7, is equivalent to change occurrence time, which is
the sum of reaction time (7,,) and harmonization time (73). Further details
can be traced in Chapter 4.

8.4 Scenario Design

In this Section, the design of the traffic scenario is discussed. A mixed
traffic environment is considered comprising of HDVs and CAVs. The
CAVs have vehicle 2 vehicle (V2V) and Vehicle 2 Infrastructure (V2I)
capabilities. The PR of CAVs is fixed to 40 % of the total demand, while
the rest are HDVs. The motorway corridor is shown in Figure 7.2. Since
the demand and the vehicle types are changed from that in the network in
Chapter 7, thus, the dynamics of traffic flow are also changed. Moreover,
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we only control the CAVs in the network so that an explicit and meaningful
demonstration can be achieved from this study.

The MPC-driven dynamic time headway control strategy takes the
desired time headway of CAVs within different areas of the upstream parts
of the motorway as the control variables. The MPC framework is employed
as from Chapter 7, and is illustrated in Figure 7.4. The MPC observes
traffic states and computes the optimal CAVs time headway value, and
carries out real-time CAVs dynamic time headway controls. In doing so,
the dynamics of CAVs impact the HDVs in the network, they work like
actuators, the HDVs follow the actions of CAVs, and thus the dynamics in
the corridor are altered, and traffic flow is regulated.

8.5 The MPC Design

In general, the same MPC design is followed in this Chapter as in the
previous Chapter and given in Section 7.6. However, some differences are
covered in this Section. The control variable is 75} with upper bound 1.2 s
and lower bound 0.5 s. We calibrate the FD for value between 0.5 s and
1.2 s, thus when the value of 75, is changed their respective calibrated FD
is adopted, such as

v(pos()), 0.5 <1, < 0.6

v(pos(?)), 0.6 <1, < 0.7

v(por(})), 0.7 <7 <08

V(pr) = v(pos(?)), 0.8 <7, <09 52)

v(poo(?)), 0.9 <7, <1

v(p1(?)), 1<t <11

v(p1a(})), 1.1 <7 <12

v(p12(7)), ™ =12

8.6 The Objective Function

A multi-objective function has been design in order to ensure safety
and efficiency of the traffic system. To ensure safety, the standard devi-
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ation of the velocity is minimized. In doing so, any unforeseen situation
can be avoided. While to ensure the efficiency of the system the mean
velocity of the motorway segments is maximized. The objective function
is represented by 6, the safety function is given by 6; and the efficiency
represented as 65, thus

9:01_927

where

o=y = (.3)

i
and

. V; (T h)

0y = Z - (8.4)
(2

Weight functions are assigned to 67 and 65 in order to prioritize safety and

efficiency according to traffic conditions, thus,

b b

0 =

(8.5)

Hi,maz ei,ma:c

So,

min(6),

Thi
is the multi-objective function accounting for the safety and efficiency of
the motorway.

8.7 Dynamics of The Macroscopic Fundamental
Diagram Associated with Time Headway

The microscopic spatiotemporal variables such as time headway and
distance headway impact the shape of the FD. To exemplify, we demon-
strate the example of 73, by setting the PR of CAVs to 40 % in the simu-
lation, we capture the change in FD caused by the variation in 74,.

The behavior of FD with varying 7, is analyzed in this section. The
results are shown in Figures 8.1-8.5 and are given in Table 8.1. It is observ-
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able that with smaller 73, the critical density (p.-) changes. Segment-wise
FD is analyzed, in Segment 1, the behavior of FD is analyzed in all-HDVs
and a mixed traffic environment. For all-HDVs, the p, is 15 veh/km.
While, in the mixed traffic environment with 7,=1 s, it is 23 veh/km,
which further improves to 28 veh/km with 7,=0.5 s.

In segment 2, in an all-HDVs scenario, the pg. is 22 veh/km. While
in the mixed traffic environment, it improves to 35 veh/km with 7,=1 s,
and eventually to 40 veh/km with 7,=0.5 s. Similarly, in segment 3, in
an all-HDVs scenario, the pe, is 29 veh/km. While in the mixed traffic
environment, it improves to 36 veh/km with 7,=1 s, and eventually to 41
veh /km with 7,=0.5 s. In segment 4, in an all-HDVs scenario, the p., is 17
veh/km. While in the mixed traffic environment, it improves to 22 veh/km
with 7,=1 s, and eventually to 27 veh/km with 7,=0.5 s. In segment 5,
in an all-HDVs scenario, the pg, is 21 veh/km. While in the mixed traffic
environment, it improves to 29 veh /km with 7,=1 s, and eventually to 35
veh/km with 7,=0.5 s.

Observations reveal a notable correlation between alterations in the
FD and changes in the parameter 7,. Specifically, when 73 is smaller,
there is an increase in the p.. of the motorway segments. Reducing the
value of 7, can be interpreted as a means to augment the capacity of the
motorway segment in terms of its ability to accommodate vehicles within
a unit length of the roadway. This, in turn, has the effect of improving the
overall efficiency and operational behavior of the traffic flow. The rationale
behind this phenomenon can be attributed to the reduction in the time
delay associated with the headway 7, allowing vehicles to more seamlessly
traverse the motorway segment.

Given the empirical evidence supporting this association between 73,
and the FD, it becomes obvious to consider 7, as a potential control vari-
able for the purpose of regulating and optimizing traffic flow dynamics.
The manipulation of 7, can be envisaged as a mechanism to finely tune the
traffic system’s performance characteristics, with the objective of achiev-
ing an optimal balance between traffic density and flow rate.

In practice, the implementation of such control measures involving 7,
would necessitate a systematic approach that takes into account various
factors, including traffic volume, road geometry, and driver behavior. Fur-
thermore, the integration of advanced traffic management systems and
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real-time data analysis could enable the dynamic adjustment of 73 in re-
sponse to changing traffic conditions, thereby enhancing the overall re-
silience and adaptability of the motorway.
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Figure 8.1. FD of segment 1, all-HDVs scenario compared with mixed traffic
scenario (MTS), CAVs=40% and 7, = 0.5 s, 0.8 s and 1 s.
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Figure 8.2. FD of segment 2, all-HDVs scenario compared with mixed traffic
scenario (MTS), CAVs=40% and 7, = 0.5 s, 0.8 s and 1 s.
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Figure 8.3. FD of segment 3, all-HDVs scenario compared with mixed traffic
scenario (MTS), CAVs=40% and 7, = 0.5 s, 0.8 s and 1 s.
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Figure 8.4. FD of segment 4, all-HDVs scenario compared with mixed traffic
scenario (MTS), CAVs=40% and 7, = 0.5 s, 0.8 s and 1 s.
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Figure 8.5. FD of segment 5, all-HDVs scenario compared with mixed traffic
scenario (MTS), CAVs=40% and 7, = 0.5 s, 0.8 s and 1 s.




Table 8.1. Analysis of p., with assorted 7.

Description Segment 1 Segment 2 Segment 3 Segment 4 Segment 5
All-HDVs with 7, = 1.2 15 22 28 17 21
40 % CAVs with 7, = 1's 23 35 36 22 29
40 % CAVs with 7, = 0.8 s 25 37 38 24 32
40 % CAVs with 7, = 0.5 s 28 40 41 27 35
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8.8 Outcomes of the proposed Novel Control of
Traffic Flow with Connected and Autonomous
Vehicles

In this Section, the outcomes of the proposed novel control of traffic
flow are analyzed. Two scenarios are considered:

1. Scenario I: No-control scenario in which the total traffic demand
comprises 40 % CAVs and 60 % HDVs. Segment-based PR of CAVs
is calculated in real-time in Simulation of Urban MObility (SUMO).
Typical values of the parameters of the model are considered while
the 7, is uniform throughout this scenario.

2. Scenario II: In this scenario, the MPC-driven novel control of traffic
with CAVs is implemented. Only the CAVs are controlled and the
control variable 73, is optimized and the simulations are performed.
The FD is subject to varying values of 7, in each segment, thus each
varying 7j is assigned its specific FD which captures the changes in
traffic flow.

8.8.1 The Macroscopic Fundamental Diagram of the Mo-
torway Corridor

Figure 8.6 provides a graphical representation of the FD for both con-
trolled and uncontrolled motorway scenarios. The depicted data reveal
notable enhancements in traffic flow dynamics attributable to the imple-
mentation of a novel control strategy. In the uncontrolled scenario, it is
evident that traffic dynamics significantly deviate from those observed in
the controlled scenario. Specifically, in the absence of control measures,
congestion becomes observable, manifesting at a p. of 19 veh/km.

In contrast, the controlled scenario presents a distinct picture, charac-
terized by a marked reduction in congestion. This reduction is particularly
evident beyond the p.. threshold. In the controlled scenario, the p., has
been improved, now standing at 29 veh/km. This substantial increase in
per translates to an increase in capacity when compared to the uncontrolled
scenario.
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The outcomes showcased here can be attributed to the innovative con-
trol strategy implemented in the controlled scenario. The efficacy of this
strategy in enhancing traffic conditions is evident from the depicted results,
highlighting its potential to address congestion-related issues and enhance
overall motorway performance. These findings underscore the practicality
and promise of the proposed control approach in real-world traffic man-
agement scenarios. Next, we assess the segment-based flow to capture the
explicit improvement in the flow contributed by the proposed novel con-
trol.

MFD of the Motorway Corridor
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Figure 8.6. The FD of the motorway representing the no-control and control
scenarios.

8.8.2 Flow Dynamics in Segment 1 of the Motorway

The flow dynamics in both the controlled and uncontrolled scenarios
are presented in figure 8.7 in segment 1. Overall, there is an increase
in flow uniformity in the controlled scenario compared to the uncontrolled
one. In the controlled scenario, there is clear evidence of flow enhancement,
indicating a substantial improvement in traffic dynamics.

Specifically, the controlled scenario exhibits an average flow rate in-
crease of 15 %. This noteworthy improvement can be attributed to the
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implementation of the proposed novel control strategy. These findings
support the feasibility and effectiveness of the proposed control approach
in optimizing traffic flow, thereby resulting in the observed favorable out-
come.
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Figure 8.7. Flow dynamics of the segment 1 of the motorway in scenarios 1
and 2.

8.8.3 Flow Dynamics in Segment 2 of the Motorway

The figure presented as Figure 8.8 shows the flow dynamics observed
in both the controlled and uncontrolled scenarios in segment 2. In gen-
eral, the controlled scenario exhibits a more uniform flow pattern when
compared to the uncontrolled scenario. This improved flow pattern in the
controlled scenario is indicative of significant enhancements in traffic dy-
namics. Notably, the controlled scenario showcases an increased average
flow rate increase of 16%.

8.8.4 Flow Dynamics in Segment 3 of the Motorway

The flow dynamics in both the controlled and uncontrolled scenarios are
presented in figure 8.9 in segment 1. In this segment, there is an increase
in flow in the controlled scenario compared to the uncontrolled one. In the
controlled scenario, there is clear evidence of flow enhancement, indicating
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Figure 8.8. Flow dynamics of the segment 2 of the motorway in scenarios 1
and 2.

a substantial improvement in traffic dynamics. The controlled scenario
exhibits an average flow rate increase of 16 %.

8.8.5 Flow Dynamics in Segment 4 of the Motorway

The figure presented as Figure 8.10 shows the flow dynamics observed
in both the controlled and uncontrolled scenarios in segment 4. In gen-
eral, the controlled scenario exhibits a more uniform flow pattern when
compared to the uncontrolled scenario. Further, the controlled scenario
showcases an increased average flow rate increase of 16%.

8.8.6 Flow Dynamics in Segment 5 of the Motorway

The figure presented as Figure 8.11 shows the flow dynamics observed
in both the controlled and uncontrolled scenarios in segment 5. In gen-
eral, the controlled scenario exhibits a more uniform flow pattern when
compared to the uncontrolled scenario. Further, the controlled scenario
showcases an increased average flow rate increase of 18%. Generally, this
segment is always less congested and conditions remain free-flow, however,
the efficacy of the proposed novel control is plausible in given traffic con-
ditions as we witness improvement in all segments of the motorway. The
increase in flow rate almost converges to 16%.
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Figure 8.11. Flow dynamics of the segment 5 of the motorway in scenarios
1 and 2.

8.9 Conclusion

The emergence of Connected and Autonomous Vehicles (CAVs) is poised
to result in a significant transformation in traffic dynamics, necessitating
corresponding adaptations in modeling and control strategies. While re-
cent efforts have seen revisions in modeling and control approaches tailored
to conventional Human-Driven Vehicles (HDVs), there is a compelling im-
perative to extend these advancements involving CAVs.

Chapter 4 of this dissertation introduced a new macroscopic model for
mixed traffic flow, laying the foundation for subsequent exploration. In
Chapter 7, we proposed a Model Predictive Control (MPC)-driven Vari-
able Speed Limit (VSL) control specifically designed for motorway traffic,
focusing primarily on scenarios involving HDVs.

The present chapter has brought to the forefront a novel control paradigm
grounded in MPC. Our study encompasses a mixed traffic environment,
featuring 40 % CAVs alongside HDVs, with control measures exclusively
targeting CAVs within the motorway. Departing from conventional VSL
control practices, our approach centers on the regulation of time headway
(15,) among CAVs, acknowledging the substantial impact of this parameter
on Fundamental Diagrams (FD).

Our findings present compelling evidence of substantial enhancements
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in the FD of the motorway corridor. Most notably, the critical density
(per) within the FD has increased significantly, rising from 19 veh/km to
29 veh/km. This represents a noteworthy milestone in traffic management.
Furthermore, our study demonstrates an approximate 16 % increase in flow
rates across all segments of the motorway.

The outcomes of this study hold profound significance, particularly in
the context of advancing Intelligent Transportation Systems (ITS). The
pressing need to devise novel control strategies capable of alleviating con-
gestion while enhancing traffic management techniques cannot be over-
stated. As a promising avenue for future research, the implications of
our findings can be extended to explore scenarios involving varied CAVs
Penetration Rates (PR) and comparisons with conventional VSL control
strategies. Additionally, conducting safety assessments for the remarkably
small values of 7, is essential to ensure the efficient management of future
traffic scenarios.







Chapter

Conclusions and Future
Directions

In this Chapter, the main findings of this dissertation are concluded
followed by recommendations for future work. The aims of this disser-
tation are successfully achieved. The content of this dissertation is cru-
cial to investigate in the context of developing Intelligent Transportation
Systems (ITS). Additionally, with the emergence of Connected and Au-
tonomous Vehicles (CAVs), traffic dynamics are believed to alter signif-
icantly, thus, necessitating the revisions of the Macroscopic Continuum
Traffic Flow Models (MCTFMs). The MCTFMs are revised significantly
for various driving characteristics, including, but not limited to physio-
logical responses, driver reactions, and stimuli for Human-Driven Vehicles
(HDVs). However, the future traffic seems a complex mixture of more than
one typical behavior as the Internet of Things (IoT) and the advent of new
technologies will allow CAVs to have marginal characteristics. In light of
the aforementioned assertions, current models and control approaches are
questioned and thus revised in this dissertation.

9.1 Conclusions

In Chapter 2 of this dissertation, the basic definitions and theory is pre-
sented followed by the state-of-the-art literature review of the MCTF Ms.
The literature review is provided in the context of the context of Con-
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tinuum Traffic Flow Models (CTFMs). Particularly, the Second Order
Continuum Traffic Flow Models (SOTFMs) are studied in detail in the
context of HDVs and the current gaps for revising these models for the
characteristics of CAVs are identified. In the same Chapter, the practical
utility of SOTFMs in traffic control is explored. It has been noted that
the SOTFMs are rarely used in the control applications. Thus, later in
the dissertation attention has been paid to the applications of SOTFMs
in traffic control. Hereafter, this dissertation is carried out in two distinct
directions. One focusing on the revisions of the conventional SOTFMs for
CAVs, and the other focused on the application of these models in traffic
control.

To start with, in Chapter 3, the conventional SOTFMs are considered
for a detailed appraisal. The rationale behind presenting the appraisal
of the SOTFMs is to explore the characteristics of structural terms of
these models and to identify the impacts of the model parameters on the
stability and overall outcome. Thus, in this Chapter, numerical simula-
tions and sensitivity analysis are conducted of the specific set of SOTFMs.
The performance of the set of SOTFMs is compared with the microscopic
simulation performed in Simulation of Urban Mobility (SUMO) that is a
high-fidelity traffic simulation software. It has been demonstrated that the
SOTFMs are promising models in context to reproduce real-world traffic
patterns. The prediction capability of the set of SOTFMs is explored, and
the most sensitive parameters of the models are identified.

In Chapter 4, the well-known JQZ model is revised for mixed traffic fol-
lowing a pragmatic approach. In this Chapter, the driving characteristics
of HDVs and CAVs are distinctly characterized. Specifically, the head-
way characteristics of HDVs and CAVs are modeled. A new SOTFM has
been proposed, and validated on microscopic data obtained from Dublin
motorway in Ireland. The proposed model is capable of reproducing traf-
fic patterns and phenomena. The proposed model and the results from
microscopic simulations are thoroughly compared in the presence of dif-
ferent Penetration Rates (PRs) of CAVs. The practical significance of the
proposed model is showcased by conducting the Level of Service (LOS)
analysis of the Dublin motorway. It has been demonstrated that the LOS
significantly improves with the increase in the PR of CAVs. Additionally,
the traffic shockwave formation and dissipation is studied in the presence
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of CAVs. It has been observed that with higher PR of CAVs, the traffic
shockwave dissipates rapidly as compared to that in the presence of HDVs.
However, a pragmatic approach is followed in this Chapter which can be
questioned as the Fundamental Diagram (FD) of traffic is calibrated for
each scenario which captures the dynamics of the traffic, and the micro-
scopic dynamics impacting the FD of traffic are not modeled. However,
this approach relies on real-time traffic data.

In order to respond to the aforementioned gap, a continuum approach
instead of a pragmatic approach is followed and a new SOTFM is pro-
posed for traffic mixture in Chapter 5. In this Chapter, the SOTFM is
revised for traffic mixture comprising CAVs, HDVs, Heavy Vehicles (HVs),
and Connected Heavy Vehicles (CHVs). In this part of the dissertation,
a unique approach has been followed. The microscopic characteristics of
the traffic impacting FD are explicitly model for FD. Thus, two devel-
opments are considered, one the revisions of the anticipation term of the
well-known JQZ model for mixed traffic, and the other, to explicitly model
the FD of traffic for traffic mixture. Additionally, this new macroscopic
model is contemplated with an emissions model and the study is further
extended to the investigations of fuel consumption and greenhouse gas
(GHG) emissions. The findings of the study demonstrate that HVs in the
traffic mixture can cause a friction effect on the traffic flow and even a
small PR of HVs can decrease the traffic flow rate, while the CHVs in the
mixture yield positive impacts. Further, the substantial reduction in fuel
consumption and GHG emissions reduction been demonstrated with the
increase in the PR of CAVs, while the HVs negatively impact the fuel con-
sumption and GHG emissions.

In Chapter 6, the modeling perspective of CAVs is considered, but
study is more focused on the regulations of the characteristics of CAVs
on the macroscopic level. In this research, we investigate the dynamics
of traffic flow in the presence of CAVs considering the anticipation behav-
ior of CAVs. The criticality associated with the smaller reaction times of
CAVs is the prime concern. This Chapter explores the impacts of density-
dependent reaction times of CAVs. The aim of this chapter is to propose
a methodology for the adjustment of reaction times of CAVs given any
particular traffic conditions. In this approach modeling of the characteris-
tics of CAVs is performed to regulate the driving characteristics of CAVs
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according to the density conditions. This approach ensures the safety of
the traffic flow. This model can be practically employed in product devel-
opments for CAVs to predict future traffic situations based on the current
traffic conditions and alter their driving characteristics accordingly. Re-
sults demonstrate that the traffic dynamics significantly improve by im-
proving the driving characteristics of CAVs. Significant development in
the critical density of traffic is observed associated with smaller reaction
times and lengthways gap.

With Chapter 6, the facet of this dissertation is comes to an end.
Next, the role of SOTFMs in practical applications particularly in traffic
control is explored. To do so, first, a Model Predictive Control (MPC)-
driven Variable Speed Limit (VSL) control is implemented on the Dublin
motorway in the context of all-HDVs. In doing so, we first validate the
role of SOTFM in the MPC paradigm as the SOTFM is employed as a
prediction model in the optimization process. After doing so, the same
MPC framework is extended for control of mixed traffic employing the
SOTFM proposed for mixed traffic in Chapter 4.

In Chapter 7, the MPC-driven VSL control of motorway traffic is imple-
mented for conventional traffic. The prediction model in the optimization
process in the MPC framework is a SOTFM proposed by [5]. The control
input is the speed limit implemented in the segments of the motorway.
Within the MPC paradigm, congestion in one segment of the motorway
is mitigated with in the other its occurrence time is significantly reduced.
After, the successful implementation of VSL control driven on MPC, next,
the same methodology is extended for the regulation of traffic flow in mixed
traffic by proposing a novel control approach.

In Chapter 8, a novel strategy for the regulation of traffic low with
CAVs is proposed. At present, one mixed traffic scenario such that 40
percent CAVs and 60 percent HDVs are considered. Within this approach,
the same MPC framework of Chapter 7 is followed. Instead of the con-
ventional VSL control, the flow is regulated with CAVs by regulating their
time headway. Time headway is crucial for the changes in traffic. The
FD of traffic alters significantly with any variation in the time headway of
CAVs. It has been demonstrated in this Chapter in detail. With smaller
time headway, the critical density can be enhanced and this allows smooth
transition of the capacity of the road segment from congested to uncon-
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gested. The FD of traffic is practically calibrated, each FD associated
with the time headway is employed in the optimization process to decide
the optimal value of time headway, and the CAVs are regulated accord-
ingly. The FD of traffic improves significantly within the context of the
proposed novel control with CAVs, and the traffic flow is smoother after
the implementation of control, approximately 16 percent of improvement
is witnessed by all segments of the motorway.

This dissertation concludes here, the modeling and control perspectives
associated with CAVs in mixed traffic environments are extensively exam-
ined. Far-reaching analysis and different modeling approach with a novel
control approach with CAVs is successfully presented. Next, the future
directions are presented.

9.2 Future Directions

In the final Section of this dissertation, some suggestions are suggested
as a direction for future research.

e We explore and revise the SOTFMs for CAVs in a specific model
tree of the MCTFMs, further gaps can be identified in the other
conventional developments and extensions of MCTFMs.

e We explore the driving characteristics of CAVs, sometimes, they are
associated with critically small values of the parameters of the mod-
els taken from the literature. Safety analysis can be performed on
the parameters of the models to identify the optimal range of the
parameters of the models.

e In this dissertation, we propose a novel regulation of traffic flow with
CAVs, we consider only one scenario of mixed traffic, this particular
part of the dissertation can be extended to consider more complex
scenarios. Further, a comparative analysis of the conventional control
approaches and the proposed control approach can be performed.

e The proposed SOTFMs in this dissertation can be employed in real-
time management such as flow predictions in adverse weather and
road conditions. Prevailing traffic conditions can be investigated in
mixed traffic environments for an effective management strategies.




e Investigating the issues with calibration and validation of the pro-
posed SOTFMs to extract the best model performances in mixed
traffic environments.
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