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Abstract

Multi-Scale Signal-Vehicle Coupled Control with Connected and Autonomous Vehicles

Qianggiang Guo
Chair of the Supervisory Committee:

Xuegang Ban

Department of Civil and Environmental Engineering

With the rise of connected and autonomous vehicles (CAV) and vehicle-to-everything com-
munication technologies, advanced urban traffic control (UTC) has been receiving increasing
attention due to the abundant data and control freedom brought by the new techniques.
The UTC is a multi-scale problem in both spatial and temporal domains. The goal of this
study is to investigate the multi-scale UTC problems in the environment of CAVs. Firstly,
we propose a general modeling and control framework for the multi-scale UTC problem and
identify the key research needs. We then use this framework to explicitly model, analyze,
and solve the two-scale signal-vehicle coupled control problem in the environment of single
intersection with 100% CAV penetration, and demonstrate the performance of the proposed
method using numerical experiments. Then, we extend the signal-vehicle coupled control
algorithm to the environment of multiple intersections with mixed traffic flows of human
driven vehicles and CAVs. Considering that for explicit model based methods, the compu-
tation burden increases with the size of the traffic network, we develop an imitation learning
enhanced method to improve the algorithm efficiency. We conduct various numerical ex-
periments to validate the performance of the proposed model-based and learning-enhanced

algorithms.
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Chapter 1

INTRODUCTION

1.1 Research motivation

Urbanization has incented dramatic growth of car usage in more and more cities globally.
Motor vehicle miles have increased by 106% in the United States from 1990 to 2020 (United
States Department of Transportation, USDOT). As a result, growing traffic congestion, ac-
cidents, and pollution are threatening sustainable mobility, especially in urban area. Various
traffic management methods have been proposed to handle the fast-growing travel demands.
For example, many cities are building better public transportation systems and launching
low-price tickets to reduce private car usage (Nuzzolo and Comi [2016]). Ride-sharing is
also advocated by many local governments to reduce car ownership (Dong et al. [2018], Nie
[2017]). Among those traffic management methods, designing better urban traffic control
(UTC) systems has always been receiving great attention due to the strong ability to im-
prove urban traffic performance without building new infrastructures and disrupting people’s
travel habits (Hamilton et al. [2013], Li and Wang [2018]).

Urban transportation system is multi-modal, multi-scale in both spatial and temporal
domains. Even when we limit ourselves to the control of vehicular traffic, as shown in
Figure 1.1, the multi-scale nature of UTC is evident as it contains traffic control at multiple
scales: from vehicle scale control to intersection scale control, corridor scale and sub-network
(regional) scale control, and to network (global) scale control. Traffic at each scale has its
own behavior (i.e., “dynamics”), while interacting with traffic at other scales, especially the
“neighboring” scales (e.g., intersection control interacts with the dynamics at the vehicle
scale and corridor scale more than those at other scales). Furthermore, each scale has its

specific temporal and spatial scales when control is concerned. Using the temporal scale as an



example: vehicle control often occurs in sub-second or even milliseconds when safety-critical
applications are considered (e.g., collision avoidance), intersection and corridor control run

in seconds, while sub-network and regional control can happen in minutes.

il IJ
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Global (Network) Regional (sub- Local (corridor) Intersection Vehicle
control network) control control control control

Figure 1.1: The multi-scale UTC system

Such a multi-scale system is extremely complex to model, analyze, and solve. While the
multi-scale nature (or the so-called “hierarchical” or “multiresolution” feature) of UTC has
long been recognized (Mirchandani et al. [2018]), UTC has been mainly studied separately
for each individual scale, with sparse and limited integrative investigations on multi-scale
UTC (e.g., signal timing optimization of both corridors and intersections, signal-vehicle co-
optimization, etc.; Xu et al. [2018], Li and Ban [2017], Ge et al. [2019]). There are two
main reasons for this. First, multi-scale control is a mathematically challenging problem,
and to this day, there is no systematic theory, model, or algorithm that can properly analyze
and efficiently solve a general multi-scale control system, despite some recent advances (e.g.,
Chapman and Mesbahi [2016]) and increasing applications in various domains (e.g., biology
De et al. [2015]). This prevents one from adopting the multi-scale control framework to
model and study the multi-scale UTC. Second, for long, the data and information transmis-
sion between different scales are quite limited such that the interactions with neighboring
scales are often ignored or simplified. For example, when optimizing the signal timing plan

at an intersection, only vehicle arrivals are detected and all vehicles can then be simplified as



homogeneous vehicles (or different groups of homogeneous vehicles). When effective meth-
ods to collect individual characteristics of different vehicles (large v.s. small, gasoline v.s.
hybrid or electric) are lacking, albeit important for traffic signal optimization, such detailed
characteristics and the more dynamic interactions between vehicles and the traffic signal

have to be substantially simplified or even ignored in traditional modeling methods.

The emergence of new technologies in transportation, especially the connected and au-
tonomous vehicles (CAVs) and “vehicle to everything” (V2X) communications, have changed
and will continue to change profoundly the dynamics and interactions among different scales
in urban traffic, which warrants a revisit to this multi-scale UTC framework. Usually, con-
nected vehicles (CVs) refer to vehicles that can communicate with other vehicles (vehicle-to-
vehicle, V2V), infrastructure (vehicle-to-infrastructure, V2I), and other traffic participants
such as pedestrians and bicyclists. For autonomous vehicles (AVs), the U.S. Department
of Transportation’s National Highway Traffic Safety Administration (NHTSA) defined five
levels of automation, from driving assistance (Level 1) to fully autonomous (Level 5). Fully
autonomous vehicles refer to “the vehicle can do all the driving in all circumstances. The
human occupants are just passengers and need never be involved in driving”, which is also
the definition of AVs discussed in this study. As shown in later sections, we aim to improve
the vehicle performance by controlling the longitudinal accelerations. To this end, Level 2
automation is enough. Higher automation level could provide us with more reliable control

performance.

With the help of CAVs and V2X technologies, the data and information collected by
vehicles and the infrastructure, as well as those transmitted among vehicles, infrastructures
and other transportation users (bicyclists, pedestrians, etc.), are now massive and unprece-
dented. This makes it possible to reveal not only the detailed dynamics of agents within a
scale (e.g., vehicle scale), but also the dynamics and interactions across different scales (e.g.,
vehicles and the signals). That is, with the new technologies, agents at different scales can
now “see” (perceive) not only other agents in the same scale, but also agents at other scales,

collectively forming a true integrative multi-scale system. In addition, the new technologies



also bring more control freedoms to the urban transportation system. For example, AVs can
be controlled more intelligently to improve mobility and save energy.

As will be shown in the literature review (i.e., Section 2), current studies on UTC usually
focus on single scale, e.g., traffic signal control (Li and Ban [2018], Chen and Sun [2016],
Feng et al. [2015]), vehicle control (Li et al. [2012], Rosolia et al. [2016], Kritayakirana and
Gerdes [2012]), perimeter regional control (Guo and Ban [2020], Haddad and Mirkin [2016],
Aalipour et al. [2018]). There are recent research efforts to apply the concept of multi-scale
modeling framework for UTC. For examples, Xu et al. [2018] proposed a cooperative method
of traffic signal optimization and speed control of connected vehicles at isolated intersections.
They calculated the optimal signal phases and the arrival times of AVs at a higher level to
minimize the travel time of all vehicles, and optimized the engine power and brake force to
minimize the fuel consumption at the lower level. Yang et al. [2021] extended the above
idea to the corridor scale with more practical considerations such as the platooning behavior
and the mixed traffic low with both AVs and human driven vehicles (HDVs). However,
there are several limitations of current studies. First, while focusing on practical multi-
scale control frameworks that may be deployable in the near future, most current research
works do not formally recognize the multi-scale feature, not to mention providing formal
multi-scale frameworks for UTC. Thus, current studies lack methods or tools to analyze the
proposed model and address critical issues such as the control stability. Second, current
studies usually assume full CAV penetration. And the studies that do consider mixed traffic
flow are usually tailored for single intersection or corridors. Network-wide multi-scale UTC
under the mixed traffic flow condition is rare. Third, current studies usually adopt explicit
models to formulate and solve the multi-scale UTC problem. The models could be very

complex and suffer from low computation efficiency.
1.2 Research objectives and contributions

The goal of this study is to investigate the multi-scale UTC problem under the environment of

CAVs. We firstly propose a general modeling and control framework for the multi-scale UTC



problem and identify the key research needs and potential research directions. Then, we show
how to adopt such a framework to explicitly model, analyze, and solve the two-scale signal-
vehicle coupled control (SVCC) problem under the environment of single intersection with
100% CAV penetration, and demonstrate the performance of the proposed framework using
numerical experiments. We then extend the two-scale SVCC algorithm to the environment
of multiple intersections and mixed traffic flows of HDVs and CAVs. Finally, we propose
an imitation learning (IL) enhanced method to improve the computation efficiency of the

explicit model based methods.

Major contributions of this study include:

1. Development of a general modeling and control framework for the multi-scale UTC
problem, which can provide methods and tools to analyze the multi-scale model and
address critical issues such as the stability of the control model and computational

methods.

2. Development of a two-scale SVCC algorithm for single intersection under 100% CAV
penetration. Development of an integrated model, an MPC-based decomposition and

control method, and a stability analysis scheme for the SVCC problem.

3. Development of a two-scale SVCC framework under the environment of multiple inter-
sections and mixed traffic flows of HDVs and CAVs. Development of an information-
sharing strategy for multiple intersections and a “estimation-and-safety-check” method

for the mixed traffic flows.

4. Development of an IL-enhanced algorithm to mimic the control strategy generated by
the explicit model based methods, which can improve the computation efficiency and

meanwhile maintain similar control performance.



1.3 Dissertation outline

In the following of this dissertation, we firstly give a thorough literature review of current
progresses on the advanced UTC methods under CAVs (Section 2.1), and in particular,
the multi-scale UTC (Section 2.2). Then, in Section 3, we present an optimal control based
general framework for the multi-scale UTC, and identify the key research needs. Based on the
general framework, we show how to model and solve the two-scale SVCC problem for single
intersection with 100% CAV penetration in Section 4. We start from building an integrated
SVCC problem (Section 4.2), then decompose it into two sub-problems based on an MPC
scheme (Section 4.3), where we also analyze the stability of the proposed MPC scheme. We
validate the effectiveness of the proposed algorithm in Section 4.4 using traffic simulation. In
Section 5, we show how to extend the algorithm of Section 4 to the environment of multiple
intersections (Section 5.2.1) and mixed traffic flow (Section 5.2.2). We then combine the two
extensions as an integrated algorithm (Section 5.2.3) and demonstrate its performance by
numerical experiments (Section 5.3). After that, we show how to design and implement a IL-
enhanced algorithm to reduce the computation burden and improve the algorithm efficiency
(Section 6.1). We also demonstrate the performance of the IL-enhanced algorithm using
numerical experiments (Section 6.2). In addition, we discuss some practical considerations for
real-world implementation and future research directions in Section 7. Finally, we conclude

this dissertation in Section 8.



Chapter 2
LITERATURE REVIEW

UTC has been studied extensively for a long time. Previous studies usually focus on
traffic signal control, from traditional methods such as fixed-time signal control to more
advanced methods such as actuated and adaptive signal control (Roess et al. [2004]). The
rise of CAVs provides more observability and controllability to the UTC system. In the first
part of this section, i.e., Section 2.1, we give a thorough review about those advanced UTC
techniques with CAVs.

We will see that most current advanced UTC techniques reviewed in Section 2.1 study
the UTC problem from single scale (either in time or spatial domain). However, the UTC is
naturally a multi-scale problem in both temporal and spatial domains. This study focuses
on multi-scale UTC under CAVs. Thus, in the second part of this section, i.e., Section 2.2,
we review current methodologies and research progresses regarding the multi-scale systems

and in particular, the multi-scale UTC problem.

2.1 Advanced UTC with CAVs

In this section, we review advanced UTC technologies under the environment of CAVs.
CAVs bring three advantages to UTC: First, the information of CAVs can help the traffic
signal control system better understand the current traffic condition as well as predict future
traffic conditions, thus design better signal plans to improve the traffic performance. Second,
enabled by the V2I techniques, drivers could improve their operations (e.g., by following the
suggestions provided by on-board computers or road-side units). And AVs could operate
more efficiently because they can be fully controlled. Third, traffic signals and vehicles

can cooperate with each other to improve the performance of both the overall traffic and



individual vehicles. Therefore, we categorize the advanced UTC methods with CAVs to three
types: advanced traffic signal control, advanced traffic-oriented vehicle control, and SVCC.
Considering that SVCC is usually modeled under a multi-scale scheme, we put the review
of this topic to the second section (i.e., Section 2.2). Note that the review of this section is

largely from Guo et al. [2019a].

2.1.1 Advanced traffic signal control with CAVs

Based on the control schemes, we can further divide advanced CAV-based traffic signal
control into three types: actuated traffic signal enhanced by CAVs data, platoon-based traffic
signal control based on CAVs coordination, and planning-based traffic signal control based
on CAVs coordination. The key difference among these three control methods is in what
detail they predict the future traffic states. Enhanced by CAVs data, actuated (adaptive)
traffic signal control would estimate the current traffic states (e.g., queue length) and predict
some relatively rough and aggregated traffic measures (e.g., average volume) in the future,
based on which the control decisions (e.g., extend or terminate certain phases) could be
generated. The platoon-based signal control would simplify the problem by categorizing
individual vehicles to platoons and predict their arrivals/trajectories, which could make it
easier to adjust the timing plan. The planning-based signal control would take the detailed
trajectories of individual vehicles into account and optimize the signal timing/phases in
a forward time horizon by adopting more accurate and complex models. The traffic flow
dynamic models and control strategies usually become more exquisite when the control
methods come from actuated to planning-based, while on the other hand, the robustness
and flexibility would also decrease.

The CAV-based traffic signal control methods are usually designed first for isolated inter-
sections, and then extended to corridors, and even networks. Compared with the network-
wide traffic signal control, there are more studies on single intersection and corridor signal
control. In this section, we firstly review studies on the three types of CAV-based traffic

signal control methods, mainly focusing on the single intersection and corridor scenarios.



Then, we use a separate section to review the studies on network-wide traffic signal control

with CAVs.

Actuated traffic signal control enhanced by CAVs data

Actuated signal control can dynamically adjust the timing parameters to respond to real-
time traffic arrival changes. Since many existing studies consider prediction of traffic flow
based on CAVs data, this kind of control is also called adaptive traffic signal control in the
literature. This generally results in more efficient utilization of intersection capacity than
fixed-time signal control in which signal phases and cycle lengths are pre-selected based on
historical traffic patterns (Roess et al. [2004], Zhang and Wang [2010]).

Conventional actuated traffic signal control systems collect traffic information via induc-
tive loop detectors that are usually installed tens of meters upstream to the stop lines. The
obtained information is inaccurate and limited spatially. As a result, certain relatively rough
models have been developed to describe traffic flow states which often fail to well present
the variability in traffic demand and vehicular inter-arrival times (Yin et al. [2007], Yun
and Park [2012], Zheng et al. [2010]). CAVs provides a remedy for such problems (Day and
Bullock [2016], Goodall et al. [2013], Gradinescu et al. [2007], Kari et al. [2014], Li et al.
[2014], Younes and Boukerche [2015]). Based on the accurate position information of the
arriving vehicles, we can either extend/shorten the current phase or add an extra phase to
make on-time changes.

For example, Gradinescu et al. [2007] proposed an actuated traffic signal control system
based on CVs. The information of vehicles within a few miles range around an intersection
were collected by the V2I and infrastructure to infrastructure (I2I) communication tech-
niques. They firstly used these data to estimate the demand volume of each approach per
cycle, and then calculated the optimum cycle length using the Webster’s formula (Chaudhary
et al. [2002]). The green time was allocated to produce equal degrees of saturation on each
link. The preliminary signal plan for the next cycle was generated during the current cycle

and adjusted to meet practical limitations like the minimum and maximum cycle lengths
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and pedestrian minimum green times. They tested the system in simulation based on two
real-world major intersections. The experiment results showed that the system could reduce
traffic delay and fuel consumption compared with traditional pre-timed traffic signals. In
this work, the estimated demand volume is the state variable and the information of vehicles
around the intersection serve as the environment inputs. The objective is the equality of the
degrees of saturation on each link, which is maximized by generating optimum cycle length
and allocating green times proportionally.

The CAV-based actuated traffic signal control is essentially a passive method since it
adjusts the signal plan according to the estimated traffic states without detailed predictions
of future traffic conditions. From the optimal control point of view, the strategies generated
by the actuated control may not be optimal in long-term since future traffic conditions are
not considered. Compared with other methods, the main advantage of actuated control is
that its computation burden is relatively light due to the smaller number of control variables
as well as the simpler traffic models. The fixed sensor based actuated signal control has been
widely used in real-world traffic management. This makes it more practical to implement the

CAV-based actuated signal control in practice compared to other advanced control methods.

Platoon-based traffic signal control based on CAVs coordination

Actuated traffic control relies more on prevailing real-time traffic information and does not
require too much future traffic conditions. In contrast, traffic prediction is essential to
platoon-based traffic signal control (and also planning-based control). By identifying the
platoons (or categorizing individual vehicles into pseudo platoons) and predicting their arrival
time in advance, the platoon-based signal control aims to schedule the signal timing plans to
allow the platoons to pass the intersections without severe interruptions, which can increase
the overall traffic efficiency. Although the idea of platoon-based traffic signal control has
been proposed for several decades (Mirchandani and Head [2001]), it became realistic only
after V2X technique was introduced (He et al. [2012], Liang et al. [2018], Lioris et al. [2017],

Xie et al. [2012]). This is because V2X makes it possible to properly identify platoons so
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that platoon-based optimal signal timing plans can be generated accordingly.

Pandit et al. [2013] proposed a platoon-based “oldest arrival first” traffic signal control
method to reduce delays at a single intersection. They reduced the traffic signal control
problem to a job scheduling problem by enforcing that all jobs require equal processing time.
The conflicts between jobs and the objective of minimizing job latency values were modeled
as a two-competitive algorithm. After collecting real-time speed and position information
of sample vehicles through vehicular ad-hoc networks, they grouped the vehicular traffic
into approximately equal-sized platoons by searching all possible platoon configurations to
minimize the difference between the maximum and minimum required processing time. The
grouped platoons could be scheduled by solving the reduced job scheduling problem. The
algorithm was tested under different approach arrival rates and penetration rates. Com-
pared with traditional Webster’s method and vehicle-actuated control method, the proposed
method could significantly reduce delays when the traffic inflow rates are not large. The
experimental results also showed that the proposed method did not perform well under low
penetration rates, since the arrival rate cannot be accurately estimated under low penetra-
tion conditions. In this work, the speed and position information of sample vehicles serve as
the environment input, which are further processed to be the arriving platoons. The state
variable is the travel time of the vehicle platoons and the control variable is the signal timing
and phases. The objective is the total delay at the intersection experienced by all vehicles,
which is minimized by adopting the optimal control variables generated by the “oldest arrival
first” method.

While Pandit et al. [2013] focused on a single intersection, He et al. [2012] presented a
platoon-based multi-modal dynamical progression model to control arterial traffic signals.
Sample vehicle data were firstly used to identify existing queues and platoons approaching
each intersection by a headway-based recognition algorithm. Then, they formulated the
traffic signal control problem into a mixed-integer linear program (MILP) based on the
calculated platoon information, current signal status, and priority requests of special vehicles.

By using platoon data instead of individual vehicle data, they reduced the number of integer
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variables of the MILP, making it relatively easier to solve. Their model can deal with both
under-saturated and over-saturated traffic conditions. The proposed method was tested in
VISSIM simulations. Results showed that, under a 40% penetration rate, the method could
reduce the overall average delay of two traffic modes (i.e., automobiles and transit buses) by
8% compared to the coordinated actuated signal control method optimized by SYNCHRO.

Compared with actuated signal control, platoon-based signal control using CAV data
could achieve better performance since it could forecast some mid-level traffic flow states
(i.e., the volume and arrival time of platoons) and make the best control decisions accord-
ingly. Meanwhile, aggregating vehicles into platoons could reduce the computation burden,
making it more practical to be implemented in the real world. However, the method may
only generate sub-optimal strategies due to this simplification. Besides, the performance of

platoon identification algorithms may significantly affect the performance of the method.

Planning-based traffic signal control based on CAVs coordination

Platoon-based methods categorize the incoming vehicles as platoons and ignore the inner
dynamics and disturbances among vehicles in the same platoon. On the contrary, planning-
based methods treat all vehicles at the same level, which can better describe the real traffic
condition. Besides, platoon-based methods usually directly assume known arrival distribu-
tions (e.g., Poisson or uniform arrivals), or estimate the arrival time of the platoons and
assume uniform arrivals within each platoon. Planning-based methods often estimate the
actual arrival time of every vehicle and predict traffic conditions in a forward time horizon.

Planning-based control has been widely studied by many researchers (Goodall et al.
[2013], Lee et al. [2013]). The optimization model of planning-based control is usually an
integer non-linear programming (INLP) problem and hard to solve especially when individ-
ual vehicles’ trajectories are considered (Li and Ban [2018]). Certain approximation and
reformulation methods are usually applied. Dynamic programming (DP) is one of the most
commonly used techniques to reformulate and solve such control problems (Chen and Sun

[2016], Feng et al. [2015], Sen and Head [1997]). For example, Feng et al. [2015] proposed an
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optimization-based real-time traffic signal control method in a CV environment. Assuming
known vehicles” speeds and positions, they firstly separated the upstream roads into three
regions (i.e., free-flow, slow-down, and queuing) and estimated the status of unequipped
vehicles. Based on such information, they constructed a complete predicted arrival table
for each phase for a certain (future) time horizon. Then they built a two-level optimiza-
tion model. The upper level generates the minimum and maximum allowable barrier group
lengths by DP, and the lower level is formulated as a utility minimization problem with two
alternative objectives (i.e., minimizing total vehicle delay and queue length respectively).
The outputs of the model are the optimal signal timing and phases. They tested the method
by modeling a real-world intersection in VISSIM. The results showed that the method can
reduce the total delay by 16.33% under high penetration rate compared to the fully actuated
control method, which however generated the same delay under low penetration rates. In
order to make the DP method more practical and efficient, Li and Ban [2017] proposed a DP
based method to minimize both fuel consumption and travel time considering a fixed cycle
length. They firstly formulated the signal control problem as a mixed integer non-linear
programming problem, and then reformulated the problem as a DP model by dividing the
timing decisions into stages (one stage for a phase) and approximating the fuel consumption
and travel time of a stage as functions of the state and decision variables of that stage. By
adding the end-stage cost and a branch and bound regulator to the DP formulation, the
resulting optimal solution can be guaranteed to lead to the fixed cycle length. Simulation
results showed that the proposed method could generate optimal solutions that lead to the
fixed cycle length. The control performance was improved compared to the actuated control
methods and was similar to the results by a global mixed integer non-linear programming
(MINLP) solver in MATLAB. In this work, the objective is the weighted summation of total
system travel times and fuel consumption. The state variables are the vehicle trajectories
which are modeled by the intelligent driver model (IDM, Treiber et al. [2000]). The signal
timing and phases serve as the control variables. The constraints include man/min green

time, fixed cycle length, and the physical limitations of vehicles. The objective function is
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minimized by DP, which also generates the optimal control variable in real-time.

Compared to other control methods, planning-based methods are harder to be imple-
mented for real-time arterial or network control due to the high complexity of the optimiza-
tion models. Another reason is that even with CVs, we still need to predict vehicles volumes,
delays, speeds, or queue lengths in order to optimize signal timing. Such predictions are mu-
tually dependent on signal timing, making the problem a complex, integrated optimization
problem. This is particularly true for corridor level or network level control. Beak et al.
[2017] proposed a two-level optimization method for corridor level signal control. At the
intersection level, they used DP to allocate the optimal green time to each signal phase by
considering the coordination constraints. At the corridor level, they formulated a mixed
integer linear program based on the information of individual intersections to generate the
optimal offsets, which were then sent to the intersection level as the coordination constraints.
Simulation results showed that the proposed algorithm can reduce the average delay as well
as the number of stops for a corridor compared to conventional actuated-coordinated signal
control methods. Similarly, Li and Ban (2019) Li and Ban [2020]formulated the corridor sig-
nal control problem as a centralized MINLP considering the fixed cycle length constraint to
reduce both fuel consumption and travel times. The MINLP was decentralized to a two-level
model: At the intersection level, the phase duration were optimized by a DP algorithm ini-
tially proposed by Li and Ban [2018]. At the corridor level, the optimal offsets were updated
by the MINLP using the optimal phases generated at the first level. They tested six cases
considering different demands, and the simulation results showed that the performance of

both major and minor streets improved under high traffic volumes.

Planning-based signal control could predict future traffic states and find the optimal so-
lution within certain forward time horizon, which makes it more desirable. However, the
computation cost might be high due to the resulting complex optimization problem, espe-
cially when dealing with large-scale networks or considering different movements of vehicles.
In addition, the prediction horizon needs to be carefully selected. The longer the prediction

horizon is, the more future information it could utilize, while the computation burden and
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the prediction errors may also increase. On the contrast, shorter prediction horizon could
make the computation faster but may decrease the control performance due to the lack of

future traffic information.

Network-wide traffic signal control with CAVs

An urban traffic system usually consists of multiple intersections, making UTC a network-
wide control problem. There are essentially two types of methods in the literature for the
network-wide traffic signal control problem: centralized and decentralized (i.e., distributed)
control. Centralized methods formulate the network-wide UTC as an integrated problem,
which have the potential to obtain the global optimal solution. However, the model com-
plexity increases as the size of the traffic network increases, making it harder and even
impossible to solve the centralized control problem. Decentralized methods can avoid the
increasing complexity problem by decomposing the network into small sub-networks or even
single intersections, while the obtained solution may be sub-optimal.

Centralized methods are usually adopted to solve small network UTC, especially corridor
level UTC problems. Apart from the corridor-level traffic signal control methods introduced
in above sections, there are still some studies that use centralized methods to solve network-
wide traffic signal control problem. For example, Li et al. [2016b] proposed a bi-level traffic
signal plan optimization method by considering the network equilibrium condition. They
optimized traffic signal settings at the intersection level (i.e., upper level) aiming to mini-
mize average travel time, found the corresponding network equilibrium at lower level, and
re-optimized the traffic signal settings until they converge. Case studies showed that the
proposed method could reduce the average travel time of all travelers.

Decentralized methods have been receiving increasing attention due to the high compu-
tation efficiency and scalability, especially when it comes to network-wide UTC problems.
There are basically two approaches to achieve decentralized network-wide traffic signal con-
trol: hierarchical control and distributed control. Hierarchical control methods usually de-

compose the network traffic control problem into a multi-level optimization problem such
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that solving it is more manageable. Most hierarchical methods make macroscopic regional-
level decisions (such as perimeter control) at the upper level and microscopic intersection-
level decisions (such as signal phases and timings) at the lower level (Zhou et al. [2016b,a],
Keyvan-Ekbatani et al. [2019], Yildirimoglu et al. [2018]). For example, Zhou et al. [2016a]
proposed a hierarchical predictive UTC methods. They decomposed a heterogeneous large-
scale urban traffic network into multiple homogeneous sub-networks which are modeled by
the macroscopic fundamental diagram (MFD, Daganzo and Geroliminis [2008]). They for-
mulated a higher-level problem to balance the travel demand and a lower-level problem to
determine the optimal signal timings within each sub-network. Yildirimoglu et al. [2018]
developed a hierarchical traffic management system to improve the network-wide traffic per-
formance. At the upper-level, they used MPC scheme to optimize network performance by
determining regional split ratios. At the lower-level, they modeled the path assignment prob-
lem as an integer linear programming (ILP) to generate the recommended routes. However,
hierarchical control methods usually require extensive information from the network and the
decomposition of different levels can seriously affect algorithm performance. In addition,
it should be noted that, although the hierarchical UTC is naturally a spatial multi-scale

problem, existing hierarchical control methods usually do not recognize different time scales.

Distributed signal control is a form of multi-agent systems in which a collection of in-
telligent agents (i.e., traffic signals) employ some form of cooperation to realize the shared
goals of the organization (De Oliveira and Camponogara [2010]). In traffic signal control,
the information of queue lengths and vehicle throughput of individual intersections were
usually shared to provide this cooperation. Though distributed approaches are incapable of
finding global signal timing optima, they can often find solutions that move traffic through
the network more efficiently (Negenborn and Maestre [2014]) to achieve near-optimal results.
Distributed signal control has been widely studied in the past several decades. For instance,
Xie et al. [2011] proposed a platoon-based self-scheduling algorithm for real-time traffic net-
work signal control. In this work, each intersection was controlled by a self-interested agent

with the knowledge of platoon information of neighboring intersections. Based on the in-



17

formation of currently anticipated queues and incoming platoons from other intersections,
the self-scheduling algorithm generated two possible actions (i.e., to extend or terminate the
current phase) within each decision rolling horizon, aiming to keep vehicles moving rather
than simply clear the queues. Timotheou et al. [2014] modeled the traffic signal network con-
trol problem as an MILP and described vehicle dynamics using the cell transmission model
(CTM) in which road segments are discretized into units of space and time for easier analysis.
Their simulations demonstrated close-to-optimal results that are scalable to larger networks.
Mehrabipour and Hajbabaie [2017] also employed CTM in their study. They modeled the
traffic control problem as an MILP at the intersection level. Their model maximized inter-
section vehicle throughput while promoting coordination among intersections through infor-
mation sharing. A similar study by Al Islam and Hajbabaie [2017] attempted to maximize
vehicle throughput through each intersection in a network while penalizing vehicle delays.
They further extended the CTM-based traffic signal optimization method to the scenario of
partially observable connected vehicle information Al Islam et al. [2020]. Other distributed
control methods such as predictive-basedDe Oliveira and Camponogara [2010], backpressure-
based Wongpiromsarn et al. [2012], and rule-based McKenney and White [2013], have also

been proposed in the literature and tested /validated mainly in simulations.

The above-mentioned methods are all model-based, which usually suffer from low com-
putation efficiency. For model-based methods, there is always a trade-off between model
complexity (which is often positively related to the model’s ability to capture real-world sce-
narios) and computation efficiency. Even for the distributed control, the computation burden
increases as the model complexity and the size of network increase. Recently, as the rise of
artificial intelligence (AI), data-driven methods for solving network-wide urban traffic signal
control problems have been emerging, of which reinforcement learning (RL Sutton and Barto
[2018]) and imitation learning (IL Pomerleau [1988]) are the two main techniques. For exam-
ple, Zheng et al. [2021] proposed a delayed propagation transformer for the control problem
in cyber-physical systems (of which the UTC problem is a specific example). They designed

a cone-shaped spatial-temporal attention prior to capture the information propagation so
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that the global view could be obtained. Integrating the attention prior with a centralized
deep Q-network, the proposed method outperformed the state-of-the-art expert methods on
synthetic and real-world urban traffic signal control scenarios. Wei et al. [2019b] developed
a distributed RL method (which is called CoLight) for network-wide traffic signal control.
They used a graph attentional network to capture the information communication between
one specific intersection and the neighboring intersections, and the deep Q-network to learn
the optimal traffic signal phases. Other RL based methods, such as Wei et al. [2019a], Chen
et al. [2020], Xu et al. [2020], Chu et al. [2019], have also been proposed in literature. More
methods and discussions can be found in the review Wei et al. [2019¢]. Among these Al-based
methods, RL-based methods have shown great potential in network-wide urban traffic signal
control. However, they usually suffer from the exploration problem and even fail to converge.
While studies of RL-based network-wide traffic signal control is numerous, IL-based methods
are relatively sparse (Li et al. [2020], Xiong et al. [2019]). Li et al. [2020] proposed a deep
IL method for traffic signal control and based on the graph convolutional neural networks.
They firstly collected the traffic state data and the corresponding signal settings designed by
experts, then developed a centralized graph CNN to map the network-wide traffic state to
the signal plans of each intersection. Simulation results showed that the proposed method

could reduce the average waiting time by 6.6%.

In summary, existing studies of network-wide UTC mainly focus on traffic signal con-
trol (rather than co-optimizing signal timings and vehicle trajectories simultaneously). Dis-
tributed control is the leading technique in model-based network-wide UTC problem due to
the relatively low model complexity and high computation efficiency (compared with central-
ized, model-based methods). However, the global properties such as optimality and stability
are hard to be analyzed and guaranteed. Learning-based network-wide urban traffic signal
control can further improve the computation efficiency, but the mathematical properties can
not be analyzed. RL-based methods are the dominant learning-based methods, but usually

suffer from exploration and convergence problems, for which IL-based techniques may help.
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2.1.2  Advanced traffic-oriented vehicle control with CAVs

Considering that this study focuses on traffic control, we do not include reviews on purely
CAV control, which is a very broad topic in literature. Instead, we focus on the traffic-
oriented driver assistance and vehicle control. We categorize the studies on this topic into

two types: advanced driver guidance and CAV enhanced traffic control.

Advanced driver guidance based on CAVs

The information provided by CAVs could be used to better infer the traffic states. And the
signal information can be shared through V2X technologies. In this way, we can develop
advanced driver guidance system to provide optimal driving strategies based on those infor-
mation to help drivers better operate the vehicles. The objectives of the guidance could be
different, e.g., to avoid being caught by red lights (Li et al. [2011]) or save fuel by driving in
economic modes (Katsaros et al. [2011], Schuricht et al. [2011], Tang et al. [2018], Ubiergo
and Jin [2016], Wu et al. [2010]). These driving strategies may also be executed by auto-
mated vehicles, which can reduce the uncertainty of compliance of human drivers and help
improve the control performance.

Reducing fuel consumption is one of the most important objectives of the driver guidance
techniques, which is also called eco-driving guidance and is believed to have the potential
of saving fuels from 5% to 15% (Van Mierlo et al. [2004]). Different eco-driving guidance
algorithms may concentrate on different considerations: for examples, driver behaviors like
lane changing and vehicle platooning, road structures like single/multiple intersections, traf-
fic states like surrounding traffic and mixed traffic. Rakha and Kamalanathsharma [2011]
proposed a rule-based eco-driving strategy at signalized intersections based on the V2I com-
munication. They used a real-world data based statistical emission model that consists of
linear, quadratic and cubic combinations of speed and acceleration levels to describe fuel
consumption. Integrated with the vehicle dynamics model and the information of signal

phases and timings, the rule-based eco-driving model was then designed to optimize fuel
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consumption by providing speed profiles. The objective J is the total fuel consumption,
which is calculated by the vehicle speed (state variable x) and acceleration (control variable
u). The information of signal phases and timings serve as the environment inputs d. The
vehicle speed follows the vehicle dynamics and also the constraints of the vehicle’s physical
limitations. Together, an approximate minimization of the objective function was achieved
by the rule-based controller. While the work of Rakha and Kamalanathsharma [2011] focused
on a single intersection, Boriboonsomsin et al. [2012] extended the eco-routing guidance to
the entire trips of a vehicle, which is also known as eco-routing. They used a dynamic road-
way network database to integrate and store historical and real-time traffic information. In
addition, they used a hybrid method that combines the microscopic energy model with a
large vehicle activity database to create the relationships between link-based energy factors
and the link-based explanatory variables. Based on such relationship, they estimated the en-
ergy/emission operational parameter set by a multivariate regression method. The Dijkstra
algorithm was then used to build the routing engine to search the shortest paths based on
different objectives. The evaluation results showed that the eco-routes could generate about

13% fuel savings while the travel time might slightly increase.

Apart from fuel consumption, other objectives like those related to mobility may also
be considered when designing driver guidance algorithms. For this, integrating multiple
objectives in one algorithm is a promising direction. Katsaros et al. [2011] proposed a rule-
based green light optimized speed advisory (GLOSA) algorithm to reduce fuel consumption
and meanwhile improve traffic efficiency. The key idea of the method is to reduce the stop
time at intersections. Their algorithm firstly calculated the distance and travel time to the
front traffic signal, then calculated the target speed based on the rules that were predefined
considering different signal phases at the estimated arrival time. The advisory speeds were
then presented to drivers via V2X. Assuming that drivers would follow the advisory speeds,
they built an integrated cooperative I'TS simulation platform and tested their algorithm
under different CAVs penetration rates. The results showed that the proposed method could

improve fuel consumption by up to 7% and reduce stop time up to 80% at intersections.
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Since drivers usually cannot perfectly follow the advisory speeds in reality, the effective-
ness of the proposed methods needs to be proven in real traffic scenarios. To the best of our
knowledge, some research groups and government agencies have conducted field experiments
to evaluate the driver guidance systems. For example, the GLOSA system has been tested
by field experiments in the city of Ingolstadt, Germany (Bodenheimer et al. [2014]). The
fuel-saving oriented driver guidance platform “Glidepath Prototype system” has also been
developed and tested through extensive field experiments, of which the results showed a 17%
fuel improvement on average (Altan et al. [2017]). However, it should be pointed out that
many existing studies about driver guidance systems were only tested in simulations. More
efforts on real-world applications and testing of such systems need to be done in the future.
In addition, the vehicle dynamics models and traffic models used in those methods were
usually oversimplified, making the results less convincing. We expect more research studies

can focus on this direction in the future to provide more empirical testing/validation results.

CAV enhanced traffic control

Studies on CAV enhanced traffic control can be categorized into two types: flow-based traffic
assignment and vehicle-based traffic control. The flow-based traffic assignment usually treats
the traffic network as a graph and study how to assign the mixed traffic flow from at least
the link level. It usually aims to improve CAVs’ or the whole system’s performances by
assigning routes for CAVs. While the flow-based traffic assignment is more macroscopic, the
vehicle-based control, on the contrast, focuses on microscopic vehicle control. It usually tries
to design CAV control algorithms considering the interactions with surrounding non-CAVs
to achieve certain goals such as guaranteeing safety, reducing energy consumption, etc.
Wang et al. [2019] proposed a multi-class traffic assignment model for mixed traffic flow
of HDVs and CAVs. They adopted the cross-nested logit model to formulate HDVs’ route
choice behaviors which could capture HDV user’s uncertainty due to the limited knowl-
edge of traffic conditions. They modeled CAVs’ route choice principle by user equilibrium

considering their capability for collecting accurate traffic conditions. They also developed
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a new solution algorithm based on route-swapping and self-regulated step size choice to
solve the problem. Sensitivity analysis and case studies showed that the proposed model
could well capture the real mixed traffic flow traffic dynamics. Hu et al. [2018] developed a
simulation-based dynamic traffic assignment method for different physical vehicle types (i.e.,
car, bus, motorcycle, and truck) considering four different behavior rules (i.e., pre-specified-
path, user-equilibrium, system-optimal, and real-time information). Numerical experiments
showed that the proposed simulation-based dynamic traffic assignment method was capable
of capturing different travelers and route choice principles. Apart from above studies that
focus more on “modeling”, there are also studies aiming to “control” the mixed traffic flow in
order to improve system’s performance. For example, Guo et al. [2021] developed a dynamic
bi-level framework to capture the behavior and interaction of HDVs and CAVs flows and
formulated the problem of improving the system performance by dynamically controlling the
routes of CAVs as an optimal control problem with equilibrium constraints (OCPEC). They
also developed a decomposition based heuristic model predictive control (HMPC) method to
efficiently solve the OCPEC. Experiment results showed that the proposed methods could
significantly improve the network performance of both CAVs and HDVs.

For the vehicle-based traffic control, Wang et al. [2020b] analyzed the controllability and
designed a system-level optimal control strategy using the Popov-Belevitch-Hautus criterion
for a single-lane ring road. They proved that a ring-road mixed traffic flow system was not
completely controllable, but was stabilizable under certain conditions. Numerical experi-
ments showed that the proposed control method could use CAVs to smooth the mixed traffic
flow. Gong and Du [2018] developed a cooperative platoon control method for the mixed
flow to ensure the flow smoothness and stability as well as individual vehicles” mobility and
safety. They designed a constrained One- or P-step MPC methods to control the CAV pla-
toons, and a distributed algorithm to solve the MPC in order to be adaptive to the changes
of the platoon topology. Numerical experiments indicated that the proposed algorithm could
solve the MPC problem efficiently and the cooperative MPC could dampen traffic oscillation

propagation and stabilize the traffic flow. There are also other CAVs control methods under
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mixed traffic flow that focus on different scenarios and control techniques, e.g., lane-changing
control (Du et al. [2020]), Monte Carlo tree search based control (Cheng et al. [2020]), lead-
ing cruise control (Wang et al. [2020a]), ecological adaptive cruise control (Lu et al. [2019)]),
speed harmonization (Ghiasi et al. [2019]), decentralized control (Yao and Li [2020]), etc.

2.2 DMulti-scale UTC with CAVs

2.2.1 Multi-scale modeling, control theories and methods

A system can be considered as a multi-scale system if it is architecturally multi-layered due
to modularity and hierarchy, i.e., spatially multi-scale, or has multiple time resolutions due
to the state dependency, i.e., temporal multi-scale, or contains both spatial and temporal
multi-scale features (Leskovec et al. [2010], Chapman and Mesbahi [2016]). It is a common
case that the spatial and temporal multi-scale features are mixed for a multi-scale system.
There are increasing applications of the multi-scale modeling/control in various domains
such as the power systems (Ouyang et al. [2019], Zafar et al. [2019], Qiao et al. [2019], Xu
et al. [2017b]), biology systems (Dada and Mendes [2011]), chemical systems(Lee and Othmer
[2010]), and meteorology (Grabowski and Smolarkiewicz [2002], Castorina et al. [2018]). For
example, Xu et al. [2017b] proposed a multi-scale coordinated voltage/var control method
for high renewable-penetrated distribution systems. They modeled the voltage fluctuation
counteraction problem as a two-scale (an hourly timescale and a 15-min timescale) stochas-
tic programming problem, and converted it to a deterministic mixed-integer quadratic pro-
gramming equivalence model. This study focuses on the multi-scale modeling and control
of urban traffic, and we present current efforts and achievements towards this direction in
Section 2.2.2.

To the best of our knowledge, there is no systematic theory that can properly model,
analyze, and efficiently solve the control problem of a general multi-scale system, although
some efforts and advances have been made. There are two theories behind current theoreti-

cal studies of the multi-scale system: the model-based theories such as singular perturbation
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theory (Fenichel [1979], Smith [1985]) and data-driven theories such as dynamic mode de-
composition (DMD, Schmid [2010], Schmid et al. [2011], Tu [2013]). For example, Chapman
and Mesbahi [2016] proposed a singular perturbation theory based formulation to model the
large-scale multi-time-scale system, and decomposed the system to multiple reduced systems
based on a separation principle. They also derived the bounds on the time scale parameters
in order to guarantee the asymptotic stability of the dynamics. There are extensive literature
on how to design the control scheme given a well established singular perturbation system
(Phillips and Kokotovic [1981], Kokotovié et al. [1999], Ellis et al. [2013], Chen et al. [2011]).
The key assumption of the singular perturbation theory is that the groups of strongly re-
lated dynamics are known and the weak interactions between different scales are considered
as perturbations. In other words, the singular perturbation method assumes that the system
contains clearly different dynamics, i.e., the system should be separable. As a result, the
control performance can be hampered if the dynamics of the system is non-separable. For
the multi-scale UTC problem discussed in this study, the dynamics of different scales are
highly integrated (i.e., non-separable) in either temporal or spatial domains. For example,
in the two-scale SVCC problem studied later in this study, vehicles should strictly follow the
guides of traffic signals, while the signal’s states and controls are the same (i.e., the signal
phase is both the state and control variable for the signal level problem). There are even no
explicit differential equation based dynamics for the signal level problem. This makes it very
hard to separate the dynamics between the vehicle and signal scales. Therefore, the singular
perturbation method cannot be directly applied for multi-scale UTC problems. Neverthe-
less, we adopt some insights of the singular perturbation method regarding the separation of
different scales, i.e., under proper assumptions and conditions (see Chapman and Mesbahi
[2016]), the multi-scale problem can be reduced to sub-problems where the dynamics of a
specific scale are only relevant to the current and neighboring slower scales. Specifically, for
the SVCC problem that will be discussed in this study, the slower-scale (i.e., signal-scale)
dynamics are not related to the faster-scale (i.e., vehicle-scale) states, while the faster-scale

dynamics should be constrained by the faster-scale states.
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The singular perturbation theory is a model-based method. In recent years, with the rise
of Al, data-driven methods have been developed to model multi-scale systems. Kevrekidis
et al. [2003] proposed an equation-free multi-scale computation method based on the coarse
time-stepper tool (Theodoropoulos et al. [2000]) when the dynamic equations conceptually
exist but were not available in closed form. As an alternative, Kutz et al. [2016] extended
the DMD methods (Schmid [2010]) to the multi-scale system. The key idea of DMD is to
aggregate a range of continuous snapshots of a non-linear dynamic system and produces a
least-square regression to approximate the system dynamics (Tu [2013]). The DMD modes
with temporal frequencies near the origin can be used as the background (i.e., slower-scale)
portions and the DMD modes with temporal frequencies bounded away from the origin are
the faster-scale portions. Numerical results showed that the multi-scale DMD could naturally

decompose the non-linear system into slower and faster sub-systems.

2.2.2  Multi-scale modeling of UTC and SVCC

In the field of UTC, the multi-scale modeling/control technique has long been recognized
as a viable modeling framework. For example, a program on advanced technology for the
highway (PATH, Kanafani and Parsons [1989], Broucke and Varaiya [1997]) was designed
for controlling the platoons on interconnected highways. Five layers (i.e., network layer, link
layer, coordination layer, regulation layer and physical layer) were designed, working with
each other, to control the activities of vehicle platoons to improve the overall performance.
Most of other hierarchical traffic control frameworks such as the dolphin framework (Tsugawa
et al. [2000]) used the PATH as guidelines. Based on those architectures, Baskar et al. [2007]
proposed an integrated hierarchical traffic control framework by combing the advantages and
extending in various directions.

Apart from the application-oriented projects, there are also academical studies consider-
ing the hierarchical traffic control. For example, Head et al. [1992] proposed a hierarchical
framework for real-time traffic control. They decomposed the signal control problem to three

sub-problems based on different time and distance horizons: the route choice level, the traf-
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fic flow and queue dynamics level, and the individual drivers level. However, limited by
the hardware and software at that time, they only provided a conceptual framework with-
out applications either in simulation or real-world. Later, they enriched this framework by
adding specific algorithms for each level (Mirchandani and Head [2001], Mirchandani and
Wang [2005]). They firstly estimated the traffic states (e.g., queue size and travel times),
then predicted the link and platoon dynamics based on the estimated states and the real
detector data. Finally, they optimized the network flow at the first stage to get the tar-
get phase timings, based on which they optimized the intersection flow performance at the

second stage.

Recently, with the rise of faster computation machines and new technologies in vehicles
and transportation systems such as AVs and V2X, the multi-scale traffic control, especially
the SVCC, has been regaining the attention of researchers. A common feature of the ad-
vanced traffic-oriented vehicle control discussed in Section 2.1.2 is that they usually neglect
the traffic signal control, making it a single-scale vehicle control problem. Studies on urban
traffic signal control reviewed in Section 2.1.1, on the contrast, usually do not pay particular
attention to vehicle control. Signal control and vehicle control are mutually dependent in
reality: signal timing influences the movements of individual vehicles and thus the perfor-
mances (such as emissions and fuel consumption) of the vehicles, while at the same time
individual vehicle performances are the critical input to traffic control methods on how to
best adjust signal timing. In the past, however, the information exchange between vehicles
and signals were quite limited: signals detect the arrivals of vehicles (often as the aggregated
number of vehicles in a certain time window) and adjust signal timing accordingly, while
vehicles/drivers see the signal timing and adjust driving accordingly when they are close to
the intersection. This makes it impossible to implement coupled signal and vehicle control.
With CAVs, information between signals and (individual) vehicles can be exchanged in real
time, which should be leveraged to further improve the traffic control performance, leading
to the SVCC (Guler et al. [2014], Sun et al. [2017], Xu et al. [2017a], Yang et al. [2016], Yu
et al. [2018]).
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In general, the optimization model for SVCC is more complex, involving both linear and
non-linear states, discrete and continuous decision variables, and other complex constraints,
making the problem much more challenging to solve. To the best of our knowledge, this
topic has just receiving attention in recent years and the literature is relatively sparse. Li
et al. [2014] developed a signal control algorithm for automated vehicles at isolated signalized
intersections. The method can simultaneously optimize vehicle trajectories and signal timing
plans. By considering only two phases of the traffic signal, they used a simple enumeration
method to select the optimum signal timing plan. They firstly determined the trajectory of
the first vehicle, then calculated the trajectories of the following vehicles, and finally assigned
the vehicles to different cycles by checking whether a vehicle can depart the intersection
before the end of the green. A rolling horizon scheme was developed to implement the
algorithm and to process newly arriving vehicles continually. Simulation results showed
that the proposed algorithm can reduce the average travel time delay by 16.2-36.9% and
increase the mobility by 2.7-20.2% compared to traditional actuated signal control methods.
Xu et al. [2017a] proposed a cooperative control method to simultaneously optimize traffic
signal timing and vehicle operations to improve transportation efficiency and vehicle fuel
economy. The method considered multiple objectives: safety, mobility, and energy use. For
this, the modeling/control framework of the study defined different priorities for different
objectives: safety first, mobility second, and energy third. Accordingly, they proposed to
solve safety by design, i.e., by applying the classical “dual-diagram” signal control design,
improve mobility by optimizing signal phases and timing to minimize the total travel time
of all vehicles, and save energy by optimizing the trajectory of each vehicle given its time
budget to pass the intersection (obtained via solving the mobility objective). The proposed
approach thus decomposed the complex control problem into three (much simpler) sub-
problems based on the priorities of the three main objectives. Cooperating with each other,
the three sub-problems were solved sequentially. Simulation results in MATLAB and VISSIM
showed that the proposed method could improve traffic efficiency by 19.7% and fuel economy
by 23.7% compared to a benchmark actuated signal control algorithm. Guo et al. [2019b)]
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proposed an algorithm using dynamic programming with shooting heuristic as a subroutine
to simultaneously optimize the CAV trajectories and traffic signal’s phases/timings. The
method could also deal with the mixed traffic flow with both CAVs and HDVs. Numerical
experiments showed that, compared with adaptive signal control, the proposed algorithm
could reduce the average travel time by up to 35.72% and reduce fuel consumption by up to

31.5%.

The above studies focus on single intersection SVCC with 100% CAV penetration. For
the mixed traffic flow scenario, Niroumand et al. [2020] proposed a joint optimization method
for vehicle-group trajectories and signal timing. They categorized the mixed traffic flow into
two types: CAVs and connected human-driven vehicles (CHVs) that are modeled by a linear
car-following model. They firstly solved the joint optimization problem of all CAVs and
the traffic signal, then solved the trajectory optimization problem for CHVs, and enforced
the CHVs to follow their immediate front vehicle by introducing a “while” phase. The
traffic signal was optimized on a slower time scale while the trajectories of vehicles were
optimized on a faster time scale. Numerical experiments showed that the proposed algorithm
could reduce the total delay by up to 96.2% compared with the actuated signal control.
However, this study focused on single intersection and assumed that CHVs would follow the
recommended trajectories. Tajalli and Hajbabaie [2021] developed a traffic signal timing
and CAV trajectory co-optimization method in the mixed traffic low. They modeled the
joint optimization problem as an integrated MINLP and decomposed the intersection-level
program into several lane-level sub-programs. The key to deal with mixed traffic flow in this
study was to capture the interactions between CAVs and HDVs by car-following models.
They also two time scales to model the signal control (i.e., slower-scale) and the vehicle
trajectory control (i.e., faster-scale). The numerical experiments showed that the proposed
methods reduced the average travel time and fuel consumption by up to 41% and 31%,
respectively. However, due to the integrated formulation of both signal and vehicle control,
the run time of the solution algorithm was relatively large. The above studies focused

on single intersection scenario, for the scenario of multiple intersections and mixed traffic
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flow, Yang et al. [2021] developed a cooperative driving framework for corridors considering
the platooning behavior of CAVs and the cooperation among traffic signals. At the corridor
scale, they formulated the corridor-level signal coordination problem as a linear programming
problem which could generate optimal offsets for each intersection. At the intersection scale,
they calculated the expected arrival time of all CAVs by solving a MILP problem. At the
vehicle scale, they designed a state transition diagram to decide the driving modes and the

corresponding driving strategies of each vehicle.
2.3 Summary and research gaps

As a summary, UTC is naturally a multi-scale problem in both temporal and spatial domains.
Multi-scale UTC has been receiving more and more attention as the rise of CAVs and V2X
technologies. However, studies on this topic are sparse. SVCC is the most typical multi-
scale UTC problem and has been studied the most (but not well-studied). There are several
limitations of current studies regarding the multi-scale SVCC: 1) The multi-scale features are
not well-recognized, analyzed, or utilized; 2) Current methods are usually tailored for a single
intersection or corridors with full CAV penetration. Studies of network-wide multi-scale
SVCC with mixed traffic are rare; 3) For network-wide multi-scale SVCC, heuristic scale-
separation methods are usually used to decompose the problem and improve the computation
efficiency, which makes it challenging to analyze the control properties (such as stability)
rigorously; 4) The computation efficiency, although reduced by decomposition, is still low
due to the introduction of integer variables and non-linear terms in the models.

In this study, we aim to investigate the network-wide multi-scale SVCC problem with
mixed traffic flow. To do this, we firstly develop a general modeling and control framework for
the multi-scale UTC problem. Then, we use this framework to explicitly model and solve the
SVCC problem under the environment of single intersection with full CAV penetration. Due
to the relatively simpler scenario (i.e., single intersection and 100% CAV penetration), we are
able to mathematically analyze the properties such as control stability. Based on the single

intersection SVCC, we build a network-wide SVCC algorithm based on distributed control,
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which can also work under mixed traffic flow condition. Distributed control is selected as the
fundamental mechanism which brings relatively high computation efficiency (compared with
centralized control) and enables the method to apply to not only corridors but also networks.
In addition, utilizing the data generated by the proposed model-based methods, we develop
an IL-enhanced method to further improve the computation efficiency. We also conduct

various numerical experiments on each algorithm to demonstrate their performances.
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Chapter 3
A GENERAL FRAMEWORK FOR MULTI-SCALE UTC

In this section, we aim to develop a general modeling framework for the multi-scale UTC
problem. As illustrated in Figure 1.1, let k,, be the discrete time instant of scale (level)
m with AT, the duration of the discrete time step. Denote the total number of scales as
M and assume AT} < AT, < --- < ATy, i.e., scale ki is the fastest scale and scale k), is
the slowest scale. Also denote x,,(k,,) the state of scale m (e.g., speed and position at the
vehicle control scale), u,,(k,,) be the control variable of scale m (e.g., acceleration at the
vehicle control scale). Note that x,, and u,, may be vector variables in case multiple agents
exist at the scale. For scale m, we call scale m + 1 its upper scale (if m < M) and scale
m — 1 its lower scale (if m > 1). A general formulation of the multi-scale UTC problem can

be expressed in discrete-time as AOQ:

T
i J ki), x2(ka), ..., Xp(km), k1), ko), ..., u,(km), km 3.1
ul(klmgél)fjwum(km); (x1(k1), x2(k2) Xp (km), w1 (k1), us (ko) u, (k) ) (3.1)

m

subject to (for each scale m)

X (K + Atn) — Xon (Fim) = AbFon (X () W () i) (3.2a)
o (%1 (k) s X (K ), X1 (Fin) s W (K ) ki) <0 (3.2b)
(X (km = 0), k= 0) =0 (3.2¢)
X" < X (k) <300, wpt < (k) < wpb. (3.2d)

Equation (3.1) shows the overall goal of the UTC problem, e.g., to improve the per-
formance (such as minimizing congestion, fuel consumption, emissions or a combination of
them) of all vehicles, intersections, corridors, and networks, by optimizing the control vari-

ables of each scale (e.g., acceleration of the vehicle scale, signal phases/timings of intersection
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scale, signal coordination at the corridor level, and perimeter control between regions of an
entire network). Model A0 might also be a multi-objective optimal control problem, where
the objective function can be separated to each scale’s own objectives. There are constraints
and dynamics for each scale and across different scales. First, there are “intra-scale” dy-
namics for each individual scale, e.g., the vehicle dynamics based on Newton equations for
vehicle-scale control, which can be formulated as an ordinary differential Equation (3.2a).
In addition, state and control variables at each scale may follow equality or inequality con-
straints, e.g., vehicles should follow the car-following rules to guarantee safety. Second and
unique to this multi-scale modeling framework, there are “inter-scale” dynamics and inter-
actions (and constraints) among scales. In particularly, the state and control of scale m are
also affected by its upper and/or lower scales. For example, a vehicle should follow the traffic
signals from its upper level. This can be formulated by Equation (3.2b). It is reasonable
to assume that inter-scale dynamics/interactions are stronger between neighboring scales.
To simplify the models and discussions, we only consider “inter-scale” dynamics between
neighboring scales in this study (as expressed in (3.2b) and shown in Figure 3.1). Third,
the initial conditions are fixed, which is shown in Equation (3.2c¢). Fourth, as shown in
Equation (3.2d), the states of each scale should be constrained by the physical limits, e.g.,
the acceleration of a vehicle should be limited by the physical limits and the speed should
be constrained by the speed limit.

AQ is clearly multi-scale: it is explicitly so in the temporal domain as indicated by
the time index k,,, and implicitly so in the spatial domain as each scale only concerns the
control on a certain geographic area (a vehicle, an intersection, a corridor, a sub-network,
or a network). An alternative way to the multi-scale formulation AO is to formulate the
entire problem using the fastest time scale (i.e., scale k). This way details of the problem
can be maintained but the size of the problem (especially the temporal dimension) can be
excessively large, preventing any efficient analysis and computation methods to deal with

the resulting model.

To better understand the details of the proposed multi-scale control framework AO,
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we consider a multi-scale UTC problem that contains (from lower to upper scales) vehicle
control, intersection control, corridor control, sub-network control, and network control,
as shown in Figure 1.1. Figure 3.1 describes the control problem of each scale, which also
provides the possible considerations of state variables, control variables, intra-scale dynamics,

and inter-scale dynamics. Simple bound constraints and initial conditions are ignored as these

are relatively trivial to model.

Sub-network control Network control |
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|
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Figure 3.1: The multi-scale control problem for the UTC

In general, there are two approaches to apply A0 to solve the multi-scale UTC problem:
model-based approach and learning-based approach. There are also challenges for each ap-
proach, which we discuss in the following with some thoughts on possible research directions

for solutions. In particular, we show how this dissertation address some of the challenges.

3.1 Model-based approaches

For model-based approaches, we need to build the explicit models of the studied problem
based on AO0. To this end, there are two key challenges that need to be carefully studied:
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1) How to model (or approximate if necessary) the intra- and inter-scale traffic dynam-

ics/interactions, and 2) How to analyze and solve the multi-scale problem.

For the first challenge, we have to note that many of the intra- and inter-scale traffic
dynamics/interactions, as shown in Figure 3.1, have been well-studied in the literature (e.g.,
FD/MFD, car-following, platooning, etc.). In most cases, the resulting models can be ex-
plicitly described, which however can be complex and highly non-linear (e.g., some of the
vehicle dynamics and car-following models (Li et al. [2017], Kesting et al. [2010])). Yet there
are also intra- and inter-scale dynamics/interactions that we do not understand very well,
e.g., the traffic interactions among the neighboring regions under MFD (Guo and Ban [2020],
Ni and Cassidy [2019]), or the interactions among HDVs and CAVs in complex urban en-
vironments. Nevertheless, it can be expected that some of these dynamics/interactions can
be complex or may not even be described by explicit functional forms. It is thus impera-
tive to derive schemes to model, and more importantly, properly approximate the complex
intra- /inter-scale dynamics/interactions for developing a tractable multi-scale framework for
UTC. To this end, the newly emerging data-driven techniques may have great potentials,
e.g., the DMD methods (Tu [2013], Proctor et al. [2016]) introduced in Section 2.2. Another
possible way is to approximate the dynamics function by defining a function estimator (e.g.,
Taylor series approximation) and solving the optimization problem (constructed using data)
to make the estimator functions as “close” to the original function as possible (see Chapter 1
in Dontchev and Rochafellar [2014]). In this way, the estimator function can provide useful
guide when developing approximating schemes of the multi-scale model in AQ. The third
method is to integrate physical principles (models) into AI/ML models (the “physics-guided
AT”, Wang and Yu [2021]) to help reveal the underlying structure and understand the in-
trinsic dynamics/interactions in the multi-scale UTC problem. Some investigations on this
has started in transportation (Yuan et al. [2020, 2021], Mo et al. [2021]), and in particular in
the dynamic traffic assignment (DTA) field for approximating the complex dynamic network

loading process of DTA (Wang et al. [2018], Bahuleyan and Vanajakshi [2017]).

This study focuses on the multi-scale SVCC problem. The intra-scale dynamics (e.g.,
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the single vehicle dynamics and car-following behavior) and the inter-scale dynamics (e.g.,
traffic rules guided by the traffic signal such as right-of-way of each lane) are either have been
well-studied or can be properly modeled using analytical formulations. Thus, we adopt the
explicit modeling approach to capture the intra-and inter-scale traffic dynamics/interactions.
Specifically, we model the traffic dynamics explicitly by formulating vehicle dynamics as New-
ton equations and describing the interactions among vehicle’s using analytical car-following
equations. We capture the interactions between vehicles and traffic signals by novel explicit
formulations based on different time scale, and we model the integrated multi-scale SVCC

problem as an explicit case of A0 (see Section 4.2).

For the second challenge, as aforementioned, general theories, models, and methods to
deal with a general multi-scale (both temporally and spatially) problem are still lacking
currently, despite some recent advances (Ouyang et al. [2019], Zafar et al. [2019], Qiao et al.
[2019], Xu et al. [2017b], Dada and Mendes [2011], Lee and Othmer [2010]). It is still
very challenging to directly analyze and solve AO. For example, as discussed in Section
2.2.1, the singular perturbation methods cannot be applicable to multi-scale UTC due to the
highly integrated dynamics across levels. Often, one has to resort to certain decomposition
schemes to reformulate A0 to multiple single-scale problems (one or multiple problems for
each scale). Thus, there is a critical need now to develop more advanced multi-scale models,
including analysis theories and computation methods, to analyze and solve AOQ directly. In
addition, whether the multi-scale problem is solved directly or by decomposition schemes,
some properties such as the control stability should be well considered.

In this study, as will shown in Section 4.2, solving and analyzing an integrated multi-
scale problem directly is very hard, especially when there are no mature theories to guide
the process. To address this issue, in this research, we propose a model predictive control
(MPC) scheme by decomposing the integrated problem into well-designed sub-problems that
can be solved more efficiently. Furthermore, we propose a stability analysis method for the
MPC scheme, based on the consistency of critical states. There are two major steps for

the stability analysis method: 1) Find critical states that need to be consistent (equal)
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between different scales (usually two, e.g., one vehicle control problem and one signal control
problem for the two-scale SVCC problem), and 2) Establish stability conditions by well
designed objective functions, terminal conditions, and most importantly, the consistency of
the critical states among different sub-problems. As we will show in Section 4.3, such a
stability analysis method works well for the SVCC problem under full CAV penetration and
single intersection. It can also be extended to the environment of multiple intersections with
full CAV penetration (see Section 5). This methods may also work for the scenarios of mixed
traffic flow and multiple intersections. Thus we hope that the proposed stability analysis
method can provide a general framework, together with some useful insights, to motivate

future research to study the stability issues of multi-scale UTC problems.
3.2 Learning-based approaches

If we models AO explicitly, there might be non-linear, non-smooth, non-convex, and integer
terms included in the objective function, dynamic equations, and constraints, making it
hard to be efficiently solved. By applying the proposed MPC scheme, we can simplify
A0 by selecting proper state representations, refining dynamic equations and constraints,
and designing representative and effective objective functions, the computation and solution
performance may be improved dramatically (see Section 4). However, when the size of the
multi-scale UTC problem increases (e.g., from single intersection to multiple intersections),
the computation burden also increases, making it expensive to apply the explicit model based
methods to large traffic networks (see Section 5). There are several approaches to expedite
the solution process and improve the efficiency. First, we can try to refine and simplify
the model to make it easier to solve. For this, the simplicity and accuracy of the model
need to be well balanced since they often conflict with each other. Second, we can adopt
advanced computation techniques such as parallel and distributed computation (Bertsekas
and Tsitsiklis [2015]). This approach does not really reduce the computation burden, but can
solve the problem faster by the cooperation and coordination of multiple computers. Third,

we can adopt some of the newly emerged learning-based algorithms, e.g., RL (Sutton and
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Barto [2018]) and IL (Hussein et al. [2017], Schaal [1999]), to efficiently learn the optimal
strategies for different scales. After being successfully trained under various traffic scenarios,
the learned strategy could generate the control commands quickly (e.g., a neural network

based strategy could calculate the commands by very fast forward computation).

Apart from the benefit of improving the efficiency, the learning-based method, especially
the RL, is naturally an implicit formulation and direct solution process for the optimal
control problem (Sutton et al. [1992], Bertsekas [2019]). The multi-scale UTC problem may
be treated as a Markov decision process (MDP, Bellman [1957]), and theoretically, we can
directly use the RL method to solve the multi-scale UTC problem by designing proper traffic
state representations, reward functions, and learning algorithms. In fact, as shown in Section
2.1.1, there are already research efforts on applying RL methods to solve the traffic control
problem, most of which focus on traffic signal control (e.g., Li et al. [2016a], Balaji et al.
[2010], Abdulhai et al. [2003], Yau et al. [2017], Wei et al. [2019b], Zheng et al. [2021]) and
AVs (e.g., Sallab et al. [2017], You et al. [2019], Xia et al. [2016]) separately. To the best
of our knowledge, there are currently no studies discussing about applying the RL methods
to solve the multi-scale UTC problem. The key challenge is that, compared with single-
scale traffic signal control and vehicle control, the state and action (i.e., control variable)
spaces of the multi-scale UTC problem are usually larger and more complex. For example,
the actions consist of both signal’s phases/timings and vehicle’s acceleration/deceleration,
while the former are usually discrete and the later are continuous. Such complex states
and actions make it hard to develop efficient learning algorithms, and the large state/action
spaces make it hard for the algorithm to explore and even fail to converge. The natural idea
to address these issues is to design separate learning algorithms for each scale (e.g., vehicle
agent, traffic signal agent, and perimeter control agent). To this end, apart from how to
design efficient learning algorithms, how to connect the learning algorithm of each scale also
needs to be carefully investigated. The general framework AO can provide insights for this
issue. For example, when designing the state representations for a specific scale, we may

only need to select the features from the current scale and its immediate neighboring scales.
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Nevertheless, the RL methods may still suffer from exploration problem and even fail to
converge due to the large state/action spaces of a specific scale (e.g., a large network consists
of many intersections). IL methods can avoid such problems by utilizing demonstration
data, i.e., the “expert” data (Li et al. [2020], Xiong et al. [2019]). IL methods aim to mimic
expert’s behavior by learning a mapping between observations and actions generated by the
experts. However, IL methods may not perform well if there is not enough expert data.

In this study, we choose IL as the foundational learning method due to three reasons.
First, RL usually suffer from exploration and convergence problems, making it hard to design
the objective function and tune the parameters. Second, there is usually a large gap between
the training performance of the RL methods and the real implementation performance, since
RL is often trained in simulation environments due to the needs of exploration and extra
work necessary for the transfer to real implementations. Third, one of the biggest weaknesses
of IL is the lack of expert data because collecting such data is usually time-consuming and
costly, especially for some manually calculated expert data. However, we have built the
model-based methods, which can serve as the “expert” to efficiently generate learning data
for IL. In this study, we will explore the idea of using model-based methods to generate

training data for IL.
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Chapter 4

MULTI-SCALE SVCC UNDER SINGLE INTERSECTION
WITH FULL CAV PENETRATION

The goal of SVCC is to simultaneously optimize the vehicle trajectories and the traffic
signal phases/timings to improve both vehicle performance (e.g., reduce fuel consumption)
and the traffic performance (e.g., increase the throughput of the intersection). In real-
world traffic systems, vehicles should be controlled with faster time scale (sub-seconds or
milliseconds), while the control of signal timing phases can be much slower (e.g., a few
seconds) to avoid the conflict and confusions caused by frequent phase changes. The multi-
scale framework in AQ then naturally applies.

In this section, we use the framework AO to model a two-scale SVCC problem under full
CAV penetration and single intersection. Specifically, we first make several assumptions in
Section 4.1 to clearly define the problem. We then present an explicit formulation of AO in
Section 4.2. We show that such a problem is hard to be solved even after the simplification.
Then, we present a model predictive control (MPC) scheme to decompose AO into a slower-
scale signal control problem and a faster-scale vehicle control problem in Section 4.3. We
show that such a multi-scale formulation can largely reduce the problem scale and make the
SVCC solvable. We further prove the asymptotic stability of the proposed MPC scheme
in Section 4.3.3 and conduct numerical experiments to demonstrate the performance of the

MPC controller in Section 4.4.

4.1 Assumptions and notations

We firstly introduce the notations used in this study in Table 4.1 with most of the key
parameters illustrated in Figure 4.1. Note that ¢ = 1,2,...,n;, 7 = 1,2,...,J, [ =1,2,..., L
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where n; is the number of vehicles on lane j, J is the total number of lanes around an

intersection, and L is the number of candidate phases of the traffic signal.

Table 4.1: Notations

Symbol Meaning Type Unit

a;;(kr) acceleration of vehicle 7 on lane j at time step kj continuous  m/s?

v; j(kf) speed of vehicle i on lane j at time step ky continuous m/s

s;j(kf) position of vehicle i on lane j at time step ky continuous m

fij(ks) fuel rate of vehicle ¢ on lane j at time step ky continuous  mg/s

gi.j(ks)  whether the vehicle ¢ on lane j has crossed the stop-line binary 1/0
at time step kg or not

Gij(ks)  whether the vehicle i on lane j has crossed the safety binary 1/0
distance at time step kg or not

pi(ks)  whether the phase [ at time step k; is on or off binary 1/0

rj(ks)  whether the lane j at time step ky has the right-of-way binary 1/0
or not

Th time headway constant S

do safety distance constant m

5 max length of incoming lane j constant m

5 safe safety tolerance distance of lane j constant m

A7l the mapping function from signal phase to right-of-way constant

AT, the step length of the slower-scale constant S

ATy the step length of the faster-scale constant S

To simplify the problem AO and clarify the scope of this study, we make the following

assumptions. First, in this section, we consider the SVCC problem under single intersection

scenario with the traffic signal controllable. Second, the internal dynamics of a vehicle, e.g.,

engine, powertrain, and tire dynamics, are neglected. The vehicle states are represented by
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Figure 4.1: Ilustration of the SVCC problem

the speed and position, and the control input is the acceleration. Third, we assume that all
vehicles are CAVs, i.e., we can get the full information and control every vehicle. We will
discuss how to release this assumption to mixed traffic flow in Section 5. Forth, only the
longitudinal acceleration/deceleration of a vehicle is considered and the lateral lane-changing

operations are neglected.

We redefine the notation in Section 3 a bit and let k; and k¢ be the time instants of
slower (i.e., signal control) and faster (i.e., vehicle control) scale problems, respectively. In

addition, the time intervals of ks and k; follow the following relationship:

AT, = cAT;, ceN. (4.1)
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4.2 The integrated SVCC problem

4.2.1  Traffic signal modeling

Let p(k,) = [p1(/€s) pa(ks) - pL(ks)]T be the signal phase, p;(ks)(I = 1,2,...,L) is a
binary variable indicating whether the phase [ is on (p;(ks) = 1) or off (p;(ks) = 0). For a
typical four-leg intersection, normally there are eight phases; see Figure 4.4. Let A7*F be
the matrix that maps a signal phase to the right-of-way of corresponding lanes. Let r(ky) =
[Tl(ks) ro(ks) - T J(ks)]T be the right-of-way vector where r;(ky) is a binary variable
indicating whether lane j at time k has the right-of-way (r;(ks) = 1) or not (r;(k;) = 0). We

have the relationship:

Ap(k,) = r(k,). (4.2)

Considering that only one phase should be green at a time. We have the following

constraint:

> k) =1. (4.3)

4.2.2 Vehicle modeling

The dynamics of a vehicle can be described by the following ordinary differential equations

(in discrete format):

viglky +1) | [viy(ky) + aij(kp) ATy (4.4)
sij(ky+1) sij(kyp) + vij(kp) ATy

Under the multi-vehicle scenario, there should be safety distances between consecutive

vehicles, i.e., the vehicles should follow the car-following constraint:
Sig(kr) = sic1j(ky) = i (ky) + do. (4.5)

Note that we consider full CAV penetration and homogeneous vehicles in this section, 73, and

dy are set as the same for all CAVs for the sake of simplicity. When it comes to mixed traffic
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flow or heterogeneous vehicles, the car-following parameters can be changed accordingly to
reflect the real behavior.

The speed of a vehicle should be positive and follow the speed limit:
v; i (kr) € [0, Umax]- (4.6)
The acceleration of a vehicle should not exceed the physical limits:
a; ;(kf) € [Amins Gmax]- (4.7)

In addition, we introduce another constraint on g; ;(ks) so that it can correctly reflect the
position of each vehicle. If g; ;(kf) = 0, the vehicle has crossed the stop-line, if g; ;(kf) = 1,

the vehicle is still on the incoming lane j. Given this, we have:
[1 =29, (ky)] [si5(kg) = Sjmax] > 0. (4.8)
In order to eliminate the non-linearity, we we rewrite Equation (4.8) as

Sij(kp) = Sjmax < M(1 — gij(ky)) (4.9a)

Sij(kf) = Sjmax = —Mgi j(ky), (4.9b)

where M is a sufficiently large constant value (i.e, “big M”). Equation (4.9) shows that
when a vehicle has crossed the intersection, i.e., s;;(ks) — Sjmax > 0, g; j(ks) = 0, otherwise,
gij(ks) = 1. This is equivalent to (4.8). Note that here we only include the basic car following
and vehicle safety constraints, without imposing additional vehicle related dynamics and
intersections (e.g., platooning). This will allow the control framework to explore the optimal
control strategies in a large solution space, which may help produce well-established strategies

or phenomena such as vehicle platooning.

4.2.8  Interactions between traffic signal and vehicles

Vehicles should follow traffic rules. If the signal phase is red, the vehicle should not pass the

intersection. We model such constraint by

ks

(L —7(ks)] [515(Kf) = Sjmax] [Si5(ks) — Sjmax — Sjsate] > 0, ks = LmJ- (4.10)
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The last two terms formulate a quadratic function with zeros at s; max and s; max + Sj safe-
This function takes negative values in the interval (s;max, Sjmax + Sjsafe) and positive values
elsewhere. If vehicle ¢ at lane j has passed the intersection but hasn’t pass the safety
distance, i.e., s;;(kf) € (Sjmax; Sjmax + Sjsafe); 7j(ks) must be 1, i.e., lane j should have the
right-of-way, to ensure constraint Equation (4.10). In addition, Equation (4.10) can naturally
introduce yellow phase even we only explicitly formulate green and red phase: A lane’s phase
can not turn to red unless the last passed vehicle finished the safety distance.

In order to eliminate the non-linearity, we introduce another binary variable g; ;(ky).
Similar to g, ;(kys), Gij(ks) is a position indicator: g, ;j(ky) = 1 if the vehicle has passed
the safety distance, i.e., s;;j(kf) > Sjmax + Sjsafes Gi;(kf) = 0 otherwise, ie., s;;(ks) <

Sjmax + Sjsafe- Same as Equation (4.9), g;;(ks) can be calculated by:

5ii(kf) = Sjmax — Sjsate < Mgij(ky) (4.11a)

$i,j(Kp) = Sjmax = Sjsate = =M (1 = Gij(kr)). (4.11b)
Then, Equation (4.10) can be reformulated as
_ ky
9ig(kg) + Gig(ky) +rj(hs) 21 ks =[] (4.12)

Equation (4.12) shows that if g; ;(kf) = 0 and §;;(kf) = 0 at time ky, which indicates
that vehicle 7 on lane j is located at the safety area, in order to make the left side larger or
equal to 1, r; = 1. If the vehicle locates at other positions, r; could be 0 or 1. ky = L%J
shows that, at a specific faster-scale time k¢, the corresponding slower-scale time is L%fj
Therefore, as shown in Equation (4.12), a specific vehicle at the faster-scale should follow
the traffic rule at the slower time L%J

Noteworthy here is that due to the simplified assumptions, the intra- and inter-scale dy-
namics (4.8) and (4.10), although non-linear, are expressed in relatively simple forms. As
shown above, they can be reformulated into their equivalent linear formulations by introduc-

ing “big M” and possibly extra binary variables. We can imagine that when more complex
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intra-/inter-dynamics are applied, such equivalent reformulations may not exist or be done
easily, in which case the data-driven methods as we discuss in Section 3.1 can be applied to

develop schemes to approximate the complex dynamics.

4.2.4  Objectives

The objectives consists of two parts: 1) the total vehicle-time to pass the stop-line and 2)
the total fuel consumption. The former is for traffic performance, and the latter is for vehicle
performance. For the first part, we have

J mn; T

Ju =Y D> wigi(ky)ATy. (4.13)

j=1 i=1 k;=0

Note that g; ;(kf) = 1 if vehicle 7 on lane j has not crossed the intersection, and g¢; ;(kf) =0
otherwise. Ji; in Equation (4.13) represents the accumulated vehicle-time of all vehicles
before they cross the intersection. After having crossed the intersection, the vehicles are
assumed to accelerate to the speed limit and then cruise.

For the fuel consumption, we have

nj Tf

Jie =) D> wafij(ky) ATy (4.14)

j=1 i=1 k=0

Therefore, the objective can be expressed by

J = lett + 'LUQJfC

PR (4.15)
= Z Z Z (w1ij(ky) +wa fi(ky)) ATy,

j=1 i=1 k;=0

where w; and wy are weights to scale different objectives.

4.2.5 A mized integer non-linear programming (MINLP) formulation

The problem can be formulated as A1l

min J
pu(ks)saij(ky)
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subject to

traffic signal related constraints : Equation (4.2), (4.3)
vehicle dynamics and related constraints : Equation (4.4) — (4.7)
vehicle position indicators : Equation (4.9), (4.11)

signal-vehicle coupled constraints/interactions : Equation (4.12).

A1 is a multi-scale (two-scale) formulation with kg the slower-scale for signal control and
k¢ the faster-scale for vehicle control. Compared with the problem of modeling the whole
problem at the same time scale &k, the scale of A1 is reduced, i.e., the signal-related decision
and state variables p;(ks), r;(ks) are much smaller. However, such a multi-scale formulation
brings new challenges due to the involvement of the two time scales (ks and ky), which
may not be solved directly. We next propose a model predictive control (MPC) scheme and
decompose A1 to two sub-problems, i.e., one slower problem mainly for signal control and
one faster problem for vehicle control. In Section 4.3.3, we further prove the stability of such

an MPC scheme.
4.3 An MPC-based decomposition scheme

The MPC scheme is shown in Figure 4.2. The MPC scheme is implemented in a rolling
horizon manner. At a specific slower time step k,, we formulate and solve the slower-scale
problem for signal control (see Section 4.3.1) for forward T* steps (7° = 6 is used in the
numerical section in this study). After solving the problem for 7 intervals, only the signal
phase plan of the first slower interval [k, ks+ 1] is implemented and used. A new slower-scale
problem will be formulated and solved at the next slower step ks + 1 as well, and again, the
first signal phase plan is used for the next interval. This process repeats itself until the end
of all (slower) time intervals. Notice that we approximate the dynamics of vehicles at the
slower-scale problem to reduce the computation effort, thus errors would be introduced due
to the simplification. The MPC (and rolling-horizon implementation) can help correct and

mitigate such errors.
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Figure 4.2: The decomposition and approximation framework

For the faster-scale problem, as shown in Figure 4.2, we utilize the first h (h is normally
small, e.g., 2 or 3) predicted vehicle trajectory points generated by the slower-scale problem
to construct the faster-scale problem (see Section 4.3.2). That is, we formulate the faster-
scale vehicle control problem for the h slower steps, i.e., for the duration of AT, x h (or
AT,/ATy * h faster-scale time steps). In particular, we ensure the faster-scale problem to
produce positions of each vehicle at the corresponding slower time intervals be exactly the
same as those generated by the slower-scale problem; see (4.22¢) in A3. This is the so-called
“consistency” of states between the two scales. These slower-scale time points (h in total) are
called “critical time points” for which state consistency is required between the slower-scale
and faster-scale. After solving the faster-scale problem, same to the slower-scale problem, we
only implement the solutions of the faster problem for the next slower-scale time duration
ks, ks +1] (i,e., AT, /ATy intervals of k). Under this MPC scheme, we essential decompose
A1 to two sub-problems that can be solved much more quickly. Furthermore, the stability
of the MPC scheme can also be established based on the design of consistency of states as

shown in Section 4.3.3.

Such an MPC scheme is not new for solving traffic control or modeling problems; e.g., it
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has been widely used for solving DTA problems (Peeta and Mahmassani [1995], Peeta and
Ziliaskopoulos [2001], Zhou and Mahmassani [2007], Mahmassani [2001], Ye et al. [2019],
Guo et al. [2021]). What new here is that we propose to ensure the “consistency” of key
traffic states between the two scales. For the signal control (slower) and vehicle (faster)
scales studied in this study, the selected state is vehicle positions at the critical time points.
That is, the slower-scale problem generates the position points for all vehicles at each critical
time point, which need to be satisfied when solving the faster-scale problem. As we show
later for the proof of Theorem 1 in Section 4.3.3, ensuring the consistency of the key traffic

states (vehicle positions here) is essential for proving the stability of the MPC scheme.

To construct the MPC scheme and the two sub-problems, the key challenge is how to
properly “separate” (decompose) the objective and constraints of the single multi-scale for-
mulation A1 into the two sub-problems with two time scales. For the objective function,
similar to Xu et al. [2018], the slower problem focuses on designing signal plans to improve
the traffic efficiency (i.e., Jy; in (4.15)), while fuel consumption is modeled at the vehicle-scale
(i.e., Js. in (4.15)). For constraints, naturally, signal related constraints in A1 should be
included in the slower-scale control problem and vehicle dynamics and related constraints
should be included in the faster-scale vehicle control, while special attention should be paid
to the coupled signal-vehicle control constraints (4.12). In addition, approximation is neces-
sary during the decomposition due to the change of time scale or for simplification purposes.
For example, since ATy is relatively large (e.g., 5 seconds), a vehicle can accelerate or de-
celerate to almost any desired speed during the interval, no mater what the initial speed
is. Therefore, for the slower-scale signal control problem, the first part in Equation (4.4)
can be assumed to always satisfy and thus ignored. Next we present in detail how the two

sub-problems are constructed.
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4.3.1 Signal control: the slower-scale problem

As discussed above, the objective of the slower-scale problem A1 is to improve efficiency,

which can be expressed as

J:Z ' Z gi; (ko) AT, (4.16)

Also intuitively, instead of the acceleration a; j(ks), vehicle speed v; j(ks) can be used as
the new decision variable for the signal-control problem. To reduce the complexity while
describe reasonable dynamics, we further assume that the acceleration/deceleration is con-
stant during the whole slower-scale interval. For example, if a vehicle tries to accelerate from
0m/s to 10m/s, it is assumed that the vehicle adopts 2m/s? as the acceleration. In this way,

Equation (4.4) can be reduced to

A A V; /% +vi7<l%s—
suslle) = sy — 1) = Dl Vil

Yar, (4.17)

The traffic rule constraint in A1, i.e., Equation (4.12), does not apply exactly. In A1,
the time scale is small such that, for a vehicle passed the intersection, there must be at least
one trajectory point locating at [S;max, Sjmax T Sjsafe]. However, this is not the case when

the time scale increases. Therefore, we modify this constraint by

(ks — 1) — gis(ky) — r;(ks) < 0. (4.18)

Equation (4.18) shows that, if g; ;(ks—1)—g; j(ks) > 0, i.e., the vehicle crossed the intersection
at time step ks, 7;(ks) = 1. Further, (4.9) and signal/vehicle related constraints, i.e., (4.2),
(4.3), (4.6), can directly apply. The slower-scale problem can then be formulated as A2

nj TS 4ks—1
min Z Z Z gm (4.19)
1(ke) i, (ks) j=1i=1 i _
subject to, for ks € ks, ks + 1% — 1],
7 7 0,5 ]%s 1] ]%s —1
S15(ke) — suglhy — 1) = sl H sk = 1) g, (4:200)

2
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Si,j(]%s) - Sifl,j(ifs) > Th’Uz‘,j(iCs) + do (4.20Db)
o MgiJU%S) < Si,j(]%S) — Sj,max < M(l - gi,j(lgs)) (4200)

913 (ks = 1) = gij(ks) — (k) < 0 (4.20d)

o “ . 1T R . 1T

A [m(ks) pa(ks) -+ pL(ks)} = [rl(/cs) ro(ks) oo rylky) (4.20€)
L

> m(ks) =1 (4.20f)
=1

i (k) pi(ks),r(ks) € {0,1}, 055 (k) € [Vmins Vinax] (4.20g)

Sm’(ks) = Sg,ks7 vi,j(ks) = Uf,ks- (4.20h)

In A2, signal phase p and vehicle position s are the state variables, while p and vehicle
speed v are the control variables. sg”ks and vf r, are the initial position and speed of vehicle i
at lane j at time point k; (i.e., obtained by solving A2 at time ky_;). Compared with problem
A1, the scale and complexity of problem A2 are largely reduced, making it solvable. The
output of A2 is the signal phase plan and the position of every vehicle at the slower-scale
(i.e., larger) time interval. The signal phase plan can be used to control the signal, while
the position of each vehicle is used as the guidance to design more detailed trajectory for

individual vehicles.

4.3.2  Vehicle control: the faster-scale problem

The faster-scale problem is constructed for time ky = kg * ﬁ%. Let s; jx, be the k, (k, =
1,2,..., h) reference position point (in the slower-time scale) for vehicle i at a specific lane j,
which is given by solving the slower-scale problem as discussed above. And let t; ;; be the
corresponding time points. The faster problem is to determine the trajectory for each vehicle
to follow the position guidance from the slower-scale problem and satisfy the traffic rules.
Since we only consider the longitudinal vehicle control, a specific vehicle can interact with

the front and/or following vehicles on the same lane. Therefore, we formulate the faster-scale

problem for each lane separately. For lane j, the faster-scale problem is formulated as an
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non-linear program (denoted as A3):

, hﬁ;; k-1
min Z > fiilky) ATy (4.21)
nah) kp=ks
subject to, for ]%f € (kg ky+ hﬁ%],

Vi (k) — vk — 1) = aq;(ky — 1)AT} (4.22a)
sij(ky) = sij(ky —1) = vy (ky — 1)ATy (4.22b)
sig(ky) = sicn(kp) = i (k) + do (4.22¢)
Sii(tijn,) = Sijk, =0,k =1,2,...,h (4.22d)
;i (ky) € [Omin: Gmax), i (kf) € [Vmin, Vinax] (4.22¢)
Sij(ks) = Sipp,  vij(ky) = vig,. (4.22f)

In A3, constraints (4.22a) - (4.22c) show that vehicles should follow the accurate ve-
hicle dynamics and car-following safety constraints as in A1l. Constraint Equation (4.22d)
indicates that the vehicle positions generated by A3 should be the same as the guidance
trajectory points generated by the slower-scale problem A2. This is the exact mathemat-
ical expression of keeping consistency of the states between the two scales. The objective
function of A3 is to minimize the fuel consumption of all vehicles. The traffic efficiency (or
mobility) objective is already guaranteed by (4.22d), i.e., the vehicle needs to be at certain
position at certain time (predicted by the slower-scale problem).

Note that A3 is a non-linear programming (NLP) problem with linear constraints and
should obtain an optimal solution as long as its feasible set is not empty. The feasibility
of A3 is mostly guaranteed. The vehicle positions generated by A2 are feasible since the
optimal control variables v; j(ks) are feasible and the positions are calculated by Equation
(4.20a). For A3, we can construct a feasible solution using constant acceleration a; ; between
two consecutive slower points, i.e., a; ;(kf) = (v; (ks +1) —v; j(ks))/AT; for all ks € [k, ks +

1]. However, there might be extreme situations such as vehicle accidents which make s; ;
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not reachable (i.e., (4.22d) does not hold exactly). In the stability proof, we do need the
assumption that A3 is feasible.

We conclude this section by showing the dimensions of problems A1, A2, and A3. Here
dimension means the number of binary variables, as this is the most critical to determine
the computational burden to solve the three problems. The original problem A1 is a mixed
0-1 integer non-linear programming problem. For A1 at a specific slower time step, let nyen
be the number of vehicles within the communication range of the studied intersection, ng,,
be the number of binary variables in A1, and recall that T is the number of prediction

steps, AT is the slower-scale step duration, and AT} is the faster-scale step duration, the

s s AT,
VarT AT;

dimension of A1 is roughly nenn . It requires exponential time to solve mixed integer
programming problems in the worst case. Solving A1 could be quite time consuming. After
applying the MPC scheme, A2 becomes a mixed 0-1 integer linear programming problem

with a dimension of nyenns, T° where nf  is the number of binary variables in A2, and A3

is a non-linear programming (with no binary variables) which can be solved in polynomial
time. Compared with A1, the overall time complexity of A2 and A3 decreases dramatically.
In this study, as will be discussed in the numerical section, we set 7% = 6, AT, = 5s, and

ATy = 0.2s, and n,, = 4 and n/,

var var

= 3, unless noted otherwise. The dimensions of Al
and A2 are 600n., and 18n.ep, respectively. Considering the worst case exponential time
complexity of the mixed integer programming, the running time of A2 can be largely reduced

due to the dramatically reduced number of binary variables when compared with A1.

4.8.8  Stability analysis of the MPC' scheme

We analyze and prove the stability of the MPC scheme in this section. We first intro-
duce additional notation used in the analysis. Let a real-valued scalar function ¢ : R, —
R, belongs to class (¢ € K) if it is continuous, strictly increasing and ¢(0) = 0. Let
x(ks) be the state of A2. Note that for signal control, the state variable is also the con-
trol variable, thus does not have stability issues. In this section, (k) consists only of

the vehicle states, i.e., g; j(ks) (which is also the mapping of s;;(ks) by Equation (4.9)).
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Let X denote the state space. Let X;(7%) € X be the set of feasible states for prob-
lem A2. Let X7+ € X denote the desired target set that contains the origin. Let AN
be a neighborhood of the origin N' € X;. Let Z(ks, ts) denote the state vector of the
newly arrived vehicles during the time step [ks, ks + t], and let n(ks, ts) denote the total
number of Z(ks,ts). Assume p*(ks) = [p*(kslks),p* (ks + 1|ks)...p"(ks + T° — 1|ks)] and
v (ks) = [v*(ks|ks), v* (ks + 1|ks) ... v*(ks + T° — 1|ks)] be the optimal control sequences for
the signal and all vehicles at time step kg, let s*(ks) = [s*(kslks), s* (ks + 1|ks) ... s*(ks +
T° — 1]ks)] be the positions generated by the optimal control variables of A2, and let
g (ks) = 9" (ks|ks), g* (ks + 1|ks) ... g" (ks + T° — 1|ks)] be the corresponding vehicle posi-
tion indicators. Note that all the above optimal control and state variables are for A2 at
time k,. Denote pMPC(k,) = p*(kq|ks) and vMPC(k,) = v*(ki|ks). Let J(z(ks), p(ks),v(ks))
be the objective function of A2 and also define I(x(ks|ks), p(ks|ks), v(ks|ks)):

(k) plko) v(ke) = D> Y, 9ia(ka)AT,, (4.23)

Here k, indicates the step within the prediction horizon. Note that {(z(ks|ks), p(ks|ks), v(ks| ks )

is bounded and monotonically nonincreasing with ks. We have

T5+ks—1

J((ky), pks), v(k)) = > Ua(klks), plkalks), v(klks)). (4.25)

ks=k

Denote the MPC value function at time step ks as the minimum objective value

VM (a(k)) = inf (el p(k), v(k) = J(alk).p (k)0 (k). (420

Denote the augmented MPC value function at time step k; as

VMPC (2(ky), #(ky, N)) = VMPC(2(ky)) 4 7a(ks, N)T*AT,. (4.27)

which is the sum of MPC value for vehicles at time step ks and the objective value of the

vehicles that will arrive in the next N steps, i.e., during [k, ks + N|, assuming that all newly
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arrived vehicles do not cross the intersection during the whole prediction horizon T%. N is
assumed to be a large integer compared with 7°. Note the augmented MPC value function
(4.27) takes into account of the vehicles that will arrive in the future, and considers the
“worst” case scenario, i.e., one of the newly arrived vehicles will pass the intersection by the
end of the prediction horizon. It turns out that such an MPC value function is a proper
Lyapunov function to establish the asymptotic stability of the MPC scheme for the two-scale
SVCC problem; see the proof of Theorem 1.

We firstly show a Lemma in order to further prove the stability of the problem A2.

Lemma 1. For A2 constructed at time ks, the prediction horizon T® can be specified such

that all vehicles at time step ks can pass the intersection at the end of the prediction horizon,

i.6., givj(Ts + k’s - 1) =0.
Proof. Consider an optimal sequence of the controls:

p*(ks) = [p*(k5|k5),p*(krs + 1|ks> 3 .p*(kis +71° — 1|k5)]
0" (k) = [0 (halke), 0" (ko + 11R), 0 (s +T° — 1K)

(4.28)

obtained by solving A2. This optimal control sequence should clear all the vehicles “as
soon as possible”. This can be proved by contradiction. Assume there exits a time step ks
such that a vehicle (i, j) can pass the intersection, i.e., gm-(/;;s) = 0, with all the constraints
satisfied. This actually constitutes a feasible control sequence, denoted as v(l%s|k’5). Assume
that the optimal control variable U*(IA{SUCS) prohibits the vehicle to cross the intersection,
ie., g;j(I%S) — 1 (and all other variables stay the same). We can easily see that v*(k,|ks)
leads to a larger objective function (i.e., due to Equation (4.19)). That indicates the control
sequence v*(k,) is not optimal, which conflicts with the assumption that v*(ks|k,) is optimal.
Since the number of vehicles around the intersection at time k; is finite, all vehicles can be

cleared in a finite time. In fact, the roads around an intersection have physical length and we

consider the vehicles on a range close to the intersection. Such a time should have a upper

bound, which is denoted as 7. Let T = 27", we have gi;(T° —1)=0. H
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We then state the following theorem for the stability of the slower-scale MPC problem
A2.

Theorem 1. Assume A3 is feasible, then:

(1) If A2 is feasible at time ks for state x(ks), A2 is feasible at time ks+1 for state x(ks+1)
after applying the first elements of the optimal control sequences, i.e., pMP¢(z(k,)) and

vMPC (k) to the system.

(i) The origin of the MPC system is asymptotically stable in the Lyapunov sense.

Proof. (i) Since A3 is feasible based on the assumption, A3 obtains an optimal solution
as it is a linear program. The state consistency constraint (4.22d) can be satisfied after
solving A3 and s*(ks + 1|ks) can be reached after applying the solutions of A3 for
the time period [ks, ks + 1]. This enables us to construct a shifted sequence of controls
based on the optimal control sequence at time step ky (i.e., Equation (4.28)) as the

feasible solution for next time step ks + 1):

plky +1) = [p*(ky + 1|k, p* (ks 4 2|ks), - ... p* (ks + T|ks), p(ks + T+ 1), ..., p(ks + T°)]

V(ks 4+ 1) = [U* (kg + 1|ky), v* (ks 4 2|ks), ..., 0" (ks + T|ky), v(ks + T + 1), .., v(ks + T%)].
(4.29)

where T is the same as the one in Lemma 1. To prove the feasibility, noticing that
s*(ks + 1|ks) is the initial condition for the problem at step ks + 1, if we firstly apply
the 1 to T optimal control sequence of the problem at step k,, all vehicles at time k;
should have passed the intersection at T'. If there are vehicles that haven’t passed the
intersection at time T, those vehicles must be the newly arrived vehicles during step
[ks, ks + 1]. The number of newly arrived vehicles 7(ks 4 1) is finite and usually small.
Same to the arguments in Lemma 1, those newly arrived vehicles can be cleared using
another T’ time steps. Therefore, we have z(k, + T¢|ks + 1) € {0} = Xps, ie., all

vehicles at time step ks + 1 (both existing and newly arrived) can pass the intersection
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at the end of the prediction horizon. This implies that problem A2 is feasible for state
x(ks +1).

Equation (4.24) shows that for A2 constructed at kg, [(x(kq|ks), p(ks|ks), v(ks|ks)) >
AT;. Otherwise, if [(x(ks|ks), p(ks|ks), v(ks|ks)) = 0, all vehicles have passed the in-
tersection at the current step ks and there is no need for the signal and vehicle con-
trol. Considering that z(ks) is bounded, we can find a function ay € K such that
Uz (ks|ks), p(ks|ks), v(ks|ks)) > aq(||x(ks)]|) for all z € X¢(T). For example, oy could

be a linear function of the L1 norm of z(k,) with a slop less than ATy. Thus, we have

VM (a(ky), 2(ks, N)) 2 VMO a(ks)) 2 U (ky), P (), oM (k)

> ay ([l (ks)|)-

(4.30)

For a neighborhood region of the origin N € X;(T*%), since I(z(k|ks), p(ks|ks), v(ks|ks))
is bounded and non-increasing as l%s increases from kg to T° + k, — 1, we can find a
function day € K such that [(z*(ks|ks), p*(ks|ks), v*(ks|ks)) < Ga(||lz*(ks|ks)|) for any
optimal p*(ks), v*(ks), initial state x*(ks|ks) € N, and by =ke ke +1,...,T5+ks— 1.
For example, let L be the upper bound of [ which represents the production of the
total physical vehicle capacity of the roads around the intersection and the slower time
interval, ay could be a linear function of the L1 norm of x(0|ks)with a slop larger than
LAT,. Tn addition, @ (.) can be extended to satisfy ni(ks, N)AT, < do(||Z(ks, N)||) by
increasing the slope based on the upper bound of the number of arrived vehicles during

[ks, ks + N|, which should be a finite value. Thus, we have

VMPC (2(ky), #(ky, N)) = VMPC(2(k,)) 4 7u(ks, N)T* AT,
= S alhlls), pOElRs), o)) + Ay, N)AT, (4.3
ks=ks

< 276 ([|x(ks), Z(ks, N)I))-

Therefore, we have VMPC(z(k,)) < as(||z(ks)||) with as(.) = 2T%a4(.). By optimality,
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we have
VMPC(2(ks + 1), @ (ks + 1, N)) — VMPC(2(ky), #(ks, N))
= J(x(ks +1),p" (ks + 1), 0" (ks + 1)) — J(x(ks), p" (ks),v"(ks))
+ (A(ks + 1, N) — 7i(ks, N)) T*AT, (4.32)
< J((ks +1),p(ks + 1), v(ks + 1)) = J(2(ks), p*(ks), v (ks))
+ (n(ks + 1, N) — n(ks, N)) T° AT,
As discussed earlier (the paragraph after Equation (4.27)), N is a large integer, we have
n(ks + 1, N) — n(ks, N) — —n(ks, 1). Thus, we have
VMPC (kg + 1), 8 (ks + 1, N)) — VMPC(2(ky), 3 (s, N))
< J(@(ks + 1), plks + 1), 0(ks + 1)) = J(@(ks), p7 (ks), 0" (ks)) — 2k, )T°ATS,
(4.33)
Notice that the control sequences for ks+1 is constructed in Equation (4.29) by shifting
the control sequences at k, and all the vehicles at step ks have crossed the intersection,
the states and objective values for the vehicles that are already included at ks do not
change along the prediction horizon. Recall that z(ks, 1) denotes the state vector of
the newly arrived vehicles during the time step [k, ks + 1]. The control sequences at
time step ks +1, i.e., p(ks+1) and v(ks + 1), are constructed by Equation (4.29), where
vehicles at time step ks should be all cleared at T. We have
J(x(ks + 1), p(ks + 1), v(ks + 1)) = J((ks), p* (ks), 0" (Ks))
T°+ks
= Y Ua(klks + 1), plkalks + 1), v(ks|ks + 1))

ks=ks+1
T34+ks—1 ) R .
- Z U (kslks), p* (ks|ks), v (ks |ks))
ks=ks
Tks R X R
= Z U (kslks), p* (ks|ks ), v* (ks |ks))
ko=ks+1
T3+ks . A .
+ Y W@ (hlk 4 1), p(halks + 1), v(ky| ks + 1)) (4.34)

ks=ks+1
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- l(:c(ks|ks),pMPC(kS|ks), UMPC(kS‘ks»

Ttks

+ Z k |k (l%s|k5),v*(i€5|ks))
k:s ks+1

_l(w(kS‘k5>7PMPC(l€5’k8)aUMPC(kS‘kS))
T°+ks . .

+ > UE (kb + 1), kil kg + 1), v(ks| ks + 1)).
ks ks+1

where [(Z(k|ks + 1), p(ks|ks + 1), v(ks]ks + 1)) is the objective value for the newly
arrived vehicles during [ks, ks + 1] at time step k,. Recall that 72(k,, 1) denotes the total
number of vehicles arrived at that duration, the upper bound of 1(Z(ks|ks+1), p(ks| ks +
1), v(ks|ks+1)) at any time step kq is 7i(ky, 1)ATy, ie., all newly arrived vehicles haven’t
cross the intersection at /%S. Thus, we have

TS +ks
D W@ (kalks + 1), plhl ks + 1), v(ka| ks + 1)) < 7ilks, )T AT, (4.35)

ko=ks+1

Combine Equation (4.33) (4.34) (4.35), we have

VMPC (kg + 1), & (ks + 1, N)) — VMPC(2(k,), #(ky, N))
< (ks + 1), plks + 1), v(ks + 1)) = J(x(ks), p*(ks), v* (ks)) — fu(ky, 1)T°AT,
— (@ (kslks), M7 (ks ks ), ™M (K s))

Tg+ks
+ ) Ukl + 1), p(hslky + 1), v(kslky + 1)) — fi(ky, 1) TAT, (4.36)

ks=ko+1

— U (kg|ks), PP (kglks), VMO (R |Ey)) + R(ky, 1)TSAT, — ks, 1)T*AT,
= _l(x(k8|k8)apMPC(k8|kS)a'UMPC<kS|kS))

< 0.

Therefore, VMPC is a Lyapunov function for problem A2. Based on the Lyapunov

stability theorem, Theorem 1 holds.
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4.4 Numerical experiments

In this section, we first illustrate the settings of the numerical experiment including the sim-
ulation platform, the intersection geometry and volume scenarios, and the fuel consumption
model. Then, we conduct sensitivity analysis of key MPC parameters to test the perfor-
mance of the scheme. We next show the overall performance (average fuel consumption,

delay, and queue length) and detailed trajectory analysis of the proposed multi-scale model

and a benchmark method.

4.4.1 Ezperiment settings
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Figure 4.3: The intersection at the Fairview Avenue and the Denny Way, Seattle
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Figure 4.4: The candidate signal phases
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We set up the simulation model based on a real-world intersection at the Fairview Avenue
and the Denny Way (one of the major signalized intersections in downtown Seattle, USA) and
use it to test the proposed multi-scale control model. The intersection is shown in Figure
4.3. We made two modifications in building the simulation model. First, as this study
focuses on SVCC, the pedestrians are neglected (we will discuss how to consider pedestrians
in Section 7). Second, for the original intersection, the lengths of the four legs vary from 50m
to 250m. To simplify the geometry to better test CAVs, we set the length of each leg the
same (300m is used here) and the CAV communication range as 200m. After the revision,
the intersection becomes a typical four-leg intersection with four approaches (each with three
incoming lanes including a dedicated left-turn lane) and twelve movements. There are eight
candidate phases for the studied intersection, which is shown in Figure 4.4 (see also Roess
et al. [2004]). As an illustration, NgSg represents the “Northbound & Southbound Straight”
phase.

Inspired by Vellamattathil Baby et al. [2020], we use the same third degree polynomial
function of velocity and acceleration as the fuel consumption model, which is fitted based on

the experimental data for Ford Focus (Ford [2021]):

fig(ky) = 0.2736 4 0.05993v; ;(ky) + 0.3547a; ;(ky) — 0.005804v; ; (ky)
+ 0.01787v; j (ks )as j(kr) 4 0.06633a7 ; (ks) + 0.0001888v; (k) (4.37)

+0.00195907 ; (kg )ai j(kf) + 0.02447v; j(ky)a? ;(kg) — 0.04892a; ;(ky).

We compare the proposed multi-scale method with the traditional actuated signal control
method. Actuated signal control relies on loop detectors to obtain information of surrounding
vehicles, and extend the green time if there are incoming vehicles under the current phase,
until the green time reaches the maximum green time or an arrival gap is detected. It can
adjust the green time for each phase based on real-time traffic conditions using a simple logic,
making it the most popular method in real-world advanced traffic signal control. Hereafter
in this study, the actuated signal control and the proposed method are denoted as Actuated

and Multiscale, respectively. Note that this study is mainly to propose the multi-scale control
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framework, its application to SVCC, and the MPC scheme. Thus we only compare it with
actuated signal control to illustrate that the proposed framework can produce reasonable
performance. The sequence order of the Actuated signal control is NgSg — NS, =& EsWg —
ELWy.

For each leg around the intersection, the real volumes are around 250 veh /hour for normal
hours and 400 veh/hour for peak hours. We consider these values as the medium volume
scenario, and vary the values to create the low and high volume scenarios (which are shown in
Table 4.2). In addition, we create asymmetric volume scenarios by increasing the eastbound
and northbound volumes and reducing the westbound and southbound volumes to test the
performance under unbalanced volumes. The simulation period is set to 30 minutes. In
order to capture dynamic volumes, the volumes increase from minimum to maximum linearly

through the simulation period.

Table 4.2: Volume settings

symmetric asymmetric

low medium | high low medium | high

min | max | min | max|min|max | min | max | min | max | min | max
WE straight 1001 200 {250 | 400 | 400 | 600 | 250 | 400 {400 | 600 | 550 | 800
WE left/right turns| 33 | 67 | 83 | 133 133|200 | 83 | 133 | 133|200 | 183|267
SN straight 1001 200 {250 | 400 | 400 | 600 | 250 | 400 {400 | 600 | 550 | 800
SN left/right turns | 33 | 67 | 83 | 133133200 | 83 | 133 [133]200 | 183|267
EW straight 100 | 200 | 250 | 400 [ 400 | 600 | 125|200 | 200 | 300 | 275 | 400

EW left /right turns| 33 | 67 | 83 | 133 [133]200 | 41 | 67 | 67 | 100 | 91 | 133
NS straight 100 | 200 | 250 | 400 [ 400 | 600 | 125|200 | 200 | 300 | 275 | 400
NS left/right turns | 33 | 67 | 83 | 133 133|200 | 41 | 67 | 67 {100 | 91 | 133

We integrate Python, General Algebraic Modeling System (GAMS), and Simulation of
Urban Mobility (SUMO) as the simulation platform. SUMO is used to build the simulation
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environment and visualize the traffic states, GAMS is used to solve the slower-scale problem
A2 and faster-scale problem A3, and Python is used to bridge the SUMO and GAMS.
The Solving Constraint Integer Programs (SCIP) is used to solve the slower-scale problem in

GAMS, and the Interior Point OPTimizer (IPOPT) is used to solve the faster-scale problem.

4.4.2  Sensitivity analysis of the MPC scheme

First, it should be noted that the original multi-scale problem A1 for the single intersection
SVCC cannot be solved in acceptable time (on a computer with Intel(R) Core(TM) i9-
9900K CPU and 32GB RAM) due to the large number of binary variables. This is also the
reason why we propose the MPC-based scheme in this study. There are essentially two key
parameters that might influence the control performance of the MPC scheme: the prediction
horizon of the slower-scale problem (7°) and the number of slower steps used by the faster-
scale problem (h). Based on our observation, parameter h has a minor effect on the control
performance, as long as h >= 2. This is because the positions have been determined by the
slower-scale problem at those critical time points, leaving less freedom for the faster-scale
problem to increase the performance by using a long optimization horizon. The performance
gain when h increase from 1 to 2 is achieved by the fact that the faster-scale problem can
design better trajectories (especially the speed profiles) if more than one critical points are
given. In this study, we will use h = 3.

For T, it is intuitive that the longer the prediction horizon is, the better the control
performance may be. However, longer prediction horizon also increases the size of A2 and
leads to longer computation time. Thus, a balance is needed between the performance and
the computation cost when choosing a proper 7°. We next show the control performance of
the proposed algorithm under different prediction horizon T*¢ in Figure 4.5. This is tested
under the symmetric volume setting, different line types represent different volume levels,
i.e., low, middle, and high. The performance is evaluated by the average fuel consumption,
average waiting time, average queue length under the symmetric volumes, and the run time

of the overall algorithm. We collect the fuel consumption calculated by the SUMO internal
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fuel consumption model (the external model shows similar results thus we only present the
fuel calculated by the SUMO model here for brevity). The waiting time of a vehicle is
calculated by the total time when the speed is less than 0.1m/s during the trip. The queue
length of a lane at a specific time instant is calculated as the position of the last vehicle with
speed less than 0.1m/s. For the run time, we use the run time of 7° = 4 as the base for each
volume level, and use the relative increment of the run time under each prediction horizon

to evaluate the run time performance.
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Figure 4.5: Control performance under different prediction horizons, symmetric volumes

As shown in Figure 4.5, in general, for all three volume levels, as the prediction horizon T
increases, the overall control performance improves regarding the fuel consumption, waiting
time, and queue length. However, the run time also increases with 7°. In particular, the
control performance improves dramatically when T increases from 4 to 6, then improves
relatively slowly with possible fluctuations (e.g., for queue lengths). For each volume level,
the run time does not change too much as 7 increases from 4 to 5, then increases a bit
from 5 to 6, and increases nearly linearly after that. Therefore, T° = 6 can be regarded
as an elbow point of the algorithm, which can best balance the control performance and
the computation time. We further test the asymmetric volume settings and similar trends

can be observed, with more fluctuations of the performances as T increases. Based on the
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numerical results, we set 7° = 6 in the numerical experiments in this study.

4.4.3  Overall performance analysis

Table 4.3 shows the performance of the two control methods. We use the same performance
measures as shown above, plus the average time loss (i.e. delays). The time loss of a vehicle
is calculated as the time lost due to travelling at speed below the maximum speed. In
addition, apart from the fuel consumption calculated by the SUMO internal fuel model,
we also calculate the fuel consumption by the external model Equation (4.37). We note
the external model as Avg. fuel I and the SUMO internal fuel model as Avg. fuel II. It
turns out that, the two fuel consumption calculation methods, despite the discrepancy in
absolute values, produce similar values and trends. All changes in the Multiscale methods
are calculated compared with the Actuated method.

Table 4.3 shows the performance of the three methods considering average fuel consump-
tion, average waiting time, average time loss, and average queue length under the symmetric
volumes. We calculate the fuel consumption by two different methods: the external model
Equation (4.37) (noted as Avg. fuel I), and SUMO internal fuel model (noted as Avg. fuel
IT). The waiting time of a vehicle is calculated by the total time when the speed is less than
0.1m/s during the trip. The time loss of a vehicle the time lost due to travelling at speed
below the maximum speed. The queue length of a lane at a specific time instant is calculated
as the position of the last vehicle with speed less than 0.1m/s. All changes in Intelligent and

Multiscale methods are calculated compared with the Actuated method.

Symmetric volumes Asymmetric volumes
Volume type Metrics Multiscale Multiscale
Actuated Actuated
value change value change

Avg. fuel I (mg/m) 0.11  0.08 -27.27% 0.11  0.08 -27.27%
Avg. fuel I (mg/m) 011  0.09 -18.18% 0.12  0.09 -25.00%
low Avg. waiting time (s) 12.02  6.15 -48.84% 13.48 6.65 -50.67%
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Avg. time loss (s) 23.58 11.85 -49.75% 26.02  12.84 -50.65%

Avg. queue length [m] 647 524 -19.01% 821  5.87 -28.50%

Avg. fuel I (mg/m) 0.11  0.08 -27.27% 0.11  0.08 -27.27%

Avg. fuel IT (mg/m) 0.12  0.09 -25.00% 0.13  0.10 -22.71%

medium  Avg. waiting time (s) 16.31  7.89 -51.62% 17.44  8.50 -51.26%
Avg. time loss (s) 29.57 15.02 -49.21% 31.54  15.9 -49.59%

Avg. queue length [m] 10.19  6.63 -34.94% 12.30 7.83 -36.34%

Avg. fuel I (mg/m) 013  0.09 -3522% 0.13  0.09 -30.77%

Avg. fuel I (mg/m) 018 010 -45.31% 017  0.10 -40.89%

high Avg. waiting time (s) 41.31 10.89 -73.64% 33.96 11.06 -67.43%
Avg. time loss (s) 28.18 19.22 -31.80% 50.96 19.62 -61.50%

Avg. queue length [m] 28.19  9.81 -65.20% 26.56 10.43 -60.73%

Table 4.3: Experiment results

For the low volume scenario, compared with the Actuated method, the Multiscale method
can improve the performance considering the fuel consumption, waiting time, time loss, and
queue length. For the medium volume scenario, the level of performance improvement of the
Multiscale method is similar to that the low volume scenario, but with small increment for all
metrics. For the high volume scenario, the performance improvement becomes even higher.
For example, the fuel-saving performance improves by 35.22% and 45.31%, respectively, by
the two fuel consumption calculation methods. Same pattern can also be observed in the
table for waiting time, time loss, and queue length. Another interesting observation is that
although we use the external fuel consumption model (Equation (4.37)) in the multi-scale
framework due to its calculation efficiency, the generated control strategies perform fairly
well when evaluated by either the external fuel consumption model or the internal SUMO

fuel consumption model. Similar trends can also be found under the asymmetric volume
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scenarios from Table 4.3; we omit the detailed discussions for brevity.
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Figure 4.6: Total queue length around the intersection

To have a deeper understanding of the control performance, we show the total queue
length around the intersection during the whole simulation in Figure 4.6. The total queue
length is calculated by summing up the queue length of all the 12 incoming lanes around the
intersection. It is shown that, under Multiscale control, the overall queue length is less than
that under Actuated control. Another observation is that the Multiscale method tends to
generate more large fluctuations. But the absolute fluctuation values are still less (or at the
same level) than normal values under the Actuated control. Nevertheless, the fluctuations
usually vanish within a very short time and the total queue length will become normal.
In addition, the Multiscale method can clear the intersection sooner than the Actuated
method. The good traffic control performance of the Multiscale method comes from two
aspects. First, using the Multiscale method, the vehicles can be better controlled by the
faster-scale vehicle control problem. However, there is no vehicle control for the Actuated

signal control. Second, the Multiscale usually generates better signal plans compared with
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the Actuated method by selecting signal phases that are more adaptive to real-time traffic
conditions. To show this, we plot the duration distributions of each phase (i.e., Figure 4.4) in
Figure 4.7, and the usage proportion of each phase in Figure 4.8. The phase number in these
two figures are the index of the phases in Figure 4.4, starting from the leftmost (indexed as
1) to rightmost (indexed as 8). For the duration distribution, we collect the duration of each
phase whenever it is used, and show the results using box plot. For the usage proportion,
we calculate the total duration of each phase and divide it with the total simulation time.
It can be shown from these two figures that the Multiscale method is more flexible than the
Actuated signal control. First, the Multiscale method utilizes all the 8 phases to manage
the traffic based on corresponding traffic conditions. On the contrast, the Actuated signal
control is limited by the design and can only use 4 phases to manage the traffic. Second,
the Multiscale method could use more flexible phase duration such as 5 seconds to deal with
minor traffic (but could have longer waiting time). The Multiscale method could terminate
a phase even there are vehicles coming for the current phase to serve other phases which
could provide larger benefits. The Actuated method, however, could be easily triggered by

incoming vehicles and fail to serve other phases adaptively.
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Figure 4.8: Usage proportion of each phase

In summary, compared with the Actuated method, the Multiscale method can reduce

the fuel consumption, waiting time, time loss, and queue length under all volume scenarios
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tested in the table, and the reductions increases as the volume increases.

4.4.4  Vehicle trajectory analysis

In order to better understand the performance of different control methods, we firstly show
the aggregated trajectories of all WE straight vehicles under the high symmetric volume in
Figure 4.9. For each vehicle, the time when it enters the communication range is set as

zero. We plot every vehicle’s trajectory in the same figure and refer it as the ”aggregated

Y

trajectories,” which can help clearly show the overall performance of all vehicles. The figure

shows that the Multiscale method can largely reduce the delay and the maximum queue
length of WE straight vehicles. In fact, we can observe similar trends for the vehicles of other
movements, which are omitted here for brevity. Compared with the Actuated method, the
Multiscale method can better balance the signal phases and timings for different movements,

thus reducing the travel times and queue lengths.
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Figure 4.9: Trajectories of all WE straight vehicles for different control methods
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Another observation is that, although we did not explicitly include any vehicle platoon
model in the Multiscale method (in either A1 or A2), there are platoon patterns showed in
the results. To see this, we plot every single trajectory of the WE straight vehicles during
the first 600 seconds under the Multiscale control in Figure 4.10. In this figures, the red
dotted lines indicate that the signal phase for the WE straight vehicles are red (thus the
blank intervals indicate green phase). Note that for the Multiscale method, any phase in the
8 candidate phases (Figure 4.4) can be selected. There are some green phases without any
trajectory, e.g., around 80s. This is because there are two phases that the WE vehicles can
pass the intersection, i.e., EsWg and EgEp, the blank green phases are used for left-turning
vehicles. We can see that, from time to time, vehicles did arrive in platoons, e.g., around
t = 120s, 180s, 500s, 550s, etc. The Multiscale method designs signal timing in such a way
that vehicles in the same platoon often passes the intersection (and waits in the same queue
if needed) during the same green time. This implies that the method can somehow capture
the arriving patterns of the vehicles, and the arrival platoons are usually maintained when

passing the intersection.
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Figure 4.10: Trajectories of WE straight vehicles during first 600 seconds for the Multiscale
method
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We then show how the Multiscale method reduce the fuel consumption of individual
vehicles. Observing that most fuel-savings are achieved during the deceleration process
before the stop line, we show in Figure 4.11 the speed and instantaneous fuel rate (calculated
by the default SUMO fuel consumption model) of two selected vehicles controlled by the
Actuated and Multiscale methods respectively. The negative values of the horizontal axis
indicate the time before the vehicle completely stops. It can be shown from the speed
profile that, under the Multiscale method, the vehicle decelerates much earlier than the
vehicle under the Actuated method (which is the default car-following model in SUMO).
During the deceleration period, the fuel consumption is nearly zero. Under the Actuated
method, the vehicle maintains a relatively high speed with fluctuation and decelerate more

abruptly compared with the vehicle under the Multiscale method, which leads to more fuel

consumption.
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Figure 4.11: Trajectories of two vehicles for different control methods

There are only two vehicles illustrated in Figure 4.11. To have a better understanding of

the general behavior, we collect the trajectories of all WE straight vehicles with stops before
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the stop-line and plot the heat-map of the trajectories in Figure 4.12. The precision of the
time (i.e., horizontal axis) is 0.5s and the precision of the speed is 1m/s. The color of a
cell in Figure 4.12, say the i-th time window (column) and the j-th speed (row), represents
the “density” of trajectories of that cell, i.e., the number of trajectories locates in the cell
divided by the total number of trajectories locates at the i-th time window (across all speed
windows). The sum of cell values of each time window is thus 1. A high value of a cell (with
certain speed) indicates that, at a specific time window, there are more trajectories with the

speed at the corresponding speed window.
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Figure 4.12: Heatmap of the vehicle speed before stopping of all WE straight vehicles for

different control methods

There are several observations from Figure 4.12. First, the upper right boundaries of the
Actuated and Multiscale methods are similar, indicating that the most radical deceleration
processes generated by the Multiscale method is similar to those generated by the Actuated
method. Second, under the Actuated method, the deceleration processes are quite concen-

trated, which is similar to the one in Figure 4.11. However, under the Multiscale method,
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there are more trajectories locate at the left side compared with the Actuated method, indi-
cating that there are more cases where the vehicles decelerate earlier to save fuel. To have a
more intuitive understanding, we plot the similar heat-map for the instantaneous fuel con-
sumption rate in Figure 4.13. It is shown that the fuel consumption rate under the Actuated
method varies a lot before the stop, while the fuel consumption rate under the Multiscale
method concentrates on smaller values, which is consistent to the findings from Figure 4.11

and Figure 4.12.
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Figure 4.13: Heatmap of the instant fuel consumption rate before stopping of all WE straight

vehicles for different control methods

4.5 Summary

In this section, we modeled the SVCC problem as a two-scale problem. In order to efficiently
solve the formulated problem, we decomposed the integrated two-scale control problem to
two separate sub-problems (i.e., the faster-scale and slower-scale problems) based on the

scale and features of the SVCC problem. We also analyzed the stability of the corresponding
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MPC control scheme developed based on the slower-scale problem. The numerical experiment
results showed that, compared with traditional actuated signal control, the proposed method

could largely reduce the delay as well as the fuel consumption.
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Chapter 5

MULTI-SCALE SVCC UNDER MULTIPLE INTERSECTIONS
WITH MIXED TRAFFIC FLOW

In practice, urban traffic system usually consists of multiple intersections, i.e., on a traffic
network. Network-wide UTC is different from the single intersection control due to the need
to coordinate among different intersections. In addition, while CAVs are currently under
rapid developments and testing, it is expected that large-scale deployment of CAVs will take
some time and it will take even a longer time for the whole vehicle fleet to switch to all CAVs
or a high penetration of CAVs. Therefore, for a considerable period of time in the future, we
will likely have to deal with UTC with mixed traffic flow of CAVs and human-driven vehicles
(HDVs) on urban traffic networks. Section 4 focuses on single intersection and full CAV
penetration. This section aims to extend the multi-scale SVCC in Section 4 to network-wide

multi-scale SVCC with the mixed traffic flow.

As reviewed in Section 2, the literature on network-wide multi-scale SVCC with mixed
traffic flow is quite sparse. Researchers usually tackle this problem separately by focusing
on only one scale, i.e., either network-wide traffic signal control with CAVs (usually under
full CAV penetration, see Li and Ban [2020], Li et al. [2016b], Timotheou et al. [2014], Al Is-
lam and Hajbabaie [2017], Zheng et al. [2021]) or CAV control with mixed traffic flow (Hu
et al. [2018], Guo et al. [2021], Gong and Du [2018], Wang et al. [2020b]). Methods for the
first topic, i.e., network-wide traffic signal control with CAVs, can be broadly categorized as
model-based methods and learning-based methods. Each type of the methods can be further
categorized as centralized and distributed approaches. In general, model-based methods are
usually more robust and stable and learning-based methods often have higher computation

efficiency; centralized methods have the potential to guarantee global optimality and dis-
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tributed methods can better balance modeling capability and computational efficiency. Note
that most of the existing studies regarding network-wide traffic signal control assume 100%
CAV penetration in order to obtain the knowledge of the traffic states with a few exceptions
(Yang et al. [2021]). For the second topic, i.e., CAV control with mixed traffic flow, studies
can be categorized into to two types: flow-based traffic assignment and vehicle-based control.
The first approach aims to assign the CAV flows at least at the link level to achieve certain
goals such as improve the network-wide traffic performance. The second approach is more
microscopic, aiming to design CAV control algorithms with the considerations of surrounding
non-CAVs to improve CAVs’ and the traffic performance.

In the following of this chapter, we firstly adopt the distributed control as the fundamental
scheme for the network-wide control and use the information sharing technique to achieve the
coordination among different intersections (see Section 5.2.1). Under 100% CAV penetration,
we prove the control stability of the proposed network-wide multi-scale SVCC algorithm.
Then, in Section 5.2.2, we use CAV information to estimate HDV information and develop a
“safety check” technique to control the CAVs in the mixed traffic flow. Together, we propose
a network-wide SVCC framework with mixed traffic flow in Section 5.2.3. Finally, in Section
5.3, we test the proposed multi-scale SVCC algorithms under various traffic scenarios (i.e.,
a corridor, a synthetic traffic network, and a real-world traffic network) to demonstrate the

performance of the proposed algorithm.
5.1 Assumptions and notations

We firstly introduce the notation used in this section in Table 5.1 with most of the key
parameters illustrated in Figure 5.1. The notations are based on the notations for single
intersection (see Section 4.1). The main difference is that we add an intersection number m
to each variable to indicate different intersections. Note that i = 1,2,...,n7", j = 1,2,..., J™,
[ =1,2,.., L™, where n}" is the number of vehicles on lane j of intersection m, J™ is the
total number of lanes around intersection m, and L™ is the number of candidate phases of

the traffic signal at intersection m. m = 1,2, ..., M, where M is the number of intersections
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of the traffic network. In addition, k; is the time interval index of the slower-scale (i.e., signal

control) and k; is the time interval index of the faster-scale (i.e., vehicle control) .

Table 5.1: Notations

Symbol Meaning Type Unit

a?:‘j(k ) acceleration of vehicle i on lane j of intersection m at time continuous m/s?
step kj

v (k) speed of vehicle i on lane j of intersection m at time step k; continuous m/s

slnj(k ) position of vehicle ¢ on lane j of intersection m at time step continuous m
k¢, measured from the entering position of the communica-
tion range (i.e., the left most vertical dash line in Figure 5.1
for the EB vehicle)

(k) fuel rate of vehicle ¢ on lane j of intersection m at time step continuous mg/s

ky

97" (ks) whether the vehicle 7 on lane j of intersection m has crossed binary 1/0
the stop-line at time step ks (g/"; = 0) or not (gj’y = 1)

P (ks) whether the phase [ of intersection m at time step ks is on binary 1/0
(b = 1) or off (p = 0)

r(ks) whether the lane j of intersection m at time step ks has the binary 1/0
right-of-way (r" = 1) or not (rj* = 0)

h time headway constant S

do safety distance constant m

G = (V,E) the traffic network where V' is the set of intersections and F
is the set of roads that connect the intersections

AJXE the mapping function from signal phase to right-of-way of constant
intersection m

Sjmaxs Sjsafe length and the safety distance of incoming lane j constant m

AT, ATy the step lengths of the slower-scale and faster-scale constant S

T, T the number of slower-scale and faster-scale steps constant
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Figure 5.1: Illustration of the notations for the environment of multiple intersections

We make several major assumptions to make the studied problem clear and solvable.
First, we assume that information, such as traffic signal plans and surrounding vehicles’
states, can be shared among intersections. This is feasible nowadays or in the near future as
the rise of CAVs, especially V2I and I2I communication techniques.

Second, we assume that CAVs can be fully observed and controlled, whereas HDVs cannot
be controlled. In addition, we need to clearly define the observability of HDVs. One way is to
assume that HDVs are fully observable, indicating that we can obtain the information, i.e.,
position, speed, and acceleration, of all HDVs, but cannot control them. This assumption
may be viable when the CV technology reaches full or very high market penetration, which
is not practical under the current situation. Inspired by Yang et al. [2021], another way is to
assume that we can obtain partial information of HDVs by road sensors like loop detectors
and the on-board sensors of CAVs. Considering that modeling the accurate detection process
of a CAV is complex, we assume that a CAV can only obtain the information of its front

and rear vehicles. In addition, we assume that the number of HDVs can be detected by loop
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detectors. In fact, such information can also be collected by other sensors and even on-board

sensors of CAVs after complex post-processing. Figure 5.2 illustrates the assumptions.

traffic flow direction

—
| | N . | - N
””””””” [ V A ( Y |
m,HDV m,CAV m,HDV m,CAV
q4,j q3,j az,; q1,j

Il CAV (position, speed, and acceleration are observable and controllable)
I non-CAV (position, speed, and acceleration are observable but can not be controlled)

non-CAV (only number of vehicles is detectable, can not be controlled)

Figure 5.2: Illustration of the assumptions at intersection m, lane j

5.2 DMethodology

In this section, we focus on developing the multi-scale control model for the scenario of
network UTC with mixed traffic low of both CAVs and HDVs. The general multi-scale
framework in Chapter 3 still applies, and our focus here is on developing the MPC scheme
for network UTC with mixed flow. For this, we adopt the distributed control idea and use
information sharing techniques to address the traffic signal control problem with multiple
intersections on a traffic network. As shown in Figure 5.3, we assume that there are commu-
nications among intersections. In particular, for a specific intersection (e.g., the intersection
marked by the solid rectangle), the information of neighboring intersections (e.g., intersec-
tions marked by dash rectangles) that are directly connected to it is shared. The shared
information enable each intersection to generate optimal signal phases considering the in-
coming traffic flow. We show the detailed methods in Section 5.2.1. For the mixed traffic flow
scenario, the fundamental idea is to estimate the states of HDVs first, build the slower-scale
problem (i.e, signal control) by treating HDVs as CAVs, build the faster-scale problem only
for CAV platoons, and apply the control commands to CAVs with safety check to avoid po-
tential conflicts caused by the uncontrollability of HDVs. We illustrate the detailed methods
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in Section 5.2.2. Finally, in Section 5.2.3, we present an integrated framework that combines

the two scenarios (i.e., multiple intersections on a network and mixed traffic flow).
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I CAV |:| Incoming CAV HDV Incoming HDV =~ <------ # Information sharing ' Communication range

Figure 5.3: An illustration of the scenario and methods

5.2.1 Multiple intersections with full CAV penetration
Information sharing

We focus on extending the original MPC scheme and the two sub-problems, A2 and A3,
which were designed for a single intersection and 100% CAVs. Here we discuss how to extend
them to multiple intersections on a corridor or a network. In fact, if the distance between
two consecutive intersections is long enough, the single intersection SVCC should be able to
perform well by operating distributively without coordination, since the impact of upstream
flows has already been considered in the multi-scale problem when the flows approach the
downstream intersection. If the distance is short, the exit flows of the upstream intersections
under current slower-scale time step may enter the communication zones of the downstream

intersections during the prediction horizon. If each intersection operates independently, those
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flow “overlaps” are not considered, which merits the coordination among intersections.

Sharing information of each single intersection with the neighboring intersections is one of
the most promising methods to consider signal coordination (Timotheou et al. [2014], Al Is-
lam and Hajbabaie [2017], Mehrabipour and Hajbabaie [2017]). For a specific intersection,
the solution of the slower-scale signal control problem gives the critical trajectory points of
all nearby vehicles under a certain future time horizon, which can be used by the neighboring
intersections. In this way, a single intersection is able to know the information of oncoming
traffic flows, even those flows have not arrived in the communication range. Although the
trajectory points are predicted and the prediction error increases as the prediction horizon
increases, we can apply the MPC scheme to update the trajectory points step by step so

that the errors can be mitigated.

At time step ks, we can obtain the critical trajectory points (and the corresponding
time points) for all vehicles around the intersection m during the whole prediction horizon
ks, ks + T®] by solving the problem A2 (will be reformulated as A4; see below). We can
then collect the arrival times (i.e., the times when entering the communication range of
intersection m) of the vehicles coming from all neighboring intersections. Apart from the
vehicles coming from neighboring intersections, there are two other types of vehicles that
need to be considered for the study intersection m: the vehicles that have been already
within the communication range, and the vehicles that haven’t arrive the communication
range but have been on the upstream roads of intersection m. The first type vehicles should
be considered during the whole prediction horizon since they are already physically on the
surrounding lanes of the intersection. For the second type, we can calculate the arrival times

by assuming that they travel with the speed limit. Thus, we can find the arrival times of all

m,s

ij » representing the arrival

vehicles that need to be considered in A2, which is denoted as k
time step of vehicle 7 on lane j at intersection m under the slower time scale. In order to limit

the scale of the slower-scale problem, we constraint the arrival times by k:’;s <T% ie., we
only consider the vehicles that will arrive in the next T slower time steps. Correspondingly,

m,s
i?j ’

m,s

we can calculate the arrival position and speed of each vehicle: s v; i
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Due to the consideration of all the incoming vehicles from neighboring intersections, we

need to reformulate the slower-scale problem A2 for intersection m as A4 below:

ng T+ks—1

min ZZ Z g” (5.1)

k) o (k) 52 5 fes=ks
subject to

: ; oy (ks) + o (ks — 1) R

(lC ) z,j(ks - ]') = = 2 = ATS; Vks Z kidj (52&)
S (ke) — sy (k) > mofs (k) + do, k> K (5.2b)
- MQZE(I%S) < S:ZUA%) - STmax < M(1- gzlj(kS))a VI%S > k;nj’s (5.2¢)
gZTZ(I%S - 1) - gz;(]%s) - rj(l%s) < 07 VI;:S > ks (52d)

N N . 1T . . 1T .

A [pa"(ks) pyi(ks) - pg”(ks)} = [r?(k;s) rm(ks) oo (k)| . Vks >k (5.2e)
Lm
D pt(k) =1, Vo >k (5.21)
=1
gzn](k ) b (k:s)vr;n(l%s) S {07 1}7 VI%S > ks (52g)
SZZJ(]{ ) = Sz] ) Z](ks) ZTr;s‘ (52h)

The main difference between A4 and the single intersection slower-scale problem A2 is that
A4 considers the incoming vehicles from neighboring intersections, with their arrival times
denoted as klmjs Note that in A4, the prediction horizon T* is larger or equal to the arrival
time limit 7%, ie., T® > T After solving A4, we get the critical trajectory points for all
CAVs by taking into account of the vehicles that will arrive during the whole prediction
horizon. We can then formulate and solve the faster-scale problem A3 (no change), and

apply MPC scheme as shown in Figure 4.2.

Stability analysis of the MPC' scheme

In this section, we analyze the stability of the MPC scheme on a network of intersections
and 100% CAV penetration. We firstly introduce additional notation used in the analy-

sis. Let a real-valued scalar function ¢ : Ry — Ry belongs to class K(¢ € K) if it is
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continuous, strictly increasing and ¢(0) = 0. Let 2™(ks) be the state of problem A4 for
intersection m at time step k;. Considering that based on the objective function (5.1),
the stability of the studied MPC represents the ability of the controller to serve all vehi-
cles (i.e., all vehicles should be able to pass the intersection), in this section, =™ (k) con-
sists only of the vehicle states in A4, i.e., gi"(ks) (which is equivalent to vehicle positions,
si%(ks), due to Equation (5.2c)). Let 2™ (ks,ts) denote the state vector of the newly ar-
rived vehicles at intersection m that can be took into account when constructing A4 during
the time step [ks, ks + tg], and let " (ks,ts) denote the total number of those newly ar-
rived vehicles. Assume p"™*(ks) = [p™*(ks|ks), p™* (ks + 1|ks) ... p"™* (ks + T° — 1]ks)] and
v (ks) = [0 (ks|ks), v™* (ks + 1|ks) ... 0™ (ks + T® — 1]k;)] be the optimal control se-
quences for the signal and all vehicles around intersection m at time step k;, let s™*(ks) =
[s™* (kg|ks), s™* (ks + 1|ks) . .. s™* (ks +T° — 1|ks)] be the positions generated by the optimal
control variables of A4, and let g™*(ks) = [¢"* (ks|ks), g (ks +1|ks) ... g™ (ks +T° —1]ks)]
be the corresponding vehicle position indicators. Note that all the above optimal con-
trol and state variables are for A4 at time k,. Denote p™MFC(k,) = p™*(k,|k,) and
v MPC(E) = v (kyk,). Let J(a™(ks),p™(ks),v™(ks)) be the objective function of A4
and also define 1(z™(ky|ky), p™ (ks ks ), v™ (ks| ks )):

~ ~

Here k, indicates the step within the prediction horizon. Note that {(z™ (ks|ks), p™ (ks|ks ), v™ (ks|ks))
is bounded and monotonically non-increasing with k. We have
T5 kg —1

J(a™ (k) p" (ks) 0™ (k) = U™ (hlks), p™ (ks ), o™ (R K))- (5:5)

ks=k
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Denote the MPC value function at time step ks as the minimum objective value:

VI () = nt (@ (k) (k)07 (k) = (@7 ), 7 () 0 ()
(5.6)
Denote the augmented MPC value function at time step k, as
VMPC (™ (ky), 2™ (g, N)) = VMPC (2™ (k) 4+ 2™ (ky, N)T* AT, (5.7)

which is the sum of MPC value for vehicles at time step ks and the objective value of the
vehicles that will arrive in the next NV steps, i.e., during [k, ks + N|, assuming that all newly
arrived vehicles do not cross the intersection during the whole prediction horizon 7. N is
assumed to be a large integer compared with 7.

We firstly show a Lemma in order to further prove the stability of the problem A4.

Lemma 2. For A4 constructed for intersection m at time kg, the prediction horizon T*¢
(I* > T%) can be specified such that all vehicles at time step ks can pass the intersection at

the end of the prediction horizon, i.e., gi%(T* + ks — 1) = 0.
Proof. Consider an optimal sequence of the controls:

P (ks) = [p™ (kslks), p™ " (ks + 1) ks) ... p™ (ks + T° — 1|ks)] (5:5)

0" (ks) = [0 (ks|ks), 0™ (ks 4+ 1lks), ... 0™ (ks + T° — 1|ks)],

obtained by solving A4. This optimal control sequence should clear all the vehicles “as
soon as possible”. This can be proved by contradiction. Assume there exits a time step ks
such that a vehicle (i, j) can pass the intersection, i.e., gw(l%s) = 0, with all the constraints
satisfied. This actually constitutes a feasible control sequence, denoted as v(k|k,). Assume
that the optimal control variable vm’*(l;:s|k‘s) prohibits the vehicle to cross the intersection,
ie., gZ”;*(/%S) — 1 (and all other variables stay the same). We can easily see that v™*(k,|ks)
leads to a larger objective function (i.e., due to Equation (4.19)). That indicates the control

sequence v™*(k,) is not optimal, which conflicts with the assumption that v™*(k,|ks) is

optimal. Since the number of vehicles that are physically around the intersection at time k;
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is finite, and the number of incoming vehicles that will arrive in time interval [k, ks + 7] is
also finite, all vehicles can be cleared in a finite time, which is denoted as T. Let T% = QT,

we have g; ;(T° — 1) = 0. O

We then state the following theorem for the stability of the slower-scale MPC problem
A4.

Theorem 2. If the following assumptions hold:

(1) The state consistency between A3 and A4 holds.

(2) The communication ranges of each intersection are exactly the lengths of corresponding

imcoming roads, i.e., the vehicle control is valid everywhere within the studied network.

(3) The route of each vehicle is determined and fized at the entrance of the traffic network.

Then:

(i) If A4 for intersection m is feasible at time ks for state x™(ks), A4 for intersection m
is feasible at time ks + 1 for state x™ (ks + 1) after applying the first solutions of the

optimal control sequences, i.e., p"™MPC(x™(k,)) and v™MPC(z™(k,)) to the intersection.

(i) The origin of the MPC system for every intersection m is asymptotically stable in the

Lyapunov sense, and thus, the traffic network is asymptotically stable.

Proof. (i) Based on assumption (2), all vehicles within the network, including the vehicles
coming from intersection m’s neighboring intersections, can be controlled. In addition,
assumption (1) shows that the state consistency constraint (4.22d) can be satisfied
after solving and applying the solutions of the faster-scale problem A3. Therefore,
s™*(ks + 1|ks) generated by A4 can be reached after applying the solutions of A3 for

the time period [ks, ks + 1]. This enables us to construct a shifted sequence of controls
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based on the optimal control sequence at time step ks (i.e., Equation (5.8)) as the

feasible solution for next time step ks + 1):
p" (ks +1) = [p™ (ks + 1[ks), p™ (ks + 2[ks), -

(5.9)

)
P (ks + Tlky), p" (ks + T+ 1), ..., p™ (ks + T°)]
V™M (ks + 1) = [0™* (ks + 1|ks), 0™ (ks + 2|ks), .

(

0" (kg + Tlk), 0" (ks + T + 1), ..., 0" (ks + T%)].

where T is the same as the one in Lemma 2. To prove the feasibility, noticing that
s"*(ks + 1|ks) is the initial condition for the problem at step ks + 1, if we firstly apply
the 1 to T' optimal control sequence of the problem at step ks, all vehicles at time k,,
including the vehicles that are physically on the surrounding lanes and the vehicles
coming from neighboring intersections (with arrival time less than or equal to 7%),
should have passed the intersection at 7. If there are vehicles that haven’t passed the
intersection at time 7', those vehicles must be the newly arrived vehicles during step
[ks, ks + 1]. The number of newly arrived vehicles is finite and usually small. Same to
the arguments in Lemma 2, those newly arrived vehicles can be cleared using another
T time steps. Therefore, all vehicles at time step ks + 1 (both existing and newly
arrived) can pass the intersection at the end of the prediction horizon. This implies

that problem A4 is feasible for state ™ (ks + 1).

The stability proof for intersection m in the traffic network is similar to the proof for
single intersection. The key is to prove that the augmented MPC value function VMPC
is a proper Lyapunov function for problem A4, based on Lemma 2 and Theorem 1(i).
We omit the details here for the sake of brevity. Based on assumption (3), i.e., the route
of each vehicle is determined and fixed at the entrance of the traffic network (which is
usually the case in real-world scenarios), there are no “cycle” routes. Thus, vehicles
can finally pass all intersections in there routes. This indicates that, given finite traffic

demands, the network can be finally cleared, i.e., the MPC scheme is asymptotically
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stable for the traffic network.

5.2.2  Mixed traffic flow of CAVs and HDVs

A4 and A3 assume full CAV penetration, i.e., every vehicle is observable and controllable.
In this section, we show how to extend this framework to the environment of mixed traffic

flow, i.e., limited CAV penetration.

Slower-scale problem: signal control

There are three steps to formulate the slower-scale problem: First, separate the mixed traffic
flows into CAV flows and HDV flows. Second, estimate the position of each individual HDV.
Third, formulate the slower-scale problem A4 by treating all vehicles as CAVs. Note that
the techniques developed in Section 5.2.1 (i.e., the information sharing) is still used here to
achieve the coordination among different intersections.

Separating the mixed traffic flows is simple. For each lane, we know the position, speed,
and acceleration of each CAV and their immediately neighboring HDVs. We can group the
vehicles on each lane into “platoons” with the same vehicle type, i.e., CAVs or HDVs. As
shown in Figure 5.2, the mixed flows on lane j can be separated into n]" platoons: qglj’CAV
or qZLj’HDV where i = 1,2, ... ;7" and CAV/HDV indicates the type of the ith platoon.

There are various methods to estimate the states (positions and speeds) of the HDVs
within a HDV flow. Simple methods such as the linear interpolation can be very efficient, but
are usually low in accuracy. Complex methods such as deep neural networks (Gurghian et al.
[2016]) can achieve high accuracy, but usually require huge resources (e.g., data collection,
model training, etc.) and increase the model complexity. In this study, considering that the
goal of the slower-scale problem is to provide the faster-scale problem with CAVs’ critical
trajectories, the initial positions of HDVs do not necessarily need to be very accurate. Thus

we use the simple yet efficient linear interpolation method to estimate the HDV flows. We

know the position, speed, and acceleration of the HDVs that are directly adjacent to the
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CAVs, i.e., the blue vehicles in Figure 5.2, from CAVs’ detection systems. In addition, it is
assumed that we know the number of HDVs within each HDV platoon. We then use linear
interpolation to estimate the states of those HDVs. Specifically, assume there are ﬁ’”’; HDVs
in the HDV platoon qfn HOV et sf_n .’IfDV and &JEZV be the positions of the first and last
HDVs of the HDV flow qm HDV " respectively. Let vm HDV and v mHDVhe the speeds of the
first and last HDVs of the HDV flow qlmj HDV respectlvely. We have

sV () = 7DV Lll <sm HDV _ sl”"?DV) 1 =2,3,...,a" —1 (5.10a)

1 > m
0,35 i,n e f 0,51 i, )

,HDV HDV 1 —1 HDV HDV s ~
v (k) = 02 = vy - 1 =2,3,...,A" — 1. (5.10b)
2,5 i 2,3,M=" nfn — 1 17]71 2,7,M=7 2%
¥ 17‘7 ¥

Having estimated HDV states (i.e., their positions and speeds), we treat HDVs as CAVs
and formulate the slower-scale problem A4. After solving A4, we use the signal phase of
the first slower interval as the signal phase for the next slower time step. Meanwhile, the
trajectories of CAVs are used as the critical trajectories for the faster-scale vehicle control

problem, which is discussed in the next section.

Faster-scale problem: wvehicle control

For each CAV platoon qg”j’CAV

, we can formulate and solve the faster-scale problem A3 (as
shown in the Appendix A) using the information generated by the slower-scale problem A4,
i.e., critical trajectory points and the corresponding time points. The faster problem of flow
q?j’CAV determines the detailed trajectory for each vehicle to satisfy the traffic rules. However,
different from the full CAV penetration scenario, the trajectories generated by A3 might not
be feasible under mixed traffic flow. This is because we only consider CAV platoons when
constructing A3, the leading CAV of a CAV platoon might be too close to the HDV in
front of it, violating the safety constraint. One way to remedy this issue is to integrate the
HDV dynamics in A3. However, there are three challenges of this approach. First, it will
increase the complexity of A3. Second, the initial states of HDVs estimated by the linear

interpolation are not very accurate, which will introduce more errors to the model, making
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the idea of integrating HDV dynamics less meaningful. Third, the mathematical model of
HDV may not well capture the real dynamics of HDVs since human driving behaviors are
highly dynamics and have large variations. As a result, the solutions obtained from such a
complex model might still be infeasible.

We use two techniques to overcome this issue mainly to ensure safety. First, the MPC
scheme (i.e., Figure 4.2) can naturally adjust to the changing traffic situations. We solve
the slower-scale problem A4 at time step k; by formulating T slower steps, and solve the
faster-scale problem A3 at the same time point by formulating hAT, time duration with a
smaller step length ATy, i.e., a faster step k. Then, we apply the first AT, /AT solutions of
the faster-scale problem to the first slower time step, i.e., [ksATy, k ATy + ATy). Finally, we
move to the next slower time step ks + 1 and do the same process again. Changes during the
slower time step [ksATy, ksATs + ATy can be captured by the newly formulated problem at
next slower time step ks + 1. Second, we enhance the safety by adding a safety check process
before applying the solutions generated from A3 to the CAVs. We check the commands from
the first to the last vehicle in a CAV platoon if there is a HDV in front of the leading CAV.
If the leading CAV is too close to the front HDV, i.e., it violates the car-following safety
constraint, we use the intelligent driver model (IDM, Kesting et al. [2010]) to calculate an
acceleration and apply it to the leading CAV. Then, we check other vehicles in the CAV
platoon. If a CAV violates the car-following safety constraint, we calculate an alternative
acceleration based on states of the front CAV using the IDM, and apply it to the current
CAV. The acceleration of the IDM is calculated by

m\ 0 2
v d*
;i = Gmax (1 _ (_*J) _ (—m _ ) ) (5.11a)
v Sig T Si-1,j

om ('Um . — 'Um,)
7, i—1, 7,
d* = dmin + U?thDM + J J J

)
2 v Amax@comf

where ap,., is the physical maximum acceleration, dcomr is the comfortable deceleration, v*

(5.11b)

is the desired speed (which is usually the speed limit), J is a constant acceleration exponent

which is usually set to 4, d.;, is the minimum car-following distance, and hipyr is the safe
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time headway.

5.2.83 The integrated framework
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Figure 5.4: SVCC for mixed traffic flow and multiple intersections (any intersection m)

Combining the methods proposed in the last two subsections, the overall framework for
network UTC with mixed traffic flow is shown in Figure 5.4. At a specific slower time step ks,
for any intersection m, we firstly collect the critical trajectory points of the vehicles coming

from the neighboring intersections that are directly linked to m, using the solutions generated
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at ks — 1 (in slower time step). Based on the critical points, we can calculate the arrival po-
sition/speed/time to the intersection’s communication range of all the neighboring vehicles.
Meanwhile, we collect the CAVs’ information and estimate the HDVs’ states for the vehicles
around the intersection, and estimate the corresponding arrival position/speed/times. Then,
we aggregate the arrival time/position/speed for all vehicles that will arrive the intersection’s

km,s m,s _m,s
ij 2 Vig o Si

communication range within the prediction horizon as ( ), formulate and solve
the slower-scale problem A4. We apply the solution of A4, i.e., the optimal signal timing,
for the next slower time step. Meanwhile, we collect the first h critical trajectory points of
CAVs generated by solving A4. Then, at each faster-scale time step, for each CAV platoon,
we formulate and solve the faster-scale problem A3 from current faster-scale time to the end
of the h x AT,/ATy time steps. We apply the first AT,/AT} solutions (i.e., accelerations
of all CAVs) generated by solving each A3 to every CAV, under the safety check principle.
When we have finished one slower time step by moving with faster-scale time interval, we

move to the next slower time step kg, + 1.

5.3 Numerical experiments

In this section, we test the proposed SVCC algorithm under mixed traffic low for a single
intersection, and expand the scenario to a corridor, a synthetic 4 by 4 network, and a real-

world 4 by 6 network.

5.3.1 FExperiment settings
Common settings

Same as in Chapter 4, we use the third degree polynomial function (Equation (4.37)) of
speed and acceleration as the fuel consumption model (Vellamattathil Baby et al. [2020]).
The slower-scale and faster-scale time steps are also the same as in Chapter 4, i.e., 5s and
0.5s, respectively. Since we have tested the prediction horizon in Chapter 4, we use the same

tuned prediction horizon T° = 4 to balance the computation burden and performance gain.
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Similarly, we set h = 3.

To compare the performances, we build and test two other algorithms: fixed-time traffic
signal control and actuated traffic signal control. Note that it is hard to design fixed-time
signal plans for traffic networks, we only use the actuated signal control for the comparison
when it comes to the synthetic 4 by 4 network and the real-world 4 by 6 network. Never-
theless, actuated signal control is the most commonly used signal control method (besides
fixed time control). For both the fixed-time and actuated signal control methods, vehicles
are controlled by the default car-following model in the simulation software, i.e., SUMO.
Hereafter in this section, we use Multiscale, Actuated, Fixed-time to denote the proposed
multi-scale SVCC, the actuated signal control, and the fixed time signal control, respectively.

As in Chapter 4, we integrate Python, General Algebraic Modeling System (GAMS), and
SUMO as the simulation platform. For the model-based algorithm, GAMS is used to solve
the slower-scale problem A4 and the faster-scale problem A3. SUMO is used to simulate
different traffic scenarios and generate data. Python is used as the integration platform to

communicate between SUMO and GAMS.

Settings for the single intersection, corridor, and synthetic 4 by 4 network scenarios

We use the same settings in Chapter 4, i.e., Figure 4.3 and 4.4, as the testing scenario
for the single intersection. For the single intersection scenario, we test two volume settings:
symmetric and asymmetric volumes. For the symmetric setting, the straight volumes of each
of the four legs follows the same volume demand, which increases linearly from 400 veh/hour
to 600 veh/hour (the testing period is set as 15 minutes) to mimic the normal hours and
peak hours. For the asymmetric setting, the eastbound and northbound volumes increase
from 550 veh/hour to 800 veh/hour while the westbound and southbound volumes remain
the same as the symmetric setting. For both symmetric and asymmetric volume settings and
for each leg, the left and right turn volumes are set as one-third of the straight volumes. By
testing the symmetric and asymmetric volumes, the ability of dealing with different traffic

scenarios can be revealed.
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Based on the single intersection, we build a 5-intersection corridor and a 4 by 4 network,
which is shown in Figure 5.5. For the volumes, we also test symmetric and asymmetric
settings, but at a network level. We firstly categorize the origin-destination (OD) to two
types: main and minor. The main ODs are those pairs directly connected by a straight
road. For example, the main road of the 5-intersection corridor and the four south-north
straight roads and the four west-east straight roads in the 4 by 4 network. The minor ODs
includes those pairs that are not directly connected by straight roads. For example, for the
left bottom corner origin in the 4 by 4 network (i.e., the south incoming road of the left
bottom intersection), apart from the main destination (i.e., the north outgoing road of the
left upper intersection), there are destinations to the outgoing roads around the boundaries
of this network, which are referred to as the minor destinations. For symmetric volumes, we
set the volumes for all main ODs as 180 veh/hour to 240 veh/hour (also increasing linearly
during the simulation) and the volumes for all minor ODs as the one-sixth of the main ODs.
For asymmetric volumes, we use the same volume generation strategy but volumes coming
from west and south directions are the same as the symmetric case, but volumes coming

from east and north directions are half as the symmetric case.

=
| | |

4 by 4 network S-intersection corridor

Figure 5.5: Corridor and network scenarios
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Settings for the real-world 4 by 6 network scenario
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Figure 5.6: A 4 by 6 Seattle downtown network

We build a real-world 4 by 6 network based on the downtown area of Seattle, United
States, which is shown in Figure 5.6. There are different road types (e.g., one-way and two-
way roads) in this network, leading to various intersection geometries. The numbers in circles
in the right-side SUMO networks represent the types of the corresponding intersections. As

shown in Figure 5.7, we categorize the intersections in this network into six types:

Type 1: two one-way roads with two and three incoming lanes, respectively.

Type 2: two one-way roads both with three incoming lanes.

Type 3: one one-way road with three incoming lanes and one two way road with three

incoming lanes.

Type 4: one one-way road with two incoming lanes and one two way road with three

incoming lanes.
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e Type 5: two one-way roads with two and four incoming lanes, respectively.

e Type 6: two one-way roads with three and four incoming lanes, respectively.

Figure 5.7: Six intersection types in Seattle downtown network

We extract the real-world OD volume data from the downtown Seattle SUMO simulation
network, which has been built and calibrated by the authors’ research group. The number
of OD pairs is large and we omit the detailed OD volumes here for the sake of brevity. To
have an intuitive understanding, the maximum volume is 332 veh/hour from the right upper

north incoming road to the right bottom south outgoing road.

5.3.2  FExperiment results

In this section, we test and analyze the experimental results of the proposed SVCC method.

We firstly discuss the single-intersection scenario to provide a basic understanding of the
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method’s performance. Then, we show the results for the 5-intersection corridor, the syn-
thetic 4 by 4 network, and the real-world 4 by 6 Seattle downtown network to further

illustrate the performance.

Single-intersection

Figure 5.8 shows the average waiting time, time loss, and queue length under different CAV
penetrations and different control types: Multiscale, Actuated, and Fixed-time. The waiting
time (in seconds) is defined as the number of seconds a vehicle has a speed of less than 0.1m/s.
The time loss is defined as the time lost due to travelling at speed below the maximum speed.
The queue length is calculated using the end of the last standing vehicle. For the Actuated
and Fixed-time methods, the penetration of CAVs does not affect the performance because

these two methods do not differentiate CAVs and HDVs.
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Figure 5.8: Average waiting time, time loss, and queue length under different CAV penetra-

tions

It can be shown from Figure 5.8 that the Actuated method outperforms the Fixed-time

method, which is expected since the Actuated method is more adaptive to real-time traffic
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states with the help of loop detectors. The average waiting time, time loss, and queue length
of the Actuated method is 47.62%, 38.98% and 43.55% lower (i.e., better) than the three
indexes of the Fixed-time method, respectively. The performance of the Multiscale method
increases as the CAV penetration increases. The higher the CAV penetration is, the more
information the Multiscale can use to calculate the best operation strategies, usually leading
to improved performance. The Multiscale method outperforms the Fixed-time under all CAV
penetrations, and the performance gain of waiting time, time loss, and queue length ranges
from 40.48%,43.48%,38.71% (at 0 penetration) to 66.67%, 63.77%, 58.06% (at 100% pene-
tration), respectively. Compared with the Actuated signal control, the Multiscale method
performs a little worse at 0 CAV penetration, but better as the CAV penetration increases.
At 100% CAV penetration, the Multiscale method performs 36.36%, 30.56%, 22.86% better
than the Actuated signal control method regarding the waiting time, time loss, and queue

length, respectively.

Figure 5.9 shows the average fuel consumption of CAVs, HDVs, and the mixed traffic
flow under different CAV penetrations and different control types. Note that the average
fuel consumption of the Actuated and Fixed-time methods does not change for the three
sub-figures because CAVs and HDVs are not differentiated in these two methods. Similar
trends as the above analysis of waiting time, time loss, and queue length can be found
from Figure 5.9. Actuated signal control outperforms the Fixed-time signal control since
the actuated signal control usually extends a green phase when newly incoming vehicles are
detected so that vehicles can avoid decelerating and stopping, which can help reduce the fuel
consumption of idling and re-accelerating. Compared with the Fixed-time signal control,
the average fuel consumption of the mixed traffic flow (i.e., both CAVs and HDVs) of the
Actuated signal control is 27.78% less. The fuel-saving performance of the Multiscale method
increases as the increase of CAV penetration. Compared with the Fixed-time method, the
Multiscale method can save fuel from 22.22% (at 0 CAV penetration) to 38.89% (at 100%
CAV penetration). Similarly, compared with the Actuated signal control, the Multiscale
method performs slightly worse when the CAV penetration is less than 20%, but performs
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much better when the CAV penetration increases. The maximum fuel-saving gain of the

Multiscale method compared with the Actuated method is 18.52% when CAV reaches full

penetration.
CAV HDV Mixed traffic flow
0.20 0.20 0.20
0.18 {é————d——i—A—i—A—A 0.18 {4k 0.18 é— i
E E E)
& = &
E 016 E, 0.16 E 016
= z =
S =t S
& 0.14 & 0.14  0.14
5 - 5 5
v 14 v
= = =
0.12 H M\—*ﬂ\*' 0.12 + 0.12
0.10 T T T 0.10 T T T 0.10 T T T
0.0 0.5 L0 0.0 0.5 L0 0.0 0.5 L0
penetration penetration penetration

—+— Multiscale —&— Actuated —a&— Fixed-time

Figure 5.9: Average fuel consumption of CAV, HDV, and the mixed traffic flow under dif-
ferent CAV penetrations

d-intersection corridor, synthetic 4 by 4 network, and real-world 4 by 6 network

Table 5.2 and Table 5.3 show the performance (i.e., average waiting time, time loss, queue
length, and fuel consumption of the mixed traffic flow) of different control methods under
three different scenarios: a 5-intersection corridor, a synthetic 4 by 4 network, and a real-
world 4 by 6 Seattle downtown network. For the first two synthetic networks, since we have
the freedom to vary the volume demands, we test two different volumes, i.e., symmetric and

W

asymmetric, for each of the scenarios. In Table 5.2 and Table 5.3, “sym.”, “asym.”, and

“imp.” represent symmetric volume, asymmetric volumes, and improvement, respectively.
In addition, imp. I and imp. II represent the improvements of the Multiscale method
compared with the Actuated and Fixed-time methods, respectively. There are two values for

each performance index for the Multiscale method, where the first one is the value under 0%
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CAV penetration and the second one is the value under 100% CAV penetration. Note that
it is hard to design fixed time signal plan for a network, and considering that the Actuated
method usually outperforms the Fixed-time method, we only compare the performances of
the Multiscale and Actuated methods for the two network scenarios.

There are several observations from the two tables. First, it is clearly shown that
both Actuated and Multiscale perform much better the Fixed-time method. Compared
with the Fixed-time method, the maximum performance gains of the Multiscale method
regarding average waiting time, time loss, queue length, and fuel consumption can reach
79.34%, 68.90%, 66.27% and 53.54%, respectively. Second, Multiscale also outperforms Ac-
tuated under all scenarios. Although the Multiscale method performs slightly worse than
the Actuated method under low CAV penetration in the single-intersection scenario, when
the size of the traffic scenario increases to corridors or networks, the Multiscale method
performs better than the Actuated method, even under 0% CAV penetration. Compared
with the Actuated method, the minimum performance gains of the Multiscale method (un-
der 0% CAV penetration) regarding average waiting time, time loss, queue length, and fuel
consumption is 3.84%, 4.49%, 4.95% and 0.00%, respectively, and the maximum gains can
reach 55.57%, 48.33%, 31.41% and 28.42%, respectively.

Table 5.2: Average waiting time and time loss under dif-

ferent scenarios

Performance indexes

Scenario ~ Volume Method
avg. waiting time (s) avg. time loss (s)
Actuated 29.66 51.18
Fixed-time 77.21 104.65
sym. value 28.52 - 17.68 48.88 - 34.37
Multiscale imp. I 3.84% - 40.39% 4.49% - 32.84%
5-intersection imp. II  63.06% - 77.10%  53.29% - 67.16%
corridor Actuated 27.46 47.51

asym.



Fixed-time

68.44

89.7

value

Multiscale imp. I

23.67 - 14.14
13.80% - 48.51%

41.03 - 27.90
13.64% - 41.28%

imp. I  65.41% - 79.34%  54.26% - 68.90 %
Actuated 73.29 118.46
sym. value 59.06 - 39.39 97.54 - 65.59
Multiscale
Synthetic 4 imp. 19.42% - 46.25%  17.66% - 44.63%
by 4 network Actuated 67.52 109.15
asym. value 51.00 - 30.00 84.20 - 56.40
Multiscale
imp. 24.47% - 55.57%  22.86% - 48.33%
Real-world 4 Actuated 19.06 44.78
by 6 Seattle real value 17.79 - 10.51 40.12 - 33.23
Multiscale
network imp. 6.66% - 46.75% 10.41% - 25.79%
Table 5.3: Average queue length and fuel consumption
under different scenarios
Performance indexes
Scenario  Volume Method
avg. queue length (m) avg. fuel (mg/s)
Actuated 13.34 0.135
Fixed-time 28.31 0.226
Sym. value 12.68 - 9.55 0.135 - 0.105

Multiscale imp. I

4.95% - 28.41% 0.00% - 22.22%

5-intersection imp. 1T 55.21% - 66.27%  40.27% - 53.54%
corridor Actuated 11.3 0.130
Fixed-time 19.95 0.208
asym. value 9.94 - 8.01 0.125 - 0.097

Multiscale

100



imp. I 12.04% - 29.12% 3.85% - 25.38%
imp. I 50.18% - 59.85%  39.90% - 53.37%
Actuated 15.27 0.164
Sy1m. value 13.03 - 10.13 0.151 - 0.114
Multiscale
Synthetic 4 imp. 14.67% - 33.66% 7.93% - 30.49%
by 4 network Actuated 12.6 0.156
asym. value 10.33 - 8.47 0.141 - 0.107
Multiscale
imp. 18.02% - 32.78% 9.62% - 31.41%
Real-world 4 Actuated 9.04 0.144
by 6 Seattle real value 8.80 - 7.00 0.140 - 0.110
Multiscale
network imp. 2.65% - 22.57% 2.78% - 23.61%
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To have a more intuitive understanding of different control methods, we show the spatial
diagrams of all west-to-east (WE) straight vehicles in the 5-intersection scenario, with the
Multiscale control (Figure 5.10) and the Actuated signal control (Figure 5.11). WE straight
vehicles are those entering from the west most road, travelling through the whole corridor,
and exiting from the right most road, see Figure 5.5 for the corridor. The two figures are
made using the trajectories under the symmetric volume setting, i.e., the volumes of west-to-
east straight vehicles and east-to-west straight vehicles are the same. In the two figures, the
horizontal and vertical axes represent time and distance, respectively. The red dotted lines
indicate that the signal phase for the WE straight vehicles are red (thus the blank intervals
indicate green phase), and the blue lines represent the trajectories of each vehicle. Note
that for the Multiscale method, any phase in the 8 candidate phases (Figure 4.4) can be
selected. There are some green phases without any trajectory, e.g., around 80s at the fourth
intersection (i.e., 800m). This is because there are two phases that the WE vehicles can
pass the intersection, i.e., EsWg and EgEp,, the blank green phases are used for left-turning
vehicles. For the Actuated method, we set the cycle as NgSg — NN, = EsWg — E{W..

The minimum green time is 10s and the maximum green time is 45s.



1200 -

1000 -

800 1

distance [m]

400

200 -

Multiscale

600 -

0 200 400 600 1000
t[s]

102

Figure 5.10: Spatial diagram of all WE straight vehicles in the 5-intersection corridor scenario

with the Multiscale control method
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Figure 5.11: Spatial diagram of all WE straight vehicles in the 5-intersection corridor scenario

with the Actuated control method



103

From Figure 5.10 and 5.11, it can be shown that the Multiscale method can clear the
corridor sooner than the Actuated method (which can be shown from the ending time of
the two figures). Considering that the volume settings are the same, the Multiscale method
shows better control performance. One of the main advantages of the Multiscale method
is it generates more ”green waves” for vehicles than the Actuated method. With the green
waves, vehicles can pass the corridor with fewer stops, resulting in lower delays and lower
fuel consumption. On the contrast, due to the lack of coordination, the Actuated signal
control generate less green waves but relatively more congestion, especially when the volume
is higher (e.g., the right part of Figure 5.11).

In summary, under the scenarios of a 5-intersection corridor, a synthetic 4 by 4 network,
and a real-world 4 by 6 Seattle downtown network, the proposed model-based Multiscale
method performs best when compared with the Actuated and the Fixed-time methods.
In addition, the performance of the Multiscale method increases as the CAV penetration

increases.
5.4 Summary

In this section, based on the multi-scale SVCC algorithm for single intersection with full
CAV penetration (i.e., Chapter 4), we developed a multi-scale SVCC algorithm for multiple
intersections with mixed traffic flow. We developed a distributed control method for each
individual intersection which can achieve coordination among different intersections through
information sharing technique. We also extended the MPC scheme for single intersection to
traffic networks and analyzed the control stability of the MPC using the state consistency
between the slower-scale and faster-scale problems. In addition, we estimated HDV’s infor-
mation based on CAV’s states and designed a safety check mechanism to guarantee safety:.
Finally, we combined the two techniques as an integrated framework that can deal both
network-wide traffic control and the mixed traffic flow condition. Numerical experiments
on various traffic scenarios showed that the proposed algorithm could largely improve the

traffic performance compared with traditional actuated signal control and fixed-time control
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methods.
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Chapter 6

LEARNING-ENHANCED SVCC

As discussed in Section 2 and Section 3.2, there are essentially two types of methods
in terms of the learning-based UTC: RL and IL. We choose IL as the foundational learn-
ing method in this study due to three reasons. First, RL usually suffer from exploration
and convergence problems, making it hard to design the objective function and tune the
parameters. Second, there is usually a large gap between the training performance of the
RL methods and the real implementation performance, since RL is often trained in simula-
tion environments due to the needs of exploration and extra work necessary for the transfer
to real implementations. Third, one of the biggest weaknesses of IL is the lack of expert
data because collecting such data is usually time-consuming and costly, especially for some
manually calculated expert data. However, we have built the model-based methods, which
can serve as the “expert” to efficiently generate learning data for IL. In this paper, we will
explore the idea of using model-based methods to generate training data for IL, which we
call it learning-enhanced SVCC model. As we show in more detail later in the numerical
section, such an IL based on model-generated data has some interesting features such as

certain level of transferability.

IL techniques aim to mimic expert’s behavior by learning a mapping between observations
and actions that generated by the experts (i.e., the demonstrations) for certain tasks. IL
is not a new idea but is drawing increasing attention recently as the rise of Al and the
developments in computing and sensing technologies. Based on the learning methods, 1L
can be roughly categorized into three types: behavioural cloning (BC), inverse reinforcement
learning (IRL), and direct policy learning (DPL) (Le Mero et al. [2022]). BC is a supervised

IL approach which creates a direct mapping using the observation-action pairs in the expert’s
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dataset (Torabi et al. [2018]). However, the policy trained on expert’s data may introduce
errors if there are new observations when it is applied to new tasks, and most importantly,
such errors may be compounded, leading to the cascading error problem (Bagnell [2015]).
DPL and IRL were developed to remedy the limitations of BC. IRL aims to firstly learn a
reward function through the demonstrations, and use forward RL techniques to learn a good
policy based on the learned reward function. Such reward functions can be feature-based
(Ng et al. [2000], Abbeel and Ng [2004] or model-free Ho and Ermon [2016], Fu et al. [2017],
Kuefler et al. [2017]). However, feature-based methods may suffer from reward function
ambiguity issues (Ng et al. [2000]), and all those methods need RL in the loop to learn
the optimal policies after learning the reward function. DPL chooses another approach to
overcome the limitations of BC. DPL enriches the demonstration dataset by requesting the
experts to evaluate the policy during the application. When new states are observed, or the
actions generated by the initial policy is not good, the experts will help generate good actions
and the new state-action pairs will be added to the dataset. The policy will be re-trained on
the new dataset (Ross et al. [2011], Pan et al. [2020]). The major drawback of DPL is that
having an expert to evaluated current policies and generate good actions based on current
observations is expensive. However, as mentioned previously, we have built the model-based
methods for the multi-scale SVCC, which can serve as the “expert” in this case. This can
help train the IL model, which may then be applied to UTC on other (and similar) networks.
In this paper, we use one of the DPL methods, the data aggregation (DAGGER, Ross et al.

[2011]) algorithm, as the learning framework.
6.1 DMethodology

Considering that the policy itself is trained in a supervised learning manner, there are various
methods to represent the policy. For example, linear regression (Montgomery et al. [2021]),
logistic regression (Menard [2002]), support vector machine (Noble [2006], decision tree Song
and Ying [2015]), and neural networks (Hecht-Nielsen [1992]). In this paper, we use the deep

neural networks to build the policy due to their strong representational and generalization
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capacities. The policy structure is shown in Figure 6.1. For each incoming lane of intersection
m, we firstly discretize it to N cells (5-meter is used as the cell length in this paper), and
build three vectors using the discretized lane representation, i.e., the position, speed, and
waiting time vectors. Including waiting times into the states can avoid the situation that
a small traffic flow (e.g., on the side street) might wait very long time when the volume
of the conflicting movements is high. For each vehicle on a specific lane, whether it is a
CAV (which we know all the information) or an HDV (whose information is estimated),
we calculate the cell index based on its position, and set the corresponding position vector
cell as 1. The corresponding speed and waiting time cells are filled with normalized values:
the speed is normalized to [0, 1] linearly based on the speed limit (i.e., 7% = v}";/Umax), the
waiting time is also normalized to [0, 1] linearly using a predefined waiting time bound (i.e.,
tN% = Wt /wimax). Then, we collect the vector states for all incoming lanes and aggregate
them into three matrices representing position, speed, and waiting time, respectively. The
three matrices can be understood as a 3-channel image, and we choose the ResNet (He et al.
[2016]) as the policy network. ResNet is a deep CNN (LeCun et al. [1998]) that uses residual
learning to overcome the degradation problem in deep neural networks and thus achieve
efficient learning. The output of the ResNet is the signal timing plans for the next two
slower time steps. The first will be used to control the traffic signals, while the second is

used to estimate the vehicle positions by assuming that the signal timing plans for the next

two steps follow the results generated by ResNet.

IL is used to control the traffic signals given traffic states (i.e., to solve the slower-scale
problem). To achieve efficient SVCC, we further decouple the signal and vehicle controls:
we do not require the state consistency of the vehicle trajectories, i.e., the slower-scale signal
control algorithm will not generate the critical trajectories for the faster-scale vehicle control
problem. Although this dampens the ability to analyze and guarantee stability, such a
further simplification is necessary for a learning-enhanced method because it is very hard for
the deep neural networks to generate trajectories for every vehicle. For the vehicle control

problem, we design a rule-based algorithm with given signal information. In fact, the fuel-
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Figure 6.1: The ResNet based learning framework

efficient and safe longitudinal driving strategies for road vehicles have pretty clear patterns.
In urban area, a driving process can be segmented into several sub-processes, each with
similar patterns. Usually, each sub-process includes acceleration (e.g., starting from the stop
line), cruise (e.g., after reaching speed limit), and deceleration (e.g., stopping before a stop
line with a red traffic signal ahead). Such a three-stage driving strategy has been recognized
in literature (Lin et al. [2020]). Among these three stages, the deceleration stage is usually the
main stage that fuel can be saved. Gliding to decelerate is the most fuel-efficient deceleration
strategy while most drivers do not follow such a strategy. Therefore, we design a rule-based
driving algorithm for all the CAVs, which is shown in Figure 6.2.

For a specific CAV on a specific lane at a specific intersection, we firstly check whether
the current lane has the right of way or not. Then, we check whether the current CAV is

the first CAV on this lane or not. There are four resulted conditions:

e If the current lane has the right of way and the current CAV is the first CAV on the
current lane, we further check if the speed limit v,,,, has been reached or not. If the

CAYV is driving with the speed limit, we set the reference acceleration a,.s = 0, i.e., the
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Figure 6.2: Flowchart of the rule-based vehicle control
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CAV is controlled to maintain the speed limit to pass the intersection. If the speed

limit has not been reached, we set the reference acceleration ayef = Gpuise, Where apuise

is a pre-defined economical acceleration value which will be used for all acceleration

process.

e If the current lane has the right of way and the current CAV is not the first CAV,

i.e., there is at least one CAV ahead. We will calculate the acceleration aiemp needed

to reach the speed of the first front CAV for the current CAV. Then, if aemp > @giide

where agige 15 @ pre-defined economical deceleration value which will be used for all
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deceleration process, we further check if the current CAV is driving on the speed limit
or not. As the first scenario, if the speed limit has been reached, we set the reference
acceleration as aer = 0. Otherwise, we set ayef = Gpuise, 1.€., there is still space for the
current CAV to gain more speed. If emp < Gglide; We S€t Gret = Gglide, 1-€., the current

CAV should begin to decelerate to match the speed of the front CAV.

e If the current lane does not have the right of way and the current CAV is the first
CAV, i.e., vehicles on this lane should stop before the stop line, we firstly calculate the
deceleration value atemp needed to glide to the stop line (with final speed 0). Then,
as the above scenario, we further check whether aiemp > @glide Or nOt. If Gtemp > Agiide
(e.g., the first CAV is far from the stop line), we believe that there is still some space
for the CAV to gain speed thus we follow the rule as described above to handle the

speed limit. Otherwise, we set arer = Aglide-

e If the current lane does not have the right of way and the current CAV is not the first
CAV, the scenario is the same as the second one. The current CAV should refer to the

front CAV to decide whether it should accelerate or decelerate.

After generating the reference accelerations, we use the same safety check method introduced
in Section 5.2.2 to avoid unsafe situations due to the existence of HDVs. Finally, we apply
the adjusted acceleration to the current CAV.

Integrating the IL-based traffic signal control and the rule-based vehicle control, the

pseudo-code of the learning-enhanced SVCC method is shown in Algorithm 1.

Algorithm 1 Learning-enhanced SVCC

Initialize demonstration dataset D < ()

for i = 0:10 do

Set CAV penetration as i/10.
Run the model-based multi-scale SVCC algorithm and collect dataset D;.
Aggregate datasets: D < D|JD;.
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end for
Train the initial policy m; on D.
for j = 1:N do
for i = 0:10 do
Set CAV penetration as i/10.
Use policy m; to control traffic signals and use the rule-based method to control
CAVs to run the simulation. Meanwhile, use the model-based method as a shadow
to calculate the optimal actions for states encountered, and collect dataset D;.
Aggregate datasets: D < D JD;.
end for
Train policy 711 on D.
end for

return Best policy on validation.

6.2 Numerical experiments

The settings for the test scenarios are the same as in Chapter 5, where we tested the model-
based SVCC algorithm under a corridor, a 4 by 4 synthetic network, and a 4 by 6 real-
world Seattle downtown network. In this section, we show the experiments on the learning-
enhanced SVCC algorithm for the synthetic 4 by 4 network and the real-world 4 by 6 network.
Note that the learning-enhanced algorithms are directly trained and updated on the tested
networks, i.e., we have to train different learning-enhanced algorithms given different traffic
networks. Considering that the basic units (i.e., single intersections) of different traffic
networks are usually the same, we also explore the transferability of the proposed learning-
enhanced algorithm by training each intersection type first and applying them to traffic
networks that consist of multiple types of intersections.

Specifically, the communication range is set as 100m, and the cell length for discretization
is set as bm, i.e., each lane can be represented by a 3 (position, speed, and waiting time) x 20

matrix. The batch size when training the ResNet is set as 64 and the learning rate is set
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as 0.0001. We compare the learning-enhanced method with the Actuated and the model-
based Multiscale control methods. Hereafter in this paper, we use Multiscale, L-enhanced,
Actuated, Fixed-time to denote the model-based multi-scale SVCC, the learning-enhanced
SVCC, the actuated signal control, and the fixed time signal control, respectively.

In the first part of this section, we show the experimental results of Algorithm 1 on the
synthetic 4 by 4 network and the real-world 4 by 6 Seattle downtown network, respectively.
For this part, Algorithm 1 is directly applied to the two networks, i.e., we train and update
the policies for each network separately. It might become very expensive when the size of
the network increases. Considering that the basic units (i.e., single intersections) of different
networks are usually the same and the proposed L-enhanced method is also intersection-
based, in the second part, we explore a new learning strategy by training each intersection
type first (in a small network) and applying them to traffic networks that contain these types
of intersection. In this way, the learned policies can be easily applied to a new network and
thus the proposed learning-enhanced method may present certain transferability property

(note that this is not a “transfer learning” (Pan and Yang [2009], Weiss et al. [2016]) model).

6.2.1 Performance analysis of the learning-enhanced SVCC method on the synthetic 4 by 4

and real-world 4 by 6 networks.

We firstly show the training performance of the synthetic 4 by 4 network in Figure 6.3. We
use the average waiting time as an example to show the performance (other indexes such as
average time loss and queue length are in the same trend and omitted here for brevity). The
horizontal axis in the two sub-figures is the number of round, i.e., j in Algorithm 1. The more
round, the more data that we can use to train the policies. The performance of Actuated
and Multiscale do not change along with the training round because there is no need to train
them. The data points in Figure 6.3 are calculated from 110 testing episodes (10 episodes
with different random seeds for each CAV penetration which ranges from 0% to 100% CAV
penetration with a step of 10%) after each training round. Round 0 here represents the initial

policies trained using the data generated purely by the model-based Multiscale method. For
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other rounds, we use the learned policies to control the traffic signals and the rule-based
method to control the vehicles. Meanwhile, we use the Multiscale method as a “shadow”
method to generate training data. As shown in Figure 6.3, the L-enhanced method can learn
a good policy after the first round iteration: the average waiting time decreases dramatically
and the standard deviation also drops significantly. After that, the performance stabilize

around a certain level with small fluctuations, indicating that the L-enhanced algorithm

converges.
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Figure 6.3: Training performance of the synthetic 4 by 4 network under symmetric volume

Then, we show the performance of the learned policy on the 4 by 4 network in Figure
6.4. The average waiting time, queue length, and fuel consumption of the mixed traffic
flow along different CAV penetrations are shown. It shows that the L-enhanced method
outperforms the Actuated method under all CAV penetrations and performs close to the
Multiscale method. This is reasonable because the L-enhanced method tries to mimic the
policies of the Multiscale method, i.e., the best performance that the L-enhanced method can

achieve is the model-based Multiscale’s performance. The main advantage of the L-enhanced
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method to the Multiscale method is the computation efficiency. Based on our observation, it
takes about four hours for a 15 minutes simulation for the model-based Multiscale method on
the synthetic 4 by 4 network, while the time can be reduced to 5 minutes when we apply the
L-enhanced method. In other words, the L-enhanced method achieves similar performance

as the Multiscale method but with much higher computation efficiency.
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Figure 6.4: Performance of the L-enhanced method after learning on the 4 by 4 network

As shown in Figure 6.5, the performance of the L-enhanced method on the real-world 4
by 6 Seattle downtown network has similar trends with the performance on the synthetic 4
by 4 network, indicating that the L-enhanced method can be applied to different networks.
The amazingly efficient performance of the L-enhanced method, however, is still based on
the availability of the model-based method and repetitive runs of the model-based methods
(which is time-consuming). This defeats the purpose of developing the L-enhanced method
if the method has to be trained for each network separately. In the next subsection, we
explore the transferability of the L-enhanced method by training it first on specific types

of intersections, and then apply the trained results to networks that contain these types of

Intersections.
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Figure 6.5: Performance of the L-enhanced method after learning on the 4 by 6 network

6.2.2 Transferability analysis

We first show that the L-enhanced method trained on a small network can be applied to
larger networks. To do this, we directly apply the policies learned from the 4 by 4 network
to a larger 7 by 7 network without further training. Considering that both the synthetic
networks are consisted by identical intersections (i.e., only one 4-leg intersection type with
three lanes for each incoming approach), we then show that a network that consists of
different intersection types can be well controlled by the policies learned from separate small
networks, each of which consists of only one intersection type. In other words, for this test,
we learn six policies on six synthetic 4 by 4 networks separately (each network is constructed
by each of the six intersection types in Figure 5.7) using the L-enhanced Algorithm 1, and
directly apply the six learned policies to the real-world 4 by 6 Seattle downtown network.

The performance of applying the policies learned from the 4 by 4 network directly to the
new 7 by 7 network (with the same intersection type) is shown in Figure 6.6. It shows that
the L-enhanced method achieves almost the same performance as the Multiscale method (the

fuel performance is even better), indicating that the policies learned from a small network



116

can be directly applied to a larger network. Essentially, the learning process is to mimic
the actions of the Multiscale method on a single intersection basis due to the information
sharing and distributed control. As long as all (or most) traffic states can be fully explored,

the learned policies should work well for new traffics with same type of intersections.
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Figure 6.6: Performance of the transferred policies on the 7 by 7 network

The performance of applying the six individual policies trained in six 4 by 4 synthetic
networks to the 4 by 6 Seattle downtown network is shown in Figure 6.7. Note that the
general scale of the three performance indexes of this experiment is smaller to those of the 7
by 7 network, e.g., the average waiting time of the Actuated method is 120s for the 7 by 7
network and 20s for the Seattle downtown network. This is because we used a relatively high
symmetric volume for the 7 by 7 network while the real volume for the Seattle downtown
network is relatively medium. For the Seattle downtown network, the performance trends
of the three control methods are similar to those of the 7 by 7 network. The L-enhanced
method achieves almost the same performance as the Multiscale method. In other words,
a complex network that consists of different types of intersections can be controlled well by

the policies learned from individual small networks with identical type of intersections.
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Figure 6.7: Performance of the transferred policies on the 4 by 6 Seattle downtown network

In summary, we trained individual policies for different intersection types, each under
a 4 by 4 network with identical intersection type. Then, we applied the trained policies
to 1) a larger network (i.e., a 7 by 7 network) with identical intersection type, and 2) a
real-world network (i.e., the Seattle downtown network) with different intersection types,
without further training. The experiment results showed that the learned policies performed
almost the same as the Multiscale method (i.e., the “expert”), indicating that the L-enhanced
method has certain level of transferability. We believe that this ability will make the training
of the proposed L-enhanced method easier and more efficient, which can help apply the
method to more networks broader applications. Further exploration of this transferability

property is interesting and merits future research; see more discussions in Section 7.

6.3 Summary

In this section, we developed an IL-based algorithm to improve the computation efficiency
of the model-based multi-scale SVCC algorithm. We built a ResNet-based policy network
to represent the policies of the slower-scale signal control problem. We used the expert data

generated by the model-based multi-scale SVCC algorithm to train the policy networks in a
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DAGGER framework. For the faster-scale vehicle control problem, we designed a rule-based
eco-driving algorithm for the mixed traffic flow and guarantee the safety using safety check
technique. Numerical experiments showed that the proposed learning-enhanced SVCC algo-
rithm could achieve almost the same performance as the benchmark model-based multi-scale
SVCC algorithm, but with much higher computation efficiency. In addition, we explored the
transferability of the learning-enhanced algorithm by training individual policy (i.e., indi-
vidual intersection type) in small networks and apply them to large networks with different
intersection types. Experiments indicated that the learning-enhanced methods had good

transfer abilities.
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Chapter 7
DISCUSSIONS OF PRACTICAL CONSIDERATIONS

Both the proposed model-based and learning-enhanced methods achieve good traffic and
vehicle performances according to above numerical experiments. We have tried to make the
experiment settings as close to the real-world conditions as possible. However, there are still
some gaps in between. In this section, we discuss two of the major gaps in detail, i.e., how
to consider different vehicle types and how to consider different road users, and summarize
other considerations regarding real-world applications and future research directions. We
firstly show how to consider different vehicle types such as internal combustion engine (ICE)
vehicles, hybrid electric vehicles (HEV) and electric vehicles (EV) in Section 7.1. Considering
that this might be the most urgent extension of the proposed algorithms, we conduct numer-
ical experiments and show the initial results to illustrate the effectiveness of the proposed
algorithms on such scenarios. Then, in Section 7.2, we discuss how to consider pedestrians
and other road users in the proposed algorithm. Finally, we summarize other limitations
of this study, the corresponding remedies, and potential directions that can further improve

the proposed algorithm in Section 7.3.

7.1 Different vehicle types

So far, the vehicle performance is evaluated mainly by fuel consumption. As shown in A3,
the goal of the vehicle control problem is to minimize fuel consumption and meanwhile fulfill
the sparse trajectories generated by the signal control problem (i.e., maintain acceptable
travel time). By fuel consumption, which is calculated in Equation (4.37), we assume that
all vehicles are ICE-powered. However, there are other types of vehicles such as HEV and

EV. In particular, CAVs are more likely to be electrical powered. The power-train systems
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of different types of vehicles are different. It has been proved in this study that the proposed
method could improve the performance of ICE vehicles. The effectiveness of the proposed
method on other vehicle types also needs to be verified.

In this section, we apply the proposed model-based and learning-enhanced methods to
other types of vehicles (i.e., HEVs and EVs). For this, we need to focus on energy con-
sumption instead of fuel consumption. Considering that the detailed power-train systems of
HEV and EV are complex, we use a power-based method to simplify and unify the energy
consumption calculation of these vehicles. Specifically, we do not model the detailed power
generation, split, and usage of HEV and EV; rather we focus on the raw energy consumption.
In other words, we calculate the “energy” consumption instead of “electricity” consumption
and “fuel” consumption of HEVs and EVs. In fact, using vehicle power to estimate the
energy consumption of HEVs and EVs has been widely studied and used in the literature
(e.g., Wu et al. [2015], Hu et al. [2016], Fiori et al. [2016]). In this study, we combine the
two well-recognized power-based energy consumption models proposed in Wu et al. [2015],
Fiori et al. [2016] (which were validated using real-world data) to estimate the raw energy
consumption of HEVs and EVs. The total energy usage F for a vehicle finishing a trip with

certain length is computed by integrating the power over the trip time

o / 7 Py, (7.1)

to

where P(t) is the driving power, and is defined as
1
P(t) = (ma(t) + mgf,cosO(t) + mgsinf(t) + §pACv2(t)) v(t). (7.2)

where m is the mass of the vehicle, a(t) is the acceleration at time ¢, g is the gravitational
acceleration, f, is the rolling resistance constant, 6(t) is the road slope at time ¢, p is the air
density, A is the frontal area of the vehicle, C' is the coefficient of air drag, v(t) is the speed of
the vehicle at time ¢. The four items in the right side parentheses of Equation (7.2) represent
the acceleration force, rolling, grade, and aerodynamic resistances, respectively, which is a

classical way to model vehicle dynamics in transportation (Mannering and Washburn [2020]).
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One of the main differences between ICE vehicles and HEV/EV is that the energy can be
regenerated under certain driving conditions such as during the braking process. Equation
(7.2) actually can reflect such energy regeneration. When P(t) > 0, the vehicle is in traction
mode, i.e., the power comes from either the electric motor or the ICE to the wheels to drive
the vehicles ahead. In such a traction mode, the energy is purely consumed. When P(t) < 0,
the vehicle is in braking mode, and the kinetic energy (which will be dissipated by the braking
system in ICE vehicles) can be regenerated by HEV/EV. Through the integral operation in
Equation (7.1) naturally deducts the regenerated energy from the consumed energy due to
the negative values. Thus, the integral gives the final total energy consumption by taking into
account the energy regeneration. Note that here we assume the energy regeneration efficiency
is 100% for the sake of simplicity. It should be noted that the models and performances
could be different if we adopt other energy consumption models. The objective function of

the faster-scale vehicle control problem A3 becomes

ChRTs g1
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Y. PLkp)ATs + wfl (k) ATy, (7.3)

=1 =k,
where 7, j, m means the vehicle i on lane j at intersection m. When there are both HEV /EV
and ICE vehicles in one lane, the energy consumption of each vehicle should be calculated
using the correct formula based on its actual type; the objective function of the faster-scale
vehicle control problem should then includes both Equation (7.3) and (4.19), but balanced
by a weighting parameter that converts the fuel consumption to energy consumption, i.e., to
make sure the units are consistent.

We conducted numerical experiments considering the existence of HEV and EV. We
assume that the energy consumption model of all HEVs and EVs are the same, and use the
same calibrated parameters in Wu et al. [2015], where m = 1266kg, f. = 0.006, %pAC =
1.30kg/m,g = 9.8m/s?. The CAV penetration increases from 20% to 100% using 20% as
the increment, and the HEV/EV penetrations in CAV and HDV are both 50%. We test

the synthetic 4 by 4 network using symmetric volume and the real-world Seattle downtown
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network using real volume. Figure 7.1 shows the average waiting time, time loss, and queue
length of all vehicles. It is shown that the performance of the Multiscale and L-enhanced
methods follow the same trends as the above discussed case of pure ICE vehicles. In other
words, the two proposed methods still work well regarding the traffic performance when
HEVs/EVs are added into the traffic flow. Figure 7.2 shows the average fuel consumption
of ICE vehicles and the energy consumption of HEVs/EVs under different control methods.
Again, similar trends can be fount for both vehicle types: the energy consumption reduces
as the CAV penetration increases. The L-enhanced method even achieves slightly better
performance compared with the Multiscale method. This might be caused by the following
reasons: 1) We tested the L-enhanced methods under each CAV penetration for 10 rounds
using different random seeds and used the average value to plot the figures. However, due
to the low computation efficiency, we only tested the Multiscale method for 1 round for each
CAV penetration. There might be perturbations. 2) The the parameter that converts ICE
vehicles’ fuel consumption to HEVs/EVs’ energy consumption were not the best. Considering
that the goal of this subsection is to provide initial experiments and insights of the proposed
algorithms’ ability to handle different vehicle types, we believe that Figure 7.1 and 7.2
have demonstrated this purpose. In fact, the experiment of the 4 by 6 Seattle downtown
network showed similar results (which is omitted here for the sake of brevity). We leave
the parameter fine-tuning, model improving, and further testing considering different vehicle

types as a future research task.
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Figure 7.1: Performance of different control methods in the 4 by 4 network
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Figure 7.2: Energy consumption of different control methods in the 4 by 4 network

7.2 Pedestrians and other road users

In this study, we simplified the traffic conditions by focusing on vehicles and neglecting

pedestrians, bikers, and other road users. Although this is a common assumption in traffic
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signal and vehicle control, a good SVCC algorithm should be able to handle such practical
considerations. In general, there are two approaches to take into account other road users
besides vehicles. First and the most intuitive, we can add an exclusive pedestrian phase
between a few slower-scale intervals. Second, we can integrate the pedestrian phase into the
model and calculate the corresponding optimal signal phases.

For the first approach, we add an additional phase after a few slower-scale intervals (say
10, i.e., every 50 seconds if the slower-scale interval is 5 seconds) for the exclusive use of all
pedestrians and no vehicular movements are allowed (Koonce and Rodegerdts [2008]). During
the exclusive pedestrian phase, pedestrians can cross any leg and even the diagonal path of
the intersection. Such exclusive pedestrian phase can reduce the potential conflicts between
right-turning vehicles and pedestrians, which are common in traditional pedestrian intervals.
However, this approach may reduce the intersection’s capacity of serving the vehicles. When
it comes to integrate the exclusive pedestrian phase into the proposed algorithms to provide
mobility for pedestrians and other road users, there are two methods to determine when
the exclusive pedestrian phase needs to be added and how long the phase should hold. The
first method is to design rule-based fixed-time schedules. For example, we can create a
map between the number of waited pedestrians and the waiting time to the next exclusive
phase (with minimum and maximum waiting times) and the needed service time for the next
exclusive phase. Such a map can be calculated using historical and experimental data. The
second method is to develop an auxiliary optimization problem that runs in parallel with
the proposed SVCC algorithm to adaptively determine when and how long the exclusive
pedestrian phase should be, with the consideration of vehicle information. In this way, we
can find a better balance between the real-time vehicular traffic condition and other road
users. For example, the exclusive pedestrian phase should more likely be added when the
vehicular volume is low.

For the second approach, we let the pedestrians and other road users pass the intersection
together with vehicles, which is known as the leading and lagging pedestrian phases (Koonce

and Rodegerdts [2008]). Pedestrians can only cross the intersection with the adjacent through
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vehicular movements. Compared with the exclusive pedestrian phase, this approach have
less impact of the vehicular service level. However, the right-turning vehicles may have
conflicts with the pedestrians. In addition, this approach is usually used together with cycle-
based traffic signals. In this study, we do not set cycles for the signals in order to bring more
flexibility and optimality. Nevertheless, we can still integrate this approach into the proposed
SVCC algorithm. To do this, for the slower-scale problem, we need to add minimum green
time for the phases that pedestrians want to use, and design new objective functions to
balance the utilities of vehicles and pedestrians. The complexity of the slower-scale problem
will increase and potentially the computation efficiency will reduce. As a future research
direction, testing and comparing the two approaches (i.e., exclusive pedestrian phase and
integrated pedestrian phase) to find the one that best suits the proposed algorithm is in

need.
7.3 Other limitations, potential remedies, and future research directions

First, in this study, we assume that the V2X communication range around a single inter-
section is 200m and information is perfectly shared, i.e., there are no latency, dropout, and
packet loss, etc. However, it might be difficult to satisfy such an ideal condition in the
real-world applications. Nowadays, there are two main communication standards for the
V2X technologies: 1) IEEE 802.11p, e.g., the dedicated short-range communication (DSRC)
protocol (Abboud et al. [2016]) and the intelligent transportation system (ITS)-G5 protocol
(Atallah et al. [2015]); and 2) long term evolution (LTE), which is also known as LTE-V2X
(Molina-Masegosa and Gozalvez [2017]). These techniques can work well with the 200m
communication range. For example, the throughput could reach 600Mb/s and the latency
could be as low as 10ms. Such communication capacity has made it possible to transmit data
between vehicles and other devices quickly and reliably. As such techniques evolve in the
near future, the information transmission capacity would keep increasing. The assumption
in this study, i.e., perfect information sharing, would be more and more viable.

Second, we assume that all the vehicles in the studied traffic network are rational, i.e.,
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there are no accidents, emergencies, road closure, etc. However, in real-world traffic scenario,
such conditions might happen due to irrational driving behavior or hardware failure. Those
conditions can be considered as perturbations of the urban traffic network. The UTC system
must have high robustness to the perturbations. For example, if there is a road closure or a
traffic signal malfunction in the traffic network, the UTC system needs to be able to detect
the perturbations and provide alternative solutions to guarantee the normal transportation
functions. This will add another feature to the UTC system, i.e., the fault tolerance capability
(Blanke et al. [2006]). In literature, there have already been studies regarding fault tolerance
traffic control, e.g., speed limit control (Du and Razavi [2020]), perimeter control (Haddad
and Mirkin [2017, 2020]), platoon control (Guo et al. [2020]), etc. However, fault tolerant
control for urban traffic network has not been well-studied. How to detect and model the
perturbations, how to design tolerance mechanism, and how to test different perturbation

types are interesting research directions.

Third, for the faster-scale vehicle control, only longitudinal operations are considered in
this study. Integrating both longitudinal and lateral (i.e., lane-changing) operations could
potentially be beneficial. However, this will bring much more complexity to the model. How
to select and even design a proper lateral vehicle dynamics model that can be well integrated
into the proposed framework is of great interest. In addition, we used the same microscopic
behavior setting (e.g., vehicle’s car-following and lane-changing models) for all vehicles when
we simulate the traffic in SUMO. However, in real-world condition, different drivers had
different driving behaviors and in particular, CAVs’ driving behavior could be different from
HDVs’ behavior. For example, CAVs can usually accept shorter car-following distance and
reaction time due to the high-performance processors and actuators. To make the simulations
closer to the real-world conditions, we need to set different driving behaviors for different
vehicles. In fact, the proposed algorithms could be easily modified to accommodate different
vehicle parameters. The bottleneck is that we do not have enough real-world data to unearth
those parameters. We hope that in the near future, as the CV and V2X technologies develop,

we could collect abundant data to help us build better microscopic traffic low models.
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Fourth, in this study, we simplify the scenario by assuming that the numbers of HDVs
under the mixed traffic flow condition are known in order to estimate the full traffic states and
build the slower-scale signal control problem. This assumption can be potentially relaxed.
Full traffic states can be inferred by partially observed states (i.e., CAVs’ states) through
temporal sequential modeling and estimation methods (Qi and Chen [2021], Guo and Ma
[2021]). We did not utilize such methods because 1) these methods are usually complicated
which will introduce more complexity to our model; 2) full traffic state estimation is not the
focus of this study; and 3) the linear interpolation used in this study performs fairly well.
However, the performance of the proposed methods could potentially be improved if a more
accurate estimation method is used.

Fifth, the learning enhanced methods could be further improved. In this study, we used
the imitation learning as the fundamental idea to design the learning policies. The algorithm
tries to mimic the expert’s behavior and therefore, the expert’s performance (i.e., the model-
based multi-scale SVCC method) is the upper bound for the learned policies. We simplified
the traffic scenario in order to build the analytical model-based algorithm, there are spaces
and gaps between the idea optimal strategies and the model-based solutions. Although the
learning based algorithm shows good control performances and strong generalization abilities,
it can be potentially improved by more sophisticated learning methods. For example, we
can use the policies learned by the current method as the initial policies, and design proper
reinforcement learning algorithms to further explore different traffic states and actions to
improve the policies. In this way, the learning based method can not only improve the
computation efficiency as shown in this study, but also improve the optimality.

Finally, real-world testing is needed to evaluate the performance of the proposed algo-
rithms. Although we have built the Seattle downtown network as one test case, the numerical
experiments were all conducted in simulation. It will be very interesting to test the proposed

algorithm in real-world settings, e.g., using CAV test-beds.



128

Chapter 8

CONCLUSIONS

In this study, we developed a general multi-scale control framework for UTC problems,
and discussed a few key challenges and some potential research directions. We applied the
framework to the two-scale SVCC problem. In order to analyze and efficiently solve the
SVCC formulation, we proposed an MPC scheme to decompose and approximate the two-
scale problem into two sub-problems,; including a faster-scale vehicle control problem and a
slower-scale signal control problem. We also proposed the concept of state consistency be-
tween the two scales, and based on which, to analyze the stability of the corresponding MPC
scheme. We then presented numerical experiments to show the results of the SVCC algo-
rithm, including the performance of the MPC scheme and comparisons with the traditional

actuated signal control method.

Based on the multi-scale UTC framework and a the SVCC method for single intersection
with full CAV penetration, we developed a multi-scale SVCC algorithm under the scenarios of
multiple intersections and mixed traffic flow of CAVs and HDVs. We used the information
sharing to enable the communication between neighboring intersections, and designed a
distributed slower-scale problem for each intersection to generate the optimal phases for the
traffic signal and reference trajectories for surrounding vehicles. We solved the multi-scale
SVCC problem in an MPC style, and proved the asymptotic stability of the MPC under full
CAV penetration. For the mixed traffic flow, we designed a vehicle state estimation method
to estimate non-CAVs’ states and built the corresponding slower-scale problems. For the
faster-scale vehicle control problem, we developed a safety check mechanism to adjust the
commands generated by the faster-scale problem. The two techniques, i.e., methods to deal

with multiple intersections and mixed traffic flow, were combined together as an integrated
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framework, which can be used for real-world traffic networks.

Considering that the model-based methods suffer from low computation efficiency, espe-
cially when the traffic networks are large, we developed an IL-based algorithm to improve the
computation efficiency. We built the policies using the deep neural networks and trained the
policies using the expert data generated by the model-based multi-scale SVCC algorithm in
a DAGGER framework. In addition, we explored the generalization abilities of the learning
based methods by training in small networks with identical intersections and applying di-
rectly to larger networks with different types of intersections. The numerical experiments on
a single intersection, a b-intersection corridor, a synthetic 4 by 4 network, and a real-world
4 by 6 Seattle downtown network showed that the proposed model-based multi-scale SVCC
algorithm could largely improve both the traffic performance (such as average travel time and
queue length) and individual vehicle’s performance (such as fuel consumption). The learning
enhanced algorithm could achieve almost the same performance as the model-based methods
while the computation efficiency was dramatically improved, and the policies learned from
small networks can be applied to large and different new networks.

We also discussed the gaps between the proposed algorithms and real-world applications.
For example, how to integrate different vehicle types, how to consider pedestrians and other
road users, etc. In addition, we pointed out future research directions by examining the
limitations of this study. For example, integrating both longitudinal and lateral vehicle
control, designing more advanced learning algorithm to improve optimality, etc. We hope
this study could provide others with a potential framework to tackle the multi-scale UTC

problem, and draw their interests and attentions to this important and promising area.
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