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Abstract

Quality of life in cities, especially for vehicle owners, is closely correlated with the
delay experienced by drivers, a direct consequence of congestion. Costs associated
with delays incurred to travelers during peak periods include the loss of man-hours,
increased vehicle emissions, increased fuel consumption and more. The magnitude
of the socio-economic impact of congestion is usually very great. Unfortunately, due
to limited space availability in modern urban regions, infrastructure upgrade and
extension costs are prohibitive, with optimal utilization of available infrastructure
being the only viable alternative. This work describes different aspects of a pro-
posed Region-based Urban Traffic Simulation and Management Framework, which
takes advantage of the Urban-scale Macroscopic Fundamental Diagram concept.
Concretely, weighted feature extensions of center-based clustering methods are in-
troduced and compared with an implementation of normalized spectral clustering.
A new, feature weighted extension of k-harmonic means clustering outperforms all
other methods when applied to an urban traffic network encapsulating Singapore’s
Central Business District. The partitioning of the urban traffic network into homo-
geneously congested regions is an essential requirement for the existence and validity
of Urban-scale Macroscopic Fundamental Diagram. Subsequently, a multi-class ex-
tension of a regional dynamic traffic model, the Network Transmission Model, is
proposed and subsequently used to simulate regional traffic dynamics. Two in-

novative region-based prescriptive route guidance approaches are proposed, i.e., a



xvi Abstract

non-predictive strategic learning-based routing method and a predictive simulation-
based routing method. They are applied on a 16-region, diamond-shaped grid net-
work which makes use of the Network Transmission Model to simulate the regional
traffic dynamics. Their performance is compared to multinomial logit routing, a
realistic reference case which models self-interested traveler route choice behavior.
It should be noted that, all routing methods come integrated with a Public Transit
Diversion mechanism. As expected, the predictive routing method outperforms all
other routing methods.

A market penetration scheme is chosen to be applied to the new multi-class exten-
sion of the Network Transmission Model, where three traveler classes are defined.
The 1° traveler class makes use of autonomous vehicles, the 2" traveler class makes
use of conventional vehicles equipped with Route Guidance and Information System
and the 3" traveler class makes use of unequipped conventional vehicles. The 1%
class is represented by the predictive routing method with full compliance and under
two information provision scenarios S1 (imperfect information),S2 (perfect informa-
tion), that affect travel time prediction accuracy. The 2 class is represented by the
non-predictive routing method with the possibility of non-compliance. The 3" class
is represented by multinomial logit routing, modeling route choice under imperfect
travel time perception. Regional traffic dynamics for simultaneous application of all
aforementioned routing methods are simulated, for various combinations of traveler
class market penetration rates and non-compliance rates. An analysis of the overall
network performance gains, as well as individual performance metric results, was
conducted for each set of market penetration rate combinations with promising re-
sults about the potential impact that autonomous vehicles will have on the overall
network performance, as well as the individual benefits provided to all other traveler

classes.




Chapter 1

Introduction

Quality of life in cities, especially for vehicle passengers, is profoundly correlated
to the delay they experience daily, as a consequence of congestion. The European
Commission [4] estimated that the costs incurred from congestion in the European
Community will exceed $90 billion annually. Traffic congestion in the United States
in 2009 cost the economy $114.8 billion [5]. Congestion can be caused by temporary
deterioration of network performance, in case of an incident. There can also be
recurrent congestion, whereby the travel demand bound for certain regions within
the urban traffic network exceeds the capacity of said regions, for specific time pe-
riods. Due to limited space availability in modern urban areas, costs associated
with infrastructure upgrade and extension are prohibitive. Optimizing the sup-
ply of existing infrastructure resources, through use of traffic light control [6-10],
route guidance [11-14], as well as restricting network travel demand through toll
pricing [15-19], at different degrees of granularity (individual network links, subnet-
works), can help alleviate congestion phenomena. Integration of intelligent sensor
technologies, such as RSU (Road Side Units) with DSRC (Dedicated Short Range
Communications) capability, to the network infrastructure can help increase the

performance of the methods used to increase network capacity or restrict network
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travel demand, especially during peak hour.

1.1 Motivation

In the not-so-distant future, self-driving cars are expected to comprise a significant
portion of the vehicle population in metropolitan areas, more concretely, experts are
forecasting a 70% market penetration rate for autonomous vehicles by 2040 [20]. Ad-
ditionally, the US Secretary of Transportation, during a visit at the Frankfurt Auto
Show, predicted the ubiquitous presence of self-driving cars by as early as 2025 [21].
One of the main driving forces behind autonomous vehicle technology adoption is the
improvement of passenger safety through the elimination of human error. Human
error accounts for 94% of road accidents [22], which in turn account for 10%-30%
of delays due to congestion [23]. One of the main obstacles facing the adoption
of autonomous vehicles is the uncertainty regarding their successful integration in
human driver-populated traffic networks. Conventional vehicles equipped with nav-
igation devices are able to receive several types of guidance. Descriptive guidance
involves prevailing traffic conditions, predicted travel times and incident informa-
tion. Prescriptive guidance involves specific shortest route information provision.
Route guidance can provide user-oriented benefits. Given that vehicles remain com-
pliant to their prescribed routes [24], route guidance can also lead to system-wide
near-optimal network performance. Autonomous vehicles are expected to always
maintain compliance, and through coordination with traffic control centers, can lead
to system-wide benefits. Region-based routing can be considered as routing at an
aggregated level. Any large urban traffic network can be appropriately partitioned
into regions [25-29]. Region-based routing then presents a set of region sequences

that drivers can follow from their Origin region to their desired Destination region.
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This has been shown to lead to significant decrease of total vehicle travel time and
better utilization of available resources, i.e., the regions of the urban traffic network,
in [30]. In transportation economics literature, travelers are classified into certain
broad categories, according to their value of time, type of activity (commuting to
work, leisure) or other criteria and are given the option of changing their desired
departure times, which becomes an additional control parameter [31]. However,
this classification introduces additional complexity and stochasticity to the route
selection process. In addition, many studies fail to consider the bounded rational-
ity of travelers as decision makers [32]. A public transit diversion mechanism, as
integrated to each routing method presented in this dissertation, can be considered
as an alternative route choice which does not compromise travelers’ departure time
preferences. This feature would not be as readily justifiable in a link-by-link routing
approach, where the Destination location might be a considerable distance away
from a public transit station.

The main objective of this work is to introduce a Region-based Urban Traffic
Management framework, employing the concept of the Urban-scale Macroscopic
Fundamental Diagram. Some of the components of this framework presented in
this dissertation include urban traffic network partitioning, region-based multi-class
dynamic traffic modeling and region-based route guidance with a market penetra-
tion scheme. These framework components can be used as support tools by traffic
operations centers to facilitate strategic (high-level) rather than tactical (low-level)
decision-making about the distribution of class-specific traveler demand so as to al-
leviate congestion and mitigate the effects of random incidents such as car accidents.
A holistic approach is taken, incorporating travelers employing autonomous vehi-
cles, conventional vehicles with Route Guidance and Information Systems (RGIS),
unequipped conventional vehicles, as well as public transit. In this manner, a more

accurate estimation of prevailing and future traffic conditions can be achieved, by
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analyzing the potential impact of autonomous vehicle technology adoption and the
various traveler classes interaction.

A brief overview of past literature associated with the Urban-scale Macroscopic
Fundamental Diagram follows. The dynamics of traffic flow and congestion forma-
tion have been modeled at different scales according to formulations based on fluid
mechanics, cellular automata, particle systems, queuing systems, among others. The
majority of these models constitute an approximation of the traffic flow behavior be-
cause the unpredictability of human behavior poses considerable limitations to the
exact reproducibility of the actual system behavior. Various macroscopic models
have been proposed to describe traffic flow in cities from the viewpoint of collec-
tive vehicular flow. Lighthill and Whitham [33] presented a model that represented
vehicles in traffic flow as particles within a fluid. Smeed’s theory [34], where the
maximum traffic volume allowed within an urban center is a function of the area
covered by the roads, as well as their capacity, does not describe the urban road
network throughput effects when capacity is exceeded during peak traffic volume
periods. Thomson [35] employed road data collection of central London for many
years and arrived at a monotonically decreasing linear average speed-flow relation-
ship. Wardrop [36] came up with a monotonically decreasing average speed-flow
relationship as a function of mean street width and mean distance between junc-
tions. Zahavi [37] employed similarity analysis for British and American cities. He
aggregated data for various urban areas at identical time intervals including rush
hour, and suggested the existence of a monotone inverse speed-flow relationship.
While these models are capable of describing lightly congested traffic states, due to
the monotonicity that characterizes them, they cannot be used to describe the peak
periods in a congested city.

Godfrey [38] first proposed the concept of a Macroscopic Fundamental Diagram

representing the relationship between vehicle density (veh/km) and space-mean flow
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(veh/h) for urban regions. Herman and Prigogine [39] defined a Two Fluid Kinetic
model later improved upon by Herman and Ardekani [40] that stated that the av-
erage speed in urban network traffic is a function of the ratio of stopped vehicles,
which can be represented as a power function of network link density. Daganzo [41]
defined a relationship between urban network output, representing the number of
trips ending inside or outside the network, and the number of vehicles present at
the network, or accumulation. This relationship should be valid under the condition
that congestion is distributed in a homogeneous fashion throughout the network
and as long as external conditions are varying at a slow rate. Geroliminis and Da-
ganzo [42] further extended this by postulating that a Macroscopic Fundamental
Diagram exists for urban regions characterized by homogeneously distributed con-
gestion, the urban network output is proportional to the product of average flow

and network length, or production, for brevity. See figure 1.1 for an illustration.

Urban Scale
= Macroscopic Fundamental Diagram
b
(<]
e Production
5 (veh-km/h)
8
3
(]
Accumulatlon
{Number of Vehicles in the Network)
=
@
o
o
o
£
5
g >
3 Accumulation

(Number of Vehicles in the Network)
Productlon

{veh-km/h)

Figure 1.1: Illustration of the postulates set by Geroliminis and Daganzo [1] based
on the experimental results from Yokohama and the microscopic simulation results
run on a network representing Downtown San Francisco

Geroliminis and Daganzo [1] employed microscopic simulation of the San Francisco
downtown area during peak period for different demand distribution scenarios, as

well as analyzing experimental data derived from a 10 km? area in Yokohama, Japan
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and were able to posit the existence of an Urban-scale Macroscopic Fundamental
Diagram independent of traffic demand. Geroliminis and Sun [43], Mazloumian et
al. [44], Daganzo et al. [45] have shown that variability of network link density plays
a major role in the potential shape, scatter or existence of the Macroscopic Fun-
damental Diagram. Knoop and Hoogendoorn [46], chose to incorporate the effect
of link density variability on the network performance by developing the concept
of a Generalized Macroscopic Fundamental Diagram, which relates the production
in an urban traffic network to the network density variability and the accumula-
tion, defined as the weighted network average density. In order to compensate for
the demand heterogeneity appearing in most real-life urban traffic networks, Ji and
Geroliminis [25] implemented a partitioning of the urban traffic network into homo-
geneous regions with low link density variability within each region. The degree of
homogeneity of density for a particular region can be expressed through link density
variability. Link density variability is calculated by the standard deviation of vehicle

density (veh/km) for all links within a region at a particular time instant as follows

2
Pl — Pmean
ac = Z % (1.1)
leC

where « represents the link density variability for cluster C', [ € C represent the
links that belong to cluster C' and p;, pmean represent the vehicle density per link
[ € C and the average vehicle density for cluster C, respectively.
Centralized and distributed approaches on traffic light control of road junctions
are very prominent in research literature, but the same cannot be stated for traffic
management and control along the boundaries of partitions of urban traffic networks.
Therein lies the motivation of partitioning urban traffic networks into homogeneous
regions. Derivation of the Urban-scale Macroscopic Fundamental Diagrams for each

region is the subsequent step. It should be noted that the homogeneous regions set
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may not be unique, since it has been shown that different parts of the network may
experience congestive regimes at distinct peak periods throughout the day, as well as
different types of day, i.e. workday and weekend. From the Urban-scale Macroscopic
Fundamental Diagrams, the critical accumulation value within each region will be
able to be determined. This value has been used in the literature to affect feedback
control under various control frameworks. In Table 1.1, an overview of papers related
to the Urban-scale Macroscopic Fundamental Diagram concept is presented. In
addition to the conclusions and insights presented in Table 1.1, work from [47—
50] indicates that network topology, traffic signal settings, route distribution and
demand can actually affect the total output of a region. Leclercq et al. [51] posited
that MFD shape will change when for the same network, different route distribution
is applied and proposed a framework whereby all routes within a region would be
grouped into macroscopic route clusters. Keyvan-Ekbatani et al. [52], expanding
Gayah et al.’s work [50], found that the integration of adaptive traffic control and
network gating leads to higher network throughput as well as shorter queues on the
boundary. There are two approaches in mitigating these effects. One approach is
to incorporate link density variability, a measure of congestion heterogeneity, in the
relationship defined by the Urban-scale MFD, deriving an MFD dependent not only
on the accumulation, but also link density variability, as in [14,46,53,54]. Another
approach is to partition the urban traffic network into homogeneously congested
regions with well-defined Urban-scale MFDs. Examples of different partitioning
schemes resulting in homogeneously congested regions can be found in [25,26,29,
55]. The concept of Urban-scale MFD has been used extensively in research into
perimeter control schemes, [56-63], pricing [15-17,19,53], but to a lesser extent in
routing applications, [12-14,30,64,65]. Recently, efforts have been made to combine
link-based and aggregate traffic modeling for MFD-based control approaches [16,

52]. Investigations into combined types of traffic management have also gained
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traction in the researcher community [66-70]. Sirmatel and Geroliminis [71] are
the first to combine route guidance and perimeter control as part of an MFD-based
traffic management scheme. A significant part of transportation is classification
of the travel demand into multiple modes, however most of the MFD-based traffic
literature have been focusing on the public transport aspect of multi-modal travel
demand modeling and management (buses, trams) [72-79], however, there has been,
to the author’s knowledge, no research into a framework that integrates autonomous

vehicles into a private ownership or ridesharing scheme.
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Table 1.1: Summary of papers related to the Urban-scale MFD concept (after Knoop
et al. [3])

Paper data type network type remarks
Daganzo [41] theoretical not applicable Overcrowded networks lead
analysis to performance degradation
Geroliminis and historical Yokohama Urban-scale MFDs appear
Daganzo [1] in real network and there is
a proportional relationship
between completed trips
and average network output
Daganzo and historical and Yokohama (real) The shape of MFDs can be
Geroliminis [80] simulated San Fransisco theoretically explained
(simulated)
Buisson and historical Toulouse There is scatter on the MFD
Lavier [81] urban if detectors are not ideally
+ placed or at the presence of
urban inhomogeneous congestion
motorway
Ji et al. [82] simulated urban Hybrid networks — scattered
+ MFDs, inhomogeneous
motorway congestion reduces flow,
should be included in
network control scheme
Cassidy et al. historical 3 km MPFDs on motorways hold for
[83] motorway supercritical or subcritical
traffic conditions, otherwise
points appear within MFD
Mazloumian et al. simulated urban grid - Spatial variability of density
[44] periodic is important in deriving
boundary performance
flows
Geroliminis and Ji historical Yokohama Spatial variability of density
[84] is important in deriving
performance
Wu et al. [85] historical 900 m arterial Arterial FD exists, influenced
by timing plans
Daganzo et al. simulated grid Equilibrium states in a
[45] network are either free flow
or highly supercritical.
Rerouting increases critical
density for supercritical states
Gayah and simulated grid/bin Hysteresis loops appear in
Daganzo [86] Urban-scale MFDs due to
faster recovery of uncongested
parts. Can be reduced with
increased driver adaptability
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1.1.1 Contributions

In this thesis, the following contributions to Urban-scale MF'D literature are made:

1. The first contribution is the feature weighted extension of k-harmonic means
clustering and subsequent implementation of time-dependent urban traffic net-
work partitioning into homogeneous regions. While k-means clustering and a
variant of spectral clustering have already been implemented in [25], no past
traffic-related literature, to the author’s knowledge, has extended and im-
plemented the feature weighted k-harmonic means clustering, which, for the

specific network test case, outperforms both aforementioned clustering meth-

ods.

2. The second contribution is the introduction and implementation of a multi-
class extension of a region-based dynamic traffic model called Network Trans-
mission Model for the purpose of mixed application of different types of route
guidance, to showcase the interaction of different traveler classes, on a regional
traffic network. This region-based dynamic traffic model extension integrates
the capability to efficiently deal with different types of route guidance and

different classes of travelers.

3. The third contribution is the development and implementation of practicable
multi-type/multi-traveler-class route guidance methodologies, including a non-
predictive and a predictive region-based route guidance method with pre-trip
information dissemination, as well as the introduction and implementation of
a region-based variant of the Multinomial Logit Routing (MLR) method [87].
The non-predictive routing method is a strategic learning approach to region-
based route guidance, employing Proxy Regret Matching (PRM). The pre-
dictive simulation-based routing approach called Incremental Route Planning

(IRP) comes integrated with a Public Transit Diversion (PTD) mechanism.
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Both the non-predictive and the multinomial logit routing methods (PRM
and MLR for short) have also been extended with Public Transit Diversion

integration.

4. The last contribution is the introduction of a market penetration scheme
where autonomous vehicles, RGIS-equipped and unequipped vehicles comprise
the vehicle population. In past traffic-related literature, market penetration
schemes are presented, however, the vehicle population is never composed of
a combination of more than two of the aforementioned vehicle types. In the
proposed market penetration scheme, each traveler class features distinct char-
acteristics and is, thus, being represented by different types of route guidance.
This particular combination of traveler classes has never been implemented
simultaneously in a simulation framework before, which can be considered as
a big gap in the literature, given the fact that autonomous vehicles will soon
comprise a non-negligible part of the vehicle population in metropolitan cities.
This particular market penetration scheme is used to evaluate regional urban
traffic network performance for varied combinations of traveler class penetra-
tion rates and are able to demonstrate the improved performance robustness
of non-predictive and predictive routing approaches as they interact with self-

interested travelers employing multinomial logit routing (MLR).

In short, this dissertation contains several innovative methodologies, including pre-
dictive and non-predictive methods for region-based route guidance, which have not
been used before in a region-based traffic context and most importantly, comprises
of elements which have been extended and combined to construct a Region-based
Urban Traffic Simulation and Management Framework. This Framework integrates
such innovative concepts as a combined simulation of autonomous vehicles, RGIS-
equipped vehicles and unequipped vehicles, as well as Public Transit, thus rendering

said framework as a very appealing solution to transportation authorities, that wish
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to plan for the inexorable advent of vehicle autonomy and its potential impact to
metropolitan city networks. In view of the smart city initiatives undertaken by

government organizations around the world, this work appears as most timely.

1.1.2 Thesis Overview

This thesis comprises a total of seven chapters. Brief descriptions for each indi-

vidual chapter can be found below:

Chapter 2: This chapter provides concise descriptions of the modules proposed
for a Region-based Urban Traffic Simulation and Management Framework. More
attention is given to the modules which have already been implemented in this the-
sis, including the partitioning module, the macroscopic dynamics module and the
optimization module. More in-depth descriptions are given regarding the traveler
classes used in the multi-class extension of the Network Transmission Model, which
is part of the macroscopic dynamics module and the predictive and non-predictive

routing methods implemented as part of the optimization module.

Chapter 3: This chapter describes the first important step in applying the Urban-
scale MFD concept on a region-based urban traffic management framework. An
urban traffic network partitioned into homogeneously congested regions is a fun-
damental requirement for the validity or even the existence of Urban-scale MFDs.
After a brief description of the theory behind center-based and spectral clustering
approaches, weighted feature extensions of k-means and k-harmonic means cluster-
ing, as well as normalized spectral clustering are implemented and compared on
a network consisting of about 90 junctions and 180 links, encapsulating the CBD
area of Singapore. Historical data from the morning peak period are provided by

the Land Transport Authority (LTA) of Singapore are used to implement time-
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dependent partitioning into homogeneously congested regions.

Chapter 4: This chapter introduces the multi-class extension of a region-based
dynamic traffic model, the Network Transmission Model, which is used in later
chapters to simulate region-based traffic dynamics and provide traffic state informa-

tion to the non-predictive and predictive routing approaches introduced in chapter 5.

Chapter 5: This chapter introduces and compares non-predictive and predictive
routing methods. A strategic learning-based routing method, which employs Proxy
Regret Matching (PRM) that provides a distribution of regional paths to be assigned
based on their estimated average regret, and a simulation-based approach, Incremen-
tal Route Planning (IRP), which integrates a Public Transit Diversion (PTD) mech-
anism and comprises 2 steps, forecasting and path set computation/assignment. A
Multinomial Logit Routing (MLR) method is also implemented to provide a more
realistic route choice behavior. Both PRM and MLR are extended to integrate a

PTD mechanism and are subsequently compared with IRP.

Chapter 6: This chapter introduces a market penetration scheme, wherein three
distinct traveler classes, a class of travelers equipped with autonomous vehicles, a
traveler class comprising of human-driven vehicles equipped with a Route Guidance
and Information System (RGIS) and a traveler class comprising of human-driven
unequipped vehicles are defined. The 1% traveler class is assumed to be fully com-
pliant and is represented by IRP, while the 27¢ traveler class is represented by PRM
and may include non-compliant human drivers, which would be subsumed in the
37 class of travelers, which is represented by MLR. For various combinations of
market penetration and non-compliance rates, overall network performance, as well

as individual traveler class performance is evaluated.
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Chapter 7: This chapter contains the conclusions of this thesis, as well as proposed

future work.




Chapter 2

Region-based Urban Traffic
Simulation and Management

Framework

In this chapter, a concise description of the Region-based Urban Traffic Simula-
tion and Management Framework is provided. The framework in question can be
characterized as modular, in the sense that, most elements of the framework can
be added or removed, depending on engineering requirements and limitations. Cer-
tain core modules of this framework are implemented in this dissertation. The full
Region-based Urban Traffic Simulation and Management Framework is expected to

be part of a project proposal in the future.

2.1 Framework Description

The proposed framework presented on Figure 2.1, comprises of several modules

which will be described in the following subsections.
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Figure 2.1: Proposed Framework for Region-based Urban Traffic Simulation and
Management
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2.1.1 Traffic Operations Control Center

Traffic Operations Control Centers can be found in most metropolitan areas. They
are responsible for day-to-day operations including traffic monitoring, managing
data collected from an array of sensors (loop detectors, traffic cameras, GPS, Road
Side Units), deployment of maintenance crews in road work-zones, relaying of advi-
sory information to travelers in real-time, through VMS (Variable Message Signs)

or ATIS (Advanced Traveler Information Systems).

2.1.2 Partitioning System

The partitioning of an urban traffic network into several homogeneously congested
regions can be static, based on historical data describing recurring traffic patterns,
dynamic, based on real-time data describing prevailing traffic conditions. A time-
dependent implementation could initially use historical data to partition the urban
traffic network into homogeneously congested regions and in subsequent time steps
improve the regional boundaries definition. The first steps towards a time-dependent
implementation, as defined here, have already been taken in this work, using histor-
ical data provided by the Land Transport Authority (LTA) of Singapore, with very
promising results pertaining to partitioning methods performance, regarding region

compactness, cohesion and execution time.

2.1.3 Urban-scale MFD Database

Using the regions resulting from static partitioning, an Urban-scale MFD database
can be constructed off-line. This database can be used to quickly identify critical
values corresponding to specific region shapes, thus decreasing the computational ef-
fort required during the regional dynamic traffic simulation that follows. Urban-scale

MFDs can also be derived for the regions resulting from time-dependent partitioning
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and the critical accumulation values can similarly be updated on-line.

2.1.4 Macroscopic Dynamics

Any number of regional dynamic traffic models may be used to simulate regional
traffic dynamics. The majority of these models fall under the macroscopic traf-
fic modeling category. Microscopic traffic model implementation is not advisable
for real-time applications, due to issues of scale and complexity. In this work, a
multi-class extension to the Network Transmission Model is introduced and imple-
mented. Three distinct traveler classes are subsequently defined, a class of travelers
equipped with autonomous vehicles, a traveler class comprising of human-driven
vehicles equipped with a route guidance and information system and a traveler class
comprising of human-driven vehicles without any sort of navigation equipment. The
1% traveler class is assumed to be fully compliant, while the 2"¢ traveler class may
include non-compliant human drivers, which would be subsumed in the 3™ class
of travelers. I consider 2 distinct market penetration rates, one for the adoption
of private autonomous vehicles as the primary mode of transport, assigned to the
1% traveler class (MPR1), and one for the equipment of route guidance information
systems utilizing strategic learning-based routing assigned to the 2"? traveler class
(MPR2). Subsequently, after the respective market penetration rates for the differ-
ent traveler classes have been set, a rate of non-compliance (NC) for the 2" class
of human-driven vehicles is defined and after grouping the non-compliant segment
together with the remainder of the vehicle population, classified as the 3"¢ traveler
class, rate (MPR3) is determined. The diagram shown in Figure 2.2 depicts the

aforementioned classification process.
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2.1.5 Centralized/Distributed Optimization

After having received information regarding the traffic state from the regional dy-
namic traffic model that has been selected for simulation, the regional path selection
from Origin region to corresponding Destination region is considered as the con-
trol input and, depending on the optimization approach (centralized or distributed)
and objective function (user-oriented or system-oriented) selected, appropriate route
advisory information is provided to all travelers. In this work, prescriptive pre-
trip guidance approaches are employed, including a predictive simulation-based ap-
proach, Incremental Route Planning (IRP), which comprises 2 steps, forecasting
and path set computation/assignment, for the 15 traveler class, and Proxy Regret
Matching (PRM), a non-predictive strategic learning-based approach, which pro-
vides a distribution of regional paths to be assigned based on their estimated average
regret, for the compliant segment of the 2"? traveler class. Finally, an extended ver-
sion of Multinomial Logit-based Routing (MLR) was implemented, which gives the
multinomial logit-based Dynamic Stochastic User Equilibrium, DSUE for brevity,
representing a more realistic route choice behavior for the non-compliant segment of
the 2" traveler class and the 3" traveler class of unequipped human-driven vehicles,

both characterized by imperfect travel time perception.

2.1.6 Urban Traffic Management Platform

Resulting regional paths can be considered as a high level control input which
can be translated into low level control input, through an urban traffic management
platform that calculates time-dependent shortest link-based paths in the regions
belonging to the respective regional path. It should be noted that additional con-
straints are required to ensure that the intraregional paths in the sequence of regions

belonging to each respective regional path are connected along the region bound-
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aries.

2.1.7 Chapter Overview

This chapter provides brief information about the proposed modules of a Region-
based Urban Traffic Simulation and Management Framework. Additional focus
falls on modules which have been partially or fully implemented in the course of
this thesis, including the Partitioning System, the Macroscopic Dynamics and the
Centralized /Distributed Optimization. The author’s work on time-dependent urban

traffic network partitioning is described in detail in the following chapter.




Chapter 3

Urban Traffic Network

Partitioning

In this chapter, my implementation of urban traffic network partitioning is de-
scribed, as well as some technical details about the center-based and spectral clus-
tering approaches used, feature weighted k-means clustering, feature weighted k-

harmonic means clustering and normalized spectral clustering.

3.1 Prior work and process description

It is well documented that different traffic patterns appear throughout the day.
It follows that different partitions of the same urban traffic network need to be at-
tributed to different time periods. Implementation of partitioning can be based on
historical data, real-time data, different demand scenario-based micro-simulations
or any combination thereof. Partitioning into homogeneously congested regions has
been investigated extensively in the last 5 years, starting with Ji and Geroliminis’
seminal paper [25] and followed by several others [26,29,55]. Both simulation-based
and real-life datasets have been used to derive homogeneously congested regions,

either statically or dynamically. As mentioned previously, Geroliminis et al. [8§]
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developed a regional dynamic traffic model, which was extended in [14,54,89] to
model and control for heterogeneity in MED at the regional level. However, [14,54]
perform a secondary partition of each heterogeneous region into homogeneous sub-
regions, where MFD functions are assumed to be dependent only on the subregional
accumulation. In this case, an appropriate partitioning implementation would be
selected, dependent on the type of data available, as well as other parameters of
the given network, so as to achieve the best possible results for two features, in-
traregional link density variability and regional compactness and cohesion. Coming
back to Ji and Geroliminis [25] seminal work, the scenario-based micro-simulation
approach was chosen for a 6.5 km? area of San Francisco consisting of about 100
junctions and around 400 network links. Their choice enabled them to pinpoint
appropriate times when network congestion has not set yet and the traffic volumes
are still high, providing them with a variety of link densities for their algorithms.
My network, representing the Marina Bay area of the city of Singapore, also incor-
porates parts of Chinatown, Clarke Quay, Dhoby Ghaut and the Central Business
District. In this chapter, I elected to use historical data from loop detectors situated
upstream of the majority of junctions for all directions. While historical data can
provide more accuracy than scenario-based simulations, as regards the link density
values, the question arises as to how to pinpoint the appropriate times with condi-
tions that guarantee adequate link density variability to warrant partitioning of the
selected network. Aslam et al. [2] used loop detector data obtained from the Land
Transport Authority in Singapore and collected travel data from taxis for the month
of August 2010. Machine learning was employed for vehicle distribution and traffic
volume inference for the entire island of Singapore. Thus, they were able to identify
hotspot areas throughout Singapore for specific time periods. The traffic hotspot
areas defined through the inferred traffic volumes as can be shown in Figure 3.1.

Certain areas of Singapore exhibit high volume throughout the entire day. Other
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Figure 3.1: The labeled hotspot areas on the top map correspond to the volume —
time-of-day plots. Aslam et al. [2]
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areas are characterized by high volumes only during respective peak hours. Figure
3.1(a) pinpoints the busiest areas with respect to traffic volume. In figure 3.1(b),
the traffic volumes throughout the day at the respective high volume areas can be
observed. The area labeled as C exhibits the highest volumes. This particular area
is located around Changi airport. It should be discounted since airports constitute a
source of attraction for taxis in particular and not so much for general traffic. Their
results enabled the selection of times for the test network which can guarantee the
link density variability required for successful partitioning of the test network into
homogeneous regions. In this chapter, I derive a partitioning for the network using
weighted k-means clustering, k-harmonic means clustering and spectral clustering
algorithms. More specifically, I make use of the location coordinates and the vehicle
density for each link in the test network as distinct features. Subsequently, I apply
weights to each feature. In this manner, the clustering algorithms can produce
clusters where link density variability is low within each cluster, without sacrificing
spatial cohesion. Concretely, producing clusters whose links are connected to all
other links within each cluster without ever having to traverse a path that crosses
a different cluster. A performance metric developed by Ji and Geroliminis [25] is
utilized to evaluate the intra- and inter-cluster link density variability and I also
test for the spatial cohesion of each resulting cluster. The results show that the
optimal number of clusters for this particular network is 2, while k-harmonic means

clustering and normalized spectral clustering provide the most stable results.

3.2 Center-based and spectral clustering algorithms

The k-means algorithm belongs to the category of center-based clustering algo-
rithms [90]. Center-based clustering algorithms utilize a number of centers to rep-

resent and subsequently partition input data. Each center defines a cluster with a
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central point and perhaps a covariance matrix. This family of algorithms usually
begins with a guess about the solution and then refine the positions of centers until
reaching a local optimum. These methods can work well, but they can also con-
verge to a local minimum that is far from the global minimum, i.e. the clustering
that has the highest quality according to the criterion in use. Converging to bad
local optima is related to sensitivity to initialization, and is a primary problem of
data clustering. A general model for the family of center-based algorithms that use
iterative optimization follows.

Define a f-dimensional set of n data points D = {dy, ...,d,} as the data to be clus-
tered. Define a f-dimensional set of k centers M = {my,...,my} as the clustering
solution that an iterative algorithm refines.

A membership function e(m;|d;) defines the proportion of data point d; that belongs
to center m; with constraints e(m;|d;) > 0 and Zle e(m;j|d;) = 1. The k-means

algorithm uses a hard membership function defined below

1 if my = argmin; ||d; — m;|?
exm(muld;) = (3.1)
0 otherwise

One of the reasons that k-means algorithm can converge to poor solutions is due
to its hard membership function. The k-harmonic means algorithm described, later

on, uses a soft membership function defined below

|di —my| =92

k —a—
Zj:l |di —my||=a=2

(3.2)

EKHM (ml |dz) =

where exponent ¢ takes even values.
A weight function v(d;) defines how much influence data point d; has in recomputing
the center parameters in the next iteration with constraint v(d;) > 0. Zhang et

al. [91] first introduced a dynamic weight function that gives more weight to data
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points not ”well-covered” by the current solution

> lldi = myl| 72
(5= i = my =92

vrm(di) = (3.3)

Now a general model of iterative, center-based clustering can be defined. The

steps are:

1. Initialize the algorithm with guessed centers M.

2. For each data point d;, compute its membership e(m;|d;) in each center m;

and its weight v(d;).

3. For each center m;, recompute its location from all data points d; according

to their memberships and weights:

o Z?:l e(m;ld;)v(d;)d;
T Y e(myldi)(di)

4. Repeat steps 2 and 3 until convergence.

Center-based clustering algorithms are usually characterized by their objective
function. The k-means algorithm clusters data points in k-sets, where k represents
the number of cluster centers. Voronoi partitions are formed according to data point
membership to each cluster. The k-means algorithm uses the Euclidean norm to
compute the distance of each data point from the selected cluster centers and then
updates the centers according to the means of the data points associated with that
cluster. Weighted k-means clustering uses feature weights to signify the importance
of one particular feature over others. It should be noted that the weights v(d;)
mentioned above are applied to each individual data point, while the feature weights
apply to one particular feature of the entire data set. Weighted k-means clustering

uses feature weights to signify the importance of one particular feature over others.
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It should be noted that the feature weights apply to one particular feature of the
entire data set. In this implementation, w,. is defined as the weight for the link
coordinates feature and w, as the weight for the density feature, leading to the

following equation:

WEKM(D, M) Z > mln wf||dzf m;g|)? (3.5)
i=1 fefep)’ U7

where d € D € R™3 represent the data points, m € M & R¥*3 represent the
cluster centers and k is the number of clusters. The reason I enforce weights is
to ensure the spatial cohesion of the resulting partitions, otherwise, the resulting
clusters will consist of spatially disparate links with admittedly very low density
variability. One other main caveat in employing k-means clustering lies, as men-
tioned before, in the fact that the resulting data point clusters may not represent
global minima, as regards to the feature variability meant to be minimized and are
highly dependent on the initialization of the cluster centers. This weakness can be
partially mitigated if one selects, using prior knowledge, particular data points as
the initial cluster centers, but information at this level of detail is usually hard to
obtain.

I chose to apply a weighted variation of k-harmonic means algorithm as the result-
ing clusters are insensitive to cluster center initialization. The k-harmonic means
algorithm [91] objective function is characterized by the use of the harmonic mean
instead of the Euclidean norm of the distance of each data point from the cluster
centers. Although k-harmonic means includes a weight function that rewards data
points with greater distance from their respective cluster centers, due to the partic-
ular nature of partitioning I aim to implement, I include feature weights as in the

case of the k-means algorithm, resulting to the following equation:
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WKHM(D, M) = zn: h
) - k _
T 2iet D pefep Wrlldip —myg|

(3.6)

Even exponent ¢ values are suggested in the literature, in this implementation,
q = 4 was chosen.

As an alternative to the k-means clustering algorithm family, I select to implement
a version of normalized spectral clustering [92], which is similar to the Normalized
Cut algorithm implemented by Ji and Geroliminis [25]. The advantage of this ap-
proach is the fact that feature weights are unnecessary, because spectral clustering
treats clusters as connected subgraphs, while the k-means algorithm family treats
them as distinct convex sets [93]. Additionally, this approach ignores sparse inter-
connections among subgraphs, providing a better defined boundary.

The selected urban traffic network has two representations. First, as an undirected
graph G = (V, E) where each node i € V represents a link. Each node is associated
with a density value p;. It has to be denoted that two way road link connections
are considered separate undirected edges. Link density values were derived from
flow values in the following manner. The raw loop detector data was aggregated to
7, = 300s (Sampling rate = 1/300H z). The data was selected in such a way, so that
the initial values for link density can be considered close to zero, i.e. at a time before
the morning peak period, where flow values were very low and almost zero. Then
the link density values were iteratively updated for each link as follows. First, for
every link ¢ € V| I made a list of all immediately upstream links J;. Subsequently,
for each j € J;, I summed up the number of lanes A;. Then, the incoming flow to

link 4 from all immediately upstream links j € J; is gin; = > il

L
viedi
is the number of lanes from link j directed to link 4, gout; is the outflow for link j

qout;, where \j;

and ); is the total number of lanes of link 4. Then, link density will be p! = pi=™ +
7s (qin; — qout;) /A;\;, where A; and \; represent the length and number of lanes

of link ¢, respectively. The superscript ¢, indicating specific time, has been omitted
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from following instances of link density p; for convenience. This first representation is
appropriate for the implementation of the k-means and k-harmonic means clustering
algorithms. The second representation as a weighted undirected graph is better
suited to the implementation of the normalized spectral clustering algorithm. The

normalized spectral clustering algorithm can be described by the following steps:

1. The weights . € B € R™" on the edges belong to the weighted adjacency
matrix B and are described by the similarity function between link density

values which takes the form of a Gaussian probability distribution function

exp (= (pi — pj) /20°) Vi, j €V

which punishes density value differences, decreasing in value faster the larger

the differences

2. After obtaining the weighted adjacency matrix B, the degree matrix needs to
be calculated, a diagonal matrix R € R™*"™ whose diagonal elements can be

calculated as follows:

r, = ZBZWVZ S |4
j=1
3. The normalized Laplacian matrix Ly € R™™" is then calculated by

L,=1—-R'?BR'/?

4. Subsequently, the first k& generalized eigenvectors yi,...yx are calculated by
solving the equation

Lsy = ARy

5. Normalization of the rows of matrix ¥ € R™F* to L'-norm is followed by

implementation of k-harmonic means clustering to matrix Y, € R™**,
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6. Finally, a set of clusters C' = {CY, ..., Ct } which correspond to the initial data

points cluster membership is obtained.

3.3 Performance metrics

Ji and Geroliminis [25], based on metrics developed by Rousseeuw [94], derived
metrics to measure the performance of the Normalized Cut algorithm in comparison
with a weighted k-means clustering implementation and showed that for a set of
clusters C' = {C4, ..., C } one can measure the intra-cluster density variability, as well
as the inter-cluster density variability conditioned on the adjacency of the clusters

being compared, as follows:

ov(e,) - 2var(C,)
var(C,) +var(C,) (ue, — ke, )’

(3.7)

where C), is the cluster whose performance I aim to measure and C,, is the adjacent
cluster with the least inter-cluster variability as regards C,. Small values for the
variances denoted by var(C) and large difference between the means, denoted by
i, gives small values for C'V which means the cluster partitioning is successful.
It has to be noted that the average C'V over all clusters is taken to account for
the difference in link density among adjacent clusters. In order to measure spatial
cohesion for each cluster, I decided to use the silhouette coefficient developed by
Kaufman and Rousseeuw [95], which, for each data point measures two quantities,
cohesion «(x), which measures average distance between data points within the

cluster and separation b(x), which measures the minimum average distance of data

points to other clusters. Then silhouette s(z) is defined as

_ () —ofz)
st@) = max {a(x),b(z)}

(3.8)
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where s(z) € [—1,1] with values close to -1 considered as spatially poorly con-
nected and values close to 1 considered as spatially well connected. The silhouette

coefficient is the average for all data points and can be calculated using

SC = Z s(x;) /N (3.9)

In addition to calculating the isolated performance for spatial cohesion, this metric
can be adapted to measure the total performance of the partitioning, by simply
selecting both spatial and density features for each data point x;. TP will be used

to represent this metric for the remainder of this chapter.

TP = Z s(xl) /N (3.10)

where each corresponding datapoint x} includes information about both spatial
(geographic coordinates) and density features. It should be noted that for extreme
values on either end of the spectrum, T'P should have a limited impact during the
clustering algorithm comparison, since its value is skewed by the extremely low or

high values.

3.4 Network Setup

As mentioned before, using prior information about hotspot areas throughout Sin-
gapore for specific time periods, I selected an urban region with an area of about 2.2
km?, located to the south of the island of Singapore, encompassing the Marina Bay
area, as well as parts of the Central Business District, Chinatown, Dhoby Ghaut,
and Clarke Quay. My network consisted of about 90 junctions and 180 links. It
should be noted that bidirectional road segments are considered as separate links.

Link lengths range from 100m to 1000m and the speed limit is set to 50km/h. In-
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stead of Cartesian coordinates, Geographic coordinates (decimal degrees) are used
in the plots, with longitude on the x-axis and latitude on the y-axis. Loop detector
data obtained from the Land Transport Authority in Singapore for the month of Au-
gust 2010 were used, based on Aslam et al. [2] results regarding peak traffic volumes
in that particular area, it was decided that the tests should be implemented for a
time period of 3 hours, starting from 8am and ending at 11am, based on historical
data for the first Monday of August 2010. The reason I choose time 9am as the
initial partitioning is that the network is partitionable at this time (optimal number
of clusters is larger than 1). With a well partitioned network at a certain time, the
growing and shrinking phenomena of congested regions in the network can easily be
captured. On the contrary, if I use 7am or 12pm as initial partitioning when there
are no obvious clusters in the network (i.e., the network is homogeneously congested
or uncongested), the proposed time variant partitioning would not produce desired
clusters with compact shapes when it reaches partitionable time periods. The algo-
rithm would only work on a network that has already been roughly well partitioned
after some preprocessing, such as initial segmenting and merging. The network can

be shown in Figure 3.2
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Tiong Batri

Figure 3.2: Illustration of the urban traffic network representing the Marina Bay
Area of Singapore, which includes parts of Chinatown, Clarke Quay, Dhoby Ghaut
and the Central Business District

3.5 Experimental results

The main objective was to produce clusters with low intra-cluster density variabil-
ity and high inter-cluster density variability. This objective, however, must satisfy
the constraint of spatial cohesion. Having a cluster with very low link density vari-
ability, which includes links with absolutely no connectivity or spatial cohesion is
useless for what I am trying to achieve. Another goal was to find the minimum
number of clusters required for a sufficiently homogeneous partitioning. Several test
runs were implemented using all three algorithms. More specifically, I tested for
different numbers of clusters, for different feature weights and for different times
within the selected period of 8am to 11 am. It was determined that the optimal
number of clusters is 2, which is understandable, since the encompassing area is not
large enough to warrant further partitioning. After several runs, I was able to deter-

mine feature weights suitable for keeping a balance between the primary objective
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and the satisfaction of the spatial cohesion constraint. Finally, for 2 clusters and a
weight ratio w./w, of 100/1, I compare all algorithms throughout the 8am to 1lam
time period.

The number of clusters for which the partitioning performance was investigated
ranges from 2-4. There were runs for k£ = 5, but the resulting 5th cluster was empty,
which provided information regarding the upper bound for this investigation. Ob-
viously, if the performance indices for 2 clusters were also too high as regards link
density variability, the only conclusion is that the selected network was homoge-
neously congested in its entirety. Fortunately, this was not the case, which means
the region and time period selection was not made poorly. Due to the inherent
tendency of k-means to reach local minima, dependent on the initial cluster center
selection, a range of values for each cluster is obtained. Hence, Table 3.1 contains
the average performance metric values derived from the k-harmonic means imple-
mentation, which exhibits insensitivity to initial cluster center selection. It should
be noted, for this particular investigation, that the average of the range of values
mentioned above and the performance metric values taken from the k-harmonic

means algorithm implementation differ very slightly.

Table 3.1: Cluster number comparison

Performance Metrics | k-number of clusters

k=2 |k=3 k=14
Average CV 0.8705 | 1.0487 | 0.8183
Average SC 0.4713 | 0.6475 | 0.3966
Average TP 0.0957 | -0.3217 | -0.721

It is evident that 2 clusters partitioning performs better in total. It should be noted
that upper thresholds for C'V and lower thresholds for SC' and T'P are set in order to
facilitate the comparison. If the average C'V value exceeds 1.0000, the partitioning
is considered unsuccessful due to high inter-cluster link density similarity. If the

average SC' or TP value is below 0.0000, the partitioning is considered unsuccessful
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with respect to spatial cohesion, or a combination of low spatial cohesion and high
inter-cluster similarity.

For the aforementioned reason, I elect to utilize the k-harmonic means algorithm
to perform the comparison for different feature weights. Table 3.2 contains the
average performance metric values for different feature weight ratios w./w,, ranging
from 10/1 to 150/1.

Table 3.2: Feature weight comparison

Performance
Metrics We/ W,

10 25 50 100 150
Average CV 0.0626 | 0.0814 | 0.1530 | 0.8705 | 0.9720
Average SC -0.0749 | -0.0578 | -0.0566 | 0.4713 | 0.4782

Average TP 0.8740 | 0.8728 | 0.8647 | 0.0957 | 0.0285

Admittedly, the weighting for spatial cohesion is quite aggressive, starting from
merely 10/1 and eventually reaching 10 times the initial ratio, but based on a combi-
nation of performance metric values and graphical evidence, it was deemed necessary
so as to enforce the critical constraint of spatial cohesion. From the performance
metric values it can be easily observed that, had the isolated spatial cohesion metric
not been included, the weight ratio selection would have been off by a magnitude of
10.

I investigated the performance of each algorithm for several time slots within
the selected time period of 8am to 1lam. It is interesting to observe that the
partitioning produced from each algorithm implementation displays the progression
of traffic congestion throughout the time period. In Table 3.3 I compare all three
algorithms, but, it should be pointed out that the k-means produces several sets of
results for each time slot, dependent on the initial cluster center selection. Therefore,
I have decided to present values to showcase that good performance can be achieved,
but the instability of the results should lead to their dismissal from the algorithm

comparison in the general case. For the majority of the time slots tested, k-harmonic
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means clustering outperformed normalized spectral clustering. Figures 3.3 and 3.4
graphically present the clusters produced k-harmonic means and normalized spectral
clustering respectively, for time slots 8am, 9am, 10am and 11lam. The progression
of traffic congestion throughout the selected time period can easily be observed.
Observation of the clusters shows, that an ebb and flow effect is taking place for
that specific time period, which is consistent with peak traffic volume observations

of Aslam et al. [2].

Table 3.3: Clustering algorithm comparison

Porformance Metrics Type of clustering algorithm

WKM | WKHM | NSC
Average CV 0.9237 | 0.9125 0.9451
Average SC 0.4753 | 0.4743 0.4703
Average TP 0.1555 | 0.0706 0.0305

From the experimental results, several conclusions can be reached.First, that the
minimum number of clusters is dependent on the selected network topology and
size. Second, that center-based clustering algorithms can be very effective in par-
titioning urban traffic networks into homogeneous regions, but stability remains an
issue. Third, that spectral clustering approaches are suited to urban traffic net-
work partitioning, omitting the tedious step of calculating optimal feature weights.
Spatial cohesion is satisfied by the construction of the weighted adjacency matrix
B. However, there is some computational effort involved in the adjacency matrix
construction, which may lead to spectral clustering approaches being slower than
center-based clustering approaches such as k-means and k-harmonic means. The
results also show that the weighted version of k-harmonic means outperforms nor-
malized spectral clustering, as regards link density variability and spatial cohesion.
One must consider however that in order to achieve the same level of spatial cohesion,
very aggressive weighting of the coordinates feature had to be employed. Finally,

after examining the different clusters produced from the clustering algorithms, one
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can deduce how congestion is formed and propagated over time. This pertains to
historical data, which might not be reflecting the current traffic situation for that
particular area, however this approach can be extended to apply to real-time data,
or a combination of historical and real-time data. These approaches can be used as a
middle layer of traffic surveillance, enabling traffic engineers to observe in real-time
the traffic state, without overloading them with information. They can also serve as
a first step in the derivation of the Urban-Scale Macroscopic Fundamental Diagram
for each separate cluster, thus enabling the application of different perimeter control

strategies along the boundary of the clusters.

3.6 Discussion

Urban systems experience highly dynamic behavior and different traffic patterns
may arise for different times of day (think of morning-evening commuting patterns
or stochastic variations of traffic flow). In these cases, very likely one needs to iden-
tify different optimal sets of clusters depending on these patterns.The developed
algorithms of this report, given their short computational time (a few seconds), can
be directly applied real-time in these cases. Nevertheless, further research is needed
to identify how often a partition should be adjusted. My understanding is that
dynamic clustering can be performed at a time resolution that it is smaller than
the control decisions, e.g. if control decisions for traffic signals through perimeter
control are made every 5 min, clustering might need to be performed every 15-30
min. This problem has a strong link with the spatio-temporal propagation of con-
gestion in transportation networks. Regarding the online part of the algorithm, one
can check if the variance of the predefined offline clusters exceeds some threshold
values, which would indicate that the network would require repartitioning. Note

that these thresholds do not need to be extremely small. Geroliminis and Sun [43]
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have noticed from the real network of Yokohama that a low scatter MFD exists even
if there is some variance in the distribution of congestion (coefficient of variation in
link density, i.e. dimensionless standard deviation divided by the mean, was around
0.25). Computationally speaking an online partitioning is not a problem, as the
method developed in this report is fast and can be applied in real time if data are
available.

A difficulty might arise if the new partition does not exist in the historical database
and the shape of the MFD cannot be directly estimated from the data. Never-
theless, Mazloumian et al. [44] have shown that there is a low scatter relationship
between the network flow and variance of link density (which expresses the spatial
heterogeneity of congestion) for a given mean network density. Thus, the shape of
the MFD can be estimated by integrating an analytical formulation (e.g. the one
of Geroliminis and Daganzo [80] or Geroliminis and Boyaci [96] with the empirical
spatial distribution of link density). Ampountolas and Kouvelas [97] designed a
Kalman filter-based estimation algorithm that utilizes real-time measurements of
circulating flow and accumulation of vehicles to produce estimates of the currently
prevailing critical accumulation. The developed strategy may be valuable when-
ever the Urban-scale Macroscopic Fundamental Diagram is not well defined and
the critical accumulation cannot accurately be specified or is subject change due
to traffic-responsive signal control, traffic composition (e.g. cars versus buses), or
nonrecurrent day-to-day traffic patterns. Another interesting research direction is
to identify the monitoring needs to provide an accurate and dynamic partitioning
that will lead to the development of efficient control strategies. Information in every
link in a network is not necessary, as shown by Ji and Geroliminis [25] regarding
partitioning and by Keyvan-Ekbatani et al. [60] with respect to the derivation of
Urban-scale MFDs. In case of highly variable link density (e.g. high directional

flows), data needs might be larger for some part of the network (especially the ones
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with higher spatial heterogeneity).

If dynamic partitioning could describe the spatiotemporal characteristics of conges-
tion, then region-based traffic management and control strategies can be extended
to capture dynamic boundaries. While dynamic boundary adjustment of initial
partitioning can be considered as a straightforward way to implement dynamic par-
titioning, several caveats can be associated with this approach. Choosing an appro-
priate time period for initial partitioning is difficult, especially at the beginning of
congestion formation where the network is usually not partitionable. A boundary
adjustment algorithm will not be able to observe the development of new pock-
ets of congestion. Finally, the computational complexity of boundary adjustment
algorithms is high and thus can be hardly developed in a real system. However, ap-
propriate dynamic partitioning is instrumental in implementing traffic management
strategies on homogeneously congested regions, since, static partitioning algorithms
aim at clustering the most similar links instead of congested links. In addition, there
is no time correlation regarding the formation of congestion, since static partitioning
is implemented for data from distinct time instants. Ji and Geroliminis [55], using
GPS data from 20000 taxis for one month in the city of Shenzhen, were able to

address these issues associated with dynamic and static partitioning.

3.7 Chapter Overview

This chapter describes the implementation of time-dependent partitioning of a
real-life urban traffic network in south central Singapore into homogeneous regions
using several clustering approaches. Spectral clustering, k-means and k-harmonic
means clustering were applied to a part of the Singapore urban traffic network en-
compassing the Marina Bay area, as well as parts of the Central Business District,

Chinatown, Dhoby Ghaut, and Clarke Quay. The main objectives were to derive
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regions with low intraregional and high interregional link density variability, as well
as maintaining spatial cohesion for the resulting regions, utilizing data collected
from loop detectors located on the traffic network links before, during and after
the morning peak period. For this particular traffic network, k-harmonic means
clustering was found to outperform both k-means clustering and spectral cluster-
ing approaches. As discussed in the previous section, k-harmonic means clustering
lends itself to an online partitioning implementation, due to the low computational
effort required. A multi-class extension to a traffic model, called Network Trans-
mission Model [98], for describing regional dynamics, which will be employed in the
proposed region-based urban traffic simulation and management framework, in the

next chapter.
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Figure 3.3: Weighted k-harmonic means clustering for time slots 8am (top left),
9am (top right), 10am (bottom left) and 1lam (bottom right).
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Figure 3.4: Normalized spectral clustering for time slots 8am (top left), 9am (top
right), 10am (bottom left) and 11am (bottom right).




Chapter 4

Region-based Traffic Dynamics

4.1 Multi-class Network Transmission Model

In this section, the proposed multi-class extension of the Network Transmission
Model (NTM) is introduced, originally developed by Knoop and Hoogendoorn [98].
In section 4.1.1, the notation and terminologies used in the proposed model are
provided. In section 4.1.2, a description of the multi-class regional traffic model is

provided.

4.1.1 Notations and Terminologies

Let a directed graph G = (K, A) denote the regional traffic network, which com-
prises a set of regions I and a set of interregional boundaries A. The following

notations will be used to describe the proposed multi-class extension of the NTM:
Sets:

KC: set of nodes,|KC| = m, representing homogeneous regions;
A C K x K: set of arcs, | A| = [, representing interregional boundaries;

Ko C K: set of origins,|IC,| = o;
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Kq C K: set of destinations,|ICy| = d;

C=le;]™™ >0, ¢i;;j >0 < (i,j) € A, the boundary capacity

matrix;

Pyt set of all paths from origin b to destination e, Vb € K,, Ve € Ky;
P. = Ube,co Pr.e, set of all paths with destination e, Vb € K,;

Py = U.cx, Pr.es set of all paths with origin b,Ve € Kg;

P :=Py|JP., set of all possible paths;

Q: set of classes, representing different types of travelers;

Z;: the set of links in region ¢ € K;

‘H: set of discrete time steps.
Index variables:

i,7 € K: region indices, where (i,7) € A, i.e., region 7 is adjacent to j;
b € IC,: origin region index;

e € K4: destination region index;

p € Pyt path from origin b to destination e;

w € ) traveler class index;

z € Z;: link that belongs to region 1;

h € H: discrete time index.
Traffic network parameters:
v; 5 € RT: average speed (km/h) for region ¢ under free-flow conditions;

Nierit € RT: critical accumulation (veh) for region i

Qicrit € RT: average network flow (veh-m/h) for region ¢ at capacity

flow;
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A, number of lanes on link z € Z;;
A,: length of link z € Z;;

Ty: simulation time (s);

Ts: sample time (s);

H = |Ty/Ts]: simulation horizon.
Traffic state variables:

n.(h): number of vehicles on link z € Z; at step h;

ni(h) = > cz n.(h), accumulation in region i i at step h;

w

ni,b,e

(h): w-class, b-origin, e-destination specific accumulation in region 4

at step h;

C'(h): w-class, b-origin, e-destination specific travel demand at departure

time step h;

Goe(h) = > C((h): b-origin, e-destination specific travel demand at
we

departure time step h;

Qi(n;(h)): approximation function to the Urban-scale MFD, according
to [99];

v;(n;(h)): average network speed approximation function, according to

[99];

P;(h): representing the supply, similar to [101];

P,

b .(h): p-path, w-class, b-origin, e-destination specific branching rates

from region ¢ to j, at step h, where p € Py,

Z; j(h): unrestricted demand from region i to j at step h;

Z; j(h): effective demand from region ¢ to j at step h;
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Z;"’j’bﬁ(h): w-class, b-origin, e-destination specific demand from region i

to j at step h;

Z;(h): total demand to region j at step h;

€j(h): the flow proportion that can travel into region j;
Xi(h): the minimum of the exit flow proportions;

¢i.j(h): outgoing flow from region i to j at step h;

@ ipe(h) = xi(h) Z2;, o (h): w-class, b-origin, e-destination specific outgo-

ing flow from region 7 to j at step h.

4.1.2 Model Description

In order to describe region-based traffic dynamics, a multi-class extension the
Network Transmission Model (NTM) is introduced. The NTM describes a traffic
network at the urban traffic level as well as at the aggregated regional traffic level.
NTM takes into account the dynamics of a network as expressed through the Urban-
scale MFD, as well as the limited capacity of the boundaries between regions [100].
The NTM combines the concepts of Daganzo’s Cell Transmission Model [101], CTM
for brevity, and a node model by Jin et al. [102] and applies it to a model describing
urban traffic network dynamics at a regional level. Unlike the regional dynamic
traffic model developed by Geroliminis et al. [88], further extended in [14,54,89)],
to model and control for heterogeneity in MFD at the regional level as well as ex-
plicitly model internal traffic demand, NTM accounts for internal traffic demand
implicitly. Concretely, while, for a supply/demand scheme, regional supply values
work similarly to Daganzo’s CTM, regional demand values follow the curve of a
regional performance function, an abstraction of a link performance function, corre-
sponding to a scaled-down Urban-scale MFD [103]. This modeling approach enables

a sidestep of the uncontrollable internal flows and leads to faster, if less accurate,




Chapter 4. Region-based Traffic Dynamics 47

analysis of the traffic management effects on the network. Here, one should mention
that another way to sidestep the explicit modeling of the uncontrollable internal
flows, while keeping their effects in the flow dynamics, is by introducing parame-
ters (instead of accumulation internal variables) in the framework of Geroliminis
et al. [88], see e.g. Haddad and Shraiber [104] and others. Our multi-class exten-
sion introduces class/origin/destination specific accumulations, as well as pre-trip
information in the form of regional path/class branching rates for each respective
origin/destination pair, adjusting the traffic dynamics accordingly. As mentioned
in the previous section, in this case, classes refer to travelers represented by differ-
ent types of routing approaches. In short, the dynamics of each region i € K are

described as follows:

ni(h+1) = Z Z anb@(hnt 1), (4.1)

e€lq bello we

where total accumulation n;(h+ 1) for region i at step h+ 1 comprises all w-class, b-
origin, e-destination specific accumulations n¢, . (h+1), which in turn can be derived

i,b,e

from the following dynamic equation:

TS w w
n?jb,e(h_‘_l) = ”Zb,JM*’W Z Qj,i,b,e(h) - Z qi,j,b,e(h) (4'2)

2€Z; JEK,(i,j) €A JEK,(i,5)€A

where ¢%,, .(h) and ¢¢;; .(h) are the incoming and outgoing flow rates, respectively,
for class w, with origin b and destination e, at step h. More concretely, the urban
traffic network is first partitioned into homogeneously congested regions and the
Urban-scale MFD for each region is derived. In the proposed multi-class extension
of the NTM, I have selected to represent the Urban-scale MFDs with an approxima-
tion function according to [99]. Specifically, the Urban-scale MFD of region i with

accumulation n(i), free speed v; y and critical accumulation value n; ¢, is
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Qun1) = iy ez ¢ (M)) (13)

N crit

Drake et al. [99] also provide an average network speed approximation function,

(1) = v geap ¢ () ), (1.4)

ni,crit

which is used to derive regional travel times. In literature, several simplistic ap-
proximations of MFDs in the form of triangular or trapezoid functions appear for
theoretical examples [45,47,50] and even some real-life applications [105]. In recent
literature [3,54,88], 3" order polynomial functions, whose coefficients are tuned
based on real-life data, have been shown to be more accurate approximations for
MFDs of specific regions. The approximation function by [99] provides a good com-
promise between accuracy and computational effort. These approximation functions
have been shown to be suitable for describing the dynamics of regional traffic net-
works [12,13,106]. Following [12,13], T set £ = 0.5 and a = 2, however £, « can
be amenable to tuning, to better fit the Urban-scale MFD derived from real-life
data. The interregional flow at each stage is determined by the Urban-scale MFD,

separated in demand (unrestricted)

Zs ) = s S0 [ mieh) 3 A Qi) (4.5)

e€lky \bEK, \weN PEPyp,e

and supply

Q) crit if n;(h) < njerit
Pi(h) = (4.6)

Qi(ni(h)) if ni(h) > 1) crir
where regions i,5 € K, (i,7) € A, at step h. In this supply/demand formulation,
supply P;(h) and total demand Z;(h) for region j at step h, can be described through

Q;(n;(h)) corresponding to the Urban-scale MFD approximation function described
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above. Then, similarly to CTM, one can consider the supply P;(h) equal to regional
capacity flow Q) ¢, when vehicle accumulation n;(h) is below the critical value n; ¢
and equal to the scaled-down Urban-scale MFD otherwise. Unlike the CTM, where
demand increases in tandem with the beyond-critical-value increase to cell density,
regional demand Z; ;(h) is reduced when vehicle accumulation n;(h) increases beyond
Nierie- 1N this manner, internal traffic demand for each region and the resulting
restriction on the regional outgoing flow are taken into consideration indirectly. For
the unrestricted demand Z; ;(h), the boundary capacity between two regions also

comes into play, resulting in effective demand

Zij(h) = min{Z;;(h), ci;}, (4.7)

from region i to 5 at step h. FEffective demand can be further decomposed into
w-class, b-origin, e-destination specific demands from region 7 to 5 at step h in the
following manner:

- 1 Z;.i(h)

725 (h) = ——= | n.(h P (h i(n;(h 2 4.8
z,],b,e( ) n,(h) nz,b,e( ) Z Bz,],b,e( ) Q (TL( )) (Z%](h)) ( )

pepb,e

After consolidating all incoming demands to region j into total demand

ek, (i,5)eA

the flow proportion that can travel into region j is determined as

€j(h) = jeKr}(li%gl)eA { ZEZ; , 1} (4.10)
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Subsequently, flow proportion

xi(h) = jeKr%{ge A{ej(h)} (4.11)

will be the same for all demands Z; ;(h), under the assumption that traffic cannot
freely transition from region to region, due to spillback events on the boundaries
as well as congestion within region ¢. If the flow is limited by the supply, region
j receives flow proportional to the demands converging to j. Tampere et al. [107]
observed that Jin et al’s approach of distributing flows proportional to the demand
does not satisfy the conservation of branching rates requirement, however, in a

regional macroscopic flow setting, this is not necessary. Outflow from region ¢ to j

6ii(h) = xi(h) Zi5(h), (4.12)

which is assumed constant between time steps, is effectively the minimum of supply
P;(h) and demand Z; ;(h).

As described in the above equations, the main characteristic of the proposed multi-
class extension of the NTM is that, unlike the interregional splitting rates of the orig-
inal, the proposed control variables are path-class-origin-destination specific branch-
ing rates, which allow for path-based, rather than transition-based, assignment. Our
problem’s pre-trip information dissemination structure, as presented in the following
section, is usually amenable to path-based route assignment [11,69,108]. Concretely,

in the proposed multi-class dynamic traffic model, route guidance is implemented

ot
27‘77676

through control input variables (h) € [0,1], which represent p-path, w-class,
b-origin, e-destination specific branching rates from region 7 to j at step h, where
p € Pre,w € € Let Bﬁ Z,Je be the collection of all feasible p-path, b-origin, e-
destination specific branching rates in region i, associated with traveler class w. If

a particular traveler class is characterized by non-compliance, with non-compliance
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rates NC € One = [0, 1], the effect of the path-based route assignment provided
on the resulting traffic patterns cannot be determined analytically. Rather, the
traffic patterns can be described as a stochastic process over a probability space,

. . . P,W .
whose sample space is BY}", x On¢, with an induced event set F := 2Bive which

p?w

ihe- Owing to this stochastic nature of the

is a o-algebra, and a probability map
branching rates for each region, it is extremely difficult, if still possible, to analyze

the traffic conditions under different routing approaches.

4.2 Chapter Overview

This chapter introduces the multi-class extension of a region-based dynamic traf-
fic model, the Network Transmission Model (NTM). The NTM has been developed
by Knoop and Hoogendoorn [98] to act as a support system for real-time traffic
control operations, however, traveler class heterogeneity has not been considered.
Taking into consideration the fact that paths are required as input for route guidance
implementations, interregional splitting rates, the control variables of the original
model, are replaced with path-class-origin-destination branching rates to facilitate
path-based route assignment methods. The following chapter provides a brief intro-
duction to learning games fundamentals, and subsequently, the Dynamic Stochastic
User Equilibrium (DSUE) is defined. A Multinomial Logit Routing (MLR) method
for a regional network to achieved DSUE conditions is presented, followed by the
introduction of a non-predictive strategic learning-based routing method, which
employs Proxy Regret Matching (PRM). Last but not least, a simulation-based
approach, Incremental Route Planning (IRP), which integrates a Public Transit Di-
version (PTD) mechanism, is introduced and compared with PRM and MLR, which

it consistently outperforms.




Chapter 5

Prescriptive Route (Guidance with
Pre-trip Information

Dissemination

Route Guidance and Information Systems’ (RGIS) primary objective is to improve
drivers’ route choice by providing information about prevailing traffic conditions
(descriptive guidance), or directly prescribing routes which are guaranteed to have
reduced travel times (prescriptive guidance). More specifically, descriptive guidance
provides traffic information to the traveler, such as estimated travel times for a set
of alternate route suggestions, queue lengths, average link speeds, incident location
reports. The burden of choice lies with the traveler and user-behavioral models are
used to model said choice. Prescriptive route guidance, unlike descriptive, provides a
single route option, with the implicit guarantee of a shorter travel time. Information
about traffic conditions or prescribed routes can be passed along at the beginning
of the trip (pre-trip). Drivers can also receive updated information in discrete time
intervals en-route to their Destination, however, this work exclusively employs pre-

trip information dissemination. For each Origin-Destination pair, a set of shortest
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paths is calculated and route choice probabilities are assigned for the routes corre-
sponding to the set of shortest paths. Based on this set of probabilities, a route is
appropriately prescribed to each departing traveler, representing the control input of
a RGIS. The routing method in 5.5.1 comes integrated with a Public Transit Diver-
sion (PTD) mechanism. The routing methods presented in 5.3, 5.4 have also been
extended to provide the possibility for vehicle passengers to be diverted to public
transit, dependent on prevailing or predicted traffic conditions. Following [109], T
assume that public transit capacity can accommodate enough travelers that all pub-
lic transit routes travel times are constant. For all Origin-Destination pairs, travel
times on public transit routes are assumed to be twice as long as the travel times
for the corresponding regional routes, under free flow conditions. This travel time
difference takes into consideration possible traveler delays, when changing modes of

transport, from private vehicles to public transit.

5.1 Non-predictive Routing Method

The accuracy of route travel time estimation plays an important role in the drivers’
compliance rate with the route guidance system. If the route travel time estimation
is based on currently prevailing or past traffic conditions, the guidance provided is
considered non-predictive. The majority of RGIS (Route Guidance and Information
Systems) in use today employ non-predictive guidance. A subclass of non-predictive
guidance approaches employs so-called adaptive learning algorithms. In a game
theoretical context, adaptive learning algorithms teach players, over a number of
iterations, to take actions that constitute equilibria for their particular game setup.
Adaptive learning algorithms exchange information in a distributed fashion, reduc-
ing the computational complexity associated with the optimization step. Further

details regarding Game Theory fundamentals, can be found in Appendix A. In the
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following section, a more detailed overview of different types of adaptive learning

algorithms is presented.

5.2 Adaptive Learning Algorithms

Best response dynamics is a rudimentary example of a family of learning algo-
rithms, which aim to maximize each player’s payoff by selecting at every step their
best response strategy. While easy to implement, this algorithm exhibits sensitivity
to initial conditions, with guarantee of convergence limited to specific types of payoft
functions only [110]. Fictitious play is representative of a family of adaptive learn-
ing algorithms, where players are able to derive the empirical frequencies of other
player’s actions based on past observations. At each iteration of the learning pro-
cess, players give a best response to other players’ mixed strategy, informed by their
respective empirical frequencies. Smooth fictitious play incorporates the randomiza-
tion feature, where each player gives the best response with some high probability
or chooses another action with a small probability. Fictitious play cannot always
guarantee convergence to a Nash equilibrium [111]. Another family of adaptive
learning algorithms, called regret matching algorithms, aim to minimize the play-
ers’ respective regret for their selected actions [112]. Regret in this context refers
to the difference in utility of playing a particular alternative action instead of their
currently selected action, given that other players’ selected actions are fixed. Players
select their actions by drawing from a probability distribution which is proportional
to their positive regrets. Regret matching algorithms provide guarantees for con-
vergence of the empirical probability distribution to the set of correlated equilibria.
Our Strategic Learning approach to Region-based Route Guidance employs an al-
gorithm belonging to this adaptive learning algorithm classification, called Proxy

Regret Matching. Other learning approaches include approximate dynamic pro-
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gramming, or reinforcement learning as it is commonly called in literature, where
no prior knowledge of the system model is required, rather, the algorithm learns
the state transition probabilities online while following the optimal strategy for the
current iteration. Reinforcement learning can be considered an online analogue of

Dynamic Programming [113].

5.3 Multinomial Logit-based Dynamic Stochastic
User Equilibrium

In traffic and transportation literature, social welfare is referred to as System Op-
timum (SO), while the concept of equilibrium, is referred to as User Equilibrium
(UE). These terms were derived from Wardrop’s principles [114]. System Opti-
mum describes the minimization of average travel time for the entire network. User
Equilibrium describes how individual traffic network users seek to minimize their
respective travel times through specific route selection. One can use the Price of
Anarchy [115], which in a transportation setting can be viewed as the ratio of a User
Equilibrium to the System Optimum to measure the efficiency of User Equilibria
with respect to the performance of the entire traffic network. Unlike the determin-
istic User Equilibrium as expressed in the Wardrop principle, where travel costs for
each traveler are assumed to be minimal, equal and known to all travelers and no
one-sided deviation from each traveler’s selected route can provide additional travel
cost decrease, the fractional flows resulting from a Stochastic User Equilibrium do
not usually satisfy the Wardrop principle of travel time equality, and all available
routes will be used with some probability, however small, and never zero. Stochastic
User Equilibrium takes into consideration the imperfect nature of information avail-
able to travelers. The error in travel cost perception by travelers contributes to a

more realistic route choice behavior, given the fact that most travelers decide upon




56 5.3. Multinomial Logit-based Dynamic Stochastic User Equilibrium

which route to take based on past experience or some other psychological factor.

In past literature, multinomial probit and multinomial logit route choice mod-
els have been used to derive Dynamic Stochastic User Equilibria (DSUE), both
for link-based urban traffic networks [87,116-121] and regional traffic networks
[14,89]. Yildirimoglu et al. [89] introduced a region-based Dynamic Traffic Assign-
ment (DTA) model for a regional network and achieved DSUE conditions through
implementation of the Method of Successive Averages (MSA). They were able to
demonstrate that congestion was accurately described by developed regional dy-
namics with results similar to link-based dynamics, which otherwise might be un-
available. Yildirimoglu et al. extended their work in [14], whereby they introduce
heterogeneity in the MFD-based traffic model, as well as the option to have paths
containing the same region more than once and most importantly route guidance
based on Dynamic System Optimum (DSO) regional flow distribution. However,
their method was not intended as a traffic management strategy for too many
regions. The proposed route guidance system is composed of non-predictive and
predictive routing methods with a high degree of efficiency, without great loss of
estimation accuracy, allowing for real-time traffic management of a large number of
regions. Multinomial logit route choice models lend themselves for computationally
efficient implementations, as the route choice probability solutions can be expressed
in closed-form and still provide a good approximation to the DSUE. Multinomial
probit route choice models, however, require heuristic techniques, such as the MSA
mentioned previously, to derive the route choice probability solutions. Logit mod-
els, unlike probit models, fail to consider partial path-overlap and high path length
variability, however, as discussed in [122], for simulation applications with networks
prone to high congestibility, as in this case study, logit models can provide solutions
of comparable quality to probit models in a computationally efficient manner.

In my implementation, a multinomial logit route choice model is used to real-
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istically represent self-interested driver behavior [87]. This approach provides a
multinomial logit-based Dynamic Stochastic User Equilibrium (DSUE) for the re-
gional network at every step, which can be used as a more realistic reference case
for traveler assignment with imperfect travel time information, during periods of
recurrent congestion. A probability is assigned to each alternate path p with travel

time 7T}, from a set of x shortest paths, as follows:

o—0TT,,

P(ulk) = St
VER

(5.1)

where 6 is a scale parameter associated with travel time uncertainty. It should be
noted that the resulting probabilities are sensitive to the units ( h, min, s) selected

for the travel times.

5.4 Strategic Learning Approach to Region-based
Route Guidance

The use of a strategic learning algorithm called Proxy Regret Matching for non-
predictive region-based route guidance is described below. A repeated game is
considered, where players, in this case, Origin regions, are competing for differ-
ent endpoints, in this case, Destination regions. In my case, it is assumed that the
bipartite graph of Origins and Destinations is complete, i.e. all Origins can reach all
Destination regions. This entails the simultaneous play of a set of repeated games
and in each game all Origin regions, representing players, compete for one specific
Destination region belonging to the set of Destination regions, which has been prede-
termined. The actions are probability distributions over the route choices available
for each Origin region. For each Destination region, at each stage of the repeated

game, each Origin region (player) selects a set of routes (actions) ending at said
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Destination, based on an empirical distribution of the player’s average past regrets.
In a traffic context, these routes are assigned from a RGIS to travelers within the
region, according to their Destination preferences. In the first step of this routing
method, Yen’s algorithm [123] is used to find the sets of x-shortest paths which cor-
respond to the aforementioned route choices. These routes are updated according to
the prevailing traffic conditions for each region in the network. In the final step, the
probability distributions for each set of k-shortest paths are derived, following the
procedure presented below, called Proxy Regret Matching. First some definitions

are provided.

5.4.1 Assumptions

Certain assumptions are made regarding dynamic region-based route guidance in

the network:

e In each vehicle, driver-integrated (smartphone applications) or vehicle-integrated
navigation equipment (GPS device) is assumed to be present. The driver is
able to receive traffic state information and store a digital representation of
the urban traffic network, as well as experienced travel times (by drivers) and
expected travel times (from RGIS) for available regional routes. A similar

scheme for individual network links is used in [124].

e [t is assumed that each departing vehicle can receive real-time pre-trip infor-
mation in the form of prescribed routes, which are dependent on prevailing
traffic conditions. The prescribed route information is updated at regular

intervals.

e For every Origin-Destination pair, public transit is available with infinite ca-

pacity and constant travel time. A real-life example would be the Mass Rapid
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Transit system of Singapore, employing trains that traverse 170.7km over a

network comprising 8 lines.

e [t is assumed that each driver completely follows the route prescribed to them,

selected from the alternative r-shortest routes provided at their Origin region.

It should be noted that the requirement set in the last assumption can be relaxed,
by introducing the concept of traveler non-compliance, whereby a certain fraction
of the traveler population will comply to the advice provided and the remaining
fraction will disregard it. This approach to modeling non-compliance was originally
suggested by Papageorgiou [125] and is implemented in my comparison of non-
predictive routing approaches down below. These assumptions are considered to
hold for large metropolitan areas and are expected to be commonplace for most

urban areas in the near future.

5.4.2 Regret Matching

Regret matching algorithms aim to minimize the players’ respective regret for
their selected actions [112] in the setting of a repeated game. In a repeated game,
each player tracks their past payoffs and computes the empirical average payoff for
each action. Let the Origins be the players competing for each of the Destinations.
A repeated game in a traffic context can then be defined in the following manner,

Ve € ICdi

Definition 5.4.1. A repeated game tuple (IC,, Pe, U, h) where

e /C,: is the set of players representing the regions designated as Origins

o P.:= |J Pu, representing the set of joint actions, where P, represents the
beko

set of actions available to player b € K,. These can be coded as e Destination-

specific route choices.




60 5.4. Strategic Learning Approach to Region-based Route Guidance

e U, : P, — R represents the utility function for player ¢ dependent on the joint

action of the players

e ) represents the current stage of the repeated game

Regret in this context refers to the difference in utility of playing a particular al-
ternative action instead of their currently selected action, given that other players’
selected actions are fixed. It should be emphasized that regret affects the decision-
making of Origin regions, which I have designated as players in the repeated game,
rather than each individual traveler. In this regional traffic context, assuming that
a traffic operations center decides in which manner to distribute the travel demand
for each Origin region, regret could be the difference in the average regional speed
variability, a good indicator of efficient network resources utilization. Players select
their actions by drawing from a probability distribution which is proportional to
their positive regrets. Regret matching algorithms provide guarantees for conver-
gence of the empirical probability distribution to the set of correlated equilibria,
however, said algorithms can be memory intensive, since, each player must keep
track of the strategies of all players at every period of play, as well as being able to
compute their own utility for changing their strategies during their past plays [112].
This motivated me to consider Proxy Regret Matching as a less computationally
and memory intensive alternative.

For a specific Destination e € Ky, the average Regret of player b € K, for y € P,

to z € P, at stage h is defined as

S enpimy U7 (207 = UR (5. 07,)] 0} 5:2)

M;'(y, z) = mazx { ;

which showcases the potential loss in utility for not having selected action z every
time that action y was selected in the past. Regret Matching algorithms can be

memory intensive, since, each player must keep track of the strategies of all players
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at every period of play, as well as being able to compute their own utility for changing

their strategies during their past plays [112].

Proxy Regret Matching

Consider now that each player, after each period of play, knows only their own set
of actions and their received utility but do not know what is their utility function.
They are not aware of what game is being played, i.e. the number of players, their
respective actions and payoffs. These are the assumptions of a modified Regret
Matching algorithm, called Proxy Regret Matching [126]. For Destination e € KCq,

the average Proxy Regret of player b for y € B, to z € P, at stage h

W) =mar 1 | 5 BHGeh - X wen|.op 63

n<h:p,=z

s3I

n<h:p]=y

with 517:1 o/ (y) = 1, where 0} (y) denotes the play probability for player b € I, and

1 denotes the history of plays up to stage h. After calculating the estimated average
Proxy Regret, the player adaptively updates the probability of selecting actions to
achieve higher utility. If the player selects action y at stage h, the probability of
selecting action z at stage h+ 1 is approximately proportional to the average Proxy
Regret from y to z. The play probabilities of player b at stage h + 1 are assigned as

follows

) YA Y,z 1 0
UZH(Z):(l_H)mm{ bL )’|Pb’e|—1}+mpb’Z%y’ZEPb’E (5.4)

and

ol (y) =1-— Z ot (w) (5.5)

WEP, o :w#x
where § € [0,1], v < 0.25 and inertia parameter p large enough to guarantee that

oy M (y) > 0
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In this approach, information provision, in the form of past proxy regret distri-
butions, as well as shortest path set assignment, is done in a decentralized manner,
even though route selection is implicitly affected by the repeated game’s players, in
this case, the Origin regions. Even with partial information, Proxy Regret Matching
still converges to a distribution of approximate correlated equilibria. This distribu-
tion can be found in polynomial time, (O(|KC,||Py|?)), and there is no need to retain
all other players’ past strategies in memory or be required to know what their util-
ity functions might be. In short, the computational, memory and information gains

more than compensate for the loss in distribution estimation accuracy.

Comparison of non-predictive routing approaches

A single-class implementation of the proposed multi-class extension to the Net-
work Transmission Model (NTM) presented in chapter 4, will be used to simulate
the evolution of traffic and develop routing methods on a macroscopic level. The
urban traffic network is partitioned into homogeneously congested regions. Then,
an allocation of traffic flows through different regional routes is implemented so as to
minimize total travel time and improve the rate of arrival for the respective Destina-
tions. For simplicity, an assumption is made that vehicle trips start from the center
of each region and that any vehicle traveling from their Origin to their respective
Destination will only traverse each region once. A diamond-shaped grid network is
considered for implementation of the proposed extension of the NTM. The network
consists of 16 regions, with an area of 25 km? (5x5) for each region, as shown in
Figure 5.1. It should be noted that, as the focus of this work is on the performance
of varied routing methods, I have opted for a less sophisticated network test case,
where the Urban-scale MFDs for all regions are identical.

In this section I compare five different non-predictive routing methods, includ-

ing a method employing the proposed strategic learning algorithm and its variant
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Figure 5.1: Layout of the 4x4 regional network, where green squares and red circles
denote Origins and Destinations, respectively.

with non-compliance integration. All routing methods are applied in the proposed

example of NTM.

e Fixed Routing (FR)

Periodically Adjusted Routing (PAR)

Multinomial Logit Routing (MLR)

Proxy Regret Matching (PRM).

Proxy Regret Matching with non-compliance (PRMNC)

Concretely, Vi,j € K, (i,j) € A, the k shortest paths are found using Yen’s algo-
rithm [123] from region i to region j. Then the shortest of the s paths is used
to implement fixed (FR) and periodically adjusted routing (PAR). In the case of
fixed routing (FR), the travel times for the shortest paths are calculated and these
shortest paths are retained for the duration of the simulation. Fixed routing (FR)

will be the so-called uncontrolled case, against which, all subsequently presented
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approaches will be compared. For all other routing methods, routing information
update interval was selected to be 5 min. In the case of periodically adjusted routing
(PAR), the shortest path set for every region is updated from the travel times based
on the prevailing average speeds v;(h) per region i € K at step h. FR and PAR are
used for comparison in a similar manner to [13]. Multinomial logit routing (MLR) is
also implemented for a more realistic approach that models self-interested traveler
behavior. For this case study, sample time was selected to be 10s, hence, parameter
0 = ¢. In similar fashion to periodically adjusted routing (PAR), the shortest path
set for every region is updated from the travel times based on the prevailing aver-
age regional speeds v;(h). The vehicle accumulation results for respective routing

approaches can be seen in Fig. 5.2.

Fixed Routing Perindic Routing Logit Routing

i] 200 400 500 500 1000 1200 1400 1600 1600 2000
T T T T

Figure 5.2: Vehicle accumulation results per region for Fixed Routing, Periodic
Routing and Multinomial Logit Routing, at the end of the simulation

For comparison, 2 performance metrics are defined:

o Cryr =T, 31 Y ek ( > )\ZAzni(h)), the Total Vehicle Travel time for all

zZEZ;
regions
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e C\(H—-1)=3" icx (vi(H —1) —v;(H — 1))* average Speed Variability for all

regions at the end of the simulation horizon H — 1

The total vehicle time can be found using the total number of vehicles arriving at the
region over a defined time interval Ts. The speed variability metric measures how
evenly traffic load is distributed and, implicitly, demonstrates the phenomenon of
build up of congestion to capacity in some regions, while other regions receive very
little traffic. It should be noted that 50% non-compliance was also introduced as
a behavioral characteristic of drivers in the proposed route guidance scheme. Non-
compliance was implemented by simply selecting each path p € P, Vb € Ky, e € Ky,
multiplying the respective fractional flow by the selected non-compliance percentage
and proportionately redistributing the remaining flow to all paths p’ € Py \p.

For Fixed Routing (FR), Periodically Adjusted Routing (PAR), Multinomial Logit
Routing (MLR), Proxy Regret Matching (PRM) and PRM with non-compliance

(PRMNC) the results are: Fixed Routing (FR) is considered as the uncontrolled

FR | PAR | MLR | PRM | PRMNC
Cryr | 1.5232 | 1.5196 | 1.5208 | 1.5156 1.5240
C, | 8.5190 | 8.4541 | 8.3666 | 6.6510 6.7700

case, and compare it to the remaining Routing Methods as follows:

Cy
TVT,FR v,FR

Crvrg

CTOT =w

where g € {PAR, MLR, PRM, PRMNC'} and w an appropriate weight to denote

the importance placed on the respective performance measures

w=0.5 | FR PAR | MLR | PRM | PRMNC
Cror | 1.0000 | 0.9950 | 0.9902 | 0.8878 0.8976

Vehicle accumulation results for respective region-based route guidance approaches

can be seen below
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Proxy Regret Matching Proxy Regret Matching with Non-Compliance

0 200 400 600

Figure 5.3: Vehicle accumulation results per region for Proxy Regret Matching
(PRM) and PRM with non-compliance (PRMNC), at the end of the simulation
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As is evident from the above table, at least 11% improvement can be obtained
in composite index Cror performance and even with 50% non-compliance on the
drivers’ part, a 10% improvement can still be obtained, compared to the uncontrolled
case, i.e. Fixed Routing. In the figure that follows, one can visually confirm the
more uniform distribution of vehicle accumulation in the example network at the
end of the simulation, both for Proxy Regret Matching and Proxy Regret Matching

with non-compliance on the drivers’ part.

5.5 Predictive Route Guidance

Predictive route guidance employs travel time prediction, based on simulation-
based forecasting of traffic conditions. The expected route travel time predicted
by the route guidance system will be closer to the experienced route travel time
by the drivers than the instantaneous travel time, which is based on current traffic
conditions. While the difference between expected and experienced travel time is
not precisely quantified, it will be significantly lower than for any non-predictive

approach applied within the same network setup. This can be ascribed to the
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fact that prediction of traffic state evolution, more specifically, which regions are
congested currently or in the near future, will greatly improve the quality of routes

prescribed to travelers.

5.5.1 Incremental Route Planning method with Public Tran-

sit Diversion

In this section, a proposed predictive routing method is described, which is an
extension of the dynamic forecast routing method presented in [127]. Certain def-
initions and notations necessary for the detailed description of this method are
presented, including the time-expanded network representation, first introduced
by [128]. A particularly appealing property of time-expanded networks is their
flexibility, allowing for modeling of dynamic travel times dependent on respective
regional time-varying demand and/or supply. The size of regional networks, i.e. the
number of regions, can implicitly depend on many factors, as the network partition-
ing scheme is dependent on the Urban-scale MFDs, which in turn can be affected
from network topology, traffic signal settings and Origin-Destination demand pat-
terns [47,49,50]. Compared to conventional urban traffic networks, however, regional
networks can be at least an order of magnitude smaller. Therefore, concerns regard-
ing the exponential time-expanded network size growth related to the problem input
size do not significantly affect regional networks.

For the time-expanded networks, first a planning horizon

H = {ho, ho + g, ho + 29, ho + 3¢, ..., hg + T'g} is defined, where hy is the vehicle de-
parture time, g is a small enough interval such that observed traffic conditions vary
slowly and I' a positive integer large enough such that the entire planning horizon is
covered. Subsequently, a simulation-based forecasting approach to predictive region-
based routing is proposed. This approach consists of 2 steps, forecasting and shortest

path set computation and assignment. Unlike the proposed non-predictive routing
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method, the forecasting step of the proposed predictive routing method aggregates
prediction information in a centralized manner, while the subsequent shortest path
set computation and assignment step is applied locally, for each respective Origin-

Destination region pair.
1. The forecasting step involves:

e Introduction of new vehicles into the regional network based on time-

dependent Origin-Destination Demand Matrix.

e Simulation of the forward movement of all currently routing vehicles using
an extension of the NTM for the regional traffic dynamics, throughout

the planning horizon.

e Virtual vehicle trip generation, starting at the Origin regions and assum-

ing route selection according to multinomial logit routing.

More concretely, the simulation continues until all vehicles have finished their
trips and virtual vehicles on Origin regions that are assigned trips based on
Multinomial Logit routing are also generated. Virtual vehicle trip generation
allows for more accurate travel time estimation, requiring, however, the com-
putation and assignment of shortest paths to the demand generated at the
Origin regions. Virtual vehicle trip generation also discourages the frequent

use of Origin regions as part of the route assignment process.
2. For the shortest path set computation and assignment step:

e The original regional network graph G = (K, .A) is expanded to a time-
expanded network representation G = (K, A), where K = {i"|i € K,h € H}
a set of time-expanded regions and
A = {(ih,jh')\(i,j) e Ah+al;=n hg<h<h <hg +Tg} a set of

interregional time-dependent transitions along the set of boundaries A.
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Weight ;UZL] € H is assigned, at time A, for time-expanded regions i, j* €
KC, (i, j") € A, as the number of time steps required for the departing
vehicle to transition from region 7 to j based on the travel times de-
rived during the forecasting step, since the number of steps required for

interregional transition are time-varying.

e For each Origin region b € K, the discrete time step h = ho+vg, v € Nt
represents vehicle departure time at Origin time-expanded region b" . For
each Destination region e € Iy, the arrival time cannot be predetermined
because it is dependent on traffic conditions and the route selected from
the s-shortest paths. So a dummy Destination time-expanded region e” is

introduced, to represent trip completion with undetermined arrival time

(). See Figure 5.4 for an example.

e The resulting graph G contains the set of all eligible paths 75bh76@ from b"
to e’ Wb € K,,e € K;. Similarly to the non-predictive routing approach
utilizing Proxy Regret Matching, aggregated regional data preprocessing
is implemented, utilizing a bit vector fi = [ﬁ]mXI € {0,1},Vi € K
to store true (1) or false (0) values. These vector values represent each
region’s state of congestion and are similarly used to increase shortest
path calculation efficiency, but with one specific difference. If H = H —
h,© = [h, c b+ ]:I}, where h is the current time step, a true (1) value
is assigned for any region i € K, if time-expanded region i?|n;(0) >
r[aniycm,W@ e’ e 751,976@,9 € O, where r;gp represents a threshold
coefficient as a percentage of the critical accumulation. Subsequently,
the set of eligible paths 756;176@ contains only regions i|f; = 0,7 € K. If no

such path exists, users are diverted to public transit.

e Finally, k-shortest paths are found by applying Yen’s algorithm [123] on

the modified time-expanded network graph G = (K, .A), which contains
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only eligible paths. The k-shortest paths are used to distribute the de-

mand (. (h) departing Origin b with Destination e at time step h.
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Figure 5.4: Time-expanded Network Representation.

Public Transit Diversion Mechanism integration for Proxy Regret Match-

ing and Multinomial Logit Routing

An extension of the approach used in the previous subsection 5.4.2 is described,
with the additional feature of public transit diversion of travelers at the Origin,
based on prevailing traffic conditions. A prerequisite assumption for the employ-
ment of the public transit diversion mechanism, in addition to the assumptions in
subsection 5.4.1, is that public transit is available for every Origin-Destination pair,
with capacity large enough so that travel times can be considered constant. Similar

to the approach described in 5.4, in the first step of this routing method, Yen’s
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algorithm [123] is utilized to find the sets of k-shortest paths which correspond to
the aforementioned route choices. These routes are updated according to the pre-
vailing traffic conditions for each region in the network. An intermediate step is
introduced for the application of the public transit diversion mechanism. Inspired
by [129], in the second step of this routing method, aggregated regional data pre-
processing is implemented, so as to increase shortest path calculation efficiency,
but most importantly, integrate Public Transit Diversion to the proposed approach.
Concretely, for any region i € K, true (1) or false (0) values are stored in a bit
vector fr = [ﬁ]mXl € {0,1},Vi € K. Each vector element f; is assigned a true
(1) value for any region i|n;(h) > rprymicrit,t € K, h € H, with h representing
the current time step and rpgrys being a threshold coefficient as a percentage of
the critical accumulation, allowing for a more or less conservative Public Transit
Diversion mechanism. Subsequently, all regions i|f; = 1,7 € K are excluded from
all k-shortest path set calculations at time step h. If no such path exists, users are
diverted to public transit. In the final step, the probability distributions for each set
of k-shortest paths are derived following the procedure described in section 5.4.2. In
similar fashion, the multinomial logit route choice model is extended to also account
for the probability that vehicle passengers will choose to travel by public transit.
While the shortest path set for every region is updated from the travel times based
on the prevailing average speeds v;(h), the public transit paths from all Origins to
all Destinations are assumed to have constant speed v; pr = 0.5v; y and the public

transit travel times are calculated accordingly.

Network Performance Benchmarks

Several performance metrics are now defined, by which an effort will be made to
compare the effects of each region-based routing method on the regional network

performance:
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o Cpyr =T, Zthl Y oiex ( > /\ZAzni(h)), the Total Vehicle Travel time for all

2€EZ;
regions

e Cpo =1 >ijex (vini(h)) — v;(n;(h)))* the sum of squares of average re-

gional speed variabilities for all regions

e Cprp, Public Transit Diversion, i.e., the fraction of total demand generated

throughout the simulation, which is diverted to Public Transit

e Citr, Incomplete Trips Rate, i.e., the fraction of total demand generated
throughout the simulation, which has not completed their trips by the end

of the simulation

Cart, the Average Travel Time for each traveler on the regional urban network

The total vehicle travel time can be found using the total number of vehicles ar-
riving at the region over a defined time interval T,. The speed variability metric
measures how evenly traffic load is distributed and, implicitly, demonstrates the
phenomenon of build up of congestion to capacity in some regions, while other re-
gions receive very little traffic. The performance metric Cprp represents the number
of potential travelers unable to utilize the urban network, as a fraction of the number
of vehicle requests from all Origins to all Destinations throughout the simulation
horizon. Since the speed selected for public transit is lower than the average speed
corresponding to the critical accumulation value, this metric is able to demonstrate
indirectly the aggregate cost of network underutilization due to overcritical con-
gestion levels. The Incomplete Trips Rate Cirg implicitly showcases the network
throughput performance. Finally, the Average Travel Time Carr is calculated as
the weighted average of total travel time for all vehicles and provides an easily

quantifiable measure of individual traveler benefits.
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5.6 Simulation Results

A diamond-shaped grid network is considered for implementation of the proposed

extension of the NTM, in similar fashion to subsection 5.4.2.

Table 5.1: Origin Destination Demand Matrix

Demands (veh/h)
Origin Destination Region 2 | Region 8 | Region 9 | Region 14
Region 1 800 1440 1400 2400
Region 4 1520 1120 800 1120
Region 11 1360 960 1040 1040
Region 16 1600 800 800 1440

The homogeneous regions are each described by an Urban-scale MFD with critical
accumulation n; .,y = 25 veh/km, region network length Zze z A A, =10 km and
free flow speed v; ; = 100 km/h, Vi € K. Capacity along the boundaries is ¢; ; = 2000
veh/h/lane, Vi, j € K, (i,7) € A. For each region i, all regions j such that (i,j) € A
are defined as the ones that are in the northwest-southeast or northeast-southwest
directions with respect to the location of the region i. The demand (veh/h) for each
Origin-Destination pair is shown in Table 5.1. Disturbance to the demand through
time-varying factor multiplication is introduced to increase the level of realism of
the simulations. At each time step, the demand values are multiplied by a uniformly
distributed random number with mean value 1 and variance 0.1. The simulation
horizon H=2h30min or 9000s. The sample time T,=10s. It should be noted, that
in this case, prescriptive route guidance with pre-trip information dissemination is
used. This means that, contrary to the case of en-route guidance, the drivers are not
the ones updated, rather, the Origin regions are updated regarding the traffic condi-
tions every 10 seconds and drivers at the current departure time h are assigned the
corresponding updated routes. It is assumed that threshold coefficient r;gp = 1.0

for the Public Transit Diversion mechanism in IRP (Incremental Route Planning)
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routing and similarly rpryr = 1.0 for PRM (Proxy Regret Matching) routing. For
each routing approach, 10 replications were ran and the average of each respective

performance metric was considered.

5.6.1 Results for application of each individual route guid-

ance approach

Each routing method, when it is applied to the entire network individually, is
compared to all others. That would mean all travelers use the same routing ap-
proach,predictive in the case of IRP and non-predictive in the case of PRM. When
compared to MLR (Multinomial Logit Routing), which is designated as the realistic
route choice model for self-interested travelers with imperfect information, i.e. unre-
liable travel time estimation. The following Table 5.2 presents performance metric
results for IRP, PRM and MLR routing methods integrated with Public Transit
Diversion, each individually applied to the regional network:

Table 5.2: Comparison of network performance for each routing method when it is
applied to the entire network individually

MPRZlOO% CTVT(Ueh . S) Cv2(k;m2/h2) CPTD(%) OITR(%) CATT(S)
IRP 1.282e4-08 6.616e+05 18.78 0.00 704.2
PRM 1.804e+08 8.010e+06 36.04 5.07 1252.2
MLR 2.476e+08 1.321e+07 36.34 12.09 1721.0

One can visually verify from figures 5.5, 5.6, 5.7, above, that IRP allows for
the most homogeneous distribution of the demand generated at the Origin regions,
among all approaches. This means the region vehicle numbers never exceed the
critical value n; .it, V € K. PRM allows for better distribution, compared to MLR,
however there are still 2 out of 16 regions which exceed critical value n; ¢v. MLR
performs the worst when it comes to demand distribution with 5 out of 16 regions

exceeding the critical value n; . by a large margin, while the rest of the regions
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Figure 5.7: Vehicle Accumulation for IRP from 1h-1h40min of the simulation, at 5
min intervals, in regions 1-16

are hardly used. This can be attributed to the fact that MLR models the imperfect
travel time perception of unguided human travelers. As is evident from the results
from Table 5.2, IRP outperforms all other routing methods. This, of course, is to
be expected, since IRP belongs to the predictive routing approach category, which
means that travel time estimation accuracy is the highest amongst all methods
compared. PRM finds itself in the middle, performing better than MLR but worse
than TRP. This result is also consistent with what is expected, since PRM belongs
to non-predictive routing approach category, meaning that travel time estimation
accuracy is worse than it would be for any predictive routing approach. As expected,
the worst performing routing method, when individually applied to the regional
network, is the MLR routing method. MLR under-performs in all performance

metrics.

5.7 Chapter Overview

In this chapter, the following was proposed and presented
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e A region-based extension to Multinomial Logit Routing (MLR) which includes
a Public Transit Diversion mechanism for travelers with limited or no traffic

network information available to them.

e A new strategic learning approach to region-based route guidance (PRM),
with three innovations, which, to the author’s knowledge, have not appeared

in traffic-related literature:

1. The designation of the set of Origin regions, i.e. regions that generate
travel demand to specific Destination regions, as a set of players in a
repeated game setting. In traffic-related literature, game-theoretic appli-

cations assume each traveler is a player.

2. The first-time implementation in a traffic context, of the modified Regret
Matching algorithm [126], titled Proxy Regret Matching, as part of my

strategic learning approach to region-based route guidance.

3. The integration of a Public Transit Diversion mechanism to the Proxy
Regret Matching algorithm, whereby paths are removed from the so-
called set of eligible paths based on whether accumulation levels observed
in regions belonging to said paths, exceed a critical value. When the

eligible paths set becomes empty, travelers are diverted to Public Transit.

e A novel simulation-based approach to provide predictive region-based route
guidance (IRP), with a sophisticated congestion prediction step that includes
the generation and trip assignment of virtual vehicles, with varying degrees
of information availability. This approach proactively diverts travel demand
at the origin region to alternate regional paths, even before the intermediate
regions in selected regional paths have become congested. In the least de-
sirable case, whereupon all intermediate regions for every possible alternate

regional path are predicted to become congested, travel demand is diverted
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to public transit through the integrated Public Transit Diversion mechanism.
While MLR is incorporated in the prediction step and Yen’s algorithm is used
for the derivation of eligible paths set, the majority of this route guidance

methodology is completely new.

The following chapter describes a market penetration scheme, wherein three dis-
tinct classes of travelers, represented by three different routing methods, comprise
the vehicle population of a region-based dynamic traffic simulation. For varied
combinations of market penetration and non-compliance rates, the overall network
performance is obtained, as well as the individual routing method performances

corresponding to each distinct class.




Chapter 6

Network Performance under

Market Penetration Scheme

In this chapter, the main focus will be on the mixed application of predictive
and non-predictive types of prescriptive route guidance methods with pre-trip in-
formation dissemination. A market penetration scheme, treated as a series of al-
ternative future scenarios, is utilized for the analysis of network performance in
the simultaneous presence of autonomous, RGIS-equipped and unequipped vehicles.
Individual performance for each traveler class is analyzed and the effects of each
routing method, associated with the corresponding traveler class, are investigated

and analyzed.

6.1 Assumptions

The following assumptions are made regarding the mixed application of varied

types of route guidance:

e In each vehicle, vehicle-integrated navigation equipment (GPS device) is as-

sumed to be present. The vehicle is able to receive traffic state information
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and store a digital representation of the urban traffic network, as well as ex-
perienced travel times (by travelers) and expected travel times (from RGIS)

for available regional routes.

Each departing vehicle can receive real-time pre-trip information in the form
of prescribed routes, which are dependent on prevailing or future traffic con-
ditions. Improvements in all routing methods allow for the prescribed route

information to be updated in regular intervals (10s in this test case).

Each traveler completely follows the route prescribed to them, selected from

the alternative r-shortest routes provided at their Origin region.

For every Origin-Destination pair, public transit is available with capacity

large enough so that travel times can be considered constant.

A predictive routing method is used, in this case Incremental Route Planning

(IRP), to represent the 1°* class of travelers.

A non-predictive routing method is used, in this case Proxy Regret Matching

(PRM), to represent the compliant segment of 2"¢ traveler class drivers.

Multinomial Logit Routing (MLR) is used to represent the non-compliant

segment of 2"? class travelers drivers, as well as the 3"¢ class travelers.

Regarding the forecasting step of the proposed predictive routing method,
when applied simultaneously with other methods, two scenarios are considered.
In the first scenario (S1), it is assumed that the 1% traveler class make use of
privately-owned autonomous vehicles. The information regarding the routes
taken from travelers belonging to the 2" and 3™ classes is unavailable to them.
In the second scenario (S2), it is assumed that the 1° class travelers use a one-

way, ride-sharing service, which employs publicly-owned autonomous vehicles.
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The information regarding the routes taken from 2" and 3"¢ class travelers
is assumed to be provided to them from the transportation authority in the

form of historical or real-time data, or a fusion thereof.

Concretely, in (S1), starting from the beginning of the forecasting simulation, trips
are assigned based on Multinomial Logit Routing to all departed vehicles, which are
not using the proposed predictive routing method. Thus, the forecasting step takes
into consideration the fact that the routing approaches used by proprietary route
guidance and information systems are unknown and can only be modeled by MLR.
Scenario (S2) is modeled during the forecasting step as 1° traveler class possessing
complete information regarding the 27¢ and 3"¢ class travelers’ route choices up
until the current time step. Public transportation service employing autonomous
vehicles in a similar manner to (S2) is already undergoing trials in the city-state of
Singapore [130].

The aforementioned assumptions are considered to hold for large metropolitan areas
and are expected to be commonplace for most urban areas in the near future. As
justification regarding for the selection of routing method for each traveler class, the

following arguments can be made.

a) A non-predictive routing method is used, based on strategic learning, to rep-
resent the compliant segment of 2" traveler class drivers, so as to account for
the type of route guidance and information systems currently in use by the
majority of human-driven vehicles. It is assumed that consumer inertia will
ensure that this type of guidance will still be employed on metropolitan areas,

at least in the foreseeable future.

b) A predictive routing method is used, which employs simulation-based forecast-
ing, to represent the 1% class of travelers, so as to account for the type of route

guidance and information systems expected to be installed on autonomous ve-
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hicles.

¢) Finally, multinomial logit routing is used to represent the non-compliant seg-
ment of 2" class travelers, as well as the 3" class travelers, which are assumed
to select their routes based on individual preference and past experience, since

their route travel time perception is imperfect.

6.2 Simulation Results

The performance metrics introduced in subsection 5.5.1 are also used in this sub-
section. Said performance metrics provide an easily quantifiable measure of col-
lective as well as individual traveler benefits obtained through the introduction of
autonomous (1% class) and RGIS-equipped (2" class) vehicles. A diamond-shaped
grid network is considered for implementation of the proposed extension of the NTM,
in similar fashion to subsection 5.4.2. The network consists of 16 regions, with an
area of 25 km? (5x5) for each region, as shown in Figure 5.1. It should be noted
that, as the focus of this chapter is on the interaction of varied routing methods,
a less sophisticated network test case was chosen, where the Urban-scale MFDs for

all regions are identical.

Table 6.1: Origin Destination Demand Matrix

Demands (veh/h)
Origin Destination Region 2 | Region 8 | Region 9 | Region 14
Region 1 400 720 700 1200
Region 4 760 560 400 560
Region 11 680 480 520 520
Region 16 800 400 400 720

The homogeneous regions are each described by an Urban-scale MFD with critical
accumulation n; ..+ = 25 veh/km, region network length Zze z MAA, =10 km and

free flow speed v; y = 45 km/h, Vi € K. Capacity along the boundaries is ¢; ; = 2000
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veh/h/lane, Vi, j € K, (i,5) € A. For each region i, all regions j such that (i,7) € A
are defined as the ones that are in the northwest-southeast or northeast-southwest
directions with respect to the location of the region i. The demand (veh/h) for
each Origin-Destination pair is shown in Table 6.1. It is important to note that the
travel demand values have been adjusted and v; y = 45 km/h, to increase the level
of realism for the simulation, since the majority of links in urban transportation
networks, including that of Singapore, have a speed limit that is less than half of
the one used as v; y in simulations in chapter 5. Disturbance to the demand was
introduced through time-varying factor multiplication to increase the level of real-
ism of the simulations. At each time step, the demand values are multiplied by a
uniformly distributed random number with mean value 1 and variance 0.1. The
simulation horizon H=2h30min or 9000s. The sample time T;=10s. It should be
noted, that in this case, prescriptive route guidance with pre-trip information dis-
semination is used. This means that, contrary to the case of en-route guidance, the
drivers are not the ones updated, rather, the Origin regions are updated regarding
the traffic conditions every 10 seconds and drivers at the current departure time h

274 class of travelers using

are assigned the corresponding updated routes. For the
Proxy Regret Matching routing, non-compliance rates NC' € {0%, 50%, 70%} are
considered. These values might be viewed as appropriately chosen, given that in
previous studies, non-compliance rates were shown to be dependent on expected
travel time reliability and at the aggregate level, travel time estimation is expected
to be less accurate than at the individual link route guidance case. It is assumed
that threshold coefficient r;rp = 1.0 for the Public Transit Diversion mechanism
in IRP (Incremental Route Planning) routing and similarly rprys = 1.0 for PRM

(Proxy Regret Matching) routing. For each routing approach, 10 replications were

ran, and the average of each respective performance metric was considered.




4 6.2. Simulation Results

6.2.1 Results for application of each individual route guid-

ance approach

Each routing method is compared to all others, when it is applied to the en-
tire network individually. That would mean all travelers use the same routing
approach, or in market penetration scheme terms, MPR=100%. Alternate rates
MPR € {10%, 30%, 50%, 70%,90%} are considered, to showcase the performance
robustness of the predictive and non-predictive routing approaches, when compared
to MLR (Multinomial Logit Routing), which is designated as the realistic route
choice model for self-interested travelers with imperfect information, i.e. unreli-
able travel time estimation. Assuming that MPR of the vehicle population employ
IRP or PRM, while (100% — M PR) employ MLR, representing vehicles which are
not equipped with RGIS (Route Guidance and Information Systems). The follow-
ing Table 6.2 presents performance metric results for IRP, PRM and MLR routing
methods integrated with Public Transit Diversion, each with a market penetration

rate MPR=100%.

Table 6.2: Comparison of network performance for each routing method when it is
applied to the entire network individually, i.e. MPR=100%

MPRZlOO% CTVT(veh : S) Cﬂ(k??”ﬂ/fﬂ) OPTD(%) CITR(%) CATT(S)
IRP 1.410e+08 1.189e+06 18.44 0.01 1565.2
PRM 1.744e+08 6.603e+-06 33.08 10.24 2359.9
MLR 2.428e+08 1.187e+07 26.20 27.60 2972.4

As is evident from the results from Table 6.2, IRP outperforms all other routing
methods. This, of course, is to be expected, since IRP belongs to the predictive
routing approach category, which means that travel time estimation accuracy is the
highest amongst all methods compared. PRM finds itself in the middle, performing
better than MLR in most metrics, but worse than IRP with respect to all metrics.

This result is also consistent with my expectations, since PRM belongs to non-
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predictive routing approach category, meaning that travel time estimation accuracy
is worse than it would be for any predictive routing approach. As expected, the worst
performing routing method, when individually applied to the regional network, i.e.
the respective market penetration rate MPR=100%, is the MLR routing method.
MLR under-performs in all performance metrics except for the Public Transit Diver-
sion metric Cprp. This has to do with the stochastic nature of the Public Transit
Diversion Mechanism for MLR, which is simply represented by an alternate route
choice with constant travel time for each corresponding Origin-Destination pair.

Table 6.3: IRP (Incremental Route Planning) routing for various MPR (Market

Penetration Rates) and for scenarios (S1),(S2)

Scenario (S1)

MPRirp \MPRyir(%\%) | 90\10 70\30 50\50 30\70 10\90
Cryr(veh - s) 1.445e+08 | 1.447e+08 | 1.545e+08 | 1.812e+08 | 2.146e+08
Cy2(km?/h?) 1.208¢+06 | 1.144e+06 | 1.698e+06 | 5.258¢+06 | 9.742e-+06
Cprp(%) 17.35 15.32 13.28 18.46 26.01

Crrr(%) 0.10 0.01 0.87 6.34 17.68
Carr(s) 1584.1 1549.1 1605.6 1949.0 2566.2
Scenario (S2)

MPRirp \MPRMir (%\%) | 90\10 70\30 50\50 30\70 10\90
Crvr(veh - s) 1.435¢+08 | 1.450e+08 | 1.529e408 | 1.768¢+08 | 2.131e+08
C2(km?/h?) 1.191e+06 | 1.156e+06 | 1.289e+06 | 4.674e+06 | 9.654e+06
Cprp(%) 17.38 15.47 13.07 17.24 25.61
Crrr(%) 0.05 0.0 0.0 5.30 18.15

Carr(s) 1574.0 1553.1 1587.3 1870.2 2527.6

Table 6.4: PRM (Proxy Regret Matching) routing with for various MPR (Market
Penetration Rates) assuming that NC=0% non-compliance rate

Non-compliance NC=0%
MPRprv\MPRyr (%\%) | 90\10 70\30 50\50 30\70 10\90
Cryr(veh - s) 1.729¢+08 | 1.768e+08 | 1.825¢+08 | 2.001e+08 | 2.239¢+08
Cy2(km? /h?) 6.223e+06 | 6.505e+06 | 7.555e+06 | 9.189e+06 | 1.106e+07
Cprp(%) 31.98 32.26 31.04 30.53 30.91
Crrr(%) 9.01 5.36 5.78 9.68 19.93
Carr(s) 2302.9 2369.6 2383.0 2597.7 2914.0

Even compared to the performance of IRP and PRM with varying degrees of

market penetration, it can be observed that the MLR still performs the worst in

the majority of performance metrics, compared to the implementations of IRP and
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PRM with the lowest market penetration rates (10%). This is to be expected,
since MLR travelers’ behavior is characterized by self-interest, as well as imperfect
travel time information provision. More specifically, from Table 6.3 one can observe
that for all combinations of market penetration rates M PRirp\M PRy g, (S2)
scenario results are better than the respective results for scenario (S1). That is to
be expected, since the information provided during (S2) is considered to be perfect,
when it comes to the route choices of travelers not employing IRP and subsequently,
the travel time estimation accuracy is higher. Finally, from Table 6.4 one can see
that IRP performs consistently better than PRM, for respective market penetration
rate combinations. Even for MPRgp\M PRy .r = 30%\70% for both (S1), (S2),
it can be observed that most performance metric results are better than for PRM
with a market penetration rate M PRpry = 100%.

Based on the results from Tables 6.2, 6.3, 6.4, it was decided to use MLR as the
reference routing method and measure the performance gains of IRP, for scenarios
(S1), (S2), as well as PRM for various non-compliance rates NC' € {0%, 50%, 70%}.
The performance metric derived for said comparison is described in equation 6.1 as

the weighted average of all performance metric ratios.

CTVT,g + Cv2,g + CPTD,g + (1 - CITR,MLR) + CATT,g
wr w. w w R —— w
C o T CTVT,MLR v CvQYMLR PP CPTD,MLR TR (]- - CITR,g) ATT CATT,MLR
e (wrvr + wy + wprp + WiTR + WATT)
(6.1)
where

g € {IRP(S1),IRP(S2), PRM(NC),IRP(S1)\PRM(NC)\MLR,IRP(52)\

\PRM(NC)\MLR} and W = {wryr, wy, Wprp, WiTR, WarT } @ Set of appropriate
weights to denote the importance placed on the respective performance measures. In
this test case, all weights are set to be equal wryr = w2 = wprp = WrTR = WarT.
After the calculation of the Crwa values for all routing methods other than MLR,

the Performance gain - Market Penetration curves for non-predictive routing method
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PRM, as well as predictive routing methods IRP (S1) and IRP (S2) can be derived,
see Figure 6.1. It can easily be observed that, for IRP, overall network perfor-
mance exceeds that of PRM in all corresponding degrees of market penetration.
Performance gains of PRM seem to increase with MPR, values up to 90%. When
MPR=100%, there is a 2.2% performance loss compared to MPR=90%. This can
be attributed to the fact, while PRM at various degrees of market penetration will
improve overall network performance, having a percentage of self-interested travel-
ers using MLR, allows for higher network resource utilization. In the case of MLR,
all available routes will be used with some probability, however small, and never
zero, thus distributing demand along alternative routes that might not have been
considered by PRM. One can also observe that for PRM, the weighted average val-
ues of Crrr peak at MPR=70%. From the results for individual routing method
performance, as the MPR for PRM increases, the individual ITR values for PRM
also increase, while the simultaneous converse effect for travelers using MLR can
be observed. So MPR=70% could be described as the intersection of the increasing
ITR values for PRM and decreasing I'TR values for MLR. In the case of scenarios
(S1), (S2) for IRP, performance gains seem to increase in tandem with the degree
of market penetration, however, for MPR>50%, performance gradually decreases
until, at MPR=100%, it reaches a value of Crwa ~47% which lies in between val-
ues achieved for MPR=50% (Crwa ~50%) and MPR=30% (Crwa ~35%). These
results demonstrate that performance gains are dependent on the forecasting step
methodology. While higher degrees of market penetration are required for better
overall network performance, the virtual vehicle generation and route assignment
leads to less accurate travel time prediction, owing to the fact that MLR is em-
ployed for virtual vehicle route assignment. Therefore, having fewer unequipped
vehicles as part of the vehicle population leads to diminishing performance gains.

Nevertheless, performance robustness for both IRP (S1) and IRP (S2) is assured,
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as is evident from the consistent gain in performance for every degree of market

penetration. Figures 6.2-6.4 show vehicle accumulation levels per region starting
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Figure 6.1: Performance gain - Market Penetration Curves of PRM, IRP (S1), IRP
(S2), for penetration rates M PR € {10%, 30%, 50%, 70%, 90%}

from 1h (3600s) of the simulation up until 1h40min (6000s) with 5 min intervals, for
100% market penetration for each routing method (MLR, PRM, IRP) with region
numbering as in Figure 5.1. This particular simulation time period was selected
because it contains the simulation midpoint and the effect each routing method has,
is easy to discern.

Asis evident from Figures 6.2-6.4, during these 40 min of simulation, IRP manages
to keep vehicle accumulation levels below 500 veh. for all regions, in addition to
maintaining a more even distribution of vehicles over all regions. PRM is able to

maintain vehicle accumulation levels below 500 vehicles for 14 out of 16 regions,
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Figure 6.2: Vehicle Accumulation for MLR from 1h-1h40min of the simulation, at
5 min intervals, in regions 1-16
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Regional Vehicle Accumulation for IRP with MPR=100%

1500
400 vel
200 ve

400 veh
200 ve
Oveh

400 vel
200 vel

ThEmin Th10min
r {1000

400 vel
200 vel

1h15min 1h20min 1h25min | deng

Th30min Th35min Th40min

Figure 6.4: Vehicle Accumulation for IRP from 1h-1h40min of the simulation, at 5
min intervals, in regions 1-16

however the vehicle distribution is not even throughout the regional network. As is
expected, MLR is not able to maintain vehicle accumulation levels below 500 veh.
for 5 out of 16 regions, while the vehicle distribution over all regions is markedly
uneven, compared to IRP and PRM. Based on this network setup, regional vehicle
accumulation levels over 500 veh. indicate that regions are congested. Vehicle
distribution is an important indicator of network resource utilization. Homogeneous

vehicle distribution over all regions signifies higher network resource utilization.

6.2.2 Comparison of route guidance approaches in mixed
class application with various combinations of market

penetration rates

Several mixed class application cases are considered, with different combinations
of market penetration rates, MPR1 and MPR2, for 1** and 2" traveler classes
respectively. For the prescriptive, pre-trip route guidance provided to the 2" class

of travelers, the compliance model originally suggested by Papageorgiou [125] was
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274 class travelers will comply to the advice

extended, whereby a certain fraction of
provided and the remaining fraction will disregard it. Concretely, assuming non-
compliance rate NC for the 2" class of travelers, one can say that the travel demand

for each traveler class at departure time h for every Origin-Destination pair, Vb €

Ko, e € Ky is:

22" (h) = MPR1 -G (h) (6.2)
be " (h) = (MPR2 — NC) - Ge(h) (6.3)
2B (h) =1— (MPR1+ (MPR2— NC)) - (e(h) (6.4)

The selected 3 market penetration rates seem consistent with experts’ predictions
regarding the adoption of autonomous vehicle technology [20,21]. If an approxi-
mate backwards extrapolation extrapolation is made, MPR1=70% by early 2040,
MPR1=40% by early 2030 and MPR1=10% by early 2020 can be safe assump-
tions. The market penetration values of 2"¢ traveler class MPR2 in each mixed
class routing scenario are MPR2=¢y, ¢10 € {10%,40%,70%}, for MPR1=10%,
MPR2=049, ¢40 € {40%,60%}, for MPR1=40% and MPR2=¢7,=30%, for MPR1=70%.
Obviously, in the last 2 scenarios, for ¢s = 60% and ¢y = 30%, the 2"¢ traveler
class comprises the maximum possible percentage such that MPR14+MPR2=100%.
Equal market penetration rates MPR1=MPR2=MPR3=33.3% are also considered,
so as to more accurately evaluate the overall network performance, when the de-
gree of penetration does not affect the result. For the 2"? class of travelers, non-
compliance rates NC' € {0%, 50%, 70%} are considered. As before, threshold coeffi-
cient r;gp = 1 for the Public Transit Diversion mechanism in IRP routing methods
and rpry = 1 for PRM routing method. Similar to earlier, this market penetra-
tion rate combination was selected so as to rate the individual performance of each
routing method, where the degree of penetration plays no role for the results, but

PRM’s non-compliance rate is also evaluated. Table 6.5 presents performance gain




92 6.2. Simulation Results

results for all market penetration rate and non-compliance rate combinations men-
tioned above for mixed application of IRP (S1), IRP (S2), PRM (NC) and MLR.
A subsequent analysis of the individual performance metric results for each market
penetration rate combination follows, in an effort to gain better insight regarding
the effect MPR1, MPR2, MPR3, explicitly and implicitly, through the implemen-
tation of non-compliance NC, have on Public Transit Diversion, Incomplete Trips
Rate and Average Travel Time for each routing method individually. It should be
noted that individual performance metric results are used to derive all the perfor-
mance gain results as presented on Table 6.5. Similar to Figures 6.2-6.4, Figures
6.5—6.11 demonstrate regional vehicle accumulation levels for a mixed application of
IRP, PRM and MLR with corresponding market penetration rates MPR1, MPR2,
MPRS3, during the same simulation time period of 40 min as mentioned before. Ta-
bles 6.6-6.12 present individual performance metric results for each routing method
in a mixed application of IRP, PRM and MLR with corresponding market penetra-
tion rates MPR1, MPR2, MPR3 for non-compliance rates NC' € {0%, 50%, 70%}

and scenarios (S1),(S2).

Table 6.5: Various market penetration rate combinations for scenarios (S1),(S2)
of IRP representing 1% class travelers, PRM representing 2"? class travelers with
NC=0%, 50%, 70% non-compliance rate and MLR representing non-compliant seg-
ment of 2"¢ class, as well as 3"¢ class travelers

Ratio Weighted Average Crwa(%)
Scenarios (S1) (S2)
NC(%)
MPR1\MPR2\MPR3 0 50 70 0 50 70
for IRP\PRM\MLR (%\%\%)
10\ 10(1-NC)\ 80(1+0.125-NC) 9.74 | 15.96 | 13.60 | 15.80 | 14.44 | 14.39
10\ 40(1-NC)\ 50(1+0.8-NC) 27.64 | 18.62 | 15.66 | 28.70 | 20.25 | 17.84
10\ 70(1-NC)\ 20(20+3.5-NC) 27.02 | 2842 | 19.02 | 30.13 | 28.30 | 20.31
33.3\ 33.3(1-NC)\ 33.3(1+NC) 10.73 | 4534 | 42.97 | 46.25 | 47.35 | 46.85
40\ 40(1-NC)\ 20(1+2-NC) 12.30 | 47.80 | 48.81 | 46.38 | 48.53 | 49.82
40\ 60(1-NC)\ 60-NC 36.12 | 44.10 | 48.85 | 43.73 | 47.36 | 48.87
70\ 30(1—NC)\ 30-NC 44.51 | 48.31 | 48.14 | 46.81 | 48.37 | 48.51




Chapter 6. Network Performance under Market Penetration Scheme 93

Regional Vehicle Accumulation with MPR1=10%, MPR2=10%, MPR3=80%
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Figure 6.5: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min

of the simulation, at 5 min intervals

Regional Vehicle Accumulation for MPR1=10%, MPR2=40%, MPR3=50%
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Figure 6.6: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min
of the simulation, at 5 min intervals
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Regional Vehicle Accumulation for MPR1=10%, MPR2=70%, MPR3=20%
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Figure 6.7: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min

of the simulation, at 5 min intervals

Regional Vehicle Accumulation with MPR1=MPR2=MPR3=33.3%
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Figure 6.8: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min

of the simulation, at 5 min intervals
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Regional Vehicle Accumulation for MPR1=40%, MPR2=60%, MPR3=0%
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Regional Vehicle Accumulation for MPR1=40%, MPR2=40%, MPR3=20%
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Figure 6.9: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min

of the simulation, at 5 min intervals
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Figure 6.10: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min
of the simulation, at 5 min intervals
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Table 6.6: Comparison of individual performance metrics for each routing method
in mixed application of IRP, PRM and MLR with MPR1=10%, MPR2=
10(1-NC)%, MPR3=80(1+0.125NC)% with NC=

0%, 50%, 70% for scenarios (S1), (S2)

MPR1=10%, MPR2:10(1-NC)%, MPR3=80(1—|—0.125NC)%

Scenario (S1) (S2)

NC= 0% CPTD(%) OITR(%) OATT(S) CPTD(%) CITR(%) CATT(S)
IRP 49.77 0.45 1284.7 57.94 0.42 1589.1
PRM 57.10 0.19 1022.2 48.43 0.84 2349.0
MLR 28.25 8.72 1584.3 17.75 17.20 2519.6

NC=50% | Cprp(%) | Cirr(%) | Carr(s) | Crrp(%) | Crrr(%) | Carr(s)
IRP 61.55 0.49 1073.1 61.22 0.04 1447.3
PRM 50.88 0.20 1175.4 49.55 0.42 2387.7
MLR 27.95 8.29 1443.0 19.14 19.68 2567.0

NC=70% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 59.17 0.32 1595.4 60.78 0.07 1491.5
PRM 50.49 0.27 2454.7 51.58 0.24 2376.3
MLR 20.08 19.07 2580.0 19.60 19.42 2575.8

Regional Vehicle Accumulation with MPR1=70%, MPR2=30%, MPR3=0%
v 1500

400 ve S 400 veh

200 vel i 200 veh | _
wel 0 weh >
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400 vel
200 vel
0 el

r {1000

1h25min 500

veh, .
weh.o S
veh
h
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Figure 6.11: Regional Vehicle Accumulation for IRP\PRM\MLR from 1h-1h40min
of the simulation, at 5 min intervals

We can visually confirm from Figures 6.5-6.11, that, when MPR1 exceeds 30%,
regional vehicle accumulation levels never exceed 500 veh. Compared to an appli-

cation of IRP with MPR=100%, however, as seen in Figure 6.4, vehicle distribution
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Table 6.7: Comparison of individual performance metrics for each routing method
for mixed application of IRP, PRM and MLR with MPR1=10%, MPR2=40(1-
NC)%, MPR3=50(1+0.8NC)% with NC=

0%, 50%, 70% for scenarios (S1), (S2)

MPR1=10%, MPR2:40(1-NC)%, MPR3=50(1—|—0.8NC)%

Scenario (S1) (S2)

NC= 0% CPTD(%) OITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 59.59 0.24 1563.8 45.73 0.26 1626.6
PRM 41.29 1.91 2051.9 38.67 2.65 2107.7
MLR 6.74 6.16 2146.3 6.31 6.55 2137.7

NC=50% | Cprp(%) | Cirr(%) | Carr(s) | Crrp(%) | Crrr(%) | Carr(s)
IRP 58.40 0.50 1622.1 55.48 0.06 1447.9
PRM 43.97 1.68 2248.0 45.15 1.28 2196.2
MLR 16.01 14.31 2454.3 15.29 12.91 2423.7

NC=70% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 58.82 0.31 1596.4 59.37 0.06 1461.9
PRM 48.76 0.90 2319.5 48.20 0.95 2306.9
MLR 18.03 15.94 2527.4 16.86 15.12 2465.0

over all regions appears to be more uneven. As a general observation from Table 6.5,
one can see that for most market penetration rates for (S2) and when MPR1= 40%
for (S1), when non-compliance rate NC is higher, performance is the highest. This
can be attributed to the fact, that, during the forecasting step of IRP, all virtual ve-
hicles generated from the current step h onwards, are assigned a route choice based
on MLR. High NC values mean that more travelers not belonging to 1% class, are
assigned routes based on MLR rather than PRM, improving travel time estimation
accuracy for IRP during the mixed class application. This also means that PRM
does not contribute as much as IRP to the overall network performance. Another
observation is that when MPR1>30%, performance gains compared to MLR for
when MPRy/1r = 100%, the worst-performing routing method, almost always ex-
ceed 40%, for all non-compliance rate combinations. Even for MPR1\MPR2\MPR3
= 10% \10% \80%, with NC=70%, the case with least market penetration for both
IRP and PRM, for the more realistic scenario (S1), there is still a performance

gain of 13.60%. IRP for (S1), in combination with PRM, can potentially benefit
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Table 6.8: Comparison of individual performance metrics for each routing method
when it is for a mixed application of IRP, PRM and MLR with MPR1=10%,
MPR2=70(1-NC)%, MPR3=20(143.5NC)%

with NC=

0%,50%,70% for scenarios (S1), (S2)

MPR1=10%, MPR2=70(1-NC)%, MPR3=20(1+3.5NC)%
Scenario (S1) (S2)
NC= 0% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 58.19 0.38 1711.3 39.66 0.13 1562.8
PRM 30.35 6.12 2158.8 29.99 0.17 2136.1
MLR 3.45 2.13 1972.3 3.38 1.66 1936.9
NC=50% CPTD(%) OITR(%) CATT(S) CPTD(%) C]TR(%) OATT(S)
IRP 59.39 0.26 1583.4 47.96 0.17 1574.3
PRM 41.09 1.56 2031.5 42.37 1.84 2072.1
MLR 8.92 5.23 2107.1 7.75 0.66 2151.3
NC=70% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 59.02 0.30 1629.7 54.89 0.08 1474.6
PRM 42.76 1.44 2192.3 45.01 1.61 2269.1
MLR 15.15 12.79 2417.4 15.10 12.60 2408.4

overall network performance, provided that 50%>NC<70%, even though MPR1
and MPR2 are as low as 10%. We also demonstrated the positive influence of au-
tonomous vehicles in the overall network performance, evidenced by a performance
gain Crwa=40.73% for (S1) and Crwa=46.25%, given equal market penetration rates
MPR1=MPR2=MPR3=33.3% and non-compliance rate NC=0%. Individual per-
formance metric results from Tables 6.6-6.12 provide a more detailed insight re-
garding the different effect the information provided to IRP in scenarios (S1) and
(S2) has on Public Transit Diversion, Incomplete Trips Rate and Average Travel
Time for each routing method individually. For MPR1=10%, MPR2=10(1-NC)%,
MPR3=80(140.125NC)% with NC=0%,50%,70% for scenarios (S1),(S2), it can be
observed that, owing to the higher PTD rate values for IRP in all combinations
but the one for NC=0% (S1), ATT for IRP never exceeds 1600s, whereas ATT for
PRM and MLR exceed 2000s in the majority of combinations. For NC=0% (S1),
ATT for PRM is shorter than ATT for IRP, which can be explained by the fact
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Table 6.9: Comparison of individual performance metrics for each routing method
when it is for a mixed application of IRP, PRM and MLR with MPR1=33.3%,
MPR2=33.3(1-NC)%, MPR3=33.3(1+NC)% with NC=

0%,50%,70% for scenarios (S1),(S2)

MPR1=33.3%, MPR2:33.3(1-NC)%, MPR3:33.3(1+NC)%

Scenario (S1) (S2)

NC= 0% CPTD(%) OITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 39.99 0.62 1504.5 28.26 0.0 1479.3
PRM 24.60 0.09 1876.8 27.48 0.14 1792.4
MLR 0.90 1.17 1713.9 0.09 0.0 1614.4

NC=50% | Cprp(%) | Cirr(%) | Carr(s) | Crrp(%) | Crrr(%) | Carr(s)
IRP 42.73 0.14 1432.9 32.79 0.05 1493.9
PRM 24.89 0.22 1831.8 28.61 0.14 1826.7
MLR 0.51 0.55 1662.6 0.31 0.59 1660.9

NC=70% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 38.11 0.99 1558.9 35.36 0.02 1499.6
PRM 25.35 0.34 1915.3 29.00 0.12 1869.6
MLR 0.89 2.79 1801.8 0.51 0.40 1705.6

that this is the only case where the PTD value for PRM is higher than that of
IRP. In all combinations, ITR for MLR never goes lower than 8%, whereas ITR
values for IRP and PRM never exceed 0.50% and 0.90% respectively. While this
could be partly attributed to IRP’s and PRM’s superior performance, the main
factor is the low 1°7/3"@ class and 2"¢/3" class traveler ratio respectively. For
MPR1=10%, MPR2=40(1-NC)%, MPR3=50(1+0.8NC)% with NC=0%,50%,70%
for scenarios (S1),(S2), it can be observed that, owing to the higher PTD rate val-
ues for IRP in all combinations, ATT for IRP never exceeds 1650s, whereas ATT
for PRM and MLR exceed 2000s in all combinations. In all combinations, ITR for
MLR never goes lower than 6%, whereas ITR values for IRP never exceed 0.50%.
ITR for PRM ranges from 0.90%-2.65%. This could be partly attributed to the
2nd /374 class traveler ratio which ranges from 15%-80%. This can be confirmed by
the fact that the highest ITR values for PRM occur for NC=0% (S1),(S2) corre-
sponding to the highest ratio value of 80%. IRP outperforms both PRM and MLR

while PRM finds itself consistently in the middle, in terms of performance. For
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Table 6.10: Comparison of individual performance metrics for each routing method
when it is for a mixed application of IRP, PRM and MLR with MPR1=40%,
MPR2=40(1-NC)%,

MPR3=20(142NC)% with NC=

0%, 50%, 70% for scenarios (S1), (S2)

MPR1=40%, MPR2=40(1-NC)%, MPR3=20(1+2NC)%

Scenario (S1) (S2)

NC= 0% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 34.22 0.74 1529.4 25.33 0.01 1487.3
PRM 19.33 0.94 1828.8 20.21 0.38 1792.8
MLR 1.00 0.40 1647.3 0.08 0.0 1599.3

NC=50% | Cprp(%) | Cirr(%) | Carr(s) | Cprp(%) | Crrr(%) | Carr(s)
IRP 33.06 0.02 1453.2 29.53 0.0 1471.1
PRM 17.90 0.20 1775.4 18.68 0.17 1826.1
MLR 0.21 0.0 1600.5 0.31 0.0 1616.8

NC=70% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 31.93 0.01 1469.4 29.65 0.0 1452.7
PRM 20.89 0.08 1817.2 18.53 0.10 1820.6
MLR 0.20 0.0 1611.8 0.51 0.0 1616.7

MPR1=10%, MPR2=70(1-NC)%, MPR3=20(1+3.5NC)% with NC=0%,50%,70%
for scenarios (S1),(S2), it can be observed that, owing to the higher PTD rate val-
ues for IRP in all combinations, ATT for IRP never exceeds 1750s, whereas ATT
for PRM exceeds 2000s in all combinations. ATT for MLR exceeds 2000s for all
combinations where NC>0%. Another observation that can be made as regards
ATT for PRM is that it is consistently shorter than the ATT for MLR, except for
the cases where NC=0%. Specifically, when PTD for PRM falls below 38%, ATT
for PRM performs worse than MLR, regardless of the rate of non-compliance NC.
This can be explained by the fact that, in this particular market penetration rates
combination, MPR2>MPR3. This difference is highest for NC=0%. Especially for
NC=0% (S1), it can also be observed that ITR for MLR is lower than ITR for PRM.
ITR for PRM ranges from 0.17%-6.12%. In all combinations but for NC=0% (S1),
NC=50% (S2), ITR for MLR performs the worst. An additional factor affecting

ITR, which is the availability of route assignment information for the IRP forecast-
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Table 6.11: Comparison of individual performance metrics for each routing method
for mixed application of IRP, PRM and MLR with MPR1=40%, MPR2=60(1-
NC)%, MPR3=60NC% with NC=0%,50%,70% for scenarios (S1),(S2)

MPR1=40%, MPR2=60(1-NC)%, MPR3—=60NC%
Scenario (S1) (S2)
NC= 0% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 36.48 2.08 1595.8 25.18 0.03 1506.9
PRM 17.57 3.46 1909.1 19.03 0.74 1771.0
MLR N/A N/A | N/A | NJ/A N/A | N/A
NC=50% | Cprp(%) | Crrr(%) | Carr(s) | Crrp(%) | Crrr(%) | Carr(s)
IRP 36.27 0.16 1458.7 27.88 0.01 1479.5
PRM 21.44 0.36 1769.6 19.73 0.18 1809.3
MLR 0.56 0.39 1622.2 0.17 0.0 1609.3
NC=70% | Cprp(%) | Cirr(%) | Carr(s) | Cprp(%) | Cirr(%) | Carr(s)
IRP 32.05 0.0 1443.9 28.05 0.0 1481.5
PRM 16.94 0.15 1785.6 21.59 0.09 1803.5
MLR 0.12 0.0 1593.7 0.09 0.0 1613.8

ing step, as is the case in (S2). For the case of NC=50% (S2), MLR outperforms
PRM, as regards I'TR, but lags slightly behind PRM, as regards ATT. This could
be partly attributed to a combination of the positive influence of IRP with perfect
information scenario (S2) route assignment and the fact that MPR3-MPR2>0. For
NC=0% (S1), IRP with imperfect information scenario (S1) in combination with the
low MPR3, seems to mostly benefit MLR with respect to both I'TR and ATT. ITR
for IRP and PRM achieve comparable performance for NC=0% (S2), and 10 times
better than MLR, despite the fact that the MPR2-MPR3 difference is the high-
est possible. IRP consistently outperforms all other routing methods with respect
to ITR and ATT. For MPR1=33.3%, MPR2=33.3(1-NC)%, MPR3=33.3(1+NC)%
with NC=0%,50%,70% for scenarios (S1),(S2), it can be observed that PTD values
for IRP never exceed 45% which is less than the lowest PTD value for IRP for all
market penetration rate combinations where MPR3<30%. As expected, the highest
PTD rate for IRP is for (S1) with NC=0% and the lowest PTD rate for IRP is for

(S2) with NC=0%. The reason for this is the fact that in (S1), IRP’s forecasting step




102 6.2. Simulation Results

Table 6.12: Comparison of individual performance metrics for each routing method
for mixed application of IRP, PRM and MLR with MPR1=70%, MPR2=30(1-
NC)%, MPR3=30NC% with NC=0%, 50%, 70% for scenarios (S1), (S2)

MPR1=70%, MPR2=30(1-NC)%, MPR3=30NC%
Scenario (S1) (S2)
NC= 0% CPTD(%) CITR(%) CATT(S) CPTD(%) CITR(%) CATT(S)
IRP 22.48 1.18 1598.5 20.94 0.04 1554.0
PRM 10.98 0.58 1763.3 12.99 0.18 1738.5
MLR N/A N/A | N/A | NJA N/A | N/A
NC=50% | Cprp(%) | Crrr(%) | Carr(s) | Crrp(%) | Crrr(%) | Carr(s)
IRP 21.53 0.02 1555.8 21.64 0.01 1544.6
PRM 9.71 0.20 1734.0 11.93 0.09 1706.2
MLR 0.15 0.0 1550.6 0.07 0.0 1555.5
NC=70% | Cprp(%) | Cirr(%) | Carr(s) | Cprp(%) | Cirr(%) | Carr(s)
IRP 21.92 0.04 1578.7 22.05 0.03 1559.1
PRM 9.98 0.07 1727.6 11.32 0.05 1722.2
MLR 0.24 0.0 1559.7 0.06 0.0 1558.7

accuracy is diminished, due to information available only for the 1% class travelers.
All other traveler classes are assigned routes based on MLR. On the other hand,
for (S2) and NC=0%, IRP’s forecasting step accuracy is higher for this particular
combination of market penetration rates, since information is available for both 1%
and 3" traveler classes. Due to it’s overall high PTD rate, IRP presents with the
lowest ATT in both (S1) and (S2). More specifically, it can be observed that when
the individual PTD rate for IRP exceeds 40%, PTD contributes the most to the
reduction of individual ATT for IRP, as is the case for (S1) and NC=50%. Another
positive effect of IRP is the reduction of individual PTD rate for MLR, which drops
below 1%. While the ITR for IRP for (S2) tends to be the lowest, for (S1), due
to the limited information availability, prediction is not as accurate, leading to ITR
almost half of that for MLR, which exhibits the highest I'TR rate for all but one
combinations. The ATT for PRM is consistently lagging behind the ATT for IRP
and MLR. The best performing ATT for PRM is for (S2) and NC=0%. This means

that an indirect observation can be made, of the effect market penetration rate has
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on the individual performance of PRM and MLR, but not IRP, as 1% class travelers
are assumed to be fully compliant. ITR for PRM is at it’s lowest for (S2), followed
closely by (S1). Additionally, one must take into consideration the beneficial effect

2" and especially the 3"¢ traveler

the 1%¢ traveler class, employing IRP, has on the
class. Compared to ATT results for PRM from Tables 6.2 and 6.4, for several de-
grees of penetration, ranges from 18%-30% improvement on the ATT for PRM in
the mixed application. It should be noted that the ATT for MLR seems to benefit
the most from the presence of 1% class travelers, as can be seen from the improve-
ment ranging between 40%-45%, compared to results from Table 6.2. Compared to
MLR, PRM seems to benefit less from IRP, however, compared to performance re-
sults when IRP is absent, see 6.4, there is individual improvement of approximately
10% for ITR and 22% for ATT of PRM. For MPR1=40%, MPR2=40(1-NC)%,
MPR3=20(142NC)% with NC=0%,50%,70% for scenarios (S1),(S2), it can be ob-
served that PTD values for IRP never exceed 35%. Similar to the previous market
penetration rate combination, PTD values for MLR never exceed 1%, however, there
is a 10% average decrease to PTD for PRM. This improvement comes about due to
the 10% increase of MPR1, which, however, has adverse effects on ATT for PRM,
which performs the worst in all cases. ITR for MLR is the lowest for all combi-
nations, which can be partly attributed to the 10% increase of MPR1, but also to
the fact that 3" class travelers comprise the least proportion of traveler population.
IRP consistently outperforms all other routing methods with respect to ATT. For
MPR1=40%, MPR2=60(1-NC)%, MPR3=60NC% with NC=0%,50%,70% for sce-
narios (S1),(S2), it can be observed that, similar to the previous market penetration
rate combination, PTD values for IRP never exceed 35%. Similar to the previous
market penetration rate combination, PTD values for MLR never exceed 1%. PTD
results for PRM are comparable to the ones of the previous market penetration rate

combination, never exceeding 22%. ITR for PTM is the worst for all combinations,
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with the highest value presenting for NC=0% (S1), which also exhibits the highest
ITR value for PRM. This can readily be explained by the fact that the forecasting
step of IRP for (S1) makes use of imperfect route assignment information. Once
again, IRP consistently outperforms all other routing methods with respect to ATT.
For MPR1=70%, MPR2=30(1-NC)%, MPR3=30NC% with NC=0%,50%,70% for
scenarios (S1),(S2), an observation can be made that, PTD values for IRP never ex-
ceed 25%. PTD values for PRM never exceed 15%. This improvement comes about
due to the 30% increase of MPR1, compared to the previous market penetration rate
combination, which leads to a decreased performance on ATT for PRM in all cases.
ITR results for PRM are the worst performing in all cases but one, for NC=0% (S1).
This can be explained by the fact that the forecasting step of IRP for (S1) makes
use of imperfect route assignment information In all other cases ITR for MLR is the
lowest, due to the fact that IRP tends to benefit the 3¢ traveler class the most, even
in cases of high non-compliance (NC=70%), where MPR3>3xMPR2. Once again,

IRP consistently outperforms all other routing methods with respect to ATT.

6.3 Chapter Overview

In this chapter, a market penetration scheme was introduced. Three distinct
traveler classes are defined, the 1% class of travelers equipped with autonomous
vehicles, the 2"¢ traveler class comprising of RGIS-equipped, conventional vehicles
and the 3" class traveler class comprising of unequipped, conventional vehicles.
Certain assumptions are made for each traveler class. The prescriptive pre-trip
guidance approaches introduced in 5, IRP and PRM, a predictive and non-predictive
routing method respectively, along with MLR, which gives the multinomial logit-
based DSUE, are used to represent the 1%, 2"¢ and 3"¢ traveler class respectively.

First, 1°* and 2™ traveler classes are assumed to have varied degrees of market
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penetration, with the remaining population of travelers employing MLR. After the
evaluation of performance for each individual traveler class, it is shown that MLR
performs the worst in most cases. Then, a new performance metric is introduced,
overall performance improvement Crwa , as the weighted average of improvement
of all network performance metrics (Total Vehicle Time, Speed Variability, Public
Transit Diversion rate, Incomplete Trips Rate, Average Travel Time), as compared
with the 3" class of travelers. Subsequently, for varied combinations of market
penetration rates corresponding to each class (MPR1, MPR2, MPR3), as well as
various non-compliance rates NC' € {0%,50%, 70%} of travelers belonging to 2™
class, the overall performance improvement Crwa over the case of 3" traveler class
employing MLR with 100% market penetration is evaluated. Individual performance
results for each traveler class participating in the market penetration scheme are
also evaluated. The performance robustness of IRP is verified. In the chapter that
follows, a more detailed analysis of the conclusions regarding this work is presented

as well as proposed future research, extending and building upon the current work.




Chapter 7

Conclusion and Future work

7.1 Conclusion

Congestion in urban traffic networks is a complex problem that is inextricably
linked with quality of life in urban areas. It constitutes an important problem that
affects people in explicit but also implicit ways. In a supply and demand scheme,
where supply represents network resources (infrastructure) and demand represents
travelers wishing to make use of the network (travel demand), the high cost of
developing new infrastructure means that cities are only left with 2 options. To
suppress demand through toll and parking pricing, or manage supply in an optimal
manner by use of traffic signal control, route guidance. The latter of the two supply
management applications, route guidance, is the main focus of this thesis.

Travelers, either through the use of smartphone applications or vehicle-integrated
navigation equipment, are able to receive up-to-date information, including map
location, prevailing traffic state and expected travel times. Route guidance can
benefit drivers individually, however, through coordination with traffic control cen-
ters, system-wide benefits can be obtained. Congestion during peak periods can

be alleviated through a suggestion mechanism that will enable the distribution of
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vehicles along different paths with similar origin and destination locations. The
application of this concept in large urban traffic networks is regrettably not a triv-
ial problem, due to the large number of links, intersections and most importantly,
travelers. Region-based route guidance can be considered as route guidance at an ag-
gregated level. The advantages of the Urban-scale MFD concept become abundantly
clear, when one considers the fact that, when partitioned appropriately into homo-
geneously congested regions, an urban traffic network can be modeled as a reservoir
system with very well-defined operating points, critical accumulations derived from
the Urban-scale MFDs that correspond to each homogeneously congested region.
Subsequently a number of methodologies can be applied, such as region-based pre-
scriptive route guidance with Public Transit Diversion integration, allowing for the
distribution of travel demand so that congestion levels rarely exceed said operat-
ing points. In this thesis, weighted feature extensions of center-based clustering
as well as normalized spectral clustering were applied to a network encapsulat-
ing Singapore’s CBD to derive homogeneously congested regions. For this specific
network setup, the weighted feature extension to k-harmonic means clustering out-
performed all other clustering methods. Subsequently, a multi-class extension of the
Network Transmission Model was introduced. A non-predictive strategy learning-
based routing method employing Proxy Regret Matching (PRM) and a predictive
simulation-based routing method, Incremental Route Planning (IRP), were devel-
oped as region-based prescriptive route guidance approaches with pre-trip infor-
mation dissemination and subsequently applied on a regional network where the
Network Transmission Model was used to simulate region-based traffic dynamics.
Simulation Results for a diamond-shaped grid network comprising of 16 regions,
with an area of 25 km® (5x5) for each region, where the Urban-scale MFDs for all
regions are identical, have demonstrated the superiority of predictive routing meth-

ods, as IRP outperforms PRM and MLR. This, of course, is to be expected, since
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IRP belongs to the predictive routing approach category, which means that travel
time estimation accuracy is the highest amongst all methods compared. PRM, as
expected from a non-predictive routing method, finds itself in the middle, perform-
ing better than MLR but worse than IRP. As expected, MLR, under-performs in all
defined performance metrics.

A potential issue that past Urban-scale MFD-related literature has failed to con-
sider, is the fact that not all traveler features are uniform. Multi-class dynamic
traffic models have become more appealing to investigators in recent years, how-
ever, due to the automotive industry’s renewed interest in autonomous vehicle tech-
nology adoption. In this thesis, three distinct traveler classes were defined, the
15t class employing a novel predictive routing method, IRP, to represent routing

27? class employing a non-predictive routing

behavior of autonomous vehicles, the
method, PRM, to represent RGIS-equipped, conventional vehicles, and the 3" class
employing multinomial logit-based routing to represent unequipped, conventional
vehicles. For the autonomous vehicles, 2 scenarios were considered, which make use
IRP for fully compliant route guidance. In (S1), autonomous vehicles are assumed
to be privately owned, which means that information provision is limited to other
autonomous vehicles only. Hence, travel time prediction accuracy is negatively af-
fected by the assumption that all other vehicles are routed as if unequipped with
RGIS. In (S2), autonomous vehicles are assumed to be publicly owned, as part of a
public one-way ridesharing service which means that information provision includes
historical and real-time data about all vehicles in the urban traffic network. Hence,
travel time prediction accuracy is positively affected. In essence, market penetration
rates were varied explicitly through specification of MPR1, MPR2, MPR3 for 1%,
274 and 3" traveler class respectively, as well as non-compliance rates NC for 24

class of travelers. In addition, respective market penetration rates for 1%, 2"¢ and

37 traveler classes were varied implicitly through the introduction of Public Transit
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Diversion mechanisms to each routing method employed to represent each distinct
traveler class. Subsequently, simulations were ran with a similar network setup as
mentioned previously, however, the travel demand values were readjusted and free
flow conditions speed was set to v; ; = 45 km/h, to increase the level of realism for
the simulation. After analyzing performance results for each routing method, MLR
exhibits the worst performance for the majority of performance metrics. Then, a new
performance metric is introduced, overall performance gain Crwa, as the weighted
average of performance gains of all network performance metrics (Total Vehicle
Time, Speed Variability, Public Transit Diversion rate, Incomplete Trips Rate, Av-
erage Travel Time), as compared with the 3" class of travelers. Subsequently, for
varied combinations of market penetration rates corresponding to each class (MPR1,
MPR2, MPR3), as well as various non-compliance rates NC' € {0%, 50%, 70%} of
travelers belonging to 2" class, the overall performance gains Crwa over the case
of MLR with 100% market penetration is evaluated. Performance gains ranging
from approximately 10%-50% could be seen, compared to individual application of
MLR, a more realistic reference case. In the case of scenarios (S1),(S2) for IRP, per-
formance gains seem to increase in tandem with the degree of market penetration,
however it can be observed that for MPR>50%, performance gradually decreases
until, at MPR=100%, it reaches a value of Crwa ~47% which lies in between val-
ues achieved for MPR=50% (Crwa ~50%) and MPR=30% (Crwa ~35%). These
results demonstrate that performance gains are dependent on the forecasting step
methodology. Nevertheless, performance robustness for both IRP (S1) and IRP (S2)
is assured, as is evident from the consistent gain in performance for every degree of
market penetration. An analysis of individual performance metric results for each
market penetration rate combination was also conducted, in an effort to gain better
insight regarding the effect MPR1, MPR2, MPR3, explicitly and implicitly, through

the implementation of non-compliance NC, have on Public Transit Diversion, In-
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complete Trips Rate and Average Travel Time for each routing method individually.

A few highlights regarding individual performance that are worth mentioning follow:

e For the combination where MPR1=10% employing IRP, MPR2=10% employ-
ing PRM and MPR3=80% employing MLR, ITR for MLR never falls below
8%, whereas ITR values for IRP and PRM never exceed 0.50% and 0.90% re-
spectively. While this could be partly attributed to IRP’s and PRM’s superior
performance, the main factor is the very low 1%¢/3™ class and 2"¢/3™ class

traveler ratio respectively.

e When PTD for PRM falls below 38%, ATT for PRM performs worse than

MLR, regardless of the rate of non-compliance NC.

e The 1% traveler class, employing IRP, has beneficial effects on the 2"¢ and
especially the 3" traveler class. Compared to MLR, PRM seems to benefit
less from IRP, however, compared to performance results when IRP is absent,
there is individual improvement of approximately 10% for ITR and 22% for
ATT of PRM.

e IRP was consistently providing 1% class travelers with the shortest ATT, im-
plicitly guaranteeing full compliance, even in the case full compliance is not a
mandatory feature for 1%¢ class travelers. This indicates the positive potential

impact of autonomous vehicle technology adoption.

Autonomous vehicle technology adoption is a prominent feature in news reports
[20,21,130], becoming ubiquitous not only in the automotive industry, but also in
technology companies like Apple Inc., Waymo (subsidiary of Alphabet Inc.) and
many others. Smart city initiatives around the globe are also keen on integrating
autonomous vehicle technology as part of their quest to improve urban traffic effi-

ciency, reduce fuel consumption and upgrade their citizens’ quality of life. Traffic
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Control Centers can derive several benefits from the simulation of mixed applica-
tion of various types of routing methods, representing distinct traveler classes, in a
market penetration scheme. Regional vehicle accumulation as well as regional path
travel time estimation accuracy increases, as the assumptions made regarding the
routing behavior of each traveler class can have a significant impact on the resulting
network traffic patterns. Due to the low computational effort required, region-based
urban traffic management lends itself especially well for real-time traffic operations,
minimizing total vehicle travel time during recurrent congestion, as well as providing

updated route advisory in case of non-recurrent traffic congestion, e.g. incidents.

7.2 Future work

e This thesis proposes a multi-class extension of a regional dynamic traffic model,
the Network Transmission Model. The bell-shaped function by [99] used to
approximate the Urban-scale MFD has been shown to be suitable for de-
scribing region-based traffic dynamics, however, it is more frequent in recent
Urban-scale MFD-related literature to represent the Urban-scale MFD with
a 3™ order polynomial function. The step forward would be, following the
partitioning of a specific urban traffic network into homogeneously congested
regions, to fit the Urban-scale MFD with a 3"¢ order polynomial function, with

coefficients calibrated according to the historical data provided.

e A public transit diversion mechanism, as integrated to each routing method
presented in this dissertation, can be considered as an alternative route choice
which does not compromise travelers’ departure time preferences. For the
next step forward, sophistication should be added to the rather simple Public
Transit Model by introducing passenger transition delays and train frequency,

with varying travel times.
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e For the prescriptive, pre-trip route guidance provided to the 27¢ class of trav-

elers, the compliance model originally suggested by Papageorgiou [125] was
extended, whereby a certain fraction of 2"? class travelers will comply to the
advice provided and the remaining fraction will disregard it. As a next goal,
a more sophisticated compliance model should be introduced, such that 27
class traveler compliance is dependent on the travelers’ travel time information

reliability, as well as their level of familiarity with the route assigned to them.

Judging from the results in chapter 6, as regards ATT for PRM in a mixed-
class application setting, one could argue that 2" class travelers would become
non-compliant, eventually being subsumed by the 37 traveler class. Following
the implementation of a sophisticated compliance model, as stated above,
congestion pricing should be introduced as an additional traffic management
measure, where departure time can be considered as an additional decision
variable, so that the difference in individual performance between PRM and
MLR can be eliminated, thus reaching equilibrium states, with respect to

market penetration rate combinations.
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Appendix A

Game Theory Fundamentals

A.1 Game Theory Fundamentals

Game theory, in its modern definition, was first explored in depth by John von
Neumann in 1944 [162]. It is a multifaceted theoretical framework for decision-
making that encompasses many classes of games representing a variety of real-life
situations and setups. Two classes of games featured very prominently in litera-
ture include cooperative and competitive games. Competitive games can be used
to represent partly or fully antagonistic players selecting actions independently in
a strategic manner so as to maximize their perceived utility dependent on every
player’s decision. Players in this class of games lack communication capability and
therefore take action in a distributed manner, optimizing their individual objective
functions without any coordination dictated by an outside party. This does not
mean that coordination does not occur in competitive games, but when it does, it is
not due to outside influence. Cooperative games are augmented general-sum games,
where two or more players are allowed to communicate and exchange information,
including negotiation of binding agreements to reach a desirable outcome. General-

sum refers to the fact that players’ goals need not be completely misaligned [163].
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Learning plays an important role in game theory. Through repeated iterations of
the game under investigation, players are able to learn the optimal action selection

that maximizes their respective perceived utilities [110].

A.2 Competitive games

The objective for every player i in a competitive game is to decide upon an action
a; € A; that maximizes their utility w;(a;,a—;). As is evident by the notation for
the utility function, player ¢’s choice of action a; is dependent on the set of actions
a_; of the remaining players in I\ {i}. The actions in set A; for player i that return
maximum Game classes such as competitive games can have additional features such
as time dependency or updated state information exchange which might alter the
game outcome. Games without any time or information dependency are called static
and dynamic otherwise. Dynamic games are characterized by time dependency,
multiple iterations for players’ decisions and partial information exchange among
players. Static games represent games played in a single iteration, without any
consideration for the utility gained from future game instances and can be defined

in the following manner [164]:

Definition A.2.1.

A static competitive game can be described by the player set K, the action sets
(A;)iexc and the utility functions (w;)icxc, which describe some kind of payoff or cost
for each player. utility for fized actions of the remaining players in K\ {i} are called

best responses.

We should mention that, in the dynamic class of competitive games, we must in-
clude additional information such as previous actions and time in the utility function

structure. Besides deterministic action selection, each player may choose actions in
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a probabilistic manner over the action sets (A;);ex. The former type of action se-
lection is also called pure strategy, while the latter is called mixed strategy. Game
theoretic description may cause one to draw comparisons to multi-objective opti-
mization, but one should be aware of the marked difference between the two. Each
objective belongs to an independent player whose action selection does not include
any explicit form of coordination. One of the most important solution concepts for
game theory in general and competitive games in particular is that of a Nash equilib-
rium. The Nash equilibrium characterizes a state in which no player ¢« can improve
its utility by changing unilaterally its strategy, given that the strategies of the other
players are fixed. For a static game, the Nash equilibrium in pure strategies can be

formally defined as follows:

Definition A.2.2.

A joint action that constitutes a best response for every player at the same time is
also known as a pure-strateqy Nash equilibrium. In the case of a static competitive
game it is comprised of a combination of actions a* € A, where A = [, ,c Ai, where

Vi € K, the following inequality holds true:

ui(a;, a’;) = ui(a;, a’;),Va; € A;. (A1)

The Nash equilibrium serves as the solution concept for the majority of game
classes. Nash equilibria constitute self-enforcing action combinations. That means
that unilateral deviation of player i € K from the optimal action a; reduces the
utility of player 7, provided that the remaining players’ optimal actions a*,; remain
fixed. Hence, in decentralized control settings, Nash equilibria facilitate coordina-
tion. Unfortunately, while there is a lot of merit in the use of Nash equilibrium as
a solution concept, there are also demerits. Nash can merely provide guarantees

for the existence of mixed strategies equilibria under the condition that the game
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contains a finite number of actions. Mixed strategy Nash equilibria can be ineffi-
cient, with respect to individual player utility, for particular game setups, e.g. in the
"battle of the sexes” game example [165]. There is an inherent inconsistency in the
utility function structure selection. While different utility functions may represent
the same kind of player preference, the same group of mixed strategies can have dif-
ferent probability values. Nash equilibria fail to describe situations where deviations
are multilateral, i.e. more than one player deviates at the same time. Games may be
characterized by multiple Nash equilibria, making coordination among players, i.e.
selecting the same Nash equilibrium, problematic. In order to make some discrimi-
nation between Nash equilibria, we can consider Nash equilibria such that there is
no other Nash equilibrium that is better for everyone. This intuition is formalized

by the concept of Pareto optimality.

Definition A.2.3.

A joint action a is Pareto optimal if there is no other joint action a' that specifies
at least the same utility value for every player and a higher utility value for at least

one player, that is, there exists no a' such that

Va; € Ai,uiag, a”;) > wi(ai, a—g) A Ji,ui(ag, ;) > uia;, a ) (A.2)

If there exists a joint action a’, such that equation A.2 is true, then joint action

a is Pareto dominated by o’ .

A Nash equilibrium a* can be characterized as Pareto optimal if and only if there
is no other Nash equilibrium a* such that a* is a Nash equilibrium and Pareto

dominates a*.

Aumann [166] proposed an alternative solution concept in the form of correlated
equilibria. Correlated equilibria can be considered as a generalization of Nash equi-

libria, where mixed strategy probability distributions are drawn over joint actions.
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Nash [172] assumes that all players are independent, thus, individual players’ ac-
tions are not conditioned on the action distributions of other players. Correlated
equilibria exhibit properties that make them a desirable alternative to Nash equilib-
ria. The existence of correlated equilibria is guaranteed for finite games, since Nash
equilibria are considered a degenerate form of correlated equilibria. Unlike Pareto
optimal Nash equilibria calculation, an NP-hard problem [167], correlated equilibria
can be calculated in polynomial time [168]. There also exists a number of learn-
ing algorithms that can achieve convergence to correlated equilibria [112,169], quite
useful for online game implementation. An intuitive way to look at the correlated
equilibrium solution concept is as follows. Assume that an impartial arbitrator has
been added to the game setup. Drawing from the joint action distribution, this
arbitrator then transmits to each player their individual actions only. The utility
values for each player have to be high enough that every player is incentivized to
comply with the suggested course of action. More formally, a joint action probability

distribution vector o is called a correlated equilibrium when, Vi € K, a;, a; € A;

Z o(a;,a_;)u;(a;, a_;) > Z o(a;, a_;)u(a;, a_;) (A.3)

a_i€A_; a_;€A_;

Correlated equilibria are more efficient than mixed strategy Nash equilibria, with
respect to individual player utilities, while still preserving the fairness property of
mixed strategy Nash equilibria.

The sum of the utilities of all players, also known as social welfare is another
important quantity used in an alternative solution concept, where the primary ob-
jective is to incentivize players to take actions so as to maximize the social welfare,

rather than their individual utilities.
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A.3 Cooperative games

Unlike competitive games, in cooperative game setups, both coordination and
communication among players are considered. By introducing the concept of trans-
ferable utility, i.e. assuming that players can trade part of their perceived utility
with other players, one can impose desirable outcomes such as coordination among
players.

Cooperative game theory extends competitive games by adding communication
and information transmission among players. Another feature that further aug-
ments the game is the possibility to introduce formal agreements among players,
representative of many real-life situations, such as legal contracts, marriage etc.
It is commonly expected that the players will plan their actions independently.
However, actions selected in such a manner may jointly be suboptimal. Thus the
problem turns into a problem of coordination. We must ensure that the individual
decisions made can be coordinated to achieve joint optimality. It is easy to see that
determining the optimal joint action is a problem of Equilibrium selection.

In cooperative games and especially for a subclass of cooperative games called
coalitional games, the main objectives can be summarized in determining what part
of each players utility, if any, can be transferred to other players so as to ensure
participation of players in coalitions, in essence preserving the fairness property for
every coalition formed. If a player has nothing to gain from participation to a team,
she would rather act independently. The solution concept developed to represent
the situation where no player wishes to defect from their respective coalition is called
the core. Another solution concept proposed by Shapley [171] is used to balance
the transfers of excess utility due to the formation of coalitions, among individual
players, so as to maintain fairness.

Another characteristic subclass of cooperative games are bargaining games, where
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players have to reach an agreement that benefits all the players involved. It is
evident that if players acquire higher utility values, when choosing to cooperate, a
surplus of value is created. A well known solution concept implemented in this game
class is the Nash Bargaining Solution originally proposed by Nash [170] for 2-player
games and extended by Harsanyi [173] for n-player games. The Nash Bargaining
Solution is unique and guaranteed to exist under the assumptions that players are
allowed to communicate, no portion of the excess value remains undistributed, no
change in outcome occurs from removal of dominated strategies or by linear scaling
of utility functions and that all players benefit equally. After determination of all
non-dominated strategy payoffs among all feasible strategy payoffs players must
come to an agreement regarding the selection of the corresponding joint strategy
that maximizes the global utility.

To summarize, a cooperative game framework describes situations where players
are given the additional option to act in a concerted manner and form teams, through
the fair distribution of excess utility that would not have been available to them had

they acted independently.

A.4 Learning in Games

When discussing about learning in a game theoretical context, we refer to the
algorithms used to teach players, over a number of iterations, to take actions that
constitute equilibria for their particular game setup. Learning methods are also used
to teach players selection of specific equilibria [174]. For the selection of a specific

equilibrium, the generic iterative procedure is as follows:

1. Players select a joint action for a given iteration, depending on their respective

strategies.

2. Each player observes the actions of all other players for the current iteration
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and estimates their individual prospective utility.

3. Based on these observations, players inform their strategies accordingly and

select a new joint action

The manner in which players update their strategy, based on past observations is also
called the learning or update rule. The defining features of a learning algorithm are
the acquisition of observations, the translation of observations into a cost function,
subsequent optimization of the cost function and randomized action selection so
as to promote exploration of the solution space and ensure convergence to global
optima. One of the standard ways to introduce randomization is by using a mixed
action concept, whereby the best response is assigned the highest probability value,

while alternative actions receive smaller probability values.




	REGION-BASED URBAN TRAFFIC MANAGEMENT
	List of Figures
	List of Tables
	List of Abbreviations
	Abstract
	Introduction
	Motivation
	Contributions
	Thesis Overview


	Region-based Urban Traffic Simulation and Management Framework
	Framework Description
	Traffic Operations Control Center
	Partitioning System
	Urban-scale MFD Database
	Macroscopic Dynamics
	Centralized/Distributed Optimization
	Urban Traffic Management Platform
	Chapter Overview


	Urban Traffic Network Partitioning
	Prior work and process description
	Center-based and spectral clustering algorithms
	Performance metrics
	Network Setup
	Experimental results
	Discussion
	Chapter Overview

	Region-based Traffic Dynamics
	Multi-class Network Transmission Model
	Notations and Terminologies
	Model Description

	Chapter Overview

	Prescriptive Route Guidance with Pre-trip Information Dissemination
	Non-predictive Routing Method
	Adaptive Learning Algorithms
	Multinomial Logit-based Dynamic Stochastic User Equilibrium
	Strategic Learning Approach to Region-based Route Guidance
	Assumptions
	Regret Matching

	Predictive Route Guidance
	Incremental Route Planning method with Public Transit Diversion

	Simulation Results
	Results for application of each individual route guidance approach

	Chapter Overview

	Network Performance under Market Penetration Scheme
	Assumptions
	Simulation Results
	Results for application of each individual route guidance approach
	Comparison of route guidance approaches in mixed class application with various combinations of market penetration rates

	Chapter Overview

	Conclusion and Future work
	Conclusion
	Future work

	Author's Publications
	Bibliography
	Appendices
	Game Theory Fundamentals
	Game Theory Fundamentals
	Competitive games
	Cooperative games
	Learning in Games


