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Modern transportation networks are witnessing ever-increasing levels of vehicle automation
as subsystems originally controlled by the human driver are taken over by automated control sys-
tems. Connected autonomous vehicles (CAVs) represent the latest technological breakthrough in
this domain, which promises increased safety, improved efficiency, and better accessibility. Re-
cently, more and more academic and industrial research interest has been focused on guaranteeing
the safe operation of a single CAV by harnessing its advanced sensing and computation capabil-
ity. However, CAVs also have another very important capability whose potential remains largely
untapped: communication. Communication among CAVs (V2V - Vehicle to Vehicle) and with
infrastructure (V2I - Vehicle to Infrastructure) provide CAVs the ability to share progressively
gathered information, policies, and rules, and pursue controls related to both local and global ob-

jectives (in space and time). Thus, CAVs can collaboratively achieve levels of safety and efficiency



that cannot be achieved by a single vehicle working alone.

With this new focus on cooperative CAV control, we propose methods and associated al-
gorithmic implementations, through which CAVs can contribute to solving some of the persistent
problems which have been plaguing road and highway infrastructure for decades. We provide
problems such as highway merge junction bottlenecks, highway traffic shock waves, and signal-
ized or unsignalized intersection management with vastly superior solutions by harnessing the
communication capabilities of CAVs. In both the domains of fully autonomous traffic and mixed
traffic (CAVs coexisting with human driven vehicles), communication-based CAV control allows
for safer operation with improved global throughput of traffic flow. In a world facing increasing
shortages of traditional fuel sources, the ability of cooperative CAV control to reduce overall fuel
consumption levels is also quite notable.

The algorithms proposed in this dissertation, which use heuristic, optimization, and learning-
based control, can be broadly categorized as cooperative multi-agent control in which CAV sensing
and/or actuation data are communicated. Sharing of this data allows CAVs to gather information
about downstream traffic conditions, and overcome problems such as hidden obstacles due to sen-
sor occlusion and dangerous conditions ahead or out of a single vehicle’s “line of sight”. This
increased collection of information available to the control center (either ego vehicle or infrastruc-
ture) can then be used to compute better controls leading to safer, more efficient operation, and the
ability to prevent the occurrence of certain unwanted traffic conditions. This potential capability of
CAVs is explored using both centralized (often V2I-based) and decentralized (often V2V-based)

control strategies. Moreover, as ensuring the safe operation of the overall system is a primary con-



cern, in addition to achieving the desired performance, safety is a fundamental constraint built into
all these methods.

Our overall goal is to provide practically implementable algorithms that achieve high levels
of performance and are capable of real-time operation while demonstrating robustness to vari-
ations in the environment. As such, we pay special attention to realistic driving environments
including the impact of features such as multiple lanes, mixed traf c, heterogeneous traf c (cars,
buses, trucks, emergency vehicles, etc.), and limitations in both communication and computation
resources. We investigate the properties of communication networks used, as well as the ability of

the control systems to adapt to imperfections in actuation, sensing, and communication.
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Chapter 1: Introduction

Over the past decade, we witnessed an overwhelming interest in research related to connected
vehicles, electri ed vehicles, and self-driving vehicles. The introduction of these vehicles, which
we collectively call Connected Autonomous Vehicles (CAVSs), is rapidly changing from what was
once a futurist dream to a present-day reality. These CAVs have the potential to improve safety,
ef ciency, and accessibility which are the three major performance criteria in road infrastructure-
based transportation systems.

Both safety and ef ciency are becoming an increasing concern as vehicular demand contin-
ues to increase much faster than improvements in road infrastructure can keep up. These higher lev-
els of vehicle densities along with increases in dangerous driving behavior such as distracted driv-
ing have led to some alarming statistics. In the United Std2%]5lives were lost in 2021 [1, 2]
due to road traf ¢ accidents which is the highest number recorded since 2007. There was an es-
timated$340Billion cost to American society in 2019 due to traf ¢ crashes [3]. Furthermore, on
the ef ciency side it is shown that in 2022, an average driver in the United States annually incurs a
time cost of$869 a fuel cost of$546 and a time wastage &f1 hours due to congestion [4]. The
unfortunate truth is that this economic impact of congestion is only expected to further increase

with the increasing cost of fossil fuels as it has also been shown that fuel prices have a small effect



on the amount people traveled. Therefore, we nd ourselves in a situation in which the abilities of
CAVs to potentially improve safety and ef ciency need to be harnessed to the extent possible.

It is also important to note that the introduction of CAVs is not a sudden transition but
instead a gradual process in which vehicles are changing from systems that completely rely on
human drivers for decision-making and control, to automated systems which perform a large range
of activities without the need for human intervention. Technologies such as adaptive cruise con-
trol, lane-keeping assist, and automated parking have already become commonplace in modern
vehicles. Furthermore, onboard sensing and communication technologies have also seen drastic
improvements. Modern vehicles often come equipped with radar sensors, vision-based sensors,
and even lidar ranging sensors. This allows vehicles to observe more of their surroundings and
control algorithms can leverage this information in order to make better decisions. The other
major improvement appearing in vehicles is in communication technologies. The advent of 5G
networking has enabled vehicles to share larger amounts of data at low latency, from vehicle to
vehicle (V2V) and from vehicle to infrastructure (V2I) (Collectively called V2X). These changes
are some of the major forces contributing to the development and acceptance of CAVs today. With
these scienti ¢ breakthroughs pushing the technology of CAVs forward, a lot of attention is now
being put on governing policies for these vehicles, infrastructure improvements to facilitate these
vehicles, and even government incentive programs for the adoption of these vehicles. This is pri-
marily due to the multitude of bene ts presented by CAVs, which include safety improvements,
ef ciency improvements, quality of life improvements, and even the positive impact CAVS can

have on the environment.



When we analyze the most common CAV research areas, it is evident that a large portion
of research focuses on the micro-level behavior planning and control of CAVs. Focus is placed
on ensuring safety, achieving robustness with respect to handling a diverse range of driving sce-
narios, and enabling wide-range applicability of CAVs in various domains. This research provides
a great step forward in terms of individual vehicle safety and the practical applicability of CAVs.
These improvements play a major role in the increasing use of CAVs in multiple domains ranging
from personal transportation vehicles to autonomous trucks for goods delivery to autonomous taxi
systems. It is important to note here that this research is carried out from the point of view of an
individual CAV, by focusing on the use of enhanced onboard sensing and computation to achieve
safer and more ef cient driving. However, it is often true that applying a control that is optimal
from one vehicle's perspective does not necessarily result in the best global strategy. The use of
multi-agent control strategies that aim to reach a globally optimal result often vastly outperforms
single-agent strategies in terms of overall safety, ef ciency, and performance achieved. This is
especially true in the case of CAV control during traf ¢ bottleneck conditions such as highway
merge junctions, highway shock waves, and complex intersections. In these conditions optimally
coordinating groups of CAVs yield far better results than each CAV trying to optimize its own
individual control.

From a global perspective, it becomes apparent that the true power of CAVs can only be
harnessed by leveraging both the individual controllability aspect of CAVs along with their com-
munication capabilities which unlock their potential for cooperation and collaboration. To achieve

this the word "Connected” in the term CAV plays an equally important role as the word "Au-



tonomous”. When compared to single-agent control, when algorithms attempt to coordinate mul-
tiple agents in order to achieve a globally optimal state, the communication capabilities of CAVs
play a very important role. This communication can take the form of Vehicle to Infrastructure
(V21) communication often used in many centralized control strategies or even Vehicle to Vehi-
cle (V2V) communication often used in decentralized control strategies. In addition to enhanced
communication methods, the control algorithms also need to adapt and improve in order to provide
real-time computation capability even in the presence of multiple agents.

The primary goal of this dissertation is to explore the numerous possibilities brought about
by communication-based coordinated CAV control. Here, the focus is placed on the challenges,

applications, and various other aspects of the cooperative CAV control domain.

1.1 Challenges in coordinated CAV control

It is quite clear that coordinated CAV control can provide many advantages in the form of
improved safety and ef ciency. When vehicles and infrastructure communicate with each other,
they can share critical information such as intent, detected road agents (vehicles and pedestrians),
road hazards, and even predicted driver behavior. This information can then be used for multiple
tasks such as overcoming blind spots caused by sensor occlusion, decision-making with regards
to which vehicle receives the right of way, and reacting in advance to hazardous environmental
conditions. While these advantages are numerous, there are also signi cant challenges that need

to be addressed for the successful implementation of cooperative control strategies.



1.1.1 Choosing centralized vs decentralized control

Centralized control methods focus on collecting all information at one point, choosing the
optimal decision for all agents, and communicating a recommended control strategy back to each
of the agents. In contrast, decentralized methods do not have one xed agent with access to all
relevant data and responsible for decision-making. Instead, they either have a process of vehicle
grouping, appointing a leader on the y and computing a decision for the group, or, each agent
computing its own decision based on the information provided to it by other agents within com-
munication range. Centralized methods are often associated with V21 communication and have
geographically xed operating locations while decentralized methods are associated with V2V
communication and can be implemented at any location.

Both centralized and decentralized control methods offer different advantages and the choice
of which one should be used often depends on the application domain. Centralized methods relying
on infrastructure facilities often have a lot more computation capability thus allowing them to
compute controls for a large number of vehicles in real-time and often reach higher levels of
overall performance. Computation units on infrastructure would have larger antennas with longer
communication ranges. They would also not have energy usage constraints as they don't rely on
battery power. On the other hand, the primary advantage of decentralized methods is their ease
of implementation, wide applicability, and the lack of reliance on infrastructure investments. It
is also important to point out that it is much easier to implement governing policies and cyber
security methods in centralized methods than in decentralized methods. This is due to the fact that

the control node remains in a xed location and the introduction and maintenance of these nodes



would often fall under the responsibility of a governing agency. The choice between these two
strategies will often boil down to the computation needs, cost of implementation, safety concerns,

and required performance level related to the application in question.

1.1.2 Impact of heterogeneous vehicles

The term “Heterogeneous vehicles” refers to the different types of vehicles on modern road
transportation networks. These types include passenger cars, cargo vans, trucks, emergency vehi-
cles, motorcycles, and many more. These vehicle types often have diverse needs and requirements.
For example, emergency vehicles prioritize speed above all else while trucks would want to reduce
their acceleration and deceleration events due to high fuel costs. Furthermore, the dynamics of
these vehicle classes can be substantially different. This involves characteristics such as acceler-
ation and braking capabilities as well as other factors like steering rate and top speed. Therefore,
when a coordinated control algorithm is being implemented it is important to take these diverse
requirements into consideration. Algorithms that consider all vehicles as one homogeneous class

often yield highly sub-optimal results in real-world applications.

1.1.3 CAV control in mixed traf c

The term mixed traf c relates to the conditions in which human driven vehicles (HDVs) and
connected autonomous vehicles (CAVS) coexist in the same environment. This situation intro-
duces many complexities that don't surface in systems involving only autonomous agents. Human

driving unpredictability and latency in reaction time can create many complex situations that au-



tonomous need to account for and adjust accordingly. In the case of guaranteeing safety, human
driving behavior needs to be accurately classi ed in order to set the correct levels of safety mar-
gins and control thresholds. For example, as a safety consideration, a CAV needs to give a HDV
classi ed as aggressive more space due to the large variance in its possible future actions. As
the safety of the system may depend on the accuracy in the prediction of a human driver's future
actions, this area of research has received a lot of recent research attention. Additionally, many
problems faced by modern transportation networks can often be linked back to the issues related to
human driving. Problems such as highway shock waves, deadlock at intersections, collisions due
to rule-breaking, and general inef ciencies at bottlenecks highlight the impact of human-related
issues such as delayed reaction times, lack of communication, non-cooperative decision making,
and unpredictability of future actions. As an increasingly greater percentage of vehicles become
CAVs, research shows that many of these problems can be alleviated. This is mainly due to the
fact that the CAVs dispersed among the HDVs can act as Lagrangian control points which can in-
uence the actions of all vehicles around them. Applying a suitable control strategy to these CAVs

can have a drastic effect on the overall ow of traf c.

1.1.4 Importance of real-time control

Most of the applications related to CAV control occur in highly dynamic environments with
agents moving at high speeds. In order for a CAV to operate safely in these environments it needs
high control update frequencies. Control algorithms need to adapt to changes in the environment

and adjust the control strategy within a very short time. This means that the control algorithms



developed need to be capable of very fast computation times. Practically in most situations, the
controls need to be updated at a frequency of at [Hdgtand often abov&OHz. In fact, higher
expected vehicle velocities may even require faster control updates. If the control algorithm can
compute and provide outputs at the desired control frequency we refer to these algorithms as real-

time capable.

1.1.5 Optimization vs Heuristic vs Reinforcement learning control

Many coordinated CAV control problems involve the search for the optimal set of controls
each agent should follow in order to achieve some global objectives such as safety and ef ciency.
As such, optimization-based methods such as those involving model predictive control are often
quite suited to the problems considered. Many of these problems have elegant optimization-based
solutions that achieve excellent performance while guaranteeing safe operation with a mix of hard
and soft constraints. However, as the size of the problem, observation space, and action space
grows larger, certain optimization formulations become increasingly unable to compute controls in
real time. In some of these situations, we nd that rule-based heuristic control can often provide a
good enough solution. This means that in certain structured cases, the sub-optimality introduced by
a heuristic method is within our desired tolerances and the computation speed increase outweighs
the minimal drop in performance.

Additionally, in many control problems related to traf c networks, a large amount of data
can usually be collected regarding the environment conditions via vehicle or infrastructure mounted

sensors. This data is used to model the state of the environment with details involving vehicles,



pedestrians, other agents, and obstacles in the vicinity. In most heuristic and optimization formu-

lations, certain data points are selected or combined in order to form the input state of the system.
In most cases, a large amount of data is discarded and effectively unused in the computation pro-
cess in these methods. This is mostly due to the fact that complex optimization problems which

consider all this data are impossible to compute in real-time. This is a major issue since most

automated vehicle-related control problems require online real-time computation capability due to

the dynamic nature of these environments.

Deep reinforcement learning (RL) methods try to overcome these issues by nding a suitable
direct relationship between the input state and output actions. This allows us to use a much larger
portion of the available data and leave it up to the neural network to discover the relationships
between the input data and output actions of the system. Deep RL algorithms are also capable of
real-time operation on a learned network structure. After training is complete the learned policy
can be used to select suitable actions resulting in a real-time capable system. However, Deep RL
systems have signi cant disadvantages that need to be accounted for. The training process can
be very unsafe and therefore initial training has to be done in simulation. Furthermore, when
moving from simulation to real-world training, there may be dif culty guaranteeing safety if the
sim to real gap is large. This is a major concern in control for automated vehicles as safety is the
top priority. Many auxiliary systems need to be in place for the safe deployment of an RL-based
system and even with all this support, it may be dif cult to provide any xed guarantees on the

system's operational safety.



1.1.6 V2X Communication and knowledge representation

Modern CAVs often have a large number of sensors on board which generate enormous
amounts of data continuously. This data is often too large to be stored on onboard storage and once
utilized is discarded in most cases. Due to this fact, it is very important to extract all the useful
information from this data before it is discarded. It may also be the case that even this extracted
information may be too large to store inde nitely. Due to these problems, the task of knowledge
representation becomes essential. This is further compounded by the need to share this data be-
tween vehicles and possibly infrastructure due to the additional constraints of network bandwidth
and communication delays. The need for minimizing the amount of information that needs to be
shared over the V2X communication network becomes more critical in real-time control applica-
tions. Sharing large amounts of sensor data is often infeasible and leads to sub-par performance.
As such extracting the needed information features and representing them in appropriate data struc-
tures are essential steps in a realistic ef cient communication-based control strategy for CAVs.

Knowledge representation is the process of storing the gathered information in a meaningful
way so that it can be used for inferring relationships among the data, understanding what infor-
mation is useful for each task, and selecting the minimum amount of information that needs to be
shared in communication-based systems. Many different methods such as gridmaps, graph data
structures, tree data structures, and organized databases have been suggested for the task of rep-
resenting some of the more complex information collections. While each of these methods has
there own advantages and disadvantages, the selection of the method to be used depends on the

task speci cation, constraints on the system, and expected relationships within the captured data.
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In the case in which the data captured by an autonomous vehicle has both spatial and temporal
relationships, either temporal or spatial data aggregation methods or graph-based methods such as
dynamically evolving multi-graphs show a lot of promise. Certain highly time-critical applications
may even need further knowledge compaction to obtain the minimum information that needs to be
shared. In such cases, it is possible to leverage the computation capability onboard CAVs to per-
form initial reasoning and feature extraction tasks so that the information that needs to be shared

over the network is minimized.

1.2 Contributions in Coordinated CAV control

While the use of coordinated CAV control is widely applicable in almost all driving scenar-
ios, there a certain traf ¢ bottleneck conditions that really highlight the advantages and possibilities
of this research domain. The conditions include highway merge junctions, highway shock wave
conditions, and complex intersections. If coordinated CAVs can be shown to have signi cant ad-
vantages in these complex scenarios, then their applicability in other simpler scenarios is a given.
In this dissertation we focus on some key coordinated CAV control application domains and in this
section, we present our contributions to each of these domains. These application domains will

later be explained in detail in the form of the chapters that make up the rest of this dissertation.

1.2.1 Highway on-ramp merging control

Highway on-ramp merge junctions remain a major bottleneck in transportation networks.

This section describes a method of increasing highway merging ef ciency by optimally coordinat-
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Figure 1.1: On-ramp merging into a multi-lane highway.

ing CAVs in order to maximize the ow of vehicles while satisfying all safety constraints. The
general highway merging problem can be divided into two stages. The selection of the optimal
merging sequence (order in which to merge) and controlling the actuation of all the vehicles in or-
der to achieve the selected sequence. Sequence selection can become very dif cult as the number
of possibilities grows exponentially with the number of vehicles involved. Another considera-
tion in the merging problem is the challenges introduced by the presence of heterogeneous traf c.
Different types of vehicles may prioritize different aspects such as speed maximization or mini-
mization of acceleration and deceleration tasks. Therefore, a practical controller for solving the
merging problem should be capable of nding an optimized solution in real-time while considering
the varying needs brought about by mixed traf c.

Our key contributions in the highway merging domain are as follows,

» Formulate a centralized hybrid rule and optimization-based strategy for computing controls
for highway merging. Controls are computed by the central control infrastructure with in-

formation obtained via V21 communication.
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» Achieve real-time computation capability with a parallel computation architecture achieved
by breaking down the problem into rule-based merging sequence generation and then parallel
optimization per sequence. The performance of our system can scale with available compu-
tation resources with solutions yielding higher performance when higher compute power is

available.

» Account for the diverse needs of heterogeneous traf ¢ by optimizing according to each ve-

hicle's speci c requirements.

» Guarantee safety with hard constraints and additional safety margins for discrepancies in

sensing and actuation.

» Additional full highway capacity utilization with separate lane changing controller which

maximizes the usage of all available highway lanes.

» Extension to allow for mixed traf c. HDVs coexist with CAVs with HDVs provided with

larger safety margins due to lower predictability.

» Formulate a decentralized version of the algorithm with vehicle grouping and multiple dis-

tributed control computations based on information shared via V2V communication.

* Results are veri ed in a realistic traf ¢ simulator under varying traf ¢ conditions. Presented
results showing signi cant improvements in key traf ¢ performance metrics, such as higher

throughput, lower density, reduced delay, and increased fuel ef ciency.
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1.2.2 Complex unsignalized intersections

Figure 1.2: Unsignalized Intersection with multiple input lanes.

The urban driving domain is quite different from the previously discussed highway driving
domain. It is often less structured, has many diverse obstacles and the environment is less pre-
dictable. However, the desired driving speeds in urban environments are lower than on highways
to help counteract the higher levels of environmental uncertainty. This uncertainty mostly stems
from the lack of knowledge and dif culty in behavior prediction of the multiple dynamic obstacles
in the vicinity of a CAV. These obstacles can take many forms such as other vehicles, pedestrians,
and cyclists. Additionally, as the environment is often quite cluttered, the ego vehicle (primary
CAV) is unable to see many obstacles due to sensor occlusion. No matter how many sensors are
tted onto a vehicle, in a cluttered environment it will face numerous blind spots which could
contain potential hazards. One method to help alleviate this issue is to harness the communica-
tion capabilities of CAVs and enable them to share information with each other or with roadside

14



infrastructure. Working together it is often possible for CAVs to drastically reduce the number of
blind spots faced by each other. This would help make autonomous urban driving a lot safer and
more ef cient. This increased awareness and environmental knowledge would also allow vehi-
cles to move faster while maintaining all safety criteria. Furthermore, the capabilities of this type
of communication-based method would continue to improve as more and more vehicles become
connected.

Within the domain of urban driving, we pay special attention to the CAVs behavior at
unsignalized intersections as they exhibit a statistically high rate of occurrence of collisions. Both
signalized and non-signalized intersections offer different types of challenges which need to be
handled appropriately. These intersections often have many blind spots due to sensor occlusion,
and vehicles may have to adapt control strategies very rapidly in order to prevent collisions. This
process can be made safer and more ef cient if vehicles are able to communicate and cooperate
with each other. To achieve this We proposeM& OPT: a novel hybrid approach to cooperative
intersection control for dynamic, multi-lane, unsignalized intersections. Safely navigating these
complex and accident-prone intersections requires simultaneous trajectory planning and negoti-
ation among drivers. @EOPT is a hybrid formulation that rst uses an auction mechanism
to generate a priority entrance sequence for every agent, followed by an optimization-based tra-
jectory planner that computes velocity controls that satisfy the priority sequence. This coupling
operates at real-time capable computation speeds of lessl€haniliseconds per control cycle
in high-density traf c of more tharl0; 000 vehicles/hr, 100 faster than other comparable fully

optimization-based methods, while providing guarantees in terms of fairness, safety, and ef ciency.

15



Our key contributions in the unsignalized intersection control domain are as follows,

System achieves game-theoretic optimality with the priority order sequence computed being

fair, ef cient, and tractable.

System also achieves optimality in terms of the controls computed to achieve a given se-
guence being reachable and yielding the best performance. It ensures that the optimal trajec-

tories satisfy the priority order with safety guarantees.

Real-time computation achieved by the hybrid auction mechanism and optimization-based
formulation which allows GMEOPT to operate on average at control frequencies greater

than10Hz with more thanl0000vehicles per hour input traf c ow rates.

System capable of handling dynamic input ow rates where the traf ¢ ow in different arms
of the intersection can vary with time. The proposed system can easily adapt to situations in
which the ows in the different arms are signi cantly different from each other resulting in

an unbalanced ow.

Multi-lane capability is achieved by creating a formulation that can generalize to any number
of lanes on each arm of the intersection. Furthermore, an increase in performance is obtained
by allowing many vehicles to enter the intersection simultaneously with a vehicle grouping
system which allows non-con icting vehicles from different lanes to enter the intersection at

the same time.

Extending capabilities to allow the system to handle heterogeneous traf ¢ with diverse needs
in both the auction and optimization sub-sections.
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» Extending the auction-based sequence generator to a multi-bidding multi-sequence strategy
in which it can generate a collection of sequences by changing its focus on various criteria

such as vehicle position, speed, waiting time, vehicle type, and individual vehicle preference.

» Our proposed system is tested on 8iéMGimulator, and our results show that we improve
throughput by at leas25% time taken to reach the goal %% and fuel consumption by
33%compared to auction-based approaches and signaled approaches using traf c-lights and

stop signs.

1.2.3 Large-scale signalized multi-intersection control

Figure 1.3: Traf c road network witth signalized intersections.

Coordinating the ow of traf ¢ through urban areas with multiple intersections is a complex
problem whose solution has the potential to improve safety, increase throughput, and optimize
energy ef ciency. Many existing macro-level approaches attempt to nd the best strategies for
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switching traf c lights at multiple connected intersections to obtain the best traf ¢ ow. In addition
to controlling traf c lights, the introduction of connected and automated vehicles (CAVs) offers
opportunities in terms of additional sensing and actuation points within the traf c network. By
jointly controlling CAVs and traf c lights we can create a system that signi cantly outperforms
existing methods in terms of traf ¢ throughput, time spent, and fuel consumption costs. This
section proposes a centralized implementation for the joint coordination and control of both traf ¢
signals and mixed traf c, including CAVs and human driven vehicles (HDVS), in a network of
multiple connected traf ¢ intersections. Mixed-integer linear programming (MILP) is used to
compute safe control trajectories for both CAVs and traf ¢ light signals, which minimize overall
congestion and fuel consumption. Computational tractability witiHa control frequency, even at
high traf c densities, is then achieved with a decentralized method extension." A further extension
introduces a hierarchical control strategy capable of performing at speeds close to the decentralized
strategy while achieving performance closer to the centralized strategy.

Our key contributions in the signalized multi-intersection CAV and traf c light control do-

main are as follows,

» We describe a MILP formulation for vehicle and intersection coordination, with support for
multiple intersections, mixed traf c, lane changes, HDV predictions, and a more advanced

traf c light switching model.

» Mixed traf ¢ operation capability is obtained by a switched prediction model for HDVs
along with increased safety tolerances to account for the lower predictability of HDV behav-

ior.
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» A decentralized implementation, which works by decoupling the MILP, is proposed to al-
low multiple intersection traf ¢ controllers (ITCs), to achieve real-time computations. This

computation gain is obtained at the cost of overall system performance and optimality.

» An additional hierarchical implementation is then proposed to bridge the optimality gap
between centralized and decentralized implementations. This method creates a central traf ¢
light command which uses a macro-level traf c model to provide guidance to the individual
intersection ITCs. Together this system operates at real-time capable speeds with a minimal

reduction in overall performance.

» All components of our system are built with a modular software architecture, allowing it to

adapt to any traf ¢ scenario.

» We perform extensive validations of the proposed approach basStd/btQusing realistic

simulations of vehicle demand, behavior, and interactions.

» Our approaches are shown to provide improvements of ar8a60% 90-96% and 40-
60% in travel time, waiting time, and fuel consumption, respectively, when compared to

gap-based adaptive and timed traf c lights.

1.2.4 Highway shock wave dissipation

Highway shock waves are persistent naturally occurring phenomena, which have been plagu-
ing road and highway infrastructure for decades. They are caused by the delays in reaction times of

Human Driven Vehicles (HDVS) resulting in unnecessary congestion in highway networks. Shock
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Figure 1.4: Circular multi-lane highway loop for shock wave simulation.

waves, also known as stop-and-go waves, are characterized by the traf ¢ condition in which ve-
hicles accelerate and decelerate in a periodic manner. This is a common cause of overall network
ef ciency degradation. Shock waves are also a major contributor to increased fuel consumption
on highways, due to the large variance in velocity experienced by vehicles facing these conditions.
In high traf ¢ density highway conditions, these shock waves can easily be generated by even the
simplest of triggers such as a few cars slowing down due to a distraction on the side of the road.
Other common triggers for shock waves include busy highway merge junctions, disabled vehicles
on the side of the road, vehicle collisions, and road construction activities. Additionally, once a
shock wave forms, if left unchecked, it usually resolves only when the demand (vehicles entering
the highway) reduces. As such, in high density periods, shock waves can last for hours on end. The

main contributing factor to shock wave generation is the latency introduced by human decision-
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making. Here, the focus is placed on using the communication and sensing capabilities of modern
CAVs to solve the problem of stop-and-go waves in highway networks.

The major issue in dealing with shock waves lies in the dif culties in sensing highway condi-
tions and subsequently actuating vehicles in a suitable manner to dissipate the shock wave. Some
prior solutions to this involve infrastructure-based sensing and variable speed limits. However,
with the advent of CAVs, many more options for sensing, actuation, and control have appeared.
Even at low percentages of CAVs to HDVs (hereafter referred to as CAV penetration levels), the
CAVs can act as Lagrangian sensors, collecting local information about the state of highway traf c.
This local information can thereafter be combined to obtain a global state of traf c. Furthermore,
CAVs can also act as Lagrangian actuators, allowing the control of themselves and their surround-
ing vehicles via inter-vehicle interactions. Thus, even the slowing down and speeding up of HDVs
can be achieved by suitable actuation of the CAVs dispersed among the HDVs. The process of
shock wave dissipation involves the use of CAVs as moving bottlenecks which reduce the ow
into a congested high density area. This gives enough time for the congestion to clear up and over
time if applied correctly can result in complete shock wave dissipation.

Our work on shock wave mitigation focuses on introducing a communication-based coopera-
tive control method for CAVs in multi-lane highways in a mixed-traf ¢ setting. The method allows
for proactive control application and exhibits good shock wave dissipation performance even with

low CAV penetration levels. Our contributions in shock wave mitigation are as follows,

* Introduce a V2V communication-based shock wave mitigation strategy. CAVs collect in-

formation on neighboring vehicles. Share compacted information with other CAVs with
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V2V communication. Each CAV chooses the best control strategy based on the collected

information.

* We design a class of proactive shock wave mitigating CAV controllers which can be tuned
to either prioritize shock wave dissipation performance or passenger comfort. Thus, the
choice of controller depends on design parameters such as the aggressiveness of the driving

behavior allowed.

» Implement a lane-changing controller which focuses on placing CAVs strategically across all
lanes. This positioning of autonomous agents plays a major role in shock wave dissipation

in multi-lane scenarios.

* We show that even at very low CAV penetration levels our controller exhibits good shock

wave dissipation capability with full dissipation often achieved in less than 10 minutes.

* Introduce a multi-agent shared policy deep reinforcement learning approach for shock wave
mitigation. We use the shared-parameter Proximal Policy Optimization (PPO) reinforcement
learning strategy for obtaining the controls for each CAV in the simulation. We also built a
custom SUMO-Gym wrapper for the multi-lane highway simulation with custom-designed

observation space, action space, and rewards for each agent.

1.2.5 Vehicular Communication (V2X) modeling and information sharing

Generally, most coordinated CAV control algorithms are developed and tested in high- delity

simulation environments. Due to this, it is important that these simulations accurately model the
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state of the communication networks used. In a safety-critical application like self-driving cars,
the importance of network characteristics such as latency, bandwidth, and packet loss should not
be underestimated. Control algorithms need to be designed to take into account the shortcomings
of communication systems and be able to adapt accordingly to guarantee the safety and comfort
of passengers and pedestrians. Some methods to solve this issue could involve having adequate
tolerances, backup redundancy methods, and stochastic approximations for received information.
We also nd that it is important to study the trade-off between the amount of information com-
municated and the relative system performance achieved. Here, the focus is placed on identifying
the relationships between network capability, the minimum amount of information to be shared,
and overall system performance achieved. The rst stage of this process involves the creation of a

simpli ed communication modeling system for control applications.

Figure 1.5: Bidirectional traf c overtaking scenario.

In order to showcase the importance of knowledge compaction and information sharing we
implement a control algorithm for the cooperative bidirectional overtaking application. This ap-
plication domain is signi cantly affected by blind spots in each CAVs observation space resulting
from sensor occlusion. To overcome these dif culties, we propose a cooperative communication-
based approach that utilizes the information shared between CAVs to reduce the effects of sensor

occlusion while bene ting from the local velocity prediction based on past tracking data. Our pro-
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posed method in this section aims to combine the bene ts of cooperation-driven communication-
based CAV control systems with the safety guarantees of an MI-MPC optimization-based con-
troller for the domain of bidirectional overtaking in mixed traf c. The main contribution of this
work involves the implementation of a V2V communication-based multi-agent strategy for au-
tonomous bidirectional overtaking which reduces the impact of blind spots created by sensor oc-
clusion. In this regard, we also propose a velocity-tracking method for trajectory prediction and
an improved sensor occlusion model. Our method was tested using the r&iliMi@raf ¢ sim-

ulation system, and the results and comparisons are presented. We show that our method leads
to improved performance with less risky maneuvers, higher overall throughput, and a high suc-
cess rate for overtaking attempts. Further tests are also carried out to show the impact of CAV

penetration levels and lane density on the performance of our method.
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Chapter 2: Cooperative Highway Merging for Heterogeneous Mixed Traf ¢

2.1 Evolution of Methodologies

Highway on-ramps are one of the biggest causes of congestion on modern highways. Due
to the lack of coordination and limited visibility among vehicles, it is very common to see a traf-
¢ buildup around highway on-ramps [5]. The delays caused at on-ramps are some of the major
contributors to overall system ef ciency degradation [6]. In periods of high demand, the effect of
slow-moving vehicles attempting to merge into a stream of fast-moving vehicles creates a bottle-
neck that often leads to traf ¢ buildup in a large radius around the merge junction. Solving this
problem requires vehicles to cooperate with each other and create gaps to enable smooth merging
at high speeds [7]. This unfortunately is extremely dif cult to achieve with human-driven vehicles.
However, with the advent of CAVs, much more information has been made available for improving
this overall process.

The problem of improving the throughput in highway merge junctions has been evolving
with the advent of new technologies. Prior to the introduction of CAVs, most of the work was
focused on ramp metering strategies [8], which control how many vehicles can merge [9], but

don't consider the micro-simulation aspects of the merging process. However, as vehicles become
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more advanced with improved sensing, decision-making, and communication capabilities, we now
see a lot of effort in improving the merge process by taking advantage of the cooperativeness
between connected vehicles. These efforts are often categorized either as rule-based methods or
optimization-based methods.

Rule-based methods attempt to obtain near-optimal solutions with minimal computation
cost. Some initial work on a zipper-based method where vehicles take turns in merging is pre-
sented by Sarvi and Kuwahara [10] and Scaretal.[11]. The work by Awalet al.[12] and more
recently Dinget al. [13] showcase the improvements cooperation between vehicles can provide.
While these algorithms are capable of real-time operation the result is usually non-optimal. There
is no guarantee that the optimal sequence is found among the merging sequences generated, and it
is dif cult to model the interaction between vehicles.

The optimization-based methods aim to overcome this and obtain the optimal merge se-
guence and optimal control for all vehicles near the merge junction. However, this process gen-
erally has a very high computation cost. Different methods aim to circumvent this problem using
many different kinds of assumptions. The work by Rios-Toetal. [14, 15] demonstrates how
the unconstrained optimization problem can be solved in real-time with Hamiltonian analysis.
However, when the fully constrained problem incorporating collision constraints is considered the
method presented in [14, 15] cannot be used. Optimization is restricted to one ramp vehicle and
one mainline facilitating vehicle in the work by Zhat al. [16]. Research by Cheet al. [17]
attempts to solve the constrained problem using a two-level Mixed Integer Quadratic Program-

ming (MIQP) optimization formulation. However, this is very computationally costly and cannot
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be solved in real-time. In fact, they only compute sequences with one ramp vehicle for a very short
time duration. This same problem is faced by other optimal control-based approaches such as that
of Li etal.[18].

Another interesting approach to formulating this merging problem is the virtual slot-based
approach [19]. Here a central controller creates virtual slots on the highway which each vehicle is
then allocated to. This allows vehicles to be controlled centrally by controlling the slot parameters.
This type of formulation performs poorly in the presence of mixed traf c and also does not provide
an optimal solution to maximizing merging throughput. A similar virtual vehicle concept is also
introduced by Uncet al. [20]. While all cooperative merging algorithms require some form of
vehicle to vehicle or infrastructure communication, the work bydtal. [21] shows how the

communication overhead can be reduced by using different broadcast strategies.

Contribution

Because of the nature of the highway merging problem, rule-based methods tend to yield
sub-optimal solutions while methods based on end-to-end optimization are, by de nition, com-
putationally expensive and can hardly be used in real-time. Moreover, the existing methods
invoke the assumption of homogeneous traf ¢, while the potential additional complications of
mixed/heterogeneous traf ¢ conditions have not been adequately studied.

The main contribution of this work to the merging problem is to ameliorate both these issues
by creating a real-time operation capable hybrid rule and optimization-based merging algorithm

with a parallel computation design. This hybrid approach leads to better performance without sac-
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ri cing real-time computation capabilities. This also allows the solution provided by the algorithm
to be improved depending on the available computation resources. The varying requirements of
different classes in heterogeneous traf ¢ are handled by incorporating the concept of individual
vehicle priorities into the optimization formulation.

Finally, the algorithm is tested on a realistic traf ¢ simulator under varying traf ¢ conditions,
and the results and comparisons are presented. We show that our method yields improved traf ¢
performance metrics, such as higher throughput, lower density, reduced delay, and improved fuel

ef ciency.

2.2 Problem Description and Structure

In this section, we formally de ne the fully automated highway merging problem as a large
optimal control problem, and show that, by decomposing it into two simpler decoupled optimiza-
tion problems, which employ a parallel computation architecture, a near-optimal solution can be

computed in real-time.

2.2.1 Modeling the physical system

Consider the abstracted model of a highway on-ramp as shown in gure 2.1. We de ne a
control zone, where all vehicles in this zone communicate with a central controller (V2I commu-
nication) and each other (V2V communication) to decide individual optimum velocities and paths
to be followed. The control zone encompasses both the main road and the on-ramp. We denote

the number of vehicles in the control zone bywith m vehicles located in the mainline, and
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r = n mlocated on the on-ramp. Vehicles are allowed to merge from the on-ramp onto the main

road in the merge zone, which is located at the end of the control zone.

Figure 2.1: On-ramp Merging Regions and Infrastructure Model

In practice, the actual dynamics of the vehicles are unknown and highly non-linear, and,
therefore, cannot be accurately modeled by the solver. In this regard, we assume that the low-level
control of a vehicle is managed by a local controlley which is also responsible for the control of
lateral motion that keeps the vehicle in the lane. Therefore, the vehicle can be modeled as a point

mass moving along the center of the lane according to a non-linear differential equation:

s=f(tsiw);  st)= s (2.1)

wheret? is the time the vehicle enters the control zone. Throughout this manuss(itwill
be measured as the distance of the vehidlem the merge zone. Therefore, we can de ne the
high-level vehicle dynamics by the following velocity control scheme:

S| =V
(2.2)

vi(t) = ui(t)
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wheres;(t), andv;(t) denote the position and velocity of each vehigleespectively, along the

Remark 1. The control inputy;(t) is the command velocity for vehidlelt is necessary that the
target set by this control is reachable by the low-level vehicle contralleand system (2.1). Itis
understood that since, will be the solution of the optimal merging problem, it should be designed

to guarantee safe operation under small delays induced by the dynamics in (2.1).

In addition tos;(t) andv; (t), we assign a priority valug 2 R? to each vehiclé, which af-
fects the merging decision, and an indicator varigb2f 0; 1g which signi es whether the vehicle
is on the on-ramp or the mainline. The priority value has two scalar components, speed prioritiza-
tion (pl) based on the focus placed on vehicle velocity and speed variation prioritizgfjdreged
on the tolerance to changes in velocity. Lastly, each vehicle is assumed to have d'leagth
bounded acceleration capabilities characterized by its maximum accelaagatjoand maximum
brakingani, capabilities, which carry information about lower-level variables such as the mass of
the vehicle. Therefore, all cars are connected autonomous vehicles (CAV) completely de ned by

the state vectors:

Xi(t) = [si(t);vi(t); P 051" A s @i 17 (2.3)

speed limitsv,, andv,, respectively, and we denote the length of the control zondsbgndL ..
Without loss of generality, we will assume in this work thgt = v, = v, a constant value that
can be decided by the designer. The constant parameteMypte f Mg, ; Mg g, which denotes a
safety margin between two vehicles, is also de ned, and can be chosen by the designevl fere,
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andMyg represent the safety margins needed to prevent rear-end collisions and lateral collisions

respectively.

2.2.2 Optimal merging control formulation

The highway merging problem can be formulated as an optimal control problem, where the

appropriately de ned objective function. Essentially, we want to minimize the time it takes for all
vehicles to merge, which can be written as a minimization of the merging time of the last vehicle

to be merged:

min max t
fue (2.4)

sttt C(fxigViLm;Lr; Mg)
wheret! 2 argmin fs;( ) = 0gis the merging time of vehicle The seC is a set of constraints,
to be de ned later, that depend on the state vectarg of the vehicles, equation (2.2), and the
parameters introduced in Section 2.2.1. Based on the CAV assumption, near an optimal con gu-
ration, we expect that all the velociti®gt) will be close to the limitv. Thus, we can expect to

achieve a near-optimal solution to the minimum-time optimization problem (2.4) by solving:

xXn
min pLo(ui v+ plL (U w)?
R (2.5)

sitt CEXigV:Lm:Lr;Mg)
The rst term of the new objective function tries to keep the velocity command as close to

the speed limit as possible, since higher velocities result in shorter merging times. The second
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term refers to Remark 1, and acts as a regularization term, penalizing a fast change in the velocity
commandu; with respect to the current velocity of the car. Lasply,andpl, correspond to the
priority values explained below and de ne a heterogeneous traf c model. We note that this new
objective function consists of a weighted sum that yields a Pareto optimal point with respect to the
parameter which can be chosen by the designer.

However, the optimization problem (2.5) is still practically intractable, since th€ sen-
tains constraints with respect to the order of the vehicles in their respective queues in the two lanes.
Observe that the solution to the optimal control problem (2.5), also yields the optimal sequence
g with respect to which the vehicles should merge. This makes it a mixed-integer optimization
problem which is typically solved by solving (2.5) over all possible merging sequeyaitsr an
exhaustive search. This essentially decouples the two problems of generating a sequence and nd-
ing the optimal velocity commands. However, the total number of possible sequergcgsows
exponentially with the number of vehicles in the control zone. As iterating through such a large
number is impossible in real-time applications, in the next section, we propose a heuristic approach
to search inside the sequence space. This approach can reduce the computational complexity by
orders of magnitude, while the complexity-performance trade-off can be controlled by the designer
with respect to the computational power of the system. We also transform the remaining optimiza-
tion problem into a set of quadratic programming problems, one for each generated sequence, that

can be solved in parallel and in real-time.
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2.3 Handling Heterogeneous Vehicles

Most algorithms found in the literature treat all vehicles as equal in the merging process
and use methods such as rstin rst out (FIFO) to decide the merging sequence. However, this
approach is sub-optimal and performs very poorly in the presence of heterogeneous traf c. This

is further complicated, since, different vehicles should be assigned different priorities based on

multiple factors such as:

Vehicle type, size, and mass

Emergency vehicle

On-ramp or mainline vehicle

Current speed

Vehicle's future intent

Some examples of this are as follows. A loaded heavy 16-wheeler truck on the highway should
not be forced to slow down drastically to enable an on-ramp vehicle to merge. Vehicles should
give way to emergency vehicles. A vehicle intending on taking the next off-ramp can be slowed to
enable other vehicles to merge in front.

To handle these requirements, prior to the optimization stage which selects the optimal merg-
ing sequence, a priority assignment node updates all the priority values of the vehicles in the control

zone. The algorithm considers two types of priority values for every vehicle:

1. Speed Prioritizatiorp()
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2. Speed Variation Prioritizationpl)

Speed priority is concerned with how much a vehicle desires to maximize its own speed. In mixed
traf c, this is especially important for emergency vehicles. On the other hand, Speed Variation pri-
ority is based on the vehicle's deterrence to change its current velocity. While emergency vehicles
would not mind sacri cing speed variation to gain higher speed the opposite is true for trucks since
a high-speed variation would involve incurring a high fuel cost. The steps used in updating these
priorities are as follows. Each vehicle class has a baseline speed priority and variation priority
value. This value is then adjusted depending on the vehicle's current speed, whether it is on the
mainline or not, and whether it has been waiting in the queue for a long time. This modi cation in
priority depending on vehicle delay acts as a fairness factor to ensure that even low-priority vehi-
cles will get a chance to merge eventually. Finally, an adjustment for the ow over effect caused
by high-priority vehicles is made. This effect involves increasing the priority of all vehicles ahead
of a high-priority vehicle in a single-line queue. This ensures that the high-priority vehicle will not

be slowed down too much by low-priority vehicles ahead of it in the queue.

2.4 Priority-based Real-time capable method for cooperative merging of Hetero-

geneous Traf c

2.4.1 Outline and System structure

The optimal highway merging algorithm is formulated with many sub-components responsi-

ble for handling different aspects of the overall control process. Figure 2.2 describes the intercon-
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nections and information ow among the algorithm sub-components. The algorithm is designed

Figure 2.2: Optimal highway merging algorithm architecture

to operate in a cyclic manner with all tasks repeating at a speci ed control frequency. For a single
time instance, the process starts by collecting state information from vehicles in the control zone.

This information is then used for generating vehicle priorities and generating merging sequences.

then the best sequengeis selected. The optimal command velocities corresponding to the best
sequence are then provided to the low-level controllers onboard each CAV.

The two major tasks in the implementation of a fully automated highway merge system are:
(a) the selection of the optimal merging sequence in which vehicles should merge, and (b) the
implementation of this merging sequence by controlling each individual vehicle.

When a vehicle enters the control zone the centralized controller assigns to it a unique ID,
that takes values betweé&randN , whereN is the maximum number of vehicles that can tinside
the control zone.

The vehicles are then added to either the mainline queue or the on-ramp queue.
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2.4.2 Optimal sequence generation

When deciding the best sequence in which to merge highway traf ¢ the total number of pos-
sible sequences grows exponentially with the number of vehicles in the control zone. For example,
in the practical case with = 30 vehicles (n = 15 mainline andr = 15 ramp) in the control
zone, the number of possible sequencéﬁ%fﬁf—l = 155117520 As iterating through such a large
number is impossible in a real-time application, this approach starts at an initial seed sequence
based on time to merge and computes perturbations to this sequence depending on available com-
puting power. Once we have a good selection of sequences to check, then our problem reduces to
choosing which of these possible sequences provides the best performance. Therefore, our algo-
rithm will analyze all possible vehicle inputs in order to make the optimal selection. In order to do
this we need to calculate the optimal vehicle control input (acceleration/deceleration) needed by
each vehicle to achieve each desired merge sequence. This calculation of inputs for all of the ve-
hicles in the control zone for a speci ¢ merge sequence is formulated as a quadratic programming
optimization problem.

In the process of generating the possible sequences which the optimizer needs to compare,
we nd that the number of possible highway merge sequences is limited due to two factors. The
length of the control zone decides the maximum number of vehicles in the sequence and the re-
quirement for order in individual lanes which means mainline vehicles can't overtake other main-
line vehicles and the same is true for ramp vehicles. Using this fact, in this algorithm, a sequence
is formed by injecting the on-ramp vehicles into the string of mainline vehicles. There are two

extreme scenarios that may be considered when injecting ramp vehicles into the main line vehicle
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gueue. The rst criterion is time to merge (TTM)() which takes into account the vehicle's speed
and position. In this criterion, slow-moving vehicles may be allocated to the end of the sequence
even though they are close to the merging point. The other criterion is distance to merge (DTM)
(dw ). Here, vehicles moving fast will need to slow down in order to allow a slow-moving vehicle
closer to the merging point to merge. We nd that the optimum sequence lies in between these
two extremes. Therefore, this algorithm follows a scalarization approach and performs a trade-off

analysis between DTM and TTM controlled by the parameter

@a ) t,+ . 8i2f1:::;ng (2.6)

to compute the merge criteria from which the test sequences are generated. In order to generate a
range of sequences, we varyfrom 0 to 1 and the resolution is selected according to the desired
guality of the sequences, available compute power, and traf c levels in the control zone. When the
number of vehicles in the control zone increases the resolutiorcah be made ne at the cost of
computation.

A key feature of this algorithm is that the optimization process for each sequence is designed
to run in parallel. This means that we can increase thesolution depending on the available
compute cores without sacri cing real-time performance. Every sequence thus generated is then

fed into the optimizer in order to rank and select the best sequence and control variable values.
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2.4.3 Optimization subsystem

The optimal control problems, one for each speci ¢c sequence under consideyjagesk
to nd the optimal command velocities of each vehidg which would facilitate the merging of

vehicles according to the sequergp® an optimal way.

2.4.3.1 Objective function

The objective function to obtaiw; for a given sequenaog is formulated as:

x .
J(uijd = ps (u VIR (U w)? (2.7)

i=1

In addition to the interpretation given in Section 2.2.2, the objective fundt{onqg) can be
viewed as a trade-off between minimizing the control effort (fuel consumption) and maximizing the
throughput of vehicles through the merge zone. Throughput maximization is achieved through the
minimization of the difference between the vehicle's command velocitygnd the speed limit
(v). This stems from the fact that the throughput through the merging bottleneck is maximized
when the speeds of all the participating vehicles are maximized. This formulation focused on
mean velocity maximization is also based on the inherent nature of CAVs to maximize velocity in

order to reach target destinations in the shortest possible time.
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2.4.3.2 Constraints

The constraints (se€ in (2.5)) imposed on this optimization problem ensure safety of op-
eration during merging (Remark 1), by preventing collisions between vehicles, while providing
controls that lie within the capabilities of each vehicle.

First, the command velocity; (), foralli 2f 1;:::;ngand0 t t!, should be bounded
based on the speed limits:

0 u(t) v (2.8)

as well as based on the acceleration capabilities of each vehicle:

aimin t Ui (t) Vi (t) aimax t (2-9)

where tis set as the time resolution in our computations.
The next constraint refers to the dynamics of the system and considers the new expected
position of vehicla after time t:

vi(t) + ui(t)

si(t+1)= si(t) t 5

(2.10)

The assumption that; is chosen such that the vehicle can reach it in timas justi ed by (2.9)
and the second term of the objective function (2.7).

The expected position parameter computed by (2.10) is used to ensure rear-end collisions do
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not occur on the mainline and on-ramp respectively:

jsit+1) so(t+1)j I+ Mg (2.11)

jsc(t+1)  se(t+1)] 1+ Mg (2.12)

with k 6 K°

Here,Mg, represents the safety margin used to prevent rear-end collisions.

The equations (2.11) and (2.12) are then simpli ed by substituting the new expected posi-
tion si(t + 1) values from equation (2.10). The norm is removed using the ordered precedence
assumption which prevents vehicles from overtaking each other. We then obtain the form given in
equations (2.13) and (2.14) for the prevention of all rear-end collisions on both the mainline and
on-ramp:

U U+ (Ve V) + %(Sj Sj+1 T I+ M) (2.13)
U Uisr (ke W)+ %(Sk Siar + 1K+ Msr) (2.14)

forallj;j + 1 vehicles belonging in the mainline akgk + 1 vehicles located on the ramp.

We then compute time to merglg for each vehicle by:

_ S (t + 1)
Ui

(2.15)
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Then the constraint,

ti

m

tin':l L i+ MSI (216)

Ui Ui+1

for all consecutive vehiclesi + 1 in sequence, is responsible for ensuring that individual com-
mandsu; are chosen such that vehicles merge in the order of the sequence under consideration
Here,M 4 represents the safety margin used to prevent lateral collisions during merging.

By substituting from equations (2.10) and (2.15), we simplify equation (2.16) to (2.17). We
also eliminate thé'*! term since we restrict distance measurements to be always taken from a

vehicle's front bumper. Therefore the following equation:

Usi (s FVvi+ 1T+ Mg)  u(Siss 5Viaa  Mg) (2.17)

for all consecutive vehicldsi +1 in sequence, plays the role of both preventing lateral collisions
during merging as well as enforcing the order of merging to follow the tested seqggence

The constraints given by equations (2.8),(2.9),(2.13),(2.14) and (2.17) along with the ob-
jective function in (2.7), form the optimization problem for optimal vehicle command velocity
computation, given a test sequerne

As a last comment, we note that the presence of the varthkitethe set of constraints
C in (2.5) causes the initial formulation to be a mixed-integer quadratic programming (MIQP)
optimization problem, which would be dif cult to solve in real-time for this large-scale problem.
By incorporating the effect df into the computed prioritp' and by setting up separate constraints

for the mainline and ramp, as described above, we have reformulated the problem as a quadratic
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programming (QP) optimization problem. This is a very important result that has enabled fast

computation of the solution of each optimization problem in real time.

2.4.3.3 Optimal Sequence Selection

If a feasible solution is provided by the optimization above, the nal cost value for the tested
sequence and the outputi; for each vehicle are stored. Once the optimization is carried out for
each possible sequenggthe feasible sequences are sorted with respect to the minimum objective
value achieved. Then the best sequence is compared to the sequence assigned in the previous com-
putation iteration. Generally, the computed best sequence along with the suggestetdnand
velocities are broadcast to all the vehicles. However, if the previous sequence was also recalculated
in the current cycle and if the cost reduction in selecting the new sequence when compared to the
previous sequence is less than a predetermined switching threshold then the previous sequence is
transmitted to all the vehicles along with the new suggestedmmand velocities corresponding
to the previous sequence. This ensures that the algorithm will not keep oscillating between two
closely related sequences with comparable costs.

It is also important to note that this method allows the merging sequence to be changed at
every update cycle, which is an essential feature for heterogeneous traf c. For example, when an
emergency vehicle (EV) enters the control zone, the merging sequence should be modi ed to give
precedence to the EV. This ability to switch rapidly and adapt to a new merge sequence is a core

component of our approach.
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2.4.3.4 Low-level vehicle controller

The optimal sequence and suggesteccommand velocities are received by each of the
vehicles in the control zone. In this formulation, we do not consider the delay of transmission
and assume the data is available almost immediately via technologies such as 5G connectivity.
The low-level vehicle controller (VC) in each vehicle will calculate the optimal control parameters
(acceleration and deceleration) needed in order to achieve the dest@thmand velocity within
the control time t duration.

This low-level controller should be made robust enough to handle perturbations in both sens-
ing and actuation. In practical scenarios, one cannot assume perfect information and actuation.
There will always be certain failures in sensing such as receiving incorrect information broadcast
from other vehicles or malfunctions in onboard sensing systems. Therefore, the VC will attempt
to reach the target velocity as long as it is safe to do so. The multitude of sensors on board CAVs

can be leveraged to check whether it is safe for the vehicle to reach its target velocity.

2.5 System performance and impact

We evaluate the performance of the proposed approach in a highway section simulation using
the SUMGimulator [22]. The simulation setup for the merge junction is shown in gure 2.3a. The
guadratic programming optimization problems (Section 2.4.3) are solved numerically using the
Gurobi software (version 9.1.1) [23]. The controller communicates with the simulator using the
TraCl traf c controller interface. All simulations and optimization algorithms run on a personal
computer with an Intel i7-8750H CPU and 32GB of RAM. To simulate a continuous stream of
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(a) Merge junction simulation.

(b) Highway loop simulation.

Figure 2.3: Experimental highway merge setup.
vehicles and ensure that on average the ratios of different vehicle classes remain constant, we
implemented a highway loop network as shown in gure 2.3b. Probabilistic rerouting is used to
decide what percentage of the overall traf ¢ is sent through the ramp. As we consider only one
mainline lane the rerouting parameter is satte 0:5for all tests. Multiple tests are conducted for
different loop densitiek; (number of vehicles in the cyclic highway simulation). The loop density
takes values iy 2 [20; 80], while ensuring that all vehicle classes were suitably represented. All
tests were performed for a 2-hour (7200s) time period, which reduces the variance of the values
of the performance scores of each algorithm tested. All the parameters used in the tests conducted

are given in Table 2.1.
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Table 2.1: System parameters used in testing

Parameter Value
Control zone length 300m
Simulation duration 2hrs
Time step ( t) 100ms
Maximum number of sequences | 12
Speed limit ¢) 27mls
Mainline-Ramp rerouting ratia'g) | 0:5
Objective trade-off () 0:7
Mg, 2.0

Mg 100

2.5.1 Performance metrics and comparisons

The key performance metrics used to evaluate merging algorithms attedayhputm+
(number of vehicles that can merge onto the highway per hourgfigitymp (number of vehicles
on the link), and (cplelaym, (Average delay experienced by vehicles compared to the ideal travel
time). As density and throughput are related, we also consider their combined effect using (d)
mean velocityny, which is obtained byny = mr=m,. Since we focus on mixed traf ¢ special
attention is paid to the delay faced by emergency vehicles. The total energy expendad| (e)
consumptiomnmg, is also taken into consideration which shows the importance in the minimization
of large uctuations of the control commands. In this case, we also speci cally compare fuel
consumption in heavy vehicles, such as trucks, as they consume larger quantities of fuel during
acceleration tasks.

In order to showcase the properties and appropriately assess the performance of our method-
ology, we compare it with three different approaches. First, we make a comparison with the base-

line case of on-ramp merging without cooperation among vehicles. In the baseline case, ramp
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vehicles always give way to mainline vehicles. Furthermore, we also compare against two com-
monly used collaborative merging strategies, which better showcases the strengths and potential
weaknesses of our approach. The rst of the two is a FIFO-based approach, in which each ve-
hicle is assigned merging velocities in a greedy manner based on the order it enters the control
zone. The second method utilizes a more advanced heuristic strategy known as zipper merging,
in which the merge sequence is roughly chosen based on distance to merge with alternating se-
lection between ramp and mainline. It is important to note that all these methods do not consider
the heterogeneous nature of the traf ¢ and all vehicles are treated equally. To our knowledge, as
this is the rst work to introduce a real-time end-to-end optimization-based merging algorithm for
heterogeneous traf ¢, no direct comparison with other optimization-based algorithms found in the
literature would be fair or informative. This is also compounded by the fact that other constrained
optimization-based methods cannot compute a real-time solution for the large-scale simulation
used in this comparison.

The main objectives in the highway merge problem involve maximizing the mean velocity
(my) and throughputrfit), while minimizing the densityrtp) on each lane. It is also necessary
to consider the minimization of the overall fuel consumption § during merging and the delay

(m_) experienced by individual vehicles.
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2.5.2 Main performance metric results

From the fundamental equation of traf ¢ ow, we know that density , the throughpum+,

and the mean velocityy, are linked according to equation (2.18).

mr=my Mp (218)

Therefore, these three factors are considered in unison. In practice, the main goal of a high-
way merge control algorithm is to keep the traf ¢ owing as fast as possible with minimum density
buildup on the lanes.

The values of these performance metrics for each of the methods compared as a function
of the loop density of the vehicles are shown in gure 2.4. We observe that the methods that uti-
lize cooperation between vehicles perform drastically better than the baseline approach, in which
vehicles do not cooperate with each other. In gure 2.4b we observe that our method is capable
of maintaining low levels of lane density when compared to the other methods. This property be-
comes more pronounced as the loop density on the highway section increases. While in gure 2.4a,
zipper merge is found to have similar throughput levels to our method, the bene t of our method
becomes evident when we consider the combined effect of throughput and density which is shown
in gure 2.4c. We observe that the effective mean velocity achieved in our method is considerably
higher than all the other methods, especially in high loop density scenarios. Our method achieves a
282%improvement in comparison to the baseline case for mean velocity of ow. When compared

to zipper merge, an improvement®i%is achieved at high loop densities. However, we see that
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(a) Throughput variation (b) Density variation

(c) Mean velocity variation

Figure 2.4: Comparison of performance for varying loop density

at low loop densities (few vehicles on the road) the zipper merge algorithm performs comparably to
our method. This follows our intuition that when there are very few vehicles on the road we don't

require a complex optimization-based algorithm and a simple heuristic-based algorithm performs
adequately. However, as the traf ¢ on the road increases, which leads to a bottleneck at merge

junctions, the bene t of our optimization-based method becomes apparent.
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(a) Delay variation (b) EV Delay variation

Figure 2.5: Comparison of delay faced with varying loop density

2.5.3 Delay metric results

The overall delay faced by the individual vehicles on the highway is also a key factor in
merging control. The values for the delay metric are compared in gure 2.5, in which our method
shows considerably better performance. In gure 2.5a which compares the average delay in sec-
onds experienced by vehicles, we observe that our method achié28sand58%improvement
when compared to the baseline case and zipper merge respectively.

Once again this improvement is more pronounced at high loop densities. When considering
delay in heterogeneous traf ¢ it is important to consider the impact of delay on different vehicle
classes. This is especially true in the case of emergency vehicles (EVs). As the other algorithms
tested consider all classes as equal, the delay faced by EVs is the same as the delay faced by other
vehicle classes. In contrast, EVs in our approach fat¥less delays than other vehicle classes.

For example, at a loop density of 80, the average delay faced by E\8isecin our method and

2034 secin the baseline case. Figure 2.5b depicts how EVs experience less delays than the other
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vehicle classes in our method. It is important to note that the proposed method offers adjustable
parameters which can be tuned to further reduce EV delay at the cost of reduced mean velocity for

overall traf c ow.

2.5.4 Fuel consumption metric results

The effect of these algorithms on overall fuel ef ciency is depicted in gure 2.6. Here, gures
2.6a and 2.6b show the fuel consumption per vehicle in all classes and the truck class respectively.
As expected, all cooperation-based algorithms have much lower fuel consumption than the baseline
case. Additionally, even among the cooperative methods, we see that at higher loop densities
our proposed method yields the best fuel ef ciency. While under the current parameters, the fuel
savings percentages for trucks are similar to other classes, our method allows tuning the parameters

to further reduce the truck class fuel usage, at the cost of reduced overall throughput.

(a) Fuel consumption variation (b) Truck Fuel cons. variation

Figure 2.6: Comparison of fuel consumption with loop density
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2.5.5 Real-time operation

The algorithm in our optimization-based approach operates at a frequeigy=0lOHz
(updates all control commands evel@0ms). The time required for the optimizer to compute
control outputs for a single sequence was arofhms. Based on our computation power, in
the tests carried out, up t® different sequences would be checked in each time step which, if
computed sequentially would require rougl390ms. However, as this algorithm was designed
to run each sequence optimization in parallel, the optimization task for all sequences takes less
than50ms on al2 core CPU. This showcases that the proposed approach is more than capable
to work in real-time, as this is considerably less than the desired recalculation f@éas It is
important to note that the optimality of the generated output control commands can be improved by
searching over a larger sample of sequences. However, in order to achieve real-time operation this
would require more computation resources. This means that if needed, by utilizing a processing
unit with more computational resources (e.g. higher core count), the performance of this method

can be further enhanced, while continuing to operate in real-time.

2.6 Further extensions to centralized highway merging control

We propose some key extensions to the original centralized merging control formulation in
our previous work [24]. We focus on improving the overall throughput of the on-ramp merging
process in multi-lane highways by utilizing the capacity of all the highway lanes. We extend
the system to be capable of operating in mixed traf ¢ conditions with the appropriate prediction
of HDV behavior. We also update the merging sequence generation algorithm to be capable of
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handling multiple criteria which have an effect on the output sequence.

2.6.1 Full capacity utilization lane changing controller

Our previous work in this area [24] focused on controlling only the outermost lane of the
mainline highway. This is often quite inef cient since vehicles in the outermost lane will be forced
to stay in the same lane until the merge junction is passed even if there is space in the inner lanes.
If there is available capacity and empty space in the inner lanes of the highway mainline, then
a separate controller can be introduced to get vehicles to switch lanes from outer lanes to inner
lanes thus creating more space in the outermost lane and giving more opportunities for more ramp
vehicles to merge successfully at higher speeds. This will then lead to increased overall throughput,
increased average velocities, and reduced delays. To achieve this we introduce a mainline lane-
change (LC) controller capable of detecting the density conditions on each lane, selecting vehicles
that can perform safe maneuvers to inner lanes, and then providing commands to execute these
lane-change maneuvers.

To perform full highway capacity utilization we extend the control zone to include all the
other same-direction lanes of the highway. Therefore, the central controller receives information
from all the vehicles in all the lanes of the mainline highway. Using this information the LC
controller computes the density of vehicles on each of the highway lanes and decides if there is
space in the inner lanes to accommodate for vehicles switching lanes from the outer lanes. If such
a space is found, the LC controller then identi es vehicles in the outer lanes that can switch into

the inner lanes. It then checks if these vehicles could perform a safe lane change maneuver into the
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inner lanes. This safety check involves computing the leading and following vehicles in the target
lane relative to the considered CAV. The parameters needed for this safety computation involve the
time to change lan€T(;), considered CAV's velocityyp), position &), length (°), lead vehicles'
velocity (v;), position &), length ('), and following vehicles' velocity\; ) and position ¢ ). We

also de ne a displacement safety margin with respect to the lead veMdlegnd the following
vehicle M ). Note that all distances are computed from the front bumper of each vehicle. Given

this information, we de ne the safety checks,

S| I Mé + Tic (V| Vo) 0 (219)
St |0 Mé + T|C(Vo Vf) 0 (220)

Here, equation (2.19) refers to the condition needed to be satis ed to safely change lanes
without being affected by the lead vehicle in the target lane, and equation (2.20) refers to the
condition needed to be satis ed to safely change lane without being affected by the following
vehicle in the target lane. If both these safety checks are passed then the lane change controller
will provide a lane change command to the considered CAV to change into the target inner lane.
This lane change command will then be executed by the low-level lane changing controller on-

aboard the CAV.

2.6.2 Changes to allow for mixed traf c

The process of including human driven vehicles (HDVs) in the traf ¢ ow involves modeling
HDVs, predicting HDV behavior, and adapting the CAV control algorithm to account for this
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higher prediction variance uncontrollable agents (HDVS). Let the set of HDVs in the control zone

be denoted by/".

2.6.2.1 Modeling Human-Driven Vehicles

The modeling of human-driven vehicle behavior on highways requires a longitudinal car-
following model and a lateral lane-changing model. The car-following model considers the inter-
action between the HDV and its lead vehicle. For this research we choose the Krauss model [25]
for its accuracy and its ability to easily modify driving behavior parameters such as human reaction
times and driving imperfections.

The model computes the safe following speg¢t) by considering the impact of speed
limits v, vehicle acceleration capabilitie,,, , the vehicle deceleration pro I6(vi(t)), distance
gap si(t) and speed(t) of the lead vehicle, time stept and driver reaction time, as shown

in equation (2.21).

si(t) i)
V()
i) T

ve(t) = min(vivi(t) + afa tvi(t) + ) (2.21)

The lane-changing model is responsible for appropriate lane selection and determining safe
instances for performing lane changes. For this research, we use the lane-changing model devel-

oped by Erdmann [26].
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2.6.2.2 HDV behavior prediction

When we consider an environment with mixed traf c, a key preceding step to computing the
controls for the CAVs is the accurate prediction of HDV behavior. Since the behavior of HDVs
cannot directly be controlled by the algorithm, the prediction model should be able to decide how
each HDV would react to changes in the environment. Similar to our work in [27], we model the
prediction of HDV behavior using a switched dynamical system to represent the reactions of HDVs
to their surroundings. We model each HD\2 V" using the following state-dependent switched

dynamics:

« if leading vehicle is present within a particular distance in front of HDV, the HDV follows

the leading vehicle and maintains a safe following distance,

» elseHDV travels at a xed desired target speed which is a function of both the speed limit

and the HDVs current velocity.

The choice of which constraint becomes active is governed by the current conditions faced by
each HDV. Since the behavior of HDVs is governed by the lead vehicle ahead of each HDV, by
controlling the CAVs which happen to be the lead vehicles of HDVs, we nd that our system can

indirectly control HDV behavior to a certain extent.

2.6.2.3 Constraints related to HDVs

The velocity constraints for HDVs are different from CAVs and are formulated in accordance

with the switched dynamical system presented in 2.6.2.2. We compute the maximum possible
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target velocityu™ (t) in one time step which is related to the acceleration capabilities of the HDV

i 2 VM as follows,

um(t) = vi(t)+ a,, t 8i2V" (2.22)

If there exists a leading vehicle within range of HDMet this leading vehicle be referred to
asi'. The predicted target velocity (t) for all HDVsi 2 V" is set by either the speed limif the

target speed! (t) of the leading vehicle or the maximum possible target velagit{t) as follows,

ui(t) = minfv;ul(t);u"(t)g; 8i 2 V" (2.23)

Furthermore, the two sets of collision constraints introduced in section 2.4.3.2, for rear-end
and lateral collisions are introduced for any pairing of CAVs with CAVs and HDVs with CAVSs.
However, constraints are not placed on pairings of HDVs with other HDVs since the system cannot
control the outcome of this pairing. Note that in order to account for the increased variability in
possible behavior of HDVs, for every constraint involving a CAV and HDV pairing the safety
margins are increased. These increased margins add tolerances to the system so that the system
can continue to be feasible and generate valid control velocities for CAVs even when the actual
behavior of HDVs deviate from the predicted behavior. In simpler terms, CAVs give HDVs more

space in order to account for the dif culty in accurately predicting a HDV's future behavior.
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2.6.3 Improvements to merging sequence generation

The merging sequence generation node in our previous work [24], was only capable of using
simple criteria for determining the vehicle sequence. We expand the capabilities of this system by
expanding on both the base criteria used as well as the sorting algorithm which uses these criteria.

For this purpose, we choose the base criteria as follows,
1. Time-to-merget(, )
2. Distance-to-merge, )
3. Waiting time (v}, )
4. Vehicle priority @}, )

Distance-to-merge considers only the position of the vehicles and therefore vehicles close to the
merge zone will be allowed to merge rst. Time-to-merge considers both the position and velocity

of vehicles and allows fast-moving vehicles to merge before slow-moving vehicles which may be
closer to the merge zone. Waiting time considers how long each vehicle has spent inside the con-
trol zone and allows vehicles that have been waiting longer to merge rst. Finally, vehicle priority
computed as discussed in 2.3, encapsulates the vehicle type requirements present in heterogeneous
traf c. Here, note that time-to-merge and distance-to-merge are criteria that incorporate dynamics

of the environment such as vehicle locations and speeds. The waiting time and vehicle priority
criteria do not contain such dynamic information. As such sequences generated by considering

only waiting time and vehicle priority are more likely to be infeasible when vehicle dynamics
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are considered. As such we build a sequence generation algorithm that takes this into considera-
tion. Therefore, our algorithm follows a scalarization approach and performs a trade-off analysis

betweert}, , di, , wi, andp}, controlled by the parameters and as follows:

@ )@ ) ty+ dyl
(2.24)
+ [@ ) put wul 82V

Here,0 1,0 0:5and 2 f 0;1g. The convex combination of waiting time and
vehicle priority does not add value and thereforakes only values dd or 1 in order to activate
one criterion at a time. Furthermore,is restricted to the rang; 0:5] to ensure that at least
50%of the sorting criteria is governed by time-to-merge and distance-to-merge which incorporate
system dynamic constraints.

The combined criteria obtained from (2.24) is then used to sort the vehicles in the ramp and
merging queues in order to generate the nal merging sequence. In order to generate a range of
sequences, we varyfrom0Otoland fromOto 0:5and the resolution is selected according to the
desired quantity of sequences, which is in turn governed by the available compute power and traf ¢
levels in the control zone. When the number of vehicles in the control zone increases the resolution
of and can be made ne at the cost of computation. Every sequence thus generated is then
fed into the optimizer in order to rank and select the best-performing sequence and corresponding
control variable values.

A key feature of our algorithm is that the optimization process for each generated sequence

is designed to run in parallel. This means that we can increase dmel resolution depending

on the available compute cores without affecting our ability to operate with real-time computation
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capability.

2.6.4 Results from improved highway merging control system

2.6.4.1 Simulation environment changes

To test the multiple new features added to the highway merging control algorithm such as
full capacity utilization, mixed traf ¢ capabilities, and improved merging sequence generation, a
new simulation environment needed to be designed. We choose to move away from the loop design
in [24], and create a single stretch of highway into which vehicles are injected with varying in ow
rates. Vehicles are injected into the mainline and ramp lanes according to a Poisson arrival process
with chosen mean. Each class of vehicle has its own mean arrival rate. The ratio of CAVS to
HDVs can therefore be modi ed by changing the mean arrival rate of HDVs in contrast to CAVSs.
Changing the target mean value of this distribution also allows us to modify the amount of traf ¢
injected into each lane. The exact simulation used involving a 3-lane highway and a single-lane

ramp road is shown in gure 2.7.

2.6.4.2 Performance comparison

The updated highway merging cooperative control algorithm is tested against the key bench-
mark of zipper merging used in our previous work [24]. Note that the zipper merge algorithm used
here in our simulation does not account for real-world conditions such as low visibility during
merging and in fact, uses a long look-ahead distance to obtain the best performance. As such it

represents an upper bound on what a realistic single agent highway on-ramp merging control algo-
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Figure 2.7: On-ramp merging into a multi-lane highway with CAVs and HDVSs.

rithm could achieve. We also present our results with and without the highway capacity utilization
lane changing controller active so as to observe the effect of adding this additional controller to the

overall system. The performance metrics discussed in this section include,

Throughput: Average number of vehicles passing through both the mainline and ramp per

minute.

» Density: Average number of vehicles accumulating within the control zone.

» Delay: Average amount of delay faced by each vehicle in contrast to the ideal travel time.

» Fuel consumption: Average amount of fuel consumed by each vehicle in passing through the

control zone.

» EV Delay: Average amount of delay faced by emergency vehicles in contrast to the ideal

travel time.

» Truck Fuel consumption: Average amount of fuel consumed by trucks in passing through
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the control zone.

Here, special attention is paid to emergency vehicle delays and truck fuel consumption as
they represent the important edge cases that appear in optimization for heterogeneous trafc. A
good heterogeneous traf ¢ handling control system should be able to cater to the contradicting

needs of emergency vehicles desiring minimum delays and trucks desiring minimum control effort.

(a) Throughput comparison (b) Density comparison

Figure 2.8: Performance in terms of throughput and density in comparison to baseline zipper
merge, with increasing vehicle input ow rate. (CAV penetration lei€10%

As shown in gure 2.8, we see that both our algorithm versions signi cantly outperform the
zipper merge strategy in terms of throughput and density. The percentage improvement over the
zipper merge strategy grows signi cantly higher with increasing input ow rate. This follows our
intuition that at low traf c ow rates, even simple algorithms can perform well due to multiple
opportunities available for safe merging. However, at high congestion conditions, the ability of
multi-agent algorithms to coordinate each other's actions to cooperatively achieve ef cient merging
is very apparent. At high vehicle ow rates, we observe improvements to throughput of around
45%in comparison to zipper merge ( gure 2.8a) and improvements to density of afmdn
comparison to zipper merge ( gure 2.8b). A key feature to note is that the inclusion of the lane-
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changing controller further improves the merging control algorithm's throughput performance by

an additionab%.

(a) Delay faced comparison (b) Fuel Consumption comparison

Figure 2.9: Performance in terms of delays faced by vehicles and fuel consumption in comparison
to baseline zipper merge, with increasing vehicle input ow rate. (CAV penetration 120819

(a) EV Delay faced comparison (b) Truck Fuel Consumption comparison

Figure 2.10: Performance in terms of emergency vehicle time-to-goal and truck fuel consumption
in comparison to baselines, with increasing vehicle input ow rate. (CAV penetration [£06%9

In gures 2.9 and 2.10 we compare our method's performance for the delay and fuel con-
sumption metrics. Delay faced also showcases the trend of increased relative performance of our
method at higher in ow rates. We observe improvements to delay faced of aB3%th compar-
ison to zipper merge ( gure 2.9a) and improvements to fuel consumption of ai@@#tdn com-
parison to zipper merge ( gure 2.9b). These improvements have a signi cant impact on overall
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traf c ef ciency by drastically reducing time wasted due to congestion and overall fuel consump-
tion. Similar improvements are also seen in the special cases of EV delay ( gure 2.10a) with an
85%r reduction and in truck fuel consumption ( gure 2.10b) witB%®oreduction when compared

to the zipper merge method. We also observe that in both the delay faced and fuel consumption
cases, the inclusion of the lane-changing controller for full highway utilization has a noticeable

positive impact on performance.

(a) Throughput comparison (b) Delay faced comparison

Figure 2.11: Performance in terms of throughput and density in comparison to baseline zipper
merge, with increasing vehicle input ow ratel{0% 80%and60% CAV penetration levels.)

We also want to consider the in uence of the CAV penetration level (percentage of CAVS in
traf c ow) on overall system performance. As such we conduct experiments at CAV penetration
levels 0f100% 80% and60% These results are shown in gure 2.11 for both throughput and
delay faced. Itis clear that higher levels of CAV penetration lead to increased overall performance
with an improvement of arounti0%in throughput an@5%in delay faced when increasing CAV
penetration fron®0%to 80% When comparing the performance at CAV penetration levefeb
to 100% we observe improvements of aroub8%in throughput and0%in delay faced. This

can be attributed to the increased controllability of the traf c ow when the proportion of CAVs
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to HDVs is higher. When there are more HDVs relative to CAVs (lower CAV penetration level), a
lower proportion of the traf c ow can be controlled by the centralized merging control algorithm.
Also since HDVs are given larger safety margins to account for their behavior unpredictability,
the system cannot operate with the tighter tolerances it uses when most of the vehicles are CAVs.
The combined effect of these two factors accounts for the performance drop we observe when the
CAV penetration level is reduced. As the HDVs in the experiment use the zipper merge strategy,
we expect the results to converge to the zipper merge outcome when the CAV penetration level is
reduced even further.

Note that the new merging control optimization algorithm operates within the same compu-
tation constraints as the original algorithm and remains more than capable of real-time operation

with a computation time below00ms resulting in an attainable control frequencyl@Hz.

2.7 Decentralized V2V Communication-based Method for Real-time Coopera-

tive Highway Merging of Heterogeneous Autonomous Traf ¢

So far in this chapter, we saw that centralized methods for cooperative highway on-ramp
merging offer drastic performance improvements when compared to methods without cooperation.
However, these centralized methods require infrastructure upgrades and longer range communi-
cation capabilities with a central control tower. This is generally not possible for every single
highway on-ramp. Having individual centralized controllers for each on-ramp or having reliable
long-range communication to a distant centralized controller are often either nancially or tech-

nically intractable. However, with the evolution of V2V communication technologies, we can
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now make the assumption that vehicles within a relatively close distance of one another can com-
municate with near-zero latency. Thereby a V2V-based decentralized algorithm for cooperative
merging could theoretically function in real-time while maintaining performance levels close to

the centralized approach.

2.7.1 Dividing the problem into inter-related sub-problems

A primary concern in decentralized control of on-ramp merging with V2V communication

is the decision regarding the number of vehicles that need to be considered in the merging strategy.
There is a trade-off between the performance gain from considering more vehicles and the delay
introduced by trying to communicate between vehicles located far apart. The advantages of con-
sidering a larger number of vehicles in a single group optimization problem are the improvements
in performance, merging ef ciency, and global optimality that can be achieved. However, the dis-
advantages of considering many vehicles include the communication concerns such as increased
latency as well as the fact that solving the optimal merging control problem with a large num-
ber of vehicles in real-time is very computationally expensive. The computational complexity is
found to increase exponentially with the number of vehicles considered and the onboard compute
power available on the CAVs may become a limiting factor that governs the maximum number of
vehicles that can be considered together. Therefore in solving the decentralized problem creating

appropriate vehicle groups ( gure 2.12) play a major role.
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Figure 2.12: Vehicle group formation for centralized merging.

2.7.1.1 Grouping of vehicles

Multiple factors in uence how vehicles should be grouped together for the V2V communication-
based decentralized on-ramp merging algorithm. The rst major limiting factor is communication
latency and communication range. Since real-time operation is essential for this safety-critical
application, we only consider single-hop communication between vehicles. While multi-hop com-
munication is de nitely possible, the latency it introduces would impact the real-time performance
of this method. The communication range of individual vehicles may depend on the individual
hardware present in each vehicle. Based on the IEEE 802.11p vehicular communication proto-
col we will de ne a standard communication range and assume that all vehicles are capable of
communicating within this range. More details regarding this V2V communication model will be
discussed later.

The other factor in vehicle groupings is the performance and computational complexity
trade-off. If a larger number of vehicles are considered the resulting merging process will yield
greater throughput and overall better merging performance. However, as the number of vehicles
considered increases, the computational load on the hardware increases exponentially. Unlike in

the centralized approach where computation was carried out in a grounded control tower, in the
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decentralized approach this computation needs to take place onboard the CAVs. CAVs may not
have access to very high-level computational hardware and also have limitations such as the limited
power availability for running powerful computation systems. Due to these reasons, the decentral-
ized algorithm needs to be considerably less computationally complex than the centralized version.
The direct impact of this on the grouping of vehicles is that the maximum number of vehicles in a
group will be limited by the computational cost of the algorithm.

Given these two criteria, the process of group formation would involve the following steps.
Selecting a vehicle as the primary ego vehicle, in which the computation will take place. All
other CAVs in which no computation is carried out are de ned as secondary ego vehicles. Then
search for vehicles in an increasing region centered around the primary ego vehicle. Vehicles are
added to the group including the primary ego vehicle as long as either the maximum single-hop
communication range or the maximum vehicles based on algorithm complexity have not been
reached. Note that each group has only one primary ego vehicle. The number of primary ego
vehicles (groups) that are needed to solve the problem as well as the management of cases in
which vehicles may belong to multiple groups will also be discussed.

Process of group formatiomhe outline of the steps involved in forming a vehicle group is

as follows,

» Select a vehicle in the region prior to the merging zone as a primary ego vehicle. The criteria
for the selection of this ego vehicle can include available compute power, distance from the
merge zone, and separation from other possible primary ego vehicles.

» Search for vehicles in an expanding radius around the selected primary vehicle.
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» Vehicles located are added to the group with the primary ego vehicle if they are within single

hop communication range

 Stop searching for vehicles if the maximum number of permissible vehicles based on algo-

rithm complexity is reached.

» Secondary vehicles in the group all transmit their location, velocity, and other metadata to

the primary ego vehicle of the group.

2.7.1.2 Locally optimal strategies for vehicle groups

Once a vehicle group has been formed the primary ego vehicle obtains information related
to all the other secondary vehicles in the group. The information collected from the secondary
vehicles is as follows. Both the positi@)(t) and velocityv;(t) at timet for secondary vehicle
i are transmitted to the primary ego vehicle. In additiorsi{@) andv;(t), we assign a priority
valuep' 2 R? to each vehicla, which affects the merging decision, and an indicator variable
B 2 f 0;1g which signi es whether the vehicle is on the on-ramp or the mainline. The priority
value has two scalar components, speed prioritizatgohi{ased on the focus placed on vehicle
velocity and speed variation prioritizatiop,j based on the tolerance to changes in velocity. Fur-
thermore, information is also collected on each vehicle's letigind bounded acceleration capa-
bilities characterized by its maximum accelerat&@p, and maximum braking.,i, capabilities,

which carry information about lower-level variables such as the mass of the vehicle. Therefore, all
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vehicles in the group are completely de ned by the state vectors:

Xi (1) = [si(t);vi(t); P 0515 @l @i 1T (2.25)

fori 2f1;:::;ng.

Once the state information of all the vehicles in the group is collected, the primary ego vehi-
cle solves a constrained optimization problem which provides the merging sequence and the com-
mand velocities each member in the group should follow for optimal merging. The optimization
formulation will be discussed in the following section. Once the command velocities are gener-
ated, they are transmitted using V2V communication to all the vehicles in the group. The local
low-level controller on-board each vehicle and then actuates the vehicle in order for it to achieve

this target command velocity.

2.7.1.3 Handling the cases involving overlapping subgroups

A major concern in this decentralized approach is the possibility of secondary ego vehicles
being assigned to multiple groups as shown in gure 2.12. This means that the primary ego vehicles
which compute the merging sequence and command velocities for each group may send con icting
information to the secondary vehicles which are a member of both groups. There are multiple
possible methods for solving this issue and they all need to be explored further. One possible
method involves dynamic member reassignment so that each vehicle only belongs to one group.
So an assignment phase allocating vehicles to groups will be carried out prior to the optimization

phase. The assignments need to be dynamically recomputed as vehicle leave or enter the merging
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region. This process would involve the sharing of group membership information among vehicles.
Another approach would involve vehicles forming an overall consensus on the merging sequence
based on the proposed merging sequence provided by each group's primary ego vehicle. Con ict
resolution and in certain cases re-computation will be needed to be addressed in this process.
The delay introduced by this process will also need to be accounted for. This would also involve
individual vehicles sharing their assigned merging sequences with other vehicles.

There is also the possibility of vehicles not belonging to any group. Since there are many
ways to solve this issue the evaluation and selection of a suitable method needs to be carried out,
One such method may involve a more involved process of primary ego vehicle selection which
would ensure that the resulting groups formed encapsulate all the vehicles in the control region.
However, this process would require higher communication overhead when compared to a simple
arbitrary primary ego vehicle allocation process. This trade-off needs to be analyzed in detail.
Another solution may be to continue the arbitrary leader allocation process until every vehicle
belongs to at least one group. A secondary elimination round may also be carried out after this to
nd and eliminate redundant vehicle groups.

These issues and their possible solutions also highlight the need for deciding the number of
groups needed to obtain the best solution to this problem. Selecting the minimum number of groups
needed would lead to reduced computation overhead and increased algorithm speed. However, it is
important to ensure that a single group does not grow too large, as this may result in a computation

bottleneck forming in the primary ego vehicle of the large group.
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2.7.2 Optimization problem for a single vehicle group

In this section we describe the optimization subsystem tasked with computing the merging
sequence and control velocities for the vehicles in one subgroup. This computation is carried out
in the primary ego vehicle of the group. Unlike in the centralized case, the number of vehicles
involved in the optimization problem is far less. This means that either the merging sequence can
be incorporated into the optimization problem or every possible sequence can be checked by brute
force. An exploration of both these methods needs to be carried out and the method yielding the
better performance-to-computation ratio will be selected. The effective method used per vehicle

group will be identical to the formulation in the centralized method described in section 2.4.3.

2.7.3 Importance of V2V Communication

2.7.3.1 Impact of physical highway structure on communication

In the case of decentralized V2V communication-based highway merging it is essential to
model the impact of the physical highway structure since the Cartesian distance is used in comput-
ing the communication range. Depending on physical parameters such as highway length, shape,
and features such as obstacles the effective communication range for V2V communication is vari-
able. For this work, we focus on the impact of the road structure or shape on communication. The
performance of this algorithm is severely affected by how the ramp and mainline are positioned rel-
ative to each other. This is due to the fact that vehicles in the control zone at similar distances from

the merge zone may in fact be either close to each other or far apart depending on the Euclidean
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distance between them. For example, if the on-ramp and mainline run parallel to each other prior
to merging then the Euclidean distance between the on-ramp and mainline vehicles will be small.
However, if the on-ramp approaches the mainline in a perpendicular fashion then these distances
will be large. The impact of this is that in the close to perpendicular case, by the time ramp vehi-
cles enter the communication range of the mainline vehicles, there is limited time and distance for
the vehicles to adjust their velocities to merge in an optimal way. The options available for merge
sequence allocation and optimizations to handle heterogeneous vehicles drastically reduce in this

case.

2.7.3.2 Achieving an inter-group consensus

V2V communication also plays an important role in the vehicle group and merging sequence
coordination task. In these phases multiple back-and-forth communication steps may be required
between the primary ego vehicle and secondary ego vehicles. The main tasks that require continu-

ous communication are as follows,

Appointing group leaders as primary ego vehicles

Adding secondary vehicles into groups

Removing redundant groups

Handling con icting information for members in multiple groups

Reassigning groups as members leave or join the control region
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The effective implementation of these subsystems of the algorithm depends heavily on a robust
V2V communication system. These subsystems play a major role in managing con icts and en-

suring that smooth collision-free merging performance is obtained.

2.8 Future work

The work described in this chapter, and partially published in [24], has many possible exten-
sions and improvements. This section focuses on the future directions of highway merging control

systems.

2.8.1 Comparison against full-scale optimization formulation

Since the method presented in this chapter relates to a hybrid rule-based and optimization-
based control for highway merging, in order to truly understand the impact of this method we need
to implement a fully optimization-based method. This optimization-only method will be able to
converge to the actual local optimal control for each of the vehicles in the control zone. However,
as expected this method cannot match the original method in terms of speed and computation
ef ciency. In a domain in which real-time computation is critical, this algorithm thus becomes
unusable. In this algorithms defense, as the computational power of control systems improves
there may come a day in the future when this large-scale optimization problem can be solved
in real-time. Therefore, it is important to calculate and show the computation gap between the
hybrid method and the purely optimization-based method. In this section, we will explore the most

ef cient formulation of the large-scale optimization problem, implement this in simulation and
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compare the computational complexity of the two methods.

2.8.2 Macroscopic effects of the proposed merging method

Another interesting application of this centralized merging control method is its ability to act
as aramp metering method. This proposed method allows dynamic changes to the ratio of mainline
vehicles to ramp vehicles that are allowed to merge. In the priority allocation system, we can adjust
the priority assigned to both mainline and ramp vehicles thus modifying the ratios in which they
merge. An interesting future research is the incorporation of this merging control algorithm as the
ramp metering control algorithm in a large-scale traf ¢ network's macro-level ow optimization
system.

The goal of these large-scale network-level optimization systems is to nd how to optimally
conduct traf ¢ in the network so that from a global perspective overall network throughput is
maximized while minimizing the overall delay faced by vehicles. In order to achieve this the
controls applied focus on restricting the rate of ow of vehicles on either the mainline or on-ramps.
They compute the best merging rate to be applied at any time instance to each merge junction in
order to satisfy the global optimization objectives. This merging rate is then implemented using
various strategies such as ramp metering and variable speed limits.

Most modern ramp metering strategies found in the literature such as ALINEA [28] require
traf ¢ light-based on-off control at highway on-ramps. As mainline traf c lights are often not
practical, some other methods introduce variable speed limits [29] for controlling vehicles on the

mainline. Overall, these methods severely reduce the applicability of these methods due to the
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infrastructure improvements needed and issues with the practical implementation of traf c lights
at highway on-ramp junctions.

With the advent of CAVs, algorithms such as our proposed method are able to directly in u-
ence the merging ratio between ramp vehicles and mainline vehicles, without the need for traf ¢
light or variable speed limit infrastructure. The next step in this research would involve combining
our automated merging method with a large-scale network optimization system. Here, our method
will be used at every on-ramp merge junction in the network. We would then compare our result
with the existing methods such as ramp metering and variable speed limits. As our method directly
controls vehicle velocities and also does not require the stop-go nature of traf ¢ lights, intuitively

we expect a signi cant performance improvement over existing methods.

2.8.3 Reinforcement learning extension

In the previous section, the optimal control velocities and merging sequence for a V2V
communications-based group of vehicles were computed by an optimization formulation. This
section aims to formulate the computation of the vehicle velocities and merge sequence as a deep
reinforcement learning problem. The motivation behind this approach is the ability of RL al-
gorithms to capture information and relationships among vehicles that are not considered in the

optimization formulation.
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Chapter 3: Optimal Real-time Multi-Agent Planning and Control for Dynamic

Intersections

3.1 Introduction

Effectively navigating unsignalized intersections often requires careful planning due to low
visibility and complex maneuvers such as unprotected left ti@&of all crashes50%o0f serious
collisions, and20%of fatalities occur at unsignalized intersections [30]. The notion of introducing
vehicle-to-infrastructure (V2I) communication capable connected autonomous vehicles (CAVS),
to provide additional sensing and actuation points in the traf ¢ ow, allows for the development
of new algorithms to handle these scenarios. This has been applied successfully in complex traf ¢
bottlenecks such as highway merging and traf c shock waves [14, 24, 31]. Recent research into
leveraging cooperation among CAVs to achieve safe, fair, and ef cient intersection control has
provided promising results with solutions from many elds, including game theory, auctions, op-
timization, and deep learning. While each domain has its own advantages, no single solution has
been shown to be able to achieve all four key considerations of safety, ef ciency, fairness, and real-
time operation. Here, safety involves the prevention of collisions, ef ciency involves maximizing

the capacity of the intersection, and fairness involves treating all agents equitably. Real-time com-
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Figure 3.1.GAME OPT vs. Traf c Lights: We present a new approach for optimal real-time plan-
ning and control in dynamic, multi-agent unsignalized intersections. In this gure, the light blue
regions denote the control zone. We show that at identical input traf c ow levels, our approach
outperforms even traf ¢ light infrastructure, resulting in less queues and enabling smooth traf ¢
OW.

putation is also essential in this scenario, as the system must react to dynamic changes in this
fast-paced environment.

The general multi-agent intersection control problem can be broadly divided into two phases.
The planning phase involves the selection of the optimal entrance sequence (order in which vehi-
cles enter the intersection) and the control phase involves generating safe trajectories for all the
vehicles in order to achieve the selected sequence. The system then transmits the output target tra-
jectories to each vehicle's local controller for execution. Here, sequence selection can become very
dif cult as the number of possibilities grows exponentially with the number of vehicles. This is
further complicated in multi-lane scenarios, which should allow multiple non-con icting vehicles
to enter the intersection at the same time to achieve optimal throughput. Additionally, practical
intersection scenarios adynamic which means that the number of vehicles that request to cross

the intersection changes with time.
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3.1.1 Related Work

In Table 3.1, we compare our approach with the current state-of-the-art in navigating unsignal-
ized intersection scenarios on the basis of optimality guarantees, dynamic intersection handling,

and real-world applicability through real-time computation capabilities.

3.1.1.1 Auctions

Auction mechanisms have been used to navigate unsignalized intersections in real-time with
fairness and feasibility guarantees [32, 33]. But they work onlgtatic scenarios, where the
number of participating agents is xed, yielding poor ef ciency and throughput in scenarios where
the number of vehicles is variable. Incentive-compatible auctions such as Sayin et al. [34] propose
a mechanism in which agents are assigned turns based on their distance from the intersection and
the number of passengers in the vehicle. Carlino et al. [33] and Rey et al. [35] propose a similar
mechanism but use a monetary-based bidding strategy. Buckman et al. [36] integrate a driver
behavior model [37] within the rst-in rst-out framework to incorporate human social preference.

More recently, Chandra et al. [32] proposed an auction based on the driving behavior of the agents.

3.1.1.2 Game theory

Game-theoretic approaches have also been used for autonomous vehicle navigation [38, 39].
Li et al. [38] implement a Stackelberg game in which one agent is the leader (modeled by rst-in
rst-out (FIFO) principle) and the other agent is a follower. Tian et al. [39], on the other hand, use

arecursivek level approach in which strategies at current levels are derived from previous levels.
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Approach Intersection Optimality Realtime

Safety Efciency Fairness

Auctions Static 7 7 3 3
Game Theory Dynamic 7 7 3 7
Optimization =~ Dynamic 3 3 7 7
Deep Learning Static 7 3 7 3

This work Dynamic 3 3 3 3

Table 3.1:Comparison with prior work: We highlight approaches for navigating unsignalized
intersections based on the type of intersection, optimality guarantees, and real-time capability.

However, all agents except the ego agent at the rst level are assumed as static.

3.1.1.3 Optimization-based methods

These methods compute optimal trajectories and provide safety guarantees, however, they
are unable to perform in real time due to high computational costs. Existing methods circum-
vent this issue by using unrealistic assumptions. Rios-Tatras [14, 40] solve the optimization
problem in real-time using Hamiltonian analysis, which does not extend to the fully constrained
problem. Computation is also restricted to fewer vehicles in single-lane roads, and no turning at
intersections, to allow for close to real-time computing [41-43]. In Suriyaractchi [24], we
applied a hybrid rule and optimization-based control to the highway merging scenario to achieve
real-time performance. However, the selection of sequences based on rules only provides a sub-

optimal solution. Most of these methods do not scale well into multi-lane scenarios.
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3.1.1.4 Deep learning

Deep learning methods involving reinforcement learning [44] and recurrent neural networks [45]
learn a planning and control policy, to be used by agents approaching an intersection. In practice,
these policies do not generalize well to different environments and often do not provide guaran-
tees in terms of safety and fairness. Furthermore, most learning methods do not easily extend to

dynamic multi-agent planning and control scenarios.

3.1.2 Main Contributions:

In the eld of cooperative unsignalized multi-lane intersection control, existing work is un-
able to combine optimality guarantees in safety, ef ciency, and fairness, with real-time perfor-
mance. In order to bridge this gap, we develop a novel hybrid planning and control algorithm for
navigating unsignalized dynamic intersections by combining auctions with optimal control. This
is the rst such framework, with implications that extend beyond intersection control to more gen-
eral multi-agent systems, due to the challenging nature of dynamic mechanism design. Our main

contributions are:

» Game-theoretic optimalityThe priority order sequence is fair, ef cient, and tractable (Sec-

tion 3.3.1).

» Safety guaranteesthe optimal trajectories satisfy the priority order with safety guarantees

(Section 2.4.3).

* Dynamic ow: GAMEOPT handles varying traf ¢ ow in different arms of the intersection
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(Figure 3.6).

» Real-time computationGAMEOPT operates on average &tléms with more tharf0000

vehicles per hour.

» Multi-lane capability: Increased performance by allowing many vehicles to enter the inter-

section simultaneously.

» Ef ciency: We outperform state-of-the-art by improving throughput, time-to-goal, and fuel

consumption on a realistic traf ¢ simulator (Figure 3.5).

3.2 Problem Formulation

In this section, we formally de ne the fully automated unsignalized intersection planning
and control problem as a large optimal control problem consisting of a hierarchy of two simpler
decoupled optimization problems: mechanism design followed by vehicle trajectory planning. In
a dynamic scenario consisting wfvehicles, our goal is to compute velocitigsfor each vehicle
such that they autonomously navigate an unsignalized multi-lane intersection safely, fairly, and

ef ciently. We observe the following goals/constraints:

1. Fairness The computed velocities;, must maximize utility across all agents and be incen-

tive compatible.

2. Safety The trajectories generated by the optimizer must not result in collisions.

3. Efciency. The overall algorithm must optimize throughput, time-to-goal, and fuel ef -
ciency.
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4. The overall planning and control must not assume access to the objective or utility functions

of other agents.

5. The overall planning and control must not assume a dynamics model; rather, it should com-

pute the dynamics for each agent assuming a simple forward motion model.

The rst step in this process involves de ning the physical characteristics of an unsignalized

intersection as well as the dynamics and control of the CAVs involved.

3.2.1 Modeling the Physical Intersection

We de ne an unsignalized intersection as a single-lane or multi-lane four-way crossing that
is not regulated either by traf ¢ signals or right-of-way rules. In Fig. 3.2, we show an example of
a single-lane intersection used in our work. We de ne a control zone of ldngéthong each arm
of the intersection; vehicles in the control zone can share state information and receive actuation
commands using V2l communication protocols. In this research we assume zero transmission de-
lay and that this V2I communication channel has perfect conditions. The center of the intersection
is referred to as the con ict zone, where collisions are likely to occur. We denote the number of
vehicles in the control zone in roa@sl; 2; 3 asny; ny; N3; Ny, respectively, with the total number
of vehicles in the control zone beimg= n;+n,+ns+n,.

Vehicles are autonomous and can freely choose between turning left, turning right, and going
straight. The input ow rate of vehicles in each control zone of the intersection can be adjusted
along with the ratio of vehicles that turn left, turn right, or go straight. We vary the input ow

rate betweer2; 000 vehicles per hour td.0; 000 vehicles per hour, where vehicles are generated
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Figure 3.2:Regions of interest: We highlight the control zone in which vehicles communicate
with the control tower and the con ict zone in which vehicles cross over to their desired target
road.

according to a Poisson distribution.

3.2.2 \Vehicle Dynamics and Control Variables

In real-world scenarios, vehicle dynamics are hard to model accurately due to their non-
linearity. Standard practice in control theory suggests the use of a local contzgltbat produces
low-level controls for the longitudinal and lateral motion of a vehicle according to the following

equation,
Si
-+ = Ftsiz): (3.1)
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Figure 3.3:GAME OPT overview: Our approach begins by reading the positions and velocities of

all agents in the control zone (blue). Our approach is hybrid; in the planning phase @G~ T

collects the bids from every agent and generates an optimal priority sequence (Section 3.3.1). Inthe
controls phase, we use an optimization-based trajectory planner to compute the optimal velocity
for each agent that satis es the priority order while simultaneously guaranteeing safety and real-

time performance (Section 2.4.3).

Here, we represerit as the unknown non-linear dynamic functia.denotes the distance of the
agent from the intersection measured in the Frenet coordinate system.
Dynamics: SinceF is generally unknown, we de ne the high-level dynamics by the following

velocity control scheme:

S
— =
t (3.2)
vi(t) = ui(t)

Control variables: The control inputu;(t), represents the command velocity for vehicléNe
compute the optimal value far;(t) with respect to safety, ef ciency, and reachability guarantees
described in the following sections.

State vector: In addition tos; (t) andv;(t), we assign an indicator varialdlgt) 2 f 0;1;:::;L,

19, which signi es which lane the vehicle is currently in, with, representing the number of lanes

84



on each road. We also assign a bidding vdl(® to each vehicle according to 3.3.1, which allows
for the computation of the sequence order in which vehicles would cross the intersection. We also
obtain the length;, and maximum acceleraticad"® and deceleratioa™" capabilities of each

CAV i. The CAVs are thereby completely de ned by the state vectors:

(1) = [si(); Vi) 1e(); b i ™™ @™ I (3.3)

which represents the safety margins needed to prevent rear-end and lateral collisions.

3.2.3 Dynamic Traf ¢ Intersection Planning & Control Problem

The dynamic traf ¢ intersection problem involves computing suitable, collision-free, con-
tinuous trajectories for all vehicles approaching an intersection to achieve ef cient and fair traf ¢

ow. This problem can be formulated as an optimal control problem, with the objective of comput-

of the maximum time taken by each CAV to cross the intersection:

min  max t|
oo (3.4)

sttt Cf g v;S(My))
wheret! is the intersection crossing time of vehidle C is a set of constraints, discussed in
Section 2.4.3, that depend on the state vedtorg of the CAVs, and safety requiremer8&Vis)

which prevent collisions between vehicles.
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Equation 3.4 is, however, intractable to optimize directly because it implicitly assumes that
agents are navigating the intersection according to the optimal priority ajdeEquation 3.4
can be equivalently solved by optimizing jointly over sequengeand the control velocities;,

needed to implement the sequence.

X
min (U V*+@  Nui  v)?

fuiae ., (3.5)
sit: Cf ig;v;S(Ms);q)

We solve this optimization problem in Section 2.4.3.

Intractability of Equation (3.5): The optimal control velocitiesy;, depend on the sequence or-
der g of the vehicles entering the conict zone. The naive solution is to solve a mixed-integer
optimization problem for every possible entrance sequermeperforming an exhaustive search.
This process involves two sub-problems—generating a sequefawed by computing the
optimal velocity commandsi; for that sequence. The total number of possible sequegces
grows exponentially with the number of vehicles in the control zone which would take the form
@) % , wheren=n;+n,+n3+n, is the number of vehicles in the control zone. There-
fore, current methods to solve Equation 3.5 are intractable.

We propose the use of auctions to obtain an optimal priority sequencerided (n logn)
time, signi cantly reducing the combinatorial runtime complexity of the mixed-integer formula-

tion. We run the optimization over; for the selected optimal sequengewhich can be solved in

real-time.
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3.2.4 Auction Theory

Auctions are a central theme in mechanism design. An auction alld€aitsns amonm
agents. Each agenhas a private valuation and submits a bity; to receive at most one item of
value ;. In any auction, we havie; > b, >:::> bgc and ;> ,>:::> (. Eachauction
has an allocation rule (who gets what), a payment rule (who pays what), and a utility function (how
much value an agent gets based on their bid). In a sponsored search auction, which is the model
we are using in this work, the allocation rule is that the agent withj thieighest bid is allocated
thej " most valuable item, ;. The quasi-linear utility ; [46] incurred byi is as follows,
X«
i(b)= i bj+1 ( j+1) (3.6)
i=i
The term ; ; denotes the time reward gained iblgy moving on theé™ turn. The payment term,
P }‘zi B+ ( j+1), represents the risk [47] associated with moving on that turn. It follows

that an allocation of a conservative agent to a later turn (smallelso presents the lowest risk

and vice-versa.

3.3 GAMEOPT: Methodology

We present our overall approach in Figure 3.3. Computation begins by receiving the po-
sitions, velocities, and initial bids from all agents in the control zone via V2I communication
(Section 3.2). In the following planning phase, this information along with the processed bids is

used to generate an optimal priority order or sequence, which determines the order in which agents
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will enter the intersection (Section 3.3.1). The control phase of our approach then involves using
an optimization-based trajectory planner to compute the optimal velocity (Section 2.4.3) for each
agent, which satis es the priority order while simultaneously guaranteeing safety and real-time

performance.

3.3.1 (&ME: Selecting the Priority Order

Choosing an optimal ordering for agents to navigate unsignalized traf c scenarios is equiva-
lent to allocating each agent a turn in which they would cross the intersection. Such an allocation
depends on the incentives of the agents which, in many cases, are not known apriori. Auctions
model the incentives of agents in unsignalized traf ¢ scenarios using an optimal combination of
bidding, allocation, and payment strategies. In the rest of this section, we present the auction
framework for generating an optimal priority order, followed by an analysis of its fairness.

The SSA (Section 3.2.4) is an ideal mechanism to generate a priority order for the agents.
The agent with the highest priority bid is allowed to navigate the scenario rst, followed by the
agent with the next highest priority, and so oFhis algorithm runs in polynomial time since the
main computation at this stage is dominated by sorting the agents' bids [48]. The priority value
of an agent is its true value;, and our approach accommodates many different metrics that can
be used for computing the priority value for an agent. For instance, our approach can work with
both driver behavior-based [32], distance-based [36], and monetary-based [33] bidding strategies.
We compute the priority value based on its velocity and its distance from the intersection. More

speci cally, agents that are closer to the intersection and have higher velocities have higher priority
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to cross the intersection.
More formally, recall thas;(t) measures the distance of agerfitom the intersection, and
we use ; to denote the time will reach the intersection, based on its current velocity sii.

Then, the priority value for agemnts,

i=(ca si(t) (2 i) (3.7)

wherec; andc, are constants representing maximum bounds on control zone length and time to
intersection respectively. To avoid a single lane dominating the intersection (due to a constant ow
of fast-moving vehicles) and to prevent congestion, we reward agents that have been waiting in
gueue for along time. Thus;  w; ;, wherew; represents the waiting time reward value. Such

a strategy of mitigating congestion has been commonly used in auction-based approaches [33].
Finally, to deal with multi-agent dynamic traf c, we implement an over ow strategy where, if an
agent with a higher priority is behind an agent with a lower priority, then the former transfers some
amount of their bid to the latter. This phenomenon is commonly observed in agent-based motion
models such as the Social Forces model.

In [32], the authors show that the sponsored search auction is game-theoretically optimal
for static intersections consisting @fvehicle on each arm of the intersection. In this work, we
extend the proof for dynamic traf c intersections where we must take into account three factors—
(i) multiple vehicles on each arm of the intersection &gl lower priority vehicles blocking

higher priority vehicles, anglii ) providing waiting time rewards to agents.
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FaimessAnalysisof g

From a game-theoretic perspective, fairness implies that no agent is incentivized to “cheat”
or, in other words, this occurs when the dominant strategy for each agent is to bid their true val-
uation ;. Incentivizing traf ¢ agents to bid their true valué(= ;) as a dominant strategy is
known as incentive compatibility [46]. Chandra et al. [32] showed that SSAs implemented at static
intersections with a single agent on each arm are incentive-compatible. We extend the theoreti-
cal framework of static SSAs to dynamic intersections with multiple vehicles, taking into account

over ow, which is when a lower-priority vehicle blocks a higher-priority one.

Theorem 1. Incentive compatibility for dynamic intersectiongzor each agenifori = 1;2;:::;n
andn = n; + ny + nz + ny wheren; represents the number of vehicles on jtHearm, bidding

b, = ; is the dominant strategy.

Proof. 1. Use SSA to compute an ordering over all agents. But this can generate false bids

overbids and underbids.
2. For example, an agent may be assigned to go second on account of a higher priority vehicle.

3. But the latter vehicle may not even con ict with the rst vehicle. Conversely, agemght

be asked to go rst, risking a collision.

4. Therefore, it is important to identify con icting and non-con icting lane groups. Run the

SSAin con icting groups only.

5. Atthis point, we can say that since we have optimized con icting groups and non-con icting
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groups do not collide anyways, the resulting auction is incentive-compatible

]

The next desired property in a fair auction is welfare maximization [46] which maximizes
the total time reward (Section 3.2.4) earned by every agent. We show that SSAs maximize social

welfare for dynamic intersections as well.

Theorem 2. Welfare maximization for dynamic intersectionsSocial welfare of an auction is
P .
denedas ; ; ;foreachagent fori =1;2;:::;nandn = n; + ny + n3 + ny wheren;

represents the number of vehicles on fHearm. Biddingb; = ; maximizes social welfare for

every agent.

Proof. We can show that welfare is maximum for each set of con icting lane group. We need to
show that social welfare of the system is maximized when the welfare of each individual con icting
lane group is maximized. Our proof is based on induction. Base casel(): for n = 1, this
reduces to the static auction case [32]. Hypothesis: Suppose the current system consist$ of
con icting groups and that the social welfare of this system is maximized. Then we want to show
that the addition ofn + 1j agents (belonging to th@ + 1) ™) con icting group also maximizes
social welfare of the system. Now, welfare of system wiitton icting groups is

O U

i
i=1 j=1

From the hypothesis, we know that the above is maximum. Now ifrhe1) ™ con icting group
is added, then we can maximize that using the static SSA auction [32]. The resulting sum is a sum
of two optimized terms, so the resulting welfare of the system remains maximum. O
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Finally, we propose a novel strategy to address over ow by transferring a portion of the
higher priority agent's bid to the lower priority agent i. We denote such a transfex;fiy= d °

b), whered= a c;H= b+ c. More formally,

Theorem 3. Over ow prevention:In a current SSA, suppose there ex{$tg) 2 [nk] [nk];k =

1,2;3;4, such thap; > p; andsi[t] > s [t]. Let"; 5 = ( 1 * ). If

i 1

i+m S s+l
i 1 s+l ——————

q<
i - i

the new SSA with; ’\, as the new priority values farj is incentive compatible.

Proof. The difference in utility for agentby transferring some of her valuation to aggimnd given
by the following equation. Here, we assume that by executing this transfer,iaggned a jump

of m:

u=(w @ k Ve ( « k+1 + Vks2 ( k+1 ke2 100
(3.8)
+ Viem( kem 1 k+m)  Vk kem
Rearranging the terms,u > 0if,
ki 1
V(& k+m) Vit ( j+1) > q
=k
L0 s (3.9)
k+
=) g<wv(l =) ~ Vit ( j+1)

j=k
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As a nal remark, Carlino et al. [33] show that multiplying a bid by a waiting time reward
does not change the incentive compatibility of the auction. We defer the proofs of Theorems 1, 2,

and 3 to [49].

3.3.2 Multi-lane Intersection Planning and Control

A key capability of our method is its ability to handle traf c effectively in multi-lane inter-
sections. The extension from single-lane to multi-lane is not straightforward. Many assumptions
that can be made in single lanes (such as one vehicle at a time in the con ict zone) do not hold up
in a multi-lane scenario. Therefore, we introduce a system to classify all vehicles in the control
zone into groups based on their desired trajectory (origin road and intention) in order to handle
con icts among vehicles accurately. GroMpy: x=road_.num, y=intention(Here intention values
are: O=right_turn, 1=gostraight, 2=leftturn). For example, a vehicle from road 1 taking a left
turn would be in group 1-2. Fig. 3.4a shows the trajectories that vehicles in each lane can take,
along with the labeling used to allocate groups based on these trajectories, marked on each of the
lanes.

Here, we notice that vehicles taking right turns at the intersection (groups 0-0, 1-0, 2-0,
3-0) do not con ict with any other vehicle groups. Therefore, they are allowed to enter into the
intersection freely, and the constraints in the optimization in 2.4.3, re ect this. For each of the
remaining lane groups, we need to identify which other lane groups can be allowed to enter the

intersection at the same time. We denote this collection as the non-con icting group set for each
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corresponding main lane group, as shown in Table 3.4b. For example, consider the main lane
group 0-1. The groups with trajectories that do not con ict with this main group are 0-2, 1-1, and
2-2 along with all the right turn groups (0-0, 1-0, 2-0, 3-0). What this effectively means is that any
vehicles belonging to the non-con icting group set of a main lane group will be allowed to enter
the intersection at the same time as a vehicle of the main lane group. Note that vehicles in the
right turn at intersection groups (0-0, 1-0, 2-0, 3-0) are directly marked as non-con icting and are
included in the non-con icting groups list for all vehicle groups by default. The non-con icting
groups are based on the assumption that the vehicles approaching the con ict zone have completed

all strategic lane changes.

3.3.3 CrT: Computing Optimal Velocities

The Optimization Problem:
Based on the optimal priority sequengefrom Section 3.3.1, the optimal command veloc-
ities, u;, for each vehicle are computed by optimizing Equation 2.5 for a xed sequence. The

objective function restated:

xn
J(uijq) = rpin (Ui V*+@  Nui v)? (3.10)
uig

i=1

The rst quadratic term of Equation 3.10 preventsfrom deviating from the speed limit (re-
sults in improved throughput). The second quadratic term minimizes the control effort applied to
optimize fuel ef ciency. Below we discuss constraints on safety and the in uencg oh Equa-

tion (3.10).
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Constraints on Safety and Compliance withq :
We consider both longitudinal (rear-end) collisions in the control zone and collisions in the
conict zone. Rear-end collisions along each of the lanes in the control zone are prevented by

ensuring all vehicles in the same lane maintain a safe distance between each other. Formally,

S(t+1)  sft+1) I+ Mg (3.11)

for all k lanes in the control zone and for all agejisOwith j & j0in thek™ lane.|; represents
the length of the agemtandMg, is a safety margin added to maintain a safe gap between vehicles
and to account for imperfections in sensing and actuation. We compute the future p§itidl)

using,

vi(t) + ui(t)

si(t+1) = si(t) t 5

(3.12)

Here, tis de ned as the planning time step of the controller.

Next, we also need to ensure that no collisions occur inside the conict zone. This task
reduces to ensuring no vehicles belonging to con icting lane groups (3.3.2) enter the intersection
simultaneously. Therefore, for each vehiclen the sequence , paired with a vehiclg in a

con icting group where has higher priority ovey, we add the constraint,

N (i + Myg)
uj

t! tl (3.13)

c
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wheret!, = S(:—”) represents the time at whighwould arrive at the intersection. The above
constraint ensures that command velocitigsare chosen such that vehicles proceed through the
con ict zone in the order of the sequence under consideratioNote that this constraint is applied

to every con icting pair of vehicles; non-con icting vehicles are allowed to enter the intersection
at the same time, increasing the ef ciency of the system. The safety ndrgicorresponds to the
width of the intersection and prevents lateral collisions from occurring when con icting vehicles
cross the intersection.

The safety constraints with respect to orderingn Equations (3.11) and (3.13) result in an
intractable mixed-integer quadratic programming (MIQP) optimization problem. This problem is
further compounded due to lane indexing, which introduces a new variable indicating the agent's
lane. We remove the dependency over the lane index by separating the constraints for each lane and
using the multi-lane con ict resolution scheme introduced in 3.3.2. This results in the simpli ca-
tion of Equations (3.11) and (3.13), reformulating the original MIQP as a quadratic programming
(QP) optimization problem; this QP can be solved in real-time. More formally, Equation (3.11)

can be simpli ed as,

(3.14)

k k

2
_t S] Sj+1+|j+MSI’

for all k lanes in the control zone and for glj +1 consecutive vehicles belonging to lakneAnd

Equation (3.13) can be simpli ed as,
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t t
uj s 7:vi+li+Ms| ui s ?:Vj (3.15)

for all vehiclesi in sequenceg and for all vehicleg in a con icting group to vehicla.
Finally, we enforce reachability by bounding the command velocities by the speedvimit,

as well as the acceleration and braking capabilities of each individual vehicle.

0 wui(t) v (3.16)
™ tooui(t) wi(t) a™ t (3.17)

Solving OpT: The constraints (3.14), (3.15), (3.16), and (3.17) are providgdro with objective
function given by Equation (3.10), which is solved numerically using Gurobi (version 9.1.2) [23].
The computed target; command velocities are transmitted to each of the CAVs in the con-
trol zone. Note that we do not consider delays in communication and assume data is transmitted
instantaneously via V21 communication. The low-level controller on-board each CAV then com-
putes the acceleration or deceleration needed, to achieve the desogeshmand velocity within
the control time ( t) duration.
Finally, a key feature of our approach is that it is robust to drift in the executed control.
Our approach operates at a cycle frequencgt@ ms after which new command velocities are
obtained, updating the previous controls. Therefore, any deviation between the optimal control

and the executed control is erased during ed®@ms update cycle.
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3.4 Experiments and Results

In this section, we evaluate the capabilities of our approach, study the impact of varying

environmental parameters, and perform comparisons against other real-time capable methods.

3.4.1 Experiment Setup

We evaluate the performance oR@EOPT in a multi-lane four-arm intersection simulation
using theSUMQlatform [50] with the following parameter&ontrol zone lengthl(;) = 150m,
Speed limit ¥) = 20m/s Objective trade-off (§ = 0:7, Safety margins:Mg, = 2.0 and Mg =
25.0. The high-level controller uses the TraCl traf ¢ controller interface to communicate with the
simulation. All simulations and optimization algorithms run on a personal computer with an Intel
i7-8750H CPU and 32GB of RAM. We provide results in additional scenarios with varying lanes

and traf c density in [49].

3.4.2 Evaluation Metrics and Baselines

The key performance metrics used to evaluate merging algorithnteratgghput(number
of vehicles that can travel through the intersection per nimje-to-goal(average time vehicles
spend in the control zone), ardel consumption To showcase the properties and appropriately
assess the performance oRGEOPT, we compare it with two other real-time capable baseline
approaches. The rst baseline we choose to compare with is an auction framework where the
bidding strategy is based on the order in which agents arrive at the intersection, similar to the FIFO
principle. To test the limits of our approach, we also compare against well-tuned traf c lights (light
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timing set to maximize performance), a well-established signaled intersection traf c management

system. We refer to these baselines aaAFIC-LIGHT and AUCTION in the following sections.

3.4.3 Efciency Analysis

From the blue curves in Figure 3.5, we observe tham&OPT exhibits linearly increasing
throughput with increasing input ow while the other two methods become capped after a point.
Similarly, we see that GMEOPT is capable of maintaining low temporal delays as well as low fuel
consumption across all values of input ow. This highlights the consistent performance capabilities
of the GAMEOPT method, even at very high input ow rates suchX%000 vehicles per hour.

Note that the input ow rate is de ned as the total number of vehicles that enter the intersection
simulation per hour on all four roads.

Results and Comparison with Baselinestn Figure 3.5, we show results of comparing @ OPT

with TRAFFIC-LIGHT and AUCTION based on throughput, time-to-goal, and fuel ef ciency. Per-
haps the most signi cant result is that not only doeaM& OPT outperform the AICTION ap-
proach, it also outperformsRIAFFIC-LIGHT, a well-established method optimized for signalized
intersections. In Figure 3.5a, we observe thaM& OPT linearly increases in throughput (equiv-
alent to maximizing ow through the intersection) with increasing ow rate. At high ow rates,
GAMEOPT performs approximatel25%and174%better when compared toRRFFIC-LIGHT and
AUCTION, respectively. We also note that these relative performance improvements become more
apparent with the increase in ow rate.

This follows our intuition that with fewer vehicles, we do not require a complex optimization-
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based method; a simpler signal-based method suf ces. However, as the traf c on the road in-
creases, which often leads to increased congestion and delays, the benemafG®T becomes
apparent. Furthermore, from Figures 3.5b and 3.5c, we observe that at high ow rates, our method
reduces the time-to-goal B§6%and81% respectively, and reduces fuel consumptior8Byoand
66% respectively, compared withRAFFIC-LIGHT and AUCTION. This shows that GMEOPT re-
sults in less waiting in queues along with less acceleration and braking tasks, resulting in improved
fuel ef ciency.

We also analyze the impact of increasing road speed limits from 20m/s to 25m/s, as this
is a possibility in fully autonomous systems. In Figure 3.6a, we observe that wkRikeFIC-
LIGHT and AUCTION both remain unchanged, AMEOPT exhibits reduced time-to-goal. This
shows that the overall capabilities ofA@BEOPT can be increased further with improved road
infrastructure. We also test the impact of creating unbalanced vehicle demand on different arms
of the intersection by varying the in ow rate on each arm. Assuming we keep the total number
of vehicles constant, some arms experience unusually high traf c density. As expected, from
Figure 3.6b we observe thatuBTION's and TRAFFIC-LIGHT'S performance worsens whereas
GAMEOPT remains unchanged, demonstrating robustness to this con guration.
Real-time Operation: The algorithm in our optimization-based approach operates at a frequency
of fs = 10Hz (updates all control commands evdi§dns). The time required for the optimizer
to compute control outputs for a single sequence has a meari@hs, standard deviation of
1:73ms, and a worst-case maximum bf:25ms. This is signi cantly lower than the controller

update rate 0100ms, thus enabling real-time operation. The fastest optimization-based method in
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literature takes up t@:4 seconds fob0 vehicles [43,51] in a simple single-lane environment. In
comparison, @MEOPT takes less tha8 milliseconds for50+ vehicles in a multi-lane setting.

This is a speed-up of aroud®0 in considerably more complex environments.

3.4.4 Effect of Overbidding and Underbidding

According to Theorem 1 in Section 3.3.1, overbidding or underbidding yields a lower utility
[32]. In simulation, when the auction is combined with a trajectory planner, we observe even more
drastic consequences. In the case of overbidding, the agent submits a higher than expected bid to
the trajectory planner. The planner accommodates this higher bid by reducing a con icting agent's
speed, causing the latter to slow down and create a dangerous situation with possible rear-end
collisions. In the case of underbidding, the trajectory planner reduces the speed of the agent that is

underbidding, resulting in possible rear-end collisions.

3.5 Extensions to @GMEOPT intersection control

3.5.1 Extension to heterogeneous vehicles

When dealing with heterogeneous multi-class traf c we nd that different classes of vehicles
can have signi cantly different goals. Some classes may prefer to prioritize reaching their desti-
nation and speed while others would prefer to maintain xed speeds and not perform too many
acceleration tasks in order to save fuel. For example, an ambulance cares more about speed maxi-
mization, while a large semi-trailer truck would rather minimize its overall acceleration tasks due

to the relatively large fuel costs associated with these actions. In addition to vehicle class, we
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nd that other factors such as total waiting time, current speed, and individual vehicle intent or
aggressiveness play a major role in what features each car prioritizes. In order to achieve a more
optimal control solution it is necessary that each vehicle should be treated differently based on its
speci ¢ needs. As such we assign a vehicle tgperhich depends on the class of vehicle and a
driver preference (aggressiveness) valyevhich takes a value fror@ to 1 indicating a vehicles

bias towards either driving as fast as poss{ltbevardsl) or reducing fuel usagéowards0). We

also include the waiting time; (t) indicating how long it has been since the vehicle entered the

control zone. Thus the extended state vectors of each CAV are given by:

(1) = [si(t); vi(t); IF(); wi(t); 65 d; Gy I @™ @™ 1 (3.18)

3.5.1.1 Changes to objective function

When we are dealing with heterogeneous traf c it becomes increasingly important to treat
individual vehicles differently depending on their needs and priorities. There are two main types
of priorities we consider in this research. The rsttype is the Speed Pridtjty, (vhich represents
each vehicle's desire to maximize its individual velocity. The second type is the Speed Variation
Priority (P;Y), which represents each vehicle's desire to minimize variations to its current speed,
thereby minimizing acceleration tasks and overall fuel consumption. Based on the vehicle class
¢ and vehicle preference, a priority assignment node computes these two types of priorities
(P?; PY¥) for each vehicle in the control zone. Each vehicle depending on its atakas upper and

lower bounds on its priority values. The exact value assigned within these class bounds takes into
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account each vehicle's individual prefererd;eWhile the parameter in Equation (3.10) provides

a way to trade-off between speed maximization and fuel savings it only does so in a global sense.
In order for each individual vehicle to adjust its preference towards speed maximization or fuel
savings, we introduce the two priority termf3% P,") into the objective function resulting in the

following updated objective function:

X
Juijg)=min  Peui vPHL P W) (3.19)
uig

i=1

Here, each individual vehicle can affect the bias towards either throughput or fuel savings de-
pending on its own individual preferences captured in its two priority values. This allows for a

more optimal solution that can cater to the individual needs of each vehicle.

3.5.2 Extension of multi-bidding strategy for multi-sequence generation

The Sponsored Search Auction (SSA), as detailed in Section 3.2.4, presents an optimal
mechanism for generating a priority order for agents. This algorithm allows the agent with the
highest priority bid to navigate the scenario rst, followed by the agent with the next highest pri-
ority, and so on. With a polynomial runtime, dominated by sorting the agents' bids, the SSA is
an ef cient solution [48]. In GameOpt [52], agents' bids were based on a single dimension - the
current kinematics of each agent. However, in this work, we propose a more advanced bidding lan-
guage where agents can submit multi-dimensional bids, expressing their preferences using various
features or currencies such as driver behavior-based [32], distance-based [36], and time-based [33].

Formally, we represent the set of bidding currencie$ ds, wheref 2 F ™ denotes an
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m-dimensional feature vector comprising bidding currency values. We further de'lhe R™

as the space of coef cient vectors2 ™. A master bidp; : F ™ M1 R,isthen generated
and passed on to the SSA. To address multi-agent dynamic traf c, we implement an over ow
strategy where, if an agent with a higher priority is behind an agent with a lower priority, the
former transfers a portion of their bid to the latter, similar to the Social Forces model.

Typically, SSAs employ a single bidding currency in their frameworks, reducing the space
of bidding strategies t& . Although some recent studies [53, 54] propose extensions that allow
bidding on multiple slots or keywords, these auctions still utilize a single currency (bidding over
keywords). However, utilizing a single bidding currency poses several challenges, primarily that if
an agent has a speci ¢ buddgetfor multiple keywords and spen@§%o0f B towards a high-pro le
keyword, they may not have suf cient funds left to bid on other keywords.

In contrast, multi-currency bidding strategies theoretically allow agents to realize multiple
budgets and thus, expand their power to express their preferences. However, multi-currency bid-
ding strategies are challenging to implement in practice, as many currencies lack constraints, and
the dimension of the spaée™ grows exponentially witm.

In this work, we propose a method for handling multi-currency bidding strategies. Speci -
cally, we consider the featuréise to intersectiorfT,), distance to intersectio(D|), waiting time
(W}, anddriver preference or assertivene@s! ). Thus the full feature (bidding currency) set is
de ned asf =[T/;D|;W,;Al], each of which constitutes a continuous feature, witk 4. The

master bid; is then computed as follows:
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=17 (3.20)

bp=!; T/+!, Di+!3 W +!, A (3.21)

Next, we describe the equations for computing each bidding feature. Recad| (hamneasures
the distance of agemtfrom the intersection, and we usgt) = sj(t)=V(t) to denote the time in
whichi shall reach the intersection based on its current velocitysgityl The bidding capacity
of vehicles should be higher when they are closer to the intersection in terms of time and distance.

Therefore, the featureg andD! for agenti are computed as follows:

T =(c (1) (3.22)

D =(c si(t)) (3.23)

wherec; andc, are constants representing maximum bounds on control zone length and
time to intersection respectively. Next, agents specify a preference for waiting in queue for a long
time, by the cumulative time it has been waiting in the control ae{e) (available in vehicle state
vector in equation (3.18)). Featuw is then set a®V| = w;(t). Finally, agents also express
their behavior through a driver preference assertiveness feafur&or these features, vehicles

with higher waiting time and higher preference have a higher bidding capacity. The computation
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of the preference featu| additionally incorporates the effects of heterogeneous vehicle types.
Therefore, different classes of vehicles will have varying bounds on their preference bidding ca-
pacityA! . For example, on a scale of 1 to 10, emergency vehicles would have the highest bidding
range off 7 to 1@ and passenger cars would have a lower range suth &s5g. Therefore the
maximum bidding capacity within the driver preference assertiveness fe®ittisedependent on

the vehicle class. This allows vehicles with higher priority needs to be given preference over other
vehicle classes during the sequence order generation phase. Here, the actual vehigl@asthss
individual driver preferencd; are available in the vehicle state vector in equation (3.18).

By using the combined master bid obtained for each CA¢ shown in equation (3.21), a
sponsored search auction is conducted to generate the nal feasible merging seguétae,
vehicles with higher combined bids would get the opportunity to pass through the intersection
before vehicles with lower bids. As the bidding system is directly linked to the dynamics of the
system, the sequence generated by the auction ensures that vehicles higher up in the sequence
have the dynamic capability to pass the intersection before vehicles lower down in the sequence.
Certain other features such as the over ow strategy discussed also play a role in ensuring the

overall feasibility of the generated sequence.

Gereration of multiple feasible sequences

Thus far we described the method of generating a single feasible seqyarsieg the set

of bidding currencies aB ™, and the space of coef cient vectors2 ™. The choice of coef-
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can be changed in order to generate multiple feasible sequences. It is dif cult to tell which se-
qguence would be truly optimal in terms of maximizing vehicle throughput while minimizing fuel
consumption at this stage. Therefore it is the responsibility of theEsubsystem (section 3.3.1)

of the control system, to generate a suitable collection of candidate feasible sequences to be tested
by the optimization ®@T subsystem (section 2.4.3) for optimality. Thus, each of the candidate
sequences, generated in GME, will be fed into the optimization ®T subsystem in parallel to

nd the best sequence , whose corresponding target command velocities would be sent to each

CAV in the control zone.

3.5.3 Extended results with the updated version aM&OPT

3.5.3.1 Changes to performance metrics and baselines

The key performance metrics used to evaluate control algorithntbragghput(number of
vehicles that can travel through the intersection per niimg-to-goalaverage time vehicles spend
in the control zone), anfiiel consumptionWe also add the metric @02 consumptioas carbon
emissions are an important criterion in overall vehicle emissions. Furthermore, to showcase the
performance in the presence of heterogeneous vehicles, we include separate réisudtd@igoal
of EVs(Emergency Vehicles) arfdel consumption of trucks

We introduce an additional baseline to the original two real-time capable baselines used in
GAMEOPT [52], which include the Auction method which, is essentially an advanced multi-lane
stop sign and timed traf c lights tuned to t the input ow rate. The new baseline is a gap-based

adaptive traf c light control strategy [55]. This adaptive strategy allows traf c lights to dynam-
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ically adapt to current traf ¢ conditions in the incoming lanes of an intersection by prolonging
traf c phases whenever a continuous stream of traf c is detected. We refer to these baselines
as TRAFFIC-LIGHT, ACTUATED-TRAFFIC-LIGHT, and SOP-SIGN. We refer to our method as

COOP-CONTROL

3.5.3.2 Performance analysis of improvedNg OPT

The results of these experiments for the two main traf ¢ performance metrics of throughput
and time spent are shown in gure 3.7. It is observed that our methasE-ONTROL) signi -
cantly improves performance relative to the traf c light-based methods with the relative improve-
ment in performance increasing with increasing input ow rate. This follows our intuition that
advanced multi-agent control methods provide a signi cant advantage when congestion is high.
At low congestion levels, even simpler methods are often suf cient. Th@S51GN method's
performance however is very poor even at moderately high input ow rates. In fact beyond a
certain vehicle ow rate, due to the low throughput in thed®-sIGN method, the input lanes
become fully packed and it is impossible to increase the input ow rate any further. Our proposed
CooP-cONTROL method is observed to provide improvementthiughputof around25%over
the TRAFFIC-LIGHT and ACTUATED-TRAFFIC-LIGHT methods and arount37%improvement
over the SopP-sIGN method as shown in gure 3.7a. Additionally, as shown in gure 3.7b, our
Coor-cONTROL method improves the average time spent by vehidiesefto-goa) by around
70%over the TRAFFIC-LIGHT and ACTUATED-TRAFFIC-LIGHT methods and aroun83% over

the Srop-sIGN method.
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Here, we nd that both the timedRAFFIC-LIGHT and ACTUATED-TRAFFIC-LIGHT meth-
ods offer similar performance which shows how well the timing on tReAFiCc-LIGHT method
has been tuned to match the rate of vehicle in ow on each of the intersections input arms.

The key indicators we consider for ef ciency in terms of environmental factors are total
fuel consumption and CO2 emissions. The performance of a@rECONTROL method for these
metrics is shown in gure 3.8, where we observe signi cant improvements over baseline methods.
Once again we observe that the level of improvement increases at higher input vehicle ow rates.
In gure 3.8a, we observe 80%and80%reduction in fuel consumption relative to th&AFFic-

LIGHT and SopP-sIGN methods respectively. The same trend is observed for CO2 emissions in
gure 3.8b, where we see a reduction®%and80%relative to the RAFFIC-LIGHT and SOP-

SIGN methods respectively. This ability of our method to reduce fuel usage and CO2 emissions
by such signi cant margins could have a major impact on overall environmental sustainability. In
our Coor-cONTROL method fewer vehicles are forced to unnecessarily slow down and speed up
which equates to less fuel usage to cover the same distance. Additionally, when acceleration is
necessary the control algorithm attempts to minimize the amount of acceleration required.

To showcase our method's ability to handle heterogeneous traf ¢ we also show a comparison
of the performance impact for the two major edge cases of emergency vehicles minimizing their
time-to-goal of EVsand the minimizing ofuel consumption of trucksin a system where each
vehicle's actions can affect the other neighboring vehicles, these two goals of minimizing time
and fuel consumption are generally opposing each other. However as shown in gure 3.9, our

method can successfully minimize both metrics in order to satisfy the individual needs of each
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vehicle class. Over the standard benchmark of tReFFiCc-LIGHT method, our © OP-CONTROL
algorithm is shown to provide reductions of aroufis®oand54%for time-to-goal of EVeindfuel
consumption of truckeespectively. When compared to gures 3.7b and 3.8a, we see that EVs face
fewer relative delays than the rest of the traf ¢ and trucks relatively consume less fuel than the rest

of the traf c.

3.5.3.3 Impact of unbalanced traf ¢ in ow on improvedXmE OPT version

A major bene t of our method is its ability to adapt to dynamic changes to the input vehicle
ow rate on each of the input arms of the intersection. When all the arms have equal input ow
the system is symmetrical and we consider the input ow to be balanced. However, when the
input ow rate on one or more of the arms is noticeably higher than the others, we consider the
input ow to be unbalanced. To evaluate our method's robustness to unbalanced traf ¢ in ow we
conduct experiments where the amount of traf ¢ originating in the horizontal lanes (from West to
East or vice versa) is gradually increased relative to the traf c originating in the vertical lanes (from
North to South or vice versa). We then plot the same performance metrics against the increasing
ratio of horizontal lane to vertical lane traf c. Note that in these experiments, to allow for accurate
comparisons, the ow rates on each arm are adjusted so that the overall total input ow rate remains
xed at 5200veh=hr.

The effect of unbalanced traf ¢ in ow on throughput and time spent is presented in gure
3.10. Our proposed @orP-cONTROL method is unperturbed by changes in the traf ¢ in ow bal-

ance. Both the throughput and time spent remain steady under increasingly unbalanced input ow
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when our proposed @orP-CONTROL method is used. The timedrRRFFIC-LIGHT approach is

the most affected method, with performance dropping by aBB¥iand45%in throughput and

time spent when the balance between horizontal and vertical lanes changek fréro 4 : 1

This is expected since therRRFFIC-LIGHT method timing is tuned to handle a symmetric load

of traf c. As such, in symmetric in ow conditionsY : 1) the TRAFFIC-LIGHT performs equiv-

alent to the £TUATED-TRAFFIC-LIGHT method which is designed to adapt to possible changes
in traf c symmetry. Therefore we see a lesser performance drop of arb¥ith throughput in

the ACTUATED-TRAFFIC-LIGHT method when the traf c becomes more unbalanced. While the
SToP-sIGN method generally performs much worse than its competitors, we observe an interest-
ing phenomenon of improved performance when the traf c ow becomes increasingly unbalanced.
The Srop-siGN method is inherently designed to handle unbalanced traf c as and when required.
When the traf ¢ is more unbalanced, then the traf c moving through the intersection is less diverse
in terms of possible directions it takes. As such the vehicles moving in the majority-use directions
can pass the intersection with less waiting especially when they belong to non-con icting groups.
This is the primary reason the stop sign method performs better when traf c is less balanced with
around al0%improvement in throughput in more unbalanced traf c.

The same observations hold in terms of fuel consumption and CO2 emissions as shown in
gure 3.11. Our @or-coNTROL method which offers the best performance also maintains this
performance irrespective of the balance of traf c ow. TheAFFiCc-LIGHT shows the highest per-
formance degradation while theCAUATED-TRAFFIC-LIGHT method lies somewhat in between.

As in the earlier case thetT®pP-sIGN method performance improves in unbalanced traf ¢ and is
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actually capable of achieving fuel consumption related performance equivalent t®RNrEIT-
LIGHT method in the extreme unbalanced traf ¢ condition.
Finally, as shown in gure 3.12, we nd that these same observed trends hold in the speci c
heterogeneous vehicle cases of emergency vehicle time to goal and truck fuel consumption.
Overall we identify that our GoP-CONTROL method demonstrates high levels of robustness
to changes in the balance of input traf ¢ ow. It not only exhibits the highest performance among
all other competing methods but is also able to maintain this level of performance irrespective of

the level of symmetry in the input traf ¢ ow.
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(a) Multi-lane intersection structure with lane-based groups

Lane group No-con ict group set

0-1 0-2,1-1, 2-2
0-2 0-1,1-2,3-1
11 0-1,1-2,3-2
1-2 0-2,1-1, 21
2-1 1-2,2-2,3-1
2-2 0-1,2-1,3-2
3-1 0-2,2-1,3-2
3-2 1-1,2-2,3-1

(b) Non-con icting trajectory groups at intersection

Figure 3.4:Con ict handling at multi-lane intersections. We propose a novel strategy for con-
ict handling using vehicle grouping based on non-colliding trajectories.
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(a) Throughput (b) Time-to-goal (c) Fuel Ef ciency

Figure 3.5:Comparison with baselines:GAME OPT increases throughput by approximat2y%
and174%compared to RAFFIC-LIGHT and AUCTION, respectively. Furthermore, our method
reduces the time-to-goal 6% and81% respectively, and improves fuel ef ciency 338%and
66% respectively, compared withRAFFIC-LIGHT and AUCTION.

(a) Impact of an increased speed Iimit(b) Impact of unbalanced in ow in differ-
ent lanes.

Figure 3.6: Impact of increasing the speed limit and unbalanced in ow rates on the average time-
to-goal. ®_MEOPT exhibits improvements with a higher speed limit and invariance to unbalanced
OW.

(a) Throughput comparison (b) Time to goal comparison

Figure 3.7: Performance in terms of throughput and time-to-goal in comparison to baselines, with
increasing vehicle input ow rate.
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(a) Fuel Consumption comparison (b) CO2 emissions comparison

Figure 3.8: Performance in terms of fuel consumption and CO2 emissions in comparison to base-
lines, with increasing vehicle input ow rate.

(a) EV Time to goal comparison (b) Truck Fuel Consumption comparison

Figure 3.9: Performance in terms of emergency vehicle time-to-goal and truck fuel consumption
in comparison to baselines, with increasing vehicle input ow rate.

(a) Throughput comparison with unbalanced in dflv) Time to goal comparison with unbalanced in ow

Figure 3.10: Performance in terms of throughput and time-to-goal in comparison to baselines, with
unbalanced vehicle input ow rate. Total ow rate xed &00veh=hr.
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(a) Fuel Consumption comparison with unbalan@@®dCO2 emissions comparison with unbalanced in-
in ow ow

Figure 3.11: Performance in terms of fuel consumption and CO2 emissions in comparison to
baselines, with unbalanced vehicle input ow rate. Total ow rate xecb@00veh=hr.

(a) EV Time to goal comparison with unbalanced (i} Truck Fuel Consumption comparison with unbal-
ow anced in ow

Figure 3.12: Performance in terms of emergency vehicle time-to-goal and truck fuel consump-
tion in comparison to baselines, with unbalanced vehicle input ow rate. Total ow rate xed at
5200veh=hr.
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Chapter 4: Coordination and Control of Traf ¢ Lights and Mixed Traf c in Multi-

Intersection Environments

4.1 Introduction

Coordination and control of vehicles traveling through urban areas is an open challenge in
transportation networks. Most traditional control systems are based on timed traf c light signals
or density-adaptive traf c light signals [56]. However, these systems may change with the intro-
duction of connected automated vehicles (CAVs) that would allow far more sensing and actuation
points within the traf ¢ ow [57]. In addition to collecting traf ¢ information via onboard sensors
on CAVs, traf ¢ control systems can suggest CAV actions that optimize the traf ¢ owing through
an urban network [58]. Furthermore, while human driven vehicles (HDVs) cannot be directly con-
trolled by these control systems, the presence of neighboring CAVs and traf c lights signi cantly
improves the degree of controllability of the overall traf ¢ ow in the network.

The main objective of an urban traf ¢ control system is to allow vehicles to travel through
the network in the shortest possible time while minimizing overall fuel consumption. To achieve
this goal, a central traf c controller (CTC) is responsible for generating both CAV and traf c

light control trajectories while ensuring safety, fairness, and optimal traf ¢ throughput. Achieving
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these goals in the presence of mixed traf c adds an extra layer of complexity due to the need for

suf ciently accurate predictions of HDV behavior.

Literature review

Intelligent traf ¢ light control has been studied for decades, with methods ranging from
time-based switching to density-based switching using heuristics [59], optimization [60] and deep
learning [61, 62]. For multi-intersections, an adaptive dynamic programming approach was pre-
sented in [63]. These methods typically allow for reactive control which can be sub-optimal and
lead to vehicles having to slow down to a stop at intersections. Additionally, most of the existing
research focuses on macro-level traf c modeling which often abstracts details and results in a loss
of ef ciency at the micro-level. Some existing algorithms aim to use traf c light timing informa-
tion to reduce the fuel consumption impact [64,65]. Research interest is also placed in CAV control
for navigating through unsignalized intersections [40,52,66] and merging points [24,58,67]. How-
ever, these algorithms typically require all vehicles to be CAVs and deal with only local control for
a single traf c intersection.

In the context of centralized control of multi-intersection environments with mixed traf c
including both CAVs and HDVs, receding horizon methods based on mixed-integer linear pro-
gramming (MILP) using either a road segment-based [68] or time-based formulation [69] have
recently been proposed. Many remaining challenges exist in extending this work to real-time ca-

pable systems that can operate under realistic conditions and high-density traf c.
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Contributions

Targeting multi-intersection mixed traf ¢ coordination, we propose both centralized and de-
centralized MILP-based strategies for the joint computation of CAV trajectories and traf c light
switching commands, and we validate their operational capability in realistic traf ¢ simulations.

Compared to the prior work in [68, 69], our novel contributions are,

We describe a MILP formulation for vehicle and intersection coordination, with support for

multiple intersections, mixed traf c, lane changes, HDV predictions, and a more advanced

traf c light switching model.

We propose a decentralized implementation by decoupling the MILP, resulting in multiple

intersection traf ¢ controllers (ITCs), to achieve real-time computations.

We built the system with a modular software architecture, allowing it to adapt to any traf c

scenario.

We perform extensive validations of the proposed approach basdki@22], using real-

istic simulations of vehicle demand, behavior, and interactions.

In Section 4.2, we describe the problem statement, modeling, and objectives, and Section 4.3
describes the MILP for centralized coordination. The decentralized approach is presented in Sec-
tion 4.4, and Section 4.5 presents BldMGimulation results. Finally, Section 4.7 concludes the
chapter.

Notation R, R:, Ro+ (Z, Z+, Zo+) are the set of real, positive real, and non-negative real
(integer) numbers, and = f0; 1g. The logical operatorand or, xor, notare™, ,Y,: , and the
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logical operatorsmpliesandequivalent (if and only ifare =) , () . Inequalities between

vectors are intended component-wise.

4.2 Problem Description

In the multi-intersection traf ¢ coordination problem, the central traf ¢ controller (CTC)
computes the most suitable CAV trajectories and traf c light state trajectories to allow for smooth
traf c ow, as described in Figure 4.1. The presence of mixed traf c creates the need for accurate
HDV behavior prediction in order to achieve the best performance. The overarching goals of the
system involve the maximization of traf ¢ throughput while minimizing a combination of waiting
time and fuel consumption. Here, we aim at executing the control center at a sampling frequency

of 1 Hz, i.e., using a sampling time peridd = 1 sec, similar to [68, 69].

Figure 4.1: Schematic of the proposed central traf ¢ controller (CTC) directly controlling con-
nected automated vehicles (CAVs) and indirectly affecting the motion of human driven vehi-
cles (HDVs) by commanding traf c lights.
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4.2.1 Modeling of Physical Road Network

Figure 4.2: Traf c road network witth intersections, where each road segment consistsdasfes
in both directions and road segments where vehicles can ow in and out of the road network.

The key design parameters involved in modeling the physical road network are the number
of intersections, the number of road segments, and the number of lanes in each road segment. In
this work, we consider a case study based on a traf ¢ network Stersections, with connecting

road segments as shown in Figure 4.2, each @&ldnes in both directions. The distance between

denote each of the traf c intersections. The speed linuof the road network is set ttbm=s. The
vehicles can be either CAVs or HDVs resulting in mixed traf ¢, and the CAV penetration teyel

(ratio of CAVs to the total number of vehicles) in the simulation can be adjusted. We use the index
setsv¢ andV" to denote each of the CAVs and HDVSs in the road network, whiereVe[ V" and

Ve vh=
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4.2.2 Modeling of Controlled Vehicles (CAVS)

Each CAVi 2 V¢ has an onboard control architecture, capable of computing actuation com-
mands (throttle and braking) in order to follow a sequence of velocity targets set by the CTC. This
onboard controller also computes the required steering angles to keep the vehicle in the lane and
to execute lane change maneuvers as instructed by the CTC. From the CTC's perspective, CAVs
can therefore be modeled as agents with known dimensions moving along the center of the lane.
CAVs are also assumed to be able to relay information to and from intersection infrastructure using
vehicle-to-infrastructure (V2I) communication. In this work, we assume perfect communication

and do not model V2I network conditions such as delays and packet loss.

4.2.3 Modeling of Human Driven Vehicles (HDVSs)

Similar to the work in [69], we model the predictions of HDV behavior using a switched
dynamical system to represent the reactions of HDVs to the, possibly changing, traf c rules. In the

present work, we model each HD\2 V" using the following state-dependent switched dynamics:

» HDV stops at traf ¢ light,if traf c light for its particular traf ¢ direction is red and HDV is

within a predetermined distance from stopping zatherwise

» HDV follows leading vehicle and maintains safe following distan€deading vehicle is

within a particular distance in front of HD\gtherwise

» HDV travels at a xed desired target speed.

In Section 4.3, we describe how these switched dynamics can be modeled using mixed-integer
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constraints.

4.2.4 Traf c Light Intersection Model

Traf c lights at intersections are modeled as a collection of nite states where a state contains
the status of each of the individual light signals of a particular intersection. The traf c lights of
a junction allow vehicles to pass through the intersecfidh J in a speci ¢ directiond 2 D if
the traf c light phase statusjd = 1 (green), and no vehicles can pass through the intersection
in the directiond if jd = 0 (red). For a4-way intersection, where each road segment contains

lanes, there ar&2 possible directions as shown in Figure 4.3, i.e., we de ne the indel set

Figure 4.3: Eachl-way traf ¢ intersection, with3 lanes in each road segment, includes traf c
lights to control the ow in each 012 possible directions.

Astate } ofintersectiorj 2 Jis de ned as a collection of non-con icting traf ¢ directions
that are allowed to enter the intersectiprsimultaneously. For thd-way intersection, witi3
lanes in each road segmeB@tpossible states can be identi ed, i.e., we de ne the indexSet
f1;:::;99. Amapping from state ? to direction jd is introduced in Table 4.1 for each intersection
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j 2 J,states 2 S, and directiord 2 D. Here, ¢ =0 or ¢ =1 indicates that a speci c direction's

' J

traf c light is red or green, respectively.

State () Phase Direction ()

112(3/4|5/6|7(8]9|101112
1 ojoj0oj0|0|0O0|j0O|O|O|O|O|O
2 o/(0oj|0|j1(12|0/0|0|0Of2|2/0
3 1/0({0[{0|0|2|1|0]|0|0|0|1
4 1/1/0/0|0(0|1/1|0|0|0]O
5 o(oj1/1/0|0|/0|0O|1|2|0|O0
6 1/0(0/{0|0|0O|O|0O]|0O|1]|1|12
7 o(oj0|1f{1|1/2|0|0|0|0O|O
8 o(oj0oj0({0|0O|2|21|1|2|0|O0
9 1/1(1/1|0(0|0j0|0|0|0O]O

Table 4.1: Mapping fron® traf c light states to the valu® (red) or1 (green) for each of th&2
traf c light directions.

4.3 MILP Formulation for Centralized Traf ¢ Coordination

The centralized traf ¢ controller (CTC) is responsible for computing control trajectories for
CAVs, including target velocities and lane changes, and traf ¢ light commands while enforcing
traf ¢ rules and predicting the behavior of HDVs. Compared to the prior work in [69], the MILP-
based CTC formulation in the present research includes lane-change behavior for both CAVs and

HDVs, as well as more advanced modeling for traf c lights and HDV predictions.
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4.3.1 CAV Control Trajectories

The vehicle dynamics involve the evolution of its position stat@long the direction of

motion in the traf ¢ network (see Fig. 4.2), according to the target velogity.e.,

vi(t) + vi(t+1)

pi(t+1)= p(t)+ > t; (4.1)

for each CAVi 2 V¢, and where t is the discretization time. The initial target velocity0) is set
to the current vehicle's velocity, given by sensors and/or through V21 communication. To ensure
realistic target velocities, the velocity assigned by the CTC to CAVs needs to be within the speed

limit, vi(t) v, and the maximum acceleratiefi** and deceleratioaimin limit of each vehicle

vi(t)  a™ ot ovi(t+1) vt + a™™ t: (4.2)

In order to model the lateral dynamics of vehicles, we introduce binary variafles, 1

lanes on a road segment. These variables model lane changes, ensure vehicles enter intersections
in the correct lane, and perform collision avoidance in multi-lane scenarios. At every time step,

. . P
each vehicle is always in exactly one of the traf ¢ lanes, I.e,, "=1.
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Lane change behavior

Lateral CAV dynamics are modeled as discrete switching between lanes. We introduce two
binary variabled{  (t);1f4(t) 2 f 0;1g to represent a lane change up and down respectively as

follows,

M) NI =) M+ D);
(4.3)

M) NI =) N N+

The implications in (4.3) can be enforced using the following inequality constrainis2for and

t2 2z *
1@ P @ 1) M+ L
(4.4)
1@ @) @ ) U+ o
Similarly, we implement the implication for no lane change
F0) A IO 2 1) =) e+ 1): (4.5)

Finally, we prevent lane changes both up and down at the same time, along with lane change down

from the lowest lane, and lane change up from the highest lane as

15,0+ 150 1;
(4.6)

LSO+ ML Im+ Mo L
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4.3.2 Collision Avoidance

Collision avoidance constraints are placed between vehicle pairs whose trajectories may lead
to potential collisions. Speci cally, vehicles within the same road segments and adjoining road
segments are paired up for collision checking. For these vehicle pairs, we enforce that the lead

vehicle should remain ahead of the following vehicle, while both vehicles are in the same lane,

fp,(t) p.(g f N(t+1)= N(t+1)g
:) pil(t+l) piz(t+1);
(4.7)
fp,(t+1) p(t+1) g f [(t+1)= [(t+1)g

=) P, () pi,);

forh 2 ZT, two vehicles;i, 2 V, andt 2 z} .
Taking into account spatial dimensions of vehicles and safety margins, we modify the above

equations to include vehicle lengths and safety distances, using a base v&ldand a velocity-
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dependent component with coef ciekt. We propose the mixed-integer inequality constraints

P (D) + Rii,  pi(t) i, (1)
M@, (0)+ Liy + Do+ k', (1)  sf;
pL(t+1)+ Ry, p,(t+1) M £ ()
M(1 illiz(t))+ Li, + D+ k'v;,(t) sf,;

p.(t)+ Ry, po(t)+ M@ &,(1) (4.8)

+M (1 illiz(t)) I—iz D*® kvvil(t) + 80

pL(t+1)+ Rii, p(t+1)+ M@ (1)
+M(@ ,(0) L, D% K, ()+s%;
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L M+ + N(t+l) L

whereR;, i, denotes the initial relative distance between vehiclemdi,, ands® 0 represents

the slack variable that is added to ensure feasibility in the presence of model mismatch and distur-
bances. The presence of the slack variatfles combination with the safety margifs’+ k"v; (t),
account for the possible mismatch between predicted and actual vehicle behavior. In addition, the
receding horizon implementation of the control center solves the MILP at each sampling time pe-
riod T = 1 sec in order to correct possible prediction errors. The binary variz;\pjeZ f0;1gis

1if the vehiclesi; andi, are in the same lane, and the binary variatfjg 2 f 0; 1g de nes the

order between vehiclas andi, to enforce collision avoidance. Note that the constraints in (4.8)

additionally prevent lane changes that are predicted to lead to collisions at future time steps.
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4.3.3 Intersection Membership

We introduce the matri¥sy to model the mapping from traf c light states to individual
traf c light signals for each direction, as shown in Table 4.1. The relationship between traf c light

states and individual traf c light signals for intersectip2 J is enforced by the constraints

d0) Fa S Y0 1 (1 Fs) S0 (4.9)

for all statess 2 Sand all directionsl 2 D in each intersection 2 J. Additionally, the traf c
lights should be in exactly one state at any tilsngZS P=1.

To represent the presence of vehic V in intersectiorj 2 J attimet 2 ZY, we introduce
binary variablesi‘jj (t) 2 f 0; 1g. We also introduce a given binary vaIa% 2 f 0; 1g that indicates
if a vehiclei 2 V intends to cross intersectign2 J in directiond 2 D, as part of its future route
plan. For each vehicle, we know the relative position at which it erﬁﬁrsand exitsPif}Ut the
intersection. Therefore, we set the variabl,%sbased on the following bi-conditional

_ X
P2 PYPM 0 ad f()=1: (4.10)
d

We can implement the above bi-conditional using a big-M formulation for the mixed-integer in-
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equalities as
pi(t) P.‘? + 5 (t)+ M ilj (1);

p(t) P s(t) M j(b);

X
i+ i@ 1+ al f(); (4.11)
d

P+ M () P s(t)+ M
p) M) PR+s() M
whereM > 0is a large constant value;-'j ; ij 2f0;1gare auxiliary binary variables, argl 0
denotes a slack variable to ensure feasibility in the presence of a model mismatch.
We can impose an upper bound on the number of vehicles that can be inside the intersection
at the same time
X St () 8jid; (4.12)
i
WhereCj"I is the intersection capacity (upper bound based on physical intersection dimensions) for
a speci c directiond 2 D and J-d is the traf c light signal for that direction, i.e.,jOI =0 (red) or

jd =1 (green). Constraint (4.12) additionally ensures that vehicles can only enter the intersection

if the corresponding traf c light signal is green.

4.3.4 HDV Modeling and Prediction

Using the HDV model in Section 4.2.3, and depending on which mode is currently active
for each HDVi 2 V", we compute a safe reference velogifft) that is used to predict the HDV

trajectories. To model mode switching, we introduce the binary variagh(gs j'(t) 2 f 0; 1g to
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indicate whether an HDV 2 V" is in the lead vehicle following mode or stopping for red traf c

light mode, respectively.

4.3.4.1 HDV lead vehicle following

For each HDVi 2 V", we introduce the indek 2 V to denote its lead vehicle, if a vehicle
exists ahead of the HDV within a predetermined distance from the HDV. This lead vehicle could
be either a CAV or another HDV. The safe following distance is de ned using a base@alaed
a velocity-dependent component with coef cigdt In order to de ne the binary variabld (t),

we implement the following bi-conditional

P+ Ry pi(t) L, D'+kwv(t) 0 Ht)=1; (4.13)

whereR; ;i denotes the initial relative distance between vehigl@sV andi 2 VP, and given the

vehicle lengthL;, . The bi-conditional can be enforced by the mixed-integer inequality constraints

p,(t)+ Rii  p(t) L, D'+ Kk'vi(t) Mbi(t);
(4.14)

P+ Ry pi(t) L, D'+kvit)+ M@ H():

4.3.4.2 HDV stopping at red traf c light

Setting the binary indicator variab®(t) for stopping at a red light involves both the state of
the associated traf c light signal and the set membership of the HDV in the braking region prior to

the intersection. We introduce two binary variabeandl}' such that the HDV is in the braking
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region when both these variables dreFor each HDVi 2 V", we denote the initial distance to
the next intersection &', and the safe stopping distance is de ned using a base l#nd a

velocity-dependent component with coef cigdt We implement the following implications

I:)itl Pi (t) D'+ kIVi (t) =) d(t) =1;
pity PY =) () =1; (4.15)

Hy=1~d'@®) =1~ t)=0 0 K)=1;

wherej 2 J denotes the next intersection such that the HDV stops if and only if the HDV is inside

the braking region and the corresponding traf c light is red. These implications can be enforced

by inequality constraints as

Piﬂ p D'+ Ky Mb:;
pi+ Mb' P!
(4.16)

H+H  1+B+ jd; jd 1 )

M1 g) P' p D'+Kv+M@1 )

where we omit the time indeixfor compact notation.
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4.3.4.3 HDV safe reference velocity

The safe reference velocityf for HDV i 2 V" is de ned based on the indicatodsandby,

using the following implications

() =1=) vi(t)=0;
(=071 =1 =) Vi(t)= v, (1) (4.17)
(1) =0~H(®)=0=) v(t)=v;

wherev;, denotes the velocity of the leading vehi¢ie2 V for HDV i 2 V", andv denotes the

desired target speed. These implications are enforced by the constraints

\%

CoM@ K
M@ H) MbY v v, M@ H)+ Mb (4.18)

Mbl  Mb‘+v Vv v

where we omit the time indeixfor compact notation.

4.3.4.4 HDV prediction model

The HDV prediction must respect the HDV's acceleration limits. We introduce the binary

variablesg™® andg™" to check whether these limits are reached. The HDV velocity prediction is
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given by
VI(t+1)  wi(t) @™t () =1;

(4.19)
V(t+1)  vi) @™t H"M()=1
() =1 =) wi(t+1)= vi(t)+ a™
(1) =1 =) w(t+1)= v(t) a™ t (4.20)

gt =0 A "M (t) =0 =) vi(t+1)= vi(t+1):

4.3.5 Traf c Light Timing Constraints

We introduce a binary variabll§S (t) 2 f0;1g for each traf c light states 2 S of each

intersection, Wherlii;'s (t) = 1 if and only if the traf c light state changes, i.e.,

(D) fO 1M fEeD+ ) (4.21)

S (t+1) () 20 e+l 3(b): (4.22)

We introduce a variablé' (t) 2 f 0; 1g to denote if the overall state of the traf c intersection has

changed, i.e.,

X
@y 1 ') I (t): (4.23)

s2S s2S
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Then, depending on the binary variakf;}'e(t), a timer variabla}' (t) can be reset or updated as
follows
@ ffeoym e+ @ fom;
(4.24)
| | | | | .
i+ t ‘oM e+ e+ t+ oM

We additionally impose a minimum time between two consecutive traf ¢ light change commands

as well as an upper bound for the counter variable as follows

tin M@ f'®) O tma (4.25)

4.3.6 MILP Obijective Function

The objective function of the proposed MILP formulation for the CTC reads as the maxi-

mization of
XX _ .
J = wipi(t)  waj () (4.26a)
t=1 i2Vv
walf () walfy(t)  wesi(t)  wssi(t) ; (4.26b)
with user-de ned weight values; Ofori =1;:::;5. The rstterm is to maximize the traveled

distancep;(t) of all vehicles in (4.26a). We penalize vehicles for not being in their preferred lane
by minimizingj i(t) refj, in which the absolute value can be handled by de ning auxiliary
variables in the MILP formulation. We introduced a penalty on unnecessary lane changes by

minimizing I, (t); 17 4(t) in (4.26b). In addition, we penalize the slack varialdgd); sf(t) O
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that ensure feasibility in the presence of model mismatch and disturbances. Large penalty weight
valuesw,;ws O are used to ensure that a solution watlft) = 0 ands{(t) = 0 is computed,

whenever feasible.

4.4 Decentralized Traf c Coordination

The main concern with the proposed centralized control center is the combinatorial com-
plexity of the MILP solution, i.e., the computational cost generally increases exponentially with
the number of vehicles and the prediction horizon length. As shown in Table 4.2, at high densities
(an in ow rater;, of 1:44veh/s), the average computation time can easily ex68egc. The in-
ow refers to the total number of vehicles that enter the road network in Fig. 4.2 from north, east,
south, and west. However, since our desired update frequerickizs the centralized system is
not tractable under current hardware/processing limitations and with current state-of-the-art MILP

solvers such a8UROBI[23].

Traf ¢ In ow Rate rj, [veh/s] ‘ Mean CPU Time [sec]

Low (0.36) 0.21
Medium (0.72) 1.37
High (1.44) 64.12

Table 4.2: Centralized computation cost usisigROB]J with varying traf ¢ in ow rates andN =
10, rcav = 67%.

In order to gain computational tractability, a natural way to decompose the centralized coor-
dination problem is by solving a sub-problem for each traf ¢ intersection individually with con-

siderably fewer optimization variables. This decentralized implementation will be described next.
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4.4.1 Decentralized Architecture

In the proposed decentralized implementation, each intersection is assumed to have an in-
dependently operating control center, which is further referred to as an intersection traf c con-
troller (ITC). The ITC at each intersection operates fundamentally similar to the centralized con-
trol center, based on the same MILP formulation as described in Section 4.3, but with each of the
variables restricted to only the relevant intersection, its traf c lights and immediately approaching
vehicles within a predeterminembntrol zonearound the traf c intersection. Each ITC computes
CAV velocities and lane change trajectories as well as the traf ¢ light phase switching trajectories
for its particular intersection, and the computations for each ITC may be executed in parallel on
separate computing units. Adapting the MILP formulation from Section 4.3 to the decentralized
implementation, for each ITC, we consider one intersegtich J and a subse; V of the

vehicles in the traf ¢ network.

4.4.2 \Vehicle Assignment to MILP-ITCs

In the decentralized implementation, the HDV modeling described in Section 4.3.4 can be
used to model both HDVs and CAVs that are controlled by a different ITC. Therefore, each CAV
could be assigned to a particular ITC “for control” or “for prediction”. This is used in the proposed
decentralized implementation to increase safety, especially when vehicles transition from one ITC
to the next. The assignment of vehicles to the subsggtdor each ITCj 2 J, is performed

according to the following rules:

1. Each HDV is assigned to its next intersection's ITC for prediction if it is within a predeter-
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mined distance.

2. Each CAV is assigned to its next intersection's ITC for control if it is within a predetermined

distance.

3. Each CAV is assigned to its previous intersection's ITC for prediction, i.e., it will be treated

as a HDV by that MILP-ITC if it is within a predetermined distance.

The latter set of rules ensures that the velocity and lane change commands for each CAV are com-
puted by at most one ITC. If a CAV is not assigned to any ITC, given the predetermined threshold
distance, then control is returned to the onboard control architecture. In the region immediately
after a traf c intersection, both HDVs and CAVs are treated equally and their behavior is predicted
to prevent possible collisions with any vehicles further upstream. Each ITC provides controls to
CAVs only prior to the intersection and while the vehicle is physically within the intersection.
Control is handed back to the vehicle or to the next junction's ITC (if junctions are very close)

after the CAVs exit the intersection.

4.5 Numerical validation of results with simulations

In this Section, we present extensive simulation results to validate the performance of the pro-
posed implementations for the traf c coordination and control system, and to investigate its compu-
tational tractability. The mixed traf ¢ simulations are built on t8B&lM(22] platform. The control
systems are implementediatlab and the MILP problems are solved usi@@§ ROBI[23]. The
communication betweelatlab andSUMGQs handled by theraci4matlab [70] software.

The simulations are executed on a desktop with an Intel i7-10700k processor and 64GB of RAM.
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45.1 Traf c Simulation

Figure 4.4: Traf c road network withb signalized intersections BUMOBIue vehicles are HDVs
and red vehicles are CAVs.

In the conducted experiments, the traf ¢ in ow from each of the four input directions (see
Fig. 4.2) are kept equal to each other, resulting in a balanced ow of vehicles in the road network.
The rate of traf ¢ in ow for CAVs and HDVs is varied independently, in order to create multiple
scenarios with varying traf c in ow rates;, and CAV penetration levels.,, (ratio of CAVs to

the total number of vehicles). Vehicles enter the simulation according to a Poisson process with an
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expected value of arrivals equal to the desired input ow rate for each in ow road. Each vehicle
entering the network has an assigned destination road and the system chooses between possible
routes from source to destination based on prede ned probabilities to provide a balanced traf ¢
ow throughout the network. In the simulated vehicle modelSiMJ22], parameters for the

level of driver imperfection are set to low for CAVs and relatively high for HDVs. This results

in lower predictability of HDV behavior due to higher variance in human actions. Our simulation

setup with5 active intersections is shown in gure 4.4.

4.5.2 Comparison Metrics and Baselines

The key metrics used in evaluating comparable traf ¢ control systems are the average travel
time of vehicles owing through the network, the average time spent waiting at traf c lights per
vehicle, and the average fuel consumption per vehicle. In addition to these metrics, we also present
the average computation times) (for each of the proposed control architectures. The runtime
( irc) of the decentralized architecture involves computing multiple MILPs in parallel, one for
each intersection's ITC. We report both the average over time of the CPU runtime for the most
expensive MILP at each time step (dark blue bar in Figures 4.5,4.6,4.7), as well as the average
over time of cumulative CPU runtimes to solve all MILPs at each time step (light blue bar in

Figures 4.5,4.6,4.7),

max — 1 X i . sum — 1 XX j .
mc T 7 mzagx e ¢ = = irc (1): (4.27)
t=1 t=1 j23

As a reference, we use the standard baseline of a time-based traf c lights switching system
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referred to aslimed traf ¢ lights The traf ¢ light timings are tuned to suit the densities being
tested. All four in ow roads in an intersection are treated equally in terms of traf c light timing
since the overall in ow to the network is balanced. Furthermore, to provide a more challenging
benchmark, we implemented a gap-based adaptive traf c light control strategy [55]. This adaptive
strategy allows traf c lights to dynamically adapt to current traf ¢ conditions in the incoming lanes
of an intersection by prolonging traf c phases whenever a continuous stream of traf ¢ is detected.
This is a strategy that requires the traf c light controller to have a clear understanding of the input

traf ¢ ow into the intersection.

4.5.3 Performance analysis

The overall performance of the systems shows that both centralized and decentralized con-
trol strategies signi cantly outperform the timed traf c lights. We observed considerable im-
provements of aroun@80% 96% and60% in travel time, waiting time, and fuel consumption,
respectively, when using the centralized strategy over the timed traf c lights method. Similarly,
when comparing the centralized strategy against the adaptive traf c lights method, we observed
improvements of aroun82% 90% and40%in travel time, waiting time, and fuel consumption,
respectively. These signi cant reductions in waiting times correspond to reduced idling of vehicles
at traf c lights, which leads to more eco-driving strategies, which in turn results in fuel savings.

The centralized strategy also outperforms the decentralized strategy in most metrics by a
smaller margin, at the cost of increased computation times. We observed a reduction in perfor-

mance of aroun@%, 3%, and9%in travel time, waiting time, and fuel consumption, respectively,
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Figure 4.5:SUMQesults over2000s to compare centralized MILP, decentralized MILPs versus
timed and adaptive traf c lights for increasing in ow rateg = 0:24;0:48 and0:72 veh/s, with
N =10; rca = 50%.

when using the decentralized strategy over the centralized strategy. However, the decentralized

strategy CPU computation times are aro@%dsless than the centralized strategy.

4.5.3.1 Impact of vehicle in ow rate

The total number of vehicles present in the network is directly proportional to the in ow
rateri, of vehicles into the network. As the in ow rate increases, as observed in Figure 4.5,
the travel time, waiting time, and fuel consumption all show worse performance, across all the
control strategies. This is expected since intersections have a maximum capacity and therefore
some vehicles will be forced to wait when the density is too high. However, even at high in ow
rates that cause the timed traf c lights to hal®0 sec average travel time a8 sec average

waiting time, the CTC reduces these valued2sec and sec, respectively. Even compared to the
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adaptive traf c lights, the CTC demonstrate86% 85% and40%improvement in travel time,
waiting time, and fuel consumption. The key issue with the CTC method is that at higher in ow
rates, long computation times exceedihgec are experienced, which does not allow us to reach
the target control frequency &fHz. In comparison, we observe that the decentralized ITCs allow
for fast computations below sec, while only resulting in around%®6 suboptimality in terms of

other key performance metrics.

4.5.3.2 Impact of CAV penetration

Figure 4.6:SUMQesults over2000s to compare centralized MILP, decentralized MILPs versus
timed and adaptive traf c lights for increasing CAV penetration levels = 20; 50and80% with
N =10;r;, = 0:60veh/s.

The percentage of CAVs plays a major role in the performance of the control system. A
greater amount of CAVs offers multiple actuation points in the traf ¢ ow which leads to better
controllability of the overall traf c network. For example, as observed in Figure 4.6, using a
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N = 10 planning horizon an@:6 veh/sec in ow rate, in the CTC we observe performance gains of
8%, 46%and24%in travel time, waiting time and fuel consumption, respectively, when switching
from 20%to 80% CAV penetration. Furthermore, we also observe that the prediction of HDVs

is a more computationally expensive process than the CAV trajectory computation, due to the
increased number of integer variables involved. Thereby, the average computation times reduce by

36% when switching fron20%to 80% CAV penetration.

4.5.3.3 Impact of planning horizon

Figure 4.7: SUMQOresults over2000s to compare centralized MILP, decentralized MILP ver-
sus timed and adaptive traf c lights for increasing horizon lendths= 5; 1G; 15, with ry, =
0:48veh/s r.a = 50%.

The planning horizon length of the MILP problem is a major factor in the performance-
computation trade-off in intersection traf c control. We observe that longer planning horizons
lead to improved performance in terms of the key metrics but also cause the computation time
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to increase rapidly. As shown in Figure 4.7,Mt= 5 horizon length, the CTC is capable of
computing on average in abo0t3 sec. When the horizon length is increased\to= 15, the
average computation time increases signi cantly to aroBseéc. This is where the decentralized
strategy with multiple ITCs becomes more suitable. ITCs offer similar performance improvements
obtained by increasing horizon length while keeping total computation times Oritleec, even

attheN = 15 horizon length.

4.5.3.4 Real-time feasibility

While computations for the decentralized system are signi cantly faster than for the central-
ized system, a drop in overall system performance was observed. The combined output of each
ITC in the decentralized system is sub-optimal when compared to the solution provided by the
CTC. This performance drop can be primarily attributed to the lack of global knowledge in each
ITC. To achieve real-time feasibility atlaHz control frequency, the CTC/ITC needs to solve its
MILP problem in less thad sec. The CTC is able to achieve this threshold only at low traf c
in ow rates and shorter planning horizons. However, at higher in ow rates and planning horizons,
the CTC's average computation time can easily exdéeskc. The average runtime of the ITCs re-
main below0:8 sec, making the decentralized strategy a more practically implementable real-time

system under current hardware limitations.
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4.6 Hierarchical Traf ¢ Coordination extension

In section 4.4 related to the work in [27], we introduced a decentralized version with mul-
tiple ITCs that could solve the distributed optimization problem within the desired 1 sec control
period thus enabling real-time operation. The disadvantage of this decentralized architecture was
the sub-optimality introduced in terms of overall system performance when compared to the cen-
tral controller. We nd that this sub-optimality is primarily caused by the limited visibility of the
overall state space each ITC has when operating independently of each other. To bridge this op-
timality gap we introduce a novel hierarchical control center architecture in which an additional
central agent provides global-level insights to the individual ITCs. This proposed hierarchical con-
trol center consists of two major components. ITCs at each intersection (described in section 4.4)
and a Central Traf ¢ Light Command (CTLC) which has a macro-level understanding of global
traf ¢ conditions.

The overall goal of the proposed CTLC is to provide suggestions for the importance of each
traf ¢ direction (probability of use) in each intersection. Each intersection has 12 traf c light phase
directions. The CTLC should provide the probability that each of these phase directions will be
utilized within the control horizon. Therefore the CTLC will compute the optimal usage proba-
bilities de for each direction in each intersectipr? J which will be sent to the corresponding
ITC.

The ITC of an intersection will receive these probabilities and attempt to achieve these prob-
abilities over its control horizon. This is implemented as an additional term in the objective cost

function of the ITC MPC. Note that the ITC is able to stray from the CTLC suggestions if it leads
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to an overall better objective value.

Due to the simplicity of the CTLC formulation, it is often possible to compute CTLC prob-
abilities over a longer horizon without a noticeable negative impact on computation cost. This
allows for a multi-time scale approach in which the CTLC will accumulate and predict global traf-
c ow information for a longer horizon while the ITCs can leverage this information for better

performance while only having to compute over a shorter control horizon.

4.6.1 Heuristic central traf ¢ light command (H-CTLC)

The rst iteration of the CTLC involves a simple heuristic-based method for identifying
traf c ow demand through each direction of the intersection. This method uses the one or two-
hop future route information of the vehicles in the network. The steps in the heuristic-CTLC

(H-CTLC) are as follows:

1. Obtain future route information from each vehicle in the network. (This information contains

the next one or two junctions and the expected direction through the junctions)

2. Foreach direction in each intersection, sum up the number of times the intersection-direction

(j; d) pair would be used by each vehiclelj"()

3. Obtain the total usage of each intersection by summing up the total usage of each direction

in that intersectionly; )
4. Compute the probability of use of each intersection-direcfiah) (pair astd = Ujd=u

5. Provide usage probabilitieF!?Ci toeach ITC
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4.6.2 Optimization central traf ¢ light command (O-CTLC)

In order to improve the performance of the CTLC we introduce an optimization-based ver-

sion of the CTLC (O-CTLC). O-CTLC builds a macro-traf c level understanding of the network

traf c ow and computes the optimal usage probabilitiBS for each intersection-direction ¢)

pair.

The main steps in the Optimization-CTLC (O-CTLC) are as follows:

. Build a macro-level traf c network structure using the network parameters such as road

segment length, number of lanes, road segment connections and intersection connectivity,

etc.

. For each road segmeantde ne the possible future maneuvev? f go straight, turn right, turn legt

Compute input probabilities of usa§e' of each road segment-maneuvem() pair. This
can be computed using either historical data and domain knowledge or using the usage prob-
abilitiestd of each junction computed as shown in H-CTLC. CompuRyigusing historical
data involves collecting the usage of each road and maneuver over a large enough time to

obtain a reasonable expectation for ground truth values

Collect input information (initial state values) for optimization which includes initial vehicle

positions and velocities

Run the optimization to compute the optimal usage probabiﬁljfés‘or each intersection-

direction ; d) pair

148



6. Provide optimal usage probabiliti@§ toeach ITC

4.6.2.1 O-CTLC formulation

O-CTLC input:

P (Probabilities of usage of each road segment-maneuue) pair)

Flow buffer (Filled based on vehicle positions)

z} (Number of vehicles in each road segment-maneuvyer)(pair)

Additional tuning parameters
O-CTLC output:
. de (Optimal usage probabilities for each intersection-directjpah)(pair)

The traf c model in O-CTLC can be described as a directed graph, see Figure 4.8, where each node
corresponds to a road segment and each edge corresponds to a connection between road segments,
i.e., a direction to cross through a traf c intersection in the transportation network. Let us describe

each of the optimization variables in O-CTLC:

* Z.w (t) 2 R: number of vehicles (traf c density) for each road segment-maneuven) pair

at each time step2 [O; N]

« £ (t) 2 R: number of vehiclegntering (in- ow) for each road segment-maneuvery)

pair at each time step2 [O;N 1]
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« foH(t) 2 R: number of vehiclegxiting (out- ow) for each road segment-maneuveny)

pair at each time step2 [O;N 1]

* e(t) 2 R: number of vehicles transitioning (along edge in directed graph) from each road

segment to each road segmesiat each time step2 [O;N 1]

4.6.2.2 O-CTLC constraints

Given these variables, the state dynamics for the macro-level traf c model then read as

Zew (t+1) = 2z, (1) + fr"\‘,\, (1) fr?v‘jt(t); 8t2 [O;N 1], 8r;w; (4.28)

given the initial state values.,, (0) = ‘., and given the in- and out- ow variables. The in- and

out- ow variables are then de ned by the following additional inequality constraints

* Edge maximum ow inequality constraints:

&s(t)  A(rs)f ™ (4.29)

wheref ™ is the maximum ow andA is the adjacency matrix for the directed graph, i.e.,

A(r;s) = 1 if road segments ands are connected, see Fig. 4.8, otherwdge; s) = 0.

* Flow output for each road segment is upper bounded by the number of vehicles in the road
segment, for the particular maneuwer2 f go straight,turn right,turn left minus the num-
ber of vehicles that entered the road segment within a particular time window. The latter
ensures time delay constraints for each road segment corresponding to the expected duration
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for each vehicle to travel through the road segment, given the physical length of the road seg-
ment and the expected velocity for the vehicles. This corresponds to the following inequality
constraints:
X
fou(t)  Zow(t) fraw( i) (4.30)
i=1

where (r) denotes the expected time delay for vehicles traveling through road segment

and the in- ow valued r'r\‘,v (t) aregivenfor (r) t 1

» Equality constraints for edge variables, given out- ow variables:

f o (t) = ens(t); (4.31)

where transition front to s corresponds to maneuver. Note that the latter equality
constraints can be used by the solver to completely eliminate the edge variables from

the optimization problem. However, we use these edge variables for ease of notation.

» Equality constraints for in- ow variables:

|
y !
f ()= PY 2+  eg(t) (4.32)

S
wheref #(t) denotes the predicted external in- ow values @ denote the estimated

probability for vehicles in road segmanto perform maneuvewx 2 f go straight,turn right,turn ledt

 Traf c intersection capacity limit constraints:
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X
es(t) zZ™ (4.33)
(ns)2E()

whereE(j ) denotes the edges that belong to traf ¢ intersectiéJ.

4.6.2.3 O-CTLC convex linear programming

The objective of the optimization problem in O-CTLC can include the maximization of the
traf c ow and the minimization of congestion, leading to the convex linear programming (LP)

problem

X X 1X X

Jm |g wy c(t) W f o (t) (4.34a)

t=0 t=0 r2Sw2w
s.t.  Macro-level traf c model: Eq. (4.28) (4.34b)
Edge inequality constraints: Eq. (4.29) (4.34c)
Out- ow bounds and delay constraints: Eq. (4.30) (4.34d)
Out- ow and edge equality constraints: Eq. (4.31) (4.34e)
In- ow and edge equality constraints: Eq. (4.32) (4.34f1)
Traf c intersection capacity limits: Eq. (4.33) (4.349)
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Figure 4.8: Directed graph representation for optimization-based CTLC (O-CTLC) of the trans-
portation network.

given weight valuesv; 0, w, 0, and where the congestion variabt#t) are de ned by the
following inequality constraints

waw Zrw (1) .
o(t) %t(r) 8r2s (4.35)

wheredist(r) is the distance of road segmen2 S.

4.6.3 ITC cost function

The ITC cost function is modi ed to penalize deviation from the CTLC probability of use
per direction plan. The usage of each direction of the intersection is tracked usingthiesection
membership variable. (Note that since ITC only applies to one intersgctioh). The following
additional term which should be minimized needs to be added to the cost function;

X !
‘() P ‘(1) (4.36)
d2D  t=1 i2A d2D

X XX
Jop:
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Here, P9 is the probability of usage per direction provided by the CTLC. To address the
absolute value term in the objective function we introduce a new varigldier each directiord.

Accordingly, the objective function and corresponding additional constraints are added as follows:

X
Jop: N (4.37)
d2D
XX XX X
dt) P ORI (4.38)
t=1 i2A t=1 i2A d2D
XX X XX
P a(t) ORI (4.39)
t=1 i2A d2D t=1 i2A

Therefore the nal objective function given in equation 4.26 will be augmented as follows

with a suitable value for the new weight coef cienty).

J=wi; J, Wy J; wz Jo wy Js Ws Jsc Ws Jop (4.40)

4.6.4 Results and numerical validation of Hierarchical Traf ¢ Coordination

The proposed hierarchical traf ¢ coordination extension provides a way to bridge the gap
in performance between centralized and decentralized coordination strategies while achieving sig-
ni cantly lower computation times than the centralized approach. Similar to the centralized and
decentralized coordination strategies, we test the hierarchical traf ¢ coordination strategy using

the SUMQraf ¢ simulator over 30 minutes of simulation time. We will explore both the perfor-
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mance improvements as well as the changes in computation time brought about by the proposed

hierarchical approach.

4.6.4.1 Traf c-related performance of hierarchical approach

As in our previous work [27], we compare our approaches using the key metrics of (a) Aver-
age travel time of vehicles, (b) Average waiting time of vehicles, and (c) Average fuel consumption
of vehicles. We also compare against the baselines of timed traf c lights in which traf ¢ signal
switching occurs based on timings tuned to suit input traf ¢ patterns, as well as an actuated traf ¢
light system that uses a gap-based adaptive traf c light control strategy [55]. The combined results

of our performance tests are shown in gure 4.9.

(a) Travel time per vehicle.

(b) Waiting time per vehicle.

(c) Fuel consumption per vehicle.

Figure 4.9: SUMOresults over 2000s for increasing in ow rateg = 0:42 0:54;0:66 and
0:78veh/s.
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As shown in gure 4.9a, we observe around&50%improvement over timed traf c lights
and a25-35% improvement over actuated traf ¢ lights, with higher improvements observed at
higher input ow rates. Note that the input ow rates are directly proportional to the amount of
traf c in the network at a given time. The key observation to note is that the performance drop
in travel times in comparison to the centralized method, is only ab%fior the hierarchical ap-
proach, while the decentralized approach suffers from a drop of afsdndlVe observe the same
phenomenain gure 4.9b, which shows the performance drop in waiting times in comparison to the
centralized method, is less tha#o for the hierarchical approach, while the decentralized approach
suffers from a drop of arountiD-20% In fact, in many cases, we observe that the hierarchical can
outperform the centralized approach in terms of waiting times. This can be attributed to the fact
that while the centralized controller, as well as the ITCs in the hierarchical method, are limited to
aN = 10 horizon length in order to achieve realistic computation times, the CTLC component
of the hierarchical method is allowed\a = 20 horizon length. This is possible since the CTLC
which uses macro-level traf ¢ data solves a convex optimization problem whose solution can be
computed much faster than the MILP problems in the ITC and CTC. Thus the hierarchical method
can plan further into the future in order to achieve a better result in terms of vehicle waiting times.
Finally, as shown in gure 4.9c, we observe that the performance drop in fuel consumption ef -
ciency in comparison to the centralized method, is ardador the hierarchical approach, while
the decentralized approach suffers from a drop of ardd8d Overall we prove that the hierarchi-
cal approach is capable of bridging the optimality gap between the centralized and decentralized

approaches.
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4.6.4.2 Computation time of hierarchical approach

Figure 4.10: Computation time comparison for increasing in ow rates= 0:42, 0:54; 0:66 and
0:78veh/s.

The key requirement of the hierarchical approach is that it should be able to achieve computa-
tion times on par with the decentralized method while achieving traf c-related performance closer
to the centralized approach. As shown in gure 4.10, we observe that the hierarchical approach
achieves arouné0-90%improvements in computation times in comparison to the centralized ap-
proach with greater improvements at higher input ow rates. The most interesting observation here
is the fact that the hierarchical approach was actually able to surpass the computation times of even
the decentralized approach by arourtd#25% We can attribute this improvement to the fact that
the additional constraints introduced on the MILP problem at each ITC, by the CTLC in the hierar-
chical approach, lead to the individual MILP problems being solved faster. While not necessarily
true in general, we expect that in this case, the added constraints help reduce the feasible region of
the MILP problem thus allowing the solver to terminate faster due to the lower search effort needed.
While at high input ow rates, we observe that even the hierarchical system slightly exceeds the
target computation time df second, it is important to note that these times were obtained on a
medium-performance desktop computer. We believe that on a high-performance custom compute

unit the system would realistically be implemented on, the computation time of the hierarchical
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implementation should be comfortably below theecond requirement.

4.7 Conclusions

We presented a MILP approach for the computation of control trajectories for CAVs and
traf c light signals in a network of multiple connected intersections with mixed traf ¢, including
both CAVs and HDVs. Our proposed centralized traf ¢ controller demonstrated a considerable
increase in performance, with aroui@-96% 32-60% and40-60%improvements in wait times,
travel times, and fuel consumption, respectively, over both adaptive and timed traf c light control
methods. We also introduced a decentralized implementation, with multiple decoupled MILPs
for each intersection ITC, which results in a relatively small suboptimality while remaining com-
putationally tractable for higher traf ¢ densities and longer planning horizons. To further reduce
this suboptimality we introduced a hierarchical implementation that adds a central traf c light
command (CTLC) that uses macro-level traf c information to predict future network usage prob-
abilities to feed to each intersection ITC. The resulting hierarchical implementation was shown to
have traf c performance very similar to the centralized implementation while even outperforming
the decentralized implementation in terms of computation times. The proposed algorithms were
extensively tested in a multi-lane multi-intersection environment uSldlylQraf ¢ simulations,
for varying traf ¢ densities and CAV penetration levels. Future work may involve reducing the

optimality gap in the decentralized method by providing global information on traf ¢ conditions.
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Chapter 5: Shock Wave Mitigation in Multi-lane Highways using Vehicle-to-

Vehicle Communication

5.1 Evolution of Methodologies

The problem of traf c shock wave generation and mitigation was studied in eld experiments
conducted by Sugiyamet al.[71] and Sterret al.[72]. Here, vehicles were placed in a single le
loop, and in [72] one ego vehicle was used to apply control for shock wave dissipation. The use of
vehicle platoons to help reduce shock waves in single-lane roads was studied in [73]. An optimal
control approach to this problem is explored in [74] which allows for multiple ego vehicles on
a single lane ring-road, but requires the assumption that ego vehicles have access to the global
traf c state. While these approaches yield effective results on single-lane roads, on multi-lane
highways the control strategies need to be revised. The use of V2V communication for shock
wave suppression is considered in [75], which explores the idea of changing driving parameters

when shock waves are detected downstream.
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Contribution

We explore the complications involved in shock wave mitigation in multi-lane highway envi-
ronments, with a focus on the use of V2V communication to ameliorate this problem. We propose
a communication-based cooperative control method for shock wave dissipation in a mixed traf ¢
scenario. This method takes proactive control actions when compared to most methods which are
reactive to the presence of shock waves. Here the CAVs, dispersed among other human driven ve-
hicles (HDVs), act as the sensing and control agents. Our method was tested and its performance

was validated using the realis@®&JMQraf ¢ simulation system.

5.2 Problem overview

Shock waves are one of the major preventable causes of traf ¢ buildup in highway networks.
Once a shock wave forms, if left unchecked, it usually resolves only when the demand (vehicles
entering the highway) reduces. As such, in high-density periods, shock waves can last for hours
on end. The major issue in dealing with shock waves lies in the dif culties in sensing accurate
highway conditions and subsequently actuating vehicles in a suitable manner to dissipate the shock
wave. Traditionally, these were carried out by infrastructure-based sensing and infrastructure-
based actuation such as variable speed limits.

However, with the advent of CAVs, many more options for sensing, actuation, and control
open up. Even at low percentages of CAVs to HDVs (hereafter referred to as CAV penetration
levels), the CAVs can act as Lagrangian sensors, collecting local information about the state of the
highway traf c. This local information can then be shared and combined in order to get an accurate
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picture of the state of traf c. Furthermore, CAVs can also act as Lagrangian actuators, allowing
the control of themselves and their surrounding vehicles via inter-vehicle interactions. Thus, the
slowing down and speeding up of human driven vehicles can be achieved by suitable actuation of
the CAVs dispersed among the HDVSs.

In order to nd methods that can resolve this issue, the rst step is the modeling and recre-
ation of a realistic highway network with realistic driver behaviors.

A three-lane highway is selected in order to accurately represent the effects of vehicle lane
changing on shock wave creation and dissipation. The resulting simulation is more realistic, high-
lights the effects of interactions between vehicles, and provides a more accurate representation of

the conditions faced by vehicles under highway shock wave conditions.

5.3 Modeling the network and vehicles

In this section, we model the highway infrastructure used in this research and the character-
istics of the autonomous vehicles used as both sensors and actuators for shock wave dissipation.
A section of the highway model is shown in gure 5.1, in which lane structure, HDVs, CAVs, and

CAV sensor ranges are highlighted.

5.3.1 Modeling the physical highway structure

The highway stretch is modeled in the form of a loop. This design decision was made in
order to simulate an in nite stretch of a multi-lane highway. We set the length of the highway loop

to 1 km and the number of lanes & The length of the loop and the number of lanes are both
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