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Abstract
Nowadays, traﬃc congestion poses critical problems including the undermined mobility and sustainability eﬃciencies. Mitigating traﬃc congestions
in urban areas is a crucial task for both research and in practice. With decades
of experience in road traﬃc controls, there is still room for improving traﬃc
control measures; especially with the emerging technologies, such as artiﬁcial
intelligence (AI), the Internet of Things (IoT), and Big Data. The focus of
this thesis lies in the development and implementation of enhanced traﬃc signal control systems, one of the most ubiquitous and challenging traﬃc control
measures.
This thesis makes the following major contributions. Firstly, a simulationbased optimization framework is proposed, which is inherently general in
which various signal control types, and diﬀerent simulation models and optimization methods can be integrated. Requiring heavy computing resources
is a common issue of simulation-based optimization approaches, which is addressed by an advanced genetic algorithm and parallel traﬃc simulation in
this study.
The second contribution is an investigation of an intelligent local control system. The local signal control operation is formulated as a sequential
decision-making process where each controller or control component is modeled as an intelligent agent. The agents make decisions based on traﬃc conditions and the deployed road infrastructure, as well as the implemented control
scheme. A non-parametric state estimation method and an adaptive control
scheme by reinforcement learning (RL) are introduced to facilitate such an
intelligent system.
The local intelligence is expanded to an arterial road using a decentralized
design, which is enabled by a hierarchical framework. Then, a network of
signalized intersections is operated under the cooperation of agents at diﬀerent
levels of hierarchy. An agent at a lower level is instructed by the agent at
the next higher level toward a common operational goal. Agents at the same
level can communicate with their neighbors and perform collective behaviors.
Additionally, a multi-objective RL approach is in use to handle the potential
conﬂict between agents at diﬀerent hierarchical levels.
Simulation experiments have been carried out, and the results verify the
capabilities of the proposed methodologies in traﬃc signal control applications. Furthermore, this thesis demonstrates an opportunity to employ the
systems in practice when the system is programmed on an intermediate hardware device. Such a device can receive streaming detection data from signal
controller hardware or the simulation environment and override the controlled
traﬃc lights in real time.

v
Sammanfattning
Numera orsakar traﬁkstockningar kritiska problem, inklusive underminerande av rörlighets och hållbarhetsverkningsgraderna. Att mildra traﬁkstockningar i stadsområden är en avgörande uppgift både i praktiken och för
forskningen. Med decenniers erfarenhet av traﬁkreglering på vägar ﬁnns det
fortfarande utrymme för förbättrade åtgärder för traﬁkstyrning, speciellt med
de framväxande teknologierna såsom artiﬁciell intelligens (AI), Internet of
Things (IoT) och Big Data. Inriktningen för denna avhandling är utveckling och implementering av förbättrade traﬁksignalsstyrsystem, en av de mest
allmänt förekommande och utmanande traﬁkkontrollåtgärderna.
Avhandlingen ger följande viktiga bidrag. För det första föreslås ett simuleringsbaserat optimeringsramverk, som i sig självt är generellt och där olika
signalregleringstyper och olika simuleringsmodeller och optimeringsmetoder
kan integreras. Att stora resurser i form av beräkningskapacitet krävs är ett
vanligt problem för simuleringsbaserade optimeringsmetoder, vilket i denna
studie adresseras av en avancerad genetisk algoritm och parallell traﬁksimulering.
Det andra bidraget är en undersökning av ett intelligent lokalt styrsystem.
Den lokala signalregleringsoperationen formuleras som en sekventiell beslutsprocess där varje regulator eller regulatorkomponent modelleras som en intelligent agent. Agenterna fattar beslut baserade på traﬁkförhållandena, väginfrastrukturen och det implementerade kontrollsystemet. En icke-parametrisk
tillståndsestimeringsmetod och ett adaptivt kontrollsystem genom reinforcement learning (RL) införs för att underlätta ett sådant intelligent system.
Det lokala intelligenta systemet expanderas till en traﬁkled med en decentraliserad design som möjliggörs av ett hierarkiskt ramverk. Därefter drivs
ett nätverk av traﬁkljusstyrda korsningar genom ett samarbete av agenter på
olika nivåer i hierarkin. En agent på en lägre nivå instrueras av agenten på
nivån ovanför i arbetet mot ett gemensamt operativt mål. Agenter på samma
nivå kan kommunicera med sina agentgrannar och utföra kollektiva åtgärder.
Dessutom används ett RL-tillvägagångssätt med ﬂera mål för att hantera den
potentiella konﬂikten mellan agenter på olika hierarkiska nivåer.
Simuleringsexperiment har utförts, och resultaten veriﬁerar möjligheterna
hos de föreslagna metoderna i traﬁksignalstyrningstillämpningar. Dessutom
visar denna avhandling ett tillfälle att använda systemen i praktiken när systemet är programmerat på en mellanliggande hårdvaruanordning. En sådan
anordning kan ta emot strömmad detekteringsdata från signalstyrenhetens
hårdvara eller simuleringsmiljön och i realtid ta över de reglerade traﬁkljusen.
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Chapter 1

Introduction
Transportation has an immense eﬀect on the global economy and environment.
This is illustrated by the fact that every household spends on average 13.2 percent
of their budget on transport goods and services in Europe (European Union, 2017).
In the European Union, road transportation accounts for roughly a quarter of the
total energy consumption and a sixth of all greenhouse gas emissions (European
Union, 2014). Moreover, transportation safety is a critical problem, as there were
more than ﬁfty thousand road fatalities reported in the European Union in 2012
(European Union, 2015).
Traﬃc congestion is a particular problem in urban areas because the transportation demand exceeds the capacity of the road. Traﬃc congestion-induced air
pollution is an acute problem in many metropolitan areas because of its adverse
eﬀects on health, living environments, and the global economy due to wasted time.
According to INRIX (2017), a global traﬃc scorecard covering 1,360 cities in 38
countries, Los Angeles is one of the most congested cities in the world. Angelenos
spent an average of 102 hours last year in traﬃc jams during peak congestion hours,
costing drivers $2,828 each and the city $19.2 billion from direct and indirect costs.
Merely building new roads might not be the best solution for congestion problems due to the enormous investment required and the complex network eﬀects.
Instead, there is huge potential to improve the situation through eﬃcient traﬃc
management and control. However, this is an inherently challenging task considering the hybrid nature of the traﬃc system including continuous traﬃc ﬂow, discrete
vehicles, the various properties of diﬀerent traﬃc instruments, and diﬀerent policy
goals. For instance, in Sweden, some traﬃc lights were removed and replaced with
roundabouts where accident severity was high (Fong et al., 2003). As a result,
the number of severe (fatal and injurious) accidents decreased, although the overall number of accidents have increased, and the line-of-sight have been degraded.
However, roundabouts have their intrinsic drawbacks, such as adverse system-wide
eﬀects. It is diﬃcult to control and manage platooning and traﬃc progression.
Traﬃc control strategies are provided for three areas: urban road networks (e.g.,
1
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Figure 1.1: A congested intersection in China (Courtesy of
ChinaFotoPress/Getty Images).

traﬃc light controls and roundabouts), freeway networks (e.g., ramp metering, lane
control, and variable speed limits) and route guidance (Papageorgiou et al., 2003).
The eﬀectiveness of traﬃc control strategies dramatically depends on their ability
to react to live traﬃc conditions. The rapid developments in artiﬁcial intelligence
(AI) and machine learning (ML) have been considered as the primary impetus
for the new industrial revolution. Also, AI and ML technologies are among the
best candidates for solving traﬃc management and control problems since a traﬃc
system is hybrid, complex, and stochastic. Nature-inspired optimization algorithms
can solve a sophisticated traﬃc control optimization task, and a traﬃc control
system can be modeled by a multi-agent system (Chen and Cheng, 2010; Bazzan and
Klügl, 2014). This thesis investigates the opportunity to improve one of the most
traditional and challenging traﬃc control instruments, traﬃc signal control systems.
The improvement has been reached due to advances in AI and ML techniques.

1.1

Motivating examples

Chaos and gridlock (Figure 1.1) can be caused by various factors, ranging from
non-functional traﬃc lights to reckless and irresponsible drivers who do not abide
by the rules of the road. The cornerstone to alleviate traﬃc congestion is applying
eﬀective traﬃc control systems. The main problems considered in this thesis are
motivated by two examples.
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Figure 1.2: An example of causal eﬀects of adaptive signal timing and phasing.

Consider the traﬃc situations at a simpliﬁed T-intersection in Figure 1.2 (a, b,
c), where the number of cars in a lane quantitatively represents the corresponding
traﬃc volume. Figure 1.2 (d) shows two phase sequence instances deﬁned as the
order of movements being served in a cycle. In situation A, there are many more
vehicles originating from the south. If phase sequence A is operated, a longer
duration of green indication should be assigned to the ﬁrst phase, indicating a
more eﬃcient operation with a lower vehicle waiting time on average.
If the traﬃc demand pattern changes from situation A to situation B, phase
sequence A is still an appropriate choice, but green time assignment should largely
deviate from before. Similar green times should be allocated to the two phases,
since traﬃc on the south legs is equalized to that on the east and west legs, and
the number of associated lanes is also identical for both phases.
One could be suspicious that phase sequence A is an optimal phase sequence
for any traﬃc demand pattern. This can be easily refuted when facing situation
C. If phase sequence A is employed, traﬃc demands are not well-balanced for the
movements in either phase. If the green time is allocated to meet the demand for
both movements within a phase, a large proportion of green time will be wasted
for the movements with relatively small traﬃc demand. However, this issue can
be addressed by simply changing phase sequence A to phase sequence B if two
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Figure 1.3: An inappropriate signal coordination between three neighboring
intersections.
movements in the phase are considered compatible. Meanwhile, more green time
is assigned to the ﬁrst phase in phase sequence B. These phenomena show that
adaptive signal phasing and timing based on traﬃc patterns have the potential to
improve mobility.
Additionally, there is another speciﬁc circumstance that causes or aggravates
congestion because of ineﬀective traﬃc signal control operations. For example, in
Figure 1.3, a platoon of ﬁve vehicles start their journey from intersection A to intersection C. During the journey, they meet red lights at every intersection. Vehicles
burn more fuel in this stop-and-go scenario compared to coasting, since every time
a vehicle brakes and then accelerates back to the original speed, energy is wasted.
If such a series of three traﬃc lights are coordinated and synchronized by designing
the starts of the green lights, the platoon of ﬁve vehicles is allowed to drive through
the intersections without stopping. This example shows that, next to optimal signal
phasing and timing at local intersections, coordination and synchronization among
intersections are essential to enhance mobility and sustainability.

1.2

Problem formulation

This thesis examines the potential improvements to traﬃc operations at signalized intersections. The prevalent appearance of challenges in traﬃc signal control
systems limits the scope of this thesis to the following research questions.
The signal control industry has been continuously developed and, in practice,
various features, control strategies, and control policies have been attached to signal
controllers. Signal control strategies are usually parameterized, and the setting
of parameters partially determines the performance metrics of the controllers. A
research question is speciﬁcally asked:
• Q1: How can one design a generalized optimization tool to obtain ﬁne-grained
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parameters for optimizing various signal controllers in terms of the deﬁned
control policy?
• Q2: What are the diﬀerences in behaviors of optimized signal controllers
when diﬀerent policy goals are implemented?
Q1 is essential to improve the existing traﬃc signal control systems, and Q2 gives
some insight into the ameliorations caused by optimization techniques. Chapter
three addresses these two questions.
Although signal optimization is valuable in engineering practice, there are two
unavoidable drawbacks: the requirement for an accurate estimation/measurement
of model inputs (e.g., traﬃc volume and routing information of vehicles), and inefﬁciency in dealing with sudden changes in traﬃc patterns. Therefore, it is natural
to ask the following research question:
• Q3: What if the optimized system fails to react to ﬂuctuating traﬃc patterns
or suﬀers in low-quality model inputs?
This thesis also attempts to add gains with eﬃcient operations to enhance the
current primitive traﬃc control system. A local control solution is designed and
implemented with the capability of being supported by data collected from the
existing road infrastructure as well as emerging data sources. The control design
leverages AI and ML techniques such that the controller can adapt itself to eﬃciently handle various traﬃc conditions. In particular, two research questions are
motivated:
• Q4: What is an eﬀective estimation approach to understand traﬃc conditions
coping with diﬀerent data sources?
• Q5: How should a local signal control system be designed and implemented
for eﬃcient traﬃc management?
Chapter four describes a data-driven estimation approach and a learning-based
local signal control system to address questions three, four, and ﬁve.
Furthermore, this thesis investigates the approach of tying the local signal control systems to achieve eﬃcient outcomes in arterial management. The corresponding research question is as follows:
• Q6: Can the intelligent local signal control be extended to arterial control?
Chapter ﬁve answers this question by proposing a hierarchical design for arterial
roads where local signal control systems follow the principle presented in chapter
four.
In practice, there are policy and economic barriers in a deployment of completely
new traﬃc signal systems and control strategies, which leads to the following research question:
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Additionally, various signal optimization approaches and adaptive signal designs
are reviewed, with a focus on AI- and ML-based approaches.
Chapter 3: Simulation-based optimization for traﬃc signal control
Given the fact that oﬀ-line signal control systems are commonly assessed by using
microscopic traﬃc simulations, chapter three introduces a simulation-based optimization framework in which various signal controllers and control strategies can
be integrated. The nominal problem of signal control optimization is formulated.
Diﬀerent performance metrics can be computed using the instantaneous vehicle
information reported by microscopic simulations.
The framework leverages recent advances in evolutionary optimization and parallel computing to enhance the computational eﬃciency, one of the most signiﬁcant
issues in simulation-based optimization approaches. It is shown that such a framework can facilitate diﬀerent signal controllers in both local and arterial contexts.
Moreover, due to its generality, the framework is convenient to integrate with other
traﬃc control instruments.
This chapter is based on the following publications:
I Ma, X., Jin, J., and Lei, W (2014b). Multi-criteria analysis of optimal
signal plans using microscopic traﬃc models. Transportation Research Part
D: Transport and Environment, 32: 1-14.
II Jin, J., Ma, X., and Kosonen, I. (2017c). A stochastic optimization framework for road traﬃc controls based on evolutionary algorithms and traﬃc
simulation. Advances in Engineering Software, 114: 348-360.
Preliminary versions of these two journal papers were presented in three conferences
as:
• Jin, J. and Ma, X. (2014a). Implementation and optimization of group-based
signal control in traﬃc simulation. In Proceedings of the 17th International
IEEE Conference on Intelligent Transportation Systems (ITSC): 2517-2522.
• Jin, J. and Ma, X., (2014b). Stochastic optimization of signal plan and coordination using parallelized traﬃc simulation. In Proceedings of Second SUMO
Conference: Modeling Mobility with Open Data DLR German Aerospace Centre, Berlin-Adlershof, Germany.
• Jin, J., Ma, X., and Kosonen, I. (2015). Stochastic optimization of groupbased signal control and coordination using traﬃc simulation. In Proceedings
of the 94th Transportation Research Board Annual Meeting, No. 15-3267.
Chapter 4: Intelligent local signal control
In chapter four, an intelligent local signal control system is proposed which contains
two modules: a traﬃc state estimation and an adaptive control scheme. We consider

8
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the problem of estimating the state of a traﬃc system capable of processing any
data sources motivated by the era of "big data." The estimation approach achieves
success in both in-sample and out-of-sample tests.
Then, the estimated state is characterized as the input for the control scheme.
The intelligent local signal control system manages to outperform the optimized
conventional signal control systems in many aspects, including mobility and environmental eﬃciencies, with the incorporation of agent technologies and learningbased algorithms. In particular, the system can be deployed in the context of
advanced signal strategies.
This chapter is based on the following publications:
III Jin, J. and Ma, X. (2017b). A group-based traﬃc signal control with adaptive
learning ability. Engineering Applications of Artiﬁcial Intelligence, 65: 282293.
IV Jin, J. and Ma, X. (2018c). A non-parametric Bayesian framework for traﬃcstate estimation at signalized intersections, under review.
Preliminary versions of the intelligent local control were presented in the following
conferences and relevant proceedings as:
• Jin, J. and Ma, X. (2015a). Adaptive group-based signal control by reinforcement learning. Transportation Research Procedia, 10: 207-216.
• Jin, J. and Ma, X. (2015b). Adaptive group-based signal control using reinforcement learning with eligibility traces. In Proceedings of the 18th International IEEE Conference on Intelligent Transportation Systems (ITSC):
2412-2417.
• Jin, J. and Ma, X. (2016a). A learning-based adaptive group-based signal
control system under oversaturated conditions. IFAC-PapersOnLine, 49(5):
291-296.
• Jin, J. and Ma, X. (2016b). A learning-based adaptive signal control system
with function approximation. IFAC-PapersOnLine, 49(3): 5-10.
Chapter 5: Hierarchical learning framework for arterial control
In this chapter, a hierarchical learning framework is studied to concatenate local
intersections on an arterial road and the whole system performs in a decentralized
manner. In the framework, a traﬃc network is decomposed into regions represented
by region agents. Each region consists of intersections, modeled by intersection
agents that communicate with neighboring intersection agents. The collective operations performed by multi-level agents in a road network can be represented by a
multi-objective problem to balance conﬂicts between agents at diﬀerent hierarchical
levels. Such an idea makes a minimum modiﬁcation in a local system so that other
local control schemes can also be embedded.
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This chapter is based on the following publications:
V Jin, J. and Ma, X. (2018a). Hierarchical multi-agent control of traﬃc lights
based on collective learning. Engineering Applications of Artiﬁcial Intelligence, 68: 236-248.
VI Jin, J. and Ma, X. (2018b). A multi-objective agent-based approach for road
traﬃc controls: application for adaptive traﬃc signal systems, under review.
Preliminary versions of the hierarchical framework for arterial control were presented in two conferences and a book chapter as:
• Jin, J. and Ma, X. (2016c). A multi-criteria intelligent control for traﬃc
lights using reinforcement learning. Advanced Concepts, Methodologies and
Technologies for Transportation and Logistics: 438-451.
• Jin, J. and Ma, X. (2017a). A decentralized traﬃc light control system based
on adaptive learning. IFAC-PapersOnLine, 50(1): 5301-5306.
• Jin, J. and Ma, X. (2017c). A multi-objective multi-agent framework for
traﬃc light control. In Proceedings of 11th Asian Control Conference (ASCC),
pp. 1199-1204. IEEE.
Chapter 6: Demonstrations
Chapter six demonstrates how the developed methodologies for traﬃc signal control systems can be implemented in practice. The idea is to adopt an intermediate
system capable of collaborating with current infrastructure and appending additional functionalities to the installed controller. Optimization algorithms and control schemes are implemented as software and embedded into the system. Such a
system can communicate and collaborate with signal controller hardware, receiving
detection information and providing traﬃc light indications.
This chapter is based on the following publication:
VII Jin, J., Ma, X., and Kosonen, I. (2017b). An intelligent control system for
traﬃc lights with simulation-based evaluation. Control Engineering Practice,
58: 24-33.
A preliminary version of the paper was presented as in a conference:
• Jin, J., Ma, X., Koskinen, K., Rychlik, M., and Kosonen, I. (2016). Evaluation of Fuzzy Intelligent Traﬃc Signal Control (FITS) system using traﬃc
simulation, In Proceedings of the 95th Transportation Research Board Annual
Meeting, No. 16-4359.
Chapter 7: Conclusions and future work
The ﬁnal chapter provides a summary of this thesis. Potential future research
directions are also discussed.
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Declaration of contributions
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Chapter 2

Literature review
2.1

Traﬃc signal control systems

The fundamental function of a traﬃc signal control system is to safely and eﬃciently
operate traﬃc ﬂows at intersections via alternating green, yellow, and red lights.
The traﬃc signal operation problem can be solved on three levels: local, arterial,
and network.
Local control means that a signal control system only considers the local traﬃc
conditions at an isolated intersection when signal operations are performed, whereas
coordinating several signalized intersections is the cornerstone of arterial control.
A common goal in signal coordination is to generate the "green wave" scenario,
where a series of traﬃc lights are synchronized to allow for a platoon of vehicles to
continuously move through several intersections.
Vehicle routes are usually pre-determined when solving network signal control
problems. However, with such problems, the change of signal settings may cause a
substantial change in routing, since drivers normally choose their routes by ﬁnding
the fastest one. Therefore, vehicle routing and signal control problems need to be
coupled to capture network equilibrium in traﬃc ﬂows.

Local control
Signal phasing and timing are two essential aspects of a local signal operation. A
signal group (also called a phase) exists as an electrical circuit from the controller
and feeds one or more traﬃc light heads. Therefore, a signal group contains a
collection of compatible turning movements, which is one of the basic signal components. Through a signal phasing scheme, a stage diagram (also called a phase
sequence in the literature) is generated, which uses arrows to show the turning
movements permitted in each stage. The stage diagram can either be in a static or
dynamic manner. Signal timing refers to the method of how the indication durations (i.e., green, yellow, and red) are allocated for phases. Figure 2.1 summarizes
the categories of signal phasing and timing.
11
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Figure 2.1: A summary of signal control structure.

Figure 2.2: Examples of three phasing techniques (i.e., stage-based, dual-ring,
and group-based phasing).

Signal phasing
There are three commonly employed phasing techniques around the world: stagebased (SB), dual-ring (DR), and group-based/phase-based (GB/PB) (see Figure 2.2).
The basic signal component of both SB and DR phasing techniques is a stage that
refers to a series of non-conﬂicting signal groups running together. Regarding the
SB phasing, the stage diagram is predeﬁned, whereas the dual-ring phasing supports ﬂexible stage diagrams caused by the assigned phase durations. There is a
barrier in the middle that each of the respective phases must simultaneously cross.
If the GB phasing is in use, the subsequent signal group will be automatically generated when a signal group in the current stage is terminated. Therefore, in theory,
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Figure 2.3: An example of a vehicle-actuated timing scheme.
all possible stage diagrams can be generated by varying durations of phases.
Signal timing
Signal timing is categorized into ﬁxed-time (FT), vehicle-actuated (VA), and adaptive schemes. The FT timing method uses a predetermined cycle length and green
duration in each signal component (e.g., signal group/phase and stage), which is
suitable for relatively stable and regular traﬃc ﬂows. Compared to FT timing,
VA timing is more ﬂexible in allocating signal durations (Day et al., 2008), which
determines green duration based on the detected vehicle presences with the aid of
on-street detectors.
An example of the Swedish VA timing is illustrated in Figure 2.3, where exist one
short detector and one long detector are placed in the lane. The extension signal is
authorized if the time gap between two vehicles passing through the short detector
is smaller than a deﬁned gap threshold or if the long detector is occupied. Beyond
this, the minimum and maximum green durations are pre-deﬁned. The extension
scheme starts when the current duration exceeds the minimum green duration,
while the controlled traﬃc lights are forced to terminate the green indication when
the maximum green is reached.
Although the VA timing has an advantage over the FT timing in providing ﬂexibility in green durations, VA timing is short-sighted, meaning that it makes timing
decisions according to traﬃc conditions in one lane or one direction rather than
the whole intersection. Along with the evolution of new concepts and technologies,
adaptive timing schemes have been proposed to address the issues in VA timing.
Adaptive timing adjusts green durations in accordance with real-time traﬃc patterns.
For instance, in the 1980s, SCOOT and SCATS were the pioneering systems in
adaptive signal control (Hunt et al., 1982; Sims and Dobinson, 1980). The core idea
of these two systems is the same, as they select the most appropriate signal plans
from a pre-deﬁned look-up table according to real-time traﬃc conditions. After
this, the signal control problem is formulated as an on-line optimization problem
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Figure 2.4: A time-space diagram showing the green band geometry.
and solved by various optimization techniques, which include mixed-integer linear programming (MILP) (Gartner et al., 1975; Dujardin et al., 2011), the linear
complementary problem (LCP) (De Schutter and De Moor, 1998), rolling horizon
optimization (Gartner, 1983; Henry et al., 1984; Mirchandani and Head, 2001), and
model predictive control (MPC) optimization (Aboudolas et al., 2009, 2010; Tettamanti et al., 2008, 2010; Lin et al., 2011; Tettamanti and Varga, 2010; Le et al.,
2015).

Arterial control
Arterial control methods are usually divided into two categories: one is to maximize
green bandwidth and the other is to minimize a pre-deﬁned performance index.
The wider the green band is, the more vehicles can meet green lights regarding the
recommended average speed.
The ﬁrst bandwidth optimization approach, called MAXBAND, was proposed
by Little et al. (1981). The MAXBAND method determined a uniform bandwidth
between any two adjacent intersections along the same direction of an arterial
road using MILP formulations. The formulations are summarized below, and the
notations are outlined in Table 2.1.
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Table 2.1: Notations, descriptions, and types of the MAXBAND model
Notation

Description

Type

n
ri

The number of intersections on the arterial
Time ratio of the common
red at intersection i
Time ratio of the outbound (inbound)
left-turn green at intersection i
Travel time between two intersections
outbound (inbound)
The minimum (maximum) cycle length
The target ratio of inbound to outbound
bandwidths
The common cycle length
The oﬀset of intersection i + 1 with
respect to intersection i, deﬁned as
the time from the center of common red
ri at i to the center of a speciﬁc red
ri+1 at i + 1
The outbound (inbound) bandwidth
The time diﬀerence from the left (right)
side of green of intersection i to the
outbound (inbound) band
The integer variable indicating
the periodicity of signal control systems with cycle length
The binary variable for
intersection i in the outbound (inbound) direction
If δi = 1(δ̄i = 1),
the outbound (inbound) left-turn phase is lagged.

Parameter
Parameter

Li (L̄i )
ti,i+1 (t̄i,i+1 )
Cmin (Cmax )
k
c
oi,i+1

b(b̄)
wi (w̄i )
mi (m̄i )
δi (δ̄i )

Parameter
Parameter
Parameter
Parameter
Decision variable
Decision variable

Decision variable
Decision variable

Decision variable
Decision variable

CHAPTER 2. LITERATURE REVIEW

16

max
s.t.

b + k b̄
(1 − k)b̄ ≥ (1 − k)kb
Cmin ≤ c ≤ Cmax

(2.1)
(2.2)
(2.3)

wi + b ≤ 1 − ri − L̄i ∀i = 1, . . . , n
(2.4)
(2.5)
w̄i + b̄ ≤ 1 − r̄i − Li ∀i = 1, . . . , n
1
ri + (1 − δ̄i )L̄i + wi + ti z =
2
(2.6)
1
oi,i+1 + ri+1 + (1 − δ̄i+1 )L̄i+1 + mi + wi+1 ∀i = 1, . . . , n − 1
2
1
oi,i+1 − ri+1 − m̄i − δi Li+1 − w̄i+1 + t̄i z =
2
(2.7)
1
− ri − δi Li = w̄i ∀i = 1, . . . , n − 1
2
(2.8)
0 ≤ oi,i+1 ≤ 1 ∀i = 1, . . . , n − 1
b, b̄ ≥ 0
(2.9)
wi , w̄i ≥ 0 ∀i = 1, . . . , n
(2.10)
mi and m̄i are integers ∀i = 1, . . . , n − 1
δi , δ̄i ∈ {0, 1} ∀i = 1, . . . , n

(2.11)
(2.12)

The objective of MAXBAND in Equation 2.1 is to maximize the weighted sum of
bi-directional bandwidths. Constraint Equation 2.2 forces a relationship between
the two bandwidths, speciﬁcally when k < 1 (k > 1), meaning that the outbound
(inbound) direction is favored for coordination. A synchronization plan is given by a
common cycle length, which is limited by the range of cycle length in Equation 2.3.
Due to constraints in Equations 2.4 and 2.5, green time should not be violated for
the outbound and inbound directions respectively, and constraints in Equations 2.6
and 2.7 ensure that traﬃc signals do not stop vehicles in the green bands.
One of the deﬁciencies of the MAXBAND model is the uniform bandwidth,
which was overcome by MULTIBAND (Gartner et al., 1991). Additionally, Li
(2014) solved the MAXBAND models with perturbation control and applied the
Monte Carlo method to simulate random progression time and evaluate the generated plans. An Asymmetrical MultiBAND (AM-BAND) model is developed by
relaxing the symmetrical progression band requirement in MULTIBAND, which
better utilizes the available green times in each direction (Zhang et al., 2015).
The bandwidth-based arterial control is usually restricted by the distance between the intersections, driving speed, two-way traﬃc ﬂow, etc. In order to optimize
an arterial control system, a common cycle length and oﬀset need to be speciﬁed.
For example, Hu and Liu (2013) developed a data-driven arterial oﬀset optimization
model which took the "early return to green" problem and the uncertain intersection queue length problem into consideration. Dabiri and Abbas (2016) generated
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arterial traﬃc signal timing settings (i.e., green duration, oﬀset, and common cycle
length) by using the particle swarm optimization algorithm.

2.2

Simulation-based signal optimization

Because of the large complex, non-linear, and stochastic properties of a transport
system, analytical solutions usually cannot reﬂect the system. Traﬃc simulators
can provide statistically signiﬁcant network performance estimates in the context
of a what-if or sensitivity analyses. Therefore, traﬃc simulations are often applied
to evaluate analytically optimized signal control systems (e.g., Zhao et al., 2015). It
is natural to adopt simulators to derive appropriate strategies, such as to perform
simulation-based optimization.
Although simulation-based optimization for signal control systems is an intricate
task, many attempts to achieve it are documented in the literature. Table 2.2
summarizes some typical studies. The table contains the scope of the problem and
key techniques, including the applied optimization method, signal controller type,
simulator, and optimization objective.
Among these studies, Park et al. (1999) were the ﬁrst to integrate a genetic
algorithm (GA) with a local signal controller to minimize the average travel delay
of vehicles obtained from microscopic simulations. This study handled oversaturated signalized intersections. Later, they extended their method to be capable
of maximizing throughput maximization, as well as minimizing emission and fuel
consumption (Park et al., 2000; Park and Lee, 2009).
Similar studies were proposed by Stevanovic et al. (2007, 2009, 2013), GarcíaNieto et al. (2012), and Zhang et al. (2013), which applied the idea of simulationbased optimization to arterial control, and diﬀerent traﬃc simulators were deployed.
In addition, Li et al. (2017) proposed a bi-level simulation-based optimization
framework to settle the optimal traﬃc signal setting problem. The upper-level
problem determines the traﬃc signal settings to minimize the drivers’ average travel
time, while the lower level problem aims for achieving the network equilibrium using
the settings calculated at the upper level. Nevertheless, there is a lack of research
on proposing a generalized optimization framework that considers the varieties of
traﬃc simulation models and is applicable to the optimization of diﬀerent traﬃc
signal control schemes.
The most challenging problem for microscopic simulation-based optimization
is the heavy computational burdens, as nature-inspired optimization algorithms
inherently impose iterative simulations. In each simulation run, detailed states (including position, speed, and acceleration) of each vehicle are computed in every
simulation step. One approach to address the computation issue is to approximate
traﬃc simulation with a relatively simpler objective function and then to optimize
the approximate function. Li et al. (2010) introduced the approximation concept
into the simulation-based optimization of traﬃc signal control systems, which synchronizes the approximate eﬀorts and optimization eﬀorts when simulation-based
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Literatures

Local

Arterial

Local

Level of details

Genetic algorithm

Genetic algorithm

Optimization method

Stage-based
ﬁxed-time
Stage-based
vehicle-actuated
Stage-based
ﬁxed-time
Dual-ring

Signal controller

Markov monotonic
search algorithm
Analytical

Arterial

Network

Genetic algorithm

Local

Network

Stage-based
ﬁxed-time
Stage-based
ﬁxed-time
Stage-based
ﬁxed-time

Particle swarm
optimization
Genetic algorithm

CORSIM

Simulator

Objective

VISSIM
SUMO
Cell
transmission
model
VISSIM
AIMSUN
SUMO

Composite cost,
including delay and safety
travel time,
fuel, and emissions
Travel time

Delay and emissions

Delay, throughput,
fuel and emission
Delay, safety,
fuel and emissions
travel time

Table 2.2: A summary of simulation-based optimization for traﬃc signal control systems.

Park et al.
(1999,2000,2009)
Stevanovic et al.
(2007, 2008, 2009, 2013)
García-Nieto et al.
(2012)
Zhang et al.
(2013)
Li et al.
(2010)
Osorio and Bierlaire
(2013, 2015b, 2015a)
Li et al.
(2017)
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Table 2.3: A short summary of typical studies that apply reinforcement
learning-based modeling frameworks to traﬃc signal control systems.
Literature

Agent

RL model

Bazzan et al. (2010)
Arel et al. (2010)

Intersection
Intersection

Balaji et al. (2010)
El-Tantawy et al. (2013)
Abdoos et al. (2014)

Intersection
Intersection
Bottom level:
intersection;
Top level: region
Vehicle

Q-learning
Q-Learning with neural network for
value function approximation
Q-learning
Model-based Q-learning
Bottom level: Q-learning;
Top level: Q-learning with tile coding for
value function approximation
Model-based Q-learning

Khamis and Gomaa (2014)

optimization is deployed. Osorio and Bierlaire (2013) proposed a metamodel to
approximate traﬃc simulations by combining information from them and an analytical network model. Nevertheless, such an approximation cannot capture the
ﬂexibility in signal operations (i.e., adaptive signal timing and GB phasing).
Beyond this, when a simulation-based optimization is carried out, the total computational time can be reduced if traﬃc simulations are executed in parallel. One
example study was conducted by Sánchez-Medina et al. (2010), who implemented
an optimization framework in the context of using microscopic simulations based on
cluster computing. Few studies, however, have focused on the enhancement of the
optimization algorithm to reduce the computational load when microscopic traﬃc
simulation models are incorporated.

2.3

Adaptive signal control by reinforcement learning

In the past decade, some studies have modeled the signal timing as a sequential
decision-making process, where the green duration is adaptively determined according to the detected traﬃc conditions. The emerging methods in ML ﬁelds provide
signiﬁcant opportunities in coping with such a proactive process for adaptive signal control systems. Reinforcement learning (RL) is a stand-out approach in this
regard.
Thorpe and Anderson (1996) ﬁrstly applied an RL algorithm to control an
isolated intersection. The simulation results showed that the adaptive signal control
outperformed a ﬁxed time controller by reducing the average waiting time of the
vehicles traversed. On the other hand, Wiering (2000) developed another approach
for adaptive signal control using RL, in which the knowledge of an agent is updated
on the basis of vehicle-level performance measures during the learning process.
Since then, research in this area has moved towards integrating agent-based
modeling technology with various RL methods. These can be categorized by taking
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diﬀerent entities as agents, including vehicle, intersection, and components of a
signal controller. Table 2.3 provides a summary of the recent developments in this
area. For a comprehensive review, readers can refer to a recent survey by Yau
et al. (2017), who summarized various other RL models and algorithms dedicated
to signal control systems.
In Table 2.3, several recent approaches modeled a traﬃc signal controller by
intersection agents that determine signal plans(e.g., Bazzan et al., 2010), the green
duration of each signal phase (e.g., Balaji et al., 2010; Abdoos et al., 2014), or a
selection of phases with a deﬁned time interval (e.g., Arel et al., 2010; El-Tantawy
et al., 2013). Although group-based/phase-based phasing approaches have proved
their utilities by dynamically generating phase structures (Wong and Wong, 2003),
the phase sequence of each intersection agent is predetermined in all of these studies.
Unlike intersection agents, the state of vehicle agent includes vehicle information
(e.g., vehicle position and destination) at an intersection (Khamis and Gomaa,
2014). However, the implementation of such a system is not cost-eﬀective since it
requires the replacement of the deployed infrastructure to support a broad coverage
of connected vehicles so that vehicle information can be obtained through vehicle-toinfrastructure (V2I) communication. However, when considering traﬃc engineering
practice, this is still preferred to developing an advanced traﬃc light system based
on information from an existing deployed infrastructure.

Chapter 3

Simulation-based optimization for
traﬃc signal control
3.1

Problem formulation

Generally speaking, simulation-based optimization can address stochastic and continuous nonlinear constrained optimization problems. A simulator derives the objective function based on the simulated measures, and the objective function usually
cannot be expressed by a closed form. Constraints, in contrast, have availability of
closed-form analytical expressions. Such simulation-based optimization problems
can be formulated as:
min

f (x, v) = E[F (x, v)]

(3.1)

s.t.

c1 (x, v, u) = 0.

(3.2)

c2 (x, v, u) ≤ 0.

(3.3)

x

The expected value of a pre-deﬁned network performance measure F is considered
the objective function f . F depends on the deterministic decision variables x and
exogenous parameters v. The feasible space is deﬁned by c1 and c2 , which are two
sets of common, typically non-convex, deterministic, analytical and diﬀerentiable
constraints. Other endogenous simulation variables are denoted by u.
For example, the average travel delay of vehicles can be taken as an objective
function F for a signal optimization problem, while the decision variables are green
durations for signal phases. Elements such as the network topology and traﬃc
demand are captured by v, while, in regards to microscopic traﬃc simulations, u
deﬁnes car following model parameters and lane changing model parameters. Every
simulation run with a unique random seed leads to a realization of the objective
function. The simulation involves uncertainties, such as route choice for individual
drivers and vehicle generation. Therefore, for a given set of decision variables x,
21
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Figure 3.1: The generalized optimization framework for traﬃc control problems.

the objective function is approximated by the sample mean:
K
1 
Fk (x, v).
K

(3.4)

k=1

3.2

Optimization framework

In this section, the general mathematical formulation for simulation-based optimization is presented by a framework consisting of three essential components (blocks):
Software-in-the-loop Simulations, Evolutionary Optimizers, and Performance Estimators. The optimization process starts with the Evolutionary Optimizer module,
sending initial population of signal parameters to the Software-in-the-Loop Simulation (SILS) module. Traﬃc Controllers and Traﬃc Simulators are included in the
SILS module.
The SILS module has three signiﬁcant components: Traﬃc Simulator, Trafﬁc Controller, and the Simulator-Controller Program. The Simulator-Controller
Program is responsible for the communications between the Traﬃc Controller and
Traﬃc Simulator. Control indications from the Traﬃc Controller are imported into
the traﬃc model in the Traﬃc Simulator through the interface program, whereas
the traﬃc states are provided to the controller for making control decisions.
Diﬀerent traﬃc controls can be implemented in the Traﬃc Controller module.
For example, if the module represents a ﬁxed-time traﬃc light control, the control
indications can refer to green durations for traﬃc lights. Loop detectors are usually
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deployed at signalized intersections, which send the detected traﬃc states to a traﬃc
light controller.

3.3

Computational enhancements

In this thesis, the computational enhancements are two-fold: the archived GA
algorithm and parallel traﬃc simulation.
Archived GA algorithm
In stochastic traﬃc optimization, the computational time spent for performing the
GA operators, including encoding, selection, crossover, mutation, and decoding, is
often negligible compared to the time for performance estimation using simulation
models. Consequently, it is of high importance to enhance the ordinary GA algorithm by reducing the total computational time for evaluating ﬁtness functions.
The latest research in computational intelligence has proposed an archive-based genetic algorithm (AGA), employing a selection procedure that uses a tiny population
size together with a large-size external archive (Tiwari et al., 2011).
The external archive stores the global elites found to accurately approximate
the best solution in applications. The selection procedure beneﬁts from the search
history (i.e., the external archive) of the algorithm and attempts to minimize the
number of function evaluations required to achieve the desired convergence. The
previous numerical study of the AGA approach shows that it attains the desired
convergence faster than ordinary GA for benchmark optimization problems. The
detailed description of AGA can be found in Tiwari et al. (2011).
Because of the advantages of AGA in computational eﬃciency, the algorithm is
implemented for our application, and it plays the central role in ﬁnding an optimal
solution. In addition, considerations of the quality of search space have been made
in this study. Firstly, randomly distributed initial population, covering global search
space, is created by applying the Latin Hypercube (LH) sampling algorithm (Loh
et al., 1996). For each variable, evenly-sized segments are formed. A real number
bounded by the respective segment is generated according to a uniform distribution.
The number within one segment is randomly assigned to an individual in the initial
population as one of the variables. This process has been shown to assure that the
resulting population, spanning the entire exploration space, is suﬃciently random
while being free from any bias. The detailed implementation of archived GA is
presented in Section 3.1.2 Paper II.

Parallel traﬃc simulation
Traﬃc simulation has the opportunity to be executed in parallel, as a single simulation does not depend upon other simulation runs. The developed problem allocates
multiple traﬃc simulation runs to diﬀerent processes in systems with multiple pro-
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cessors or cores (SMP), while the emission calculation can also be distributed to
other machines (Ma et al., 2014a).
Multiple processes can operate independently but share the same memory resources. Speciﬁcally, one process handles one simulation run, with a particular
random seed used as the port id to connect traﬃc simulation API. Corresponding
performance measures are estimated after the simulation is ﬁnished for each process. The performance measures from simulation runs are ﬁnally summarized by a
reduction operator, e.g., taking an average or taking the worst result.

3.4

Case studies

Two case studies were performed to validate the proposed simulation-based optimization framework for local control and arterial control respectively. Parallel
traﬃc simulation runs were implemented with the shared memory architecture on
a computing node in a high-performance computing (HPC) environment. The computing power was deﬁned by four hexacore AMD Opteron 8425HE CPUs and 32GB
RAM.
In the case studies, travel delay, fuel consumption, and emissions were considered as the main objectives (referring to f (x, v) in Equation 3.1) in our analysis.
Travel delay was explicitly computed using instantaneous vehicle states obtained
from microscopic traﬃc simulations. Average travel delays (seconds/vehicle) were
derived as follows:
N
j=1 dj
¯
.
(3.5)
d=
N
where dj denotes the travel delay for vehicle j and N is the total number of vehicles.
The travel delay was deﬁned as the diﬀerence between the actual travel time and
the ideal travel time to complete the journey. The ideal travel time is the time that
a vehicle ﬁnishes its journey with the desired speed. This was derived as follows:
dj = Δtj −

tdj
,
vjdes

(3.6)

where Δtj denotes the time interval between two actions, tdj is the traveled distance
within the time interval Δtj , and vjdes refers to the desired speed of vehicle j.
Fuel consumption and emissions were calculated in this study by a micro-scale
emission model, a Comprehensive Modal Emission Model (CMEM), using vehicle
trajectories (Scora and Barth, 2006). Accordingly, CMEM considers the modal
operation of a vehicle and predicts instantaneous emissions of the vehicle as a
function of driving modes. The Performance Estimator class calls CMEM, using a
pre-calculated look-up table to retrieve the fuel consumption result.
In addition, an integrated performance index (PI), standing for a compromise
for diﬀerent objectives (Li et al., 2004), was also optimized and analyzed in the
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Figure 3.3: Layout and signal groups of the arterial traﬃc network.

Real signal timing was observed and then approximated by an SBFT controller
that is used as a baseline case. The computational framework proposed was therefore applied to implement policy goals for signal control. The maximum green time
was the decision variable in the SBVA technique, which profoundly inﬂuences the
eﬃciency of signal operations. The detailed constraint descriptions are presented
in Section 3.1 Paper I.
Computational experiments through simulations were carried out to assess the
performance of signal plans in terms of mobility and sustainability when diﬀerent
policy objectives were applied. The current traﬃc situations can be signiﬁcantly
enhanced in terms of mobility and sustainability eﬃciencies by setting appropriate
signal parameters suggested by the optimization platform. For example, travel
delay was reduced up to 20% if travel delay was the optimization objective for the
currently deployed controller (SBFT).
The VA timing outperformed the FT timing when the same stage-based phasing
technique was applied, no matter what policy goals were optimized. The improvement in mobility was apparent, whereas the mitigation of fuel and emissions was
less evident. In particular, more than a 12% average delay was reduced, and around
3% was decreased when an optimal SBVA was applied compared to the optimized
SBFT controller.
Concerning the analysis of various performance measures, apparent trade-oﬀs
between traﬃc mobility and environmental impacts were found in the study. For
example, a sacriﬁce of 14.44% increase in average delays was generated when the
optimized SBFT was applied, while total fuel consumption was minimized. An integrated performance index (including average delay, fuel consumption, and emissions) highlighted its advantage in balancing conﬂicting policy goals in mobility
and sustainability. The detailed analysis is given in Section 3.4 Paper I.
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Arterial control (Stockholm, Sweden)
The second case focused on an arterial consisting of two adjacent intersections:
Hornsgatan-Ringvägen and Hornsgatan-Rosenlundsgatan (see Figure 3.3). The
traﬃc simulation model was built following a blueprint of real signal plans provided by the Stockholm Traﬃc Administration. In reality, traﬃc lights located at
the two intersections are either operated by an isolated GBVA control or coordinated GBFT control.
Regarding GB signal controllers, the constraints are designed for signal groups
rather than stages. In addition to the constraints in local control cases, oﬀset
and cycle length are two additional decision variables when traﬃc lights run in
the coordination mode. If VA timing is applied, individual cycle length at each
intersection may have a small diﬀerence from the predeﬁned cycle length. When
the cycle length is smaller than the deﬁned one, it is called "early-return." When
an individual cycle length is larger, the last phase of the cycle is forced to be oﬀ
at the time when the common cycle length is achieved. Such a scenario is called
"force-oﬀ." The constraints are presented in detail in Section 5.1.2 Paper II.
The ﬁndings from simulation experiments are concluded as follows, and details
of which can be found in Section 5.4 Paper II. The diﬀerence in mobility measure
between the optimized coordinated GBFT and optimized isolated GBVA was small
when a travel delay was set as the optimization objective. However, a relatively
signiﬁcant improvement (i.e., more than 5%) on sustainability could be achieved
when an optimized isolated GBVA was deployed rather than an optimized coordinated GBFT. Additionally, the optimized coordinated GBVA control strategy
showed better performance than an optimized isolated GBVA with regard to not
only the average travel delay but also fuel eﬃciency and emissions.

3.5

Summary

This chapter has outlined a general simulation-based optimization framework for
traﬃc control problems. An evolutionary optimizer governs the computing framework. The software architecture provides ﬂexibility to implement independent control schemes and deﬁne their communication with traﬃc simulators. The computational eﬃciency of the optimization algorithm has been enhanced in two aspects.
One is the capacity to achieve faster convergence by using an external archive and
micro elitism population manipulation, while the other is the capability of exploring
a global search space.
Two case studies, including an isolated intersection control and an arterial control, were carried out to demonstrate the optimization framework. A spectrum of
policy goals, including mobility and sustainability, as well as their integration, was
evaluated for diﬀerent signal control schemes. Diﬀerent control approaches were
implemented in the software framework and compared in the case studies. Two
traﬃc simulation models, VISSIM and SUMO, were integrated into the framework
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to assess the performance measures. The evaluation results were close to each other,
which therefore enhanced the validity of the conclusions.
In summary, diﬀerent control schemes, including SBFT, SBVA, GBFT, GBVA,
and a coordinated GBVA, were optimized. The optimal signal settings for the
tested controllers contributed signiﬁcant improvements in both traﬃc mobility and
sustainability compared to the baseline cases, and apparent trade-oﬀs between them
were found in the comprehensive analysis. Speciﬁcally, the growth in mobility
(more than 10%) is more evident than the mitigation of fuel and emissions (less
than 5%), compared to tuned traﬃc signal controllers according to experienced
traﬃc engineers. An integrated performance index shows its advantage to balance
conﬂicting policy goals in mobility and sustainability.

Chapter 4

Intelligent local signal control
system
4.1

Problem formulation

Figure 4.1: Description of agent-environment interaction.
According to the described signal control operation in Chapter two, a signal
control system can be formulated by an agent-based framework, where each signal
controller or each signal component is modeled as an intelligent agent. Signal
operations follow a decision-making process, where the interactions between a signal
agent and the external environment are involved.
Figure 4.1 brieﬂy presents the decision-making process. At each operational
step, the agent perceives the state from the external traﬃc environment in two
manners, one of which is where the agent directly observes states from the environment based on the detection information obtained from the deployed traﬃc
surveillance system. The second to utilize a traﬃc state estimation approach to
extract information from the observation. Then, the agent performs an action and
receives a reward or feedback due to the combination of the state-action pair. The
29
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agent is assumed to follow the Markov assumption, meaning that the future depends only upon the current state and control instead of the sequence of events
that preceded such a state-control pair.

Recursive state estimation
Recursive state estimation is a general probabilistic approach that can provide a
state estimation recursively over time using streaming measurements and a mathematical process model (Simon, 2006). The probabilistic law characterizes the state
evolution, which may be arrived at by a probability distribution conditioned on the
measurements and actions. Such a probability distribution is a posterior probability over the state variables conditioned on the available data, which is abbreviated
as a belief distribution. Suppose that the system starts from the initial state, x0 ,
and carries out the initial action, u0 , and that the ﬁrst measurement vector is denoted as z1 . The belief distribution over a state variable at time t, xt , is denoted
by bel(xt ), i.e.,
bel(xt ) = P (xt |z1:t , u0:t−1 ).

(4.1)

Then, the estimated state, interpreted as the most likely one, is obtained by
x̃t = arg max bel(xt ).
xt

(4.2)

According to the Markov assumption, such an evolving process for states, controls, and measurements is represented by the following equations:
P (xt |xt−1 , z1:t−1 , u0:t−1 ) = P (xt |xt−1 , ut−1 ),
P (zt |xt , z1:t−1 , u0:t−1 ) = P (zt |xt ).

(4.3)
(4.4)

Here, P (xt |xt−1 , ut−1 ) and P (zt |xt ), respectively represent the state transition
probability and measurement probability. Therefore, the belief function can be
recursively computed by the following equations (see Appendix A of Paper IV for
the derivation):
bel(xt ) =



P (zt |xt )bel(xt )
,
P (zt |xt )bel(xt )dxt

bel(xt ) = P (xt |z1:t−1 , u0:t−1 )

=
P (xt |xt−1 , ut−1 )bel(xt−1 )dxt−1 .

(4.5)
(4.6)

where bel(xt ) represents the initial belief distribution. The initial belief reﬂects the
fact that bel(xt ) is a prediction of the current state at time t based on the posterior
distribution of the previous state, bel(xt−1 ), before incorporating the measurement.
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Estimating bel(xt ) from bel(xt ) is often known as a measurement correction or update. Therefore, the concrete implementation of BFs requires three necessary probability distributions, which are the state transition probability, P (xt |xt−1 , ut−1 ),
measurement probability, P (zt |xt ), and initial belief, P (x0 ).
The state transition model is typically described by
xt = g(xt−1 , ut−1 ) + ,

(4.7)

where g(·, ·) denotes a mapping between the previous state-control pair, (xt−1 , ut−1 ),
and the current state, xt .  is assumed to follow a white Gaussian process with a
covariance matrix Σtran and a zero mean value so that the conditional distribution
of the current state, xt , is
P (xt |xt−1 , ut−1 ) = N (g(xt−1 , ut−1 ), Σtran ).

(4.8)

Likewise, assuming that ζ also follows a white Gaussian noise process, Σmeas describes the covariance matrix of the measurement model. The measurement model
is given by
zt = h(xt ) + ζ.

(4.9)

and the measurement distribution is
P (zt |xt ) = N (h(xt ), Σmeas ),

(4.10)

where h(·) indicates a mapping between the current state, xt , and the current
measurement, zt .

Markov decision process
The agent’s operation process can be deﬁned by the Markov Decision Process
(MDP), and the essential components of MDP are summarized in Figure 4.2. MDP
is deﬁned by a state set X , action set U, one-step dynamics, the transition from
state-action (x, u) to the next state x , and the reward (Puterman, 2014). The
dynamics T (x |x, u) and reward r(x, u) are given by
T (x |x, u)

= P[Xt+1 = x |Xt = x, Ut = u],
r(x, u) = E[Rt+1 |Xt = x, Ut = u]

(4.11)
(4.12)

A value function is deﬁned to represent an agent’s knowledge, which can be
state-based (V (x)) or action-based (Q(x, u)). V (x) and Q(x, u) estimate how
"good" it is for an agent to be in particular states and in the state to take action respectively. More formally, V (x) is the expected return Gt , given that the
agent is in state x. Similar to the state-value function, the action-value function
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Figure 4.2: A ﬂowchart for the Markov decision process.
also takes actions into consideration. The Bellman equation expresses the relationship between a state value and the values of its successor states. Bellman equations
exist for both the state-value function and the action-value function, i.e.,
Vπ (x) = Eπ [Rt+1 + γVπ (Xt+1 )|Xt = x]),
Qπ (x, u) = Eπ [Rt+1 + γQπ (Xt+1 , Ut+1 )|Xt = x, Ut = u]

(4.13)
(4.14)

Note that a policy π is speciﬁcally given to the value functions.
Value functions deﬁne an ordering over policies. A policy π1 is better than π2 if
Vπ1 (x) ≥ Vπ2 (x) for the state x. For MDPs, there exists at least one policy that is
better than or equal to all other policies. Such a policy is called an optimal policy,
and the corresponding state or action value function (denoted by V∗ (x) or Q∗ (x, u))
is the optimal value function π∗ . The Bellman optimality equation deﬁnes how the
optimal value of a state is related to the optimal value of successor states. An
optimal policy can be found from an optimal state-value function V∗ (x) and the
model dynamics using one step looking ahead, i.e.,

T (x |x, u)V∗ (x )
(4.15)
V∗ (x) = max r(x, u) + γ
u

x ∈X

For the action-value function, an optimal policy can be found by directly maximizing over Q∗ (x, u), i.e.,

1 if u = arg maxu∈U Q∗ (x, u)
π∗ (u|x) =
(4.16)
0 otherwise
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Figure 4.3: The overall framework of the state estimation with respect to (a)
the training process and (b) the on-line estimation process using the BF and GP.

4.2

Non-parametric traﬃc state estimation

Estimation framework
Due to the availability of various types of data sources and diﬀerent signal control
systems, this thesis proposes a non-parametric traﬃc state estimation framework
at signalized intersections. The following properties characterize the approach:
• A framework design that is compatible with both conventional and adaptive
signal control systems, particularly lane-based states that can be generated
for supporting GB signal controllers.
• The developed framework is not restricted by a certain data type.
• The embedded models are non-parametric, such that prior knowledge for
setting the parameters is not needed.
The estimation framework, which integrates a Bayesian ﬁlter (BF) with Gaussian process (GP) regression, is presented in Figure 4.3. The BF approach is a
commonly used algorithm for estimation when new measurements continuously arrive over time (Thrun et al., 2005). The algorithm features two operating steps: a
prediction step and an update step. During the prediction step, a transition model
is utilized to predict the future state when previous states and controls are provided.
The predicted state is updated in light of new measurements with a measurement
model at the update step.
GP is a powerful and non-parametric tool for learning regression functions from
sample data (Murphy, 2012). Key advantages of GPs include the ability to provide interval estimates over the state, while the size of the interval determines the
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uncertainty level if the estimated state is equal to the mode value of the obtained
distribution (Rasmussen, 2004).
In Figure 4.3, the framework is partitioned into oﬀ-line training (upper block)
and on-line estimation (lower block) processes. At the beginning of the oﬀ-line
training, historical data, including measurements, controls, and states, are inserted
as the inputs into the GP models. The measurement and transition models are
ﬁnally identiﬁed by performing a hyper-parameter optimization process for the
pre-deﬁned model structures based on the GP regression approach.
During the on-line estimation process, the transition model employs previous
control (u) and state (x) to obtain a predicted state (x̂), together with its covariance
matrix (Σ̂), at each estimation step. Using the measurement model, the predicted
state and covariance are transferred to the estimated state (x̃) and covariance (Σ̃)
by incorporating a newly received measurement (z). A detailed description of this
approach can be found in Section 2 and 3 Paper IV.

Experiments
In Section 4 Paper IV, numerical experiments demonstrated the estimation approach using two types of data for an isolated intersection: loop detector data
(ﬁxed-location data) and connected vehicle data (mobile data). Besides this, an
SBVA controller was employed so that the green duration varied depending on
the vehicular presences detected from the loop detectors. The control data was
collected by employing general information on traﬃc light indications (i.e., green,
yellow, and red), which is accessible by any type of signal controller.
Simulated data obtained from SUMO was applied to evaluate the eﬀectiveness of
the proposed methodology. Various experimental settings (e.g., estimation interval
and penetration rate) were investigated for both data sources. For each experiment,
three datasets, including the training, validation, and test sets, were generated by
simulations.
In terms of loop detector data, four diﬀerent estimation intervals i.e., 1, 5, 10,
and 20 seconds, were applied. Diﬀerent traﬃc demand patterns were assigned to
lanes at the isolated intersections. According to the estimation results, the longer
the estimation interval was, the higher the error generated, no matter which traﬃc
demand pattern was investigated. When the estimation interval was one second,
all the reported absolute mean errors of the number of vehicles could be as small
as less than 0.3, which is considered negligible when the average number of vehicles
is above 10.
In addition to investigating the eﬀects on estimation accuracy with respect
to various estimation intervals, an analysis was carried out on applying diﬀerent
penetration rates of connected vehicles. Four penetration rates, ranging from 0% to
100% (i.e., 25%, 50%, 75%, and 90%) were implemented. A similar tendency of the
estimation accuracy, compared to the results generated using loop detector-based
data, was observed after performing the experiments using a variety of estimation
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intervals. This means that the estimator also suﬀered from an increase of the
estimation interval when the connected vehicle data was in use.
It is obvious that the estimation accuracy would be enhanced if more vehicles
were involved in providing information for the estimator. In the case of a 50%
penetration rate, the estimator was able to achieve a competitive level of accuracy
with the case where the estimator adopted loop detector-based data. Although
the increase of errors could be up to 8% by reducing the penetration rate, the
estimation performance was still acceptable because the mean absolute errors were
all below 0.3 vehicles, merely using information extracted from 25% of the vehicles
at the intersection.
Comprehensive analysis of both the loop detector and connected vehicle data is
provided in Section 4.3 Paper IV.

4.3

Intelligent control scheme

This section illustrates the basic idea of intelligent control on the basis of GB
phasing mechanisms. SB and DR phasing techniques are also easily incorporated
by changing the agent deﬁnition.

Agent modeling framework
During the operation of GB phasing, if a signal group in the current phase is
ordered to terminate, the system automatically searches for another signal group
as the substitution, which is chosen from a set of candidate signal groups. For a
speciﬁc signal group in the current phase, its candidate signal groups cannot have
conﬂicts with the rest of the signal groups and they should not have been activated
in the current cycle. If no candidate signal group exists, the ordered-to-terminate
signal group has to wait until all signal groups in the current phase are ordered to
terminate. During the waiting time, the ordered-to-terminate signal group shows
a green indication, but detection information for the signal group is no longer
registered to determine signal timings. This green period is known as passive green
time in traﬃc engineering.
In principle, the GB signal control can be modeled using a multi-agent framework so that every signal group is considered as an individual agent. The timing
scheme is then formulated as the result of a sequence of agent actions. In this multiagent decision framework, a central level of manipulation is not required, whereas
each agent pursues the goals only based on its interest and knowledge. Figure 4.4
brieﬂy illustrates the interaction processes in this framework.
Each signal group agent in the model is capable of receiving information from
other agents and incorporating it into the decision-making process. Cooperation
between agents is achieved by sharing partial information of the states with their
neighborhoods. Two types of signal groups can be regarded as neighborhoods:
• other signal groups that operate in the current phase;
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Figure 4.4: Multi-agent modeling framework for a GB signal control system at
an isolated intersection.
• the candidate signal groups.
For example, in Figure 4.4, signal group agent 1 receives partial states from agent
2 (the signal group in the current phase) and agent 3 (one candidate signal group).
Therefore, the ﬁnal signal timing decision is made by considering a trade-oﬀ between
the agent’s preference and those of other agents. The goal of the agents is to build
their knowledge based on the received state and feedback reward in such a modeling
framework.

Learning algorithm
A typical RL method known as the temporal diﬀerence (TD) was applied to solve
the MDP problem for intelligent control. TD uses bootstrapping to make updates,
and its general update rule is
Q(xt , ut ) ← Qt (xt , ut ) + αδ(xt , ut ),

(4.17)

where α ∈ [0, 1] refers to the learning rate and δt is called the TD error.
The TD error is the diﬀerence between the TD target (an estimation) and the
corresponding action-value. As mentioned above, the calculation method of the TD
error can be on-policy (SARSA) or oﬀ-policy (Q-learning). Taking SARSA as an
example, the value of the TD error is
δ(xt , ut ) = rt+1 + γQt (xt+1 , ut+1 ) − Qt (xt , ut ),

(4.18)

where at+1 results from the applied policy.
TD (λ) is the multiple-step backup version of a TD algorithm that uniﬁes Monte
Carlo and TD approaches, making updates based on n-steps instead of a single
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step in TD. An eligibility trace approach is applied to achieve the average eﬀects of
multiple-step backups. The traces decay gradually over time. The following value
update equation is applied to all state-action pairs:
Q(x, u) ← Q(x, u) + αδ(xt , ut )e(x, u),

(4.19)

where e(x, u) denotes the degree of eligibility. There are two types of eligibility trace
strategies: the accumulating trace and replacing trace strategies. The accumulating
trace adds more credits to more recent events (recency) and also to the events that
have occurred more frequently. The value of the accumulating trace builds up once
the state-action pair is visited.
TD algorithms use a tabular representation for storing the cumulative rewards
with problematic scalability to continuous state-action systems. Function approximation approaches can address the issue through the augmentation of learning
eﬃciency and estimation accuracy. The tests of function approximators for the intelligent signal control systems have been performed which are delineated in Paper
VI.

Learning process
The learning process of an agent is divided into two stages: pre-learning and selflearning. Although the knowledge base of an agent is updated according to the
same RL algorithm at the two stages, the method for making actions diﬀers. In
particular, the agents perform actions based on the operations of an ordinary traﬃc
controller at the pre-learning stage, while the applied action policy is employed at
the self-learning stage.
An ordinary traﬃc controller, at the pre-learning stage, is introduced as a "supervising controller" to guide the agents, inspired by the notion of inverse reinforcement learning (IRL) (Kober and Peters, 2010). An IRL-enabled agent recovers an
unknown reward function by observing an expert demonstrating a task. Likewise,
the agent in the proposed system can attain behaviors close to those of the supervising controller after performing the pre-learning stage.
After ﬁnishing the pre-learning stage, the agent considers the updated knowledge base as an initial knowledge for the self-learning stage. Compared to the procedure during the pre-learning stage, the operating diﬀerences for the agent during the
self-learning stage are two-fold. First, the number of learning episodes is typically
much larger than that of the pre-learning stage. Therefore, the agent can explore
the full picture of the knowledge base by itself. In addition, at the self-learning
stage, the supervising controller is deactivated, and the agent instead performs actions according to the applied action policy. After completing the learning process,
the multi-objective multi-agent system is ready to be deployed for controlling traﬃc
lights.

38

CHAPTER 4. INTELLIGENT LOCAL SIGNAL CONTROL SYSTEM

Figure 4.5: Layout and signal groups of the study network.

Experiments
The proposed adaptive GB signal control system was tested with an isolated fourarm intersection. Eight signal groups were deﬁned for the signal control at the
intersection. Figure 4.5 describes the layout of the studied intersection and the
conﬁguration of corresponding signal groups.
Six demand scenarios were designated for the computational experiments, including Homogeneous and Medium (High), Arterial and Medium (High), and Unbalanced and Medium (High). The "Homogeneous" scenarios assumed that traﬃc
demand was identical for all four approaches of the intersection. In the "Arterial"
scenarios, eastbound and westbound directions were assumed to be the major road
so that the associated traﬃc ﬂows were relatively higher compared to the northbound and southbound directions. For the "Unbalanced" scenarios, the associated
traﬃc ﬂows for eastbound and northbound directions were obviously higher than the
other two directions. The corresponding traﬃc ﬂow was scaled to either "medium"
or "high." The "medium" level of traﬃc represented the normal ﬂow condition for
the intersection, whereas the "high" level of traﬃc described a signiﬁcant increase
of traﬃc volumes for the corresponding turning movements.
In the experiments, state variables were obtained directly from the detection
information. Seven selected features, including the information sent from the agent
and its neighborhoods, were used to represent the state. All signal group agents
were either ordered to terminate or to extend for some green time. The agents of
an intersection were designed to have a common performance goal, thus improving traﬃc mobility eﬃciency. The reward function was, therefore, deﬁned as the
estimated reduction of travel delay due to the action in the previous step. The
formulations of agent design are outlined in Section 3.4 Paper III.
The evaluation results generated by an optimized GBVA controller were in-
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cluded for comparison purposes. The GBVA control applied the same advanced
phasing method and detection system as the proposed intelligent control system.
The RL-based timing control generally outperformed the optimized timing control
on whichever demand pattern was employed when comparing their performance
in mobility (e.g., at least 6% reduction of average travel delay). The intelligent
GB signal control performed a quick response to changes in traﬃc demand due to
the agent-based decision-making process. Green time allocations were more eﬃciently generated by the intelligent GB control than the GAVA-optimized control.
A thorough analysis and discussion is provided in Section 4.3 of Paper III.

4.4

Summary

This chapter introduced an intelligent local signal control divided into two parts:
traﬃc state estimation and learning-based control. First, the three main advantages
of the proposed non-parametric estimation method are signal controller type-free,
data type-free, and nonparametric. In particular, the estimation framework is based
on the theory of BFs and incorporates GPs regression models for the measurement
and transition models used for BFs. Secondly, this chapter introduced an intelligent
signal control system, in the context of a ﬂexible phasing technique (group-based
phasing), together with its control solution based on an enhanced RL algorithm.
The proposed system targets improving operational eﬃciencies using data obtained
from loop detectors according to the existing road infrastructure.
In particular, the group-based signal control system is modeled as a multi-agent
approach in which each signal group is an intelligent agent capable of perceiving
states and feedback from the external traﬃc environment while making timing
decisions based on the perceived information. The operation process of the groupbased signal control is represented by an MDP, which is then formulated as a
stochastic optimal control problem. A reinforcement learning algorithm solves such
a problem without explicitly modeling the complex dynamics of traﬃc systems
concerning adaptive signal operations.
Various numerical experiments were carried out to verify both the estimation
framework and the intelligent control system using data generated from an opensource microscopic traﬃc simulator. Regarding the experiments for the estimation
framework, two types of data sources, including loop detector-based and connected
vehicle data, were employed to derive measurements. Diﬀerent traﬃc scenarios
were used to train the models. Randomly generated data was used to validate and
compare the models’ accuracy. The estimation results showed the eﬀectiveness of
the estimation approach incorporated with diﬀerent settings of estimation intervals
(from 1 second to 20 seconds). The approach managed to distinguish itself as a
competitive candidate, without deploying expensive point detectors, for estimating
traﬃc states, even if a minority of vehicles (i.e., 25%) were connected.
The proposed intelligent control was trained and evaluated under diﬀerent trafﬁc demand patterns. The evaluation results were compared with an optimized
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GBVA controller. It should be noted that the GBVA controller applied the same
phasing method but diﬀerent timing schemes. Speciﬁcally, the intelligent groupbased control performed a quick response to the change in traﬃc demand due to
the agent-based decision-making process. Green time allocations were more eﬃciently generated by the intelligent timing than vehicle actuated timing. Thus, the
adaptive timing outperformed the vehicle actuated timing with optimal parameters
when comparing their performances using diﬀerent traﬃc demand settings.

Chapter 5

Hierarchical learning framework
for arterial control
5.1

Introduction

Figure 5.1: Control schemes with centralized and decentralized systems.
In the literature, an arterial signal control system can be classiﬁed as a centralized system or a decentralized system. Figure 5.1 shows the conceptual diﬀerence
between them through a network of three interconnected subsystems (A, B, and
C). In Figure 5.1(a), a centralized controller has access to and can inﬂuence all subsystems. In Figure 5.1(b), the network is controlled by three individual controllers
that only have access to local measurements.
In the context of arterial control, a centralized system manages things through a
traﬃc control center and monitors traﬃc networks and performs optimization techniques to utilize the existing infrastructure better. Despite the fact that centralized
systems are state of the art, they are inherently not scalable, and the robustness
and eﬃciency are also questionable for large-scale systems or networks with complex structures (El-Tantawy and Abdulhai, 2013). Conversely, each intersection in
a decentralized system operates individually and autonomously.
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Due to the relative ease of implementation and the other advantages mentioned
above, there have been increasing eﬀorts in developing decentralized systems (e.g.,
Cools et al., 2013). Simultaneously, emerging technologies for inexpensive computing and communication devices provide accessible opportunities to introduce
decentralized schemes into traﬃc signal control systems in more markets.
A recent research direction in the control of several signalized intersections in a
network is to adopt a hierarchical framework where each traﬃc light is operated in
a decentralized multi-agent environment. The network is decomposed into multiple
sub-networks and each sub-network is considered as a region agent (e.g., Bazzan
et al., 2010; Abdoos et al., 2013, 2014). Meanwhile, the intelligent control mechanism presented in Chapter four enables individual agents in such a framework
to build their knowledge and operating guidelines based on feedback information.
This chapter extends the RL-based local control approach for an arterial road.

5.2

Hierarchical learning framework

It is common practice to divide a network of signalized intersections into regions
with signal controllers in each region carrying out the same control strategy. The
partition on regions mainly follows a high-level operational objective. A signal
controller usually operates traﬃc lights that are associated with an intersection.
The basic component of intersection control is a turning movement. Three agents,
from the top to bottom levels of the hierarchy, include the region agent (RA),
intersection agent (IA), and turning movement agent (TA).
Figure 5.2 illustrates the concept and the essential elements of a hierarchical
framework in a network, along with an RA consisting of three closely-spaced intersections. Agents share a communication language that enables their social capability when they are at the same level, whereas the hierarchical framework is designed
in a decentralized manner so that an agent is limited to only communicating with its
neighboring agents. Speciﬁcally, communication between RAs works with regional
control plans (e.g., a peak hour plan and an oﬀ-peak hour plan), while communication among IAs exchanges the information about the directions, generating the
"green wave" scenarios.
An agent at a lower level acts to follow its individual goal while cooperating and
working towards a common goal, as instructed by the agent at the next higher level.
It is required that no conﬂicts exist between the goals of agents at diﬀerent levels
of the hierarchy. An RA instructs its subordinating IAs regarding signal operations
and coordination. Based on the command from the RA and communicating information from the neighboring IAs, an IA sends customized restrictions to each TA
performing at the intersection.
In Figure 5.2, twelve, seven, and seven TAs are formulated in the three intersections respectively. At each intersection, TAs share a common external environment,
i.e., an intersection traﬃc system. By relying on the deployed traﬃc detection system, TAs are able to perceive states from the environment during their operation.
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Figure 5.2: A multi-agent representation of a hierarchical traﬃc signal control
system for a network of signalized intersections
Since they can approach the full detection information at an intersection, there is
no need to impose communication among the agents within an intersection.
While the agents in a system are often endowed with behaviors designed in
advance, applications also require them to enhance their behaviors online so that
the performance of each agent, or the whole multi-agent system, may improve
gradually. Such a requirement can be fulﬁlled by using the feedback from the
environment after a TA acts. Speciﬁcally, the agent builds up its knowledge base
through a learning algorithm by using input from the aforementioned information
(i.e., state, action, and feedback). Then, a control action is dynamically identiﬁed
according to the stored knowledge base. With such a learning system, each TA
considers two interrelated skills:
• how to perform a subtask optimally;
• how to deﬁne the systems cooperatively.
Consequently, the collective behaviors performed by TAs provide the signal
operations at an intersection, and a region of intersections is operated in a decentralized scheme incorporating these collective behaviors from all the comprising
intersections. The collective learning process is presented in Section 5 Paper V.
According to a computational complexity analysis, the collective learning process
can be performed in real time.
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5.3

Multi-objective approach

Instructions from the agent at a higher level of the hierarchy may conﬂict with
an agent’s goal at the lower level, to the point that the agent’s performance is
deteriorated. In order to achieve a balance between diﬀerent control levels, the
control problem is formulated as a multi-objective MDP (MOMDP).
In the context of a MOMDP, the knowledge of an agent can be represented by
a vector of cumulative rewards, i.e.,
Qπ (x, u) = [Qπ1 (x, u), Qπ2 (x, u), . . . , Qπnobj (x, u)]T .

(5.1)

Similar to a single objective MDP, the optimal cumulative rewards are represented
by
(5.2)
Q∗ (x, u) = max Qπ (x, u).
π

Here, the maximization operator for a vector can be provided with diﬀerent deﬁnitions depending on the method for handling multiple objectives. One widely used
approach is to ﬁnd the Pareto front, deﬁned by a set of non-dominated solutions.
In such a set, no objective function can be improved without sacriﬁcing at least one
of other objectives. Since it is not easy to obtain the entire Pareto front for the
multi-objective optimization problem in real applications, a simpliﬁed method is to
ﬁnd a set of solutions that approximate the real Pareto front (Zitzler et al., 2003).
Several MORL approaches have been proposed to solve the MOMDP problem,
and a comprehensive review can be found in Liu et al. (2015). Transferring the
original MOMDP model to a constrained Markov decision process (CMDP) model
is one way of handling the multi-objective RL problems. The main advantage of
CMDP, when compared to approaches trying to obtain real Pareto fronts, is its
higher computational eﬃciency (Geibel, 2006).
For CMDP, the objective with the highest priority, determined by a decision
maker, is the optimized subject to the derived constraints based on the other objectives. To this end, the multi-objective optimal action ut∗ is formulated by
a∗t

=

arg max
Q∗1 (xt , u )

u

s.t. Q∗ (xt , ut∗ ) ≥ qthre ,

(5.3)
(5.4)

where Q∗1 (xt , u ) denotes the cumulative reward with the highest priority for the
state-action pair (xt , u ), and qthre refers to a pre-deﬁned vector of thresholds
corresponding to the cumulative rewards. The ﬁrst element in the vector qthre is
always set to be negative inﬁnity so that the objective with the highest priority is
not constrained.
A multi-objective action policy, the threshold lexicographic ordering (TLO) approach (Vamplew et al., 2011), is integrated into the framework to reﬂect the CMDP
formulation. The actual implementation of TLO action policy is illustrated in Section 3.3.3 Paper VI.
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Figure 5.3: Intersection layouts of the case study and the corresponding turning
movements.

5.4

Experiments

The proposed decentralized TSCS was tested in a region of three connected intersections at the 226 road (Huddingevägen) in Stockholm. Figure 5.3 presents
the intersection layouts and the corresponding turning movements. For convenience, in the following descriptions, Huddingevägen-Lännavägen, HuddingevägenBjörkängsvägen, and Huddingevägen-Ågestavägen are marked as I1, I2, and I3,
respectively. The distances between the two adjacent intersections, I1 and I2 as
well as I2 and I3, were 360 and 750 meters respectively. A simulation model was
built in SUMO for the applied network, and its GUI (graphical user interface) is
shown in Figure 5.4.
Two detectors, a long and a short detector, were placed in a lane. The detector
conﬁguration was derived from the deployed Swedish detection system. The existing
detection system in Sweden was placed to facilitate a vehicle actuated (VA) control
system generating signal timing according to the detection of vehicle presence.
The Swedish GBVA control was extended to turning movement VA control for
comparison purposes. For the simulation experiments, two diﬀerent agent’s designs
were tested, and details for which are illustrated in Section 6.2 Paper V and Section
4.1 Paper VI, respectively.
A self-developed software program was implemented to connect with the SUMO
simulator so that the proposed traﬃc signal control system could govern the trafﬁc lights in the simulation. Moreover, SUMO simultaneously sent the detection
information to the signal program. For computing the immediate rewards, the in-
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Figure 5.4: SUMO simulation model for the applied three intersections and
node identiﬁcations.

stantaneous vehicle information was accessible from the SUMO simulator via the
TraCI interface.
Analysis of the hierarchical framework for arterial control is two-fold. First,
the set of priority weights of turning movements is part of the instructing action
of an IA that advises the TAs in the lower level of the system’s hierarchy. Thus,
several experiments were carried out to test the eﬀects of priority weights, in which
Huddingevägen Street was the arterial road, and relative high priority weights were
assigned to the associated turning movements.
A sensitivity analysis with four sets of priority weights for the turning movements was conducted, and the performance measures were the average travel delay
per intersection and the average number of stops for vehicles driving through the
three intersections. The system was improved by reducing the average delay and
the number of stops when the coordinated turning movements were given a high
priority. An example is that the priority weights of the turning movements were set
to ﬁve whereas the others were at one. Vehicles on average could reduce nearly 13%
of the number of stops when driving through the three intersections, in comparison
to a case where the priority weights were identically set to one.
A trade-oﬀ was observed between the beneﬁts of coordinating signals on the
direction of the arterial road and the performance of the entire region. If the
priority weights were set too high for the coordinated turning movements, both the
average delay and the number of stops would increase. It was, therefore, essential
to determine a proper set of the priority weights for the turning movements in
a regional operation. If appropriate priority weights were set, TAs succeeded in
reinforcing their signal operations to achieve the goal of generating the "green wave"
scenario through learning.
Beyond setting priority weights, signal coordination concerning the "green wave"
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scenario was also generated by applying the multi-objective RL method, even
though the system design is purely decentralized. The coordinated signal control
system with intelligent timing was compared to an optimized SBFT controller. The
coordinated learning-based system performed better than the coordinated SBFT
in terms of nearly a 20% reduction in the average delay and the number of stops,
as well as with more than a 9% decrease in emissions. In addition, an appropriate method was suggested to balance the well-known trade-oﬀ between traﬃc
mobility and energy eﬃciency via adjusting the setting of goals for the applied
multi-objective action policy of the RL algorithm.
The comprehensive analyses are outlined in Sections 6.3 and 6.4 Paper V and
Section 5 Paper VI.

5.5

Summary

The framework extended the local control to regional control, and the local control
was presented in the previous chapter with minor modiﬁcations. One of the changes
in local control is that the turning movement was changed to be the primary agent
unit rather than the signal group. A hierarchical learning framework was introduced
to handle the decentralized problem, where three levels of hierarchy, including RA,
IA, and TA, were introduced. The IAs at intersections individually learned the
knowledge and jointly generated collective behaviors for arterial control based on
the instructions obtained from RAs.
This chapter has also promoted a general multi-objective agent-based framework
to tackle the issues caused by conﬂicting goals between agents at diﬀerent levels
of the hierarchy. In this framework, traﬃc control instruments are modeled as
intelligent agents that make control decisions according to the concept of MOMDP.
A CMDP was introduced to handle the MOMDP, where one objective is optimized
by satisfying constraints on the other objectives. To reﬂect the CMDP formulation,
a multi-objective action policy, TLO, is incorporated.
In the simulation experiments, a sensitivity analysis was carried out for both
approaches, each with diﬀerent settings of hyperparameters (i.e., priority weights for
the turning movements and constraint thresholds in the multi-objective problem).
If reasonable hyperparameters were given to the coordinated turning movements,
the system was improved by reducing the average travel delay and the number
of stops. Signal coordination was successfully achieved by changing the operating
priorities of associated turning movements, even though the system design is purely
decentralized. Moreover, a well-known trade-oﬀ between traﬃc mobility and energy
eﬃciency can be adjusted via adjusting hyperparameters.

Chapter 6

Demonstrations
6.1

Introduction

This chapter introduces an approach dedicated to deploying traﬃc signal control
systems in practice at urban intersections. This approach overcomes the policy and
economic barriers for completely replacing existing systems. In this sense, an intermediate device is promoted, capable of collaborating with current infrastructures
and appending new functionalities, including the proposed optimization tools and
control schemes.
In this chapter, a Fuzzy Intelligent Traﬃc Signal Control (FITS) is introduced,
which is then implemented on an ARM single board computer. An evaluation of
the FITS is presented, in which the FITS communicates with external simulators
via receiving detection information and sending traﬃc light indications. Finally,
practical implementations are outlined, providing the opportunity to connect the
FITS and proposed systems in the previous chapters to a real signal controller.

6.2

FITS system

The original idea for the FITS system was to mimic experienced policemen in controlling traﬃc lights at intersections. Signal timing is generated by understanding
the prevailing traﬃc situations using detection information. Here, vehicle detecting
information has to be processed to represent the current state of the traﬃc system.
Fuzzy Logic is therefore applied to approximate the reasoning of the human mind
while modeling the uncertainty of the perceived traﬃc condition. Indeed, a variational implementation of a microscopic traﬃc simulation model (Kosonen, 1999)
is embedded as software in the controller to predict the states of the traﬃc system. The fuzzy control parameters are optimized using the optimization framework
presented in Chapter 3.
The microscopic model is detailed enough to represent the states and interactions among vehicles, as well as the status of signal controllers. The interaction
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Figure 6.1: Flow chart for the evaluation of signal control in using
FITS-in-the-loop simulation.

between vehicles is modeled using a rule-based system. So the speed and lane
change of a vehicle are determined by a set of rules that are executed by every time
step. In addition, after receiving detection information, the simulation model has
the capacity to adapt its prediction based on the current state. In the meantime,
it is also possible to derive from the simulation model some useful measures indicating, for example, the average delays, queues, stops, emission, etc. In fact, these
reﬁned indicators can be used as inputs for the reasoning process in the controller.
FITS has three autonomic features, including self-diagnostics, self-calibration, selfcalibration, and self-adaptation, to facilitate the stability and robustness of the
system. In the Appendix, Section 2 of Paper VII elaborates on the applied fuzzy
logic control and FITS features.

6.3

FITS-in-the-loop simulation

The evaluation process by using an integrated simulation framework is called a
FITS-in-the-loop simulation. As introduced, FITS is a traﬃc signal controller with
a real-time traﬃc simulation model embedded for traﬃc prediction. Both the realtime simulator and fuzzy controller are embedded as software components in the
industrial PC device. In principle, the performance of the signal system can be
evaluated by using high-resolution vehicle data (i.e., instantaneous speed, acceleration, position, and so on) that is not practical to obtain in reality. Thus, in order
to conduct a rigorous evaluation on FITS performance, this study has developed
a so-called FITS-in-the-loop simulation framework, where the hardware device is
integrated with an external high-ﬁdelity microscopic traﬃc simulator generating
mimicked traﬃc data.
Diﬀerent from the conventional signal controller hardware that has to run in
real time, the FITS device is simply an industrial computer capable of providing

6.4. PRACTICAL IMPLEMENTATIONS

51

control decisions much faster than real time. So, this provides convenience for
the evaluation process, which can be much more eﬃcient. Figure 6.1 illustrates
a ﬂowchart for the FITS-in-the-loop simulation framework for simulation-based
evaluations. The external traﬃc simulation engine is based on SUMO version 0.19
(Krajzewicz et al., 2012). FITS hardware device is connected with the evaluation
program that runs on a desktop, and the communication is via Ethernet.
The running for the FITS-in-the-loop simulation is shown on the right-hand
side of Figure 6.1. MQTT, a lightweight connectivity and messaging protocol, is
applied to connect to, send messages to, and receive messages from the FITS device.
MQTT is a publish-subscribe based protocol for use on top of the TCP/IP protocol.
An MQTT client is speciﬁed for the purpose of connecting to the FITS device. The
FITS device is connected with the MQTT client by giving the IP address of the
device (line 5 in the pseudo-code). A Python-based package, TraCI (Traﬃc Control
Interface), is applied to get online access to SUMO. Speciﬁcally, TraCI allows for
the retrieval of values of simulated objects (e.g., detectors, vehicles, and so on)
and the manipulation of the indications of traﬃc lights. TraCI uses a TCP based
client/server architecture, such that a port number is given to connect to the SUMO
simulator.
The decision of fuzzy signal control, such as green time extension, is correspondingly made by the FITS system. Traﬃc light indications (red, yellow and green)
are obtained from the FITS system by subscribing a ticket by MQTT dedicated to
receiving traﬃc light indications. In fact, the FITS system generates traﬃc light
indications immediately according to the control logic and detection information,
thereafter sending them to traﬃc simulators. Meanwhile, vehicle trajectory data
obtained from the SUMO simulator via TraCI is recorded in a database, which
will be used for estimating high-level performance indexes (e.g., travel delay and
fuel consumptions) when a simulation run ends. Similarly, if a FITS device is connecting to real signal controller hardware, instead of a traﬃc simulator, live traﬃc
detection information will be sent to the FITS device, which responds with realistic
traﬃc control.
FITS was compared to three diﬀerent signal control systems including SBVA,
dual-ring VA, and GBVA. The simulation results among FITS and other signal
control systems can be seen in Section 4 Paper VII.

6.4

Practical implementations

Figure 6.2 shows the hardware in which the FITS control system has been implemented. FITS applies real-time traﬃc simulation to predict live traﬃc states at
the intersection being controlled. The simulation software embedded in the device
determines traﬃc conditions using detecting data. The controller can take over the
signal control tasks and apply its control logic. Indeed, a fuzzy GB signal control
approach has been adopted in the control program. Currently, the FITS control
algorithm has been implemented as embedded software in the new single board
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frequency between the computer and real signal controller is user-deﬁned. Such a
message contains intersection information (e.g., ID, and name), operational modes
(i.e., oﬀ-line optimization or on-line adaptive signal control), signal type, traﬃc
light indications, and detection information. The software decodes the message,
and the necessary information is used to perform signal optimization or signal
control schemes.

6.5

Summary

Due to the economic and technical constraints in upgrading the signal control system based on the current architecture, this chapter has, through the example of
FITS, provided a great opportunity to improve the existing signal control system
without changing the fundamental traﬃc management infrastructure. FITS is implemented on a single board computing device capable of applying its own control
logic and taking over the decision by communicating with modern traﬃc signal
controllers. In addition, FITS was evaluated via a dedicated process, the so-called
FITS-in-the-loop simulation, where an external simulator is embedded through the
machine to machine communication.
The proposed optimization approaches, as well as intelligent control schemes,
can also be deployed in practice using similar technology. The ﬁrst trail was to
manipulate traﬃc light indications of a real signal controller hardware using a connected computer that implemented the proposed methodologies from the previous
chapters.

Chapter 7

Conclusions and future research
7.1

Conclusions

Traﬃc signal control systems are a promising means to improve mobility and sustainability at intersections. Building upon existing technologies within ML and AI,
some important and interesting aspects of traﬃc signal control systems have been
explored. This thesis examined a general optimization framework for signal control systems and intelligent control approaches in the context of local and arterial
operations. The ﬁnal chapter concludes this thesis with a summary of the main
contributions and possible directions for future research.

Chapter 3: Simulation-based optimization for traﬃc signal
control
Chapter three outlines an optimization framework for traﬃc signal control problems. The computing framework is governed by an evolutionary optimizer and
microscopic traﬃc simulator. The framework architecture is ﬂexible to implement
independent control schemes and to deﬁne their communication with diﬀerent trafﬁc simulators. The computational framework incorporates an archived GA and
parallel traﬃc simulation to improve computational eﬃciency.
An isolated intersection case and an arterial control case have been carried out
to demonstrate the optimization framework. A spectrum of policy goals, including
mobility, sustainability, and the integration of these, was evaluated for diﬀerent signal control schemes through two widely used traﬃc simulation models, VISSIM and
SUMO, respectively. The evaluation results generated by two simulators are comparable, and therefore enhanced the validity of the conclusions. A comprehensive
analysis, comparing the tested controllers with diﬀerent optimization objectives, is
presented, and valuable ﬁndings are summarized.
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Chapter 4: Intelligent local signal control
Chapter four introduces an intelligent local signal control system that is formulated
as a sequential decision-making process. Each signal controller or control component is modeled as an intelligent agent. The signal operation process evolves while
taking into account the state of the environment, agent actions, and feedback information. The state can either be a direct observation from detectors or estimated
by a traﬃc state estimation approach. A non-parametric estimation framework, incorporating BFs with GP regression models, is introduced to handle the estimation
problem for various signal controllers and data sources. The action is made by an
intelligent control scheme which utilizes an enhanced RL algorithm.
Various numerical experiments were carried out to verify both the estimation
framework and intelligent control system using simulation data. Regarding the examinations for the estimation framework, two types of data sources, including loop
detector-based and connected vehicle data, were employed to derive measurements.
The estimation approach distinguished itself by providing small errors no matter
which data sources were applied. In addition, the estimator was a competitive
candidate without deploying expensive ﬁxed-location detectors to estimate traﬃc
states, even when a minority of vehicles were connected.
The proposed intelligent control was trained and evaluated under diﬀerent traﬃc
demand patterns. The evaluation results were compared with an optimized GBVA
controller. From the experimental results, the intelligent timing outperformed the
vehicle actuated timing with optimal parameters when comparing their mobility
performances. The superiority of the intelligent local control was due to its ability
to respond quickly to the change in traﬃc conditions.

Chapter 5: Hierarchical learning framework for arterial control
This chapter extends the intelligent local signal control to an arterial road using
a decentralized design. A hierarchical learning framework is introduced to reﬂect
such a design problem, where three levels of hierarchy, including RA, IA, and TA,
are introduced. A collective learning process is in use for agents to build their
knowledge of signal operations.
One of the goals of signal coordination in arterial control is to increase vehicle throughput by generating the "green wave" scenario. Two implementations,
including a collective learning process and a multi-objective RL, were presented
using the hierarchical framework that managed to achieve this goal. Simulation
results showed gains in mobility and sustainability for the arterial control when the
hierarchical framework was applied.

Chapter 6: Demonstrations
Chapter six demonstrates an opportunity to improve the existing signal control
systems without changing the fundamental road infrastructure. Both the proposed
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optimization framework and control systems can be implemented on a single-board
computing device. The device can communicate with signal control hardware as
well as the simulator by sending and receiving messages through a designed interface
so that the board takes over the signal operations of a modern traﬃc signal controller. Both software and hardware tests were performed, and the corresponding
assessments are presented in chapter six.

7.2

Future work

There are many natural extensions of the work presented in this thesis. The future
work can be divided into general research directions and speciﬁc problems related
to the presented studies. Some ideas for extending the thesis work are summarized
below.

Simulation-based optimization for traﬃc signal control
In the proposed optimization framework, although an archived GA and parallel simulations improve the computational eﬃciency, each simulation tested in the case
studies still requires ﬁve or six seconds per intersection. It means that the framework requires hours to optimize a large network of signalized intersections. In order
to address such an issue, further research can refer to meta-model simulation-based
optimization methods, which build an analytical model of the objective function
based on a sample of simulated observations. Besides, dynamic traﬃc assignment
models, inﬂuenced by the route choices of drivers, will be incorporated into the
system such that long-term eﬀects of network control are considered.

Intelligent local signal control
In this thesis, traﬃc state estimation and intelligent control were separated. It is
natural to combine them in a systematic way. Suﬃcient historical data is required
to build the GP-based models during the oﬀ-line training process, and the training
data is also used to optimally obtain hyper-parameters. The quality and coverage
of the historical data determine the estimation performance. An extension of the
estimation approach is to investigate the opportunity to enhance models using
streaming data.

Hierarchical learning framework for arterial control
Although signal coordination was managed by carefully adjusting hyper-parameters,
there is still an open question on how to optimally and dynamically set these hyperparameters, especially when numerous intersections are involved in the system. The
complexity of the system grows exponentially since the number of agents increases
proportionally as the number of intersections increases. To make the signal control
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