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Abstract

This thesis discusses the design and implementation of WATonomous’ Automated Driv-
ing Stack (ADS), which is capable of performing robo-taxi services in specific operational
domains when deployed to WATonomous’ research vehicle (Bolty). Three ADS modules
are discussed in detail: (1) mapping, environment modeling, and behavioral planning, (2)
action classification in video streams, and (3) trajectory planning and control. Addition-
ally, the software architecture within which the ADS is developed and deployed, and the
ADS data pipeline itself, are outlined.

The thesis begins with preliminaries on WATonomous’ Dockerized software architecture
(coined watod) which runs and orchestrates the communication of the ADS modules. The
watod ecosystem, due to its Dockerized and cloud-based design, enables rapid prototyping
of new software modules, rapid onboarding of new team members, and parallel execution
of many ADS development instances on the WATonomous server cluster’s Virtual Machine
(VM)s. Cloud-based CARLA simulation development of the ADS and deployment to the
Bolty research vehicle are also encapsulated in and facilitated by the watod ecosystem.
The ADS can be developed in simulation and deployed to the physical research vehicle
without modifications to the ADS modules due to the replication of the physical platform
in the Carla ROS Bridge sensor configuration. The design of the ADS data pipeline is
also presented, from raw sensor input to the Controlled Area Network Bus (CAN Bus)
interface, as well as the human-computer interface.

The first ADS module discussed is the mapping and environment modeling module.
Environment modeling is the backbone of how autonomous agents understand the world,
and therefore has significant implications for decision-making and verification. Motivated
by the success of relational mapping tools such as Lanelet2, we present the Dynamic
Relation Graph (DRG). The DRG is a novel method for extending prior relational maps
to include online observations, creating a unified environment model which incorporates
both prior and online data sources. Our prototype implementation models a finite set
of heterogeneous features including road signage and pedestrian movement. However, the
methodology behind the DRG can be expanded to a wider range of features in a fashion that
does not increase the complexity of behavioral planning. Simulated stress tests indicate
the DRG’s effectiveness in decreasing decision-making complexity, and deployment to the
WATonomous research vehicle (Bolty) demonstrates its practical utility. The prototype
code is available at github.com/WATonomous/DRG.

The second ADS module discussed is the action classification module. When applied in
the context of Autonomous Vehicle (AV)s, action classification algorithms can help enrich
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an AV’s environment model and understanding of the world to improve behavioral plan-
ning decisions. Towards these improvements in AV decision-making, we propose a novel
online action recognition system, coined the Road Action Detection Network (RAD-Net).
RAD-Net formulates the problem of active agent detection and adapts ideas about actor-
context relations from human activity recognition in a straightforward two-stage pipeline
for action detection and classification. We show that our proposed scheme can outperform
the baseline on the International Conference of Computer Vision (ICCV) 2021 Road Chal-
lenge dataset [1]. Furthermore, by integrating RAD-Net with the ADS’ perception stack
and the DRG, we demonstrate how a higher-order understanding of agent actions in the
environment can improve decisions on a real AV system.

The last ADS module discussed is trajectory planning and control. Trajectory plan-
ning and control have historically been separated into two modules in automated driving
stacks. Trajectory planning focuses on higher-level tasks like avoiding obstacles and stay-
ing on the road surface, whereas the controller tries its best to follow an ever changing
reference trajectory. We argue that this separation is (1) flawed due to the mismatch
between planned trajectories and what the controller can feasibly execute, and (2) unnec-
essary due to the flexibility of the Model Predictive Control (MPC) paradigm. Instead, in
this thesis, we present a unified MPC-based trajectory planning and control scheme that
guarantees feasibility with respect to road boundaries, the static and dynamic environ-
ment, and enforces passenger comfort constraints. The scheme is evaluated rigorously in
a variety of scenarios focused on proving the effectiveness of the Optimal Control Prob-
lem (OCP) design and real-time solution methods. The prototype code is available at
github.com/WATonomous/control.
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Chapter 1

Introduction

1.1 Motivation

This thesis discusses the implementation of an AV robo-taxi that operates in urban environ-
ments. The research presented in this thesis targets a deployment to Bolty, WATonomous'
research vehicle. The requirements for Bolty's autonomous capabilities were set by the
SAE AutoDrive Challenge I which ran from September 2017 - June 2021. Since June 2021,
WATonomous has been self-motivated with the goal of maintaining automated driving
involvement of undergrad and graduate students at UW, and advancing the �eld of AV
research and development.

Some examples of the robo-taxi requirements are:

1. Lane topology must be navigated while obeying tra�c rules (staying on road surface,
obeying turning lanes, etc...).

2. Lane topology altering road signage (right turn only, do not enter) must be obeyed.

3. Tra�c signals must be obeyed.

4. Dynamic agents including non-ego vehicles and pedestrians must be avoided.

See Appendix A for a full de�nition of the requirements.
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1.2 Scope

To limit the scope of this thesis, object detection, tracking, and ego localization are not
considered. In practice on Bolty, object detection is done via o�-the-shelf YOLOv5 [4],
tracking is done via a simple linear Kalman Filter, and ego localization is done via o�-the-
shelf Novatel SPAN Global Navigation Satellite System (GNSS) and Inertial Measurement
Unit (IMU) devices to give us a highly accurate Inertial Navigation System (INS). Further
background information on the entire ADS is given in Chapter 2.

What is in scope for this thesis includes: (1) The software architecture design, including
the Dockerized ROS network design and the ADS data pipeline, (2) Lanelet2 mapping,
environment modeling, and behavioral planning, (3) action classi�cation in video steams,
and (4) trajectory planning and control.

1.3 Contributions

1.3.1 Software Architecture and Data Pipeline

1. The software that makes up an ADS is highly heterogeneous. Di�erent modules
depend on di�erent software packages, and even di�erent operating systems. To
isolate the dependencies of the di�erent ADS modules, a novel WATonomous Docker
(watod for short) ecosystem was created based on Docker Compose.

2. watod has Dockerized CARLA simulation built-in, allowing any ADS module con-
tained in the watod ecosystem to be quickly tested using simulated data.

3. Multiple instances of thewatod ecosystems can be running simultaneously on a single
VM on WATonomous' server cluster using Docker's network isolation protocol. This
enables dozens of WATonomous' software developers to work in parallel without
con
icting data streams.

4. Inside ofwatod, an entire ADS has been implemented that can run in real-time to
navigate simulated CARLA environments, or be deployed to Bolty for usage in the
real world.

These software architecture contributions were demonstrated at WATonomous' Year 4
Demo (https://youtu.be/DNZgheT4Y2s ), which earned WATonomous 2nd place in the
SAE AutoDrive Challenge I (Year 4).
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1.3.2 Mapping, Environment Modeling, and Decision Making

Standardized methods and toolboxes for creating and embedding relationships between
prior maps and online observations are lacking in the literature, making the logic of AV
decision systems opaque. Many di�erent decisions could be made using the same prior
and online information, depending on how the relationships are modeled. Some systems
must be safer than others, but without standardization there is little hope of being able
to compare implementations. The ability to compare implementations goes hand-in-hand
with the ability to verify a model, since veri�cation can be done by comparing to some
benchmark. Verifying an AV's model of the world is essential to explaining why a decision
was made, an area where the AV industry has struggled to meet the public's expectations1.

In light of these holes in the literature, we propose our work on the DRG which o�ers
the following contributions:

1. The DRG serves as a standard tool for extending prior maps with online observations
to create a uni�ed environment model (see Fig. 3.1), allowing for greater transparency
and collaboration on decision-making algorithms.

2. A novel method for analyzing the combinatorial complexity of decision making in
urban environments, and an analysis of how the DRG reduces these complexities.

3. Design details on various DRG augmentation routines for common environment fea-
tures, including pseudo-code and a C++ prototype implementation which are re-
leased at github.com/WATonomous/DRG.

These contributions were presented at ICRA 2022 in Philadelphia PA under the ti-
tle DRG: A Dynamic Relation Graph for Uni�ed Prior-Online Environment Modeling in
Urban Autonomous Driving [6].

1.3.3 Action Classi�cation

The perception task in automated driving is to understand the scene around the ego
vehicle using camera data. What constitutes \understanding" is an on-going conversation,
motivated by what types of information are necessary for safe and e�ective driving decisions

1The infamous Uber ATG fatality in 2018 notably lacked an explanation of the autonomous system's
model of the world before the crash, and led to Uber ceasing testing [5].
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to be made autonomously. Historically, the literature has focused on agent detection and
classi�cation tasks which operate on single image frames [7]. However, as the �eld of
automated driving matures, the perception research community is shifting their attention
towards tasks that represent a deeper understanding of the road scene as a whole [1]. A
useful task in this regard is action classi�cation. Separating actions requires the classi�er
to relate spatial and temporal information across frames. In the literature, human action
recognition is a well studied topic, and this thesis transfers and pushes those ideas further
in the context of a road action detection network (coined RAD-Net), with contributions
including:

1. Demonstration that action classi�ers original built for human action recognition are
also e�ective in the road scene domain, and in fact bene�t from pretraining on large
human action datasets due to shared neural representations of actions between the
two domains.

2. Formulation and solutions to the active agent detection problem. Using optical 
ow
to better classify active and inactive agents.

3. A novel dynamic RoI-Alignment procedure which uses tracks of agents across RAD-
Net's input view to better capture spatial features. This processes reduces spatial
noise introduced by the high-motion scenes present in the ROAD dataset, something
that previous action classi�cation algorithms (which were designed for low-motion
human datasets) did not address.

4. Superior performance on the ICCV 2021 ROAD Challenge, compared to the baseline
RetinaNet-3D in [1].

5. Deployment of the proposed RAD-Net to the Bolty research platform, and demon-
stration of how it enhances the �delity of the environment model and enables more
accurate behavioral planning.

These contributions were submitted to ICRA 2023 in London UK under the title
RADACS: Towards Higher-Order Reasoning using Action Recognition in Autonomous Ve-
hicles [8].

1.3.4 Trajectory Planning and Control

Generally, the task of an AV robo-taxi can be seen as progressing towards a goal state
in a feasible and e�cient manner. In the context of urban driving, feasible means with-
out collisions and while obeying tra�c rules, and e�cient means operating near the speed
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limit. There are several papers in the literature that address the real-time obstacle avoid-
ance problem using optimal control techniques. However, all have drawbacks that make
them ill-suited for the problem presented above, see Section 5.1.1 for details. This thesis
addresses these issues by introducing a novel OCP formulation of the robo-taxi task and
an accompanying MPC solution. The main contributions in this regard are:

1. The system model aligns closely with physical platforms and allows for the compu-
tation and thus the constraint of passenger comfort metrics mandated by Society of
Automotive Engineers (SAE).

2. Constraints are added to the OCP formulation that guarantee feasibility of control
actions with respect to road boundaries, static obstacles, and dynamic vehicles. In
this way, trajectory planning can be executed simultaneously within the controller,
and the �nal control actions are guaranteed to be dynamically feasible.

3. The controller operates in real-time by employing a novel parallel-solver method
which uses a warm-started \online" solver for real-time performance, while employ-
ing a parallel \exploration" solver which serves to break out of warm-starting local
minima.

These contributions were submitted to ICRA 2023 in London UK under the titleReal-
Time Uni�ed Trajectory Planning and Optimal Control for Urban Autonomous Driving
Under Static and Dynamic Obstacle Constraints[9].

1.4 Organization

This thesis is organized as follows:

ˆ Chapter 2 presents the software architecture used to develop, run, and deploy the
ADS to Bolty, as well as the ADS data pipeline.

ˆ Chapter 3 covers the mapping framework used to create the backbone of Bolty's
environment model, and how the environment model is augmented at runtime to
make online decisions.

ˆ The decision making capabilities of Bolty are extended in Chapter 4 by introducing a
computational vision approach to action classi�cation, which allows for more accurate
augmentations to the DRG over the geometric based methods presented in Chapter
3.
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ˆ Finally, no ADS is complete without a control scheme, which is presented in Chap-
ter 5. An MPC was developed that obeys vehicle body constraints and also takes
into account a free space de�nition that changes dynamically over time (based on
information that the environment model provides).

6



Chapter 2

Software Architecture and Data
Pipeline

This chapter covers how the WATonomous ADS is architected in simulation and on Bolty.

Acknowledgement:The design and implementation of the technology covered here was
done primarily by Rowan Dempster, with secondary contributions by Charles Zhang and
Chuan Tian (Ben) Zhang.

2.1 Requirements

The requirements for the software architecture design were:

1. Support rapid prototyping of new software modules, and the rapid onboarding of
new WATonomous team members. By rapid prototyping it is meant that when a new
software library dependency or and entire new software module is introduced, that
process should be painless. Developers should not have to worry about incompatible
versioning. By rapid onboarding it is meant that new team members should only
have to install a small set of additional software (limited to Integrated Development
Environment (IDE) software and visualization software like VNC), and any modern
laptop should be able to run such required software.

2. Support the concurrent use of a single VM in the WATonomous server cluster by
multiple developers. This means multiple WATonomous team members can do de-
velopment work simultaneously using the CARLA simulator on the same VM. Thus,
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data coming from CARLA and data being exchanged between ADS modules must
be isolated for every VM user.

3. Have the ability to deploy the ADS developed in simulation to the production Bolty
vehicle with no modi�cations to the software modules themselves.

2.2 Solutions Implemented

In light of these requirements, thewatod ecosytem was designed. Inwatod, each soft-
ware module (e.g. the detector, tracker, environment model, occupancy grid, etc...) is
containerized into its own Docker container which only has that module's software depen-
dencies installed (see right side of Fig. 2.1). Thus, when a new dependency is required for
a speci�c ADS module, only the that module's Docker image needs to be updated, without
having to worry about a�ecting the whole system.

watod also supports inter-module communication via ROS. A new module can be added
to watod as a new Docker container and hook-in to the existing data pipeline using the
ROS communication protocols.

An instance of thewatod ecosystem can be run remotely on any of WATonomous' server
cluster VMs and connected to via the Visual Studio Code IDE. Thus, there is no hardware
requirements for new members' laptops to interact withwatod. New team members can get
up and running just by connecting to a VM and executing thewatod commands necessary
to start the Docker containers they need to do development (see top left side of Fig. 2.1).

The CARLA simulator is also Dockerized and available viawatod. CARLA provides
sensor inputs to the software modules via the Carla ROS Bridge package, allowing for
simulation based development of the ADS.watod, via Docker network isolation, ensures
that data coming from CARLA stays within each VM user's separate ADS instance, al-
lowing many simulators and ADS instances to be running concurrently on a single VM.
Thus, there is no software-enforced limit to how many concurrent users the VMs in the
WATonomous server cluster can support. There are limits imposed by the hardware re-
sources needed to run the simulations. At the time of writing, the WATonomous server
cluster can support 50+ concurrent team members remotely developing using CARLA.

Furthermore, the Carla ROS Bridge package is con�gured to publish information in
the same format as the actual sensors on Bolty. Therefore, the ADS modules need not be
aware if they are running in the context of the CARLA simulator, or the real world. This
makes deployment to the research vehicle simple. The only thing that changes is where
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Figure 2.1: Diagram of WATonomous' approach to software development and deployment.
On the simulation side (top), the penguin monitors represent abstracted Ubuntu VMs
running on some physical hardware in the WATonomous server cluster. Multiple developers
can run isolated ADS instances on a single VM, and can interact with their instance using
Visual Studio Code and a VNC client. Each isolated ADS instance is spun up usingwatod
utilities, and includes an instance of CARLA, the Carla ROS Bridge, and however many
\front-end" software modules the developer needs for their work. On the deployment side,
there is only ever a single instance of the ADS running on Bolty, and the CARLA simulator
inputs are replaced by the physical sensors. However, from the perspective of the \front-
end" software modules, nothing has changed.

the sensor input is coming from and thus no changes to the software modules are needed
for deployment of the ADS.

One downside of a fully Dockerized simulator and ADS is that any desktop based
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Figure 2.2: Screenshot RViz running in the GUI Tools container, accessible to remote
developers via a VNC client software.

visualization (like the popular RViz software for robotics) is not immediately supported.
To move past this limitation, the GUI Tools container was added to thewatod ecosystem.
The purpose of this container is solely to run desktop based visualization software such as
RViz and expose a VNC server. This way, remote developers are able to interact with any
desktop software via a VNC client application on the developer's local laptop. Fig. 2.2
shows the RViz instance that developers see when they connect to the VNC server exposed
by the GUI Tools container.

An in-depth tutorial of how to use the watod ecosystem in conjunction with ROS and
the WATonomous server cluster can be found at:
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https://drive.google.com/file/d/17N2Zrw1cjUfZgALg3ImMrmcRMzwkOGVz/view .
Additionally, an in-depth tutorial of how to use the CARLA simulation functionality built
into watod can be found at:
https://drive.google.com/file/d/1F32Ui6QaegQ8wSl-ga5ifP1fNKGzba09/view .

2.3 ROS Software Module Data Pipeline Design

The Front End Software Moduleblock on the right side of Fig. 2.1 is where the majority of
the design work of the ADS was done. A more detailed view of that block is shown in Fig.
2.3. See Appendix B for the custom ROS message de�nitions mentioned in this section.

Figure 2.3: The WATonomous ADS data pipeline. Uni-directional arrows represent \top-
ics" in the publisher-subscriber ROS communication paradigm. Bi-directional arrows rep-
resent topics in the client-server ROS communication paradigm. Arrows are labeled with
the data type (ROS message) being transmitted over that topic.
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Sensor Interfacing

WATonomous uses cameras (Black
y S Color 3.2 MP GigE Vision) and LiDARs (Velodyne
Ultra Puck) to perceive the world, and a GNSS + IMU Span Device (Novatel SPAN
PwrPak7-E1) to provide odometry. First, raw sensor readings are received from the sensors
and processed into ROS messages by the sensor drivers (Pointgrey Camera Driver, Velodyne
LiDAR Driver, and Novatel SPAN Driver), and then are published into the ROS network
so that the other software modules can further process the information.

Localization

The Novatel SPAN Driver implements a complete inertial navigation system, and publishes
an Odometry.msgmessages at 20Hz into the ROS network, which many software modules
subscribe to. The localization stack also sets up the ROS transform tree.

Perception

Next, the perception modules perform detection, classi�cation, and tracking to transform
the high dimensional sensor modalities (images and point clouds) into low dimensional
representations that the environment model can understand. YOLOv5 [4] is used for 2D
object and sign detection in camera images, and publishesObstacle.msgmessages. The
euclidean clustering package from Autoware [10] is used for 3D obstacle detection on the
LiDAR point clouds, and also publishesObstacle.msgmessages. A custom frustum-based
heuristic is used for 2D-3D association. The occupancy grid estimation module used was
developed by Autonomoose [11], and is based on the well-known log odds formulation from
Probabilistic Robotics by Thrun et al. [12]. The environment model sends the 3D positions
of upcoming tra�c lights to the tra�c light state classi�cation module, where they are
projected into the camera 2D frame and then classi�ed in 2D using Hue, Saturation, Value
(HSV) thresholds. The tra�c light state classi�cation module publishes Tra�cLight.msg
messages.

Object tracking is done in 3D after the frustum-based association. A modi�ed version
of the AB3DMOT [13] algorithm (a benchmark 3D multi-object tracker which uses a linear
Kalman Filter and Hungarian matching for association) is used, and publishesTrackedOb-
stacle.msgmessages. These tracks as well as the camera stream are then sent to the action
classi�cation module which appends a history of actions to each track using the neural
design described in Chapter 4.
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Mapping and Environment Modeling

O�ine high de�nition Lanelet2 maps [14], which describe lane geometry and topology, are
used for navigation and motion planning. These maps are crafted by hand using the JOSM
map editing software [15].

The environment modeling module uni�es the prior Lanelet2 map with the online per-
ception outputs, creating a combined relational graph that is used for behavioral planning.
This process is described in detail in Chapter 3. The behavioral plan is expressed as a
Reference.msgmessage, which is continuously sent to the controller.

Motion Planning and Control

The controller consumes theReference.msgmessage as well as a description of free space
(OccupancyGrid.msg) from the occupancy estimation module. These messages are then
used as parameters for a non-linear program which is continuously solved as part of a MPC
design that optimizes trajectory and control actions (longitudinal acceleration and road
wheel angle). These control actions are then sent to the vehicle's CAN Bus. Details of the
controller implementation are given in Chapter 5.

CAN Bus Interfacing

The control actions are sent to the CAN Bus modules, or the CARLA simulator in the con-
text of remote simulation development, via theDesiredOutput.msgmessage. The control
actions are then actuated and thus the robotic feedback loop is closed

Human-Computer Interface

When a user of the system enters the vehicle, they select a point on the Lanelet2 map
which is displayed via RViz. This point gets translated into a destination lane, which then
gets sent to the environment model as aDestinationList.msg message. The environment
model next runs a search over its internal graphical representation of a world to �nd a
route from the AV's current location to the user's destination, and the autonomous drive
begins.
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Chapter 3

Mapping, Environment Modeling,
and Decision Making

Acknowledgement:The work in this chapter was done primarily by Rowan Dempster, with
help from those acknowledged in Section 3.9.5

3.1 Introduction

Decision making in AVs relies completely on the ability of the agent to aggregate disparate
information sources into a useful model of the agent's environment. Examples of disparate
information sources include: hand-crafted lane geometries (see top left of Fig. 3.1), tracks
produced by a perception scheme (see middle right of Fig. 3.1), or even a prior environment
model from a previous drive. In this work, we tackle modeling these disparate sources using
relationships, and study how to embed relationships in a uni�ed graphical model we refer
to as the Dynamic Relation Graph (DRG).

Motivating our DRG approach anthropologically, humans do not make decisions based
on isolated objects 
oating around in a disconnected world, but rather using relationships
between objects to elicit higher order properties. For example, we infer that the keyboard
in front of us has a relationship with the desk it is sitting on. We understand the properties
of this relationship: the keyboard is on top, the desk is solid. Using this understanding,
we decide that we can carry on typing without the keyboard falling away from our �ngers.

Widely accepted prior maps of static environment features are relationship-rich [16,
14, 17]. Such models encode lane neighborhood/successor relations, relationships between
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