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Abstract

As traffic demands are increasing and reaching critical levels worldwide, ad-
vanced traffic signal management is becoming an important requirement. The
evolution and generation of traffic signal control concepts integrated with ad-
vances in control, communications and computational technologies provide in-
telligent control of traffic lights that adapt themselves to meet the time-varying
traffic demands or to changing road conditions.

Despite these recent advances, current systems can become suboptimal because
the controller parameters of such systems are not tuned to changing traffic be-
haviour. Hence such systems can fail when networks are subject to major unan-
ticipated irregularities, such as roadworks, accidents and extreme weather con-
ditions. An adaptive system which can self-tune and adjust the controller param-
eters to adapt to changing traffic conditions is required. The need to design self-
managing systems, which self-handle the complexity and uncertainties and thus
reduce human intervention to a minimum is of utmost importance. Autonomic
systems can self-handle these complexities by modelling the network behaviour
and adapting to the changes as required. Hence this work is directed towards the
development of autonomic systems for urban signalized junctions.

The aims of this research are: 1) to model in real-time the traffic dynamics within
signalized junctions, with little prior knowledge of the underlying traffic param-
eters. In literature, the model parameters are typically assumed known apriori
from past traffic measurements or by applying nonlinear recursive estimation
algorithms. However, difficulties with nonlinear estimation algorithms such as
divergence issues, motivated the development of joint state and parameter esti-
mation algorithms from a different perspective, by developing novel variations
on the expectation-maximization algorithm. A quasi real-time joint estimation
of model states, parameters and noise is first proposed, whereby the standard
expectation-maximization algorithm is modified to carry out estimation in quasi
real-time, making use of a short uniform window of sensor measurements of
fixed time length, which looks back in time. Full real-time algorithms are de-
veloped to reflect changing traffic conditions making use of Robbins-Monro
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stochastic approximation posed first as a single variant estimation algorithm, fol-
lowed by a multivariate estimation algorithm. These proposed algorithms require
partial derivative of the likelihood function with respect to each parameter to be
worked out analytically. In practice, this approach is impractical for larger and
complex junctions due to the complexity of the derivatives involved in deriving
such equations. Hence a derivative-free approach is proposed, allowing for eas-
ier generalisation to other junctions and scalability to more complex junctions;
i1) develop real-time multiple model adaptive estimation methods to estimate
states and parameters of signalized traffic junctions suitable for structurally di-
verse dynamic regimes arising abruptly from for example, road works. Several
proposed adaptive systems in literature, relied on traffic surveillance technolo-
gies to warn the commuters of any detected irregularities and in most cases rely
on human experience to evaluate the impact on the network performance and to
provide route diversion recommendations that might not guarantee the optimal
use of the available network capacity. A less infrastructure demanding multiple
model adaptive estimation method is proposed to estimate states and parame-
ters of signalized traffic junctions subject to time-varying parameters, jump dy-
namics and unpredictable disturbances; iii) the development of an autonomic
control scheme. Although many so-called “adaptive” systems were proposed
in literature, the controller parameters of these systems are not autonomously
tuned to changing traffic behaviour so that the controller is able to adapt itself to
changing traffic conditions and maintain optimal levels of performance. Hence,
a truly adaptive system which can self-tune and adjust the controller parameters
to adapt to changing traffic conditions is developed in this work. This is based
upon model predictive control using linear and quadratic programming optimiza-
tion techniques; iv) to integrate the latter two novelties (multiple model adaptive
estimation and autonomic control) to obtain a multiple model adaptive control
scheme for jump structural changes in junction dynamics. This scheme is vali-
dated by simulating typical signalized 3-arm and 4-arm junctions with arms and
lane closure, with the ability to autonomously adjust to changing traffic condi-
tions.
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Chapter ].

Introduction

1.1 The Problem Background

Transportation is a vital part of modern life, giving us the freedom to travel effi-
ciently over short and long distances for personal development and professional
activities, or for leisure and holiday activities. This develops better contact and
understanding between people. With increasing demands to travel over land in a
short period of time, traffic problems have become more severe in many countries
worldwide. Road transportation problems can result in congestions, delays, ac-
cidents and environmental problems. Traffic congestion appears when too many
vehicles attempt to use a common transportation infrastructure with limited ca-
pacity. Queueing of such vehicles can result. Hence such situations lead to a

degraded use of the available transportation infrastructure [9].

The management of road congestion is of utmost importance to attain sustain-
able economic activity and development. Concerns about such traffic conditions
have made transportation a major issue in the agenda of the european union.
The european commission white paper entitled the Roadmap to a Single Euro-
pean Transport Area — Towards a competitive and resource efficient transport
system [10] indicates that in Europe, there is a serious risk that economic com-
petitiveness is seriously affected by increasingly intolerant chronic delays and
the poor quality of some transport services. In fact, the cost of road congestion
in Europe is estimated to be equivalent to 1% of the GDP [10]. To mitigate such
problems, effective traffic management strategies and road planning techniques

are required. Efficiency in transport networks is also a main priority for trans-



1.1. The Problem Background

port policy at EU level as expressed through the european commission’s white
paper [10]. Efficient transportation is a precondition for maintaining the EU’s
prosperity, with the aim to reduce congestion and emissions and increase em-

ployment and growth rate.

Such efficiencies can be enhanced through the deployment of Intelligent Trans-
portation Systems (ITS) within the road structure. The directive 2010/40/EU
of the european parliament and of the european council of 7 July 2010 [11] pro-
poses the framework for the deployment of intelligent transport systems, in order

to guarantee:

* the optimal use of the available road network capacity (priority area I
within directive 2010/40/EU) [11];

* the continuity of traffic management ITS services (priority area Il within
directive 2010/40/EU) [11];

* road safety (priority area III within directive 2010/40/EU) [11] and

* the linkage of the vehicle with the transport infrastructure, ensuring the
facilitation of control of vehicles through the network infrastructure. (pri-
ority area IV within directive 2010/40/EU) [11].

An important component of ITS and advanced traffic management and road plan-
ning techniques is the timing of signal-controlled traffic light intersections that
aim to optimize the flow of vehicles through a given road network [12]. Traf-
fic light optimization is a complex problem, as an optimal solution is desired at
each junction in the network. Furthermore, the complexity increases with the
number of junctions because the state of one traffic light influences the flow of
traffic towards other junctions. In addition, the complication increases as the
flow of traffic changes constantly during the day, depending also on time of the
week, and time of the year. Accidents, roadworks and weather conditions, such

as flooding, further influence the complexity and performance of the system.

There is thus a growing need for managing traffic signals [12]. Traffic signals
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are used to manage road space allocation, by assigning the right of way to differ-
ent sets of mutually compatible traffic movements during distinct time intervals.
The importance of traffic signals dates back to 1914 in the USA, after the war,
when road congestion started to increase. Three generations evolved during the

years.

The first generation [13, 14] used fixed-time methods to control the traffic sig-
nal duration. Their signal sequence and duration was predetermined and preset.
A signal timing plan was selected according to a fixed schedule (e.g. time of
day, day of week) from a set of predetermined plans, which were developed off-
line on the basis of historical traffic data. The duration and order of all green
phases remained fixed and did not adapt to fluctuations in traffic demand. The
second generation systems [15, 16] were introduced in the early 1980s. These
were characterised by actuated control, whereby, signal timings were adjusted
depending on the detection of traffic in real-time. This was done, by installing
inductive loops under the road surface for traffic sensing to indicate the presence
or absence of vehicles. Regardless of demand, green was retained for at least the
specified minimum duration. If a vehicle was detected, the green interval would
be extended from the time of actuation by the fixed length of the extension time
as shown in Figure 1.1. This could occur repeatedly, with the end of the inter-
val delayed by the extension time from the time of each actuation. The interval
would be terminated either when no additional actuation occurs during the latest
extension time or when the specified maximum interval length would have been
reached. The third generation [17-22] is distinguished by dynamic decision-
making resulting from a closed-loop system as shown in Figure 1.1. This means
that the system continuously measured the traffic flow and provided green tim-
ing feedback for the controller to quickly adjust the resulting green time. This
was developed in the late 1980s. These third generation systems were described
as adaptive systems, even though they were only responsive to traffic conditions
and the controller parameters were not tuned to changing traftic behaviour. An
adaptive control system which can self-tune and adjust the controller parameters
to adapt to changing traffic conditions is thus desirable. In ITS, such systems

are called autonomic systems, which will be described in more detail in the next
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Figure 1.1: Second generation system shown in the top image and third genera-
tion system shown in the bottom image

1.2 Motivation

ITS have been implemented through the evolution and generation of traffic sig-
nal control concepts. Such evolution integrates advances in control, communi-
cations and computational technologies and provide intelligent control of traffic
lights that adapt themselves for example to time-varying traffic conditions and
direction in demand. Despite such advances in ITS, and despite the response of
the previously mentioned three generation systems to the traffic demand, such
systems can fail when networks are subject to unanticipated or unusual irregu-
larities, such as roadworks, accidents and extreme weather conditions such as
flooding [23,24]. Even third generation systems can fail when networks are sub-
ject to such irregular conditions because, although this generation is responsive
to traffic demand, it is not adaptive to structural network changes [23], because
the controller paradigm is not tuned to changing traffic behaviour. To overcome
such limitations, traffic surveillance technologies are installed to monitor net-

work conditions and to warn the commuters of any detected irregularities. Ac-
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cording to Etmadnia ef al. and Stoilova in [25,26], such technologies rely on hu-
man intervention to overcome these irregularities. Thus in most cases, humans
rely on their experience to evaluate the impact on network performance and to
provide route diversion recommendations, that might not guarantee the optimal
use of the available network capacity. Such systems, together with surveillance
technologies, can be viewed as forming large scale, heterogeneous, control sys-
tems, complicated by the dependencies on human behaviour [27]. According
to McCluskey [28], to effectively manage or enable the optimization of such a
socio-technical system is a daunting task, exacerbated by rising public environ-

mental and operational expectations.

According to Stoilova [26], current traffic light systems that rely on human in-
tervention require corporate data centers which have multiple vendors and plat-
forms. Installing, configuring, and integrating such systems is time consuming
and error prone. Problem determination in large, complex network systems can
require weeks of team programming, while recovery from traffic incidents and
cascading failures is manual, resulting in high labour costs. Moreover, accord-
ing to McCluskey, trained human experts require much effort to make informed
decisions and plans in such complex, real-time systems [28]. Realizing the lim-
itations of the current practice, the need to create self-managing systems is of
utmost importance [23,25,26,28-30]. According to Ullas and Nayak [29], an
efficient and smart way to control traffic routing is by using the autonomic prin-
ciples, that minimize human involvement. The term “autonomic principles” is
inspired by the human nervous system which se/f~handles complexity and uncer-

tainties, with minimal conscious human intervention.

This means that the complexities and the uncertanties in dynamic heterogeneous
and interconnected systems are managed by the systems themselves, thus reduc-
ing any human interventions. In the traffic scenario, such systems can self-handle
complexity and self-tune the controller parameters to adapt to changing traffic
conditions. As the complexity of traffic systems grows, the need to build into
them the means to manage and maintain themselves becomes more necessary.

Road traffic systems are heterogeneous systems that are expensive to maintain,
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and difficult to optimise. Challenges associated with road management include
congestion costs, environmental damage, safe network management and support
of system costs. Hence autonomic traffic light systems are required, aiming at

improving network efficiency and reducing the chances of human error.

Autonomic traffic light systems can have several self- properties [31] such as 1)
self-configuring by readjusting themselves automatically when subject to chang-
ing circumstances such as network irregularities, ii) self~healing to ensure ef-
fective recovery of the network when a fault occurs, such as sensor faults, iii)
self-anticipating with the ability to predict likely outcomes and simulate self ac-
tions, 1v) self-optimizing the traffic flow in the network to guarantee the optimal
use of the available network capacity and v) self~-aware with the ability to learn
internal states describing the current behaviour of the system with knowledge of
past states. Such self- properties do not involve any human intervention in the
process. Table 1.1 contrasts the differences in system properties between third

generation adaptive traffic systems and autonomic systems.

Table 1.1: Adaptive vs autonomic properties

Properties Adaptive systems Autonomic systems
adaptive to traffic demand yes yes

requires human intervention  yes reduced to a mini-

mum

self-handling complexities no yes

self-configuring no yes

self-healing no yes

self-anticipating no yes

self-optimizing yes but might not be yes

optimal

As a consequence of such self- properties, the interface with the transport infras-
tructure is facilitated. The interaction with people is set more at a service level
rather than at command level. As a result, coordination between a traffic control
centre manager and future autonomic systems will be enhanced by communicat-

ing high-level goals, priorities and tasks which the systems will solve. Moreover,

6
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smoother travelling behaviour ensues, because of autonomic transport systems
facilitating traffic flow optimization, [32,33], which will help in reducing con-
sumed fuel, whilst keeping pollutant emissions and noise levels to a minimum.
Environmental benefits can also be achieved when incidents, or a combination

of unexpected events of different nature, including network irregularities, result.

1.2.1 Autonomicity

To the best of the author’s knowledge, autonomicity has only recently been intro-
duced to urban traffic networks. Several so-called self-organizing [34-36] and
organic [37,38] systems have been proposed which make use of autonomic [39]
and organic computing [40] to handle the growing complexity in today’s traf-
fic systems. While autonomic computing has a strong focus on server architec-
tures [39], organic computing investigates the use of biological-inspired com-
puting [40] to traffic systems such as particle swarm optimization and ant colony

optimization [41].

Such techniques heavily rely on cooperative agents that share or exchange in-
formation to achieve better system-wide performance [34,42—46]. Coordination
is a complicated timely process that typically consists of several operations: ex-
changing local information, detecting interactions, deciding whether or not to
coordinate, proposing, analysing, refining and forming commitments, sharing
results and so on [47]. Communication can also be related to transmission of
knowledge stored in the form of learned policies, particularly in reinforcement
learning [48]. However, agents inevitably suffer from communication noise,
which introduces another layer of complexity for the traffic systems [49], re-

lying heavily on communication and coordination among agents.

Unlike self-organising systems, organic systems make use of biological-inspired
agents to communicate and coordinate among agents. Significant contributions
using approaches based on swarm intelligence have been made, where agents
behave like a social insect and the stimuli to select one phase or plan is given by

a pheromone trail with an intensity related to the number and duration of vehicles
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in the link [50].

In both self-organising and organic systems, communication is a timely process,
with the complexity increasing significantly with the number of agents in the sys-
tem. In addition, the traffic system may sometimes exhibit features of a typical
Jjump system where the system structure or parameters are not constant or vary-
ing slowly, but prone to change value abruptly due to structural network changes
caused for example by flooding, road accidents etc. [51] which could lead to arm
closure. Hence the complexity of communication may hinder the performance of
such systems because of the slow response to detect abrupt changes in the system

parameters and to immediately update model parameters.

A multiple-model adaptive approach turns out to be computationally efficient,
reliable and much simpler than other non-multiple-model adaptive approaches
for such jump systems [51]. The system is intelligent in multiple-model ap-
proach as it is furnished with the characteristic of learning through memoriza-
tion and not just adaptation, hence self-configuring and being self-aware of such
abrupt changes, unlike the other techniques discussed before. The system model
equations can learn and switch in time from one model to another to represent
different traffic mode scenarios. In addition, self-organized model allocation is
carried out by the system, whereby, in addition to learning the various different
mode dynamics and detecting traffic mode switches, the system will automati-
cally configure itself to grow a new model to represent traffic behaviour under
novel conditions. Furthermore, multimodality lends itself very well to dealing
with transitions scheduled by some operating condition. Different operating con-
ditions exist for traffic such as saturated and unsaturated operating conditions.
Hence multimodality is appropriate for handling different traffic conditions in a
network, by segmenting the space into a number of non-overlapping partitions,
each of which correspond to a particular mode. In turn, each mode captures the

dynamics within a particular range of operating traffic conditions.

Traffic networks are characterized by highly complex structures and dynamic be-

haviour typified by time-varying parameters, jump dynamics and unpredictable
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disturbances. The task of controlling this kind of system is therefore a consider-
able challenge, when expected to operate safely, reliably and efficiently within
several operating conditions and with as little human intervention as possible.
This thesis will show, among other things, that a Multiple model adaptive con-
trol approach is a good step forward towards increasing autonomicity in such

systems.

1.3 Objectives of this research

The main aim in this study is the development of autonomic control for urban
traffic junctions. In order to reach this main aim, the following sub-tasks were

carried out:

 Familiarization with analysis of models used to describe traffic signal be-

haviour within road junctions.

* Development of discrete state-space models for signalized junctions such
as typical junctions in Malta. - The use of the matrix notation greatly sim-
plifies the mathematical representation of multiple-input-multiple output
systems with particular emphasis to signalized traffic junctions. This ob-

jective is sub-divided into the following sub-objectives:

— The development of multiple-input-multiple output state-space rep-

resentations of traffic behaviour within signalized road junctions.

— The development of novel algorithms to estimate the model parame-
ters and the states describing the traffic flow dynamics in a signalized
junction under different traffic conditions in real-time. This objective
is further sub-divided into:
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1) Development of quasi real-time joint estimation algorithm to esti-
mate the model states, parameters and noise in signalized traffic junc-
tions based on measurements of traffic flow.

i1) Development of several online algorithms to jointly estimate the
model states, parameters and noise using expectation-maximization
and Robbins-Monro stochastic approximation techniques, also ex-
tending this to multivariate estimation problems.

ii1) Extension of the above to a derivative-free multidimensional sto-
chastic approximation methodology, leading to an algorithm that is
more generalizable and scalable to multiple junctions.

iv) The development of real-time multiple model adaptive estima-
tion methods to estimate states and parameters of signalized traffic
junctions suitable for structurally diverse dynamical regimes arising
abruptly from unexpected traffic congestions or network irregulari-
ties due to, for example, road works, blockages due to accidents and

extreme weather conditions.

* Familiarization and design of autonomic controllers for the traffic con-
trol system under normal traffic conditions. Hence the following sub-

objectives were reached:

— The study and familiarization with automatic controllers relevant to

traffic junctions such as model predictive control [52].

— The design and evaluation of novel autonomic control systems with
self-tuning controllers making use of model predictive control with

linear or quadratic programming.

* Integration of all the above work to develop a multiple model adaptive
control scheme with self-tuning contollers that is able to handle better jump

changes in junction dynamics.

» Simulation studies of the implemented models and comparisons of the sys-

tem’s behaviour subject to several irregularites as discussed before.

10
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1.4 Thesis Contributions and QOverview

The work reported in this thesis has led to the following new contributions to

autonomic traffic control systems:

* The development of real-time joint state and parameter estimation algo-
rithms to simultaneously estimate the model states, parameters and noise
covariance of the state-space model describing the traffic flow dynamics
in a signalized junction. Very few publications report on joint state and
parameter estimation applied to signalized traffic junctions. Sometimes
the model parameters are assumed known apriori from past traffic mea-
surements. Other works apply nonlinear estimation algorithms such as the
extended Kalman filter that carries with it some disadvantages, as will be
discussed in more detail in Chapter 2, such as divergence issues. This mo-
tivated the development of joint state and parameter estimation algorithms
from an alternative perspective. The proposed algorithms make use of the
state-space model presented in Chapter 4 and the standard expectation-
maximization algorithm was modified to obtain real-time estimation of the
model parameters jointly with state and noise estimation, as discussed in
detail in Chapters 5 and 6.

* The development of real-time multiple model adaptive estimation meth-
ods to estimate states and parameters of signalized traffic junctions suit-
able for structurally diverse dynamical regimes arising abruptly from un-
expected traffic congestions or network irregularities due to, for example,
road works, blockages due to accidents and extreme weather conditions.
As discussed in Chapter 1, adaptive systems relied on traffic surveillance
technologies to warn the commuters of any detected irregularities and in
most cases rely on human experience to evaluate the impact on network
performance and to provide route diversion recommendations that might
not guarantee the optimal use of the available network capacity. The au-
tonomic systems that were introduced to urban traffic networks heavily
rely on communication and cooperative agents that share or exchange in-

formation, leading to a complicated and time-demanding process. Hence

11
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multiple model adaptive estimation is introduced to estimate states and pa-
rameters of signalized traffic junctions subject to time-varying parameters,
jump dynamics and unpredictable disturbances more efficiently. This ap-

proach is discussed in Chapter 7.

* The design of an autonomic controller for signalized junctions. Many
adaptive systems were proposed in literature. Although such systems are
responsive to changing traffic conditions, the controller parameters are not
tuned to these changes. An adaptive system which can self-tune and adjust
the controller parameters to adapt to changing traffic conditions is required.
The proposed autonomic controller is based upon control using linear and
quadratic programming optimization techniques, as discussed in Chapter
8.

The integration of the latter two novelties, that is the integration of multi-
ple model adaptive estimation methods with the design of autonomic con-
troller with self-tuning characteristic. This approach leads to a multiple
model adaptive control scheme for jump structural changes in junction dy-

namics as will be discussed in detail in Chapter 9.

The above contributions lead to an autonomic traffic control system because: 1)
the system is able to learn and estimate the model states, parameters and noise
covariance of the state-space model describing the traffic flow dynamics in a sig-
nalized junction, hence being self-aware of the traffic behaviour; i1) the system is
intelligent in multiple-model approach being able to learn through memorization
and hence self-configuring and being self-aware of any jump changes, unlike the
adaptive techniques. The system is also capable of performing self-organized
model allocation, whereby, in addition to learning the various mode dynamics
and detecting mode switches, the system will automatically configure itself and
grow a new model set to represent traffic behaviour under novel different con-
ditions; iii) the system is able to self-optimize the traffic flow in the network to
guarantee the optimal use of the available network capacity. The autonomic con-
troller is able to self-tune and adjust its parameters to adapt to changing traffic

conditions; 1v) a multiple model adaptive control scheme is designed so that the

12
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system is able to self-optimize the traffic flow also when subject to jump struc-
tural changes in junction dynamics. Such self- properties do not involve any
human intervention in the process. Two jump dynamic scenarios will be tested

namely arm closure or lane closure as will be discussed in detail in Chapter 7 and
9.

This Chapter has delivered a brief overview of the study, its objectives and novel
contributions to autonomic control of urban traffic junctions. Chapter 2 will give
a literature review of several relevant traffic characteristics studied over the years,
and techniques for modelling the dynamics of traffic flow. This review is en-
hanced in Chapter 3, where the common traffic signal control methods applied

in literature are compared and contrasted.

The rest of the thesis is divided into two parts. Part 1 (Chapters 4 to 7) describes
the development of a joint state, parameter and noise estimation algorithm for
multiple-input-multiple output state space models of traffic junctions. The con-
cept of real-time multiple model estimation is also developed for situations ex-
hibiting jump structural changes in the junction dynamics. Part 2 (Chapters 8 and
9) describes the development of model predictive control algorithms with linear
and quadratic programming and targets the integration of all the works discussed
in the previous chapters to obtain a multiple model adaptive control scheme for
Jjump structural changes in junction dynamics. The results and analysis of the im-
plemented algorithms are discussed in the respective chapters. Finally, Chapter

10 gives a discussion and conclusions of this work.

Based on some of the work reported in this thesis, the following peer-reviewed

articles have been published so far:

* L. Chetcuti Zammit, S. G. Fabri and K. Scerri, Joint state and parameter
estimation for a macro traffic junction model. Proceedings of the 24th
Mediterranean Conference on Control and Automation, Greece, June 21-
24, 2016.

* L. Chetcuti Zammit, S. G. Fabri and K. Scerri, Simultaneous traffic flow
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and macro model estimation for signalized junctions with multiple input
lanes. Proceedings of the 3rd International Conference on Vehicle Tech-

nology and Intelligent Transport Systems, Portugal, April 22-24, 2017.

L. Chetcuti Zammit, S. G. Fabri and K. Scerri, Online state and parameter
estimation for a 4-arm junction. Proceedings of the 25th Mediterranean

Conference on Control and Automation, Malta, July 3-6, 2017.

L. Chetcuti Zammit, S. G. Fabri and K. Scerri, Online State and Multi-
dimensional Parameter Estimation for a Macroscopic Model of a Traffic
Junction. Proceedings of the IEEE 20th International Conference on Intel-

ligent Transportation Systems, Japan, October 16-19, 2017.

L. Chetcuti Zammit, S. G. Fabri and K. Scerri, Real-Time Parametric Mod-
elling and Estimation of Urban Traffic Junctions. IEEE Transactions on

Intelligent Transportation Systems, 99:1-11, 2019.
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Chapter 2

A review of traffic flow dynamic

modelling

The major control measure in intersections in urban road networks are traffic
lights. Traffic lights were originally installed in order to ensure the safe cross-
ing of vehicles and pedestrians. Eventually, with steadily increasing traffic de-
mands, it was realized that traffic lights can also be utilized to optimize traffic
flow and reduce the travel time of vehicles in the network [53] as a job scheduling
process [54]. This chapter first describes the relationships among traffic stream
characteristics in a network and their measurement techniques, leading to a re-
view of several modelling techniques for capturing the dynamics of traffic flow

within a junction.

2.1 Traffic models

Considering traffic flow patterns, three levels of modelling perspectives can be
studied: macroscopic, mesoscopic and microscopic. Macroscopic models de-
scribe traffic at a high level of aggregation, as a flow, without distinguishing its
constituent parts [55-58]. The traffic stream is thus represented in an aggregate
manner using characteristics such as flow-rate measured in vehicles per unit time,
vehicle density measured as vehicles per unit distance, occupancy measured as
the percentage of time a point on the road is occupied by vehicles, and average
vehicle speed measured as average distance per unit time. Individual vehicle ma-
noeuvers are not explicitly represented [59]. On the other hand, a microscopic

model describes both the space-time behaviour of the system’s entities, i.e. vehi-
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cles and drivers, as well as their individual interactions, at a high level of detail.
Examples of the description of traffic patterns at a microscopic level include in-
dividual vehicle space coordinates and their time-dependence, a time headway
measured in metres and a space gap between two vehicles following each other,
also measured in metres, single vehicle speed measured in metres per unit time
and vehicle length specified in metres [55]. Moreover, a mesoscopic model fills
the gap between the family of microscopic models and the family of macroscopic
models and hence describes vehicle flow in aggregate terms such as in probabil-
ity distributions, and their activities and interactions at a much lower level of
detail [55]. The choice of a particular type of model depends on the nature of the
problem of interest. Microscopic models impose high computational demands
due to the level of detail for representing individual vehicle manoeuvers, while
macroscopic models require lower computational costs due to lower complexity.
Nevertheless, in macroscopic models, the essentials of traffic behaviour can still

be accurately reflected [55].

There exist many measurement techniques for measurement of traffic flow vari-
ables, based on sensors or road detectors. Inductive loop technologies, magne-
tometers, magnetic induction coils, microwave radar, active or passive infrared
sensors, acoustic arrays and video image processors can all be used to measure
traffic counts, presence or occupancy and speed. Ultrasonic techniques can also
be used to measure traffic counts and presence, but are unable to measure speed.
Moreover, microwave radar, active infrared, acoustic array and video image pro-
cessors have the additional ability of detecting traffic in multiple lanes. However
the cost of such sensors increases drastically. The cheapest sensors out of all the
considered ones, are the inductive loop technologies. Further detail on the differ-

ent types of sensors are discussed in the traffic control systems handbook [60].
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2.2 Road Traffic Control

2.2.1 Basic Notation

An intersection consists of a number of approaches and a crossing area as shown
in Figure 2.1, taken with permission from [1]. An approach may have one or more
lanes. Approaches are used by corresponding traffic streams. The saturation flow
for each junction approach and turn is defined as the maximum flow crossing the
stop line of an approach when the corresponding stream has right of way, the
upstream demand or the waiting queue is sufficiently large, and the downstream
links are not blocked by queues. Two streams are compatible when they can
safely cross the intersection simultaneously, else they are called antagonistic. A
phase is defined as the time period for which a group of one or more traffic
links receive an identical signal. The shaded area in the timeline representation
of a phase in Figure 2.1 shows the green time duration corresponding to that
traffic link. A set of one or more traffic phases that receive a green signal during
a particular period of the cycle constitutes a stage. Hence, the time between
successive starts of the green stage is usually considered as a cycle [1]. Figure
2.1 illustrates such basic notations.

A junction exhibits saturated traffic conditions when the flow rate and speed drop
to zero. The vehicles are queuing and the junction is exposed to the maximum
number of vehicles that could be carried by the arm. On the other hand, a junc-
tion exhibits unsaturated conditions when the number of vehicles exiting the arm
is less than the maximum dictated by the saturated flow and vehicles are not im-

peded by other traffic as they travel at maximum speed.

The traffic control system can be seen as a resource allocation system, whereby,
the vehicles are considered as customers to be served by a specific number of
servers. The servers correspond to the different stages of a junction and these
cannot operate simultaneously, but are scheduled an activation period so as to
maximize the number of served customers and hence increase the throughput of
the system [54].
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Figure 2.1: Traffic signal control terminologies [1]

2.2.2 The Causes of Traffic Congestion

The primary cause of over-saturated status at an intersection is that traffic de-
mand exceeds the capacity. The capacity is the maximum flow of vehicles that
can be discharged through the intersection from a particular lane under the pre-
vailing traffic, roadway, and signalization conditions. Moreover, at signalized
intersections, the reasons of congestions can be identified as spillback, residual
queues and storage blocking [2]. Spillback occurs when a queue from a down-
stream intersection occupies all the space on the link and prevents vehicles from
entering the upstream link on green. The upstream and downstream intersec-
tions define the order of the intersections following the direction of movement
of vehicles. Spillback will cause a de-facto red to the movement on green, as rep-

resented in Figure 2.2. As shown in Figure 2.3 residual queues at a downstream

intersection may impede traffic progression and can cause unnecessary delays.

Moreover, storage blocking occurs when turning traffic uses up the entire space
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Figure 2.2: Spillback at intersection [2]

of the storage lane and blocks the through traffic as shown in Figure 2.4.
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Figure 2.3: Residual queues at intersection [2]

Such situations can be remedied by making infrastructural changes to the inter-
section. The changes can be either to increase the width of the input or output
arms or to change the position of the traffic lights. The infrastructural changes
are the most financially expensive solutions to implement and cause long road

closure. Land restrictions may also inhibit any infrastructural changes [61].

An alternative option is to introduce fees for vehicles entering the more con-
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Figure 2.4: Storage blocking [2]

gested arms. This solution is often employed in many countries and has signifi-
cant financial gains. The main disadvantage of this solution is that it is not always
politically attractive and may leave the traffic problem as is, simply shifted either
to alternative arms and intersections or to new modes of transportation chosen
by travellers [62].

Another option is to modify the traffic lights duration. These can be set off-
line or on a trial and error basis, which is not ideal as the traffic lights duration
may not correspond to the actual current demand in traffic. The other change
can be carried out by adding sensors at strategic locations inside the signalized
intersection and using data from the sensors to control the traffic light timings
in real-time, thus making the system traffic-responsive. Such a solution is less
financially expensive than one based upon infrastructural changes. In order for
the latter option to be possible, the dynamics of the traffic behaviour within a

junction needs to be analysed as will be discussed in the next section.

2.3 Modelling Strategies

To model the dynamics of traffic behaviour within an intersection, two main dis-
tinct strategies can be used: analytic modelling and data-driven modelling [63].
In analytic models, the estimation of delay experienced by vehicles at intersec-
tions [64] and the road capacity and the saturation flow rate [65,66] are estimated
based on traffic and driver behaviour. In many cases, analytic models describe

traffic behaviour at a microscopic level, as explained in Section 2.1.
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A microscopic traffic behaviour model describes the space-time behavior of the
vehicles and drivers individually. The interactions among the modelled compo-
nents are then properly connected to form the complete system model at a high
level of detail. An example of an analytic microscopic traffic model is the Gazis
Herman Rothery (GHR) model [67, 68] which dates back to the late fifties and
early sixties. This model describes the acceleration of the observed vehicle de-
pending on its actual speed and the relative space and speed, respectively to the
vehicle in front of the observed one. Moreover, the safety distance or collision
avoidance model (CA) , studied in the works of Peter et al. and Papaioannou et
al. [69,70] tries to model and specify a safe following distance through the manip-
ulation of the basic Newtonian equations of motion. The Helly Linear Model, due
to Helly [71, 72], proposes a model that includes additional terms for the adap-
tation of the acceleration according to whether the vehicle in front was braking.
For analytic models, highly dynamic traffic parameters such as speed or distance
are required [67—70], which can result in high cost and computational burden to
gather such dynamic information for each vehicle in the network. Thus data-
driven modelling strategies are also applied. This involves analysing the data
based on the traffic flow intensities at a macroscopic level within a signalized
intersection, and then the complete model is directly inferred from these obser-
vations to capture the important characteristics of the system. When attempting
to control the traffic flow at an intersection, a macroscopic model is preferred
since the main aim is to provide a general evaluation of traffic flow inside an
intersection, rather than the individual driver behaviour which varies from one
person to another [3]. The lower computational power and the smaller number of

estimates required leads to advantages when opting to use macroscopic models.

Data-driven modelling can be performed following a six step procedure as ex-
plained in [63]. The first step is to identify the purpose of the model. This is
a vital consideration, since no model irrespective of its complexity can capture
the system’s complete behaviour. The collection stage is another important step
because the accuracy of the model depends on the collected data. The avail-

able data indicates the system characteristics to be modelled. Prior to using the
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collected data, preprocessing and analysis of the available data is carried out to
eliminate noise, outliers and offsets which could have been introduced during the
collection stage and do not contribute to the system’s behaviour. Based on the
purpose of the model as defined in the first step, the appropriate model structure
is chosen to carefully represent the repeatable patterns in the observation stage.
To develop the model structure in data-driven modelling, the model parameters
should be defined. Some of the model parameters are known while some of them
are unknown and thus these have to be estimated from the available data. The es-
timation techniques chosen depend on the model structure and on the availability
of data. The final step is to assess the model’s performance through appropriate
validation tests by comparing the model predicted output to the real world output
thus ensuring similar behaviour. The aim of data-driven modelling is to identify a
representation that minimizes the discrepancy between the real world behaviour

and the model predicted behaviour.

Over the years, several published works focused on deriving data-driven macro-
scopic models aiming to represent the dynamics of traffic behaviour within a sig-
nalized intersection to assist traffic engineers to better analyze, understand and
even forecast the traffic processes [4, 6,7, 73—85]. Three discrete macroscopic
modelling techniges are predominant in literature, the Cell Transmission Model
(CTM) [73,74] , the Store-and-Forward Model (SFM) [4,75-79,86] and a set of
approaches based on queues and the conservation of vehicles principle, such as

in [6,7,80-85]. These techniques will be reviewed in the following sections.

2.3.1 Cell Transmission Model

The CTM by Daganzo et al. [73,74] assumes that the road can be divided into
homogeneous segments producing a chain of cells of arbitrary length. Moreover,
a finite time interval 7 is defined in order to observe the traffic process at discrete
moments =0, T,2T,.... The number of vehicles transmitted from one cell to an-
other is calculated by the model. Vehicle-conservation is applied by assuming a
piecewise linear relationship between the traffic flow and density for each cell.
This model is very similar to the Lighthill and Whitham (LTW) model, developed
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Hi—1 Ui Yi+1
— | — I; —

i—1 i

Figure 2.5: Successive cells in CTM [3]

by Lighthill in 1955 [87,88], except that the traffic model is discretized into cells.

The transmission depends on how many vehicles are transferred from the up-
stream cell to the downstream cell as shown in Figure 2.5. The following notation
is identified in the CTM:

« x;(k) denotes the vehicle number in the i'” cell at time r=kT, where k=1,2, ....

o ynax
i

X" (k) can be calculated by x7"“*(k)=I;pmax(k) where [; is the length and

i i

(k) is the maximal number of vehicles in the i’ cell at time r=kT.

Pmax (k) is the maximal possible density of the i’ cell.

* Q;(k) denotes the maximal throughput of cell transmission, i.e. how many
vehicles can flow from cell i — 1 to cell i during the time interval of [kT, (k+
1)T]. This also means that the outflow capacity of cell i — 1 is equal to the
inflow capacity of cell i.

* yi(k) is the vehicle number transmitting from cell i — 1 to cell i during
kT, (k+1)T].

By applying the vehicle-conservation principle, Equation (2.3.1) holds
)Ci(k-i-l) :xi(k)+[yi(k)—yi+1(k)]T (2.3.1)

Furthermore, a restrictive condition is introduced for the inflow traffic to hold

the vehicle-conservation law given in Equation (2.3.2):

vi(k) = min{x;_(k), Qi(k),x/""* (k) — x; (k) } (2.3.2)
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The last term in this condition represents the empty space in the i’ cell at time
step t = kT . The first term in equation (2.3.2) refers to the source cell, the second
the transmission and the third the target cell. Such a model can be applied to
urban traffic dynamics whereby, a separate cell is introduced for each turning
movement. A lot of measurements are required, as observations are needed at
each cell. Hence, this approach is not easily applicable for online traffic control
[89].

2.3.2 Store-and-Forward Model

The SFM technique was first suggested by Gazis and Potts in 1963, which at-
tempts to describe the network traffic flow process in an efficient and simpli-
fied manner by making use of a directed graph to represent the urban road net-
work [4,75-79,90]. It is based on the SFM paradigm which was developed in
telecommunication systems, where information is sent to an intermediate node,
kept and then forwarded to either an intermediate node or to its final destination,

given that the integrity of the message is verified.

Based on two intersections j, denoted by, M and N, connected by a link z as

shown in Figure 2.6, Aboudolas ef al. [4] developed the model given in equation
(2.3.3).

Z
M —>q —>h N
r 5

Figure 2.6: The junction under consideration [4]
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uv/h
— Theoretical Vehicle Flow
— Maodeled Flow
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Figure 2.7: The real and modelled flows during one cycle period [4]

X (k+1) = x;(k) + T[gqz (k) — he(k) + r (k) — s; (k)] (2.3.3)

where z and j represent the links and junctions respectively, 7' is the control
interval, x,(k) represents the number of vehicles present in link z at time kT
(uv), where uv denotes unit vehicle, g,(k) and &, (k) are the inflow and outflow
respectively for link z (uv/h) and r,(k) and s;(k) are the demand and exit flow
respectively. These two latter variables model any non-controlled intersection

between the intersections M and N, such as a parking lot (uv/h).

Moreover, constraints (2.3.4) and (2.3.5) hold at each junction j, where C is the
cycle time which is assumed to be fixed and equal for all junctions. L; is the
fixed time which is lost when the signals in the traffic lights change and g;; is
the green time of stage i at junction j which has to be set greater than a certain
threshold g; ; min. Furthermore, the signal control plan of junction j (including

the fixed lost time L;) is based on a fixed number of stages denoted by F;.

Y gii+Li<C (2.3.4)
=
0 < x;(k) < Xz max (2.3.5)
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Provided that the number of vehicles present in the link z is sufficiently high
and that space is available in the adjacent links, the real outflow is equal to the
saturation flow provided that the link z has right of way. Otherwise, the real
outflow is equal to zero. A simplification of the store-and-forward model is to
consider the total outflow rate of any lane as its average value as shown in Figure

2.7 by taking into consideration Equation (2.3.6).

(2.3.6)

S gives the saturation flow of link z and G, (k) is the green time of link z, given
by G(k)= ¥ gj.i(k).
i€u;

This simplification is essential as it gives a single value for the outflow rather
than a constantly fluctuating value. The main advantage of SFM is the low com-
putational requirements due to the linear characteristic. Therefore, this model
can be rewritten in linear time invariant state space form, allowing for the use
for a number of highly efficient optimization and control methods. However,
due to the simplification introduced by Equation 2.3.6 the modelled outflows are
considered saturated. The unsaturated traffic conditions are not considered by
the model. Hence, the model is only applicable for saturated traffic conditions,

when saturation flow rates are approximately constant.

2.3.3 The Queuing Theory Approach

Kleinrock in [91] describes a queuing system as a class of dynamic systems re-
ferred to as systems of flow. Such a system is defined as one in which some
commodity flows, moves or is transferred through one or more finite-capacity
channels in order to go from one point to another. In this case, the commod-
ity represents the vehicles in the network moving through numerous roads and
junctions, to get to their desired destination [92-94]. Detectors are installed to
capture the number of vehicles entering or leaving the junction. Since the roads
and junctions are of finite capacity, a queue will occur if this finite capacity is

exceeded.
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link i, link o4

link 42

link og

Figure 2.8: Simplified BLX model [5]

The BLX model of Lin, Schutter, Xi and Hellendoorn [5, 80, 95] is one appli-
cation of queueing theory to model traffic at a junction. This system, unlike
the SFM approach, is applicable in all traffic conditions: undersaturated, satu-
rated and oversaturated. Figure 2.8 shows the representation of a simplified BLX

model. The notation of Figure 2.8 is defined below:
* Iy is the set of input links of junction M where Iy;=iy, s, 3.
* Oy is the set of output links of junction N where Oy=o01,0;,03.
* x;(k) represents the number of vehicles in link z at time step k in uv.
* n;(k) represents the queue length in link z in uv.
* ng (k) represents the portion of n.(k) turning to link 0 € Oy in uv.
« hi(k) represents the flow leaving link z in uv/cycle.
. hé,a(k) represents the portion of /. (k) turning to link 0 € Oy in uv.
* g% (k) represent the flow arriving at the end of the queue of link z uv/cycle.

* h¢(k) represent the flow of unit vehicles in link z, between intersections M

and N in uv/cycle.
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* h{ (k) represent the portion of hf (k) turning to link o€ Oy in uv.
* g (k) represent the flow entering link z in uv/cycle.

* g; (k) represent the portion of g% (k) arriving from link i in uv.

* a;,(k) represent the turning rate from link z to o.

S, represent the saturation flow rate leaving link z in uv/cycle.

* g.0(k) represent the green time during time step k for the traffic from link

ztoo.
« v/ represent the free flow speed in link z in uv/cycle.
* C, represent the capacity of link z as vehicle number uv.

. Nzl“”e represent the number of lanes in link z.

* c s the cycle time of the junction. ¢ can be different for intersection M and
N.

* [, 1s the average vehicle length.

The vehicle conservation law also applies. Therefore the number of vehicles in
link z at step (k+ 1) is defined as in Equation (2.3.7):

%okt 1) =x () + g0 = X BLo(0)]e (23.7)

0€0y

Flow h{ (k) arrives at the end of the queue after time delay 7(k)c + (k) as defined
within Equation (2.3.8):

0 = W g 0) + Warwe—<w0 -1 @as)

where c oY
(k) = floor<( ;V;szgr)ezcm) (2.3.9)
(k) = rem<(cz - ”Z(k))lveh) (2.3.10)

ree
Nzl ane Vg c
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with floor(x) in Equation (2.3.9) referring to the largest integer smaller than or

equal to x, and rem(x) in Equation (2.3.10) is the remainder. The BLX model

represents a more detailed model of the queue dynamics compared to the SFM

approach. At the same time, such detail in the dynamics may lead to high com-

putational power when applied to large-scale traffic network, especially in case

of real-time optimization of traffic lights duration.

Another approach to applying the queuing theory is presented in the work of

[6,7,81-85]. The basic variables and parameters used to describe traffic flow in

the latter work are shown in Figure 2.9 and include:

T; is the sample time period which is assumed to be the total time taken

from a green to red transition of any of the arms.

O, 1s the occupancy which relates the proportion of time when a detector
is occupied and therefore activated in a sample period, with respect to the

total measuring period at arm i (%).

Vi;, 1s the input intensity at arm i at cycle 7, which is defined as the quantity
of vehicles passing by a detector per cycle (uv/cycle). This detector is

placed in the input or output lane, respectively as shown in Figure 2.9.
G+ represents the queue length of arm i at cycle 7 (uv).

0; is the queue indicator for arm i at cycle 7 and can take a value of either

1 (congestion) or 0 (no congestion).

o j is the turning ratio which gives a proportion between the vehicles pass-

ing through the junction from approach i to j to the total approach intensity.

Yo,, represents the total flow of vehicles which an output arm will be sub-

jected to, from the input arms (uv/cycle).
Zis 18 the green time ratio for arm i at cycle ¢ and varies between 0 and 1.

S; 1s the saturation flow of arm i (uv/cycle).
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input detector HoOa] Wit detecton

Figure 2.9: An example of a controlled one-way road [6, 7]

* k; and f; are unknown time varying parameters, which define the occu-

pancy relation to the previous occupancy and the queue length.

The queue indicator o for an arm i depends on the saturation flow of the arm and

the relative green time for the arm, as follows:

1, ify,,zi0 4 Gs > Sizi 0.
5”: YII, 1,l CZJ (RGN (2'3.11)

7 0, otherwise.

A queue indicator of value 1 indicates that the vehicles inside an arm i at cycle
t are greater than the saturation flow of vehicles which may exit the arm during
the respective green time. A queue indicator of value 1 will thus result in a queue
in arm i in the following sample period, whilst a queue indicator of 0 indicates

that there will be no queue in arm i.

In the developed models [81-85], the dynamics of the queue length, occupancy
and the flow in the output arms are given respectively as indicated in Equations
(2.3.12),(2.3.13) and (2.3.14):

Givr1 = 6isGir = [8isSi+ (1 = 6i) Vi Jzis + Wi,y (2.3.12)
Oirr1 = BisOis + Kir i (2.3.13)
Y0j11 = Agi7l+1 + Y, (2.3.14)

where AG;;1=—Ci 1 + G-
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Equation (2.3.12) is based on the conservation principle of traffic flow, where
the queue length at cycle 7 + 1 depends on the previous queue length, &;,;;, the
departed vehicles, [6;,S; + (1 — &;)¥;,,]zi; and the arrived vehicles 7, in a cy-
cle. Equation (2.3.12) gives a linear expression to the number of vehicles exiting
through an arm, denoted by [6;,S; + (1 — &) ¥;,]zi.» When the queue indicator
takes a value of 0, the number of vehicles exiting an arm varies linearly with the
queue length and the input intensity. This assumption holds until saturation is
reached and the queue indicator takes a value of 1. When 9 is equal to 1, the
number of vehicles exiting through an arm is fixed to a constant value given by

Sizi ;. This piecewise linear behaviour is represented in Figure 2.10 (blue plot).

Pecherkova et al. [6, 7] introduce a nonlinear expression to replace this piece-

wise linear characteristic for the number of vehicles exiting through an arm, given
St

as Sz (1 —e @i ), This exponential function represents a continuous ap-
proximation to the linear piece-wise throughput of the intersection as shown in
black in Figure 2.10. This function eliminates the non-smooth change present in
the piecewise linear function when the queue indicator switches from 0 to 1 or
vice versa, at the cost of introducing nonlinear dynamics in the model. Equation
(2.3.13) shows that the occupancy at any time is directly related to the queue
length and previous occupancy. It is often assumed that the parameters f3;; and
K; ; do not vary with time for a given arm [81-85]. Equation (2.3.14) states that
the flow of an output arm is equal to the change in queue length in one cycle and
intensity of an input arm. For multiple input and output arms, Equation (2.3.14)

changes to Equation (2.3.15) by taking into consideration the arm turning ratios:
o
10,01 = X (0(AG 1 +1,)) (2.3.15)
i=1
where & denotes the number of input arms. Hence,

2
Y00 = 3 (0i(8ja = Cja1 +11,)) (2.3.16)
i=1
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Queue Length + Input Intensity

Figure 2.10: The linear and the non-linear models [8]

The input intensity is typically assumed to be a random walk during steady state

periods and is thus given by Equation (2.3.17).

'yIi‘t+l = ’}/Ii’; + Wit (2317)

where w;; is a stochastic disturbance representing the change in input intensity

which occurs from one cycle to the other.

2.4 Overview of macroscopic data-driven mod-

els

Section 2.3 presented a review of existing traffic models suitable for inferring
the dynamics of traffic behaviour. Three main classes of models were described.
Table 2.1 summarizes the main features of each model with their advantages and
possible limitations. It is important to realize that no single representation is
ideal. All models have their advantages and limitations. On the contrary each
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Table 2.1: Summary of advantages and limitations of traffic models suitable for
inferring the dynamics of the traffic behaviour

Advantages and limitations of traffic flow models
Model Advantages Limitations
* modelled on a spatial
grid of homogenous
* directly applied to rep- cells;
resent urban traffic dy-
namics; * possibly not applica-
CTM ble for online traffic
* little knowledge of un- control.
derlying traffic param-
eters; * excessive  computa-
tional cost for high
dimensional networks
 simple model to repre- » valid for saturation
sent; traffic scenarios only;
SFM .
* low  computational » knowledge of underly-
complexity. ing traffic parameters.
* applicable to all traffic
conditions;
» represenation of dy-
namics are more accu-
rate than SFM due the @owledge of underly-
. . ing traffic parameters
the simplification in-
trOduCCd in the latter . linear Controuers
Queuing Theory approach [4]; not suitable when
. representing nonlinear
* represenation of . .
. . functions for vehicles
linear and nonlinear exiting  throush  an
functions for vehicles £ e
.. arm.
exiting through an
arm;
* low  computational
costs.
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model, based on its characteristics, is better suited for particular situations, de-
pending on the characteristics of such traffic situation. For example for low di-
mensional traffic networks, CTM offer an excellent framework. However, online
traffic control cannot be provided through this model because it requires obser-
vations at each cell, resulting in a lot of measurements. If online traffic control
is one important requirement, the Queuing Theory approach seems the most ap-
propriate choice. For low computational costs, the Queuing Theory or SFM can
be applied.

Furthermore, the model equations presented in Section 2.3.3 can be represented
in discrete-time stochastic state-space form because the use of the matrix notation
greatly simplifies the mathematical representation of multiple-input-multiple out-
put system for a signalized traffic junction. For example the model equations
(2.3.12), (2.3.13) and (2.3.14) for arm i are represented in state-space form as

in [84] as follows:

2.4.1)

where the state variables in this model comprise of the queue length in arm i
denoted as {;(¢) and the occupancy O;(r). The sensor measurement vector com-
prise of the outflow given by 7o, (¢) and 7, () which are simply the state variables
O;(t) corrupted by the additive noise v (¢) and v,(¢). The input is given by ratio
of the green signal time to the total cycle time, given by z; for arm i. x;, B; and S;
constitute the model parameters. [w; w»]” and [v; v2]” represent white, zero-
mean, Gaussian distributed process and measurement noise respectively. In the

thesis, these vectors are sometimes also denoted as w(z) and v(z), respectively.

The state-space model equation (2.4.1) can be expanded according to the number
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of arms n in the intersection as given in [84] with model parameter @; ;, represent-
ing the turning ratio, that is, the ratio of vehicles turning from arm i to arm j in
relation to the number of vehicles in arm i. To reflect the changing traffic condi-
tions, the unknown state variables together with the unknown model parameters

need to be estimated as will be discussed in the following section.

2.5 Online Joint Estimation Strategies

Joint state and parameter estimation (or dual estimation) refers to the problem of
simultaneously estimating in real-time the state variables, such as queue lengths,
and the model parameters, such as turning ratios that may change throughout the

day.

According to Cappe [96], online estimation refers to the idea of computing model
estimates on-the-fly, without storing the data, by continuously updating the esti-
mates as new observations become available. Online algorithms have the poten-
tial to speed up learning by making updates more frequently and recursively [97].
When using state-space models, the problem of performing combined online es-
timation of both states and model parameters adds another degree of difficulty.
This problem was classically posed within a nonlinear estimation framework by
augmenting the state vector with the unknown parameters of the state space equa-
tions leading to a nonlinear set of equations. Early work by Kopp and Orford [98]
proposed the use of an Extended Kalman filter (EKF) to solve this nonlinear fil-
tering problem. Wang et al. [99] made use of EKF to estimate online traffic states
and parameters for freeway traffic conditions. However, the EKF, while being
computationally feasible, is prone to divergence and also requires the analytical

derivation of partial derivatives [100].

Several approaches have been proposed to mitigate the EKF divergence prob-
lem. Schmidt [101] and Neal [102] proposed the addition of terms to the gain
of the Kalman filter. However, such approaches require extensive tuning of the
Kalman filter gains and can add to the computational burden, which is a disad-

vantage in practical online applications. Magill [103] and Hilborn and Laini-
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otis [104] approached the problem using decision theory by assuming that the
unknown parameters exist within a finite set and applied parallel Kalman filters
to estimate such parameters. This approach can be impractical for certain ap-
plications, as it can be difficult to represent all potential numerous systematic
behaviours with a finite set of model parameters [105]. Wan and Nelson [106]
proposed an alternative method, where a pair of Kalman filters were run in par-
allel, one for state estimation and one for parameter estimation, i.e. a dual EKF
method. Note however, that the error in each filter could be compensated for by
the other, leading to a non-unique solution [107]. These observations, particu-
larly divergence issues, motivated the development of Sequential Monte Carlo
(SMC) methods, also known as particle filters. SMC methods were applied in
several works for solving the optimal state and / or parameter estimation problem,
such as in the work of Cappe in [108] and in the work of Wang and Work in [109].

Difficulties with nonlinear estimation algorithms motivated the development of
joint state and parameter estimation algorithms from a linear perspective. Nelson
and Stear [110], separate the estimation problem into two using two linear esti-
mators: the estimation of the parameters of a linear system with no state noise,
and the estimation of the states of a linear system given the estimated parame-
ters. Although this method achieves combined parameter and state estimation for
multivariate linear discrete-time systems, the coupling of the covariance equa-
tion for the state estimates with the parameter estimates was not tackled in [110].
The Maximum Likelihood (ML) principle also separates the estimation problem
into two interconnected linear problems: one for the state and the other for the
parameters and can also be applied for joint state and parameter estimation as
in [111]. The solution is obtained by iterating between two systems of linear
equations [111].

Maximum likelihood (ML) is a general-purpose estimation method with attrac-
tive properties. It provides a consistent approach to parameter estimation prob-
lems. This means that ML estimates can be developed for a large variety of
estimation situations because they have desirable mathematical and optimality

properties [112]. Despite the advantages of ML methods, their practical deploy-
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ment is not always straightforward, due to non-convex optimization problems of-
ten faced [113]. An elegant and powerful method for finding ML solutions is the
Expectation-Maximisation (EM) algorithm [114, 115], as applied in [113, 116].
In the latter works, the classical EM is applied based on an iterative oft-line batch
estimation and is not appropriate for online estimation. Despite the successful ap-
plication of EM methods to several fields such as image processing [117], speech
recognition [118] and various applied statistical environments such as epidemi-

ology [119], their application to traffic flow models is very innovative.

The earliest approach to online parameter estimation from noisy data follows the
stochastic approximation method posed as a single variant estimation algorithm
by Robbins and Monro [120]. Blum in [121] extended the Robbins-Monro algo-
rithm to solve multivariate problems. Furthermore, Spall proposed a derivative-
free multidimensional stochastic approximation [122, 123]. This approach has
been used, with some variations, in many different applications such as for tidal
models [124] and for ranking in machine learning and information retrieval prob-
lems [125]. However, according to the author’s knowledge, this approach has

never been applied to transport applications as proposed in this thesis.

Moreover, very few publications report on joint state and parameter estimation
applied to signalized traffic junctions. In [81,82,84,85,126] only the estimation
of model states was carried out online and the model parameters were assumed

known a priori from past traffic measurements.

In [6, 7] joint state and parameter estimation is carried out by augmenting the
states and parameters as one vector [127] and using the EKF. While being com-
putationally feasible, this approach can possibly lead to divergence because of
the use of EKF [128]. Moreover, the latter work does not carry out estimation of
the noise parameters, this being assumed known. Furthermore, the work in [6]
does not directly tackle the estimation of the turning ratios and saturation pa-
rameters of the traffic junction. Instead, model parameters that have no direct
physical significance are introduced, which require prior tuning. In this work,

parameters with physical significance are included in the model such as turning
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ratios and saturation parameters. This is detailed in Chapter 5 which uses an EM
estimation to obtain real-time estimation of the model parameters jointly with
state estimation. This avoids the need for carrying out prior analysis and pre-

tuning of the model to traffic conditions.

It is not uncommon to have traffic conditions in signalized junctions that are
characterised by different dynamical regimes that change over abruptly in time
due to for example traffic incidents or unanticipated network obstructions. Un-
der such conditions the model structure and parameters are neither constant, nor
varying slowly, but switch value abruptly; a phenomenon known as jump dy-
namics [51]. The joint estimation of model states and parameters is not straight-
forward when the system is prone to such jump-type dynamic changes. Hence,
in this work, multiple model estimation techniques are proposed to handle such

situations. These techniques are reviewed in the next section.

2.6 Multiple model estimation

Abrupt changing conditions in the traffic system are represented as different
regimes or modes where each mode is further represented by its own distinct
model. Hence the dynamics of the traffic system are not represented by one
model but by a set of different models, one for each regime, that might be im-
possible to identify a priori for example in the case of a traffic accident. Con-
sequently, a system that is able to detect in real-time any switching among the
multiple regimes as well as learning and modelling the dynamics of each of these
regimes while estimating the state variables that are not measured directly, will
be of great benefit. This is called multiple model estimation [129] and it lends

itself very well to such scenarios.

Several research efforts have been directed to multiple model approaches used
in different applications [130—-133]. Multiple mode switching detection has been
tackled using two predominant techniques: deterministic approaches [130, 131]
or stochastic techniques [132,133]. The essence of both deterministic and stochas-

tic multiple mode switching detection is based on choosing the model which
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yields some best defined estimation accuracy out of all models in the set at any

point in time.

Of interest to this work, multiple model adaptive estimation has been previously
applied for traffic incident detections for freeway conditions. For example, a
multiple model extended Kalman filter was used in [134], where known chang-
ing conditions and known models parameters are assumed. A limited number of
known changing conditions are assumed, hence resulting in a finite set of models.
An EKF is proposed for each model to sequentially estimate the traffic states. The
residual data is produced by comparing measured data with the estimated states
and probabilities are assigned to each model based on how closely the residual
characteristics match their respective anticipated values. Similarly, [135] ap-
plied an interactive multiple model ensemble Kalman filter, with a known num-
ber of changing conditions and known models. An ensemble Kalman filter is
proposed to solve the sequential state estimation problem and to accommodate
the switching dynamics and nonlinearity of the traffic incident model. Unlike
the work of [134], the Interactive Multiple Model algorithm (IMM) makes use
of Markov chains to model the evolution of the transitions from one model to an-
other. Furthermore, [136] and [137] applied multiple model particle filtering for
the traffic state estimation to improve the accuracy of the estimate when data is
limited. [138] extends previous works by proposing an Efficient Multiple Model
Particle Filter (EMMPF) that uses a single sample in each particle filter to infer
the correct model and then all model particles are evolved forward in time using

the most likely model determined in the selection step.

All the above works on traffic estimation and incident detection which made
use of the extended Kalman filter and particle filter have been applied and per-
formed well in freeway traffic conditions. In this thesis, a novel stochastic mul-
tiple model adaptive estimation algorithm is developed and applied for urban
signalized traffic junctions (Chapter 7), where, similar to previously cited traffic
literature, the algorithm needs to learn the traffic regimes and determine which
mode is active at any given time. However, whereas the reviewed literature as-

sumed that the monitoring data contained a limited number of previously mod-
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elled regimes, this work will not be limited to previously known modes. As
proposed in [51] for general systems, the algorithm is adapted for urban traffic
junctions and is able to learn the various modes in real-time and hence automat-
ically configure and grow its model set if new modes are detected. Furthermore,
an online joint state and parameter estimation technique is applied to estimate the
traffic states, apart from the model parameters. In this work, noise parameters
are not assumed known a priori and will be estimated online, avoiding the need

to calibrate such parameters based on the type of sensors present in the junction.

The proposed multiple model adaptive estimation algorithm makes use of an on-
line dual estimation algorithm to jointly estimate in real-time traffic states such
as queue lengths, occupancies and flows, as well as the model parameters such as
turning ratios, saturation flows and noise parameters. The approach uses an EM
algorithm, modified for real-time estimation, with a Kalman filter implementing
the expectation step and a multivariate gradient-based approach for the maximi-
sation step, as proposed in Section 6.3 and in [139]. The algorithm computes
residual data by comparing the measured information with the estimated states
and assigns probabilities to each model in the set. A new mode is learnt if the
residual characteristics do not match any of the learnt modes in the set as will be

discussed in Chapter 7.

2.7 Conclusion

This chapter has presented a critical literature review of existing traffic models
suitable for inferring the dynamics of traffic behaviour from observations so as
to model traffic flow within a junction. The advantages and limitations were dis-
cussed for each of the three modelling paradigms presented. Further insight to
the choice of model representation that best models traffic behaviour in typical

intersections in Malta will be addressed in Chapter 4.

Moreover, this Chapter presented a review of online joint estimation techniques
for model states, parameters and noise, together with multiple model estimation

techniques for jump dynamic systems. These techniques were adapted to de-
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sign new algorithms for urban traffic junctions. Further insight on the proposed

estimation algorithms, will be addressed in Chapters 5, 6 and 7.
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Chapter 3

Traffic Signal Control Methods

The primary objective of a traffic signal plan is to move vehicles through an inter-
section safely and efficiently. This plan should accommodate real-time fluctua-
tions in the traffic demand to reduce congestion. This Chapter will review several
traffic signal control methods so as to accommodate changing traffic demand.
This review will aid in the familiarization with, and subsequent development, of

a novel traffic control system for urban signalized junctions.

3.1 Traffic Signal Control

The general aim for traffic signal control is discussed by Wood in his work
in [140]. Wood classified the objectives of urban traffic management and control
based on tactical considerations and more strategic ones. Tactical traffic manage-
ment is important to ensure efficient operation of the junction with current and
expected arrivals of traffic. On the other hand, strategic traffic management is
broader and can include priority to different groups of travellers such as buses or

pedestrians.

Such objectives can be achieved through the local operation of signals or co-
ordinately throughout the network. An important control decision for operating
signal controllers, identified by Heydecker [141] is the duration of the green in-
dication. A substantial body of work has been targeted to the study of intelligent
traffic measures which are adaptive to the traffic demand, thus aiming for traf-
fic responsive systems, whilst optimizing the traffic signal plans accordingly by

optimizing the green signal duration. Such intelligent traffic control plans aid
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in controlling the flow of vehicles at intersections within the network, while im-
proving the ability of a traffic signal to efficiently serve vehicles, reduce traffic
delay and thus increasing the average network speed. This Chapter reviews im-

portant literature in this field.

3.2 Review of Traffic Signal Control Methods

Several traffic control techniques are presented in literature. These include non-
optimization based methods and optimization based methods, reservation and
market-based system, slot-based system, car-to-car communication, artificial in-

telligence and autonomic systems as will be discussed in the following sections.

3.2.1 Non-Optimization Based Methods and Optimization
Based Methods

Two of the control techniques predominant in literature include non-optimization
based methods and optimization based methods [1]. Research on such method-

ologies started before the 1980’s, but were commercialised in the 1990’s.

The non-optimization based methods use a set of heuristic rules to relate signal
timings to traffic conditions. The London Department of Transport implemented
a microprocessor based traffic signal controller for isolated, linked and urban
traffic control installations in 1984 [142]. Such a controller is used to estimate
when the flow-rate over the stop-line falls below the saturated flow. The stop-
line is the line appearing at the end of the road for vehicles to stop. A stage will
be extended until vehicles are no longer detected during a critical time period
on any link that will lose right of way. Moreover, such controllers were also re-
viewed in [143] where acyclic traffic controllers were designed by the Centre of
Transport Studies in University College of London. These controllers use sim-
ilar heuristics within a phase-based framework where such controllers can alter
green indication and select phases according to their traffic demands. Although
non-optimized based systems are simple to implement, these might not guarantee

the optimal use of the available network capacity [1].
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3.2.1.1 Off-line optimization based methods

On the other hand, the control objectives of optimization based methods are
commonly set to optimise some measures of generalised control performance
over a time period, such as traffic flow, queue lengths or traffic delay. In the
early stages, many publications were focused on optimization based methods
which operate off-line, using either historically measured data or assuming that
the mean rate at which vehicles arrive at an intersection is constant. In 1957,
Webster [144] developed an approximate delay formula with traffic arriving at a
uniform rate. An unconstrained formulation was developed to minimise approx-
imated average vehicle delay. Furthermore, Allsop [145,146] developed a traffic
simulator program for calculating traffic signal settings by minimising delays for
fixed-time traffic signals at a single road junction. Linear convex programming
was used by Allsop [146] to find a solution for a constrained formulation problem
where the main aim was to maximise reserve capacity and minimise average de-
lay rate. Similar to Webster’s method, this required pre-specified stage sequenced
and inter-stage structures. By taking individual phases into consideration in the
design, more flexible signal timing allocation can be achieved. Moreover, in
Little’s work in [147], optimization of traffic flow is obtained by traffic signal
synchronization, so that a car starting at one end of a main artery and travelling
at preassigned speed can keep on going without stopping for a red light. The
portion of a signal cycle for which this is possible is called the bandwidth for
that direction. A mixed-integer linear program is formulated to find the common
signal period, between two signalized intersections, speeds between signals, and
the relative phasing of the signals, in order to maximize the sum of the band-
widths for the two directions.

In Improta and Cantarella’s work in [ 148], a Binary-Mixed-Integer-Linear-Program
(BMILP) is implemented to identify the optimum phase sequence to be used at
a given intersection. Heydecker [149] showed that in case of more complicated
junction layouts, the duration of green signal indications for phases can be used

as control variables.
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Although, in recent years, data availability and computational efficiency are in-
creasing, off-line optimization based methods still remained popular. Ribeiro
[150] applied fixed time plans calculated by a commercialised traffic simulator
TRANSYT. Ribeiro proposed a novel technique called Grouped Network for
TRANSYT to calculate signal timing plans that can be used during specific peri-
ods of the day (morning peak, evening peak, etc.) and are less sensitive to varia-
tions, or fluctuations, in traffic flows. A computational approach was developed
by Smith et al. [151] which takes into consideration the time-of-day approach
where a day is segmented into a number of intervals and a different timing plan
is applied at each interval, assuming a constant arrival rate of vehicles at each
timing plan. This model aims at minimizing the mean of the delays per vehicle
as well as the variabilty of performance. Moreover, Yafeng [152] developed a
robust optimal traffic signal timing making use of the 90" percentile traffic flow
observation as an average flow measurement to optimize signal timings. Wong
et al. [153] used clustering techniques to determine common time intervals dur-
ing the day which share common traffic conditions. The time-of-day approach
was applied similar to [151]’s approach and a common timing plan was applied

to common time interval clusters.

All publications developed in off-line optimization based methods rely on either
historical data or on average traffic conditions, such as the average arrival time of
vehicles. Typically, such conditions do not accurately describe the current traf-
fic flow, as this normally changes over time. Signal plans that were developed
using historical data were shown to suffer from a 3% decay in performance per
year [154]. Hence online optimization based methods highly contribute to the
development of intelligent signal control which relies on realistic traffic perfor-

mance in time.

3.2.1.2 Online optimization based methods

Online optimization based methods consider dynamic traffic flow for time signal
optimization. The previous mentioned work aimed at minimising traffic delays

or maximizing intersection capacity. By contrast, most of the works on online
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optimization focus on minimizing queue lengths within junctions. Haddad et
al.[155] developed an optimal steady-state controller for isolated traffic intersec-
tions aiming at reducing the queue lengths within such intersections. In addition,
loslovich et al. [156,157] represented a continuous traffic model through the use
of differential equations and the methods of optimal control theory were applied
to develop an analytic solution to minimise queue lengths within an intersection.
loslovich et al. [156] represented the queue lengths accumulating within an in-
tersection using Gazi’s continuous differential equations presented in [75]. The
optimal minimum time control for an isolated intersection was found using the
Pontryagin Maximum Principle [158]. Aboudolas ef al. [159] further discuss op-
timization based methods for traffic signal control in large-scale congested urban

road networks.

In [160-162], a binary choice logic is implemented, where time is divided into
successive small intervals and a binary decision is made either to extend the cur-
rent green signal timing by one interval or to terminate it depending on any
sensed vehicles. More examples of such an approach include Miller’s algo-
rithm [163], Traffic Optimization Logic (TOL) [164], Modernized Optimiza-
tion Vehicle Actuation Strategy (MOVA) [165] and Stepwise Adjustment of
Signal Timing (SAST) [166]. However, the drawback of binary choice logic
is that it considers a very short future time interval of 3 to 6 seconds. For longer
length decision-making, other optimization based methods need to be consid-
ered such as dynamic programming, approximate dynamic programming or lin-
ear quadratic control as will be discussed in the next sections. In addition, a
rolling horizon concept can also be included as in [167] to determine optimal
signal switching sequences for a future timing period namely model predictive

control.

3.2.1.3 Dynamic Programming

For longer length decision-making, Dynamic Programming (DP) [17-21,168—
172] can be applied. A complex problem can be decomposed into a series of

sub-problems with discrete time steps between them and a number of state vari-
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ables at each time step to specify the sub-problem. Bell et al. [173] described
the state of a traffic signal control system as: the state of traffic and the state of
the controller. The state of traffic at a junction can be described by the number
of vehicles queuing in the links and the arrival rate of vehicles in the near fu-
ture. The state of the controller can be specified by the green signals, the times
of green completion and the expiry of any permitted duration. In his work, Bell
et al. indicated that normal backward dynamic programming techniques are not
much adequate for real-time control. This is due to unnecessarily large num-
ber of state sequences and the commencement of calculations at the end of the
look-ahead where in this case, information on arrivals is least certain. These
look-ahead policies make decisions by explicitly optimizing over some horizon
by combining some approximation of future information, with some approxima-

tion of future actions. This also reaffirms conclusions drawn in [15,17,20].

DYPIC [169] is a DP approach and is used only for analytical purposes. The
computational difficulty of a DP solution restricts the implementation of DYPIC
for engineering purposes [174]. Robertson and Bretherton in [169] proposed
a quadratic function to approximate an exact value function. A heuristic solu-
tion based approximation function was developed which makes use of a rolling
horizon. A project horizon is predetermined which consists of N time intervals.
Traffic flow data are measured for the first H intervals, known as the sead period,
and also traffic flow data are estimated from a model for the next N — H intervals,
called the tail period for the first iteration. An optimal policy is calculated for the
entire horizon, but is only implemented for the head period. Finally, when the
head period expires and new information becomes available, the project horizon
is shifted into the future by R intervals, considered as the roll period and the same

process is repeated.

PRODYN [20] adopts also a DP approach with a heuristic solution. It extends
over Robertson and Bretherton’s heuristic solution [169] to distributed network
control while applying a rolling horizon approach. This approach aggregates
state variables into a few subsets, and the value of being in a subset is only evalu-

ated when it is actually being visited. PRODYN calculates the optimal trajectory
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of control policy in a planning horizon of 75s by evaluating all the subsets that
are visited. The process is then repeated as the rolling horizon rolls forward one
step in time. In [20], it was shown that PRODYN yields an average reduction in
total travel time of 10%. UPTOPIA [21] also makes use of the rolling horizon
concept. In addition, a hybrid control system is implemented combining on-
line dynamic optimization and offline optimization. A system hierarchy is con-
structed made up of an area level and a local level. A reference plan is generated
by the area controller, this reference plan is adapted by the local controllers by
dynamically coordinating signals in adjacent intersections. The rolling horizon
approach is 120s long and the process is repeated every 3 seconds. OPAC [19]
and RHODES [22] are another two promising American systems that also ap-
ply the rolling horizon concept and are based on dynamic programming. These
have been implemented primarily for individual intersections with an extension
to networks. Both systems have their limitations. OPAC optimization methodol-
ogy can be classified as trial-and-error enumeration that cannot guarantee a glob-
ally optimum solution [19]. RHODES requires a fixed sequence of phases and a
much longer projection time. Nevertheless, both systems have demonstrated the

potential of using DP to optimize the signal plan for a certain future horizon [22].

Liu et al. [171] implemented a reverse causal-effect modelling approach for an
oversaturated intersection. Smooth continuous functions of time are applied to
model both traffic arrivals and departures, as if there were no interruptions to
traffic flow from signals. This approach has the added advantage of applying
differential calculus in optimization unlike step functions. Moreover, this ap-
proach also simplifies future extension to a system of intersections. A dynamic
linear programming model is also used to maximize the total vehicular output
from the intersection during the entire period of congestion subject to prevailing

capacity and other operational constraints.

DP is based on estimation of some measures of the value of state (also known as
value function). The previously mentioned works, all implement a deterministic
dynamic program solution, where the state at the next step is completely deter-

mined by the state and policy decision at the current step. A stochastic dynamic
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program solution is also implemented [175, 176] where the state at future steps

is not completely determined by the state and policy decision at the current step.

In both deterministic and stochastic dynamic programming, the simplifications
in the implementation of a complex problem are countered by the computational
requirement associated with the size of the state space. The intensive computa-
tion requirement hinders DP to real-time operation, where possible actions have
to be evaluated within a short time in real time applications. The computational
requirements for finding an optimal solution numerically and storing the opti-
mal value function over the entire state space is in exponential order to the size
of the state space [177,178]. Hence for most problems of practical interest, DP
remains computationally infeasible. Additionally, the availability of future traf-
fic information such as future arrivals is very unrealistic. In order to bring the
principles of DP to real-time control, a reduction in the dimensionality of the
control problem needs to be introduced and secondly, accumulating limited sen-
sor information progressively to improve knowledge of the underlying control
process will also aid in traffic information knowledge.

3.2.1.4 Reinforcement Learning

Another learning technique which is closely related to DP is reinforcement learn-
ing. Reinforcement learning is used to estimate values for the parameters of
specified functional relationships between actions and their effects [179]. In re-
inforcement learning, a learning agent is learning from a control process while
using DP to estimate values of performance. This agent must discover which
action yields the best performance by trying them out. Its actions may affect not
only the immediate performance but also the next state and, through that, all sub-
sequent performance. Trial-and-error attempts and delayed effects can also result
when discovering which action yields the best performance. Another limitation
of the reinforcement learning is that the system heavily relies on the scenario be-

ing trained on.

Several works have been directed to the application of reinforcement learning
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to traffic signal control plans including works in [22,180-196]. A difficult as-
pect in applying reinforcement learning to traffic light control is the selection of
features, that is the number of states, each of which describing the exact situa-
tion around an intersection, is huge [197]. This implies that a form of featuriza-
tion and subsequent function approximation is needed to even represent the value
function for these settings. Recent years, however, have seen the development of
reinforcement learning methods through deep g-learning, that use deep learning
techniques [198] where deep neural networks are trained as function approxima-
tors in a reinforcement learning setting. Deep reinforcement learning has been
recently applied in the works in [199-202] with application to autonomic traffic

lights control and was also shown to be potentially promising.

Similar to artificial intelligence and genetic algorithms, this approach is com-
putationally intensive, as many simulations need to be performed. The computa-
tional power requirement increases with the network size. With sufficiently large

networks, high computational real-time costs may be involved [180, 181].

3.2.1.5 Approximate Dynamic Programming

Approximate Dynamic Programming (ADP) is derived from DP, whereby its aim
is to significantly reduce the computational requirement required by the original
DP problem [174]. ADP adopts a forward process, using information such as
arrival of vehicles which becomes available between time steps to help in the
decision-making. Monte Carlo simulation can also be used to make an optimal
decision without detailed information and simulate policy approximations and
value function approximations [203]. Furthermore, the approximations that are
used in ADP improve progressively, because the exact values of functional pa-
rameters are not known apriori. The ADP algorithm updates the parameters of

the approximation function upon each observation of state transition.
Cai [174] proposed an ADP solution for an isolated intersection, where in his

work the ADP approach uses a linear function to approximate the value function

and thus reduce the dimension of the state-space to the size of a few functional
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parameters. A forward rolling process is adopted that makes use of limited on-
line formation, 10 seconds of future vehicle arrivals. To update the approxima-
tion, perturbation learning is used. This perturbs the system with incremental
changes in state variables. Cai’s results showed that the performance of this
ADP controller is comparable with existing adaptive control methods. The same
ADP approach was extended by Heydecker ef al. [204] to more complex inter-
section layouts, with the results indicating significant vehicle delay reductions

when compared to the fixed-time plans.

Li et al. [205] presented another approach to develop ADP solutions to traffic
signal control. This approach uses an action dependent heuristic DP method
which was first developed by Werbos [206]. Two neural networks are used, one
to map state to action, and the other one to map state to discounted future val-
ues. Cai [207] generalised the ADP approach to isolated intersections. Artificial
neural networks were applied to approximate the value function, and reinforce-
ment learning was applied as the learning algorithm. The artificial neural net-
work based approximation structure can approximate both linear and nonlinear
value functions. This is useful for traffic applications because many delay func-

tions [144,208] are nonlinear.

Nevertheless, practical use of ADP remains limited by a lack of systematic guide-
lines for implementation and for approximating value functions. This is reflected
by the amount of trial and error involved in each of the success stories found in
the literature and on the difficulty of duplicating the same success to other appli-
cations [209].

3.2.1.6 Linear-Quadratic Optimal Control

For the derivation of multivariable regulators, the urban traffic control problem
can be formulated as a Linear-Quadratic (LQ) optimal control problem [210—
213]. The formulation of an LQ controller for urban traffic required a generic
mathematical model for the traffic flow, upon which an optimal control approach

was designed that aims at minimizing and balancing the link queues so as to
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reduce the risk of queue spillback. The optimization problem considered in
[210-213] was of the Quadratic-Programming (QP) type with linear constraints.
Nominal green times were considered, which were optimal for a given historical
demand. The aim in these works was to modify in real-time these nominal val-
ues depending on the demand such that the capacity of the controlled network is

utilised in a balanced way whilst reducing the queues in the junction.

In [211] two evaluation criteria were calculated for comparison: 1) the total time
spent and i1) the relative queue balance, while in [210,212,213], the evaluation
criteria was based on minimizing the queue length. In [213] a Hybrid Signal
Control Strategy is developed which make use of either the LQ regulator or a
demand-based control law to calculate in real-time the green times of each junc-
tion. The controller was chosen according to a saturation criterion that depended

on the flow measurements in the junction.

For the LQ controller in the works of [210-213] a quadratic optimization cri-

terion was considered. The control law is given by:
g(k) = gV — Lx(k) (3.2.1)

where k is a discrete time index reflecting corresponding signal cycles, g is a
vector of green times of all stages, g" is the vector of nominal green times corre-
sponding to prespecified fixed signal plan for the network; x is the vector contain-
ing the number of vehicles in the links, L is the gain matrix. L is either computed
offline or else kept constant to reduce the computational complexity involved in

estimating it in an online manner.

Although the LQ is computationally efficient, it lacks the robust property to cope
with parameter perturbations and external disturbances. Moreover, the LQ con-
troller does not allow for direct consideration of constraints. Furthermore, for a
real-time application, the QP algorithm may be embedded in a rolling horizon

leading to a model predictive procedure as will be discussed in the next section.
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3.2.1.7 Model Predictive Control

Model Predictive Control (MPC) [214] is a methodology that implements and
repeatedly applies optimal control over a prediction horizon in a rolling horizon
way. In each control step, only the first control sample of the optimal control
sequence is implemented. Next, the horizon is shifted one sample and the op-
timization is restarted again with new information of the measurements. The
optimization is redone based on the prediction model of the process and an esti-

mate of the disturbances.

MPC can predict and find the optimal solution for the future. Different from
optimal control, MPC has the ability to deal with the uncertainty of the process,
which can be caused by the unpredictable disturbances, the slow variation over
time of the parameters and model mismatches in the prediction model. Since the
optimal control effort is updated regularly, any model uncertainty can be dealt
within a fair range. Hence, accuracy of the model used for the prediction can
be compensated with regular updating of states and model parameters [215]. To
maintain the on-line computational feasibility, the optimization is calculated over
a finite time span instead of up to infinity, called prediction horizon. MPC can
also deal with multi-input and multi-output problems with constraints. Another
advantage of MPC is that one can easily select and replace the prediction model

based on the control requirements.

MPC is a multivariable control algorithm that uses:
1. past control moves
2. an internal dynamic model to represent the process and

3. an optimization cost function J with a receding prediction horizon, to cal-

culate the optimum control moves.

Hence the control process of the MPC controller can be described by the predic-

tion model, the optimization problem and the rolling horizon.
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An example of the cost function J is given by:

N N
T=Y wq(rn—x)*+Y wyAu; (3.2.2)
t=1

=1

where x; is the /' controlled variable, r; is the 7" referenced variable, Au is the
change in control variable u from the previous time step (r — 1) to the current
time step 7, w,, 1s the weighting coefficient reflecting the relative importance of
x; and w,, is the weighting coefficient penalizing relative big changes in Ay;, N

is the prediction horizon.

An optimization problem can be formulated based on the optimal criteria required
in the model, e.g. reducing queue length of vehicles within an intersection. The
optimal control input is derived from the optimization step and is transferred to
the process and implemented. When estimating the next control step, the predic-
tion model is fed with real measured traffic states, the whole prediction horizon
is shifted one step forward and the optimization starts all over again. This rolling
horizon scheme closes the control loop, enables the system to get feedback from
the real traffic network and enables the MPC controller to be adaptive to the un-

certainty and disturbances.

Several works have been directed to the design of an MPC controller for traf-
fic networks [5, 44,79,216-237]. MPC has many advantages, like robustness
to disturbances, long-term sight and ease of dealing with constraints. However,
despite these advantages, the real-time computational complexity of MPC in-
creases exponentially, when the network scale and the predictive time horizon
grow [227].

Systems controlled by MPC as applied to signalized junctions have applied a
quadratic formulation of the objective function [5,210-214,227]. Hence quadratic
programming is used to optimize the objective function. The quadratic formula-
tion represents a smooth convex function with a unique minimum. The quadratic

formulation weights large cost functional values much higher than small values.
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Therefore, systems controlled by MPC, based on a quadratic formulation, usually

show a non-negligible overshoot in the step response [238].

3.2.2 Reservation and Market-Based System

Contrary to ADP, a reservation-based approach can easily be generalised to dif-
ferent junctions as no trial and error attempts are involved. A reservation-based
approach does not rely on approximating value functions, but relies on commu-
nication. Specific time slots are reserved by vehicles that communicate with
upcoming intersections, so as to pass through [239,240]. Such a system aims at
maximizing the efficiency of moving vehicles through intersections with mini-
mal centralized infrastructure. Intersections are outfitted with a wireless commu-
nication system, for communicating with oncoming traffic and giving permission
for vehicles to pass. Vehicles must only traverse intersections when allowed to,
but otherwise are free to decide for themselves how to drive. Each car is treated
as an autonomic agent, and in particular need not surrender control to any cen-
tralized decision maker [239,240].

The interaction between the vehicle agent and the traffic light is straightforward.
First, the vehicle agent calculates when it will reach the traffic light given its
current velocity. The vehicle agent then sends a message to the intersection in-
forming it of the time at which the vehicle is expected to arrive. The intersection
then responds with the range of times during or after the time specified by the
vehicle agent, at which point the lights will be green. The vehicle agent can then
make any adjustments necessary to ensure that the vehicle enters the intersection

when the lights are green.

Given the increase of autonomicity, several works have been directed to the study
of reservation-based systems [239-242]. These autonomic systems heavily rely
on cooperative agents, coordination and communication to share or exchange in-
formation to achieve better system-wide performance [34,42-46]. A multi-agent
approach has been built, where, for each intersection, there is a corresponding

intersection manager and for each vehicle, there is a vehicle agent. Intersec-
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tion managers are responsible for directing the vehicles through the intersection,
while the vehicle agents are responsible for controlling the vehicles to which they
are assigned. This approach has been simulated in [239-242] for the full fleet
of vehicles with simplified characteristics of real-world intersection traffic. Ve-
hicles are not allowed to turn and all vehicles travel at the same speed. Their
results indicate that the Reservation-based system allows traffic to flow through

the intersection more efficiently than the traffic light mechanism with fixed plans.

On the other hand, in a market-based approach, signal coordination is determined
by a form of currency held by vehicles within the network. To access the inter-
section, vehicles must bid and pay [243,244]. In [244], the work extends over
Dresner and Stone’s approach [239—242] to networks of intersections. Market-
inspired control methods are implemented as a paradigm for urban road traffic
management. Vehicle agents trade with infrastructure agents in a virtual market-
place, purchasing reservations to cross intersections when commuting through
the city. This work concludes that in situations of similar traffic load, an in-
crease in the infrastructure’s monetary benefit usually implies a decrease in the

vehicles’ average travel times [243,244].

3.2.3 Slot-Based system

Similar approaches to reservation and market-based systems have recently been
introduced, such as the slot-based system in slot-based intersections, whereby,
vehicles are accelerated or decelerated such that they arrive at the signalized
intersection when gaps in the conflicting traffic flows have been created for
them [245]. However, a one-by-one service policy is not efficient at high ve-
hicle arrival rates. Hence, platoons of vehicles are formed and all vehicles in the
platoon are served before giving way to a conflicting flow. Different types of
slot-based intersections have recently been proposed as in [246-249] and based
on simulation results, it has been suggested that they might be more efficient than
traditional traffic lights [246-248].

Even though, the reservation-based, market-based and slot-based systems require
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no approximations, the systems demonstrated some serious safety flaws on an ex-
tremely advanced and precise automated driving system [250]. Moreover, high

costs are involved in renovating aged vehicles to such communication standards.

3.2.4 Car-to-Car Communication

In car-to-car communication, also known as Vehicle-to-Vehicle (V2V) commu-
nication, vehicles are equipped with speed sensors or with Global Positioning
System (GPS) units that can provide location information with accuracy, and
transceivers to be able to send and receive information between vehicles. Sim-
ilar to the reservation-based method, this autonomic system heavily relies on
communication. The traffic signal control listens to the communication between
vehicles, in Vehicle-to-Infrastructure (V2I) communication. It estimates the den-
sity of vehicles around it and adjusts the signal timings accordingly [251-254].
In [254] a clustering based data dissemination protocol is developed, where the
direction information at the intersection can be computed a priori. At an inter-
section, vehicles can take up three different directions: straight (S), right (R) and
left (L). Clusters S, R and L are formed on a particular lane at a distance of twice
the radio range from the intersection. A clusterhead is elected to transmit the
density information within each cluster to the traffic signal control. Once the
packet is transmitted to the traffic signal control, the signal control would iden-
tify density information including details of lane, direction field, arrival time and
cluster length. An optimum cycle length is defined based on the sum of lost time
and the ratio of density to the cluster length. The lost time is the sum of the inter-
green time for all the phases of traffic signal control, as no vehicles will cross the
intersection during this interval. Simulation results of car-to-car communication
showed that a better level of services was obtained in terms of the average wait-

ing time at the intersections.

In [255], an algorithm is developed for estimating queue length using car-to-
car communication by applying similar clustering methods as discussed previ-
ously. Moreover in [184], a learning method is developed with a road user based

function to determine optimal decisions for each traffic light. This decision is
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based on a cumulative vote of all vehicles waiting at an intersection where each
car votes using its estimated gain of setting the light green. This way of co-
learning allows the driver to choose the route with the lowest expected waiting
time. In [256], the traffic light controller uses intelligent agents at isolated inter-
sections. Machine learning algorithms are applied for the agents to learn a traffic
control policy, based on the attribution of rewards, which may result in a slow
convergence of the optimum timing pattern. To reduce the convergence times
for obtaining an optimal solution, a greedy control algorithm is defined in [257]
with a scarcity measurement approach. Since it adapts a greedy approach, this
algorithm may not reach an optimal solution if too many fluctuations exist in the
number of vehicles within the traffic network. Other works on car-to-car com-

munication include [258-263].

Although such systems provide autonomicity within traffic system to reduce
driving times, high costs are involved in renovating and upgrading aged vehicles
to such communication standards. Moreover, more tests need to be developed
in real world scenarios to ensure the safety of such a system on our roads. For
example, failure of data communication may cause the whole system to collapse.

Hacking and data security are another point of concern [264,265].

3.2.5 Artificial Intelligence

Artificial intelligence methodologies, as applied to traffic control, can be classi-
fied into four distinct parts, namely evolutionary computation, fuzzy logic, arti-
ficial neural networks and

swarm intelligence. Reinforcement learning as discussed in Section 3.2.1.4 can
also form part of artificial intelligence. The use of the four former parts in traffic

control scenarios will be discussed in the following sections.

3.2.5.1 Evolutionary Computation

Several publications use evolutionary computation to optimize signal plans in a
traffic network, such as in [266-268]. A set of chromosomes are used to repre-

sent the signal plans in a network. Following this, an evolutionary algorithm is
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applied to each individual within the population, each time computing an indi-
vidual’s fitness. [269].

Literature has also shown that the genetic algorithm is a convenient and effective
technique for the optimization of traffic control variables [270-272]. Similar to

evolutionary computation, the genetic algorithm involves two basic steps:
* a selection mechanism that implements a survival of the fittest strategy;

* a genetic recombination of the selected chromosomes to produce offspring

for the new population.

Recombination is affected through the genetic operators of crossover and muta-

tion.

Evolutionary computation and genetic algorithms are highly computationally in-
tensive, as many simulations need to be performed. The cost of simulation in-
creases as the network size increases. With sufficiently large networks, real-time
control may be impossible to achieve as the computation may not be completed

in a suitable amount of time [273].

3.2.5.2 Fuzzy Logic

Fuzzy logic is adopted in traffic signal control to model a human expert’s knowl-
edge in traffic control based on inputs such as quantity of traffic on the arrival
side and quantity of traffic on the queuing side, expressed in fuzzy terms such
as low, medium and high. The output variable is the extension time needed for
the green light on the arrival side. Based on the current traffic conditions, fuzzy
rules derived from the expert’s knowledge can be formulated so that the output

ofthe fuzzy controller will extend or not extend the current green light time [274].

Before the late 1980s, research in the field of fuzzy logic-based traffic signal
control was centered on simplified junctions or networks. In [275] a fuzzy logic
for a single intersection of two one-way streets is implemented and optimal cy-

cle lengths are obtained. Nakatsuyama et al. [276] implemented a fuzzy logic
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controller in two consecutive junctions with one-way movements. Such works
determined the extension and termination of green signal for the downstream
intersection based on the upstream traffic. Kelsey ez al. [277] implemented a
fuzzy logic controller for a typical cross intersection and chose three inputs into
the fuzzy controller including the average traffic density behind the green lights,
the average traffic density behind the red lights and the length of the current cy-
cle. Four membership functions were defined to describe the traffic densities, as
zero, low, medium and high. Three membership functions were defined to de-
scribe the input current cycle time in seconds, as, short, medium and long. The
fuzzy controller behaviour was simulated for one hour and its behaviour was
compared to a controller with fixed time plans. The simulation results showed
an increase in the average flow rate and a decrease in the average waiting time

when compared to the fixed time plans.

Chiu et al. [278] investigated the inadequacy of an offline global optimization
approach-based urban traffic control system in responding to unpredictable changes
in traffic demand, as this system generates timing plans offline on a central com-
puter based on average traffic conditions for a specific time of day. Fuzzy deci-
sion rules were applied for adaptive traffic control in a highly distributed architec-
ture whereby the timing parameters at each intersection were adjusted using only
local information and coordinated with adjacent intersections. Such approach
resulted in significant reductions in waiting time and number of stops. A fuzzy
logic-based traffic signal control was proposed by Hoyer ef a/ [279], designed to
tackle twelve main direction traffic flows of an intersection. They applied fuzzy
rule based decisions to activate a two-state, three-state or four-state control. The
simulation results showed a decrease in the average travel time when compared
to fixed time plans applied to the same simulation example. Tan et al. [280] de-
scribed the design and implementation of an intelligent traffic signal controller
for a four arm isolated traffic junction. Two fuzzy input variables were consid-
ered: the number of vehicles on the arrival side and the number of vehicles on
the queueing side. The output fuzzy variable was set to be the extension time on
the green signal on the arrival side. The simulation results showed a decrease in

the average travel time when compared to fixed time plans applied to the same
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simulation example. Other works on fuzzy logic include [281-313].

Fuzzy control has been popular over the years in traffic signal control, having
a simple process structure, with low maintenance cost, control adaptivity, fast
evaluation time and savings in material costs. Decisions in fuzzy logic are usu-
ally made using a rule-base which can be developed by expert knowledge, trial-
and-error or an automatic method such as a genetic algorithm [250]. However as
noted in [314] an effective rule-base for complex intersections might be difficult
to generate. The performance of the controller greatly relies on the effective-
ness of the rules developed and it can be difficult to determine if the rules being
used are helpful [250]. Moreover, evaluating the solution quality and finding

optimality bounds is not a trivial task [315].

3.2.5.3 Artificial Neural Networks

Neural networks represent another approach for the development of traffic signal
controllers as in [316—318]. Online training algorithms can be applied to estimate
the neural network connection weights. For example in Spall’s work in [182],
Simultaneous Perturbation Stochastic Approximation (SPSA) was applied as the
online training algorithm. In [182] and [286], a traffic signal controller using neu-

ral networks was developed for very simple networks with static traffic volumes.

Neural networks can be used with other combination of learning methods, such
as dynamic programming [319] and reinforcement learning [320]. Zhiyong and
Baiwu in [321] proposed a hierarchical fuzzy control method, and applied it to the
arterial coordinated control. Its fundamental principle was to use neural networks
to map fuzzy relations in arterial coordinated control for improving the precision
of fuzzy controller. Similarly, this approach was also applied in [322] for iso-
lated intersections. Performance deterioration can result when traffic conditions

change, as these systems must relearn another effective method of control.
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3.2.5.4 Swarm Intelligence

Swarm intelligence has also been applied to traffic signal control. Oliveira et
al. [323] used the swarm principle of task allocation to select signal plans based
on a theoretical pheromone stimulus emitted by waiting vehicles. With the inser-
tion of the neighbours’ influence on the agents’ decision, group formation based
on direct communication is formulated, prioritizing the global optimization, with
a local view based on pheromone dissipation, focused on a more local optimiza-

tion.

Swarm particle optimization is used in [324] to search for optimal signal plans
within a traffic network. Other recent literature which applied swarm intelligence

in real-time include the works in [325-328].

Similar to evolutionary computation, large amount of simulations are required

and may require re-optimization with changing traffic conditions [324].

3.2.6 Autonomic Systems

Great progress has been achieved in traffic responsive control systems as dis-
cussed in the previously mentioned sections and as reflected by commercial traf-
fic control software, such as MAXBAND by Little [147,329], TRANSYT by
Robertson [13], SCOOT by Hunt et al. [15], SCATS by Sims and Finlay [330],
STAUKO by Boettger [331], OPAC by Gartner [19], PRODYN by Vincent et
al. [20], CRONOS by Boillot et al. [332], RHODES by Mirchandani and Head
[22] and UTOPIA by Mauro and Di Taranto [21], which make use of the previ-
ously mentioned control techniques. However the controller parameters of such
methods are not tuned to changing traffic behaviour (for example non-typical
demands) so as to ensure consistent and optimal control. Such methods are also
unable to self-adapt to any network irregularities, such as roadworks, accidents
and disturbing weather conditions such as flooding. To adapt to the changes in
the network, these implementations use traffic surveillance technologies to mon-
itor network conditions and to warn the commuters of any detected irregularities.

On the other hand, an autonomic network is required to self-manage network be-
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haviour under such conditions.

The autonomic paradigm is inspired by the human autonomic nervous system
that handles complexity and uncertainties, and aims at realizing dynamic systems
and applications capable of managing themselves with minimum human inter-
vention. Autonomicity has been introduced to manage large-scale distributed
computing infrastructures [39,43,333,334]. To the author’s best knowledge, it
has only recently been applied to urban traffic networks [335] through the use of
a spatially distributed set of controllers capable of self-stabilizing [336] and self-
optimizing [25] the network behaviour. Three main types of autonomic archi-
tectures have been studied including: the centralized architectures [337] through
the use of one single controller that controls the entire network; the decentralized
architecture [338] which makes use of multiple controllers with each controller
managing the traffic network within a predefined area; and the hybrid architec-
ture which makes use of multiple controllers forming a hierarchical structure
where centralization occurs at a higher level that commands the decentralized
controllers in the lower level of the model [339], thus providing further coordi-

nation among the controllers.

The activation of the controllers in the network changes, depending on the sys-
tem perceived real-time traffic conditions. Due to the diversity and the dynamic
behaviour of traffic, it is required that the system adapts to the operational traf-
fic dynamics and provides reasonably accurate actions within reasonable time
instances so as to optimize the traffic flow in the network. Emulation of the hu-
man’s autonomic behaviour is obtained by activating controllers that are more
suited for dealing with specific traffic scenarios; that is, if a part of the network
is subject to any irregularity, for example traffic accidents or flooding, the sys-
tem intelligently activates specific controllers with the aim of recovering from
these irregularities with little human intervention, thus ensuring the continuity of

an efficient traffic management scheme [335].

Gershenson [34] presented an initial application, with an agent-based solution

able to control traffic signals effectively. Cools et al. [42] tested the controller on
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a modelled intersection area of the city of Brussels. Lammer and Helbing [340]

tested this approach to hypothetical grid-like networks.

3.3 Conclusion

This chapter has presented a review of traffic signal control methods suitable for
controlling traffic signal plans at intersections. Table 3.1 summarizes the main
advantages and limitations of each approach. Autonomicity has been recently
introduced and there has been little research into the many challenges of im-
plementing such behaviour in transportation systems. The presented works on
autonomicity heavily rely on cooperative agents that share or exchange informa-
tion, resulting in a timely-coordination process [47]. In addition, the traffic sys-
tem may sometimes exhibit features of a typical jump system, where the system
structure or parameters are prone to change value abruptly due to environmental
changes, such as network structural changes caused by flooding, road accidents
etc. [S1]. Hence the complexity of communication may hinder the performance
of such systems because of the slow response to detect abrupt changes in the sys-
tem parameters and to immediately update the model parameters. The following
work in this thesis will aim to address such research gaps, thus leading to novel

contributions for autonomic control, as will be presented in Chapters 8 and 9.
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Table 3.1: Summary of advantages and limitations of the approaches to control

Approach Advantages Limitations
* easy to implement;
* computationally effi- « control performance
cient; is not optimized in
. non-optimization
» low storage require-
. approach;
ments;
. . * limitations of the
* constrained optimiza-
S . search space to re-
tion is possible; .
duce computation
e robust in control; time in optimization
o approach;
» Optimization methods
include: DP, ADP, LQ « offline approach relies
and MPC; on either historical
) data or on average
Non. * DP and ADP suitable traffic conditions;
T for long term decision
Optimization making. e human intervention re-
and Optimization . quired when network
(Optimization: * ADP results in reduc- irregularities occur;
Adaptive) tion in computation re-
quirements when com- * LQ lacks the robust
pared to DP; property to cope with

* Deep Reinforcement
learning  potentially
promising to auto-
nomic traffic lights
control.

* Ease of dealing with
constraints when ap-
plying MPC.

parameter  perturba-
tions and external
disturbances;

* LQ has no direct

consideration for
constraints unlike
MPC.

Reservation and
Market-Based
System
(Autonomic)

* do not rely on approx-
imations;

* human intervention re-
duced to a minimum
when network irregu-
larities occur.

* renovation and infras-
tructure costs;

* possibility of serious
safety flaws.
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Approach

Advantages

Limitations

Car-to-Car Com-
munication
(Autonomic)

* do not rely on approx-
imations;

* human intervention re-
duced to a minimum
when network irregu-
larities occur.

renovation and infras-
tructure costs;

possibility of serious
safety flaws;

if communication is
down the system fails
completely.

Artificial Intelli-
gence
(Adaptive)

* do not rely on approx-
imations;

* fuzzy control is simple
to implement.

* Al includes: Evolu-
tionary Computation,
Fuzzy Logic, Artifi-
cial Neural Networks,
Swarm  Intelligence
and  Reinforcement
Learning;

intensive com-
putational speed
requirements;

large amount of sim-
ulations to determine
the performance of the
proposed signal plans;

deteriorating perfor-
mance when traffic
conditions change
particularly for neural
networks;

difficulty in generat-
ing an effective rule-
base in fuzzy logic.
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Chapter

Model Development

4.1 Introduction

Many countries, including Malta, are struggling with severe daily traffic conges-
tions that cause a huge amount of social and economic loss [341]. As discussed in
Section 2.2.2, the timing of signal-controlled traffic light intersections is a major
component in optimizing traffic flow within a road network and reducing traffic
congestion. Traffic-responsive signals are required to efficiently control traffic
in real-time. Sensors are installed at strategic locations on the signalized inter-
section to generate data that is required to control the traffic light timings in real-
time. Such an infrastructural installation, and its associated maintenance costs,
are an additional burden that should be kept to a minimum. A more effective so-
lution is to use more efficiently the current infrastructure and to optimize the flow
of vehicles through the road network in the presence of time-varying traffic con-
ditions. The design and implementation of such systems requires the use of com-
putationally efficient numerical models that continuously estimate the dynamics

of traffic flow, thus allowing the controllers to self-tune and self-optimize.

Over the years, several mathematical models were developed to model the traf-
fic dynamics within a signalized junction, as discussed in Chapter 2.3. Large
sets of observation in time are required to capture the constantly changing traf-
fic demand [6, 81]. This leads to high computational demand when estimating
models from data. A further complication is brought about by the spatial diver-
sity of traffic flow behaviour within a junction. Traffic flow depends highly on

traffic conditions within a junction, whether the junction is saturated or not, and
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hence homogenous behaviour of traffic cannot be assumed. In modelling ap-
proaches where the spatial domain is divided into a grid of cells, the number of
cells increases with the size of the junction. In addition, the underlying traffic pa-

rameters are assumed to be known or else estimated from past traffic information.

The main objectives of this chapter are to develop linear heterogenous models
that are able to describe several different traffic conditions, saturated and unsat-
urated traffic conditions, inferred from measured data, with junction models not
divided into a grid of cells, and with computational costs kept to a minimum.
Faced with such requirements, the choice of the models presented in Chapter 2.3
is quite limited. CTM is not highly adequate for urban scenarios having traffic
junctions discontinuities, because of a grid of spatial cells that are assumed to be
homogenous. Also, computational demand increases with larger networks [89],
resulting in high computational effort for CTM to provide real-time traffic con-
trol. On the other hand, such computational burden can be eliminated through
the use of SFM. However such a model is only applicable to saturated traffic
scenarios [4]. The queuing theory approach can be used to model traffic be-
haviour during different traffic conditions with high accuracy in the modelling
of the dynamics. This approach is nonlinear in nature, capturing the nonlinear
characteristics of vehicles flowing through an arm, but can easily be piecewise
linearized [6, 81] making it adequate for the design of appropriate controllers in
both linear and nonlinear domains. The approach of Pecherkova et al. [6] and
Kratochilova et al. [81] was chosen for this study satisfying the above require-
ments. Furthermore, the approach leading to this model was validated by [6] thus
boosting our confidence that the model is a good and reliable representation of a

true junction.

4.2 Representation of the Model

Consider an arm i as shown in Figure 4.1 with one sensor placed at the input to
measure the inflow towards the arm, another placed on the stop-line to measure
the number of departed cars and the third sensor placed at the output of the arm

to measure the outflow away from the arm.
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Sensor of departed cars
Sensor of arm i flow towards arm

Figure 4.1: An example of an arm i

The state variables in this model comprise:

» the queue length in arm i, denoted as {;(¢) which represents the number
of vehicles in arm i waiting to pass towards the arm at the start of the red
phase of each cycle (in [#v]). t denotes time in cycles, where a cycle is the
time taken to fulfill one complete sequence of traffic signal phases, and

integer ¢ denotes the cycle index;

* the inflow in arm 7, i.e. the number of unit vehicles (uv) entering arm i in

a cycle, denoted as y;,(7) in [uv/cycle];

» the occupancy ¢;(r) which relates the proportion of time when a sensor
is occupied (and therefore activated) in a cycle with respect to the total

measuring period given in [%];
Hence, the state vector x is given by Equation (4.2.1).

[ Gi(r) ]
x(t)=| () (4.2.1)
0i(t)

The state equation is later presented in Equation (4.2.5).
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The three sensors mentioned previously, are usually implemented as inductive
loops [60] and their readings typically include sensor noise v(z) assumed in this
model, to be additive white, zero-mean, Gaussian measurement noise with co-
variance R, where R is a symmetric positive-definite matrix. r; ; represent the
elements of the inverse of R and /, j represent the row and column index of the
matrix respectively. Thus, the sensor measurement vector y is taken to be yy,(¢)
and 7;(¢), which are simply the state variables y;,(¢) and ¢;(¢) corrupted by the
additive noise v(7), i.e.

( )) } () 4.22)

Further notation includes:

* z; representing the ratio of the green signal time to the total cycle time for

arm i,

 w(t) is a white, zero-mean, Gaussian noise process with covariance Q, cap-
turing model inaccuracy, where Q is a symmetric positive-definite matrix,
with g; ; representing the elements of the inverse of Q and [, j represent

the rows and columns of the matrix respectively,
* §; represents the saturated flow for arm i in [uv/cycle].

The model assumes that the flow into the junction (y;,) is a Markovian random
process where the flow into the junction at time 7 + 1 is dependent on the inflow
at the previous cycle, ¥;,(f) and white, zero-mean, Gaussian noise. The occu-
pancy ¢;(z+ 1) is considered to depend upon the occupancy at the previous cycle
¢;(¢) and the queue length {;(7), parameterized by two variables k;() and f;(z),
as similarly described in Section 2.3.3. Note that, although ¢;(¢) does not affect
the estimation of y.(¢) and §;(¢), the occupancy is included in the model because
it is useful to detect unusual situations such as lane blockage during unsaturated

conditions.

If a continuous green signal is shown throughout the cycle, the number of unit
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vehicles exiting arm i in a cycle towards the junction is denoted as o, (¢). Thus,
during a cycle with green ratio z;(¢), the departed vehicles during that cycle, is
given by z;(t)Ip,(t), where:

(&) +y, (1))
Ioi(t):S,-(l—e S ) > 4.2.3)

This nonlinear function as presented in [6] and plotted in Figure 2.10 (black plot)
represents the number of vehicles exiting an arm and depends on three quantities:
(i) the queue length {;(7) (ii) the inflow ;. (¢) and (iii) the maximum number of
passing vehicles that could be carried by the arm in saturated traffic conditions,
given by S;z;(t) with green ratio z;(z). Similar to the piecewise linear function
(blue plot), as the queue length and the inflow increase, the intensity of departed
vehicles during the green signal increases until it approaches a maximum number

determined by saturated traffic flow conditions.
According to this model, the queue length at cycle # + 1 is equal to the previ-

ous queue length, ;(7), less the departed vehicles z;(¢)Ip,(t), and the arriving

vehicles y;.(¢) in a cycle, leading to:
Ci(t+1) = Gi(t) — zi(t)Io,(t) + y1,(t) + w1 (2) (4.2.4)
where w/ () represents the first element of process noise w, introduced before.

Yo,(t), the outflow from the arm, is equal to the departed vehicles during the

green signal z;(1)Ip,(t) plus some additive noise v3(z).

All these considerations applied to one of the arms are combined to form the

state-space equations presented in Equation (4.2.5).
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[ Gi(t+1) ] 1 1 o0 } [ Ci(r) ] |:Ioi(t) ] [Wl(t) ]
nE+1) | = 0 1 0 @) | = 0 |z@)+]| war)
(]),'(t-i-l) i K,'(t) 0 ﬁ,’(t) (P,'(l‘) 0 W3(t)
[ 0, ] [0 1 o] { i) ] [ 0 ] [vm
7 (¢ = 0 0 1 1) |+ 0 zi(t)+ | va(r)
Yo, (1) | 0 0 oi (1) Io,(t) v3(t
(4.2.5)

Let A, B, C and D denote the state-space matrices of Equation (4.2.5), for arm i,
where A represents the state matrix, B represents the input matrix, C represents
the output matrix and D represents the direct transmission matrix, respectively.
Note that Equation (4.2.5) represents the state-space representations for both sat-
urated and unsaturated traffic conditions because Iy, (¢) is calculated from Equa-
tion (4.2.3), which represents the departed vehicles during the green signal, /o, (7)

as a nonlinear function.

As an alternative, as previously described in Section 2.3.3, the departed vehi-
cles are sometimes also represented as a piecewise linear function as in Figure
2.10 [81]. For unsaturated traffic conditions, the model assumes that the outflow
is equal to the inflow if no queue exists. Otherwise, the outflow increases in di-
rect proportion with the queue length and inversely with green time so that the
queue is reduced efficiently. This leads to the following equation for unsaturated
conditions i.e. when Ip, (1) <S;:

Io (1) = 7,(1) + f((;)) (4.2.6)
= 70.(t) = ()Y (t) + &(2) (4.2.7)

For saturated traffic conditions, Ip, (¢) is equal to S; which implies that yp, (t)=z;(¢)S:;.

With this piecewise linear approximation, the state space model for unsaturated

traffic conditions is given as:
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[ Gi(t+1) ] [0 1-z() 0 ] [ Gi(r) ] [Wl(f)
n(+1) = 0 1 0 () |+ | walt)
¢i(t+1) | ki(?) 0 Bi(?) oi(t) w3 (t)
(4.2.8)
[ x;(t) ] [0 1 ] [ Gi(r) | lvl(f) ]
7(t) = |0 1 v(t) |+ | va(t)
Yo,(1) L1 () ¢i(t) | v3(t)
whereas for saturated conditions it becomes:
Ci(t+1) ] [ 1 1 o0 ] [ 410 ] [ Si(t) ] [ wi(t) ]
wt+1) | = 10 w) | = 0 Jz®)+| war)
¢i(t+1) | k(1) 0 Pi(r) ¢i(t) 0 w3(t)
] - Leealla ) e 3
7;(t) = 0 0 1 7 (1) | + zi(t)+ | valr)
Yo, (t) L0 0 0i(t) Si(t) v3(t)
(4.2.9)

Note that switching between the two models of Equations (4.2.8) and (4.2.9) is

required when both unsaturated and saturated traffic conditions are present.

In this work both models of Equations (4.2.8) and (4.2.9) and Equation (4.2.5)
will be used. In the estimation algorithms presented in Chapters 5 and Sections
6.1 to 6.2 of Chapter 6, the model of Equations (4.2.8) and (4.2.9) will be ap-
plied. This is because the estimation algorithms presented there required the
partial derivative of the likelihood function with respect to each parameter to be
worked out analytically. Solving for the saturation parameters from the partial
derivatives of the likelihood function with respect to such parameters was too
complex because of the high nonlinearity in Equation (4.2.3). On the other hand,
in the estimation algorithms presented in Section 6.3, analytical derivatives are
not required. Hence, the model of Equation (4.2.5) was used avoiding the need

of switching when both unsaturated and saturated traffic conditions were present.

Furthermore, Equations (4.2.5), (4.2.8) and (4.2.9) assume that the inflow mea-

surements yy, () are independent of queue length. In actual fact, as a consequence
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of sensor positioning, the measured inflow may be affected by the distance be-
tween the two sensors located on the input lane and the queue length. When
the queue length exceeds this distance, incoming vehicles cannot be sensed so
as to update the true inflow rate. Instead, under this condition, the measured in-
flow is perceived to be equal to the rate of departed vehicles towards the junction
per cycle, namely z;(1)Ip,(t) plus noise v; (¢), as represented in Equation (4.2.10),
where I, (¢) can be represented both by the nonlinear function of Equation (4.2.3)
and by the piecewise linear function of Equation (4.2.7) for unsaturated traffic

conditions while for saturated traffic conditions, Iy, (t) is equal to S;.

[ 2 (1) ] [ 0 ] { Gi(1) ] [ Io, (t,zi(t)) ] [ vi(t) ]
) | = Ul |+ 0 20+ | m@) | @210
Yo,(1) 0

v3(t)
All considerations previously discussed are applicable to an arm i considered in
isolation. This shall now be extended to a junction with multiple arms. Consider
a typical 3-arm or 4-arm junction as shown in Figures 4.2 and 4.3 respectively.
Each arm is comprised of five lanes, with three lanes carrying opposite traffic
flow to the other two lanes. In Figure 4.3 three sensors (indicated in blue) are
installed per arm, with one sensor placed at the input lanes to measure the inflow
towards the junction, another placed on the stop-line of each arm to measure the
outflow towards the junction and the third sensor placed at the output lanes of
the arm to measure the outflow away from the junction. Similarly for the 3-arm

junction of Figure 4.2.

For multiple arms, Yo, represents the flow for each arm away from the junc-
tion, that is the number of vehicles exiting the other arms towards the junction
and entering into arm i. Let the turning ratio o;; represent the ratio of vehicles
turning from arm i to arm j in relation to the number of vehicles in arm i. Hence,

for an n-arm junction, the flow for each arm away from the junction is given by
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Sensors of arm 1 flow
| towards junction

Sensor of arm 1 flow
away from junction

Figure 4.2: 3-arm signalized junction

[

Figure 4.3: 4-arm signalized junction
Equation 4.2.11.

Yo,(t) = Z oi(1)zj(t)lo, (1) +v3(t) Vi=1..n (4.2.11)
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The turning ratios ;; are subject to the constraints given by Equations (4.2.12)
and (4.2.13), where the addition of the ratio of vehicles turning from the same arm
towards other arms should add up to one by the Conservation of Flow Principle,

while the value itself should be between 0 and 1. Hence,

For every given i,Zaij(t) =1 Vj=1.n (4.2.12)
i#]
0<a;(t)<1 Vi j=1.n (4.2.13)

Extending these and the previous equations to an n-arm junction yields the fol-

lowing state-space representation:
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Gt+1 0 0 1 0 0 0 0 0 Gi()
Ht+1) 0 1 0o 0 1 0 0 0 0 &()
Cn(z.+ 1) 0 0 1 0 0 1 0 0 0 (1)
7, (14 1) 0 0 0 1 0 0 0 0 0 (1)
Y (t+1) 0 0 0 0 0 0 0 0 7, (1)
yln(t.+l) 0 0 - 0o 0 0 - 1 0 0 - 0 y,”.(t)
¢1(l+1) Kl([) 0 0 0 0 ﬁl(t) 0 0 ¢1([)
ot +1 0 () 0o 0 0 0 0 B 0 o (1)
i ¢,,(zA+1) | L 0 0 - ®@ 0 0 -~ 0 0 0 - Buo) || @(z) |
[ o, (t) O - 0
0 Io,(t) 0
0 0 Io, (1) @) ]
0 0 0 w(1)
0 0 0 21() ws (1)
22(1) wa(t)
- i Co T ows)
R RO
CoL
0 0 0
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XI] (l‘) 0 0
112 (l‘) 0 0
X]n. t) 0 0
T] (t) 0 0
Tz(t) 0 0
‘L',l.(t) 0 0
’)/0I (t) 0 0
Yo, (t 0 0
L v0.() L 0 0
i 0
0
0
0
0
+ 4
0
0
a12(0)Io, (1)
| (X[_,,(l)]ol (I)

(X27| (Z‘)IOZ (I)

00, (1)10, (1)

0 0
0 o0
1 0
0 1
0 0
0 0
0 0
0 0
0o 0
0
0
0
0
0
0

a1 (1)lo, (1)
0,,2(1)1p, (1)

0 Gi()
0 &)
0 Gi(t)
0 (1)
0 (1)
1 , (1)
0 o1 (1)
0 o (1)
0 1 L ¢u(r)
[ i) ]
(1)
21(t) v3(t)
2(t) (1)
: + vs(1)
Zn(t) V().(t)
[ ) |
(4.2.14)

Table 4.1 summarizes all the notations used for an arm i or an n-arm junction:
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Table 4.1: Summary of notations used for an arm i or a n-arm junction

Notation Definition

Gi queue in arm i

Y number of vehicles entering arm i

XI; Y; + noise

O; occupancy at arm i

T; @; + noise

Zi ratio of green time / cycle time

zilo, number of vehicles exiting arm i in cycle for 1
arm

number of vehicles exiting arm i towards junc-

tion in cycle for multiple arms

Yo, zilp; + noise for 1 arm

Y'ioy 0i(t)zj(t)lo;(t)+ noise Vi = 1..n for
J#

multiple arms

4.3 Conclusion

The state space model for a 3-arm and 4-arm junction have been presented, where these
could be extended to n-arm junctions. In this work, we aim to estimate recursively in
real-time, the state variables §;(7), y,(¢) and ¢;(¢), representing queue length, inflow
and occupancy, together with model parameters «;, f3;, saturated flows S;, turning ra-
tios o;; and noise covariances Q and R which are all assumed unknown, based upon
sensor measurements Xz, T;, Yo, representing measured inflow, occupancy and outflow,
and knowledge of green time ratio z;. Note that although the inflow and the occupancy
state variables are sensed, these measurements are affected by sensor noise v(7). They
shall thus still be estimated recursively, as discussed in the next chapter, so as to obtain
smoother estimates. Furthermore, there is also the possibility of estimating predictions
for the inflow 7;, and the occupancy ¢;, which might be useful for controllers integrated

to this estimation procedure.
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Chapter 5

Quasi-real-time Joint estimation

of states, model parameters and

noise covariances

5.1 Introduction

Faced with the requirement of continuously tuning the model to reflect changing traffic
conditions in real-time, a joint state and parameter estimation procedure is necessary.
Based on the observations discussed in Section 2.5 on joint estimation strategies, an
elegant and powerful method for joint estimation is the EM algorithm [114,115]. A set
of novel online joint state, parameter and noise estimation algorithms, based on the EM

algorithm but modified for real-time implementation, will be proposed in this chapter.

5.2 Quasi Real-Time Joint Estimation of States,

Parameters and Noise Covariances

The key feature of the EM algorithm is to exploit the concavity of the log likelihood
function so as to guarantee its maximization [113,116,342—-349]. Let G be the log like-
lihood function with respect to the parameter vector €. Then G is concave if for all A €

(0,1) the following condition is satisfied:
G((l — A)Ok_l —i—lek) > (1 — A)G(Hk_l) —|—AG(9/¢) (5.2.1)

The EM algorithm iteratively computes @ such that each consecutive 0 estimate, 6, either

remains the same or improves on the previous estimate. Hence, the process of maximiz-
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ing the likelihood function is the same as maximizing the difference in the log likelihood

between iterations as indicated in Equation (5.2.2) given in [116]:
G(8) —G(8) =Inp(Yy|0) —Inp(Yy|0) (5.2.2)

where 0=[at12, 013, ..., Qin, Q215 003, oy Oy vy Opls Op2y ey Oy(n—1)s K1y K2y ooy K
Bi, B2, -s Bus S1, S2, ..., Sp] in our case, 0 represents the initial parameter vector guess
and Yy denotes some observed data set up to time N. The decomposition in Equation
(5.2.2) shows that if a value for 0 is found that increases logp(Yy|0), then this must also
increase the log-likelihood G(8). Suppose we are able to calculate the likelihood of the
observed data Yy and some hidden data Xy, it follows from [116] that:

0= argmax (Exy|vy.0G(0)) = arg max (Exy|vy.0llnp(Yn,Xy|0)]) (5.2.3)

by definition of likelihood function G(8) in Equation (5.2.2), where

N

Ex,vy,0[Inp(Yn,Xn|0] = Ex, vy .0 (Zlnp(mxkao)
k=t

+ i In p(x¢|Xx—1,0) + In p(xo, 0)) (5.2.4)
k=t

where the outputs, y; represent the observed data and x; represent the state variables.
Making use of model Equations (4.2.5) to (4.2.10) and the fact that the noise is assumed
to be normally distributed and zero mean, the probabilities in Equation (5.2.4) can be
expanded further as follows: the observed data y; is distributed normally with mean
Cx; + Dz, and covariance R. Similarly, the state variable x; is distributed normally
with mean Ax;_; + Bz,_; and covariance Q. The initial state X is also assumed to be
distributed normally with mean u and variance Py. This leads to the expression for the
log-likelihood as follows [116]:
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Covariances

2E{G(6y,6;)} = —In|Py|
—Tr(Py " Eg((x0 — p)(x0 — )" +Po|Yn))
—NIn|Q|—NIn|R|

N
— Z (Tr(Q_lEé ((Xk — Aﬁk_l — BZk_l — wk—l) (525)

k=t

(xk — A% — Bz — Wk—l)T|Yk))>

N
— Z (TF(R_IEé ((Yk — Cx; — Dz —vy)

k=t

(Y& — C&; — Dz; — Vk)T|Yk)))

where 6 is an estimate of 0, X 1~N(u,Py), A, B, C and D are the state space matrices
from Equations (4.2.8) and (4.2.9), the covariance matrices
E{w(t)w! (t)}=Q and E{v(¢)v’ (t)}=R.

The EM algorithm alternates between two steps. The Expectation (E) step, computes
the best estimate of the likelihood function using the current estimate for the parameters
using a Kalman filter and/or Kalman smoother recursions [350]. The Maximization (M)
step computes parameters maximizing the expected log-likelihood found in the E step.

Therefore,
« E Step - Calculate 2E{G(6;,6;)})

* M Step - Compute 6y = argmaxg (Ex,|yy6G(6%,0x)) where k represents the
k' iteration of the EM algorithm.

5.2.1 Standard batch-based EM

Let X denote the estimate of state vector x. Then, X is given by first running the Kalman
filter recursions [350] followed by the Kalman smoother recursions [350] to calculate
the smoothed estimates. To solve for 8, we find the parameters that maximize the
log-likelihood Equation (5.2.5), or equivalently those that minimize the negative log-
likelihood given by —2E{G(6y,6;)} in Equation (5.2.5) conditioned upon %, the esti-
mated states. In a standard batch EM implementation, these parameters are iteratively

estimated over a batch of NV observations.
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Differentiating the negative log likelihood with respect to each of the elements
of 8!, and equated to zero in order to find the parameters that give the minimum
value. Note that derivatives for parameters describing 3 or 4-arm junctions will
be derived according to the following methodology. For example, using model
equations (4.2.5) or (4.2.8) and (4.2.9) and taking the partial derivative of the
objective function with respect to k; and equating to 0, gives:

N
ki) Gi(k—1)° =
k=t
Z{¢1 )G (k—=1)} — ﬁlZ‘Pl k—1)Ci(k—1)
—Zw6(k—1)é_,’](k—1) (5.2.6)
k=t

which can easily be solved for kj. Similarly for f3;:

N
BiY ¢1(k—1)%=
k=t
Z{‘Pl Jo1(k—1)} — KlZ‘Pl - D& (k—1)
— Z¢1 (k—Dwg(k—1) (5.2.7)
k=t
For simplification reasons, Equations (5.2.6) and (5.2.7) assume that Q and R

are diagonal matrices, with equal diagonal elements. Doing the same for param-
eter S, using Equation (4.2.5) and taking the partial derivative of the objective

I'The following matrix properties are useful for this [351]:
* (A+B)T =AT + BT
+ (AB)T =BTAT

dtr X IB(x
. DrABL) _ 5 9B
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function with respect to S; and equating to 0, gives Equation (5.2.8).

4 (k) {1 _ SR 4 (k) (1 Gk + (k))}_

Syz1(k) Siz1 (k)
_Gi(k) +m, (k) (k) +m, (k)
Cl(k—l)[l—e ! Sl (1_ I Sm Tl )}—i— 528
Sizi(k—1) —zi(k— )[ZS + & (k;*('k?)’h (k)}e* & (2:(7}3 (k)+
Gi(k)+y (k)7 _2(& (k) +v (k)
m(k—l)[SH— 1 o) }e lS1Z1(k) =0

Unfortunately in this case, solving for §; from Equation (5.2.8) is not straight-
forward because S| appears nonlinearly in the equation. Hence estimation of
parameters using the linear piecewise approximation as discussed in Chapter 4
with model Equations given by (4.2.8) and (4.2.9) is preferred. Taking this ap-
proach, for S| under saturated traffic conditions leads to:

Y (k=) (k= 1)+, (k= Daa(k—1)

k=t
= Gi(k)z1 (k= 1) + o2Yo, (k)21 (k) + 030, (k)21 (k)
— 0130035222 (k)z1 (k) — Q120328323 (k) z1 (k) (5.2.9)

+z1(k—1)wi(k—1) — ozzi (k)vg (k) — o3z (k)v9(k))

N
=51}, (k=1 + bz (07 +afs2 (k) )
k=t

which can be easily solved for S;. Similarly for o; under unsaturated traffic

conditions, we obtain:

N N N
3 (or ()7 (0226)) — ¥ (30 8) Zm Jor(k) = ¥ Gl k
k=t k=t k=t

N N

=Y (22(k)y, (k)2 021) + Y (22 (k) ¥, (K) Ga (k) 021 )

k=t k=t

; f (23 (227 (0 (1) + 3 (22 0007 (K)o () )
k=t k=t

(5.2.10)
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Covariances
and for o under saturated traffic conditions we get:
N
Z (52}/01 (k)z2(k) — S2z2(k)v7(k) — 031528322 (k)z3 (k))
k=t (5.2.11)

N
= a1 Y ($525(k))
k=t

In this approach, the model parameters @ are considered as separate from the
noise covariance matrices Q and R. This differs from standard EM methodol-
ogy where Q and R are typically grouped with the model parameters [343]. Our
approach thus allows the estimation algorithm to be tuned more selectively ac-
cording to the differing characteristics of the model parameters and the elements
of the covariance matrices, such as their different order of magnitude and their
numerical constraints.

Following from Chen’s work [116] and taking the partial derivative of the nega-
tive log-likelihood given by —2E{G(6y,8;)} in Equation (5.2.5) with respect to
Q! and R™! respectively?, and equating both to 0, leads to Equations (5.2.12)
and (5.2.13). The quantities Py y, Py—1x, Prx—1 and Py_yy are pre-computed
from the Kalman smoother recursions [116].

0=

N
(N—1) l; [(’A‘kw —Ak— |9 ~“B(k—1z(k—1))

(Repy — Alk— D&y —B(k— Dz(k—1))" (5.2.12)

+ Py _A(k_ P14 —Pk_,k_1A(k— T
FAK— 1P yA(k— 1)T]

2To find the partial derivative of the objective function with respect to Q! and R™! respec-
tively, the following properties were used [116,351,352]:

+ In(R™") = —1In(R)

. 9n|(R)] _ _ dln|(R7)|
JR-T JRT
dln|(R™! 1\ —
. all(llil )| (R-H~T =R
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N
Y [(y(k) — C(k— )&y —D(k—1)z(k))

(y(k) — Clk— )&y — Dk — 1)z2(k))” (5.2.13)

+C(k— 1Py Clk— 1)T]

This process is repeated for all other variables describing the traffic dynamics
within a signalized junction for unsaturated and saturated traffic conditions. The
algorithm is given in Table 5.1. However, such a batch approach is not suitable
for real-time control, since the Kalman smoothed estimates are conditioned on
the whole data set N. Hence a modified algorithm for joint estimation of states,

noise and model parameters is proposed, as discussed in the following section.
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Table 5.1: EM algorithm for estimation of model states, parameters and noise
realisations

Initialise estimates for 6
Iterate for k=1,2,...,N where N represent the size of the available
data batch

E-step

Run Kalman-filter recursions followed by the Kalman smoother
recursions in order to compute Xy with N representing number
of observations.

M-step
I£ (o (k) + 13, (k) - 20 (k) < (Snzn (k)

Minimise —2E{G(8,0;)} over 6 via the choices in
unsaturated conditions including Equations
(5.2.6) - (5.2.7),(5.2.10), (5.2.12), (5.2.13).

I (Ga (k) + 1, (K) - 20 (K)) > (Snza ()

Minimise —2E{G(6,0;)} over 0 via the choices in saturated
conditions including Equations (5.2.6) - (5.2.7), (5.2.9),
(5.2.11), (5.2.12), (5.2.13).

Repeat the E and M steps until the log likelihood of the
objective function converges to a constant value up to
a small predefined tolerance bound.

Update A, B, C, D, with ék to reflect the traffic conditions
per arm.

5.2.2 The modified EM algorithm - Quasi Real-Time

Implementation

In the dynamic traffic situations considered in this work, estimation is ideally re-
quired to reflect traffic conditions in real-time. Hence, the standard batch mode

EM algorithm of Table 5.1 is modified to carry out quasi real-time estimation.
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Table 5.2: Quasi real-time EM algorithm for estimation of model states, param-
eters and noise covariance

Initialise estimates for 6, Q and R

Commencing from =i+ 1

Iterate for every time step 7 and measure y(¢).
Iterate for k=(t — 71),...,t

E-step
Run Kalman-filter recursions followed by the Kalman smoother
recursions in order to compute Xy ;.

M-step
Minimise —2E{G(0.,0;)} over 6 for unsaturated conditions
including (5.2.6) - (5.2.7), (5.2.10) and for saturated conditions
including Equations (5.2.6) - (5.2.7), (5.2.9), (5.2.11),
with N replaced by 7.

Repeat the E and M steps until the log likelihood of
the objective function converges to a constant value
up to a small predefined tolerance bound.

Update A, B, C, D, with ék to reflect the traffic conditions
per arm.

Example' A: (Aunsat ‘ﬁ”m’(l_f) (Asat 'ﬁsaz)

n

If (t>m) where m represents the size of the second window
Iterate for k=(t — m),....t
Maximise Q and R as in Equations (5.2.12) and (5.2.13)
with N replaced by 7.

t=t+1
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This algorithm and the new notations are explained in the following text. This
estimation algorithm requires continuous storage of a reduced set of past mea-
surement data, hence denoting a quasi real-time estimation as opposed to a purely
online estimation where estimation is carried out on the fly, without storing the
measurement data. However, only a reduced batch of data points is necessary at

any given time, as opposed to classical EM.

In the quasi real-time estimation, an iterative algorithm is proposed which makes
use of two uniform windows, one of fixed time length 7 for joint states and pa-
rameter estimation, and another of fixed time length /7 for noise covariance esti-
mation, hence separating the estimation of Q and R as shown in Table 5.2. The
uniform windows of fixed time length 72 and /m respectively, less than N, look
back in time and move on a time grid as shown in Figure 5.1. 77 and m are both
significantly less than N to obtain quasi real-time estimation. Simulations show
that a 71 of order 20 and a m of order 1500 for N being equal to 7097 cycles
give good reliable results. Joint parameter and state estimation is carried out for
those particular time points falling inside the first window, by applying the EM
algorithm presented in Table 5.2. At every time iteration, the window slides for-
ward by one instant and the procedure is repeated again, with initial values for
the parameters and the states being fed from the previous time window. This
algorithm is beneficial to modelling the traffic behaviour within a junction, since
traffic information from sensors, including the input intensity and the output in-
tensity need not be available as a batch of N samples, but rather within a shorter
window of 77 samples. In the second time window, noise covariance estimation
is carried out for those particular time points falling inside this window. Tests to
establish suitable window lengths /2 and 7z are carried out through simulations as
will be described in Section 5.2.3.

5.2.2.1 Transitions between saturated and unsaturated flows

The presented model is subject to unsaturated or saturated traffic conditions per
arm. An arm can exhibit unsaturated or saturated conditions irrespective of other

arms within the same junction. An arm is saturated if the condition ({,(k) +
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Forward Moving Windows

[ | ] t
i 2 3 Real|Time

——
forward moving Kalman filter

Figure 5.1: Real-time joint parameters and states estimation

Y, (k) - 2,(k)) > (Snzn(k)) is satisfied. Conversely, an arm is usaturated if (&, (k) +
Y1, (k) - 2, (k))<(Snza(k)). Hence, for example, for a 3-arm junction, eight (2%)
different combinations of switching conditions exist. Thus during execution of
the modified EM algorithm the state space model’s matrices given in Equations
(4.2.8) and (4.2.9) are all updated to reflect the different traffic conditions per
arm. For one time instance, falling within a window length 7, the number of
times an arm is in unsaturation or in saturation is noted and average weight-
ing of model parameters and state space matrices are obtained. For example,

Auvnsar-Tumsar) (A 71 ..
A= Aunsa "”’“‘;l_’ )(Asar Tsar) , where A,,sor and Ay, represent the state transition ma-

trix for unsaturation and saturation respectively, while 71,5, and 7, represent
the number of times an arm is unsaturated or saturated, where ii=7i,;,54; +75q:. The
average weighting of model parameters and state space matrices are obtained for

each time instance, so as to update the Kalman filter and smoother recursions.

5.2.2.2 System Identification

One fundamental question of system identification is whether or not the unknown
variables can be uniquely estimated from a given set of mathematical expres-
sions. If unique estimates of the parameters cannot be obtained, the system is

not uniquely identifiable [353].

For example, for a 3-arm junction, to solve for the six turning ratio parame-
ters in the maximization stage (&2, 13, 01, 03, 031 and 03;), six equations

are available under unsaturated traffic conditions, as given by Equations (4.2.12)
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and (4.2.13). Hence a unique solution can be found and the system is identifiable.

However, for saturated traffic conditions, to estimate the turning ratio param-
eters and the saturations in the maximization stage, nine parameters need to be
solved: o2, o3, 001, 03, 031, 032 and Sp, S», S3. However only six equa-
tions are available as per Equations (4.2.12) and (4.2.13). Hence, the system of
equations is underdetermined and the unknowns are not uniquely identifiable.
To overcome this problem in the saturated traffic case, the saturation and turn-
ing ratio estimations are carried out in an alternating manner. At a given time
instance, the estimation of turning ratios is carried out first, whilst feeding in any
prior information for the saturation parameters as if they were known. At the next
instant, the saturation parameters are updated given the turning ratio parameters
estimated in the previous step. Priority is given to first estimating the turning
ratios based on some prior knowledge of the saturation parameters, because the
latter are less likely to change when subject to changing traffic scenarios, unlike

the turning ratios.

5.2.3 Results

The proposed algorithm was tested on a 3-arm junction, with geometry similar
to the junction presented in Figure 4.2. The unknown variables to be estimated
include the state vector x = [£) & G 71, ¥, Vi @1 02 ¢3]7, the vector of model
parameters 6 = [0, 03, Q1. 003, 031, 032, K1, K2, K3, B, B2, B3, 1, S2, S3]7
and noise covariances Q and R.

Two cases were tested: 1) the estimation of states and model parameters, with
measurement noise covariance assumed known, and ii) the estimation of states
and model parameters together with process and measurement noise covariance.
The geometry of the network was imported from OpenStreetMap which is inter-
faced through Aimsun. Measurements of vehicles entering and leaving each arm
were simulated in Aimsun [354] as Traffic State per second. Traftic light infor-
mation such as phases and a cycle time of 90 seconds were introduced to reflect

typical traffic characteristics that this simulated junction is based on. The simula-
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tion was executed for 7097 cycles to replicate traffic count measurements similar
to a physical ITS junction purposely fitted with sensors. Sensors were placed in
the junction similar to those shown in Figure 4.2, with the sensors measuring
the flow towards the junction placed 60 metres away from each other, for each
arm. Randomly generated Gaussian distributed measurement noise was added
to the high resolution dataset from Aimsun for evaluation purposes, which was
then used as input to the quasi real-time EM algorithm. The actual measurement
noise covariance R for the 3-arm signalized junction is given by a 9 by 9 sym-
metric positive-definite matrix with randomly generated Gaussian elements, as
given in Equation (5.2.14).

[ 0.2963 0.0849 0.0616 0.0921 0.0891 0.1215 0.0832 0.0750 0.0673
0.0849 0.3145 0.0488 0.1078 0.0706 0.1128 0.0940 0.0824 0.0990
0.0616 0.0488 0.2163 0.0610 0.0662 0.0756 0.0605 0.0740 0.0741
0.0921 0.1078 0.0610 0.3543 0.0746 0.0630 0.1072 0.0720 0.1128

R= 0.0891 0.0706 0.0662 0.0746 0.3016 0.0735 0.1133 0.1054 0.0913

0.1215 0.1128 0.0756 0.0630 0.0735 0.3098 0.0668 0.0951 0.1206

0.0832 0.0940 0.0605 0.1072 0.1133 0.0668 0.3577 0.0984 0.1039

0.0750 0.0824 0.0740 0.0720 0.1054 0.0951 0.0984 0.2933 0.0841

| 0.0673 0.0990 0.0741 0.1128 0.0913 0.1206 0.1039 0.0841 0.3285 |
(5.2.14)

Tests were first carried out to determine a suitable window size for the modified
EM algorithm. The expectation stage was executed separately from the max-
imization stage, assuming known parameters for this stage. 1000 realisations
were executed for each window size with different traffic conditions. In order
to evaluate the quality of the estimation, a Root Mean Square Error (RMSE)

measure for some estimate p was defined to be given by the square root of the
L(p(t)=p(t))?

n

averaged mean square error per window sample as J=\/ *————, where p is
the actual value. For each realisation and for each window sample, the RMSE
measure J was calculated, expressed as a percentage of the mean measurement

p(t) over the window sample. The resultant %RMSE measures are then aver-
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aged over all window samples to get one value for evaluation purposes. Table 5.3
shows the resultant %RMSE measures for the states including the queue length
¢; and the inflow 7, for each arm for different window lengths. A window of
length 20 resulted in an average %RMSE measure of 10.7%, averaged over all
states, while a window length of 40 resulted in an average %RMSE measure of
9.0%. Thus, doubling the window size resulted in only a minor improvement in

state estimation.

Similarly, Monte Carlo runs with 1000 realisations were executed for the max-
imization stage assuming known states for this stage and each realisation rep-
resented different traffic conditions. For each realisation and for each window
sample, the RMSE measure J was calculated, expressed as a percentage of the
mean parameter p(r) over the window sample. Similar to the previous stage, the
resultant %RMSE measures are then averaged over all window samples to get
one value for evaluation purposes. Table 5.4 shows the resultant %RMSE mea-
sures for the turning ratios @;; and saturation parameters S; for different window
lengths. A window of length 20 resulted in an average %RMSE measures of
0.6%, averaged over all parameters, while a window length of 40 resulted in an
average %RMSE measures of 0.3%. In this case, the improvement in parameter

estimation with double window size is more significant than for state estimation.

Table 5.3: Average RMSE measure J for the states expressed as a percentage of
the respective measurement for different window sizes

Window size 71

20

40

%RMSE for {;
%RMSE for §;
%RMSE for (3
%RMSE for y;,
%RMSE for 1,
%RMSE for y,

9.2 (4 vehicles)
11.3 (5 vehicles)
9.8 (4 vehicles)
11.5 (3 vehicles)
12.3 (4 vehicles)
10.3 (3 vehicles)

8.5 (3 vehicles)
8.6 (4 vehicles)
7.9 (3 vehicles)
8.5 (3 vehicles)
10.8 (3 vehicles)
9.8 (3 vehicles)

From Tables 5.3 and 5.4 it was noted that the accuracy of the estimation of states
and parameters improved with increasing window length. This can also be ob-

served in Figure 5.2 showing the distribution of the estimation of one of the pa-
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Table 5.4: Average RMSE measure J for the parameters expressed as a percent-
age of the respective measurement for different window sizes

Window size 7 20 40
%RMSE for a2 0.2 0.03
%RMSE for o3 0.2 0.02
%RMSE for (053] 0.4 0.01
%RMSE for o3 0.6 0.1
%RMSE for o3 0.1 0.01
%RMSE for a3 0.3 0.04
%RMSE for S 1.3 09
%RMSE for S, 0.8 0.7
%RMSE for S3 1.5 1.1

rameters namely &, with different time lags over the Monte Carlo runs, whose
true value was 0.2. Figure 5.2 shows the mean and standard deviation above each
frequency plot. A mean of 1.7% decrease in accuracy from 10.7% over all the
states of Table 5.3 and a mean decrease of 0.3% from 0.6% over all the parameters
of Table 5.4, is observed when applying a window of length 20. Furthermore, the
joint estimation algorithm requires 5.086 minutes of simulation time to complete
the full 7097 cycles with a window size of 20 cycles, while a window size of 40
requires 10.341 minutes when running Matlab 2015 on a Intel Processor 2.7GHz
Intel Core 15. In addition, a window size of 20 reduces the storage requirements
by half, as measurements need to be made available as a batch of 20 samples
rather than 40 samples. A balance between computation efficiency, storage re-
quirements and estimation accuracy was aimed for. Hence, a window of length

20 is preferred over 40, having less computational effort.

To determine 7, Monte Carlo runs with 1000 different realisations were ex-

ecuted for the maximization stage of Q and R. The matrix Euclidean norm of
the estimated covariances, Q and R, represented as || Q|| and ||R|| were calculated
as a measure of estimation accuracy for different window sizes. For evaluation
purposes, the Euclidean norm of the randomly generated Gaussian distributed

measurement noise R which was added to the high resolution dataset from Aim-

b b
sun given by: |/ L L i was made equal to 1, where a; ; represents the element
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50 —T——————
40
30
frequency
20
10
o
Q Q,.2, 4,2, ¢ ooooooooooooo
/zsze))z/ee,a\_.q,e‘,e‘feﬁ. R R R R R 2%
alphai2 alphal2
Time lag 40 wi Full dataset with
a mean 0. Dandstdooos 20 mean 0.200 and std 0.001
25
15
20 4
frequency frequency]
15 1 10
10
5
St
T e 0
e, @ Q, G Qs Qs Gy 05 9, @, Q, @, 0, 8, 0. 0, a, 6. &
oy G G O Oy Urp % D B B % ’ﬁf”)’o"”ﬂ:-{;v‘,%vb
alphal2 alphal2

Figure 5.2: Estimation of ¢, for saturated traffic conditions, with different time
lags

of R at the I'" row and " column. From Table 5.5, /i equal to 1500 and 2000
respectively, gave similar results. Hence a smaller window of size 1500 is pre-
ferred.

Table 5.5: Estimated covariance R

Window |IR]| |IR]| %

size m Difference
1000 0.730 1 —27

1500 1 1 0

2000 1 1 0

The training data generated by Aimsun for 7097 cycles, which includes x;,, 7,
and Yp,, i = 1,2,3, was used to generate the measurement vector y in the state
space model. The EM algorithm was then executed to jointly estimate the states,
the model parameters and noise covariances with 7=20 and m=1500. Table 5.6
shows some of the results obtained for the turning ratios of this junction compared

with the actual values, averaged over the whole training time (7097cycles), with
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a % difference ranging from -2.6% to 8.4%.

Table 5.6: Estimated results for turning ratios

Turning ra- | Estimated | Actual %

tio mean mean Difference
V4P 0.216 0.2 8

o3 0.784 0.8 -2

o 0.832 0.845 -1.5

003 0.168 0.155 8.4

o3 0.810 0.805 0.6

[0%%) 0.19 0.195 -2.6

To further test the model under different traffic conditions, fresh validation datasets
were generated from Aimsun. The mean of the estimated turning ratios presented
in Table 5.6 were fed to Aimsun to generate these datasets. The means were also
fed to the state space model so that both Aimsun and the state space model were
presented with the same parameters. The results from the model and Aimsun

were compared.

The previously defined measure J, for the fresh validation dataset with added
randomly generated Gaussian distributed measurement noise, is calculated. Re-

sults for both known and estimated measurement covariance is shown in Table
Y pA(t)

5.7, expressed as a percentage of =

to yield a normalized measurement
over one window. For comparison reasons, one figure of merit was computed
for both tests. A mean % RMSE was computed by taking the resultant mean
value over all the 12 % RMSE estimates of Table 5.7 for each test. An average
of 1.3% was obtained when the noise covariances are known, whilst the aver-
age with estimation of noise covariances was 1.5%. This shows a reasonable
decrease in accuracy of 0.2% with the estimation of noise covariances compared

to the result obtained when the noise covariances are known.
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Table 5.7: Results on validation datasets with and without noise estimation

Estimate % RMSE with | % RMSE

known noise with noise
estimation

¢1 1.1 1.3

é 1.7 1.7

¢ 1.1 1.2

Yo, 0.8 0.8

Y0, 0.7 0.9

Yo; 0.9 1.4

b1 1.4 1.6

(033 2.9 3.0

b3 1.2 1.7

Average % | 1.3 1.5

RMSE

5.2.4 Conclusions

To contribute towards the autonomicity of traffic light systems, a novel self-
estimation algorithm is proposed to estimate the model parameters, states and
noise covariances in quasi real-time. As already discussed, estimation of the
model parameters @ are considered separate from the noise covariances Q and
R, thus allowing the estimation algorithm to be tuned according to the differing
characteristics of the model parameters and the elements of the covariance matri-
ces, such as their different orders of magnitude and their numerical constraints.
This algorithm reduces the computational and storage demands for a junction
model estimator since traffic information from sensors, including the inflow and
the outflow, need not be available as a batch of N samples, covering for example
typical traffic operations over twenty-four hours, but rather within much shorter

time windows of 72 or m samples.
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Chapter 6

Real-time Online Joint

Estimation of States, Parameters

and Noise Covariance

6.1 Introduction

Chapter 5, for joint state, parameter and noise covariance estimation for traffic
junctions, made use of uniform windows, that look back in time and move on a
time grid, dictated by uniform time lags, in order to perform joint state and param-
eter estimation. Although the time windows were short when compared to clas-
sical EM methodology, this cannot be considered to represent a truly real-time
approach because it still requires continuous storage of a reduced set of measure-
ment data inside a moving window. In practice this means that traffic information
from sensors needs to be available and stored as a batch of window samples dur-
ing all time instants. By contrast, in this Chapter we develop improvements by
using the measurement data only once and avoiding altogether batch data stor-
age, leading to a full recursive real-time algorithm exhibiting shorter computa-
tion times and reduced storage requirements in the estimation of possibly time-
varying conditions that could be implemented as an online algorithm. This leads
to a more efficient implementation with smaller demands on computational hard-
ware requirements. This technique makes use of stochastic approximation theory
proposed by Robbins and Monro [120], where online parameter estimation is car-
ried out from noisy data as will be discussed in the next section. Robbins and

Monro stochastic approximation performs well in the presence of heavy-tailed
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noise and outliers, unlike for example the Kalman filter which assumes the pres-
ence of Gaussian noise and results in degraded performance in the presence of

outliers and heavy-tailed noise [355].

6.1.1 Robbins-Monro stochastic approximation

Let the equation f(p;) = 0, for some given function f have a unique root p = p*.
In general, if f(p) > 0 for p > p* and f(p) <0 for p < p*, the Robbins-Monro
algorithm [120] iteratively calculates p;, where p is an estimate of the root p*,

according to:

D1 = Pr — Me&: (6.1.1)

where g, is a noisy observation of f(p;), and 1, is a sequence of positive num-
bers (steps). Provided the sequence of steps satisfies the following conditions:
lim; ey =0, YoM = o0 and Y.~ nlz < oo, this algorithm is guaranteed to
converge to the solution f(p) =0, where n,:% is typically used [120].

The utility of this stochastic approximation method to the traffic flow model pre-
sented in Chapter 4, is explored in this work as will be discussed in the next

sections.

6.1.2 Robbins-Monro algorithm for the model’s parameters

The Robbins-Monro stochastic approximation is applied to estimate the model
unconstrained parameters K, ..., Ky, Bi, ..., B, and the positively constrained
parameters Sy, ..., S,. Each parameter is estimated separately. This is done so
as to simplify the algorithm due to the relatively large number of parameters to
be estimated. To solve for such parameters, the ML objective function given
by [116] was considered, that is, the parameters that minimize the negative-log
likelihood as defined in Equation (6.1.2) conditioned upon y;. Note that Equation
(6.1.2) is derived from (5.2.5), rewritten in recursive form and the most recent

value at instance ¢ is extracted.
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—2E{G(9[,0[,X[,Q R)}:_ZE{G(BI 170t 17Xl 17Q R)}—FID‘Q‘
+1n\Ry+(Tr( Ey((x — A%, —Bz, | —w) (6.1.2)

(x, —A%,_; — Bz, —W)T|Yt))>
+ (Tr(RflEé((Yt —C%; — Dz, —v)(y; — C&, — Dz _V)T‘y’)))

Let the subscript (o denote the initial conditions. Hence the state and parameters
are initialised as follows: the initial state x( is sampled from a normal distribution
with a mean p and covariance Py. p represents a reasonable prior (for example,
the initial queue lengths p is set to 10 vehicles) and covariance Py represents a
large initial positive definite covariance matrix. Equation (6.1.3) shows the ini-
tial value of —2G(0;,6;,%;,Q,R) at time r = 0.

—2E{G(00,é0,XO,Qo,R0)} =In |P()| +1In ’Q0| +1In ’R()|
+Tr(Py ' Eg((x0— p) (x0— )" +Poly:)) (6.1.3)

Substituting the dynamic equations of the model given by Equations (4.2.8) and
(4.2.9) in the objective function Equation (6.1.2), the partial differentiation of
the objective function with respect to each parameter is performed and equated
to zero in order to find the minimum value. Its solution is given recursively by

applying the Robbins-Monro Equation (6.1.1).
Thus for example for unsaturated traffic conditions, let f(k) represent the par-

tial derivative of the objective function with respect to k7, which when equated

to 0 gives Equation (6.1.4) for a 3-arm junction:
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2( =560 =1) = d62&()E1 (1= 1) = dsa&s(0 i - 1)

— et (&1t = 1) = G657, &1t — 1) — Gos P (1) i (e — 1)

—Go6C1(t = Dwe(t —1) = Go10(1) &1 (t = 1) — Go g 3(1) &1 (1 — 1) (6.1.4)
+ase(Ri&i(t =D& = 1)+ Bt — 1)t - 1))
436811 = P ()z3(1)) = 0

The Robbins-Monro algorithm yields the sequential solution presented by Equa-
tion (6.1.5).

Qi) = Ri(—1)—2m,

— 461Gl (06— 1) = 462G 61 (1 = 1) — 463G ()61 (1 = 1)

— Gt (081 (1= 1) = G657, (1) 1 (t = 1) = Go.661 (1) 1 (= 1)

— 86601 (1 = Dwe(t —1) — G762 (1) C1 (1 — 1) — Go 83 (1) &1 (1 — 1)
+ae6 (K1 Ci(t— DGt = 1) +Pidi(t =1t - 1))

— 3,681 (1= )91 (1)z3 (l)>

/N

(6.1.5)

Note that 1(¢) is set to % This process is repeated for all other unconstrained
variables describing the traffic dynamics within a signalized junction for unsat-
urated and saturated traffic conditions.

Similarly, the covariance matrices of the noise are estimated by differentiating the
objective function (6.1.2) with respect to Q! and R~ respectively, equating to
zero to find the minimum value, and solving recursively by the Robbins-Monro
Equations (6.1.6) and (6.1.7).

A

Q) =Q(r 1)~ [~ 1)
— Ry — A= D&y — B — Da(t—1))
Ry — At — D&y — B —Dz(r—1))" (6.1.6)
+P —A(t— 1P,y — P, At —1)"
+A(— 1Py, A - 1)T]
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R(1) :ﬁ(t—l)—%[li(t—l)

—(y(t) = C(t = )&, —D(t — D)z(r))
(y(t) = C(t = )&, =D — 1)z(1))"
+C(e— )P, Ct — 1)T]

(6.1.7)

6.1.3 Robbins-Monro algorithm for the model’s constrained

parameters

In view that some of the model parameters are subject to numerical constraints
(e.g. turning ratios have to be from 0 to 1), a modified projected Robbins-Monro
algorithm [356] is applied. This is used to estimate the traffic flow model pa-
rameters that are subject to constraints (4.2.12) and (4.2.13) for a 3-arm junction
or a 4-arm junction, namely the turning ratios o2, &3, ..., Q1,, 01, 023, ..., 02y,
Qs Op2y oes Op(y—1) for a n-arm junction must be bounded between 0 and 1 and

must sum up to 1.

In general the projected Robbins-Monro stochastic approximation is given by:

Pri1 = Pr— Me&:

A N (6.1.8)
Prr1 =7 (Prs1)

where 7r is the function that projects p onto a constrained region F such that p
€ F for all t [356].

Substituting the dynamic equations of the model given by Equations (4.2.8) and
(4.2.9) in the objective function Equation (6.1.2), the partial differentiation of the
objective function with respect to each constrained parameter is performed and
equated to zero in order to find the minimum value. Its solution is given recur-

sively by applying the projected Robbins-Monro Equation (6.1.8), where 1(¢) in

(G1a(1)—0ur)
foua(1))

of o, (t) assumed to be known a priori [357]. This is done so as to increase the

this case is set to %, where h = and &, is some rough approximation

convergence rate of the algorithm and it is repeated to estimate all other turning

ratios.
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6.1.3.1 Projection for a 3-arm junction

In order for the traffic flow turning ratio parameter estimates to satisfy constraints
(4.2.12) and (4.2.13), 77 is designed to project these estimates onto a subspace
F of a straight line that satisfies Equations (4.2.12) and (4.2.13), indicated in red
in Figure 6.1. Let the estimates of the turning ratios obtained recursively from
Equation (6.1.8) be denoted by &12(z), 043(t), etc. To project &;2(r) and &3(z)
onto F, 3 regions were defined as shown in Figure 6.1, with region 1 defined by:
03— @ — 1 > 0, region 2 defined by &3 + &2 — 1 # 0 and region 3 defined by
03— @+ 1<0. ay,(r) and @&;3(¢) falling within region 1 are projected onto the

a13

Region 2
Qi3+ @1, —1>0
Region 1 13 12
Ay3— @1,—1>0
13 12 1 Redline: dyp + @3 =1

0< @;,<1
o 0< @31~
2 @13
2
ol — &
05 | 05 1 e 2
/ 12,013
Region2 05+ ® Region 3
[P
Gz + @, —1<0 @3 — G +1<0

Figure 6.1: Regions for projection in the space of a7, 03

point &2(t) = 0 and &3(¢) = 1 in F. Similarly &>(¢) and &3(¢) falling within
region 3 are projected onto the point &»(¢) = 1 and &;3(¢) =0in F. &;»(¢) and
0y3(t) falling within region 2 are projected onto F by estimating a point on the
line @15 + @3 = 1 satisfying the shortest distance to point &;»(¢) and &3 (¢). This
is given by the perpendicular distance from point (&;5(z), @3(¢)) to the line. In
this case, the projection of the point (&,(7), &;3(¢)) on the line is estimated as
follows [358]:

. (Ou2(r) — Qus(r)) +1

(1) = 5 (6.1.9)
d]’j(l‘)z (5613(l)—§612(l))+1 (6110)
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These 3 projections are all marked in green in Figure 6.1. This process is re-
peated for all the other pairwise combinations of turning ratios describing the
traffic dynamics within a signalized junction for unsaturated and saturated traf-

fic conditions.

6.1.3.2 Projection for a 4-arm junction

For a 4-arm junction, 7r is designed to project the estimates of the turning ra-
tios p onto a subspace F of a plane, satisfying Equations (4.2.12) and (4.2.13).
This is the brown region enclosed within the red perimeter in Figure 6.2 that lies
on the plane @j,(t) + 0y3(f) + @1a(t) = 1 shown in blue. Let the estimates of
the turning ratios from arm 1 of a 4-arm junction be denoted by @;»(z), @;3(t)
and 04(t). The projection of the point @j»(¢), ¢&3(t), @4(t) onto the plane
Oa(t) + 03 (t) + a(t) = 1 is given as follows [359]: If the estimates from

6512,,(t) = 0n2(t) — (dn(t) ha 6413(;) T @alt) = 1) (6.1.11)
dus, () = a3 (1) — (6‘12@ +6‘13(t3> +a(r) = 1) 6.1.12)
s, (1) = ) — (20O T D) 2T (6.1.13)

Equations (6.1.11) to (6.1.13) satisfy Equations (4.2.12) and (4.2.13) then the
projection of the point is within region F on the plane. However, this is not al-
ways the case. In the latter case, one needs to project point &2, &13,, (14, onto

the closest point on the perimeter of region F.

Let 51 be a point along the line AC shown in Figure 6.2 in 3D space, given by
s1 = (11,0, 1 —1¢1), where parameter ¢; varies between 0 and 1 to completely cover
this line. Note that points A (0,0,1) and C (1,0,0) are two points on the line when
t1=0 or t;=1 respectively. Moreover the squared Euclidean distance between
a point on the line with parameter #; and the point &2, 013, 014, is denoted

as d* = [Qup, — 11)* + [0u3,]* + [0us, — 1 +1]>. To minimize the distance, set
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LineAC : 619+ a3=1

Plane : il : . i
A+ diz+ay=1 LineBC : ajp+apy =1
LineAB : (I];g + (1“ =]
2 L ]
where :
I =@ >0
5
subspace F T 126320

1>a14>0

Figure 6.2: Projection in the space of a2, @3 and 14

d(d?)

T 0 and solve for 7.

Similarly, s; is the point along the line BC, given by s, = (f2,1 —5,0), and s3
is the point along the line AB given by s3 = (0,73,1 —13), where 1, and t3 vary
between 0 and 1 to completely cover these lines. The solutions for d, #; and 3
are obtained similarly as above. The point which gives the minimum Euclidean
distance d out of all the 3 cases and which satisfies the magnitude constraints for
t1, t; and 13 is used to determine the projected point &5, €13, &4, by substituting

for t1, tp or t3 into 51, 52 Or §3.
If the magnitude constraints for 1, , and #3 are not satisfied, the point &2, @13, 014,

is projected onto one corner of the triangular perimeter of F, being either: (1,0,0),
(0,0,1) or (0,1,0), whichever is closest.
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This process is repeated for all the other pairwise combinations of turning ra-
tios under unsaturated and saturated traffic flow conditions. This leads to the
online EM estimation algorithm as described in Table 6.1, where n=1 to 3 for a
3-arm junction and n=1 to 4 for a 4-arm junction. The algorithm is applied to

saturated and unsaturated traffic conditions.

Table 6.1: Online EM algorithm for estimation of model states, parameters and
noise covariance

Initialise estimates for 8, Q and R
Iterate for every time step 7 and measure y(¢).

E-step
Run Kalman-filter recursion in order to compute X;;.

M-step
I (Gu(t) + 71, (1)2n (0) < (Sa(t = D)aa(r))
Minimise -2E{G(0,6;)} over 0 via the choices in unsaturated

conditions using Equation (6.1.8) and satisfying Equations
(4.2.12) and (4.2.13).

If (Galt) + 91, ()2 () > (Sa (£ — 1)z (1))
Minimise -2E {G(,0;)} over 6 via the choices in saturated
conditions using Equation (6.1.8) and satisfying Equations
(4.2.12) and (4.2.13).

Update A, B, C, D, with é, to reflect the traffic conditions

per arm.

Minimise -2E{G(8,0;)} over Q and R as in Equations (6.1.6) and

(6.1.7).

Increment z.

The same switching conditions presented in Section 5.2.2.1 and system identifi-

cation conditions presented in Section 5.2.2.2 still apply.

6.1.4 Results

The proposed algorithm was tested and validated by simulating a signalized 4-
arm junction having geometry as in Figure 4.3 with a cycle time of 110 sec-

onds. Aimsun micro traffic simulation software [354] was used to generate data
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at one second intervals and the resulting traffic characteristics of this junction

were recorded as shown in the third column of Table 6.3.

From the Aimsun simulation of the junction, the saturation parameters were
also determined. These correspond to the maximal number of vehicles flow-
ing through the intersection when subject to maximal inflow, and were found to
be S1=50uv/cycle, So= 57 uv/cycle, S3=48 uv/cycle and S4= 50 uv/cycle. The
high resolution dataset generated from Aimsun was used as input to the online
EM algorithm after adding randomly generated Gaussian distributed measure-
ment noise for evaluation purposes, with the Euclidean norm of R set equal to

11073, in order to satisfy the noise signal in the model equations.

This data which includes y;;, 7;, and yp, fori =1,2,3,4, was used to form the sen-
sor measurement vector y of the state space model. These measurements were
used to learn the model using the online EM algorithm, presented in Section
6.1.3.2, starting with random initial conditions for the states, model parameters
and the noise covariances. In order to test and validate the model under differ-
ent traffic conditions, further tests were performed by generating fresh validation
datasets from Aimsun. The means of the model parameters estimated from the
training phase were fed to the state space equations and the online EM algorithm
was executed. The states and parameters from the model were compared with
the validation dataset, as shown in Table 6.2 containing the estimation results of
the states and in the second column of Table 6.3 containing the estimation re-
sults of the turning ratio parameters, saturation parameters and noise covariance
matrix R. Table 6.2 and 6.3 show that the estimates compare highly with the
actual states and model parameters. Note that in Table 6.3, ||R|| represents the
Euclidean norm of the estimated noise covariance R. The % error between the
estimated and the actual model parameters is limited to within 6% in all parame-
ters except for &3 with a % error of 16.5. Such a difference could be due to the
low number of vehicles (3 uv/cycle) choosing to turn from arm 1 to arm 3. This
can be compared to the larger number of vehicles (10 uv/cycle) choosing to turn

from arm 2 to arm 3, resulting in a % error of -0.2 on Q3.
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Table 6.2:

Estimated states from the validation dataset
Estimate % RMSE
Ci 1.1

¢ 1.6

(3 1.1

Yo, 0.5

Yo, 0.6

Yo, 0.8

b1 1.6

(033 1.9

b3 1.2
Average % | 1.2
RMSE

Table 6.3: Estimated parameters from the validation dataset

Model Estimated Actual % Error
parame- mean mean

ters results

an 0.519 0.5 3.8
a3 0.167 0.2 -16.5
Q4 0.314 0.3 47
o] 0.203 0.2 1.5
3 0.599 0.6 0.2
(o4 0.198 0.2 -1.0
a3 0.199 0.2 0.5
Q3 0.302 0.3 0.7
(34 0.499 0.5 0.2
Gy 0.188 0.2 -6.0
O 0.287 0.3 43
Qs 0.515 0.5 5.0
S 50.707 50 1.4
S, 56.675 57 0.6
S5 47.263 48 -1.5
Sa 51.530 50 3.1
IR|| 9.998x1074| 1x 1073 -0.02

109



6.2. Online State and Multidimensional Parameter and Noise Estimation

6.1.5 Conclusion

This Chapter proposed an online real-time joint self-estimation method for the
state variables, model parameters and noise covariances, which makes use of the
stochastic approximation of Robbins and Monro with projection and the EM al-

gorithm.

The proposed online self-estimation algorithm is superior to those presented in
Section 5.2.2 in terms of computational and memory demands. This is because it
is a recursive algorithm where measurement data is only stored once avoiding the
need of batch data storage. This leads to a more efficient implementation with
smaller demands on computational hardware requirements as proposed in [360].
Furthermore, the results are superior to those reported in Section 5.2.2, with the
mean % error of the online parameter estimates, equal to —0.8% when compared
with the mean % error of the quasi-real-time implementation of 1.3% for the 4-

arm junction.

The stochastic estimation algorithm proposed in this section was posed as a sin-
gle variant estimation algorithm, where each parameter was estimated separately
from the others. Due to the high level of dependency among these parameters, a
multidimensional online estimation algorithm will be presented in the next sec-

tion, to estimate all the parameters simultaneously.

6.2 Online State and Multidimensional Param-

eter and Noise Estimation

The novel contribution in this section is the development of a multidimensional
online joint state, parameter and noise estimation algorithm. Given the large
number of model parameters to be estimated and the high level of dependency
among these parameters, this online estimation algorithm is presented to estimate

all the parameters simultaneously, as published in the author’s work in [361].
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6.2.1 Multidimensional stochastic approximation algorithm

for the model’s parameters

In such a multidimensional approach, let f7(0)=0, where f”(8) represent the
partial derivatives of the objective function with respect to the p'* parameter,
p=1,...,h, and h represents the total number of parameters to be estimated [121].
In addition, let f(@) represent the vector field of the partial derivatives of the
objective function with respect to each parameter, where £(0) = [f'(8) f2(9) ...
£(@)]T. The stochastic approximation approach [121] iteratively calculates 6;,

where 6 is an estimate of the root 8%, according to:

5 A 8
0 11=60,—n— (6.2.1)

C
where g, is a noisy observation of f(6;). 1; and ¢, are a sequence of positive num-
bers (steps), where c,:c%, C, =1, n = tmb and ¢ and m are positive constants.
Furthermore, d and b are chosen such that the sequence of steps satisfy the fol-
lowing conditions: limy ;e c; =0, Y2 ( 1)y = oo, Z;’;O(?—[’)Z <coand Y7 o Nic; < oo
in order to guarantee convergence of this algorithm by the Kiefer-Wolfwitz min-

imization process [121].

Substituting the dynamic equations of the model given by Equations (4.2.8) and
(4.2.9) in the objective function Equation (6.1.2), the partial differentiation of
the objective function with respect to each parameter at cycle ¢ is performed and
equated to zero in order to find the minimum value, similar to Section 6.1. Its
solution is given recursively by applying Equation (6.2.1). The same algorithm
presented in Table 6.1 still applies but in this case, the parameters are estimated
simultaneously as one vector of parameters. The projection algorithms presented
in Sections 6.1.3.1 and 6.1.3.2 still apply.

6.2.2 Results

The proposed algorithm was tested and validated on a signalized 3-arm junction,
with geometry similar to the junction presented in Figure 4.2. Measurements

of vehicles entering and leaving each arm were simulated in Aimsun as Traffic
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State per second for the junction. Traffic light information such as phases, cycle
time and the average turning ratios were introduced in Aimsun to reflect real-
istic traffic characteristics of this junction as shown in Table 6.4. Based on the

parameters, data was generated every second.

Table 6.4: Model parameters

Model (041 (04K} (053] 003 031 032 Cycle
parameters time
Actual 0.504 | 0.496 | 0.845 | 0.155 | 0.805 | 0.195 | 110
mean sec-
onds

From the Aimsun simulation of the junction, the saturation parameters were de-
termined to be compared to the estimated saturation parameters. These param-
eters correspond to the maximal number of vehicles flowing through the inter-
section when subject to maximal inflow of vehicles and were found to be equal
to S1= 54 uv/cycle, So= 53 uv/cycle and S3= 65 uv/cycle. The high resolution
dataset generated from Aimsun was used as input to the online EM algorithm af-
ter adding randomly generated Gaussian distributed measurement noise for eval-
uation purposes, with the Euclidean norm of R equal to 1, in order to satisfy the
noise signal in the model equations. This data which includes yy;, 7;, and Yo,
for i = 1,2, 3, with each having N = 7097 cycles at 110 seconds per cycle, was
used to form the sensor measurement vector y in order to train the model by the
online EM algorithm starting with random initial conditions for the states, model
parameters and the noise covariances. Tests were first carried out to establish
values for the algorithm parameters C; and 7, and constant ¢. The online EM
algorithm was executed a number of times, varying one algorithm parameter at

a time, while satisfying the conditions described in Section 6.2.1.

In order to validate the model under different traffic conditions, fresh valida-
tion datasets were generated from Aimsun. The means of the model parameters
estimated from the training phase were fed to the state space equations and the
online EM algorithm was executed with the tuned parameters. The states and

parameters from the model were compared to the validation dataset.
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Figure 6.3 shows the estimation results of one turning ratio parameter, o, (ex-
pected mean value of 0.504) from the training dataset for several different values

of ¢;. C; is equal to 11, while varying ¢ from 1 to 100. Similarly, results were ob-
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Figure 6.3: Estimation of ¢, from the training dataset

tained for the changes in the other algorithm parameter 7,. Figure 6.3 shows that
the estimation of a1, and similarly for the other turning ratios are consistent for
all choices of the algorithm parameters. If the model is required to detect rapid
fluctuations in the turning ratios, then the algorithm parameters should be chosen
to allow tracking of such behaviour. Hence 1, and ¢; should be slow decaying,
to detect the instantaneous fluctuations in the turning ratios. On the other hand,
if a fast convergence rate is required, whilst detecting less rapid fluctuations in
the traffic behaviour, then 71, and ¢; should be fast decaying. In this study, since
the aim was for a fast convergence rate, ¢; was set to %?, where ¢ = 100 and

C, =101, Similarly, from the tests carried out for 7, this was set to %

Figure 6.4 shows the estimation results of ¢}, the chosen turning ratio parameter
from the validation dataset, with ¢; = }% where ¢ = 100 and C; =¢%! and ne = %
This figure shows that after an initial settling period, the estimate approaches the
actual model parameters shown in Table 6.4. The initial instantaneous value in
the turning ratio o> during the first 100 cycles, correspond to the flows away

from the junction in arms 2 and 3. The flow in arm 3 away from the junction was
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Figure 6.4: Estimation of ¢, from the validation dataset

approximately zero during the first 100 cycles, hence all vehicles were leaving
the junction through arm 2, resulting in an actual and hence estimated turning ra-
tio o1 equal to 1. Table 6.5 shows the mean difference between the actual model
parameters and the estimated model parameters from the validation dataset for
the last 4000 cycles after the estimates show significant departure from the ini-
tial conditions. The mean % error of the parameter estimates in Table 6.5 for
the online implementation was found to be equal to -4.4% with the % error of
the parameter estimates varying between 8.0% and -9.2%, except for that of (3,
being -43.9%, attributed to the low number of vehicles (3 uv/cycle) choosing to

turn from arm 2 to arm 3.

A Monte Carlo run of 50 realisations was performed on the 3-arm junction to
compare the single variate estimation algorithm results as presented in Section
6.2. A reduction in the mean % error was observed for a 3-arm junction. The
Monte Carlo runs resulted in a mean % error of -1.5% for the multivariate pa-
rameter estimation as opposed to a mean % error of 3.1% in the single variate
parameter estimation. Furthermore, a one-way analysis of variance was used to
determine whether there are any statistically significant differences between the
two % error means. There is a statistically significant difference between the two

% error means with a p-value of 12x 10~# for the 3-arm junction.
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Table 6.5: Estimated parameters from the validation dataset

Parameters | Estimated mean | Actual % Error
results mean

an 0.471 0.504 6.6
a3 0.519 0.496 4.6
0 0.913 0.845 8.0
003 0.087 0.155 -43.9
03 0.823 0.805 22
03y 0.177 0.195 92
S 54.432 54 0.8
S, 53.342 53 0.6
S5 64.622 65 -0.6
R 0.999 1 0.1

6.2.3 Conclusion

This section proposes an online real-time self-estimation method for the state
variables, model parameters and noise covariances, that makes use of multidi-
mensional stochastic approximation with projection together with a modified
EM algorithm. Such an implementation is highly efficient in computational and
memory requirements compared to the quasi real-time approach of Chapter 5.
The multidimensional stochastic approximation requires 2.311 minutes of simu-
lation time to complete the full 7097 cycles for a 3-arm junction, while the quasi
real-time approach of Chapter 5 requires 5.086 minutes when running Matlab
2015 on a Intel Processor 2.7GHz Intel Core i5. In addition, the quasi real-time
approach of Chapter 5 requires batch storage of data of 20 cycles for the esti-
mation of states and parameters and 1500 cycles for the estimation of noise co-
variances, as opposed to the multidimensional stochastic approximation which
makes us of the measurement data only once and requires no batch data storage.
It was further observed that a smaller mean % error of -1.0% resulted in the online
implementation, compared with a mean % error of 2.8% in the quasi-real-time

approach for a 3-arm junction.

Furthermore, this section provides a multivariate estimation to the model pa-

rameters. A reduction in the mean % error was observed for a 3-arm junction.
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The Monte Carlo runs resulted in a mean % error of -1.5% for the multivariate
parameter estimation as opposed to a mean % error of 3.1% in the single variate
parameter estimation. Furthermore, a one-way analysis of variance showed that
there is a statistically significant difference between the two % error means with

a p-value of 12x10~* for the 3-arm junction.

6.3 Online Derivative-Free State and Multidi-

mensional Parameter and Noise Estimation

All algorithms proposed in the previous sections of this Chapter required the
partial derivative of the likelihood function with respect to each parameter to be
worked out analytically. In practice, this approach is impractical for larger and
complex junctions due to the complexity of the derivatives involved in deriving
such equations. On the contrary, a derivative-free approach, as proposed in this
section (published in the author’s work in [139]) is more practical because the
analytical derivatives need not be worked out, allowing for easier generalisation

of this approach to other junctions and scalability to more complex junctions.

6.3.1 Simultaneous Perturbation Gradient Approximation

A multivariate stochastic approximation method was applied in a recursive way
to find the parameters that minimize the negative-log likelihood Equation (6.1.2).
In order to find this, the differentiation of the likelihood function with respect to
each parameter was used. In sections 6.1 and 6.2, this required that the partial
derivative of the likelihood function with respect to each parameter is worked
out analytically. In this section, a derivative-free approach is proposed, whereby

the analytical derivatives need not be worked out.

The dynamic equation of the model given by Equation (4.2.5) is substituted in
the negative-log likelihood —2E{G(6;,8;,%;,Q,R)} from Equation (6.1.2). Due
to the complexity of Equation (6.1.2), analytical solutions for the model param-
eters can be difficult to derive. Hence due to the stochastic nature of the model,

a multivariate stochastic approximation method is applied [122].
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Consider this negative-log likelihood G to be a differentiable function of 8, and
let g(6;) zg—g. Our goal is to find the minimum point 8* which corresponds to
aroot of g(6;) = 0.

The stochastic approximation of Spall [122] iteratively calculates 6, which is

an estimate of the root 8*, according to:
éz:ét—l —nzgz(ét—laﬁtyot—l,ﬁt—l) (6-3-1)

where 1) is a time varying vector of size h, 1, € R>( V¢, given by t%, whereaisa
vector of & positive constants, & represents the total number of model parameters

to be estimated and

Al I f’] ! (6.3.2)

,\0"7,/\7/\7’1,\{7 :|: ‘e
8 (0 -1,%,Q 1R 1) 2y Ay 2¢h,A0 0

where g, is an estimate of g(6;). The major difference between the approach pre-
sented in Section 6.1 and 6.2 and this section is Equation (6.3.2). This equation
gives the gradient approximation and replaces the analytical partial derivative
of the likelihood function with respect to each parameter [122]. The gradient
approximation of Equation (6.3.2) requires two measurements of the likelihood
function at instance 7, denoted by f;" and f,~, with positive and negative perturba-
tion of the parameters, where f,+:—2E{G(9,_1 + ¢, A%, Q. ﬁ,_l) + et(+)}
and f,*:—ZE{G(ét,l — ALK, Q1 R+ 81(_)}. The gradient approxi-
mation is performed by taking the difference between f;" and f;~ divided by
a sequence of perturbations denoted by ¢;. ¢; is a time varying vector of size
h, where, ¢; € R>( V t, with each element denoted as ¢;,, representing the per-
turbation on the parameters. To ensure convergence of g;, ¢; is a sequence of
perturbation sizes that decreases to 0 and is given by -5, where ¢ is a vector of &
positive constants. 8,(+) and et(f)
E(EI(H — st(_) |917_,,JAt) =0V r, where A; € R is a vector of & mutually inde-

pendent zero-mean random variables {A; 1,A;2,..., A }.

represent measurement noise terms that satisfy
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Moreover, to ensure convergence of the stochastic approximation estimation [122],

for each element of 7;, denoted as 7;,,

* YoMy, = oo,

" X o(2k)? <eoand

<y
© L0 My, < oo

To ensure asymptotic normality, each element of c and a,A, @0 >0, A — 20 >0
and 30— %4 >0[122].

Note that 7, and ¢, should be chosen to allow for either detection of instanta-
neous fluctuations in the model parameters, hence slow decaying 7, and ¢; as
necessary (example 7, set to % and ¢; set to lO%) or else if a fast convergence rate
is required whilst detecting less rapid fluctuations in the traffic behaviour, then
7, and ¢; should be chosen to represent fast decaying functions (example 7, set to
m and ¢; set to lo%). The choice of ¢ is further influenced by the magnitude of
the estimated parameters. For example since the magnitude of the turning ratios
varies between 0 and 1, then the corresponding elements of ¢ for the estimation
of the turning ratios are chosen to satisfy this range. Hence for example for the

estimation of the turning ratios the corresponding elements of ¢ are set to 1.

To ensure randomness, independence and symmetry in the perturbation, the con-
ditions given in [122] for A, should be satisfied and hence independent Bernoulli
random variables with outcomes £1 should be assigned to A, ,. The noise terms

&' and g are large enough to achieve a significant effect in degrading ;.

The traffic flow turning ratio parameter estimates from Equation (6.3.1) are not
guaranteed to satisfy constraints (4.2.12) and (4.2.13). Hence the projection al-
gorithms presented in Sections 6.1.3.1 and 6.1.3.2 still apply.

Similar to the unconstrained parameters, the noise covariance Q, is estimated
by:
Q=Q 11— ntgt(euﬁt»Qt—l,Rt—l) (6.3.3)
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where, in this case, Qo is initialized to be a positive definite matrix, 7 is a se-
quence of positive numbers, fﬁz—ZE{G(@, %, Qi1 + 16, ﬁt_1) + 8,(+)},

f,’:—ZE{G(OA,_l,f(,,Qt_l — ctét,fl,_l) + 8,(7)} and §; € R™*™ represents a
symmetric matrix. The upper triangle elements of d; are sampled from a Bernoulli
distribution [122] with outcome +1, while the lower triangle elements were set

to ensure symmetry. Note that the [ and ;' element is denoted as 6t,’j.

Moreover, in this case, ¢; is a sequence of positive numbers, denoting pertur-

bation on all elements of Q and &; is a symmetric matrix of size m x m, where

N A A /S A
ZCT‘SH 1 2CIEH 2 26’6’1 m
O ) & 0 », Ctt Ct ’ C m
2(0,,%,Q1,R, 1) = o .fzz t‘z' (6.3.4)
A AR A
_26,5tlm 20,5,2",1 260 ]

The same conditions as before apply to &, ¢; and 1.

To ensure that Q, is positive definite, the following transformation is applied
to the matrix of Equation (6.3.3), where a Schur method [362] is used for the

matrix square root operation:

Q = (QQ)? (6.3.5)

This process is also repeated for the estimation of the noise covariance R;, thus
ensuring that the symmetric and positive definite properties of the noise covari-

ance matrix are retained.

This leads to the online EM estimation algorithm as described in Table 6.6.

Also note that switching between saturated and unsaturated traffic conditions
is avoided in this case, unlike in Chapter 5 and Sections 6.1 to 6.2, since the
state-space representation of Equation 4.2.5 used in this algorithm (Table 6.6)

represents both saturated and unsaturated traffic conditions.
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Table 6.6: Online EM algorithm

Initialise estimates for 8, Q, R and G from Equation (6.1.3)
Iterate for every time step 7 and measure y(z).
E-step

Run Kalman-filter recursions to compute X;|;.

M-step
Minimise -2E{G(8,0;)} over @ for dynamic traffic
conditions using Equation (6.2.1) and satisfying Equations (4.2.12)
and (4.2.13) (with projection if necessary).
Update A, B, C, D, with ét to reflect the traffic conditions
per arm.
Minimise -2E{G(0,8;)} over Q as in Equations (6.3.3) and similarly
for R.
Increment z.

6.3.2 Results

The proposed algorithm for the online joint estimation of states, model param-
eters and process and measurement noise covariances, was tested and validated
on signalized 3-arm and 4-arm junctions, with geometry similar to Figures 4.3
and 4.2 respectively. Aimsun micro traffic simulation software [354] was used
to generate traffic data at one second intervals for a typical working day. Traffic
light information such as phases, cycle time and the average turning ratios were
introduced in Aimsun to reflect traffic characteristics for each junction. The traf-
fic information for the 4-arm and the 3-arm junctions are defined in Table 6.7

and Table 6.8 respectively.

Table 6.7: Model parameters for the 4-arm junction

Model 02| 03| Qg | 01| 03| O4| O3
parameter

Value 05/02]03/02]06|02]0.2
Model 032 | 04| Qg1 | Qgp | 0g3| Cycle time
Parameter

Value 03]05]102]03]0.5] 110 seconds

120



6.3. Online Derivative-Free State and Multidimensional Parameter and Noise

Estimation
Table 6.8: Model parameters for the 3-arm junction
Model (041 o3 (053] (05} 031 032 Cycle
parameters time
Actual 0.504 | 0.496 | 0.845 | 0.155 | 0.805 | 0.195 | 104
mean sec-
onds

The saturation parameters of the junction were determined from Aimsun, as these
correspond to the maximum number of vehicles flowing through the intersection
when subject to a high inflow of vehicles. For the 4-arm junction, the satura-
tion parameters were found to be equal to S1= 120 uv/cycle, So= 127 uv/cycle,
S3= 80 uv/cycle and S4= 120 uv/cycle, while for the 3-arm junction these were
found to be equal to S1= 118 uv/cycle, S= 120 uv/cycle and S3= 80 uv/cycle.
Randomly generated Gaussian distributed measurement noise was added to the
high resolution dataset from Aimsun for evaluation purposes, which was then

used as input to the online EM algorithm. The Euclidean norm of R was set to 1.

The generated data which includes ;,, 7;, and yp, for i = 1,2,3,4, for a 4-arm
junction, with each having N = 786 cycles at 110 seconds per cycle, was used
to form the sensor measurement vector y input to the proposed online EM algo-
rithm to jointly estimate the states, the model parameters and noise covariances,
starting with random initial conditions for the states, model parameters and the
noise covariances. Similarly for the 3-arm junction. Figure 6.5 shows the flow of
vehicles away from the junction for arm 1 for a typical working day from 6.00am
of one day to 6.00am of the next day for a 4-arm junction. The morning peak
period is between 7.00am till 8.00am whilst the evening peak period is between
6.30pm till 7.30pm for the first arm. Similarly for the other arms.

In order to test and validate the model under different traffic conditions, further
tests were performed by generating fresh validation datasets from Aimsun. The
means of the model parameters estimated from the training phase were used to
initialize the state space equations and the online EM algorithm was executed.

The states estimated from the model were compared with the validation dataset.
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Figure 6.5: Flow away from junction

Similar to the previous sections, a RMSE measure is defined to determine the
L(p(0)=p(1))?

. . . A
accuracy of the estimation results, given by J= i

A prediction error measurement is defined to determine the accuracy of the one-
step ahead predictions of the outflow away from the junction. A 7-step predic-
tion is defined in [6] whereby if 7 is set to 1, this denotes one-step ahead pre-
dictions. The one-step ahead prediction error is expressed as K é@(m(’) ~To,),
where p,(t) is the prediction obtained from the model Equations presented in
Chapter 4 and the state estimates &(z — 1).

The joint estimation results obtained for the signalized 4-arm junction will be
first presented and analysed. Figure 6.6 shows @,, estimated from the train-
ing dataset for the corresponding elements of a which affect the step size of the
stochastic approximation equation. When the corresponding element of a was set
to 101W’ this gave the best estimation results with a percentage difference of 4.8%,
observed for the last 100 cycles. Similarly, results were obtained for changes in
the other algorithm parameters 4, ¢ and @. As discussed in Section 6.3.1, these
results show that if the model is required to detect rapid fluctuations in the turning
ratios, then the algorithm parameters should be chosen to allow for the detection
in the instantaneous fluctuations in the turning ratios. If a fast convergence rate
is required, whilst detecting less rapid fluctuations in the traffic behaviour, then
71, and ¢; should be fast decaying. In this study, since the aim was for a fast con-

vergence rate, 17, was chosen to be equal to # and ¢; was chosen to be equal to
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10%’ for the estimation of the turning ratios, where the corresponding element of
a was set to ﬁ, A =1, ® = 0.2. The choice of ¢ for the perturbation of the
parameters was further influenced by the magnitude of the estimated parameters.
Since the turning ratios were of magnitude between 0 and 1, then the correspond-
ing elements of ¢ for the estimation of the turning ratios were chosen to be within
this range. Figure 6.7 shows the perturbation f; for o, where the correspond-
ing element of ¢ for turning ratio ®j» was equal to 1. This figure shows that the
perturbation on the turning ratio is between 0 and 1 because of the magnitude
constraint of the turning ratio. Hence, the unconstrained estimates for the turn-
ing ratios are not far from the desired constraints. If the perturbation is out of the
constrained region as can be observed in Figure 6.7 during the initial stages, then
the turning ratio would still be projected onto the desired region by applying the
projection function described in Sections 6.1.3.1 and 6.1.3.2.

Tuning of paramator ‘s’

i _ o }'|.
", ", %, %, %, ", ",

Tis

% %, %, %, S,

Figure 6.6: Estimation of ¢, with changing algorithm parameter a
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To determine the standard deviation of the noise &' and ¢, the standard devi-
ation of the difference between the positive and negative perturbations on the

parameters, i.e. f," — f;~ was computed. This was found to have an order of
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magnitude of 10°. Hence, Gaussian distributed noise & and &~ was set to mean

of 0 and standard deviation of 1000 to have a significant degrading effect on &;.

Furthermore, Figure 6.8 shows @, from the training dataset, with the algorithm
parameters chosen to give fast convergence estimations. This figure shows that
the estimates approach the actual model parameters shown in Table 6.7. These
estimations are further compared in the same figure to a moving average cal-
culated from the data itself, with a window of size 20 cycles. The estimations
are smoother when compared to a moving average, filtering out the rapid fluc-

tuations in the traffic behaviour and hence resulting in a fast convergence rate.
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Figure 6.8: Online estimation of turning ratio @, from the training dataset

Table 6.9 shows that the mean difference between the estimated model param-
eters from the training dataset and the actual model parameters for the last 100
cycles, varies between -14.3% to 10.0%. The highest errors were recorded on o3
and a4 which could be due to the low number of vehicles choosing to turn from
arm 1 to arm 3 (4 uv/cycle) and arm 4 (6 uv/cycle) respectively. Moreover, the
average Euclidean norm of the estimated noise covariances Q and R were found
to be 0.998 and 1.004 respectively. The average estimated Euclidean norm is
very similar to the actual Euclidean norm of R with a percentage difference of

0.4% which is deemed to be satisfactory.

Figure 6.9 shows the estimate of the queue length for arm 3 when carrying out
the joint estimation of model states and parameters. The estimates approach the
measured queue length with a RMSE of 7.0% of the maximum queue length.
Similar behaviour was observed for the other arms, with a RMSE of 8.5%, 3.7%
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Model Estimated Actual %
parameters | mean mean Difference
results
ann 0.524 0.5 4.8
a1 0.220 0.2 10.0
o 0.257 0.3 -14.3
oo 0.192 0.2 4.0
o3 0.626 0.6 4.3
o 0.182 0.2 9.0
31 0.181 0.2 9.5
(30 0.310 0.3 33
(34 0.508 0.5 1.6
ot 0.186 0.2 7.0
o7y 0.298 0.3 0.7
Qs 0.516 0.5 3.2
S 119.026 120 -0.8
S, 126.654 127 0.3
S5 81.142 80 1.4
Sy 121.113 120 0.9

Table 6.9: Estimated model parameters from the training dataset

and 8.9% of the maximum queue length respectively. This leads to an average
RMSE of 7.0% for the 4-arm junction. These estimation results are further com-
pared to the estimation results of Pecherkova et al. [6], where the RMSE was
equal to 3.590 for the queue length, with data exhibiting a maximum of 40 ve-
hicles. This represents a slightly higher RMSE of 9.0% of the maximum queue
length.
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Figure 6.9: Queue Length in arm 3
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Figure 6.10 shows the one-step ahead prediction for the outflow of arm 1 for
all cycles, with a prediction percentage error of 5.5% of the maximum outflow.
Similar behaviour was observed for the other arms, obtaining 3.4%, 6.3% and
5.9% of the maximum outflow for each arm respectively. This leads to an av-
erage one-step ahead prediction error measurement of 5.3% for all arms. The
one step-ahead prediction error measurement was also worked out for the early
morning cycles only i.e. from midnight till 6 am. The prediction error measure-
ment for this time duration was equal to 2.056 for the outflow for arm 1, with data
exhibiting a maximum of 8 vehicles. This represents a prediction error of 25.7%
of the maximum outflow. Similarly for the other arms, the prediction error mea-
surements for this time duration were 20.5%, 23.9%, and 24.2%. This leads to
an average prediction percentage error of 23.6% of the maximum outflow for all
4 arms. On the other hand, the prediction error measurement in [6] was 1.328
for the outflow, with data exhibiting a maximum of 6 vehicles. This represents
a prediction percentage error of 22.1% of the maximum outflow, a slightly bet-
ter prediction error when compared to the average prediction percentage error
of 23.6% as obtained in this work, with the maximum outflow having the same

order of magnitude as in [6].

Although both Pecherkova et al.’s work in [6] and this work give very simi-
lar results, the approach presented in this thesis points to a more direct estima-
tion methodology by including parameters that have physical significance in the
parametric model, such as the saturation and turning ratio parameters, that are es-
timated directly by the algorithm. This contrasts with [6] where different model
parameters that have no physical significance were used. Thus, no prior analysis
was required for the model parameters in this work, unlike in [6], where some
parameters with no physical significance required prior tuning. Moreover state

and parameter augmentation as applied in [6] is avoided.

Simulation results were also obtained for a 3-arm junction. Figure 6.11 shows
0p; from the training dataset, with the algorithm parameters chosen to give fast
convergence. Similar to a 4-arm junction, this figure shows that the estimates
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Figure 6.10: Outflow in arm 1

approach the actual model parameters shown in Table 6.8. These estimations
are further compared in the same figure to a moving average calculated from the
data itself, with a window of size 20 cycles. The estimations are smoother when
compared to a moving average, filtering out the rapid fluctuations in the traffic

behaviour and hence leading to a fast convergence rate.

......

oz Estmatod rosults with mean 0 8012 and sid 0.0055
Moving average from Amsun data of window size: 20 cycles, with moan 08153 and 5% 0.0619

o l—

"'q% @%% "’q?% c.,%,, "q% v%h s%% -s:% ra%,: q,%% e%a \.'Q% a_*f‘?%

Figure 6.11: Online estimation of turning ratio o from the training dataset

Table 6.10 shows that the mean difference between the estimated model param-
eters from the training dataset and the actual model parameters for the last 100
cycles, varies between -10.3% to 8.7%. The highest errors were recorded on
03 and oz which is again attributable to the low number of vehicles choosing
to turn from arm 2 to arm 3 (8 uv/cycle) and from arm 3 to arm 2 (4 uv/cycle)

respectively.

The RMSE of'the state estimates on the validation datasets between the online im-
plementation requiring derivatives as proposed in Section 6.2 and the derivative-
free online implementation in this section are compared, starting with the same
initial conditions for the model parameters for each estimation method. In the on-

line implementation of Section 6.2 the partial derivative of the objective function
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Table 6.10: Estimated model parameters from the training dataset

Model Estimated Actual %
parameters | mean mean Difference
results
0n 0.499 0.504 -1.0
03 0.501 0.496 1.0
0 0.801 0.845 -5.2
03 0.139 0.155 -10.3
031 0.763 0.805 -5.2
03 0.212 0.195 8.7
S 119.015 118 -0.8
S5 119.844 120 0.3
S3 79.379 80 1.4

with respect to each parameter had to be evaluated analytically during the design
process. On the contrary, in this approach, the partial derivatives are evaluated
numerically, resulting in a derivative-free stochastic approximation algorithm
with a faster and less tedious implementation. This makes it attractive for prac-
tical implementation as the design process does not require calculations of ana-
lytical derivatives, making the approach scalable and generalisable to other junc-
tions. Moreover, the online implementation of Section 6.2 requires vector/matrix

multiplications which may contribute to an increase in computation time.

The RMSE estimates were expressed as a percentage of @” ) to yield a nor-
malized measurement over time for each state. To compare both approaches, one
figure of merit was computed for each implementation, which is the average er-
ror over all 12 state variables, for the 4-arm junction and 9 state variables for the
3-arm junction. This gave an average % RMSE of 0.6 for both implementations
for a 4-arm junction. For a 3-arm junction the average % RMSE with the online
implementation presented in Section 6.2 resulted in 0.723% while the % RMSE
with the online implementation proposed in this section resulted in 0.725%. Thus
no deterioration in the estimate accuracy is obtained as a result of the numerical
approach applied in this section. Furthermore, the online implementation as pro-
posed in Section 6.2 requires 16.376 seconds of simulation time to complete the

full 786 cycles for a 4-arm junction, while the online implementation proposed
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in this work requires 10.436 seconds when running Matlab 2015 on a Intel Pro-
cessor 2.7GHz Intel Core 15, which is significantly less. In the work of Section
6.2, the evaluation of complex partial derivatives for each parameter required
vector/matrix multiplications at each time instance, significantly increasing the
computational effort involved. This contrasts with the reduced computational ef-
fort of the derivative-free approach where only simple perturbations are required,

which as shown, had no significant impact on the accuracy of the results.

6.3.3 Conclusion

To contribute to the autonomicity of traffic light systems, this Section proposes a
derivative-free multidimensional online joint state, parameter and noise estima-
tion algorithm for state space macro models of traffic junctions which makes use

of the simultaneous perturbation gradient approximation with projection.

The online implementation in this Section is faster in computational terms when
compared to the previous online implementation presented in Section 6.2. In fact
the simulation time for the proposed online implementation has been reduced by
a factor of 53.5% for a 4-arm junction, without any deterioration in accuracy.
Furthermore, the design and implementation proposed in this section are more
practical when compared with schemes that make use of the EKF, such as [99],
because the partial derivative of the objective function with respect to each pa-
rameter need not be worked out analytically, hence resulting in a derivative-free
stochastic approximation algorithm that is generalisable and scalable to multiple
junctions. It also avoids the divergence problems associated with the EKF, as

well as state and parameter augmentation for joint estimation.
The work presented in this Chapter is aimed to form an integral part of the real-

time multiple model estimation algorithm to be discussed in detail in the follow-

ing chapter.
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Chapter 7

Real-time multiple model

estimation

7.1 Introduction

Traffic conditions of signalized junctions are subject to several potential dynam-
ical regimes that change over abruptly due to traffic incidents or unanticipated
network obstructions. Under such conditions the model structure and parame-
ters are not constant or varying slowly, but switch value abruptly, a phenomenon
known as jump dynamics [51]. Hence the dynamics of the traffic system could be
represented not by one model, but by a set of different models each correspond-
ing to a given condition. Furthermore, it might be impossible to identify these
models a priori. In this chapter, a multiple model algorithm is developed to de-
tect such abrupt changes in the dynamic behaviour of signalized traffic junctions.
The algorithm also estimates the dynamics and model parameters of the differ-
ent active regimes, such as turning ratios, saturation flows and noise parameters,
which need not be known beforehand, and detects which mode is active at any
given time. In addition, the model state variables and noise covariances are also

estimated.

7.2 Multiple Model Estimation

Suppose that H distinct modes of operation are postulated initially, each repre-
senting one specific regime. Following the generic notation of [51], only one

particular mode from these H could be active at any given time ¢. Denote this as
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mode f, where f € [1,..,H]. The dynamics of each mode f can be represented
by model M/ having the same form as in Equation (4.2.5) given in Chapter 4,
with state space matrices A/, B/, C/ and D/, noise covariances Q' and R/ and
model parameters ®/ which could either be known a priori or else estimated on-
line. Let E/ () denote the event that the system dynamics at time ¢ correspond to
model M/ with parameters ®/. Also let S ;(t) represent one specific sequence of
such events from start up to time  (e.g. S(t) = {E'(1),E*(2),E*(3),...,E'(¢)}
denotes an example of one possible sequence). Since every element of this se-
quence has H possibilities, there exist H' different possible sequences at time ¢

in all, whereby only one of these H' has actually taken place.

The question that follows is how to identify which of the modes is active at
time ¢. This can be addressed by finding the probability that a model in the set
{M"',M?,...,M"} is best representing the current observations. A Kalman filter
is matched to each mode and a probabilistic framework is formulated to iden-
tify the posterior probability of the event that the actual model sequence condi-
tioned on the observation set, Y’ is Sy. This approach is faced with evaluation
complications and high computation and storage requirements [51], as the num-
ber of possible sequences to be considered increases exponentially with time,
hence becoming impractical to implement. Three main possible sub-optimal so-
lutions have been proposed to mitigate such complications: Generalised Pseudo-
Bayes (GPB) method, the Interacting Multiple Model (IMM) method and the
lower bounding approach. The GPB method [363,364] and the IMM approach
[135,365,366] introduce the concept of pruning to limit the increase in the num-
ber of Kalman filters and merging for the state estimation information to be prop-
agated to the filters. These approaches offer a reliable suboptimal solution to
the problem of switching dynamics but computational complexity could still be
rather high.

To reduce the computational demand even further, the lower bounding approach
can be considered. To explain this approach, the problem of identifying the most
probable model from a given set of possible modes in a non-jump dynamics sce-

nario is first considered. Bayes’ rule is applied to infer the posterior probability
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of model M/ conditioned on Y:

p(y| M7 Y Pr(M/ YT
Yl p(yel M7, Y1) Pr(MIY )

Pr(M/|Y") = (7.2.1)

where Pr() denotes probability and p() denotes a distribution.

Assuming linear models with Gaussian noise, a Kalman filter matched to each
mode can be used to calculate the mean square estimate of state x; according to
each model M/, denoted as f(f and the corresponding covariance of the estima-

tion error denoted as P/ (¢|r — 1). The likelihood function can then be evaluated

by:

1

Wexp—ay,—y{')'(z{')1<y,—yf ) (71.2.2)
2m)2|Z; |2

ply M/ Y ) =~

where the corresponding variance Z{ attributed to model M/ is estimated as:
7/ = /P (st — 1)/ + R/ (7.2.3)
y,f denotes the estimate of the observation y;, where:

5/ = /%] +D/a(r) (7.2.4)
Thus (y; — y{ ) in Equation (7.2.2) represents the difference between the obser-

vation y; and its estimate 37{ ., referred to as the residual.

In a jump dynamics scenario, where switching between different modes could
occur at anytime ¢, Equation (7.2.1) is used together with a small lower bound
placed on the computed candidate probabilities, to prevent a mode from being
locked-out [367] because its associated probability has gone to zero. Hence the
lower bounding approach requires only H Kalman filters at every time instant,
one for each possible mode, as opposed to GBP which requires a maximum of

H* Kalman filters pruned down to H after d time steps and IMM which also re-
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quires H Kalman filters at every time instant.

The lower bounding approach that was discussed in this section will now be ap-
plied to signalized traffic junctions. As noted previously, the model development
for this junction as discussed in Chapter 4 given by Equations (4.2.5) and the on-
line joint estimation algorithm for the model states and parameters as discussed
in Chapter 6.3 will be used.

7.3 Multiple model approach for signalized junc-

tions

Suppose that a set of candidate models for different regimes of operation are
known a priori. Individual state estimates )“(f are obtained by running a Kalman
filter for each candidate model. The lower bounding approach together with
Bayes’ rule Equation (7.2.1) are applied to detect which mode is active at a given
time instant. The active mode gives the highest probability in Equation (7.2.1)
from all the other modes. The resultant state estimate, denoted as X; as noted
by [51], is either calculated as a combination of the individual state estimates

from the bank of Kalman filters given by:

Pr(M7|Y") (7.3.1)

I Mm

or else as the state estimate from the Kalman filter corresponding to the mode ex-
hibiting maximum posterior probability in Equation (7.2.1), denoted by X Rt vl 1)
In the former option, the covariance matrix of the state estimation error is denoted
as P(¢|r) and is given by:
H
P(r) = Y [P/ (e]r) + (& — %)X — &) 1Pr(M!|Y) (7.3.2)
f=1

The model parameters ®/ for each active mode and the noise covariances ma-

trices Q and R are also updated using the multivariate stochastic approximation
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method as discussed in Section 6.3. Note that ©®/ is equivalent to the estimated

vector of model parameters @ for each active model.

Several scenarios that represent different operating regimes (modes) were con-
sidered to be tested and validated on a signalized traffic junction, with normal
day-to-day traffic conditions and lane closures representing the different modes.
Note that for each case, the active mode is to be detected and the model param-
eters for each active mode are to be learnt if these are not known a priori, as
detailed below. Also note that the model set is either limited to a known finite

number of modes or else allowed to grow in time.

Thus, the following possibilities could be considered:
* Known number of modes and known model parameters
* Known number of modes and:

— known model parameters for the respective lane closures

— unknown model parameters
e Unknown number of modes and:

— known model parameters for the respective lane closures

— unknown model parameters

Each case is further explained as follows.

7.3.1 Known number of modes and known model

parameters

In this case a known total number of modes H is assumed and the model param-
eters ®, the model matrices A, B, C and D and the process and measurement
noise covariances Q and R are assumed to be known for each candidate model.
The Kalman filter is executed for each candidate and the posterior distribution

for each is calculated as detailed in Table 7.1.
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Table 7.1: Multiple model approach with known number of modes and known
model parameters

Define A/, B/, C/, D/, Q/ and R/ for each candidate model.
Step 1: At every time step 7, measure y(z).

For each candidate model f with known A/, B/, C/, D/, Qf and R/:

Run Kalman-filter recursion in order to compute f(f

Calculate the posterior probability distribution for each candidate model
f given in Equation (7.2.1).

Calculate X; using Equation (7.3.1) or by ﬁ,max'Pr(M Iy

Calculate P(t|r) using Equation (7.3.2) or by P(¢t) 0. pr(a7|v7)-
t=t+1
Repeat from Step 1.

: representation.

7.3.2 Known number of modes and known or unknown

model parameters

In this case the total number of modes H is assumed known and the model pa-
rameters ©® and the process and measurement noise covariances Q and R for
each model are updated in time by applying the online self-estimation algorithm
proposed in Chapter 6.3. The posterior distribution for each candidate model is
calculated as detailed in Table 7.2.

For comparison reasons this test is carried out for two particular cases: 1) when
the turning ratios for the respective arm closures are known, meaning that o;;
is known where j denotes the closed arm while estimating all the other model
parameters within vector ®/; For example if an accident occurs in arm 1, which
blocks the flow of vehicles leaving the junction through this arm, then the turning
ratios 01 and o3 are known to be equal to 0 while o3 and o3, are set equal to
1. All other turning ratios and other model parameters are estimated; ii) when
all model parameters are unknown including ¢;; and hence all parameters are

estimated.
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Table 7.2: Multiple model approach with known number of modes and known
or unknown model parameters

Initialise estimates for ®/, Q/ and R/ and —2E{G}
Iterate for every time step ¢ and measure y(¢).
E-step
Run Kalman-filter recursions for each candidate model f to compute f({ .
M-step
For each candidate model f, minimise -2E{G(©/ ,(:){ )} over ®/ for dynamic
traffic conditions while satisfying Equations (4.2.12) and (4.2.13)
(with projection if necessary).
Minimise -2E{G(®©/ ,C:){r )} over Q/ and similarly for R/
Calculate the posterior probability distribution for each candidate model
f given in Equation (7.2.1).

Calculate X; using Equation (7.3.1) or by ﬁ,m_Pr(Mf‘Yt)

Calculate P(|) using Equation (7.3.2) or by P(|t) 0. pr(ms|v1)-

For the current active model, that is the model which corresponds to the
max : Pr(M’|Y") update Af B/, €/, D/, with C:)tf to reflect

the traffic conditions per arm.

Increment z.

representation.

7.3.3 Unknown number of modes and known or unknown

model parameters

In this case the total number of modes H is not known a priori and the model pa-
rameters © and the process and measurement noise covariances Q and R are
updated in time. Assume that only f distinct modes are known initially. A
self-organized model allocation approach [51] is applied, whereby new modes
are learnt in real-time, hence growing the multiple model set. Just after the f"
model has been selected by the mode estimation algorithm, as a result of a new
mode being detected active, a freshly initialized model is introduced by adding a
newly initialized parameter vector for this model. The probability density func-
tion of the freshly initialized model is initially wide and narrows as the variance
decreases as a consequence of learning. This procedure of adding a fresh local

model once the previous one has been selected is repeated continuously, hence
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growing the candidate models in the multiple model set. Thus there is always

one spare model ready to accept a new regime that has not appeared before, as
detailed in Table 7.3.

Table 7.3: Unknown number of modes and known or unknown model parameters

Initialise @/, Q/ and R/ estimates for f local models and —2E{G}

Iterate for every time step ¢.

Step 1:

Measure y(7).

E-step
Run Kalman-filter recursions for each local candidate models f to compute
f({, where f =1...H.

M-step

For such candidate model f, (f = 1...H), minimise -2E{G(®f,@f)}

over ®/ for dynamic traffic conditions while satisfying

Equations (4.2.12) and (4.2.13) (with projection if necessary).

Minimise -2E{G(®/ ,(:)f )} over Qf and similarly for R

Calculate the posterior probability distribution for such candidate model

f given in Equation (7.2.1).

Just after the H"" model has been selected, as a result of a new mode being

detected active, introduce a new model with randomly selected ©/,

Q/ and R and let H — H + 1.
Calculate X; using Equation (7.3.1) or by ﬁtmax:Pr(M Iy
For the current active model, that is the model which corresponds to the
max : Pr(M/|Y") update A/, B/, C/, D/, with (:)f
to reflect the traffic conditions per arm.

Increment ¢t and repeat from Step 1.

: representation.

For comparison reasons, similar to Section 7.3.2, this test is carried out for two
particular cases: 1) when the turning ratios for the respective arm closures are
known while estimating all the other parameters within vector ©/; ii) when all
model parameters are unknown including ¢;; and hence all parameters are esti-

mated.
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7.4 Simulation Experiments

The proposed algorithms for the multiple model approach were tested and val-
idated on signalized 3-arm and 4-arm junctions, with geometry represented in
Figure 4.2 and 4.3 respectively and with model parameters presented in Chap-
ter 6.3.2. As in the previous chapters, Aimsun micro traffic simulation soft-
ware [354] was used to generate traffic data at one second intervals for a typical
working day. Randomly generated Gaussian distributed measurement noise was
added to the high resolution dataset from Aimsun for evaluation purposes, which
was then used as input to the proposed algorithms. The Euclidean norm of R was

set equal to 1 respectively.

This data which includes the inflow in arm i, };,, the occupancy ¢; and the out-
flow from arm i, yp,, for i = 1,2,3, with each having N = 830 cycles at 104
seconds per cycle, was used to form the sensor measurement vector y input to
the proposed algorithms for the 3-arm junction, similar to the previous chapter.

Similarly for the 4-arm junction.
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Figure 7.1: Flow away from junction

Figure 7.1 shows the flow of vehicles away from the 3-arm junction for one arm
for a typical working day from 6:00 am of one day to 6:00 am of the next day.
The morning peak period is between the 37" and 68" cycle (between 7.00am
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till 8.00am) whilst the evening peak period is between the 405" and 427" cycle
(between 5.45pm till 6.20pm) for the first arm. Similarly for the other arms and
for the 4-arm junction. Furthermore, the black windows represented in Figure
7.1, show the duration of arm 1 and arm 2 closures. Arm 1 closure is shown in
Figure 7.2, marked with a dark red cross, where all outflow lanes in arm 1 are

blocked. Similarly for arm 2 closure.

Sensors of arm 1 flow
Y towards junction

Sensor of arm 1 flow
away from junction

Figure 7.2: 3-arm signalized junction with arm 1 closure

Arm 1 closure occurs between the 43" and 63" cycle (between 7.15am till
7.50am) whilst arm 2 closure occurs between the 416/ and 433" cycle (between
6.00pm till 6.30pm) during the morning and evening peak periods respectively.
Similarly arm closure scenarios were simulated on the 4-arm junction. Arm 1
closure occurs between the 43" and 63’ cycle (between 7.18am till 7.55am)
whilst arm 2 closure occurs between the 416 and 4337 cycle (between 6.42pm
till 7.13pm).

Furthermore, a lane closure scenario was simulated on the 3-arm junction. Figure
7.3 shows the lane closure for arm 1, crossed in dark red, where one of the inflow
lanes in arm 1 is blocked. Fresh dataset was generated from Aimsun represent-

ing normal traffic conditions and a lane closure was simulated during a short
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period. Lane closure occurs between the 52"¢ and 87" cycle (between 7.30am
till 8.30am).

Sensors of arm 1 flow
gy towards junction

Sensor of arm 1 flow
away from junction

Figure 7.3: 3-arm signalized junction with one lane in arm 1 being closed

A Root Mean Square Error (RMSE) measure is defined to determine the accuracy
of the estimation results, similar to Chapter 6.3.2. The RMSE is expressed as a

1 . . .
percentage of |/ ¥x” ") 1o yield a normalized measurement over time.

7.4.1 Results

Figure 7.4 shows the estimated switching conditions for the 3-arm junction with
simulated arm closures, when the algorithm in Table 7.1 is executed, where the
total number of candidate models H in this example was set to 3 and the system
parameters O/, the system matrices A/, B/, C/ and D/ and the measurement
noise covariance R/ are assumed to be known for each candidate model. The
subplots on the right in Figure 7.4 zoom in on the situation between 6.58am
and 8.10am so as to clearly show the transition before and after arm 1 closure.
The estimated switching conditions compare well with the actual switching traf-
fic conditions, with lane closures detected at the 44" and 64/ cycle (between
7.16am till 7.51am) and the 417" and 434" cycle (between 6.01pm till 6.31pm),

respectively, essentially a one cycle delay between the actual and the estimated
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switching conditions. This is attributed to the Kalman filter state estimations that

depend on the estimated states from the previous cycle and the current measure-

ments.
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Figure 7.4: Estimated switching conditions with known number of modes and
known model parameters

Table 7.4 compares the % RMSE of every individual state estimate obtained
when applying Equation (7.3.1) with those obtained when applying X, mx S
respectively for the 3-arm junction, and with the system parameters ©/, the sys-
tem matrices A/, Bf, C/ and D/ and the measurement noise covariance R/ as-
sumed to be known. For comparison reasons, one figure of merit was computed
for both cases, consisting of the mean % RMSE. This was computed by calculat-
ing the mean value of the % RMSE over all 9 state variables. A mean % RMSE
of 0.687 was obtained for the first case and 0.686 for the second case. Hence

from the estimated results, there is no significant difference observed between
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the maximum aposteriori estimates and the estimates resulting from Equation
(7.2.1) based upon the combination of Kalman filters. This occurs because the
probabilities of the inactive models dropped to 0.01%, hence resulting in no sig-

nificant differences between the state estimations of the two cases.

Table 7.4: % RMSE of estimates for the maximum aposteriori or for the combi-
nation of Kalman filters

Estimates RMSE on the state estimates | RMSE on the state estimates

from maximum aposteriori from the combination of
Kalman filters

& 1.564 1.565

& 0.947 0.945

& 1.171 1.171

¥, 0.510 0.510

1, 0.265 0.266

/A 0.310 0.311

) 0.510 0.509

¢ 0.443 0.443

3 0.459 0.458

Average 0.687 0.686

Further tests were carried out to estimate the system parameters ®/ and the pro-
cess and measurement noise covariances Q/ and R/, with known number of
modes H. The algorithm of Table 5.2 is executed for the 3-arm junction with
simulated arm closures. For comparison reasons, tests are carried out for two
cases as follows: 1) when the model parameters for the respective lane closures
are known, meaning that o and o3 are set equal to 0, while o3 and o3, are
set equal to 1 during closure of arm 1. Similarly, o, and o3, are set equal to 0,
while a3 and a3 are set equal to 1 during closure of arm 2. All other turning
ratios and other model parameters are estimated as in Table 5.2; ii) all model pa-

rameters are estimated.

The switching conditions observed during both cases when the algorithm in Table
5.2 is executed were similar to the ones obtained in Figure 7.4, with arm closures
detected between the 44" and 64" cycle (between 7.16am till 7.51am) and be-
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tween the 417" and 434" cycle (between 6.01pm till 6.3 1pm) respectively. Both
the estimated and the expected switching conditions are similar, with a one cycle
delay in detecting the switching conditions in the estimation results. Such minor

delay is expected due to the Kalman filter state estimations.

0.485

normal conditions

alphad 0:7 [

normal conditions | 4

0.6
05-

e R ze L - 0 Q, 2, r d‘ /0 1e 2 T @,
%%, %, % "%‘%"%" %,"% %, %o%%%% ”"%"%"%
il il
pExpected alpha12=0.504, utlmatod‘r:le 12: mean=0.481, std=4.170¢-15 Ex; ed al ha?l:ﬂ.. Ia:mg:am H meaﬂldi.oelﬁ. slq=6.11|5&1
KAl w i a8 [——— am oo |
0.485 gf ]
P e @ 2 e, @ & 2
¥ F 2. 2 g % 3 4 (] b Tg. ¥
%%‘b“%‘%” %%,"% % % %, %, % %, %%, %, %%, %%,
i T
Expected alpha12=0, estimated alm:mz: mean=0.014, std=2.432e-17 1,2 Expected alphadi=1, estimated a:mg:l31 : mean=0.982, std=8.006e-1
e ‘ ‘
0.1 0.6
Oe d; 7 I 2 : g @ G 2 8 Dd I Q, 2
d : % a5 3 P % 2. T, T
B b %, B, b By By, B, %, %, %, %, ‘%‘%” %ﬁ,"% ‘%‘%O %, z%%%

Time Time

Figure 7.5: Estimated turning ratios

Figure 7.5 shows the estimation results for o> and az; when all model param-
eters including all the turning ratios are estimated for the 3-arm junction. The
estimated values compare well with the expected values. In fact, the estimation
of ay; resulted in a mean of 0.483, for the last 10 cycles during normal traffic
conditions and 0.481 for the last 10 cycles during arm 1 closure, where the ex-
pected value for a;; for both conditions was 0.504. During arm 2 closure the
estimated value was found to be equal to 0.014, when the expected value was 0.
Similarly for o3 and the other model parameters. These results are superior to
the estimation results obtained when executing the online estimation algorithm
presented in Chapter 6.3 without multiple model estimation, with the same initial
and simulation conditions presented to both estimation algorithms. For example,

the estimation of 1, resulted in a mean of 0.481, for the last 10 cycles during
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normal traffic conditions and a mean of 0.481 for the last 10 cycles during arm
1 closure, similar to the previous case, where the expected value for a;;, for both
conditions was 0.504. However, during arm 2 closure the estimated value was
found to be equal to 0.473, when the expected value was 0. Similarly for the

other model parameters.

Further tests were carried out, where this time the number of modes H is un-
known and hence modes and their models are learnt as they occur in real-time,
while estimating the time-variant system parameters ® and the process and mea-
surement noise covariances Q and R. Only one local model is known initially and
this denotes ‘normal’ traffic conditions. Figure 7.6 and 7.7 show the estimated
switching conditions for this test for the 3-arm and 4-arm respectively with the
actual switching conditions denoting arm closures for such junctions described
in Section 7.4. The subplots on the right in Figure7.6 zoom in on the situation
between 6.58am and 8.10am and the subplots on the right in Figure 7.7 zoom in
on the situation between 7.05am and 8.13am so as to clearly show the transition

before and after arm 1 closure.

As shown in Figure 7.6 spare models are introduced at the 44" cycle (at 7.16am)
and 417" cycles (at 6.01pm) respectively when closures of the arms are detected
for the 3-arm junction. Before the 44/ cycle, there is no trace for the probability
for ‘blockage - arm 1°, because this model is introduced at 7.16am. Similarly,
before the 417" cycle, there is no trace for the probability for ‘blockage - arm 2°,
because this model is introduced at 6.01pm. The system switches back to nor-
mal conditions at the 65/ cycle (at 7.53am) and at the 435" cycle (at 6.32pm)
respectively. This results in one cycle delay in detecting arm 1 and arm 2 clo-
sures and another cycle delay in switching back to normal conditions following
the respective arm closures. Similarly, for a 4-arm junction, in Figure 7.7, spare
models are introduced at the 44" cycle (at 7.20am) and 417" cycles (at 6.44pm)
respectively when closures of the arms are detected. Before the 44" cycle, there
is no trace for the probability for ‘blockage - arm 1°, because this model is in-
troduced at 7.20am. Similarly, before the 417" cycle, there is no trace for the

probability for ‘blockage - arm 2°, because this model is introduced at 6.44pm.
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Figure 7.6: Estimated switching conditions with unknown number of modes and
unknown model parameters for the 3-arm junction

The system switches back to normal conditions at the 65" cycle (at 7.59am) and
at the 435" cycle (at 7.17pm) respectively. This results in one cycle delay in
detecting arm 1 and arm 2 closures and another cycle delay in switching back to
normal conditions following the respective arm closures in a 4-arm junction as

in the previous case.

Furthermore, the RMSE estimates of the system states for known and unknown
number of modes were compared. For comparison reasons, an average % RMSE
was computed for both cases. The resulting average % RMSE was 1.1% for each
case for the 3-arm junction while for the 4-arm junction an average % RMSE of
0.8325% with known number of modes and 0.8421% with unknown number of

modes were obtained. Although the total number of modes was not known a
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Figure 7.7: Estimated switching conditions with unknown number of modes and
unknown model parameters for the 4-arm junction

priori, the average % RMSE did not significantly deteriorate when comparing
results to the case when the total number of modes was assumed known a priori

for both junctions.

Another test was carried out, for the 3-arm junction with simulated lane clo-
sure as discussed in Section 7.4. Only one local model is known initially and this
denotes ‘normal’ traffic conditions. The number of modes H is unknown and
hence modes and their models are learnt as they occur in real-time, while esti-
mating the time-variant system parameters ® and the process and measurement
noise covariances Q and R. Figure 7.8 shows the estimated switching conditions
for this test for the 3-arm junction with the actual switching conditions denot-

ing lane closure for such junction described in Section 7.4. The subplot on the
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right in Figure 7.8 zoom in on the situation between 6.45am and 9.01am so as to

clearly show the transition before and after lane closure. Before the 53" cycle,
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Figure 7.8: Estimated switching conditions for the 3-arm junction subject to lane
closure

there is no trace for the probability for ‘blockage - lane in arm 1°, because this
model is introduced at 7.31am. The system switches back to normal conditions
at the 88" cycle (at 8.32am). This results in one cycle delay in detecting lane clo-
sure and another cycle delay in switching back to normal conditions following
the lane closure in the 3-arm junction as in the previous case. Table 7.5 shows
the RMSE of every individual state estimate from the maximum aposteriori for
the 3-arm junction, expressed as a percentage of @pz(’) to yield a normalized
measurement over time.

These results are superior to the %RMSE of the state estimates obtained when
executing the online estimation algorithm presented in Chapter 6.3 without mul-

tiple model estimation, with the same initial and simulation conditions including
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Table 7.5: % RMSE of the state estimates expressed as a percentage

&1 & < i, /A /A ¢ ¢ I
8.352 | 7.286 | 9.151 | 2.509 | 2.274 | 3.320 | 0.602 | 0.375 | 0.514

lane closure presented to both algorithms. For example the estimate 51 resulted
in a percentage RMSE of 20.8% without multiple model estimation as shown in
Figure 7.9, with the largest discrepancy between the estimate and the actual mea-
surement being observed during the lane closure, between 7.30am and 8.30am.
This represents an increase of 12.5% in error in Zj 1 when compared to the estimate

shown in Table 7.5. Similarly for the other estimates.
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Figure 7.9: Queue length in arm 1

7.5 Conclusion

This chapter proposed a stochastic multiple model joint estimation approach for
representing jump dynamics within urban signalized traffic junctions. Traffic
network irregularities like incidents lead to abrupt changes in the dynamic be-
haviour of the traffic system. Hence these changing conditions are better rep-
resented by different regimes or modes, where each mode is represented by a

distinct model.

The proposed algorithm learns the mode dynamics in real-time and determines

which mode is active at a given time. An online dual estimation algorithm is
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adopted to jointly estimate traffic states in real-time such as queue lengths, oc-
cupancies and flows, as well as the model parameters such as turning ratios, sat-
uration flows and noise parameters. The adopted approach makes use of an EM
algorithm, modified for real-time estimations, with a Kalman filter estimating the
traffic states and a multivariate gradient-based approach estimating the model pa-
rameters, as proposed in Section 6.3.1. The algorithm computes residual data by
comparing the measured information with the estimated states and assign proba-
bilities to each model in the set. The algorithm is also able to learn the unlimited
number of potential dynamical regimes not anticipated a priori if the residual
characteristics do not match any of the learnt modes in the set that is known so
far. Through this approach, the system will automatically configure and grow
its model set if new modes appear in the scene. A limitation to the proposed
stochastic multiple model approach is that this work assumes a Gaussian likeli-
hood distribution which could be violated when having low traffic counts in the
junction. However, this assumption is not critical, as this work is highly crucial

during congestions.

The developed algorithm was tested by simulating experiments of 3-arm and
4-arm signalized traffic junction, with several arm closures, with either having
1) fixed number of known changing conditions and hence a finite set of models
or i1) an unlimited number of potential dynamic regimes where the system auto-
matically learnt the distinct system behaviours as different models. The results
in this chapter highlight the accuracy in estimating and detecting the switching
conditions, with minor delays. Results also demonstrate the performance of the
algorithm with a known finite set of models and with an unlimited number of
modes. For the 3-arm junction, both cases performed equally well with an av-
erage % RMSE of 1.050% on the estimates of the system states for both tests,
while for the 4-arm junction an average % RMSE of 0.8325% and 0.8421% were

obtained with known or unknown number of modes respectively.

The results also highlight the accuracy of the estimates when executing the online
estimation algorithm with multiple model estimation as proposed in this Chap-

ter compared to the the online estimation algorithm presented in Chapter 6.3,
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without multiple model estimation. For example the estimate 51 resulted in a
percentage RMSE increase of 12.5% without multiple model estimation when
compared to the result obtained with multiple model estimation.

This work is aimed to form part of adaptive control loops for traffic light sys-

tems that are able to autonomously adjust to changing traftic conditions so as to

ensure efficient vehicle flows, as will be shown in the next chapter.
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Chapter 8

Model Predictive Control

8.1 Introduction

Previous works discussed in Chapters 5 to 7 assumed knowledge of signal times
i, representing the ratio of the green signal time for arm i to the total cycle time.
This was fixed to a constant value for each arm i. The fixed time plans for the
3-arm and 4-arm junctions of Section 4.2 were taken from the actual junctions

and tuned to some predefined traftic flows by the network operator.

Fixed time plans work well when traffic conditions are consistent. However per-
formance is degraded when traffic conditions are subject to changes because of
time-dependent high demands or during unusual occurrences such as traffic in-
cidents or unanticipated network obstructions, causing significant changes to the
normal traffic conditions. To address these situations, traffic-responsive signal
time plans are required which make use of the online data given from the sen-
sors. Models describing the dynamics of the traffic behaviour within a junction
can be used to predict future traffic flows. There has been great advancement in
developing such traffic responsive systems as discussed in Chapter 1, however
the controller parameters are not tuned to changing traffic behaviour so as to en-
sure consistent and optimal control. An adaptive system which can self-tune and
adjust the controller parameters to adapt to changing traffic conditions is thus

desirable, leading towards an autonomic system.

This work focuses on a MPC based approach which can tune the controller pa-

rameters to reflect changing traffic conditions. This consists of a model-based
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prediction, online optimization, and a rolling time horizon. The traffic models
and the online joint estimation techniques discussed in Part I are required to be
able to describe and predict the traffic flow dynamics in the future, and as result
these enable the controller to look ahead into the future to avoid short sighted
decisions. Moreover, by using the rolling horizon procedure, feedback is in-
troduced, which makes the controllers more robust to disturbances and model

mismatch errors.

8.2 Problem Formulation

MPC is required to minimise the queue lengths in the network whilst adhering to
some constraints. The control process can be described by the elements described

in the following:

8.2.1 Prediction Model

To predict the future queue lengths used for evaluating the objective function
based on the information of current queue lengths, a prediction model is required.
The prediction model used in this work is simplified from Equation (4.2.5) pre-
sented in Chapter 4. The state variables in this prediction model comprise the
queue length §;(¢) and the inflow 9;,(¢). The occupancy given by ¢;(¢) which
was included as a state variable in Equation (4.2.5) is now unnecessary in the pre-
diction model because it does not affect the estimation of future queue lengths.
Hence it is removed in the prediction model given by Equation (8.2.1). How-
ever, as discussed in Section 4.2, the occupancy is still included in the estimation
model because it is useful to detect unusual situations such as lane blockage dur-

ing unsaturated conditions.

For a 3-arm junction, the state variables formulating the prediction model are
reduced from a total of 9 states to a total of 6. The output vector given by Equa-
tion (8.2.1) comprises the queue length, since the queue length will be minimised

in the network.
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(8.2.1)

Let A, be the state matrix, B, be the input matrix, C. be the output matrix, x. be
the state vector, y,. be the output vector and u be the input vector for the predic-
tion model, where for a 3-arm junction x.(1)=[C; (¢) L2 (¢) &3 () 11, () 11, () 115 (2)],
Ye() =100 & (1) (1)) and u(t)=[z1 ())za(r)z3(1)]. Equation (8:2.1) gives the
prediction model extended to an n-arm junction.

Following the notation of [238], the stacked vectors of future states X, inputs
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U, and outputs Y are formulated as:

X=[xS(t+1) xS(@+2) - xJ@+N)"
U=p"() o (@+1) - W (@+N=1)
Y=y (t+1) y @t+2) - y (@+N)"

(8.2.2)

where N gives the control prediction horizon.

To tune the model to reflect to changing traffic conditions in real-time, online
joint state and parameter estimation is carried out as proposed in Chapter 6.3.

The predicted states X and the predicted outputs Y can be calculated as follows:

X = A.x.(t) +B,U (8.2.3)
Y = Ax.(1)+B,U (8.2.4)

depending on the future inputs U and the state x.(7). The future input vector U
is the optimization variable which should be determined by an optimization al-

gorithm to minimize a specified cost function.

The prediction matrices A, and B, are defined as follows, where A% represent

A, squared. Similarly for the other exponents.

Ay = [Ac AZ - AN T
[ B. 0 R |
AB, B, EE (8.2.5)
Bx — . B . . .
: . 0
I ANB, AN B, .-+ .-~ B, |
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The prediction matrices for the output A, and By, are similarly defined, whereby
A/ is replaced by C, A’ Vv €0,1,...,N.

8.2.2 Optimization Problem

For one arm, the optimization problem is required to minimize the queue length
of this arm in time. This problem can be formulated to minimize either one of

the following norms [368]:

* [} Norm - This is given by the sum of the magnitudes of the queue length

for the arm in time, as follows:

J=Y1C0) (8.2.6)

This is also known as the Manhattan Distance.

* [, Norm - This is given by the sum of the square of the magnitudes of the

queue length for the arm in time, as follows:

N

D=1/ LIC0)) (8.2.7)

t

This is also known as the Euclidean norm.

* I, Norm - This is given by the largest magnitude of the queue length for

the arm in time, as follows:

Joo = max {1 (1))} (8.2.8)

The optimization problem can be extended to minimize the queue lengths for all
or some arms of the intersection. In this case, the optimization problem is for-
mulated to minimize mixed norms in space and time [238,369], since the queue
lengths in different arms are required to be minimised (space), while also consid-
ering their varying behaviour in time. This minimization depends on weighting

matrices which are used to prioritize some queue lengths in space and time. Nine
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possible combinations (three in space and three in time) are formulated and the

one which gives the best performance based on the largest reduction in queue

length when compared to those resulting from fixed time plans, will be deter-

mined.

The nine possible combinations of mixed norms are:

[1,1 Norm - I-norm with respect to time and 1-norm with respect to space
[ » Norm - 2-norm with respect to time and 2-norm with respect to space
loo 0o Norm - co-norm with respect to time and co-norm with respect to space
l12 Norm - 1-norm with respect to time and 2-norm with respect to space
[1 ..o Norm - 1-norm with respect to time and eo-norm with respect to space
l.1 Norm - 2-norm with respect to time and 1-norm with respect to space
[2 .o Norm - 2-norm with respect to time and oo-norm with respect to space
lo,1 Norm - co-norm with respect to time and 1-norm with respect to space

lo» Norm - co-norm with respect to time and 2-norm with respect to space

The next sections will discuss: i) the /11 Norm; ii) /; » Norm and iii) /e .o Norm.

The formulation for / » Norm, /; .. Norm, /> | Norm, /5 .. Norm, /., | Norm and

lop Norm are discussed in the Appendix.

8.2.2.1 [;; Norm - 1-norm with respect to time and 1-norm with respect

to space

The cost function based on the /; | norm is given by:

N n
T =YY i) =[5 (8.2.9)
T
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By Equation (8.2.3) this implies that:

J171 = HQcAch(t)+RcByu(t)Hl,l (8.2.10)

where the states are weighted with the diagonal matrix Q. and the input is weighted

with the diagonal matrix R..

The optimization problem leads to:

Hgn”FlU+gl||l,l (8.2.11)

where F1=R.B, and g;=Q.AX.(t). Note that J; 1 is not smooth but is a com-
posite of smooth functions [238,368,370]. This function can be transformed into
a smooth one by introducing a new variable 7" [370] such that:

T
.10 U
%11}1{ 1 } { T ] (8.2.12)
0<FU+g <7 (8.2.13)
and Y=[11(t) Y(¢t) .. YL,(t) Ti(t+1) ... Y,(t+N)]T. Queue lengths

given by vector Y must be greater or equal to zero and must be less than some

maximum value, 1.

This minimization problem can be cast as a linear program with linear constraints
given by Equation (8.2.13) that need to be satisfied. As mentioned before, queue
lengths must be greater or equal to zero and must be less than 7. This maxi-
mum value is set to be the maximum number of vehicles that can fit along each
arm, without spilling over to the next junction, thus avoiding block-back scenar-
i0s. The minimum value of T is set to 0. Hence T is upper and lower bounded
to be positive. Moreover, as recommended by the service operator the mini-
mum green time required to allocate enough time for the traffic light to operate

and for a few vehicles to exit the link, set to 0.1. In addition, the green time

158



8.2. Problem Formulation

for all arms should add up to 0.93, whilst providing a safe transition between
conflicting phases. Hence, the maximum green time for an arm should be set to
0.93 —((n—1) x 0.1) provided that all other arms are assigned a minimum green

time. Such constraints can be expressed in matrix form as follows:

4 0
R.B |
A constraint = _Rcl;y 0 (8.2.14)
0 0
Ci
bconstraint = 8 (8.2. 1 5)
g1
C
U
Aconstraint T < bconstraint (82 1 6)

The maximum and minimum constraints on X" are defined by the 4" row in
Aconstraint and Beopsiraine 1IN Equations (8.2.14) and (8.2.15) respectively. For ex-
ample, for a 3-arm junction, with a prediction horizon of 1 cycle,

Y=[i(t) L) B@) Y(+1) B(t+1) B(t+1)]7. The maximum bound

on Y is set to 60 vehicles for each arm. €2, is given by:
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-1 0 0 0 0 O
0 -1 0 0 0 0
0 0 -1 0 0 O
0 0 0 -1 0 O
0 0 0 0 -1 0
0, = 00000l (8.2.17)
1 0 0 0 0 0
O 1 0 0 0 O
0O 0 1 0 0 O
0O 0 0 1 0 O
0O 0 0 0 1 0
0 0 0 0 0 1

andcyisequalto[0 0 0 0 0 0 60 60 60 60 60 60]7. The max-
imum and minimum constraints on U are defined by the 1% row in A o51rains and
bconstraint- For example for a 3-arm junction, with a prediction horizon of 1 cycle,

(2, is given by:

10 0 0 0 0 |
0 -1 0 0 0 O
0 0 -1 0 0 0
0 0 0 -1 0 0
0 0 0 0 -1 0

Q= 00000l (8.2.18)
1 0 0 0 0 0
0O 1 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0O 0 0 0 1 0
0 0 0 0 0 1 |

and ¢ isequalto [0.1 0.1 0.1 0.1 0.1 0.1 0.73 0.73 0.73 0.73
0.73 0.73]". The constraint in Equation (8.2.13) is defined by the 3"/ and 4'"
rows in A onstraint ad Beonstraine 10 Equations (8.2.14) and (8.2.15).
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Moreover, the constraint that the green time addition for all arms should add
up to 0.93 is defined by A.; and b,, given by Equation (8.2.19). For exam-

ple for a 3-arm junction, with a prediction horizon of 1 cycle, A, is equal to

111000000000 - 0.93
(660979000000) and by is equal to (33 )

— by, (8.2.19)

8.2.2.2 [, Norm - 2-norm with respect to time and 2-norm with respect

to space

The cost function based on the /> » norm is given by:

N n
Do =YY )P = Y3, (8.2.20)
i

1 1
= [|QZAxc(r) +RZByu(1)[3, (8.2.21)
The optimization problem leads to:

min|[F,U+ g3 (8.2.22)

1 1
where Fo=R¢B, and g,=QZAx.(¢). This minimization problem is cast as a

quadratic program with linear constraints [238]:

1
rrgnEUT 2F1F,)U+ 2FLg)TU (8.2.23)

such that the queue lengths are upper and lower bounded, where:

0<Y<ec (8.2.24)
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8.2. Problem Formulation

For example for a 3-arm junction, with a prediction horizon of 1 cycle, and
a maximum bound on the queue length set to 60 vehicles for each arm gives
c=[60 60 60 60 60 60].

Hence,

—H<FhU<ec-g (8.2.25)

The constraints for the maximum and minimum bounds on the green time as ex-
pressed in Section 8.2.2.1 still apply. Such constraints can be expressed in matrix
form, given by Equations (8.2.26) to (8.2.28). The maximum and minimum con-
straints on U are defined by the 1% row in A onsrraine and Beonssraine as similarly
expressed in Section 8.2.2.1. The constraint in Equation (8.2.25) is defined by
the 2" and 3" row in Equations (8.2.26) to (8.2.28).

Q
A constraint = F> (8226)
_F2
Ci
beonstraine = | €2 — 1Y) (8.2.27)
—82
AconstraintU S bconstraint (8228)

Moreover, the constraint that the green time addition for all arms should add

up to 0.93 is defined by A, and b, in Equation (8.2.29). For example for a

3-arm junction, with a prediction horizon of 1 cycle, A, is equal to ((1) (1) (1) (1) (1) (1))
and b, is equal to (8:8% )
A.4U = b, (8.2.29)
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8.2.2.3 w0 Norm - co-norm with respect to time and c-norm with respect

to space

The cost function based on the /. .. norm is given by:

Joo o = maxi{maxi|ye; ()|} = [[Y] oo o (8.2.30)
- ||QcAyX(;(t) +R6Byu(t)||oo7oo (8231)
The optimization problem leads to:
min [F\U+ g ... (8.2.32)
where F1=R B, and g=Q.A X.(t). Note that J., . is not smooth [238,368,370].

This function can be transformed into a smooth one by introducing a new vari-
able I’ [370], such that:

0 < max;{max;(F1U+g;)} <Y (8.2.33)

This minimization problem can be cast as a linear program with linear con-

straints:

T
min [ ‘1’ } [ g } (8.2.34)

The same constraints for the queue length and green time as expressed in the

previous sections still apply. Such constraints can be expressed in matrix form,

where:
Q 0
R.B —I
Aconstraint = Y 8.2.35
constraint —RCBy O ( )
0 0,
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8.2. Problem Formulation

Ci
—8
beonstraint = ! (8.2.36)
g1
C2
U
Aconstrainl [ T ] S bconstraint (8237)

The maximum and minimum constraint on 1" are defined by the 4/ " row in A constraint
and bconserain: in Equations (8.2.35) and (8.2.36) respectively. For example, for
a 3-arm junction, with a prediction horizon of 1 cycle, €2, is equal to (‘11 ) and
¢y is equal to [0 60]”. The maximum bound on Y is set to 60 vehicles. The
maximum and minimum constraints on U are defined by the 1% row in A copstrains

and beopstraint, With €21 and ¢; similarly defined in Section 8.2.2.1.

Moreover, the constraint that the green time addition for all arms should add

up to 0.93 is defined by A., and b, in Equation (8.2.38). For example for a 3-

arm junction, with a prediction horizon of 1 cycle, A, is equal to ((1) (1) (1) (1) (1) (1) 8)
and b, is equal to (393 ).
U
Ay rl= b.y (8.2.38)

The formulation for /;  Norm, /1 . Norm, /5 1 Norm, /> .. Norm, /., | Norm and

lo» Norm are similarly described in the Appendix.
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8.3 Model Predictive Control for signalized junc-

tions

One of the cost functions discussed in the previous section is chosen so as to
solve for the green times which minimize the queue lengths in the junction. On-
line optimization is obtained by applying linear programming or quadratic pro-
gramming. The most successful and widely used linear programming algorithms
are the simplex method and the interior point methods. These two methods use
a different searching procedure to find the optimal points within the feasible re-
gion. The simplex method is computationally more efficient when dealing with
non-complex systems [371]. Hence, in this work the simplex method will be
applied. The linprog function in Matlab is used to solve the linear programming
algorithm [372]. The most successful quadratic programming algorithms are the
interior-point-convex and the trust-region-reflective algorithm. The trust-region-
reflective algorithm is used when the concave or convex problem has inequality
constraints or only linear equalities, but not both. Since in this work, the for-
mulation has both equality and inequality constraints, the interior-point-convex
algorithm will be applied. The quad prog function in Matlab is used to solve the
quadratic programming algorithm [372].

Model predictive control repeatedly applies optimal control in a rolling horizon
way [5,210-214,227]. Hence, the optimal control input, u(z), is obtained from
the online optimization discussed before. This control input is implemented as
indicated in Table 8.1. At the next cycle, the whole time horizon is shifted one
step forward, and the optimization over the new prediction horizon starts over
again, based on the prediction model that is fed and the estimated model states

and parameters as new information from the sensors become available.

The estimation and control algorithm is presented in Table (8.1). As the input
intensities and the queue lengths start increasing, a feasible LP or QP solution
that satisfies all constraints might not exist. This is based on the design consider-
ations made apriori by the service operator. Green times larger than 0.73 73 for

a 3-arm and 0.63 for a 4-arm junction, as defined by the service operator, cannot
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be assigned in order to satisfy the green time constraints as discussed in Section
8.2.2.1. To mitigate this problem, some constraints are progressively relaxed so
as to find a solution [373]. This is done by sequentially relaxing the limit on the
queue lengths for one link at a time. The queue length constraint of the link with

the least importance for that time of day is relaxed first, by increasing its upper
bound I

Table 8.1: MPC for signalized junctions

Initialise estimates for ©, Q, R and —2E{G}
Iterate for every time step ¢.
Step 1:
Measure y(t).
E-step
Run Kalman-filter recursions to compute X;.
M-step
Minimise -2E{G(©,0;,)} over © for dynamic
traffic conditions while satisfying Equations (4.2.12) and (4.2.13)
(with projection if necessary).
Minimise -2E{G(@,@,)} over Q and similarly for R.
Control step
Based on the prediction model given by Equation (8.2.1), minimise
the control objective function J for the selected mixed norm in Section 2.2
subject to the linear constraints (for example Equations (8.2.14) to (8.2.19) for
the /1 1 norm and similarly for the other norms) and solve for U.
Apply u(z) as the control input.
Increment ¢.
Shift the whole time horizon one step forward.
Repeat from Step 1.

8.4 Simulation Experiments

The proposed control algorithm with online joint estimation of states, model pa-
rameters and process and measurement noise covariances, was tested on sig-
nalized 3-arm and 4-arm junctions, with geometry similar to Figures 4.3 and

4.2 respectively and with traffic data for these junctions as presented in Section
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8.4. Simulation Experiments

6.3.2. To implement adaptive traffic control with the standard Aimsun software,
the Aimsun API module [374] was used to enable communication between the
Aimsun simulation model and the MPC Algorithm of Table 8.1 running under
MATLAB. Hence, the traffic data is collected from the traffic simulation through
the Aimsun API module at every time step, and the controller calculates online
the required model predictions and control actions based on the collected infor-
mation. The control action is then applied to the simulation and such process
completes the communication between the simulation in Aimsun and the MPC
algorithm on MATLAB.

In these experiments, the diagonal elements of Q. and R, are set to 1, thus equally
weighting the states and the control input for each arm. Moreover, the upper
bound of the queue length for each link, given by I, is defined for the 4-arm
and 3-arm junction as shown in Tables 8.2 and 8.3 respectively. If no solution is
found, the 1" bound is relaxed to values shown in the third column for each arm,
with the last column indicating the order in which such relaxation is to occur. 1
indicates the first upperbound to be relaxed and similarly for the rest. If a solu-
tion is still not found, then the upper bounds on the queue lengths are removed

for all arms.

Table 8.2: The upper bound of the queue length for each link for the 4-arm junc-
tion

Arm Y  [vehi- | T if no solution | Order
cles] [vehicles]

1 40 60 3 (morning), 4
(evening)

2 40 60 2

3 40 60 4 (morning), 3
(evening)

4 40 60 1
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Table 8.3: The upper bound of the queue length for each link for the 3-arm junc-
tion

Arm Y  [vehi- | T if no solution | Order
cles] [vehicles]
1 40 60 2 (morning), 3
(evening)
2 40 60 1
3 40 60 3 (morning), 2
(evening)

8.5 Results

The left hand plots of Figure 8.1 show the queue lengths occurring from the MPC
for all 4 arms, for a typical working day from 6.00am of one day to 6.00am of the
next day, with /;  norm being implemented to solve the optimization problem
and with a prediction horizon of 1 cycle. During saturated traffic conditions, the
MPC calculates the required control action, while during unsaturated traffic con-
ditions, the fixed time plans are implemented. The switching transition threshold
defined in Chapter 5 still applies, where an arm is detected to be saturated if the
condition (&, (k) + v, (k) - z,(k))>(Suz,(k)) is satisfied. This method is adopted
because the large queues during saturated traftic conditions are critical and hence
need to be minimised. During unsaturated traffic conditions, since the number of
vehicles in the arms are very low, the control action is characterised by the fixed

green time, similar to the work in [213].

To quantify the effectiveness of the MPC, comparisons are drawn when the fixed
time plans are constantly applied to the junction. The queue lengths and green
times generated from the MPC are denoted by the plot having the legend as vari-
able in Figure 8.1, while the queue lengths and green times generated from the
fixed time plans are denoted by the plot with legend fixed. As shown in Figure
8.1 the MPC controller aims to minimize the queue length depending on the or-
der defined in Table 8.2. In the morning, priority is given to arm 3, whereby I’
for this arm is last to be relaxed if no solution is found, compared to all other 3

arms. The right hand plots of Figure 8.1 show the green times. Note that MPC
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8.5. Results

assigns longer green times to this arm to keep the queue length bounded within
T, while minimum green times are assigned to arms 2 and 4 respectively. Sim-
ilarly in the evening, whereby 1" for arm 1 is last to be relaxed if no solution is
found, compared to all other three arms. Hence significant green time is assigned
to this arm while minimum green time is assigned to arm 4. Some green times
are assigned to arms 2 and 3 respectively, so as to keep the queue lengths within

the upper bound for each arm.
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Figure 8.1: Queue lengths and green times for the 4-arm junction with the /> »
norm

Similarly for the 3-arm junction. Figures 8.2 and 8.3 show the queue length
for all 3 arms, for a typical working day from 6.00am of one day to 6.00am
of the next day, with the /; | and the /> > norm being implemented to solve the

optimization problem. In the morning, the MPC assigns large green times to arm
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3 and minimum green times to arm 2 during many cycles, at the cost of increasing
queue lengths in arms 1 and 2. On the other hand, in the evening, 1" for arm 1 is
last to be relaxed if no solution is found. Hence significant green time is assigned
to such arm at the expense of slightly increasing the queue lengths in arms 2 and

3 respectively.
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Figure 8.2: Queue lengths and green times for the 3-arm junction with /; | norm

Figure 8.2 shows the aggressiveness of the /1 | controller action compared to the
l> > control action in Figure 8.3. This could be attributed to the non-smootheness
of the /11 norm cost function compared to the /> norm cost function. Ta-
ble 8.4 shows the % difference in total queue lengths for each arm, for differ-
ent times of the day, with the /; ; norm being implemented to solve the op-

timization problem, compared to the total queue lengths obtained with fixed
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Figure 8.3: Queue lengths and green times for the 3-arm junction with /; » norm

green times. The % difference in queue length in arm i is calculated as fol-

lows: (queue [ engthm,,-ablei —queue 1 engthfixedi)

quetie_Tengthyariapr x 100, where queue_length,ayiapie, 1S the
queue length in arm i resulting from green times generated by the MPC and
queue_lengthyi..q; 1s the queue length in arm i resulting from fixed time plans.
During the morning, the total queue length in arm 3 is reduced significantly, -
66.8%, as seen in the table, compared to the total queue lengths in arms 1 and
2 respectively, with the constraint 1" for arm 3 last to be relaxed if no solution
is found. On the contrary, during the evening, the total queue length in arm 1 is
reduced significantly, -58.6% as seen in the table, compared to the total queue
lengths in arms 2 and 3 respectively, with the constraint 1" for arm 1 last to be

relaxed if no solution is found. This behaviour is similarly observed when ap-
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plying the other mixed norms to solve the optimization problem.

Table 8.4: % difference in queue lengths for the 3-arm junction with /; ; norm
compared with fixed timing

Description % Difference in queue length
in arm;

% difference morning arm1 67.5
% difference morning arm2 49.8
% difference morning arm3 -66.8
% difference evening arml -58.6
% difference evening arm2 19.8
% difference evening arm3 -13.8
% difference over 24 hours arm1 -19.0
% difference over 24 hours arm2 60.5

% difference over 24 hours arm3 -55.1

Table 8.5 shows the performance of the different mixed norms when applied to
solve the optimization problem for a 3-arm junction, subject to the same traffic
data. The resulting total queue lengths and travel time over the whole day for the
MPC are compared to those resulting from fixed time plans. The % difference in
total queue lengths and the % difference in travel time between both implementa-
tions over the whole day are worked out as given in Table 8.5. The % difference

in total queue lengths is worked out as follows:

(Zi queue_lengthvariablei - Zi queue_lengthfixedi ) %

100
Zi queue_l engthvariablei

. A reduction in queue length was observed for all mixed norms ranging between
12.8% to 21.7% and a reduction in travel time ranging between 9.5% and 44.2%.
For the 4-arm junction only 3 norms were tested: /; 1, /> > and /o, .. The reduction
in queue length for the mixed norms ranged between 21.2% to 40.3% and the

reduction in travel time ranged between 23.7% to 27.3%.

To test the consistency of the performance obtained by the [ 1, 2 » and /e, .o MPC

controller, a Monte Carlo run of 100 realisations was performed on the 3 and 4-
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Table 8.5: Different norm results for the 3-arm junction

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -21.7 -32.0

[ > norm -20.3 -44.2

loo.00 NOrM -14.3 -27.4

[1 » norm -20.3 -44.2

l>.1 norm -12.9 -9.5

[1 ..o nOrm -19.3 -27.1

leo,1 nOrm -13.4 -15.9

[> .o nOrm -13.1 -19.5

loo 2 nOrM -12.8 -9.5
Mean: -16.5 -25.5

Table 8.6: Different norm results for the 4-arm junction

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -27.3 -25.7

[ » norm -40.3 -27.3

loo 00 NOTM -21.2 -23.7

Mean: -29.6 -25.6

arm junctions. Measurements of vehicles entering and leaving each arm were
simulated in Aimsun for 100 different realisations, each time recording the per-
formance of the MPC controller on the queue lengths. The resulting total queue
lengths over the whole day for the MPC are compared to those resulting from
fixed time plans. Figures 8.4 and 8.5 show box plots representing the % reduction
in total queue length over the whole day, for the 3 and 4-arm junctions respec-
tively. In both cases, the MPC controller with the /> » norm produced the largest
% reductions in queue lengths. A % mean reduction in queue length is worked
out by averaging the % reductions over all 100 realisations for each norm. For
the 3-arm junction, a mean reduction of 25.2% was observed, compared to a %
mean reduction of 22.3% with the /; 1 norm and a % mean reduction of 18.1%
with the /. .. norm for a 3-arm junction. Similarly, for the 4-arm junction, a %
mean reduction of 45.7% with the /; , norm compared to a % mean reduction of

38.7% with the /1 | norm and a % mean reduction of 25.8% with the /. .. norm.
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Boxplot representing results for three of the different norms
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Figure 8.4: Box plot representing the results of 100 realisations using the MPC
controller for the 3-arm junction
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Figure 8.5: Box plot representing the results of 100 realiéations using the MPC

controller for the 4-arm junction

Furthermore, a one-way analysis of variance was used to determine whether there
is any statistically significant differences between the means of three norms.
There is a statistically significant difference between all 3 means with a p-value
of 8.127x 1072 for the 3-arm junction and a p-value of 2.543x 1078 for the
4-arm junction at 95% confidence interval. Moreover, a paired sample t-test was
carried out to determine whether the mean difference between pairwise combi-
nations of all norms that were considered is zero. Table 8.7 and 8.8 show the
results for the 3 paired sets of norms, where in all cases a statistically significant
difference between the two respective means of the norms was observed at 95%

confidence interval. Hence, these results show the statistical significant differ-
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ence between the means of each pairwise combination with a p-value ranging
between 2.564x 102! and 4.903x10°.

Table 8.7: Paired sample t-test results for the 3-arm junction

Pairs p-value

Iy and o 4.903x10~6

b2 and e o 2.564x1072!
Iy 1 and Lo co 1.299x 1078

Table 8.8: Paired sample t-test results for the 4-arm junction

Pairs p-value

1171 and 1272 7.302><10_17
I 2 and Lo eo 4.574x10~*
l11 and Lo co 1.105x 100

The /> » mixed norm minimizes the sum of the square of the queue lengths, while
the /1 1 mixed norm minimizes the sum of the queues. Hence, the /> > mixed
norm is more sensitive to large queue lengths than the /; | mixed norm. On the
other hand, in /. .. mixed norm resulted in inferior performance, because only

the largest queue from all arms over the prediction horizon is minimized.

8.6 Conclusion

The results in this Chapter highlight the effectiveness of using MPC to control
the traffic light timings. Different norms were tested to solve the optimization
problem. A Monte Carlo run of 100 realisations was performed and it was found
out that the /; , mixed norm produced the largest % reductions in queue lengths
when compared with fixed time plans. As detailed in the results section, a %
mean reduction in queue length equal to 25.2% was observed for the 3-arm junc-

tion, while for the 4-arm junction, a % mean reduction of 45.7% was noted.
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Chapter 9

Model Predictive Control with
Jump Dynamics

9.1 Introduction

Chapter 8 presented a MPC algorithm for traffic flows operating under normal
conditions. However, as discussed in Chapter 7, traffic conditions in signalized
junctions may be subject to different modes of operation because of jump dy-
namics arising from say, traffic incidents or unanticipated network obstructions.
Hence, under such circumstances, the dynamics of the traffic system may be
represented by a set of different models that might not be identified a priori,
with each model representing specific dynamic mode. In this Chapter, the two
methodologies of Chapters 7 and 8 are combined, to yield a novel methodology
for autonomic control of traffic junctions. The essence of MPC with multiple
models is to have a set of models and controllers, each of which is associated
with a given mode, so as to minimise optimally the queue length in the junction
when that mode is detected to be active. When the dynamics jump to a differ-
ent mode, this is detected and the controller is switched accordingly. The traffic
models and the online joint estimation techniques discussed in Part I are required
to be able to describe and predict the traffic flow dynamics in the future, as well
as tune the controller parameters, once a mode becomes active. In addition to
learning the various mode dynamics and detecting mode switches, the system
will automatically configure itself and grow a new model within the set to learn

the new traffic dynamics if novel conditions arise.
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9.2 Model Predictive Control with Multiple Model

Estimation for signalized junctions

Similar to the work presented in Chapter 7, suppose that H distinct modes of
operation are postulated initially, each representing one regime (or mode) of op-
erational conditions. Only one particular mode from these H could be active at
time ¢, which is denoted as mode f, where f € [1,..,H]. The dynamics of each
mode f can be represented by model M/ with unknown state space matrices A/,
B/, C/ and D/, noise covariances Q/ and R/ and model parameters ©/ which
are online estimated as described in Chapter 7. In addition to the work presented
in Chapter 7, now, each mode f has an associated controller with state space
matrices Af , B{ and Cf and online estimated parameters as defined by Equation
(8.2.1) in Chapter 8.

Similar to Chapter 7, individual state estimates f(f are obtained by running a
Kalman filter for each candidate model. The lower bounding approach together
with Bayes’ rule Equation (7.2.1) are applied to detect which mode is active at a
given time instant. Hence, model M/ and its associated controller become active

at time 7.

In addition, the control process is similar to that described in Chapter 8. The
online optimization problem, described by one of the mixed norms presented in
Section 8.2.2 is solved at each time step and the optimal control input, u(z), is

obtained. This control input is implemented.

The estimation and control algorithm is presented in Table 9.1. Similar to Chap-
ter 8, the linprog function is used to solve the LP, while the quad prog function in
Matlab [372] is used to solve the QP. The sequential relaxing of the upper limit
of the queue lengths is still applied for one link at a time, when a feasible solution

is not found.
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Table 9.1: MPC controllers with multiple model estimation and control for sig-
nalized junctions

Initialise ©/, Q/ and R/ estimates for f local models and —2E{G}
Iterate for every time step ¢.
Step 1:
Measure y(1).
E-step
Run Kalman-filter recursions for each local candidate models f to compute
f({, where f =1...H.
M-step
For such candidate model f, (f = 1...H), minimise -2E{G(©7,0/)}
over ®/ for dynamic traffic conditions while satisfying
Equations (4.2.12) and (4.2.13) (with projection if necessary).
Minimise -2E{G(®/ ,@f )} over Q7 and similarly for R/,
Calculate the posterior probability distribution for such candidate model
f given in Equation (7.2.1).
Just after the H"" model has been selected, as a result of a new mode being
detected active, introduce a new model with randomly selected e/ ,
O/ and R/ and let H — H + 1.

Calculate X; using Equation (7.3.1) or by f(,max.MM e

For the current active model, that is the model which corresponds to the
max : Pr(M’|Y") update Af,Bf, Cf, D/, with (:)f

to reflect the traffic conditions per arm.

Control step

: representation.

Based on the prediction model with state space matrices A{ s B{ and C{ , minimise
the control objective function J for the selected mixed norm, subject to the linear
constraints and solve for U.

Shift the whole time horizon one step forward.

Increment ¢t and repeat from Step 1.

9.3 Simulation Experiment

The proposed control algorithm with online joint estimation of states, model pa-
rameters and process and measurement noise covariances, was tested on signal-
ized 3-arm and 4-arm junctions, with geometry similar to Figures 4.2 and 4.3.
Arm closures for arm 1 and 2 and lane closure in arm 1 were simulated with

timings similar to those presented in Section 7.4.
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9.4 Results

Several tests were carried out as will be discussed in detail in the next sections.

9.4.1 Multiple Model Estimation with MPC
9.4.1.1 Arm closures

Figures 9.1 and 9.2 show the estimated switching conditions for the 3-arm and
4-arm junctions respectively with the arm closures for such junctions occurring
at the same timings described in Section 7.4. Initially, the number of modes H
is unknown and hence modes and their models are learnt as they occur in real-
time. Only one local model is known initially and this denotes ‘normal’ traffic
conditions. The subplots on the right in Figure 9.1 zoom in on the situation be-
tween 6.58am and 8.10am and subplots on the right in Figure 9.2 zoom in on the
situation between 7.05am and 8.13am so as to clearly show the transition before

and after arm 1 closure.

As shown in Figure 9.1 spare models are introduced at the 44" cycle (at 7.16am)
and 417" cycles (at 6.01pm) respectively when closures of the arms are de-
tected for the 3-arm junction. Before the 44" cycle, the estimated probability
for ‘blockage - arm 1’ is unknown, because this model is introduced at 7.16am.
Similarly, before the 417" cycle, the estimated probability for ‘blockage - arm 2’
is unknown, because this model is introduced at 6.01pm. The system switches
back to normal conditions at the 65 cycle (at 7.53am) and at the 435" cycle
(at 6.32pm) respectively. This results in one cycle delay in detecting arm 1 and
arm 2 closures and another cycle delay in switching back to normal conditions
following the respective arm closures. Similarly, for a 4-arm junction, in Figure
9.2, spare models are introduced at the 44" cycle (at 7.20am) and 417" cycles
(at 6.44pm) respectively when closures of the arms are detected. Before the 44"
cycle, the estimated probability for ‘blockage - arm 1’ is unknown, because this
model is introduced at 7.20am. Similarly, before the 417" cycle, the estimated
probability for ‘blockage - arm 2’ is unknown, because this model is introduced

at 6.44pm. The system switches back to normal conditions at the 65 cycle (at
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Figure 9.1: Estimated switching conditions for the 3-arm junction subject to arm
closure

7.59am) and at the 435" cycle (at 7.17pm) respectively. This results in one cycle
delay in detecting arm 1 and arm 2 closures and another cycle delay in switch-
ing back to normal conditions following the respective arm closures in a 4-arm

junction as in the previous case.

Figure 9.3 shows the estimated queue length for all 4 arms, with /5 ; norm being
implemented to solve the optimization problem depending on the order defined
in Table 8.2 in Chapter 8. Similar to the previous chapter, during saturated traffic
conditions, the MPC calculates the required control action, while during unsatu-
rated traffic conditions, the fixed time plans are implemented. Comparisons are
drawn with the fixed time plans applied to the junction as was performed in Chap-

ter 8. In the morning, 1" of arm 3 is last to be relaxed if no solution is found. The
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Figure 9.2: Estimated switching conditions for the 4-arm junction subject to arm
closure

MPC assigns the large green times to this arm to keep the queue length bounded
within I, while minimum green times are assigned to arms 2 and 4 respectively.
Similarly in the evening, whereby 1" for arm 1 is last to be relaxed if no solution
is found, compared to all other 3 arms. Hence significant green time is assigned
to such arm while minimum green time is assigned to arm 4. Some green times
are assigned to arms 2 and 3 respectively, so as to keep the queue lengths within
the upper bound for each arm. Similarly for the 3-arm junction. Figure 9.4 shows
the queue length for all 3 arms, with /; , norm being implemented to solve the
optimization problem. In the morning, the MPC assigns large green times to arm
3 and minimum green times to arm 2 during many cycles, at the cost of increas-
ing queue lengths in arms 1 and 2. On the other hand, in the evening, 1" for arm

1 is last to be relaxed if no solution is found. Hence significant green time is
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assigned to such arm at the expense of slightly increasing the queue lengths in

arms 2 and 3 respectively.
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Figure 9.3: 4-arm /; > norm with multiple model estimation with arms closure

Table 9.2 shows the performance of the different mixed norms when applied to
solve the optimization problem for a 3-arm junction, subject to the same traffic
data. The resulting total queue lengths and travel time, over the whole day, for
the MPC are compared to those resulting from fixed time plans. The % difference
in total queue lengths and the % difference in travel time between both imple-
mentations over the whole day are worked out as given in Table 9.2. A reduction
in queue length was observed for all mixed norms ranging between 14.3% to

23.2% and a reduction in travel time ranging between 19.5% and 28.9%. For
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Figure 9.4: 3-arm /; > norm with multiple model estimation with arms closure

the 4-arm junction the reduction in queue length for the mixed norms ranged be-

tween 31.5% to 42.2% and the reduction in travel time ranged between 27.1% to

30.4% as shown in Table 9.3.

Table 9.2: Results of different norm for the 3-arm junction with multiple model

estimation and MPC controllers

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -17.6 -19.5

[ norm -23.2 -28.9

loconorm | -14.3 -25.9
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Table 9.3: Results of different norm for the 4-arm junction with multiple model
estimation and MPC controllers

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -38.5 -30.3

[ » norm -42.2 -30.4

loo 00 NOTM -31.5 -27.1

To test the consistency of the performance obtained by the MPC controllers with
multiple model estimation, a Monte Carlo run of 100 realisations was performed
on the 3 and 4-arm junctions. Measurements of vehicles entering and leaving
each arm were simulated for the whole day in Aimsun, for 100 different realisa-
tions subject to the same arm closures, each time recording the performance of
the MPC controllers on the queue lengths. Figures 9.5 and 9.6 show box plots
representing the % reduction in total queue length for the 3 and 4-arm junctions
respectively. In both cases, the MPC controller with the /;  norm produced the
largest % reductions in queue lengths. A % mean reduction is noted by averaging
the % reductions over all 100 realisations for each norm. For the 3-arm junction,
a mean reduction of 30.2% was observed, compared to a % mean reduction of
16.9% with the /1 | norm and a % mean reduction of 19.1% with the /. .. norm
for a 3-arm junction. Similarly, for the 4-arm junction, a % mean reduction of
41.0% with the /> » norm compared to a % mean reduction of 34.9% with the /;

norm and a % mean reduction of 21.2% with the /. .. norm.

Furthermore, a one-way analysis of variance was used to determine whether there
is any statistically significant differences between the means of three norms.
There is a statistically significant difference between all 3 means with a p-value
of 5.549% 10719 for the 3-arm junction and a p-value of 1.209x 108 for the
4-arm junction at 95% confidence interval. Moreover, a paired sample t-test was
carried out to determine whether the mean difference between two sets of norms
is zero. Tables 9.4 and 9.5 show the results for the 3 paired sets of norms, where
in all cases a statistically significant difference between the two respective means
of the norms was observed at 95% confidence interval.
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Figure 9.5: Box plot representing the results of 100 realisations using the multiple
model estimation with MPC controller for the 3-arm junction with arm closures
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Figure 9.6: Box plot representing the results of 100 realisations using the multiple
model estimation with MPC controller for the 4-arm junction with arm closures

Table 9.4: Paired sample t-test results for the 3-arm junction

Pairs p-value

11’1 and 12,2 1.780x 1063
I and L o 7.053x 1074
I1,1 and oo o 6.950x10~°

9.4.1.2 Lane closure

The 3-arm and 4-arm junction were also subject to a lane closure in arm 1, with
actual timings of such closure described in Section 7.4. Figure 9.7 shows the

estimated switching conditions for the 3-arm and Figure 9.8 shows the estimated
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Table 9.5: Paired sample t-test results for the 4-arm junction

Pairs p-value

l1yand b 6.675x10~ 1
b5 and e o 2.227x10~%
l1,1 and Lo co 2.864x10~%

switching conditions for the 4-arm. Initially, the number of modes H is unknown
and only one local model is known initially and this denotes ‘normal’ traffic con-
ditions. Hence modes and their models are learnt as they occur in real-time. The
subplots on the right in Figures 9.7 and 9.8 zoom in on the situation between
6.45am and 9.01am so as to clearly show the transition before and after lane clo-
sure in arm 1.
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Figure 9.7: Estimated switching conditions for the 3-arm junction subject to lane
closure and with multiple model estimation and MPC controllers
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Figure 9.8: Estimated switching conditions for the 4-arm junction subject to lane
closure and with multiple model estimation and MPC controllers

Similar to the results in Chapter 7, before the 53" cycle, there is no trace for
the probability for ‘blockage - lane in arm 1°, because this model is introduced
at 7.31am. The system switches back to normal conditions at the 88" cycle (at
8.32am). This results in one cycle delay in detecting lane closure and another
cycle delay in switching back to normal conditions following the lane closure in
the 3-arm junction as in the previous case. Similarly, for a 4-arm junction, lane
closure is detected at the 53’ cycle (at 7.31am) and switches back to normal
conditions at the 88" cycle (at 8.32am).

Tables 9.6 and 9.7 show the performance of the different mixed norms when
applied to solve the optimization problem for the 3-arm and 4-arm junctions re-
spectively, subject to the same traffic data. The resulting total queue lengths and

travel time, over the whole day, for the MPC are compared to those resulting
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from fixed time plans. The % difference in total queue lengths and the % differ-
ence in travel time between both implementations over the whole day are worked
out as given in Tables 9.6 and 9.7 . A reduction in queue length was observed
for all mixed norms ranging between 27.1% to 34.6% and a reduction in travel
time ranging between 19.9% and 32.7%, for the 3-arm junction and a reduction
in queue length ranging between 33.7% to 48.1% and travel time between 20.8%

to 28.2% for the 4-arm junction.

Table 9.6: Results of different norm for the 3-arm junction with multiple model
estimation and MPC controllers

Norm % Difference in | % Difference in
total queue length | travel time

[1.1 norm -29.2 -24.4

[ > norm -34.6 -32.7

loooo norm | -27.1 -19.9

Table 9.7: Results of different norm for the 4-arm junction with multiple model

estimation and MPC controllers

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -42.6 -22.4

[ » norm -48.1 -28.2

loooo nOrm | -33.7 -20.8

Figure 9.9 shows the estimated queue length for all 3 arms, with /; , norm being
implemented to solve the optimization problem. Similar to the previous results
in this Chapter, comparisons are drawn with the fixed time plans applied to the
junction. The queue lengths and green times generated from the MPC per cy-
cle are denoted in the legend as variable in Figure 9.9, while the queue lengths
and green times generated from the fixed time plans are denoted as fixed. In the
morning, the MPC assigns large green times to arm 3 and minimum green times
to arm 2 during many cycles, at the cost of increasing queue lengths in arms 1 and
2. T of arm 3 is last to be relaxed if no solution is found. The MPC assigns the
large green times to this arm to keep the queue length bounded within 1°, while
minimum green times are assigned to arms 1 and 2 respectively. During lane
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closure between 7.30am and 8.30am, the controller assigns large green time to
arm 1, while keeping the queue length in arm 3 bounded within I". On the other
hand, in the evening, significant green time is assigned to arm 1 at the expense
of slightly increasing the queue lengths in arms 2 and 3 respectively, with 1" for

arm 1 last to be relaxed if no solution is found.
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Figure 9.9: 3-arm /; > norm with multiple model estimation with lane closure

Similar behaviour is observed for the 4-arm junction. Figure 9.10 shows the es-
timated queue length for all 4 arms, with /;  norm being implemented to solve
the optimization problem. During lane closure between 7.30am and 8.30am, the
controller assigns large green time to arm 1, while keeping the queue length in
all other 3 arms bounded within 1". Similarly in the evening, whereby 1" for arm
1 is last to be relaxed if no solution is found, compared to all other three arms.

Hence significant green time is assigned to this arm while minimum green time
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is assigned to arm 4. Some green times are assigned to arms 2 and 3 respectively,

so as to keep the queue lengths within the upper bound for each arm.
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Figure 9.10: 4-arm /; > norm with multiple model estimation with lane closure

To further test the consistency of the performance obtained by the MPC con-
trollers with multiple model estimation, a Monte Carlo run of 100 realisations
was performed on the 3-arm and 4-arm junctions. Measurements of vehicles en-
tering and leaving each arm were simulated over the whole day, in Aimsun for
100 different realisations subject to the same lane closure in arm 1, each time
recording the performance of the MPC controllers on the queue lengths. Figure
9.11 and 9.12 show box plots representing the % reduction in total queue length
for the 3-arm and 4-arm junction respectively. Similar to the previous results

presented earlier in the Chapter, the MPC controller with the /> » norm produced
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the largest % reductions in total queue lengths. A % mean reduction is noted
by averaging the % reductions over all 100 realisations for each norm. For the
3-arm junction, a mean reduction of 33.3% was observed, compared to a % mean
reduction of 29.9% with the /1 | norm and a % mean reduction of 27.6% with the
loo 0o norm for a 3-arm junction. For the 4-arm junction, a % mean reduction of
40.3% with the /1 | norm, a % mean reduction of 49.7% with the /; , norm and a

% mean reduction of 30.3% with the /., .. norm were noted.
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Figure 9.11: Box plot representing the results of 100 realisations using the mul-
tiple model estimation and the MPC controller for the 3-arm junction with lane
closure
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Figure 9.12: Box plot representing the results of 100 realisations using the mul-
tiple model estimation and the MPC controller for the 4-arm junction with lane
closure
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A one-way analysis of variance was used to determine whether there is any statis-
tically significant differences between the means of three norms. There is a statis-
tically significant difference between all 3 means with a p-value of 1.874x10~%3
for the 3-arm junction and 1.884x 1071 for the 4-arm junction at 95% confi-
dence interval. Moreover, a paired sample t-test was carried out to determine
whether the mean difference between two sets of norms is zero. Tables 9.8 and
9.9 show the results for the 3 paired sets of norms, where in all cases a statisti-
cally significant difference between the two respective means of the norms was

observed at 95% confidence interval.

Table 9.8: Paired sample t-test results for the 3-arm junction

Pairs p-value

li1and b 5.522x10° 1
b2 and Lo oo 5.638x10 28
I1,1 and oo o 3.0695x 1077

Table 9.9: Paired sample t-test results for the 4-arm junction

Pairs p-value

l1yand b 9.905x 100
b2 and oo o 2.263x10~68
I1,1 and oo o 3.156x 109

9.4.2 Multiple Model Estimation with one controller

The results of MPC controllers with multiple model estimation are further com-
pared to the multiple model estimation but with one controller for all the consid-
ered regimes that is ‘normal’ and ‘lane 1 blockage’. The controller which was
applied to these regimes, was that designed for ‘normal traffic’. Note that it is
not relevant to compare with arm closure because arm closure will only affect the
turning ratios, which in turn do not have an effect on the MPC prediction model

Equation (8.2.1) whose objective is to minimise queue lengths only.

Tables 9.10 and 9.11 show the performance of all mixed norms when applied to
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solve the optimization problem for a 3-arm junction and 4-arm junction, subject
to the same lane closure in arm 1, with actual timings of such closure described
in Section 7.4. The resulting total queue lengths and travel time for the MPC are
compared to those resulting from fixed time plans. A reduction in total queue
length was observed for all mixed norms ranging between 8.1% to 14.2% for the
3-arm and 11.8% to 25.5% for the 4-arm junction. A reduction in travel time
ranging was also noted, ranging between 11.1% and 15.9% for the 3-arm junc-

tion and between 10.2% and 14.9% for the 4-arm junction.

Table 9.10: Results of different norm for the 3-arm junction with multiple model
estimation and 1 controller for all traffic scenarios

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -10.7 -11.6

[ » norm -14.2 -15.9

loo 00 NOTM -8.1 -11.1

Table 9.11: Results of different norm for the 4-arm junction with multiple model

estimation and 1 controller for all traffic scenarios

Norm % Difference in | % Difference in
total queue length | travel time

[1,1 norm -23.4 -12.3

[ » norm -25.5 -14.9

loo.00 NOTM -11.8 -10.2

A Monte Carlo run of 100 realisations was performed on the 3-arm and 4-arm
junctions subject to the same switching conditions. Figures 9.13 and 9.14 show
box plots representing the % reduction in total queue length. A % mean reduction
is noted, by averaging the % reductions over all 100 realisations for each norm.
A mean reduction of 10.1% was observed with the /; | norm, a % mean reduction
of 13.9% with the /5 , norm and a % mean reduction of 8.5% with the /. . norm
for the 3-arm junction. Similarly, a mean reduction of 12.1% was observed with
the /1,1 norm, a % mean reduction of 14.2% with the /; > norm and a % mean

reduction of 10.9% with the /.. . norm for the 4-arm junction as shown in Figure
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Figure 9.13: Box plot representing the results of 100 realisations using the MPC
controller for the 3-arm junction with one controller
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Figure 9.14: Box plot representing the results of 100 realisations using the MPC
controller for the 4-arm junction with one controller

A one-way analysis of variance was used to determine whether there is any statis-

tically significant differences between the means of three norms. There is a statis-

tically significant difference between all 3 means with a p-value of 7.265x 10793

for the 3-arm junction and a p-value of 6.5208 x 10~*? for the 4-arm junction at

95% confidence interval. Moreover, a paired sample t-test was carried out to

determine whether the mean difference between two sets of norms is zero. Table

9.12 and 9.13 show the results for the 3 paired sets of norms, where in all cases a

statistically significant difference between the two respective means of the norms

was observed at 95% confidence interval.
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Table 9.12: Paired sample t-test results for the 3-arm junction

Pairs p-value

l1yand b 3.770x10~33
b2 and oo o 3.949x 104
l11 and Lo co 4.392x10~ 1

Table 9.13: Paired sample t-test results for the 4-arm junction

Pairs p-value

Iy and b 9.924x10~1
b5 and Lo co 6.853x 10
I11 and oo o 2.820x 1077

The results obtained when applying the multiple model estimation with one con-
troller, presented in Figures 9.13 and 9.14 are compared to the results obtained
when applying the multiple model estimation with MPC controllers presented in
Figures 9.11 and 9.12. The latter results further quantify the effectiveness of the
MPC, whereby a mean reduction in queue length of 30.3% was observed for the
3-arm junction, by taking the average over all the 3 different norms when apply-
ing the MPC controllers, while a mean reduction in queue length of 10.8% was
observed by taking the average overall the 3 different norms, when applying one
controller. Similarly, a mean reduction in queue length of 40.1% was observed
for the 4-arm junction, by taking the average over all the 3 different norms when
applying the MPC controllers, while a mean reduction in queue length of 12.4%
was observed by taking the average overall the 3 different norms, when applying
one controller. A paired sample t-test was carried out to determine whether there
is any significant difference in the mean of each norm for the multiple model
estimation with one controller and the multiple model estimation with MPC con-
trollers. Tables 9.14 and 9.15 show the results for the 3-arm and 4-arm junctions
where in all cases a statistically significant difference between the two respective

means of the norms was observed at 95% confidence interval.
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9.5

Table 9.14: Paired sample t-test results for

the 3-arm junction

Pairs

p-value

[1,1 for the multiple model estimation with
MPC controllers and /; ; for the multiple
model estimation with one controller

1.568x10~%%

[ » for the multiple model estimation with
MPC controllers and /5 » for the multiple
model estimation with one controller

1.764x 10~

leo o for the multiple model estimation
with MPC controllers and /... for the
multiple model estimation with one con-
troller

8.047x 1090

Table 9.15: Paired sample t-test results for

the 4-arm junction

Pairs

p-value

[1,1 for the multiple model estimation with
MPC controllers and /; ; for the multiple
model estimation with one controller

3.766x 10107

[ » for the multiple model estimation with
MPC controllers and /> for the multiple
model estimation with one controller

4.671x10~ 114

leo o for the multiple model estimation
with MPC controllers and /... for the
multiple model estimation with one con-

troller

9.840x 10~

Conclusion

The results in this Chapter highlight the effectiveness of using a multiple model

adaptive control scheme for jump structural changes in junction dynamics. Sev-

eral jump dynamics were simulated and tested on the 3-arm and 4-arm junction,

such as arm closure and lane closure. The results showed the accuracy in the esti-

mated switching conditions and the effectiveness of the MPC compared to fixed

time plans. A mean reduction in queue length of 30.3% was observed for the 3-

arm junction, by taking the average over all the 3 different norms when applying

the MPC controllers and a mean of 40.1% for the 4-arm junction. These results

are further compared to the results obtained from the multiple model estimation
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with one controller for all traffic scenarios. A mean reduction in queue length of
10.8% was observed for the 3-arm junction, by taking the average over all the 3
different norms and a mean of 12.4% for the 4-arm junction. Statistical tests also
showed significant difference between the mean results obtained for both cases,
that is the multiple model estimation with MPC results and the multiple model

estimation with one controller, at 95% confidence interval.
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Chapter ]. O

Discussion and Conclusions

10.1 Introduction

Modern urban areas are witnessing increasing traffic congestion. Signalized
junctions often pose the main bottleneck in urban traffic networks resulting in
decreased traffic flow on the network links and excessive delays, with detrimen-
tal effects to our health, economy and standard of living. Expansion of the current
road infrastructure is a possible option, yet not always viable due to land restric-
tions and financial limitations. Moreover, expansion of the road infrastructure
could lead to an increased use of private vehicles, leading back to bottleneck
situations. An alternative option is to use more efficiently the current infras-
tructure. Hence, there is an incentive for further development of traffic signal
control systems. The configurations of traffic signal systems range from simple
time-based signal systems that only utilize predetermined timing sequences, to
traffic-responsive systems that heavily rely on surveillance and communications

to optimize traffic flows, as discussed in Chapters 1, 2 and 3.

Despite the great advances in ITS and in the response of traffic light systems to
traffic demand, the controller parameters of such systems are not tuned to chang-
ing traffic behaviour. Hence such systems can fail when networks are subject to
irregularities, such as roadworks, accidents or flooding [23]. Human intervention
is required with the current systems to provide route diversion recommendations

that might not always guarantee the optimal use of the available network capacity.

Realizing the limitations of the above mentioned current practice, an adaptive
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system which can self-tune and adjust the controller parameters to adapt to chang-
ing traffic conditions is required. The need to design self-managing systems,
which self-handle the complexity and uncertainties and thus reduce human in-
tervention to a minimum is of utmost importance. As the complexity of traffic
systems grows, the need to develop systems which can manage and maintain
themselves becomes necessary. Autonomic traffic light systems are required to

self-manage the traffic network.

To obtain traffic flow measurements, sensors are installed at strategic locations
inside the signalized intersection. Online data given from the sensors can be used
to control the traffic light timings in real-time, thus making the system traffic-
responsive. However such infrastructural installation and maintenance costs are
a burden and should be kept to a minimum. To mitigate such problems, auto-

nomic traffic light systems should not ignore these limitations and constraints.

10.2 Contributions

This thesis presented a set of novel techniques for the development of more auto-
nomic signalized junctions in urban environments. The main contributions and

the novelty in this work are summarized below:

I The development of real-time joint state and parameter estimation algo-
rithms to simultaneously estimate the model states, parameters and noise
covariance of the state-space model describing the traffic flow dynamics
in a signalized junction. In the previous literature publications discussed
in Chapter 2, the model parameters are typically assumed known apriori
from past traffic measurements or by applying nonlinear recursive estima-
tion algorithms such as the EKF. However, difficulties with nonlinear esti-
mation algorithms such as divergence issues, motivated the development of
joint state and parameter estimation algorithms from a different perspective.
The proposed algorithms make use of a data-driven, macroscopic signalized
junction model in state-space form as presented in Chapter 4 and a novel

variation on the EM algorithm. Classical EM is designed to operate in batch
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mode, making it impractical for real-time estimation.

Thus, a quasi real-time joint estimation of model states, parameters and noise
is first proposed in Chapter 5, whereby the standard EM algorithm is mod-
ified to carry out estimation in quasi real-time. An iterative algorithm is
proposed making use of a short uniform window of sensor measurements
of fixed time length, which looks back in time. Joint parameter and state
estimation is carried out for those particular time points falling inside the
window, and at every time iteration the window slides forward by one time
instant and the procedure is repeated again. However, this proposed estima-
tion cannot be considered to represent a truly real-time methodology because
it still requires continuous storage of a reduced set of measurement data in-
side a moving window. Hence, traffic information from sensors needs to be

available and stored as a batch of window samples during all time instants.

Therefore, a more efficient joint estimation algorithm is next presented in
Section 6.1 which makes use of Robbins-Monro stochastic approximation.
This estimation algorithm uses the measurement data only once and avoids
batch storage, leading to a full real-time algorithm exhibiting shorter tem-
poral delays and reduced storage requirements. Given the large number of
model parameters to be estimated and the high level of dependency among
these parameters, this algorithm was posed first as a single variant estimation
algorithm in Section 6.1 followed by a multivariate estimation algorithm as
detailed in Section 6.2 in Chapter 6.

All the estimation algorithms previously discussed in this work, required
the partial derivative of the likelihood function with respect to each param-
eter to be worked out analytically. In practice, this approach is impractical
for larger and complex junctions due to the complexity of the derivatives
involved in deriving such equations. Hence a derivative-free approach is
proposed, as presented in Section 6.3, allowing for easier generalisation to

other junctions and scalability to more complex junctions.
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II

II

The development of real-time multiple model adaptive estimation meth-
ods to estimate states and parameters of signalized traffic junctions suit-
able for structurally diverse dynamical regimes arising abruptly from unex-
pected traffic congestions or network irregularities due to, for example, road
works, blockages due to accidents and extreme weather conditions. Pre-
viously proposed adaptive systems discussed in literature, relied on traffic
surveillance technologies to warn the commuters of any detected irregular-
ities and in most cases rely on human experience to evaluate the impact on
the network performance and to provide route diversion recommendations
that might not guarantee the optimal use of the available network capacity.
The autonomic systems that were introduced to urban traffic networks heav-
ily rely on a communication and cooperative agent infrastructure that shares
or exchanges information between vehicles leading to a complicated timely
process. Hence a less infrastructure demanding multiple model adaptive
estimation method is proposed in Chapter 7 to estimate states and parame-
ters of signalized traffic junctions subject to time-varying parameters, jump
dynamics and unpredictable disturbances. This approach is able to detect
such abrupt changes in the dynamic structure of signalized traffic junctions,
learns the dynamics and model parameters of the different active regimes,
and estimates which regime is active at any given time. This approach is
also able to grow a new model set to represent traffic behaviour under novel

different conditions.

The development of an autonomic control scheme. Many so-called “adap-
tive” systems were proposed in literature. Although such systems are re-
sponsive to traffic conditions, the controller parameters are not autonomously
tuned to changing traffic behaviour so that the controller is able to adapt
itself to changing traffic conditions and maintain optimal levels of perfor-
mance. A truly adaptive system can self-tune and adjust the controller pa-
rameters to adapt to changing traffic conditions. Such a system is presented
in Chapter 8. The proposed autonomic controller for signalized junctions
is based upon MPC using linear and quadratic programming optimization

techniques as discussed in Chapter 8. This scheme is validated by simu-
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lating typical signalized 3-arm and 4-arm junctions, with the ability to au-

tonomously adjust to changing traffic conditions.

IV The integration of the latter two novelties (multiple model adaptive esti-
mation and autonomic control) to obtain a multiple model adaptive control
scheme for jump structural changes in junction dynamics as presented in
Chapter 9.

10.3 Interpretation of Results

Results show that the proposed state-space model with online self-estimation of
model states and parameters is able to capture the complex traffic dynamics of
urban junctions. Validation of the macroscopic results with a microscopic simu-
lator, Aimsun, for a typical 3-arm and 4-arm junction, during a typical working
day from 6.00am of one day to 6.00am of the next day show significant similar-
ities. The average % RMSE in the estimated states for the 3-arm junction was
found to be 0.725%, and 0.6% for the 4-arm junction, when implementing the
derivative-free approach presented in Chapter 6. Aimsun, being a microscopic
simulator, implements a car-following model known as Gipps model [375] where
vehicles accelerate to achieve the desired speed and decelerate when drivers have
to avoid a collision, whilst maintaining the desired speed. On the other hand, the
macroscopic model used in this study provides a general evaluation of the traffic
flow behaviour, rather than individual driver behaviour with its acceleration and
deceleration instances. Hence the minor discrepancies in such results could be
due to these modelling differences. Moreover, the measurement noise could also

contribute to such minor discrepancies.

The self-estimation algorithm was further extended to include self-detection of
jump dynamics in real-time. Results show that the proposed algorithm was able
to not only detect changes between different operating regimes, but also to learn
potential dynamical regimes not anticipated a priori. Typical arm closure scenar-
ios were simulated for the 3-arm and 4-arm junctions, with the system being able

to detect in real-time the switching among the multiple models as well as learning
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simultaneously any new regime while estimating the state variables and parame-
ters of each active model. The jump structural changes in junction dynamics are
not limited to arm closures but could include network changes such as closure
of only a few lanes within an arm, arising from traffic accidents, flooding in the
network or maintenance of roads. Variable message signals could be integrated
with such a self-detection algorithm to autonomously warn commuters of any

detected irregularities in the network.

Traffic signal timing plays an important role in ensuring efficient flow and re-
duction of traffic congestions. Fixed signal times work well when traffic condi-
tions are consistent. However performance is degraded when traffic conditions
are subject to high demands or during unusual occurrences such as traffic inci-
dents or unanticipated network obstructions, causing significant changes to the
normal traffic conditions. To address these situations, several traffic- respon-
sive systems as discussed in Chapter 1 were developed. However in these cases,
the controller parameters are not adaptively tuned to changing traffic behaviour.
Hence, a novel adaptive system which can self-tune and adjust the controller pa-
rameters to adapt to changing traffic conditions is developed, leading towards an
autonomic system. This system makes use of a MPC based approach which can
tune the controller parameters to reflect changing traffic conditions. Different
norms were tested to solve the optimization problem such as the /1 1, 152, loo
mixed norms. Results in Chapter 8 highlight the effectiveness of using a MPC to
control the traffic light timings. The major links receive more green time whilst
minor once receive less. This typically benefits the heaviest movements through
the intersection, as well as the transit of emergency vehicles which frequently
use the major roads. A Monte Carlo run of 100 realisations was performed and
it was found out that the /> » mixed norm produced the largest % reductions in
queue lengths compared with the /1 1, s .o mixed norms. For the 3-arm junction,
a mean reduction in queue length of 25.2% was observed, while for the 4-arm

junction, a % mean reduction of 45.7% was noted.

As previously indicated, all the above algorithms are subsequently combined

to obtain a multiple model adaptive control scheme for jump structural changes
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in junction dynamics. Results in Chapter 9 highlight the effectiveness of MPC
with multiple models, having a controller associated with each mode so as to
minimise the queue length in the junction when that mode is detected to be ac-
tive. The traffic models and the online joint estimation techniques discussed in
Part I are included to be able to describe and predict the traffic flow dynamics
in the future, as well as tune the controller parameters, once a mode becomes
active. In addition to learning the various mode dynamics and detecting mode
switches, the system automatically configures itself and grows a new model set
to represent traffic behaviour under novel different conditions. Typical arm clo-
sure scenarios were simulated for the 3-arm and 4-arm junctions. Results show
that the system autonomously makes signal adjustment based on estimated and
predicted traffic conditions in real-time. Significant reductions in queue length
were observed when compared with queues arising from fixed time plans. For
the 3-arm junction, a mean reduction of 30.2% was observed, while for the 4-
arm junction, a mean reduction of 40.2% was noted when compared with queues
arising from fixed time plans. These results are further compared to the results
obtained from the multiple model estimation but with one controller for all traf-
fic scenarios. A mean reduction in queue length of 10.8% was observed for the
3-arm junction and a mean of 12.4% for the 4-arm junction. Statistical tests also
showed significant difference between the mean results obtained for both cases,
that is the multiple model estimation with MPC and the multiple model estima-

tion with one controller, at 95% confidence interval.

Results point towards the introduction of autonomic control of urban traffic junc-

tions to efficiently improve traffic congestions in junctions, where:
* Traffic conditions fluctuate randomly on a day-to-day basis;

* Traffic conditions change rapidly due to new or changing circumstances in

land use;

* Incidents, crashes, or other events that are frequent and result in sudden

unexpected changes to traffic demand.

This system can in turn result in several benefits which include:
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+ reductions in travel times and queues;

* opportunities to improve performance for transit, pedestrians and freight

movement.

Furthermore, in order to achieve improvements in efficiency and meet the ever-
increasing demands, this system does not affect the safety of the drivers in the
sense that the yellow change interval, also known as clearance interval, is left

intact to facilitate safe transfer or right-of-way from one movement to another.

10.4 Future Directions

In this work, an isolated traffic junction has been considered. Additional work
can include control of cycle duration in the case of isolated junctions, where this
approach is relevant. Furthermore, the research can be extended to take into con-
sideration nearby signalized junctions and consider sequence and coordination
between junctions to ensure efficient traffic behaviour in the network, consisting
of several intersections. In such cases, a hierarchical control structure can be im-
plemented to facilitate coordination on the same lines as in [228] whereby, MPC
controllers for each junction can act as local controllers and a global optimum
solution is found whilst reducing spill back queueing between closely spaced
intersections. In addition, the developed algorithms can be implemented and
evaluated on real physical traffic junctions. Further modifications of practical
concern include how to handle non Gaussian noise and biased measurements in
the sensors. Different control laws can be considered as an alternative to MPC
such as adaptive fuzzy control based on human expert knowledge or other intel-
ligent control schemes. These proposed schemes can also be extended to include

V2V or V2I communication.

Moreover, the principles of autonomic control can be extended to include pre-
emption or signal priority. Preemption interrupts normal signal operations to
transfer right of way to the direction of an approaching emergency vehicle by
shortening or extending the green timings to allow a priority vehicle such as am-

bulances or fire engines to pass through an intersection.
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Appendix

[1 2> Norm - 1-norm with respect to time and 2-norm with respect to space

The cost function based on the /; , norm is given by:
N n )
Ji2=Y 1/ Y ye,(0)] (A.1)
1 i

For simplification, the square root in (A.1) is removed. Note that by removing

the square root function, the minimum value is not changed. Hence, let:
N n )
Ji2 =Y} |y, ()] (A2)
toi

The evaluation of Equation (A.2) is similar to that of Section 8.2.2.2.

[>.1 Norm - 2-norm with respect to time and 1-norm with respect to space

The cost function based on the /> | norm is given by:

N n
D= \/ % b)) (A3)

For simplification, the square root in (A.3) is removed. Note that by removing

the square root function, the minimum value is not changed. Hence, let:
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N n
Ba =Y (e () (A4)

and let:
Yo =) [y (1)l (A.5)
=Ty Y (A.6)
= Ty (QcAyXc (1) + ReByu(t)) (A.7)

where Ty, is ann-N X n- N square matrix, given by:

L1 1 0 0 0 0 0 0
0 0 11 1 1 0 0 0 0
Tzrsf = . ] .
0 0 0 0 0 0 0 0 1 1 1 1 -
(A.8)
Hence,
N
oy = YTy ¥) T ¥ 49
t
= || Trrsf (QeAyxc (1) + RByu(r)) |, (A.10)
The optimization problem leads to:
min [F2U + g, (A.11)

where F=T,,,/R.B, and go=T,,;sQcAX.(¢). This minimization problem can

be cast as a quadratic program with linear constraints:

1
ngnEUT 2FTF,)U+ 2F1g)"U (A.12)



such that the queue lengths are upper and lower bounded, where:
0<Y;<c (A.13)

Hence,

-2 <FhU<c¢—g (A.14)

Similar to Section 8.2.2.2, the linear constraints can be expressed in matrix form,

where:
Q)
A constraint = | O} (A.15)
-F,
Ci
beonstraint = | €2 — 82 (A.16)
—82
AconstmintU < bconstraint (A17)
and
AeqU = beq (A.18)

[1 oo Norm - 1-norm with respect to time and --norm with respect to space

The cost function based on the /; .. norm is given by:

N
1o = Zmax,-|yci(t)] (A.19)
1



Let:

maxi{ye,(t)}
maxi{y.,(t+1)}

Y= (A.20)
maxi{y.,(t+N)}

Hence,

Nl =) Ys (A.21)
t

= [1Yslly (A.22)
= [|(QcA e Xe (£ max + ReBy, 0(t)max) || (A.23)
= |[F1U+g (A.24)
where A, = correspond to the matrix A, for arms with maximum queue lengths

and X (f)mqx correspond to the states for arms with maximum queue lengths.

Similarly, B correspond to the matrix B, for arms with maximum queue

y max

lengths and ()4, correspond to the input u(z) for arms with maximum queue
lengths. Moreover, F1=Q A, X:(?)max and g1=R:B,,_u()max.

The optimization problem leads to:

min [ U+, (A.25)

where
0<FU+g <T (A.26)

This minimization problem can be cast as a linear program with linear con-

. [0
min

straints:
T

U

- (A.27)

ur | 1




The constraints for the queue lengths and green times still apply. Such constraints

can be expressed in matrix form, similar to Section 8.2.2.1 where:

Q4 0
R.B —I
Aconstmint - —l;c];y 1
0 97
Ci
—8
bconstraint = !
81
C2
_ U -
Aconstmint T S bconstraint
and L
U

(A.28)

(A.29)

(A.30)

(A.31)

lo,1 Norm - co-norm with respect to time and 1-norm with respect to space

The cost function based on the /. | norm is given by:

n
Joo,| = max; Z |)’ci (1)
i

Let:

n
Yo=Y a0l

- Ttrsz

where T, is similarly defined by Equation (A.8).

(A.32)

(A.33)

(A.34)



Hence,

oot = [| Yl (A.35)
= [[F1U+g1]|.. (A.36)

where F1=T,,,/R:B, and g;=T},;QcA X (t), such that:

0 <max; |FiU+g|| <T (A.37)

This minimization problem can be cast as a linear program with linear con-

T
wlt] ¥

The same constraints for the queue length and green time as expressed in Section

straints:

8.2.2.1 still apply. Such constraints can be expressed in matrix form, where:

Q 0
T;sR:By, —1

A traint — (A39)
constrain —TtrszcBy 0
0 197
C1
bc()nstraint = B (A4O)
g1
C2
_ U -
Aconstraint T S bconstraint (A41)
and L
U
Aeq Y - beq (A.42)




[ o Norm - 2-norm with respect to time and -«-norm with respect to space

The cost function based on the /> .. norm is given by:

N
S0 = \/ (Y (maxilye,(1)])?) (A.43)

t

For simplification, the square root in (A.43) is removed. Note that by removing

the square root function, the minimum value is not changed. Hence, let:

N
J2 e = Z(maxi\yci (1)])? (A.44)

t

and let:
maxi{ye (i +1))
maxi{ye;(t +2
Y, = ’{yc’.( )} (A.45)
maxi{y.,(t+N)}
Hence,
J2.00 = || Ysl[o (A.46)
= H (QCAymaxXC (t)max + RCBYmuxu<t>maX) HZ (A47)
= [|[F,U+ g2, (A.48)
where A, correspond to the matrix A, for arms with maximum queue lengths

and X, (t)max correspond to the states for arms with maximum queue lengths.

Similarly, B correspond to the matrix B, for arms with maximum queue

Ymax

lengths and u(t)q, correspond to the input u(z) for arms with maximum queue
lengths. Moreover, F1=Q A, X:(t)max and gi1=R:By,  0(t)max-

The optimization problem leads to:



min [F2U + g, (A.49)

where Fo=R B, and go0=Q.Ax.(¢). This minimization problem can be cast as

a quadratic program with linear constraints:
1
rrgnEUT [2F1F,)U+ 2F1g)TU (A.50)
such that the queue lengths are upper and lower bounded, where:

0<Y;<c (A.51)

Hence,
- <khU<c-g (A.52)
Moreover, the constraints for the green time as discussed in the previous sections

still apply. Similar to Section 8.2.2.2, such constraints can be expressed in matrix

form, where:

971
A constraint = F (A.53)
-F,
¢
beonstraint = C— 2 (A54)
-2
AconstraintU S bconstraint (A-S 5 )

and
AyU = by, (A.56)



loo2 Norm - co-norm with respect to time and 2-norm with respect to space

The cost function based on the /., > norm is given by:

n

Jooz = maxyy [ Y (lye (£)])? (A.57)

1

For simplification, the square root in (A.57) is removed. Note that by removing

the square root function, the minimum value is not changed. Hence, let:

n

Jeep = maxy (Y |y (1)])?) (A.58)
[ye(t+ 1]l

= max, Iyets + 2l (A.59)
[ye(t+N)ll

The optimization problem leads to:

min{[[F2U + g5} (A.60)
where
© ifJor ={|lyc(t+1)|,},F2=RJ[CB. 0 0 --- Olandg,=Q.C,AX(1).
© if Jop = {[lyc(r+2)2}, F2 = RJ[CAB. CB:. 0 0 --- 0] and
2 = Q.CAZX.(1).
o if o ={llyc(t+3)|,},F=R.,C.,A’B. CAB. CB. 0 0 - 0

and 2 = QcCcAgxc (t>

This minimization problem can be cast as a quadratic program with linear con-
straints: .
rr%nEUT 2FTF,)U+ 2FL g)TU (A.61)

such that the queue lengths are upper and lower bounded, where:



0<Y<c (A.62)

Hence,

—<hU<cu-g (A.63)

Moreover, the constraints for the green time as expressed in Section 8.2.2.2 still

apply. Such constraints can be expressed in matrix form, where:

Q)
A constraint = K, (A.64)
_F2
C1
beonstraint = | €2— 82 (A.65)
—82
AconstraintU < bconstraint (A66)

and
A.4U = b, (A.67)
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