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ABSTRACT

The autonomous driving industry has evolved rapidly in the past decade. Many
businesses are adopting fully or semi-autonomous solutions to solve real-life prob-
lems, e.g., delivery robots, autonomous taxis, etc. Among the two popular au-
tonomy pipelines, i.e., modular and end-to-end, a preferred choice from early to
advanced stages of development is modular autonomy stacks since they discretize
the overall autonomy into smaller modules from real-world sensing to actuation.
Regardless of the choice, a crucial component of any autonomy pipeline is model-
ing the motion of other traffic participants for effectively navigating different driv-
ing scenarios. This thesis delves into enriching the existing autonomy solutions
to handle different traffic scenarios using various motion prediction methods.

In this regard, we first explore the literature on motion modeling techniques
and propose a taxonomy to identify prediction methods with respect to modeling
approach, modeling outputs, and situational awareness. The proposed taxonomy
acts as a modeling guideline on which further research is conducted. In the follow-
up contributions, we propose different motion prediction solutions to enrich exist-
ing autonomy stacks for handling complex traffic scenarios. Specifically, first, we
propose an open-source give-way area navigation solution that is built on top of
motion prediction for other traffic participants in the scene. Secondly, to study the
broader aspect of motion prediction on the performance of the autonomy pipeline,
we propose a scenario-based evaluation approach to evaluate the autonomy stack
on a modular and holistic level, giving us deep insights into the inter-modular de-
pendency of motion prediction on its predecessor and successor modules. Lastly,
we propose a goal-conditioned graph attention motion prediction model that gives
competitive results on leaderboard benchmarks on a public dataset.

Here, we emphasize on working with open-source stacks to leverage off-the-
shelf solutions for other modules of the autonomy pipeline since most of the re-
search done under this thesis is also applied to actual vehicle and is not limited to
simulations. Overall, this thesis is a blend of theoretical and applied research. It
solves real-world autonomous driving problems by addressing them via literature
and using the solutions on an actual autonomous vehicle.
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1. INTRODUCTION

Road safety remains a crucial concern globally, with traffic accidents account-
ing for a significant number of deaths and injuries every year. According to the
World Health Organization (WHO), approximately 1.3 million people lose their
lives annually due to road traffic accidents, and an additional 20 to 50 million
people suffer non-fatal injuries.[1]. The Road Safety Annual Report 2023 further
reflects these statistics, that is, despite advancements in vehicle safety, human er-
ror continues to play a major role in road traffic accidents worldwide [2]. This
is also reflected by studies that indicate approximately 94% of accidents are di-
rectly attributable to mistakes made by human driving behaviors. [3]. These in-
clude behaviors such as distracted driving, speeding, driving under the influence
of drugs, fatigue, and failure to obey traffic rules. With the latest advancements
in technology, the list of distractions has grown. For example, mobile phones, ve-
hicle infotainment systems, etc., have only intensified the problem. The National
Highway Traffic Safety Administration (NHTSA) identifies distracted driving and
weak decision-making as significant contributors to fatal crashes, emphasizing the
limitations of human attention and judgment in real-time road conditions [3].

The promise of autonomous driving fundamentally stems from its ability to
address the issue of human error. Beyond just road safety, it offers the potential
for increased efficiency and enhanced mobility for individuals who are unable to
drive due to age or disability. As these technologies continue to develop, we see
their potential positive impact more and more on our daily lives, which makes
the argument grow stronger that autonomous driving is a disruptive technology
that could improve road safety by eliminating human errors. Arguably, with au-
tonomous systems, the risks originating from human error can be significantly
reduced, if not entirely eliminated.

To understand the autonomy itself, we refer to levels of autonomy proposed
by the Society of Automotive Engineers (SAE) [4], which scale the performance
of autonomy from level O to level 5. Here, level-0 means no autonomy, and level-
5 refers to being fully autonomous with no operational design domain (ODD)
constraints. Thus, full autonomy can be described as a vehicle’s ability to nav-
igate the environment from any one point to another without any human driver
[5]. From a human’s perspective, it is somewhat intuitive to predict the actions
of other agents in the environment, e.g., the normal behavior of nearby vehicles,
pedestrians, bicyclists, etc. Not only this, humans, in general, are good at identi-
fying the intentions and negotiating with other road users. For example, a human
driver negotiating with pedestrians, understanding their intent to cross or not to
cross the road [7] or a courtesy give-way to a non-priority vehicle in jammed traf-
fic etc. While the latter event may be rare, even simplistic yielding scenarios can
suffer from traffic conflicts and can be influenced by social norms [8].

Autonomous Vehicles (AVs) make use of multiple sensors to perceive the en-
vironment. These sensors include RGB cameras, setero-vision cameras, Time-
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Table 1: Analogy of human and AV perception [9]

Human driver Autonomous Vehicle
Be able to see Exteroceptive perception
Know where you are Localization

When to accelerate, slowdown etc. Control

Know where you want to go and how | Planning

Have an idea about the area you are in | Mapping

Know how others (on the road) behave | Behaviour modeling

Be able to interact with other Human-vehicle interaction

of-flight (TOF) sensors such as TOF cameras, Light Detection and Ranging (Li-
DAR), and radars etc. In some sense, we can create a one-to-one analogy of
humans perception and navigation with AV’s perception and navigation of the en-
vironment, as shown in Table-1 [9]. For example, humans use colored stereo eye
vision to create a sense of vision and depth. An AV can mimic this using either
setero-vision RGB cameras, or using multiple RGB cameras for vision and sen-
sors like LiDARs for depth. Similarly, humans make use of artifacts (buildings,
monuments) or Global Navigation Satellite Systems (GNSS) such as the Global
Positioning System (GPS) to localize themselves during navigation, in the same
way an AV can extract artifacts from camera images for referencing or use GPS
for localization. The challenge of autonomy is processing the raw data from these
analogous sensors so that meaningful and interpretable information can be ob-
tained to achieve overall autonomy.

In light of the inherent complexities of traffic behaviors, predicting the intent
or motion of other traffic participants is arguably one of the most challenging
problems in autonomous driving [10]. To be able to make rational decisions while
navigating, an AV needs to be aware of its surroundings temporally. This means an
AV shouldn’t only be able to detect and track all the obstacles in the scene but also
predict plausible future estimates of where the tracked obstacles will be in future.
Predicting intents and motion profiles of obstacles helps resolve uncertainties in
planned navigation. This thesis revolves around the task of motion prediction in
the development of AVs and its implications in solving real-life traffic scenarios.

1.1. Objectives and Contributions of the Thesis

The overall objective of this thesis is to tackle the challenges associated with mod-
eling the motion of traffic participants; since these challenges extend beyond the
motion prediction task, such as bottlenecks in the autonomy pipeline, it is neces-
sary to study motion prediction within the overall context of the autonomy and
its applications on real traffic scenarios. In this thesis, we intend to view motion
prediction from the lens of both academic and applied research. Thus, most of the
work done under this thesis is also applied to an actual AV. The research questions
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that we address are as follows:

* [RQ1] What are current trends in motion prediction approaches from
the perspective of Autonomous Driving?
The key idea here is to explore the literature on motion prediction and un-
derstand what type of different modelling approaches exist and see what
challenges are associated with them. This would be crucial in establishing
a baseline for the motion prediction model.

* [RQ2] How does motion prediction affect real-life traffic scenarios and
the autonomy pipeline? Since an AV is constantly navigating through dif-
ferent critical traffic situations, one of the less explored questions regarding
motion prediction is its applicability to these scenarios.

* [RQ3] How to construct and validate motion prediction models? This
is an open-ended research question. Since we will be working on imple-
menting motion prediction models, the process of modeling and validation
will always fit in for any type of motion model we work with.

This thesis addresses the above-listed research questions with three contribu-
tions which are comprised of four research papers. These publications will be
explained in detail in the latter sections of the thesis, but a short summary of in-
dividual publications and their contribution to answering the research questions is
given below along with figure-1 that provides an overview of interrelation of these
contributions. It is to be noted here that throughout the thesis, we will be using
some terms interchangeably; for example, motion prediction, motion forecasting,
trajectory and intent prediction all fall under the umbrella of predicting the future
motion estimates of traffic participants. Additionally, the use of "we" in the thesis
follows formal academic convention. In this context, "we" should be understood
as referring to I as the sole author throughout the thesis.

* (Contribution-I [C1]: Addressing RQ1) To study the trends in approaches
of motion prediction, this paper explores the literature w.r.t two most com-
mon traffic participants, i.e., pedestrians and vehicles. This paper classifies
models and approaches of motion prediction literature by proposing a novel
taxonomy that categorizes the motion prediction model on the basis of three
dimensions.

— Modelling approach: essentially puts a motion model into being a
classical or data-oriented model.

— Output type: classifies model on the basis of multi-modality and dis-
crete intentions.

— Situational awareness: which is analogous to saying what different
types of environmental factors are processed by the model before it
outputs motion estimate.

* (Contribution-II [C2]: addressing RQ2). C2 is composed of two publica-
tions P2 and P3. P2 proposes a give-way area navigation algorithm that is
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Motion Prediction Literature

Trends in modelling
approaches

Ci
Standalone Prediction Applied/Integrated Prediction
c3 c2
Limitations

Figure 1: An overview of interrelation of thesis contributions

built on top of a multi-modal trajectory prediction model. Here, we study
two real-life traffic scenarios, i.e., roundabout and unprotected turn, and
apply the solution to real AV after extensively validating the model on sim-
ulated and real-world tests. Ultimately, this contribution acted as a mile-
stone to further our progress in building navigation solutions using motion
prediction. Additionally, another potential learning outcome of this contri-
bution was the need for identification of bottlenecks from other modules of
autonomy pipeline. The lessons learned from P2 were put forth into build-
ing a scenario-driven development and evaluation cycle for the autonomy
pipeline in P3. In this study, we used an in-house Autonomous Driving
Stack (ADS) as a case study with feature updates of a perception model and
a motion prediction model highlighting inter-modular dependencies of ADS
with respect to traffic scenarios. The motion prediction model in this work
was evaluated using software-in-loop (SIL) and holistic evaluation, which
were proposed as a continuous evaluation framework for ADS development
to identify risks and shortcomings of the models before real-world tests.

(Contribution-III [C3]: Addressing RQ3) In the final contribution, we pro-
pose a novel motion prediction model that uses lane graphs for vehicular

16



trajectory prediction. The proposed model uses famous encode-aggregator-
decoder [11] neural-net architecture along with goal node conditioning to
forecast robust multi-modal trajectories of surrounding agents. The model
is trained and benchmarked on the NuScenes [20] dataset, achieving SOTA
results.

17



2. BACKGROUND AND FORMULATIONS

In this chapter, we will take a closer look at the evolution of motion prediction
task over the years. To get a deeper understanding of its real-time applicability,
we will also explore the literature on ADS and modular dependencies of traffic
scenarios.

2.1. Autonomy Stacks

ADS can generally be divided in three types modular and end-to-end [5] and di-
rect perception [6]. The modular ADS is an approach inspired by conventional
autonomous-robotics approaches, where the overall problem of autonomy is dis-
cretized into smaller modules, as shown in figure-2. These have been quite pop-
ular since the beginning of research in AVs. For example, the Stanley [12] AV,
winner of the DARPA challenge (often referred to as the initiation point AV chal-
lenges) in 2005 [13] used a modular ADS comprised of several modules including
perception, control, vehicle interface etc. A similar modular approach was also
used by Boss [14] AV, the winner of 2007 DARPA challenge [15]. Today, a popu-
lar choice in the industry is to approach AV development using modular ADS. Ex-
amples include Autoware [16] by Autoware foundation and Apollo [17] by Baidu.
From an engineering perspective, solving smaller chunks of a bigger pipeline in-
dividually is more interpretable and robust, provided the inputs and outputs to and
from a module are carefully engineered. Since each sub-problem in the pipeline
can be assigned to specialized teams with in-depth domain-specific knowledge,
it is rather easier to rigorously test, validate, identify, and troubleshoot the prob-
lems in AV’s final decision-making in a modular ADS [18][19]. Multi-modularity
comes with its repercussions. A bottleneck or shortcoming in one of the modules
can have a cascading effect in the later modules of the pipeline. As an example,
consider a scenario in which the perception module fails to detect or classify a po-
tential object of interest (assuming it only detects specific types of objects), which
later would affect the behavior of the AV. This cascading effect will follow up in
the tracking, prediction, planning, and control modules of the AV, which are suc-
cessor modules of perception. Another major problem of modular ADS is their
lack of ability to handle rare traffic scenarios. While rare situations are a problem
in general and are not specific to ADS type, since modular pipelines often employ
rule-based decision-making, it is rather difficult to write rules for all possible edge
cases [18].

End-to-end, on the other hand, is an emerging form of ADS that tries to solve
the problem of autonomy as a whole. In contrast to modular ADS (which con-
tains multiple sub-modules each comprised of both classical and pattern-based
approaches), a neural network sits in between sensory inputs and actuation out-
puts in end-to-end ADS [5] as shown in figure-2. An end-to-end model relies on
data i.e. given sufficient training data, the model should be able to learn an op-
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Figure 2: Modular vs end-to-end ADS [5]

timal function that drives the AV. While modular ADS can suffer from tackling
edge cases and unforeseen dependencies in the scene, the end-to-end approach
learns to attend to specific elements of the scene by itself. This ability to inher-
ently attend to only relevant elements of the scene makes it a better decision-maker
compared to the modular approach. On the other hand, this approach also comes
with additional baggage. Firstly, these models are data hungry i.e., whether they
are trained in a supervised way [20] or explorative manner [21] they require a
huge amount of data for training. Secondly, end-to-end approaches are less in-
terpretable compared to modular approaches. For example, a model could learn a
wrong driving policy based on a certain bias in the training data. It is very difficult
to troubleshoot why a specific wrong decision was made within end-to-end ADS.

The third often less talked about approach of autonomous driving is direct
perception which is a hybrid model of ADS pioneering from [6]. It combines
the strengths of the classical modular pipeline and unified end-to-end pipeline.
Instead of giving network the option to output steer and control commands as it
is done in an end-to-end ADS, in direction perception, the network is trained to
output set of human-interpretable perception indicators that are directly relevant to
the driving actions. The network outputs only a few crucial, easy-to-understand
metrics called affordances. These affordances can be facts that a human driver
needs to know, such as the distance to the car ahead and the angle to the center
of the lane. A simple computer program then uses these facts to make the final
steering and braking decisions.

In the context of motion prediction, all above approaches operate differently.
Most of the modular ADS today explicitly have a motion prediction module de-
signed precisely to predict the future motion estimates of the agents in the scene.
In fact, most of the research on motion prediction models today views predic-
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tion as an individual component that can be plugged into the autonomy pipeline.
For example, the open datasets on motion prediction such as NuScenes[22], Ar-
goverse[23], Waymo[24] and lyft-15[25], already provide you with perception,
map and tracking outputs which are inputs to the motion prediction model. In
comparison, the end-to-end doesn’t explicitly output motion estimates; it is de-
signed to output final actuation commands like steering, acceleration, and brake.
Since interpretability is crucial in understanding the decision-making of the ADS,
the end-to-end approach, in addition to actuation commands, may also output
costmap, waypoints, and perception results [5]. These are often supplemented by
auxiliary outputs which may or may not contain predicted trajectories of other
agents in the scene. This statement is valid for direct perception too. In general,
motion prediction can be seen as a hidden and implicit task of end-to-end and di-
rect perception based ADS. Hence this research is not focused on these two types
of ADS.

2.2. Scenarios in Autonomous Driving

Scenarios in AD define an evolving situation of the scene nearby the AV. They
are essential in developing and validating autonomous driving systems as they in-
volve a structured combination of conditions such as the environment, road users,
and their interactions. In a sense, an AV is continuously experiencing scenarios
while navigating the environment. Diverse scenarios are valuable for all modules
of the ADS pipeline, such as perception, control, localization, and planning, but
they are particularly important for motion prediction and decision-making since
the environment is filled with dynamic, unpredictable actors. Autonomous Driv-
ing (AD) literature extensively emphasizes scenario-based validation and testing.
The core concept is that scenarios provide a structured approach to identifying a
range of relevant and dynamic traffic situations [30]. These scenarios are often
grouped into specific categories such as lane change, emergency braking, cut-in
maneuvers, and others [31]. However, this categorization is not fixed. It can be
expanded and redefined based on the system under development. Scenario-based
approaches allow researchers and developers to evaluate AD systems under di-
verse and challenging conditions, giving a deeper understanding of performance
limitations and edge cases.

From the perspective of motion prediction, scenarios essentially define the op-
erational conditions of the prediction module. This means they help identify what
are the possible and impossible situations in which prediction module has to op-
erate. Additionally, they also help in estimating the variations of the operational
design domain (ODD). For example a scenario where AV gives-way to other pri-
ority vehicle in a roundabout would inherently make use of motion prediction for
forecasting behavior of priority vehicle estimating how much time would it take
for the priority vehicle to intersect with AV’s future path. A possible variation
of above ODD is an example scenario in which the priority vehicle gives way to
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non-priority AV due to traffic congestion. So a prediction module is stress-tested
under diverse conditions by running it through an exhaustive list of scenarios with
varying, environment conditions, road complexities and agent density.

2.3. Challenges of Motion Prediction

Motion prediction comes with inherent challenges which vary for different types
of road users [26]. For example, a pedestrian walking in AV’s vicinity may or may
not use the crosswalk to cross the road. This behavior is not limited to walking
pedestrians; they include cyclists/bicyclists, wheelchair users, personal mobility
device users (electric scooters, hoverboards), etc. These types of road users are
often referred to as Vulnerable Road Users (VRUs) [27]. The interaction of an AV
with VRUSs can be dictated by the traffic rules and/or social norms. For example,
a human driver can infer potential future action of the VRUs based on their body
gesture figure-3. The human driver can also negotiate an unmarked pedestrian
crossing by giving hand gestures of his own.

.

(a) (b) (¢) (d)

Figure 3: An example of gestures used by pedestrians to negotiate an interaction
[37]

These implicit/explicit negotiations with VRUs are completely non-trivial when
an AV replaces a human driver. The prediction algorithm should take into account
the pose, gaze, head movement, and hand gestures of other VRUs to come up with
a logical decision. To be on the safe side, one could argue that the AV should be as
cautious as possible, but this leads to problems like unnecessary braking, which,
in addition to being inefficient, is also dangerous as the vehicles trailing the AV
would be directly affected by it [26]. Additionally, there are sometimes rare events
in which pedestrians can exploit this privilege. For example, several robot bully-
ing incidents were reported in [28], where pedestrians were intentionally stopping
the robots.

For vehicular agents, the challenge of motion prediction is different compared
to VRUs, yet it is as complex as it is for any other type of road user. A vehi-
cle’s motion is not only affected by traffic rules; it is also affected by surrounding
vehicles, i.e., an AV cannot just rely on predicting the motion of one Vehicle of In-
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Figure 4: An illustration of how an occluded surrounding vehicle can affect the
behaviour of a VOI. Here the green vehicle is the ego vehicle, the red vehicle is
VOI whose future behaviour we intend to predict, the grey vehicle ahead of the
red is an occluded surrounding vehicle that is about to apply emergency brakes
due to a road obstruction ahead of it. [26]

terest (VOI). For example, a leading vehicle might apply emergency brakes due to
another vehicle ahead of it which is occluded to AV’s onboard sensors [26]. This
is shown in figure-4. Such interdependency can have a cause-and-effect relation
between prediction. When predicting vehicle motions, the predictions become
hypotheses about how each vehicle will behave. These hypotheses interact with
one another, as the decisions of one vehicle can directly or indirectly affect the de-
cisions of others. In high-traffic environments, this interconnectedness becomes
particularly important [32]. An optimal prediction result could be a joint predic-
tion that minimizes the risk of collisions, inefficiencies, or unsafe situations for all
involved. This can be modeled either as a cooperative game [33] in which vehi-
cles work together to minimize global risk [34] or a non-cooperative competitive
game in each vehicle optimizes its own trajectory with a priority on its own safety
and performance [35]. In some sense, this may feel like a game theory where
multiple agents (vehicles) are involved, each making optimal decisions based on
the behavior of others [33] with inherent uncertainty as no vehicle can know the
intentions of others perfectly, relying instead on probabilistic estimates [36].

On the bright side, since vehicular agents tend to follow traffic rules and road
geometry, we can apply certain road and physical constraints to a vehicle’s pre-
dicted trajectory, e.g., a vehicle will likely follow its lane and follow the curvature
of the lane while turning. Similarly, a vehicle cannot abruptly turn 180 degrees,
and it cannot laterally move without longitudinal motion. However, as technology
advances, we may see some physical constraints become obsolete and not apply
to newer vehicles [29].
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2.4. Formulations

The overall task of a motion prediction model is to predict plausible future esti-
mates for any agent in the scene. Since the model output can be of different types
(which will be discussed in Chapter 3), we generalize the problem statement, as-
suming that we expect a motion prediction model to output multiple hypotheses or
modalities. With this assumption, the problem of multimodal motion prediction
for a set of dynamic agents over static contextual scene elements can be formu-
lated as follows:

At any given instance, a scene consists of multiple traffic agents represented
by their past, present, and future spatial coordinates. These coordinates for all
the surrounding agents can be agent-centric and are denoted by A = {Ay, ..., A},
where I € Ny that represents total number of agents in the current scene. For each
agent A; = (x;,Yi,2i, 05, vi,wi hi,c;) € RR8, where x;,y;,z; represents agent i’s po-
sition in 3D space and 6;,v;,w;, h;,c; represent yaw, velocity, width, height and
class of agent respectively. Additionally, Afh:, represents a sequence of agent
i’s history from timestep #;, consisting of £ history steps in the past up to cur-
rent timestep ¢ is input to the model. M represents a set of high-definition map
elements that contains lanes and stop lines etc. Here, lanes are represented as
L ={Lo,...,Ly} for M € N where each lane is composed of way-points and can
be represented as Ly, = {(Xn.0,Ym.0,0m0)---(Xmn,Ymn, Omn))} for m,n € N and
(Xmn>Ymns Omn) € R? being the top-down 2D position and rotation of waypoint
n in lane m. The stop lines are represented as S = {So, ...,Sp} where Q € N and
Q#M #1and L,S C M. Here, S, = (xq4,y4,0,) is gth stop line’s waypoint. Fi-
nally, Y., , represents a sequence of agent i’s future from timestep 7 + 1 to 7.
The prediction function can thus be formulated as:

N ;
Y1k =f (A M) 2.1
where k represents number of modes or hypotheses and £ > 1.

For a learning-based prediction model, the optimization is done via a loss func-
tion that measures the difference between the predicted values Y, 144 and the
ground truth Y! Ly

2 = loss (?;-H:l‘f,k? Y§+1:rf> 22)

Since k modes represent a distribution, at least one mode should closely ap-
proximate the ground truth for successful training of a machine learning-based
model.
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3. TAXONOMY OF MOTION MODELS
(CONTRIBUTION I)

In order to have a deeper understanding of designing and working with a motion
prediction model, we need to understand different categories of motion prediction
models. Various categorizations have been shown by the literature based on agent
classes. For pedestrians, [38] proposes four types of categories of motion pre-
diction models. These include models that make use of target agent’s dynamics
(target’s motion), physiology (relative information of target w.r.t to AV), target’s
head orientation, and environmental context (information about map elements).
A similar categorization was proposed in [39][40]. In the latter, the authors addi-
tionally added social constraints, i.e., models that consider social norms used by
pedestrians while moving in groups.

For vehicles, [41] was one of the pioneering surveys that reviewed and catego-
rized the existing literature into three broader types. These are physics-based mod-
els that apply physical constraints on the vehicle’s motion, maneuver-based, ones
that output the predictions in the form of maneuver trajectories, and interaction-
aware models that are essentially aware of the surrounding agents. Similarly, [42]
classified a very specific category of motion prediction models which are trained
using deep learning. The classification proposed here is based on the model’s
input, prediction methodology, and model’s output. Additionally, the paper also
discussed evaluation metrics for motion prediction models.

In contrast to the agent’s class-specific model categorization, [43] proposed
a taxonomy that encompasses both pedestrians and vehicles. It classified motion
models on the basis of two broader categories, i.e., modeling approach and contex-
tual cues. Here, modeling approaches include physics-based, pattern-based, and
planning-based models, whereas contextual cues include agent cues and dynamic
and static cues of the surrounding environment.

3.1. Taxonomy

C1 of this thesis extends the classifications discussed above.

Specifically, We propose a novel taxonomy that classifies the literature on mo-
tion prediction over three dimensions: modelling approach, output type, and sit-
uational awareness as shown in figure-5. The key changes we propose are as
follows:

* For the modeling approach, we generalize the categorization of motion
prediction models for both pedestrians and vehicles as proposed by [43].
We keep the physics-based sub-category as it is from [43] and merge the
pattern-based and planning-based methods from [42] and [43] into one
generic category named as learning-based methods.
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* For situational awareness, we build the sub-categories on top of contex-
tual cues from [43]. Here, the sub-categories are reduced into unaware,
interaction-aware, scene-aware, and map-aware models removing agent-
specific categories such as articulated body pose and semantic attributes,
which in the original work were specific to pedestrians agents only.

* Lastly, the output type dimension is leveraged from [42]. Here, maneuver
intention, a sub-category from the original work is generalized as an intent
prediction that fits in for both pedestrians and vehicular agents.

Motion
Prediction

v Situational
Modelling Awareness
approach

KJH ;.

Learning- )
Interaction
based Unaware aware Scene aware Map aware

Physics-based

Output Type

/

Intention Occupancy

Unimodal Multimodal WEE

Trajectory Trajectory

Figure 5: Proposed taxonomy of motion prediction for pedestrians and vehicles.

3.1.1. Modelling Approach

Modelling approaches are essentially the modelling techniques used to design
and implement the underlying motion prediction model. In other words, this is
the methodology part of any motion prediction literature. From the taxonomy we
proposed in figure-5, modeling approaches are generally of two types, which are
discussed in detail below.

Physics-based. As the name implies, these models are constrained on physical
abilities of the moving agent, or in other words, these are governed by Newtonian
laws of physics. These models can be dynamic or kinematic, where dynamic
models tend to consider all forces acting upon the agent, including air friction,
tire friction, forces acting inside the engine transmission for vehicular agents, etc.
In contrast, the kinematic physics models are the most commonly used physics-
based models in motion prediction. Since, there is no hard compulsion to include
all minute complex forces acting upon the agent while predicting its future mo-
tion estimates. The kinematic models mathematically describe the motion using
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movement parameters. The most common family of kinematic models used today
are constant X models. Here, CX can be Constant Velocity (CV) and Constant
Acceleration (CA). These models take the recent relative motion of the agent into
account while predicting future motion. At any given timestep ¢, the recent rela-
tive information of an agent can be calculated from the past two positions of the
agent as shown below:

p= (), 3.1)

Ap = pt —pt_l (32)

Here, x and y are top-down coordinates of an object (pedestrian or vehicle) and
p represents the position. Hence, Ap is the most recent information to predict the
future trajectory.

Apart from prediction, kinematic models are often used as process models
for tracking filters. For example, [44][45] uses constant acceleration model as in
Kalman filter and particle filter to predict pedestrian future motion along road se-
mantic graph. Some works have extended CV and CA to Constant Turn Rate and
Velocity (CTRV) and Constant Turn Rate and Acceleration (CTRA) to capture the
agents turning non-linearity [46][47]. A further extension of kinematic physics-
based models uses Interactive multiple-model trajectory prediction (IMMTP) that
uses a combination of multiple constant X models for prediction estimates [48].

Learning-
based

FA\

. Non-
g Sequential .
Secuential
777777 Dynamic Baysian |
Networks G
pe----q Hidden Markov Model Support Vector Machines+------- ]
777777 Recurrent Neural Convolutional Neural | |
Networks Networks

Figure 6: Categories of learning-based models. The dotted lines represent that
the methods in these categories are not limited to the three methods mentioned in
each category.
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Learning-based. 1.earning-based methods are data-oriented and have an ele-
ment of learning in them. These methods are comparatively better at capturing
long-term dependencies and the semantics of the environment than physics-based
methods. They often operate on a variety of inputs, such as collective past histo-
ries of dynamic agents, Birds-Eye View (BEV) of the environment, and raw sensor
data [42]. Due to sophisticated inputs, the learning part in these methods can be a
function approximator (neutral network, classical machine learning model), clus-
tering algorithm, Dynamic Bayesian Network (DBN), or a hidden Markov model,
etc. Learning-based methods are further divided into two categories as shown in
figure-6.

* Sequential learning models have Markovian assumption which states that
the future motion of an agent depends on its current and past state. These
are one-step predictors and they learn from statistical observations of the
data. A classic example of such models is DBNs, which use Bayesian prob-
abilistic estimates for forecasting pedestrian and vehicular motion [49][50].
Latest works on capturing long-term dependencies have shown even more
promising results. These include flavors of neural network architectures
such as Recurrent Neural Network (RNN), prominently long-short-term
memory (LSTM), and gated recurrent units (GRU) [S1][52][53][54][551[56]
[57][11].

* Non-Sequential learning models are not necessarily constrained over
Markovian assumption, i.e., in contrast to sequential models, they don’t
require feedback from past frames. A classic example of such models in-
cludes clustering trajectories models that essentially group trajectories in an
unsupervised manner based on the similarities of maneuver (for vehicles)
or group’s movement pattern (for pedestrians) [59],[60],[61],[62]. In terms
of deep learning architectures, the most prominent one used for prediction
tasks is the Convolutional Neural Network (CNN). CNNs are very good at
capturing spatial dependencies between data points, such as image features
of BEV, So CNNs are used both independently and in combinations with
RNNss to capture both spatial and temporal dependencies in the input data
for robust predictions [63][64][65][66][67][68].

3.1.2. Output type

A motion prediction model can be classified based on its output type. For exam-
ple, a model that outputs only one modality for an agent is often referred to as an
unimodal predictor, whereas having more than one output is considered a multi-
modal predictor. A summary of the famous output types for a motion prediction
model is shown in Table-2.

The output types are divided into four broader categories. Intention: is high-
level information of the possible current and future state of the agent. Different
classes of agents can have both similar and distinct types of intentions. For exam-
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Table 2: Comparison of Prediction Output types for Vehicles and Pedestrians

Vehicles Pedestrians
Intention Turn left, turn right, go | Will cross, not cross, walking,
straight, changing lane etc negotiating etc
. Single hypothesis Single hypothesis
Unimodal gle nyp ) gle yp )
¢ Unconstrained ¢ Unconstrained
¢ Constrained on maneu- ¢ Social constraints
ver
. Multiple hypotheses Multiple hypotheses
Multimodal plefyp ) plefyp i
¢ Unconstrained ¢ Unconstrained
¢ Constrained on maneu- ¢ Social constraints
vers
Occupancy | Occupancy predicted in future time-steps (occupancy map’s
maps resolution is crucial)

ple, a pedestrian’s intent can be "going straight,” which a vehicle can also have.
On the other hand, a vehicle can have an intent of "changing lane," which doesn’t
apply to pedestrians. Similarly, a pedestrian can have "walking" intent that doesn’t
apply to a vehicle. Both pedestrians and vehicles can have Unimodal and Mul-
timodal trajectory outputs, which can be unconstrained (having no restrictions
applied, e.g., traffic rules and map boundaries) and constrained (are logical with
respect to nearby agents or map elements). Lastly, Occupancy maps are raster-
ized outputs of the prediction models that show possible future occupancies of
the agents in the scene in the form of the top-down 2D raster. It is important to
note that while the proposed output types focus on vehicles and pedestrians, it is
not limited to these two agent types. It can be applied to any road user i.e. any-
thing that moves can be represented using unimodal, multimodal, or occupancy-
map-based model outputs. The only distinction required is the types of intentions.
For example, a bicyclist moving through the scene cannot have a “walking” inten-
tion unless the rider is actually off the bicycle. Similarly, any other road agent not
explicitly discussed in the taxonomy can still be categorized using the proposed
output types by simply defining the set of applicable intentions.

3.1.3. Situational awareness

The third dimension along which we can understand a prediction model is situ-
ational awareness, which corresponds to how aware a prediction model is of its
surroundings. This includes awareness about dynamic (other agents) and static
(map elements) context. The situational awareness in our work is divided into
four categories.
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Unaware. An unaware prediction model has no scope to understand its sur-
roundings. The only information that it processes is the history of the agent for
which it is making the prediction. Unless bounded explicitly by the map con-
straints, most physics-based models belong to the category of unaware models.

Interaction-aware. Interaction-aware models, in addition to the history of the
target agent (whose trajectory they intend to predict), use the information of other
dynamic agents of their surroundings to make motion estimates. The idea be-
hind feeding the information of surrounding agents is that the model will be
able to reason the interaction of the target agent with surrounding agents be-
fore making a prediction estimate. Examples of interaction-aware models include
[S0][53][56][69].

Scene-aware. Scene-aware prediction models are aware of the static context of
the scene. They extract contextual information of the scene using sensor data such
as images. Some examples of such models include [51][52], where contextual
aware pooling and top-down scene features were used to capture scene context.

Map-aware. Map-aware prediction models are somewhat similar to the scene-
aware models in the sense they are also fed with information about the static
surroundings of the environment. The difference lies in the format of inputs.
Scene-aware models extract features and semantics from the raw sensor inputs,
whereas map scene semantics can be directly given to map-aware models; thus,
feature extraction purely works on pre-processed semantics given to it. Further-
more, it is not necessarily required to extract features from the map semantics; for
example, for vehicular trajectory prediction, a physics-based motion prediction
model can be constrained over the map lanes; all that is required here is to assign
specific lanes to the target agent and roll-out the trajectories over the lanes. Some
examples of map-aware models include [49][66][70][71]. One potential flaw of
map-aware models over scene-aware models is that they lack information about
the environment, e.g., weather conditions that are crucial in extreme weather for
prediction.
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3.1.4. Associated Challenges/Limitations

Apart from the categorization of motion prediction models, there are inherent
underlying challenges & limitations associated to each dimension of proposed
taxonomy. These listed in Table 3, 4 and 5.

Table 3: Challenges associated with modeling approach

Modeling Approach

Challenges

Physics-based

Learning-based

Strong constraints and assumptions about agent kinematics,
difficult to generalize over complex scenarios.

Dependency on annotated datasets; prune to overfitting to
datasets they are trained on; difficult to adapt to real-time
autonomy stacks.

Table 4: Challenges associated with different output types in motion prediction

Output Type

Challenges

Intention
Unimodal trajectory
Multimodal  trajec-

tory
Occupancy maps

Gives only high level understanding of the possible future of
the agent i.e. future motion profile is absent.

Fails to take into account the uncertainties and other highly
likely scenarios which the dynamic agent can be in future.
Can suffer from mode-collapse (classical problem in multi-
modal prediction).

High computational cost.

Table 5: Challenges associated with different situational awareness levels in mo-

tion prediction

Situational Aware-
ness

Challenges

Unaware
Interaction-aware

Scene-aware

Map-aware

No interactions are modeled between agents.

Modeling gets complex in multi-agent environment. Diffi-
cult to model in physics-based approach on the other hand
in learning-based setting could induce prediction biases to-
wards unnecessary agents in a complex scenario.

Needs accurate scene understanding; perception errors can
lead to ambiguous results.

Requires high-definition maps with lane level information
depending on the agent type. i.e. sidewalks for pedestrians
and road lanes for vehicles. Fail badly over unmapped areas.

3.2. Summary

In this chapter, we summarized C1, which proposes a novel taxonomy of catego-
rizing motion prediction models based on three modeling dimensions; Modelling
Approach, Output type, and Situational awareness. The categorization gave an in-
depth insight into understanding motion prediction models in general. The new

30



taxonomy proposed is AD-oriented, i.e., we used AD as the application domain
while designing the taxonomy. Additionally, the proposed taxonomy is not class-
independent, which means that it can be applied to almost all the dynamic object
types encountered using daily AD. [RQ1] of thesis (that deals with categorizing
the types of motion models) is prominently dependent on this chapter. Moreover,
the categorization also helps in understanding what are the limitations to each
type of motion model as discussed in previous section. This helps in establishing
the bases for answering [RQ2] and [RQ3]. For example in case of [RQ2], in or-
der to establish the affect of motion prediction on a real autonomy pipeline, we
either need to employee an existing of-the-shelf physics-based solution or train
a learning-based model on custom preprocessed dataset. Similarly, for [RQ3] we
get a general understanding of what type of motion modeling approaches we could
use as baseline and build our own model on top of it.
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4. MOTION PREDICTION AND TRAFFIC
SCENARIOS (CONTRIBUTION II)

In an ADS, the prediction module’s output serves as a crucial input for the plan-
ning module. The planning module relies on these predictive insights to nav-
igate complex decision-making processes, particularly when responding to dy-
namic and often unpredictable traffic environments. In essence, the prediction
module assists the planning module by providing anticipated movements of other
road users, enabling the ADS to make proactive and adaptive decisions in real-
time scenarios. Accurate predictions allow the planning module to handle various
traffic situations better, ensuring smoother, safer, and more reliable operations.
This contribution is directly linked to [RQ2] of the thesis i.e. to understand how
motion prediction influences real-life scenarios and the overall autonomy pipeline,
this chapter summarizes two publications, P2 and P3, which collectively address
this research question. Specifically, P2 studies the role of motion prediction is
solving a subset of real-life scenarios which AV encounters whereas P3 addresses
the impact of motion prediction updates and prediction-dependent scenarios (from
upstream to downstream modules of ADS) on performance of autonomy pipeline.

4.1. Give-way Area Navigation for Vehicles

One of the most common challenging traffic scenarios that an AV often experi-
ences is giving way or yielding to other traffic participants. Giving way in traffic
is often regulated by give-way sign, which belongs to the category of priority sign
B-1[72].

Figure-7 displays some of these typical yielding situations frequently observed
in our everyday traffic. Figure-7a depicts a four-way intersection showing that the
protected horizontal lane has precedence over the AV in the green. In figure-7b,
an unprotected left turn is shown with no explicit yielding sign; here, the AV must
yield to the oncoming vehicle. Similarly, examples of a highway lane merge and a
T-junction are shown in figure-7c and figure-7d, where AV should be giving way
to priority vehicles. Finally, figure-7e shows a typical roundabout situation, where
vehicles entering the roundabout must yield at each entrance and merge into the
roundabout without disrupting traffic.

Motion prediction is one of the primary inputs when making such navigation
decisions. In such regards, first part of C2 proposes a solution for navigating
yielding scenarios. The main contributions of this work are as follows:

1. Proposition of a general open-source solution to yielding problem that is
implemented and integrated into Autoware.Al [16]. The solution iteratively
filters VOIs from the scene using predicted trajectories of all the agents in
the scene and outputs a binary yielding decision.
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(a) 4-Way intersection  (b) Unprotected left turn

(c) High-way merge (d) T-junction (e) Roundabout

Figure 7: Illustration of various give-way areas. Here AV is denoted by green
color which does not have the right of way

2. Performance evaluation of multiple yielding scenarios in both simulation
and in the real world.

4.1.1. Approach

The formulations from equation-(2.1) can be modified so that the final output is
binary yielding decision instead of future trajectory points.

; 1, if any other vehicle(s) has priorit
1 (AL:M) —{ Y PHOHY @.1)

0, otherwise

To implement the yielding decision maker based on equation-(4.1), we lever-
age an Open-source integrated planner of Autoware.Ai called OpenPlanner [73].
OpenPlanner gives the planning path of the ego vehicle and predicted trajecto-
ries of the agents. These trajectories are multimodal map-based predictions. The
planner uses a higher-level behavior state machine transitioning from one state to
another, depending on the scenario. We extend the state machine by adding two
states YieldStop and YieldWait as shown in figure-8. The proposed state transition
for yielding works as follows:

AV transitions from Follow or Forward state to YieldStop state and starts decel-
erating to zero velocity when there is a potential vehicle to yield. If the potential
vehicle to yield hasn’t crossed the yielding area and AV comes to a full stop, then
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Figure 8: Behaviour state machine of AV adapted from [67] where proposed new
states are shown in dotted highlighted square.

AV transitions from YieldStop to YieldWait, where AV will stay until there is no
VOI to yield.

4.1.2. Implementation

With the proposed behavior state transitions, the implementation is divided into
three steps:

1. Yielding Area Identification: As a first step, the ego vehicle should be able
to identify if it is in the vicinity of the yielding area. For this, OpenPlanner
gives us a rich match API from which we can query yielding stoplines in the
future local navigation plan of the ego-vehicle. Once a yielding stopline is
encountered within the stopline discovery distance threshold, the yielding
evaluation starts.

2. VOI Filtering: Assuming that the ego vehicle is in the yielding evaluation
area, Ego’s rollouts are evaluated against all agents in the scene. The VOIs
are filtered in two steps:

* Route Followers: Agents that are following the same local naviga-
tion route as the ego vehicle should be removed for yielding evalua-
tion. Let pg be the nearest waypoint from Vehicle Under Considera-
tion (VUC) in ego’s route and p; the waypoint followed by py. Here,
pi represents (x;,y;, 6;). Let A be the waypoint (£,9, 0) consisting po-
sition and orientation of VUC. The projection of A on p; is as follows:

p: = pi'T7
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Here, b is the perpendicular distance and A6 is angle difference of
VUC from ego’s route. An agent Ai;,:t is AV’s route follower if |b| is
less than lane assignment threshold and |A8)| is less than maximum
yaw deviation. These thresholding parameter values are discussed
later in Table-6.

* Behavioral Intersects: This step removes vehicle’s whose trajec-
tory intersection points are before yielding stopline to avoid unneces-
sary braking. OpenPlanner gives us multimodular trajectories of other
agents, with discrete probabilities of each mode. For additional safety,
we calculate behavioral intersections of all modes of VUC with ego
since the most likely trajectory is not always the actual followed tra-
jectory. Figure-9 shows an illustration of filtering VOIs via behavioral
intersects.

3. Decision Making: Once yielding VOIs are isolated, we can run the yielding
decision maker. The decision maker is a classical Time-to-Collision (TTC)
and vehicular bounds-based metric that evaluates possible future collisions
of all VOIs with ego. Let C, and C), be the critical lateral and longitudinal
distance from the center of the ego vehicle. Moreover, let o and 8 be the
lateral and longitudinal distance between VOI and ego at any given future
time step. The collision check can then be formulated as follows:

1, if TTC < typpesn and |0 < Cy and |B] < C,

collision_check(TTC, o, ) = { .
0, otherwise

4.4)

Here, ;1,51 18 another safety parameter empirically tuned discussed in Table-6.

collision_check is the final step of yielding evaluation that is responsible for the

binary decision, which is referred to in equation-(4.1). The code base of this work

is available at github.com/MahirGulzar/autoware_ut.
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(b)

Figure 9: Example of VOI filtering using behavioural intersects. Here green vehi-
cle is ego vehicle, blue vehicles are vehicles before behavioural intersect filtering,
gray vehicles are vehicles which are ignored for yielding and finally red vehicle is
the vehicle which will be given right of way.

(b)

Figure 10: Here (a) shows an entry point of roundabout yielding area and (b)
shows an unprotected left turn in the demo route testing track.

4.1.3. Experiments

The proposed yielding area navigation is intended to be tested on an actual vehicle;
consequently, the evaluations performed are carefully devised in a hierarchical
manner, i.e., extensively experimenting with customized scenarios in simulation
before testing anything in real traffic. We pick two yielding areas on a demo route
around the University of Tartu Delta building. These yielding areas include a
roundabout and an unprotected left turn, as shown in figure-10. The hierarchical
evaluation of the proposed approach is divided into following:

¢ Simulated obstacles
¢ Simulated obstacles on test site
¢ Real obstacles on test site
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Table 6: Empirically tuned, yielding decision-making parameters.

‘ Parameter \ Value Description ‘
latsg fery 0.5m Horizontal safety box distance.
longsqfery 3.5m Vertical safety box distance.

Cy (M) +latsgfery | Critical lateral distance from

other vehicle referred from
equation-(4.4).

Gy (ego_wmel_hase_length)+ Critical longitudinal distance
(ego—ilzengm) + | from other vehicle referred
longsafery from equation-(4.4).

Lthresh 11s TTC threshold.

latgp 20m Trajectory point’s lateral skip

distance; beyond this, a trajec-
tory point is not evaluated as a
collision point.

max_lane_dist 2m Maximum perpendicular dis-
tance of VUC from ego’s route,
after which it should be eval-
vated for yielding. Referred
to as lane assignment threshold
earlier.

max_yaw_deviation | 15° Maximum yaw angle differ-
ence between obstacle’s head-
ing and ego’s route.

¢ Real traffic

The evaluation process starts in a simulation setting where we have devised
a set of six generic scenarios that range from easy to extreme difficulty. These
scenarios are described in Table-7. Since the proposed approach gives a binary
decision for yielding, the success and failure can easily be quantified. We mark
a scenario to be successfully passed when ego-vehicle navigates the yielding area
without colliding with any vehicle with priority. Additionally, if the ego-vehicle
yields unnecessarily (false positive), the number of times unnecessary brakes were
applied is added to the evaluation, too.

Simulated obstacles: Simulation experiments are listed in Table-8. We ran 12
tests per scenario for six scenarios which amounts to a total of 72 tests for each
type of yielding area. The results we got from simulation shows 100% success
rate with barely any unnecessary braking. The reason of such a promising result
is the fact that there were no false negatives and false positives detections since
the coordinates of every surrounding vehicle is known to the yielding algorithm.

Simulated obstacles on test site: In this setting, we simulated the same sce-
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Table 7: Scenarios of roundabout and unprotected left turn navigation in demo
route (Referred from P2)

] Scenario \ Description

1 Approaching yielding area, No leading/trailing vehicle. At Least
1 moving vehicle to yield.

2 Approaching yielding area, No leading/trailing vehicle. At Least
2 or more moving vehicles to yield.

3 Approaching yielding area, No trailing vehicle. At least 1 leading

vehicle ahead of us before the yielding stop line and at Least 1
moving vehicle to yield.

4 Approaching yielding area, No trailing vehicle. At least 1 leading
vehicle ahead of us before the yielding stop line and at Least 2 or
more moving vehicles to yield.

5 Approaching yielding area, At least 1 leading vehicle ahead of us
before the yielding stop line, At least 1 trailing vehicle behind us
and at least 2 or more moving vehicles to yield.

6 Approaching yielding area, At least 1 leading vehicle ahead of
us before the yielding stop line, At least 1 trailing vehicle behind
us and at least 2 or more static vehicles to yield in the forming a
traffic congestion.

narios as discussed in the previous section with the actual ego vehicle on the test
site. This means that an actual vehicle was used to navigate around a testing area
with virtual obstacles. The results are listed in Table-9. Here, we ran 2 tests per
scenario for six scenarios which amounts to a total of 12 tests for each type of
yielding area. Here, the results are similar to previous evaluations i.e. no failures
mainly due to predefined virtual obstacles with known locations. The yielding
algorithm was able to take into account every vehicle in each frame without any
false negatives.

Real obstacles on test site: In this setting, two real vehicles participated in the
evaluation i.e. an ego-vehicle and a target obstacle vehicle. Since, there is only
one obstacle vehicle, not all scenarios listed in Table-7 could be evaluated instead
in almost all tests ego-vehicle was non-priority vehicle which had to give-way to
the other vehicle. Additionally, the success of a test here is determined if there is
no safety driver intervention in the ego-vehicle. (Safety driver only takes control
if he/she thinks that there could be potential collision). Table-10 shows the results
of tests. We ran 12 tests for each yielding area type. In comparison to previous
evaluations, we see a significant drop in number of successes for unprotected left
turn scenarios. These failures are a result of mis-detections of the object detector.
Since there was no object detected in the front of the ego-vehicle, the ego-vehicle
didn’t explicitly yield for the oncoming vehicle and for many attempts the safety
driver took over the ego-vehicle.
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Real traffic: In final settings, we ran multiple tests on recorded data over real-
traffic. The results are summarized in Table-9 which are very similar to results in
Table-8. In essence, the perception module suffers from mis-detections and false
positives in real data, which has a cascading effect on the overall performance
of the yielding decision-making. The success and failure of these tests are de-
termined by positive and negative yield decisions within a dedicated time frame
window which is manually marked as ground truth for evaluations.

Figures-11,12 and 13 show qualitative results of the evaluations performed
with real-obstacles. Here, a) shows the scene’s snapshot of front-facing camera
on the ego-vehicle b) shows a top-down view of the scene in with HD-map and
detected obstacles whereas c) shows distance to yielding stopline per frame, the
two dotted vertical lines represent manually estimated yielding ground-truth, i.e.,
the yielding decision should be positive within these bounds. It is to be noted
that we see some unnecessary braking in figure-12 outside yielding bounds which
appear from perception’s false positive detections. On the other hand, in figure-13
the yielding decision within the bounds is mostly negative marking the scenario to
be unsuccessful since we didn’t yield inside the estimated yielding bounds. This
is also caused by perception but in this case its false-negative detection that led to
false-negative decision in yielding.
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Figure 11: An illustration of qualitative results of the yielding algorithm with
real obstacles at roundabout entry on test-site. Here, a) shows scenes snapshot b)
shows a top-down view with perception and HD-maps whereas ¢) shows distance
to yielding stopline per frame, the two dotted vertical lines represent estimated
yielding ground-truth, i.e., the yielding decision should be positive within these
bounds.
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Figure 12: An illustration of qualitative results of the yielding algorithm with real
obstacles at roundabout entry in real traffic. Here, a) shows scenes snapshot b)
shows a top-down view with perception and HD-maps whereas ¢) shows distance
to yielding stopline per frame, the two dotted vertical lines represent estimated
yielding ground-truth, i.e., the yielding decision should be positive within these
bounds. 41
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Figure 13: An illustration of qualitative results of the yielding algorithm with real
obstacles at an unprotected-left turn on test site. Here, a) shows scenes snapshot b)
shows a top-down view with perception and HD-maps whereas ¢) shows distance
to yielding stopline per frame, the two dotted vertical lines represent estimated
yielding ground-truth, i.e., the yielding decision should be positive within these

bounds.
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Table 8: Evaluations of simulated obstacles on roundabout and unprotected left
turn yield in simulation

Yielding Area | No. of Tests \ Successes | Unnecessary Braking

Roundabout 72 72 1
Unprotected Turn 72 72 0

Table 9: Evaluations of simulated obstacles on test-site with actual ego-vehicle

Yielding Area | No. of Tests \ Successes | Unnecessary Braking

Roundabout 12 12 1
Unprotected Turn 12 12 0

Table 10: Evaluations of real obstacles for roundabout and unprotected left turn
yield on test-site

| Yielding Area | No. of Tests | Successes | Unnecessary Braking |

Roundabout 12 11 0
Unprotected Turn 12 4 0

Table 11: Evaluations of real traffic for roundabout and unprotected left turn yield
in demo route

Yielding Area | No. of Tests \ Successes | Unnecessary Braking

Roundabout 12 10 4
Unprotected Turn 12 3 0

4.2. Improving Autonomy Performance

Motion prediction can help identify risky traffic situations. For example, predic-
tion helps avoid collisions by giving future possible trajectories to the planner,
which the planner can use to plan collision-free local paths. This is very similar
to what we discussed in first part of C2, where prediction helped to give way to
VOIs by calculating TTC with predicted trajectories. Another similar use case of
predicted trajectories is to apply emergency braking for pedestrians who jaywalk
suddenly in front of the ego-vehicle. Without future motion estimates, a planner
is essentially unaware of any obstacle until the obstacle comes into contact with a
local path of the ego-vehicle. There are a lot of similar real-life scenarios in which
motion prediction plays a crucial role.

The development of an autonomous vehicle requires these scenarios to be ad-
dressed efficiently. Moreover, every scenario tackled by the autonomy pipeline
has some level of dependency on modules of the autonomy stack (Further ex-
plained in next section). These scenarios are often tackled on the development
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level with rigorous testing. In such regards, it is difficult to track what overall
improvements have been made to the autonomy. The second part of C2 helps us
answer this question, i.e., how solving scenarios helps to improve the performance
of autonomy (which is also the second part of [RQ2]).

4.2.1. Inter-modular Dependencies in Autonomy Stack

Identifying module-level dependency of scenarios is critical since it is practically
impossible to pinpoint why autonomy is under-performing in a particular traffic
situation. Let us consider 10 NHTSA CARLA scenarios [74]. Table-12 lists these
scenarios with their ADS’s module-level criticality.

Localizer | Detector | Tracker | Motion Predictor | Planner | Controller

Scenario-1 Critical Not Used | Not Used Not Used Critical Critical

Scenario-2 | Moderate | Moderate | Critical Not Used Moderate | Moderate
Scenario-3 | Moderate Critical Critical Critical Moderate | Moderate
Scenario-4 | Moderate Critical Critical Critical Moderate | Moderate
Scenario-5 | Moderate | Moderate | Moderate Critical Critical Moderate
Scenario-6 | Moderate Critical | Moderate Critical Critical Moderate
Scenario-7 | Moderate Critical | Moderate Critical Moderate | Moderate
Scenario-8 | Moderate Critical | Moderate Moderate Moderate | Moderate
Scenario-9 | Moderate Critical | Moderate Moderate Moderate | Moderate
Scenario-10 | Moderate Critical | Moderate Moderate Moderate | Moderate

Table 12: CARLA Leaderboard’s NHTSA scenarios with potential criticality ac-
cording to the modules of ADS. Here, critical means that the module plays a
crucial role in the scenario output state, moderate means that the module with
reasonable performance should be enough to pass the scenario successfully, and
Not Used shows that the module is not playing any active role in passing/failing
of the scenario. (Referred from P3)
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Scenario-1, also defined as "Ego control loss due to bad road conditions," is
critically dependent on the localizer, planner, and controller since the ego vehicle
doesn’t encounter any dynamic obstacle, i.e., there is no need to detect, track, and
predict the motion of any dynamic obstacle in this situation.

Scenario-2, which is defined as "Leading vehicle decelerates abruptly," is crit-
ically dependent on the tracker since keeping track of the speed of the leading
vehicle is the main task of the tracking module. While the tracker is crucial here,
this doesn’t necessarily mean that other modules are irrelevant; in fact, the tracker
is dependent on detections by the perception module. Similarly, a lousy localiza-
tion will also affect the lateral and longitudinal relative position of the ego-vehicle.
Here, we emphasize that there is always some level of dependency of a scenario on
a module that is actively participating in the decision-making process. In Scenario
2, we mark localizer, detector, planner, and controller with moderate dependency.
Moreover, we mark the prediction module as not used since if predictions were
absent, the tracker would still give relevant information to the planner to deceler-
ate quickly.

Scenario-3 is defined as an "Unexpected obstacle in front of ego-vehicle" and
is critically dependent on the detector, tracker, and motion predictor. Here a pedes-
trian walks in front of a moving ego-vehicle. The first critical thing here is to
detect the pedestrian in time. Secondly, the speed of the pedestrian should be
tracked well, and finally, if there is the possibility of estimating the collision with
the pedestrian before even the pedestrian has entered the ego vehicle’s future path,
the ADS should use it. Hence, the performance of ADS can be improved in this
scenario if the detector, tracker, and motion predictor play their role efficiently.

Scenario-4 is defined as an "Ego-vehicle turning left on route." Here, the ego-
vehicle turning left might need to give way to another vehicle with priority, as
discussed in first part of C2, so scenario 3 is critically dependent on the detector,
tracker, and motion predictor.

Scenario-5 is described as an "Ego-vehicle highway merge." Here, the ego-
vehicle only intends to merge into a highway and may need to give way to a
priority vehicle in a specific lane. Here, the motion predictor and planner are
crucial, assuming that a moderate level of performance is given by the object
detector.

Scenario-6 is titled "Ego-vehicle maneuver in the opposite lane." The scenario
description says that due to road blockage, the ego-vehicle needs to maneuver in
an opposite lane where there is an on-coming vehicle. Here, the ego-vehicle needs
to detect the on-coming vehicle in a timely manner before maneuvering into the
opposite lane and giving way to the vehicle. We mark the detector and motion-
predictor as critical modules of dependency in this scenario.

Scenario-7 happens on a signalized junction and is titled as "Unprotected left
turn at intersection with oncoming traffic". The ego-vehicle follows the traffic
signal, turns left while yielding for the on-coming traffic. Here, the ego-vehicle
should detect the on-coming vehicle timely and also have good prediction accu-
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racy to avoid crashing. We mark detector and predictor to be critical modules of
dependency in this scenario.

Scenario-8 happens on an unsignalized junction and is titled as "Obstacle
avoidance with prior action - pedestrian or bicycle." The ego-vehicle turns left
with priority and gives way to pedestrian or bicyclist who is already on the cross-
ing. Here, the ego-vehicle should detect the pedestrian or bicyclist timely thus we
mark detector to be critical module of dependency in this scenario.

Scenario-9 happens on an unsignalized junction and is titled as "Obstacle
avoidance with prior action - vehicle." The ego-vehicle turns left with priority
and encounters a stopped vehicle. Here, the ego-vehicle should detect the vehicle
timely thus we mark detector to be critical module of dependency in this scenario.

Scenario-10 is titled as "Pedestrian emerging from behind parked vehicle."
The ego-vehicle encounters an pedestrian emerging from behind a parked vehicle
and advancing into the lane. Here, the ego-vehicle should detect the pedestrian
timely because as soon as the obstacle appears its on the ego-vehicle’s lane and
ego-vehicle should immediately apply brakes. We mark detector to be critical
module of dependency in this scenario.

The assumption of a module’s criticality is meant to explain the difficulty of
tracing autonomy failures to their origin. In actuality, all modules of the autonomy
pipeline play a crucial role in final decision-making. Having such assumptions
w.r.t scenarios can assist ADS developers in designing and evaluating modular
updates to the ADS iteratively.

4.2.2. Scenario-based Development & Evaluation Cycle

The University of Tartu, in 2022, started developing an in-house open-source ADS
called autoware_mini [75]. In P3, we use autoware_mini as a case study to pro-
pose a scenario-driven development and evaluation strategy to keep track of the
overall performance of the autonomy. The idea of continuous evaluation of ADS
during development is built around how solving scenarios is essentially what an
AV does whenever autonomy is engaged. During ADS development, multiple
teams continuously develop different modules of autonomy, and each team pro-
poses new updates simultaneously. In previous section, we discussed that the
performance of an ADS should be validated from the lens of scenarios. For exam-
ple, a new feature update in a specific module could perform well in unit tests but
might fail to give better performance when tested on specific scenarios indepen-
dently and holistically. For this, a scenario-driven development and evaluation on
an abstract scale is shown in figure-14. At any moment of development, we can
break down the steps of the proposed development and evaluation as follows:

1. A development team publishes a new feature update for an ADS module.

2. The feature goes through SIL testing. In this phase, the module is tested
against module-oriented scenarios. For example, Scenario-3 from Table-12
can be used in SIL evaluations for detector, tracker, and motion predictor
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Figure 14: An abstract view of scenario-driven development and evaluation. Here,
SIL evaluations are module-oriented and holistic evaluations are ADS oriented.
(Referred from P3)

module updates since these modules have a critical dependency for this
scenario. This evaluation keeps going until the feature is mature enough.

3. Once a development team is comfortable with the next step, the feature
staged for holistic testing. In holistic testing, a set of generic scenarios is
used to evaluate the overall performance of the autonomy with the new fea-
ture. In P3, we use CARLA leaderboard for getting final autonomy score.
The formulations are as follows:

Route Completion Percentage of route completed by the autonomous agent.

C:
o = Ez * 100,
1 N

i

Here, N denotes the total number of route scenarios, R; shows the
total number of route waypoints of i route and C; is the total number
of completed waypoints by the agent on i route. ¢ is percentage of
completed i route and RC mean route completion score over all route
scenarios.

Infraction Penalty An aggregation of all the infractions triggered by the
agent as a geometric series. Agent gets a 1.0 score with zero infrac-
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tions and the score gets reduced as infractions increase.

ped,...,stop

Bi — H (pj)infractions,-j ’
J

1 N
IP = Nzi: B: (4.6)

Here, N denotes total number of route scenarios, p; is 7™ penalty oc-
curred a route. f3; is the total penalty score of i route and IP is the
mean infraction penalty score overall route scenarios.

Driving Score A product of route completion and infraction penalty. This
is the main evaluation metric of the leaderboard i.e. one value that
tells the overall performance of the ADS.

1 N
DS = N zl: (Xiﬁ,' (4'7)

Here, N denotes the total number of route scenarios and DS total av-
erage driving score over all routes.

4. The driving score with the new feature is compared with previous scores to
check if the overall performance has improved or degraded. Based on this
decision, a feature update will be either rejected or accepted.

4.2.3. Experiments & Evaluations

With the above-proposed development and evaluation cycle. We showed two fea-
ture updates as experiments. These updates come in the form of two models.
A new 3D detector in the detection module and a naive motion predictor in the
prediction module of the autoware_mini. The default 3D detector used by auto-
ware_mini is a clustering-based detector that first removes the ground points from
LiDAR point cloud and later clusters the non-ground points as obstacles. The
tracker then tracks these obstacles, which are further processed by the planning
module of our ADS. As a first step, the perception team proposes a new 3D detec-
tion model called SFA (Super Fast and Accurate 3D Object Detection) [76]. This
is a machine learning-based model that not only detects the dynamic obstacles but
also classifies them. Ideally, this model solves the problem of having so many
false positives. For example, see figure-15, where both detectors are compared
side-by-side. The clustering-based detector makes anything above ground an ob-
stacle, which often marks curbs, sidewalks, rails, and buildings as obstacles. In
contrast, the SFA clearly removes object cuter and only marks the passing car as
a dynamic obstacle. The results are very promising when tested individually on
module-oriented scenarios, and the perception team is ready to evaluate the new
model against the whole pipeline.
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Table 13: Clusterer vs proposed feature update’s holistic evaluation score. Refer
to Section-4.2.2 for scoring metrics.

Updates DSt | RCT | IP T
Clusterer (Default) | 36.25 | 58.89 | 0.58
SFA 12.73 | 58.88 | 0.18

SFA + Predictor | 12.73 | 58.88 | 0.18

Alongside the above proposition, the motion prediction team proposes a naive
motion prediction model for initial release. This model will predict the motion
of objects classified as pedestrians. The idea here is that we intend to reduce
the risk of hazards as much as possible. In this context, take the scenario shown
in figure-16 as an example. When prediction is enabled, the hazard of potential
pedestrian collision is identified before the pedestrian enters the ego vehicle’s col-
lision boundary. This is due to the fact that the planner took into account the
potential future trajectory of pedestrians. Without prediction, we would have just
identified that there is a pedestrian nearby the future local plan of ego-vehicle, but
we wouldn’t have identified how hazardous the situation is until the pedestrian
stepped onto the road.

Table-13 shows the evaluation score of the ADS, where we essentially com-
pare the default clustering detector with the proposed two feature updates above.
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Figure 15: Cluster vs SFA model. (Referred from P3). Here, a) and b) show
clustering-based detection output whereas c) and d) show SFA’s detection output.
The numbers are track ids of the detected objects.
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Figure 16: An example scenario of early risk identification using using motion
prediction. (Referred from P3). Here, a) shows the scenario setup scene where
a pedestrian is marked with red bounding box, b) shows a top-down view of the
pedestrian (yellow sphere) and ego’s local path (the top lane in green) without
predictor update, and c) shows a top-down view of pedestrian and ego’s local path
with predictor update (predicted trajectory of pedestrian intersecting ego’s local
path). Notice that in c) ego’s path is blocked (red stop line marked as stopping
point for ego-vehicle) even though pedestrian has not yet entered the collision
boundary of ego’s local path.

Here, we see the scenario-driven development in action, i.e., our initial module-
level scenario assessments showed promising results for both of the proposed up-
dates. Still, the holistic scores tell a different story. The overall performance of
autonomy degraded with with new detector and motion predictor. By qualitatively
analyzing and replaying the evaluation pipeline, it was deduced that the SFA 3D
detector, though it has relatively better precision compared to clustering-based de-
tector, but it has a very low recall for pedestrians and objects with small bounding
boxes. This led to very high penalties because more collisions with pedestrians
were encountered with the new model. In contrast to this, the clustering algorithm
primarily detects even tiny amounts of LiDAR points above the ground as obsta-
cles; thus, we see less collision penalization for it. In conclusion, no matter how
promising the new updates look, they are postponed until a better 3D detector is
introduced.

4.3. Summary

This chapter discusses the practical implications of motion prediction in solv-
ing real-life traffic scenarios and its impact on the performance of the autonomy
pipeline keeping in view the [RQ2] of the thesis. In this regard, we first explored
P2, where we addressed a very common yielding scenario in daily driven traf-
fic and solved it using a multimodular prediction model that projects multiple
hypotheses over a static map. The results of the yielding decision-making were
affected by the perception bottlenecks of the ADS’s modular pipeline. This led
us to do an in-depth analysis of how the performance of the autonomy pipeline
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can be tracked well using AD scenarios in P3. We analyzed the inter-modular
dependencies of a modular ADS w.r.t to NHTSA traffic scenarios and proposed
a scenario-driven development and evaluation cycle for ADS development. We
used motion prediction and perception module updates as case studies and evalu-
ated them using the proposed evaluation framework. The chapter concludes with
quantitative comparisons of autonomy performance on a holistic level.

The key takeaways for [RQ2] are as follows:

¢ In absence of reliable motion estimates, we couldn’t have addressed the
yielding decision making efficiently in P2. In general, motion prediction
is crucial for solving many real-world scenarios and even naive prediction
methods are sufficient which are usually available as of-the-shelf solutions.
Additionally, there are some caveats with motion prediction for example, it
should only be used on-demand i.e. if in P2 we evaluated predicted trajec-
tories of other agents all the time, it would have led to unnecessary braking
which is dangerous.

* Depending on the scenario which an AV is encountering, prediction module
can have critical dependency on upstream and downstream modules of an
ADS. Having a better prediction module doesn’t always guarantee an in-
crease in overall performance of autonomy unless upstream modules such
as perception keep up with it. Same statement is valid for downstream mod-
ules too. For this reason, apart from module level (SIL) evaluation an ADS
should also be evaluated holistically and scenarios are cornerstone in such
type of evaluations.
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5. GOAL-CONDITIONING IN MOTION PREDICTION
(CONTRIBUTION IiI)

So far, we have addressed RQ1 and RQ2 in detail, but RQ3 requires a much
deeper understanding of recent literature. To build a motion prediction model that
not only does the job but can also beat the current SOTA in a public benchmark,
we essentially have to see what the modeling trends are nowadays in designing
motion prediction models. To get a better understanding of the latest trends, we
turn towards Chapter-1 and Chapter-3. Since the boom in deep learning, a signif-
icant number of research on prediction models today is built on top of learning-
based models as mentioned in Chapter-3. Early works in learning-based models
include [77][78][79], which use vanilla CNN for encoding rasterized top-down
semantic view of the scene. Rasterization is often compute-intensive and is not
suitable for real-time applications. In 2020, a different modeling approach was
proposed by VectorNet [80], in which the input is a sequence of structured vec-
tors instead of dense rasters. This approach drastically improved computation
time and the model outperformed various existing benchmarks. From Vector-
Net onwards, most of the works have entirely moved away from the rasteriza-
tion of scenes. In very recent trends, researchers have exploited the graph struc-
ture of the road network for encoding static scene features and dynamic context
[58][81][82][83][84]. Here, we see a blend of multiple neural network architec-
tures, such as transformers, graph neural networks and recurrent networks, etc,
for encoding relevant input and decoding trajectory outputs.

Keeping in view the current trends, in C3, we build a motion prediction model
that is inspired by [58][82][83][84]. While these works encode both temporal and
spatial scene context, they are less attentive towards target-centric goal nodes. We
argue that an additional step of goal-conditioning and cross-attention will cap-
ture future dependencies better than the previous methods. In C3, We propose
Graph Conditioned Goal Attention (GC-GAT): a multimodal trajectory prediction
network conditioned on agent-centric graph goals.

5.1. Methodology

This section describes our proposed model with inputs and outputs to and from
the model along with the main architecture of the model.

5.1.1. Problem Statement

Referring to the original problem statement of the thesis in equation-(2.1), there
is a slight modification of symbols in C3, as shown below.

N

Yo =S (X#',C) (5.1
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Ai,,:t is replaced by X;'h:t representing a sequence of agent history. M is replaced
by C, which represents static scene context vectors. The rest of the problem state-
ment stays the same.
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Figure 17: Model architecture of GC-GAT referred from C3. Here, the data flows
from left to right in each row, and the architecture should read in the same manner,
going from top to bottom.

5.1.2. Input

The proposed model’s input has two parts as shown in equation-(5.1). The agent
X' historical data consists of X; = (xi,vi,vi,a;,w;, 1) € R® where x;,y; are 2D top-
down spatial coordinates of the agent v;, a;, w; represent speed, acceleration, and
yaw_rate. Here, I is a boolean flag for the pedestrian class. For static context C,
the HD map is represented in the form of a directed lane-node graph. Essentially,
the context C is a super-set of V.= {Vj,...,V, },v € N which is a set of lane graph
nodes where each node consists of equidistant segments of lane center lines. A vth
node is represented by V,, = (x),y", 6, I') where x,y,, 6} are spatial coordinates
with yaw for the nth pose of vth’s segment. Analogous to dynamic context, /),
is a boolean flag identifying whether lane segment’s pose is inside a stopline or
crosswalk.

5.1.3. Output

The output trajectory of the model is perfectly represented by equation-(2.1) and
equation-(5.1) i.e. f(; +1uapk - To further elaborate this, the output consists of a
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sequence of spatial coordinates, Y, , = {(x ,,¥! .|t = 1,...,t7} where (x/ Vi) s
the ith trajectory point of kth hypothesis at ¢ timestep.

5.1.4. Model

GC-GAT’s architecture diagram is shown in figure-17. The model follows famous
encode-Interactor-decoder architecture. These are explained as follows:

Encoder. The very first step of GC-GAT is encoding both scene features and
dynamic agent histories. Both static and dynamic context has spatial coordinates
along with temporal dimension. The input to the model is first processed by sim-
ple Multi-Layer Perceptron (MLP) and then handed over to lightweight Gated
Recurrent Units (GRUs). Once the spatial and temporal features are encoded they
are further processed by Multi-Headed Attention (MHT) layers. For example, a
cross attention between other agents and nodes of the lane graph is calculated to
encode the interaction of surrounding agents with the map elements. As the final
step of encoding, the model exploits the graph structure of the lane nodes and ap-
plies a GNN (Graph neural network) layer on previous encoding called lane enc
in figure-17. The encoder layers of our model can be formulated as follows:

htarget = GRU(MLP(Anget))’
Ry = GRU (MLP(A ),
Riane = GRU (MLP (V)

Here, hiarger» Mupr, and hyqp. are independent hidden encoded states of the target
agent, neighboring agents, and lane nodes, respectively. Once we obtain these
hidden states, the encoder applies a MHT layer between h,;, and h;,,.. This
captures the first cross-interaction between neighboring agents and the lane nodes.

Atnnll = MultiHead(anrvKlunea Vlune)>

hlane = hlane @Atnan
hlane - GNN(hlane)

Interactor:. The interactor is responsible for modelling interactions between
different scene elements. The encoding outputs specifically lane_enc and tar-
get_enc are consumed multiple times in interactor. The hidden features of target-
agent, neighbouring agents and lane are first fed to MHT layers to capture cross-
attention between the dynamic and static context. These attentions are represented
as:

Atngy = MultiHead(Qturget s Kiane Vlane) )

Atnpg = MultiHead(Qtarget  Kobrs anr)

Here, Atnyy; is target-agent to lane graph attention and Atny,, is target-agent to
neighbour agents attention. These attention outputs are consumed by two different
branches of the model.

54



In the second step, a target-centric goal predictor computes goal probabilities
for the lane node graph. Initially, a simple MLP is applied over the concatenated
hidden encodings of the target agent and lane graph. The output encodings are
then processed by the Gumbel-Softmax to obtain soft samples. /g, represents
the goal node encoding which are extracted by taking weighted sum of Ay,,, and
gumble-soft samples. These interactor layers can be formulated as follows:

Senc — MLP (htarget S¥ hlane);
Sweighted = G”mbelsoftmax(genm T)7
_ (i) (i)
hgoal - Z 8 V\l/eightedh lalme’
i

hg()al = Atng @ hgoal

In the third step of the interactor, the target encodings are concatenated with
Atny,. Afterward, k., embeddings are added and fused with four different atten-
tion layers, each capturing k mode-oriented attention over the hidden encodings.

hturget = htarget @Atnﬂ[ @Atnﬂ(u

kemp = nn.Embedding(K, D),

kemb = Kemp + htargeta

Atny,, o = MultiHead (Q,,,, Ky, V),

emb?

kene = norm(Atny,, ,»x)

Here, k.., represents a trainable embedding matrix initialized randomly, with K
being the number of trajectory modes and D the dimensionality of each embed-
ding. Atny,, o, represent MHT layers for capturing k modded attention between
kemp and x, where x are hidden encodings consisting of ;arger , hiane, fnpr and hgoq -

Decoder:. The decoder is inspired from [11][82] and [84] where we make use
of Laplacian mixture density network. At the first step we use an MLP to extract
k-mode probabilities g, where mx is merely a Laplacian mixing coefficient. Af-
terward, a Gaussian noise z is added to /;4rge; €ncodings. This helps to capture
longitudinal variability in the predictions. Afterwards, the aggregated encodings
htarger @ Kene are then processed in a GRU cell for decoding the temporal dimen-
sion of the output as suggested by [82]. These network layers are formulated as
follows:

Tk :MLP(kenc)a

htarget = htarget Dz~ c/V(O, 02),
OUltemp = GRU(htarget s> kenc)
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A Laplace distribution is represented by three parameters i.e. location u, scale
b and mixing coefficient 7x. Since 7k is already calculated in the previous step.
{Uk,bk} are predicted by the two MLPs.

Ux = MLP(outsemp),

bx = MLP(outemp)

Loss function:. We leverage different types of loss functions for GC-GAT.
These include Laplace negative log-likelihood, cross-entropy losses for trajectory
regression & mode classification and finally a classical minADE loss between
predicted trajectories and the ground-truth. Thus, the equation-(2.2) changes as
follows:

2 = Lreg +Leis + Lape (5.2)

5.2. Evaluations

Table 14: GC-GAT’s Benchmarking results on nuScenes test set. The best scores
are marked in bold and second best scores are marked with astrick an ’*’. (Re-
ferred from C3)

Works MinADE;s | | MinADE | | | MissRates | | MissRate( | | OffRoadRate |
MultiPath [85] 2.32 1.96 - - -
CoverNet [79] 1.96 1.48 0.67 - -
Trajectron++ [72] 1.88 1.51 0.70 0.57 0.13
AgentFormer [86] 1.86 1.45 - - -
MHA-JAM [87] 1.81 1.24 0.59 0.46 0.07
CXX [88] 1.63 1.29 0.69 0.60 0.08
LaPred [89] 1.47 1.12 0.53 0.46 0.09
GOHOME [90] 1.42 1.15 0.57 0.47 0.04
Autobot [91] 1.37 1.03 0.62 0.44 0.02
THOMAS [92] 1.33 1.04 0.55 0.42 0.03
PGP [11] 1.27 0.94 * 0.52 0.34 0.03
XHGP [83] 1.28 0.95 0.53 0.34 * 0.03
MacFormer [93] 1.21 * 0.89 0.57 0.33 0.02
LAformer [82] 1.19 1.19 0.48 0.48 0.02
GC-GAT (Ours) 1.19 1.06 0.52 * 0.49 0.03 *

For C3 we turned toward public dataset to make a distinct comparison be-
tween current SOTA. Specifically, we train, test, and validate our proposed model
on the NuScenes [22] prediction dataset. We employ the standard nuScenes eval-
uation metrics which include minimum average displacement error or point-wise
L2 error between prediction and ground-truth over top K modes (MinADEk), fi-
nal displacement error over top K modes (MinF DEk), miss rate over K modes
(MissRatek,2) which is pointwise distance between predicted trajectory and ground-
truth trajectory and finally, off-road rate, that measures the fraction of how much
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of the predicted trajectory is going beyond the drivable area. The benchmark-
ing results of our model are reported in Table-14. Our model achieved a score
comparable to the current SOTA on the nuScenes leaderboard.

5.3. Integration Limitations

In contrast to other contributions, this study is conducted on a clean, publicly
available dataset. The next step from training and validating a model on the clean
dataset is to make it usable on an actual vehicle. While GC-GAT’s explicit evalu-
ation on an autonomous driving stack hasn’t been performed due to the scope of
this study. The model can be adapted to a practical autonomy pipeline, but there
are some caveats. Most existing works on motion prediction nowadays have the
inherent problem of adaptability, i.e., adapting these models to practical autonomy
pipelines suffer from performance disparity AKA dynamics gap [94]. Neverthe-
less, the existing models can be ported to any ADS, and a dynamic evaluation
mechanism as proposed by [94] can be employed to evaluate real-time perfor-
mance.

5.4. Summary

In this chapter, we summarized C3 of the thesis, which delves into the archi-
tectural design of the motion prediction model. In C3, we designed a motion
model that treats static map lanes as road graphs and predicts trajectories over
goal condition graph nodes. The model is built using different flavors of neural
network layers handpicked from SOTA literature. In addition to making use of
existing literature we demonstrated that goal conditioning captures future depen-
dencies better than previous methods giving robust results. Our proposed model
was rigorously evaluated on the widely recognized nuScenes dataset, and we re-
ported competitive performance on the official public leaderboard. The results
indicate that our method achieves accuracy on par with current state-of-the-art
(SOTA) techniques while offering additional interpretability and robustness. Be-
yond the technical design and benchmarking, we also conducted a critical analysis
of the practical challenges involved in transitioning such dataset-specific models
to real-world autonomous driving systems. This includes discussions around de-
ployment and the dynamics gap between offline benchmarks and online system
performance. These reflections are crucial for understanding both the potential
and the limitations of deploying learning-based motion prediction systems in real-
world autonomy pipelines.
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6. DISCUSSION

In this chapter we discuss the key contributions of the thesis. Here, we will re-
visit C1,C2 and C3 and highlight the strengths and limitations in an overarching
manner.

6.1. Taxonomy of Motion Models

To understand different types of motion prediction models in autonomous driving,
we presented a novel taxonomy that categorizes prediction models into three in-
dependent dimensions i.e. modeling approach, output type and situational aware-
ness. Each of these dimensions gives an overall understanding of specific aspects
of the prediction model. For example, modeling approach essentially identifies
types of motion modeling methods. Output type lists possible model outputs in-
dependent of what modeling approach was used by the prediction model. Lastly,
situational awareness lists level of awareness of a prediction model. While the
proposed taxonomy covers most aspects of prediction models, one possible miss-
ing dimension is the type of input they receive. We argue that this is inherently
addressed through situational awareness i.e. models rely on two forms of con-
text dynamic and static and their awareness level depends on how richly they are
informed by these inputs.

The proposed taxonomy also yielded a secondary benefit, it allowed us to
assess strengths and shortcomings of prediction models w.r.t each dimension as
listed in Table-3, 4 and 5. These insights were useful for informed baseline model
selection for the next contributions which differ for C2 and C3, as C2 examines
the integrated aspects of prediction models, whereas C3 explores them from stan-
dalone perspective.

6.2. Motion Prediction and Traffic Scenarios

With informed understanding of different types of prediction models from C1, the
next step of the this thesis involved understanding how prediction help us address
real world scenarios and behavior of prediction model in integrated system. In C2,
we explored prediction as integrated module of the ADS. Here, we addressed one
of the most common yet challenging scenarios in autonomous driving i.e. yielding
for other vehicles using motion prediction by proposing a 3 step solution which
was rigorously tested and evaluated in both simulation and real-world. From the
taxonomy proposed in C1, we observed that although learning-based models of-
fer stronger generalization capabilities, they were unnecessarily complex for ad-
dressing the underlying yielding scenarios. In our case, a simple kinematic model
allowed us to rapidly prototype an effective yielding solution. It does not nec-
essarily mean that kinematic models are the optimal choice overall, rather, they
serve as a practical alternative until a custom-trained or fine-tuned learning-based
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prediction model becomes available. In our experiments, the employed prediction
model in C2 can be categorized as physics-based, multimodal, unware model.
Interestingly, we were able to achieve the multi-modality by simply rolling out
trajectories along relevant lanes under the target vehicle assuming forward mo-
tion profile. Additionally, even though the employed prediction model isn’t aware
of other surrounding agents it more or less worked for yielding scenario since
capturing inter-agents iteractions among other dynamic agents was not the pri-
mary objective here. One could argue that a sophisticated learning-based model
would have given us same if not better yielding performance or in other words the
prediction performance difference would be negligible for the specific scenarios
we were trying to solve. On the contrary, the main bottleneck we faced wasn’t the
performance of prediction itself but the perception errors which had a trickle down
effect on prediction and planning module. Moreover, we also identified absence
of a scenario driven evaluation framework that could evaluate the performance of
one or multiple modules of the ADS.

The above shortcomings triggered research for the second part of C2. We es-
sentially wanted a framework in which performance of the autonomy on module
level and holistic level could be evaluated using scenarios while developing our
in-house ADS Autoware-mini [75]. For this, we first analyzed scenarios with
respect to their criticality level on modules of autonomy. Here, we turned to-
wards CARLA simulator and its existing leaderboard instead of developing a
benchmarking mechanism from scratch. For initial tests, we worked with 10
NHTSA scenarios in the testing system. We saw proposed evaluation framework
in action when two concurrent module level updates (perception and prediction
model) were added in the testing system for benchmarking. The module-level
tests showed significant performance gains in autonomy, whereas the holistic eval-
uations revealed an overall performance degradation, leading us to defer the pro-
posed updates. This established a strong benchmarking system for ADS develop-
ers, enabling them to efficiently observe performance differences across modular
updates before conducting real world tests.

From the point of view of vehicular yielding scenarios which we evaluated in
P2, this system fits well, as we only need to create relevant yielding scenarios and
add them to the scenario pool. The main limitation is that scenario creation is often
time consuming, and we did not explicitly include the P2 scenarios in P3 due to
the scope of the study. However, P3 does showcase a pedestrian emergency brak-
ing/yielding scenario as an example demonstrating usability of the framework.

6.3. Goal-Conditioning in Motion Prediction

C3 represents another informed extension of C1, similar to how C2 emerged as
an informed outcome. The key difference is that in C3, prediction is treated as a
standalone module rather than being restricted to an integrated system. No scenar-
ios were involved, which gave us the liberty to work with preprocessed datasets
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and to evaluate our results on existing public leaderboard benchmarks. The main
objective of C3 was to create and validate a prediction model. From C1 and C2,
we already established that learning-based models offer stronger generalization
capabilities. C1 further showed that multimodal prediction outputs are effective,
provided that each mode captures a diverse hypothesis. Finally, we found that
situationally aware models give a much deeper understanding of traffic compared
to unaware models.

The above understanding already sketches a picture of how a baseline model
for C3 would look like. In such regards, we chose [11] as our baseline which is
a learning-based, map+interaction-aware, multimodal prediction model and pro-
posed new architecture inspired from it. The proposed architecture is famous
encoder-decoder architecture where an interactor module sits in between them.
The major novelty of C3 comes from interactor module where we introduce goal-
encodings and use them in cross-attention with other encodings essentially mak-
ing the model goal conditioned. In contrast, [11] relies on graph traversals in this
component. This also means that we didn’t had to employee an explicit behaviour
cloning loss function for training graph policy traversal header instead we directly
used log-likelihood and cross-entropy losses for trajectory regression and mode
classification. In addition to this, we also incorporated minADE into the loss
function, thus aligning the training objective more closely with one of the key
evaluation metrics of the nuScenes dataset on which the model was trained and
evaluated. Moreover, to ensure that the model generates diverse outputs rather
than collapsing all predictions into a single trajectory (the mode-collapse prob-
lem), we employed a winner-takes-all loss strategy. In this approach, the loss is
computed only between the ground-truth trajectory and the highest-scoring pre-
dicted mode, while the other predicted modes remain independent of backprop-
agation. This encourages the network to spread its predictions across multiple
plausible trajectories.

One additional aspect of the proposed model in C3 is that its a single-agent
trajectory predictor as it is inspired from its baseline’s [11] architecture (which
is also a single-agent predictor). The proposed architecture would require signif-
icant modifications to make it a multi-agent predictor. The nuScenes prediction
API gives agent level information in global frame-of-reference. At the moment
we translate the whole top-down scene into any agent’s relative frame-of-reference
making the whole scene revolve around the target-agent. We would need to re-
move the concept of target vehicle and since networks don’t generalize on absolute
coordinates we would need to make an assumption of ego-vehicle (which at the
moment there isn’t in the nuScenes dataset) from one of the target vehicles and
evaluate surrounding agents as whole at the last step. Multi-agent setting is not a
part of this work.

Overall, the proposed model in C3 achieved performance comparable to the
SOTA on nuScenes dataset. The proposed model outperforms the chosen baseline
in minADE for top-5 highly likely trajectories. Qualitatively, our model showed
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diverse logical trajectories due to the element of goal conditioning. However,
the model had two most prominent generalization limitations i.e. firstly, predicted
trajectories sometime go over non-drivable islands and secondly, model can some-
time predict illogical goals e.g. goals over wrong lanes. On the brighter side, these
limitations mostly occur over less likely predicted modes. Finally, we concluded
C3 with a discussion about the dynamics-gap problem, which highlights the per-
formance disparity that can occur when models trained on preprocessed datasets
are deployed on real-time integrated systems, similar to what we had in C2.

6.4. Summary of Insights

Among the three contributions of the thesis, the overarching goal was to investi-
gate motion prediction for autonomous driving both as an integrated module and
a standalone learning component which has been largely achieved. One key in-
sight emerges from this work is that the effectiveness of a prediction model is
very much dependent on its Operational Design Domain (ODD) and context. In
C1, we established strengths and limitations of different types of prediction mod-
els but C2 gave us the realization that it is not about the best type of prediction
model in general rather it is always about the type of prediction model that is
most effective in the specific context i.e. often less sophisticated models work
in real ADS pipelines. In real ADS, the errors in upstream modules specifically
perception module often dominate prediction’s performance. Moreover, improv-
ing one module in isolation doesn’t necessarily guarantee holistic improvement in
the performance of the ADS. From the perspective of standalone prediction in C3,
we established that multi-modality, situational awareness, and architectural design
are key contributors to the performance of standalone prediction models which is
precisely what C1’s taxonomy informed us. At the same time we also established
that this performance factor is only effective when prediction is treated as an iso-
lated module of the autonomy which mostly works in case of preprocessed public
datasets but is not the case in real pipelines as informed by C2.
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7. CONCLUSIONS

This work revolved around solving real-life autonomous driving scenarios using
motion prediction module of the autonomy stack. The research conducted in this
thesis enriches existing autonomy solutions and is potentially applicable to newer
autonomy pipelines in general.

To address [RQ1], we conducted a profound literature review of motion pre-
diction and introduced a novel taxonomy that categorizes models based on their
input/output formats and modeling characteristics. In C1, the proposed taxonomy
offered a clearer understanding of how prediction models should be systemati-
cally grouped and what capabilities can be expected from each category from the
perspective of autonomous driving.

We addressed [RQ2] by applying motion prediction models to real-life and
simulated scenarios, giving us a rich picture of how well motion prediction works
in action and what are its potential performance blockers. In C2, we employ mo-
tion prediction to solve multiple real-life autonomous yielding scenarios, which
quite frequently occur in daily driving. We proposed an open-source give-way
area navigation solution on an existing Open-source ADS (Autoware), which is
extensively used by the industry and academia, making our research more valu-
able to both applied engineers and researchers.

As a follow-up, In C2, we extended our previous work by proposing an evalua-
tion mechanism of ADS development on both holistic and modular levels. In this
work, we specifically tuned our experiments in a way that shows the feature de-
velopment of the motion prediction module and its tightly coupled predecessor in
the ADS pipeline, the perception module. In C2, we not only address real-life sce-
narios using motion prediction but also discuss how module-level shortcomings
can bleed into successor modules of a modular AD pipeline.

Finally, for [RQ3], In C3, we constructed and validated a novel motion predic-
tion model on a public dataset, which not only gave us insights into developing
motion prediction model but also landed us in competition with the current SOTA
on a public leaderboard.

Overall, these contributions represent significant advancements in autonomous
driving from a research and practical ADS development perspective, giving ro-
bust insights about how specific traffic scenarios can be solved by incorporating
prediction knowledge into navigation decision-making and what short-comings
are faced while incorporating classical and/or data-oriented models into practical
autonomy pipelines. The collective findings emphasize that prediction’s perfor-
mance is highly dependent on application context (integrated or isolated) and that
the improvements in isolation do not guarantee system level gains.
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7.1. Future Work

This thesis offers a bright opportunity for new research that can be done on top of
it. Following are some of the possible routes that can be taken as a follow-up of
this work:

1. Adaptability: The work done in this thesis blends applied and academic
research. While both research types ideally tend to solve real-life problems,
the applicability of academic research (performed on clean preprocessed
datasets) in real-world comes with many challenges. One such challenge is
domain adaptation i.e. models trained on a particular data could be prone to
distribution shifts when tested on real-life data. Moreover, as discussed in
Chapter 5, adapting any prediction model to practical autonomy pipelines
comes with a dynamics gap. Working on reducing dynamics gap in motion
prediction is one of the possible extensions of this thesis.

2. Prediction Bottlenecks: Motion prediction inherently suffers from pipeline
bottlenecks, i.e., shortcomings of predecessor modules of autonomy are
cascaded into the prediction module, as discussed in Chapter 4. Identifying
and rectifying such bottlenecks is crucial and requires an in-depth analy-
sis of how much of the performance of the prediction module is generally
impacted due to external module factors. This problem is often overlooked
because it is not applicable while working with motion prediction datasets
but it has a visible impact on overall performance of the autonomy when
working with autonomy stacks in general.

3. Architectural Designs: A classical follow-up of this work is to further

improve the modeling architectures. Every day hundreds of SOTA models
are introduced in research, which employ the latest advancements in deep
learning-based model design. Here, a good follow-up would be to start
with a goal-based prediction model and refine it such that the short-comings
we experienced in Chapter-5 (illogical goals, wrong trajectories) can be
addressed.
In general, the performance of solving real-world scenarios using motion
prediction can further be improved if one can either work on one or a combi-
nation of the above-mentioned prospective areas of research as a follow-up
of this work.
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SISUKOKKUVOTE

Reaalsete liiklusolukordade lahendamine isejuhtivates
autodes liikumise ennustamise abil

Isejuhtivate sdidukite valdkond on viimase kiimne aasta jooksul kiiresti arenenud.
Sellele on oluliselt kaasa aidanud tehisintellekti plahvatuslik areng. Transpordiet-
tevotted iile maailma vdistlevad omavahel, et jdouda esimestena osalise voi tdieliku
autonoomsuse rakendamiseni. Et uusimad teadustulemused jouaksid kiiresti prak-
tilisse kasutusse, on votmetidhtsusega tihe koostdo ettevotete ja akadeemia vahel.

Kaks peamist lihenemist autonoomse séiduki juhtimisele on modulaarne la-
hendus ja nirvivorkudel pohinev (end-to-end) ldhenemine. Praktikas eelistatakse
tihtipeale modulaarset lahendust, sest see jagab keerulise isejuhtimise {ilesande
vdiksemateks mooduliteks. Valitud lahendusest sdltumata on iiheks votmetéht-
susega komponendiks isejuhtivuse juures teiste liiklejate kditumise ennustami-
ne. Edukaks navigeerimiseks keerulistes liiklusolukordades peab isejuhtiv sdiduk
suutma ennustada teiste liiklejate tdeniolisi lilkkumistrajektoore, mis omakorda on
aluseks takistusteta ja ohutu trajektoori valimiseks sdidukile endale. Antud t66s
keskendutakse sellele, kuidas isejuhtiva auto kditumist keerukates liiklusolukor-
dades paremini mdista ning paremaks teha labi teiste liiklejate kéditumise parema
ennustamise.

Alustuseks tehakse pohjalik kirjanduse iilevaade erinevatest liikumise ennusta-
mise modelleerimise meetoditest, et mdista erinevate mudelite tugevusi ja ndrku-
si enne nende rakendamist konkreetsetes liiklusstsenaariumites. Pakutakse vélja
taksonoomia, mis jaotab ennustusmudeleid ldhtuvalt kasutatavast meetodist, vil-
jundist ning olukorrateadlikkusest. See taksonoomia toimib edasise uurimist6o
alusena.

Jargnevas osas rakendatakse erinevaid liiklejate kditumise ennustamise mee-
todeid, et lahendada isejuhtiva auto kditumist keerukates liiklussituatsioonides.
Niiteks pakutakse vélja vabavaraline lahendus “anna teed” olukordade lahenda-
miseks ristmikel, mis kasutab mitmemodaalseid trajektooriennustusi teiste liikle-
jate kohta. See uurimus niitas iihtlasi, kui oluline on ennustusele eelnevate moo-
dulite sisendi kvaliteet, kuna nende puudujiigid kanduvad edasi ka ennustusmoo-
duli tulemustesse.

Seejdrel vaadeldakse kditumise ennustamise mdju isejuhtiva siisteemi toimi-
misele laiemalt. Vilja pakutakse stsenaariumpdhine hindamisraamistik isejuhti-
vuse lahenduste hindamiseks nii mooduli kui terviku tasemel. See annab siigava-
ma arusaama moodulitevahelistest sdltuvustest ja nende mojust erinevates liiklus-
olukordades.

Viimases osas luuakse uus liikumise ennustusmudel, mis saavutab konkurent-
sivoimelisi tulemusi rahvusvahelises vordlustestis. Pakutud mudel kasutab ees-
margipdhist tingimist sdiduradade graafi peal ning viljastab mitmemodaalseid tra-
jektoore. Lisaks arutletakse praktiliste viljakutsete iile, mis kaasnevad tipptasemel
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teadustulemuste integreerimisega olemasolevatesse isejuhtivuse lahendustesse.

Kokkuvdttes ithendab t66 edukalt nii akadeemilise kui ka praktilise uurimis-
t60. See annab olulise panuse autonoomsete sdidukite arengusse, pakkudes pare-
mat arusaama, kuidas liiklusolukordi saab lahendada liikumisennustuse abil ning
kuidas erinevad autonoomia moodulid — eriti just ennustusmoodul — omavahel
tihedalt seotud on.
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