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Abstract

The rapid advancement of autonomous driving technology poses new challenges,
including the e [cieht management and use of large volumes of data generated by
autonomous vehicles. federated learning, which allows for distributed, on-device
learning, has emerged as a potential solution. However, the e [edtiveness of feder-
ated learning in the context of autonomous driving, particularly when faced with
scarce or non-existent labelled data, is still an open question. This thesis explores
this issue, employing semi-supervised and imitation learning methodologies within
the federated learning framework for autonomous driving tasks such as ego-road
segmentation and trajectory prediction. This approach deviates from the conven-
tional assumption of abundant labelled data, aiming instead to maximise on-device
learning from unlabelled data. While our experiments demonstrate the potential of
federated learning in autonomous driving, results indicate that its performance is
currently on par with or slightly less e [edtive than traditional methods for the tasks
we studied. Furthermore, this research underscores the largely untapped potential
of self-supervised learning methodologies within the federated learning framework
for autonomous driving. We argue that further exploration in this area could result
in significant breakthroughs and contribute to a future where autonomous vehicles
can collectively learn without compromising privacy and e Lciehcy.

Keywords: Autonomous Driving, Federated Learning, Machine Learning, Semi-
Supervised Learning, Imitation Learning, Ego-Road Segmentation, Deep Learning,
Computer Vision, Trajectory Prediction, Fleet Learning.
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1

Introduction

Arti cial Intelligence (Al) has emerged as a transformative eld in modern tech-
nology, enabling the development of intelligent systems that can learn, reason, and
adapt to solve complex problems. Machine Learning (ML), a sub eld of Al, focuses
on the development of algorithms that allow computers to learn from data and make
decisions or predictions based on that information. Deep Learning (DL), a subset of
ML, utilises arti cial neural networks to model complex patterns and solve intricate
problems. These techniques have rapidly advanced the capabilities of Al systems in
a wide range of applications across various industries.

Road safety is a pressing global concern, with human errors being the root cause for a
staggering 94% of accidents, as per the report by the National Highway Tra ¢ Safety
Administration (NHTSA) [1]. An e ective countermeasure to this crisis presents
itself in the form of Automated Driving Systems (ADSs), designed to not only
mitigate accident rates but also facilitate humerous additional bene ts, ranging
from emission reduction to alleviating driving-induced stress [2]. Furthermore, with
the potential to yield nearly $800 billion in societal bene ts annually by 2050, ADSs
may revolutionise the way we comprehend transportation by mitigating congestion,
reducing road casualties, conserving energy, and optimising productivity through
e cient time management [3].

The advent of Al-powered vehicles holds the promise of overcoming the limitations
inherent in human-operated transport systems. This arti cial intelligence is immune
to common human frailties, such as distraction, fatigue, and awed judgement, as
stated in [4]. The Al-driven transport era would augment safety by reducing ac-
cidents and providing instantaneous post-accident responses. The substantial au-
tonomy conferred by these Al systems could drastically improve the mobility of
the elderly or individuals with physical impairments, thereby enabling independent
travel [4]. The transition towards fully autonomous transportation is a complex and
lengthy process, marked by varied predictions concerning its timeline [5]. The inte-
gration of fully automated systems is expected to be feasible on a large scale in 15+
years, however, contingent on signi cant advancements in technology, infrastruc-
tural modi cations, and comprehensive revisions to existing regulatory frameworks

[5]

The use of ML and DL in autonomous driving has had signi cant contributions
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to the eld of computer vision (CV). New techniques and methodologies are being
developed to address the unique challenges associated with autonomous driving.
Some of these challenges include but are not limited to, recognition of objects,
mapping, and planning [3], [6], [7]. A new area of research is Federated Learning
(FL), a distributed learning approach that enables multiple devices to collaboratively
learn an Al model without sharing their data, enhancing the possibility of privacy.
This emerging eld holds the potential to further enhance the performance and
accuracy of Al systems in autonomous driving where data might be challenging to
come by, particularly where data privacy is of great concern.

One promising application of federated learning is in driver monitoring systems.
Privacy is a critical factor in such systems as they gather sensitive data about the
driver's behaviour and characteristics. Using federated learning, a model can be
trained to monitor the driver's state without the necessity to share individual driver
data with a central server, thereby ensuring privacy. The application of federated
learning presents the exciting possibility of collaboration in the automotive industry,

a concept where companies cooperate in learning while maintaining their competitive
edge. Multiple Original Equipment Manufacturers (OEMs) can collaborate to train

a shared model, without revealing their unique and valuable data. A similar concept
has already been explored in the pharmaceutical industry for drug discovery, under
the Melloddy project, where various companies cooperate in model learning while
keeping their sensitive data private [8].

Federated learning works by allowing individual devices to perform machine learning

tasks on their local data while periodically aggregating the results on a central server.
The central server coordinates the learning process and ensures that the individual
devices contribute to a joint global model. This approach allows the devices to learn
collaboratively without having to share their sensitive data. While the consensus

among researchers is that federated learning generally performs slightly worse in
contrast to centralised learning on the same available data, the gains in additional

security and privacy can be worth more [9].

federated learning presents potential applications in the eld of autonomous Driving,
extending beyond addressing data privacy concerns. One of its signi cant bene ts

Is the potential to reduce costs associated with data transmission and storage. By
allowing local training of machine learning models on individual devices, federated
learning minimises the need to send data to a central server. Furthermore, this
methodology can be applied across di erent devices or data sources. For example,
vertical federated learning enables collaboration among multiple organisations with
unique datasets on a shared task [10]. Cross-silo and cross-device federated learning
can facilitate collaboration among devices across various organisational units or
device types by allowing access to more data [11].

The availability of labelled data forms the backbone of successful machine learn-
ing and deep learning models [12]. In the context of autonomous vehicles, labelled
datasets provide the necessary information for the models to learn, such as dis-
tinguishing pedestrians from other vehicles, identifying road signs, understanding
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lane markings, and more. However, creating these labelled datasets is often labor-
intensive and time-consuming, demanding a precise annotation of countless images
and video frames. Furthermore, data labelling is subject to privacy and legal con-
straints, particularly when dealing with data that captures public spaces or private
information. This makes the process of data acquisition, labelling, and usage for
training autonomous driving systems particularly challenging. Federated learning,
by retaining data at the source, might help circumvent some of these issues by train-
ing models across multiple data owners without the need for explicit data sharing
[11].

1.1 Research questions

In this thesis, we explore the potential and e ectiveness of federated learning within
the realm of autonomous driving, particularly in relation to computer vision tasks.
We pose the question: can federated learning outperform traditional centralised
learning methods in this context? Further, we inquire into the feasibility of ap-
plying federated learning to this eld, with particular attention to situations where
labelled data are either scarce or absent due to privacy constraints. Within these
constraints, can unsupervised or semi-supervised learning methodologies, employed
within a federated learning framework, provide viable solutions?

1.2 Approach

To achieve our research objectives, we propose simulating and conducting a com-
parative analysis of federated learning and centralised learning methods on various
known autonomous driving computer vision tasks. We simulate the federated learn-
ing approach using open-source tools and evaluate the performance of the federated
learning models against traditional centralised models in addition to centralised
training in isolation. We conduct experiments on a real-world open-sourced au-
tonomous driving dataset to evaluate the feasibility of federated learning in a prac-
tical setting.

1.3 Expected contribution

Our proposed research can contribute to the growing body of literature on feder-
ated learning in autonomous driving computer vision tasks. Speci cally, we aim
to provide a comprehensive evaluation of the e ectiveness of federated learning in
autonomous driving-related computer vision tasks. Furthermore, we aim to identify
the challenges and limitations of federated learning in this context, providing in-
sights into potential areas of improvement and future research directions. Our work
can also inform the development of innovative techniques for distributed machine
learning, improving privacy, e ciency and applicability in unlabelled contexts.
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1.4 Report structure and overview

This report will be organised into several chapters, each addressing a speci c topic
related to the research question. Chapter 2 will provide a comprehensive review of
the relevant literature on federated learning and autonomous Driving. Chapter 3
will focus on trajectory prediction in autonomous Driving, describing the relevant
theoretical concepts and techniques employed in solving the problem, presenting
our approach using federated learning, and discussing the experimental results and
analysis. Chapter 4 will focus on road prediction in autonomous Driving, following
a similar structure to Chapter 3. Finally, Chapter 5 will provide a discussion of the
results obtained and draw conclusions from the experiments conducted.



2

Theory

In this chapter, we lay down the fundamental theoretical frameworks which under-
pin the methodologies adopted in our research. We brie y touch upon traditional,
centralised machine learning in section 2.1 before progressing to the more complex
and novel paradigm of federated learning in section 2.2. The latter has particu-
larly profound implications for privacy-preserving applications such as autonomous
driving, a facet which we will discuss in section 2.6.

2.1 Traditional machine learning

Machine learning, in its most traditional form, is a sub eld of arti cial intelligence
that leverages statistical techniques to enable computers to improve at solving a task
from experience. It involves training models using a large volume of data in order
to infer the underlying patterns and correlations [13]. This approach is centralised
in nature as it typically requires the aggregation of data from di erent sources at a
single location for the training process.

The foundational algorithmic process of traditional machine learning involves a
model learning a function that maps an input to an output based on example

input-output pairs. These pairs constitute a dataset, where the model is trained

on a subset (training set), and its performance is evaluated on the remaining data
(test set). This process involves the iterative minimisation of a loss function, which
guanti es the discrepancy between the model's predictions and the actual outputs
[13].

However, despite its e cacy, this traditional approach raises issues related to privacy,
data ownership, and transfer costs when data is to be collected from geographically
distributed sources or in settings where privacy is paramount.

2.2 federated learning
Introduced by McMahan et al. in 2016 [14], federated learning provides an innovative
solution to training Al models, allowing data con dentiality and processing at the

source. It has emerged as a compelling approach to address the evolving regulations

5



2. Theory

around data privacy and handling. FL's unique ability to tap directly into the data
stream from sensors on satellites, infrastructural components, machinery, and an
increasing variety of smart devices positions it as a signi cant enabler for harnessing
the potential of Al applications [15].

2.2.1 Introduction to federated learning

In this era where data privacy regulations are increasingly stringent, federated learn-
ing emerges as a revolutionary technique in machine learning. Federated learning
allows multiple parties to collaboratively train a deep neural network without di-
rect data sharing [9], [16]. The signi cance of this privacy-preserving technology
is particularly evident in the realm of autonomous driving, where data privacy is
paramount [17].

Federated learning can be tailored to suit two types of applications: vertical and
horizontal [9]. In horizontal applications, disparate datasets share common features,
providing an avenue for wider collaborative learning. Conversely, vertical applica-
tions leverage federated learning to enrich existing datasets, where additional data
on the same entities can be integrated. This versatile approach allows for federated
learning implementations across a variety of infrastructures, ranging from Internet
of Things (loT) devices to expansive data centres. Moreover, its applicability ex-
tends to di erent contexts such as cross-silo, cross-organisational, and even across
geographical and jurisdictional boundaries, underlining its immense potential in the
realm of distributed learning [9], [15].

The conventional centralised learning model, while e ective, is fraught with sig-
ni cant data transfer overheads and potential violations of data privacy laws. The
inherent design of FL, which promotes the sharing of machine learning models rather
than the raw data, ensures privacy and adherence to regulations [9].

2.2.2 Advantages of federated learning

FL presents multiple advantages over the traditional approach, especially in terms
of data con dentiality, bandwidth, and storage optimisation. The transfer of knowl-
edge, rather than raw data, to the central server eliminates the need for massive data
transfers, thereby conserving local device resources while preserving data insights
[18]. This pivotal attribute aligns FL closely with the principle of data minimisa-
tion, a cornerstone of many global data protection and privacy laws. It is noteworthy
that the compliance of Federated Learning with the General Data Protection Regu-
lation (GDPR) is currently under investigation by relevant authorities, such as The
Swedish Authority for Privacy Protection (IMY) [19].

The concept of data minimisation dictates that organisations should restrict the
collection, storage, and usage of personal data to the bare minimum necessary for
speci ¢ tasks or processes. This principle is notably embodied in the European
Union's General Data Protection Regulation (GDPR) [20]. Therefore, FL stands out
as an embodiment of this principle, o ering a compelling solution that minimises the

6
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need for centralisation of data during processing, thus further bolstering its position
In privacy-preserving machine learning.

As that the raw data remains con ned to the original device, federated learning
minimises the exposure of sensitive information during the learning process, thereby
mitigating the risks associated with data breaches. This is further forti ed by the
implementation of privacy-enhancing technologies such as di erential privacy and
secure aggregation [21]. Since the data remains on the local device, there's no need
for large-scale data transfers, which can be both costly and potentially risky. This
also means that data doesn't have to be stored centrally, which can reduce storage
costs and further lower the risk of data breaches and the risk of having a single point
of failure [9].

In some industries and regions, data privacy regulations such as the GDPR or Health
Insurance Portability and Accountability Act (HIPAA) require data to be handled

in speci ¢ ways. Federated learning can help organisations comply with these regu-
lations by keeping data decentralised and limiting data processing to what's strictly
necessary [9], [20]. Federated learning presents a unique opportunity to utilise more
data for training purposes, even amongst rival OEMs. This may signi cantly en-
hance autonomous driving solutions and accelerates progress towards full autonomy.

Further, FL leverages distributed data and computing resources available at edge
devices, a key feature for autonomous driving where each vehicle functions as an
edge device. Consequently, a larger eet can contribute to the learning process,
potentially enhancing ML/AI application performance in less time and facilitating
quicker development of advanced applications [16], [18]. FL also encourages data
sharing among di erent car OEMs and transport service providers securely, thereby
optimising road usage, enhancing delivery speed, reducing tra ¢ congestion, and
ensuring safer transportation [17].

2.2.3 Challenges of federated learning

Despite its noteworthy advantages, especially in sensitive data contexts where cen-
tralisation is infeasible, federated learning also has inherent challenges. The per-
formance of FL models are often inferior to that of their centralised counterpart,
primarily due to the distributed and potentially heterogeneous nature of the data.
This leads to a delicate balancing act between preserving privacy and achieving
optimal model accuracy [9].

Moreover, federated learning entails a unique set of network-related challenges. The
very structure of a federated network, with its diverse and distributed nature, may
introduce vulnerabilities to di erent types of attacks, such as model poisoning or
data inference attacks [22]. Given the relative novelty of this research eld, not all
possible threats have been thoroughly examined or addressed.

One crucial challenge in the FL setup lies in discerning between bene cial and
detrimental clients. ldentifying the contributory signi cance of a client is non-trivial,

7
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particularly as direct inspection of client data is typically not possible in order to
maintain privacy. Therefore, devising robust and private methods for assessing client
contribution and identifying potential adversaries in an FL setting remain open areas
of investigation in this burgeoning eld [23].

Speci cally in autonomous driving, FL faces distinct challenges. It requires in-
vehicle generation of ground truth data to enhance the performance of machine
learning and deep learning models. Potential solutions such as self-supervised learn-
ing, which doesn't rely on labels, have shown promise, although their current per-
formance has not yet reached parity with supervised approaches that use human-
labelled data [24], [25]. In addition, semi-supervised learning represents another
approach to tackle these challenges. This learning paradigm leverages both labelled
and unlabelled data, which can be particularly bene cial in autonomous driving
where acquiring labelled data may be costly or impractical. However, like self-
supervised learning, semi-supervised techniques are still under active development
to improve their performance in comparison to fully supervised methods [26].

Despite these challenges, the potential bene ts of FL make it an exciting area of
research, especially in the development of technologies for autonomous vehicles. Its
ability to balance privacy and utility could drive signi cant advancements in the
eld.

2.2.4 Federated learning work ow

The FL work ow starts with an orchestrator (server) distributing a global model to
the federation of training nodes (clients). These clients further train this model using
their local data and intermittently submit their locally trained models to the central
server for aggregation. The server then synthesises these models into a consensus
model, which is then sent back to the clients for continued training. This process,
known as a global round, persists until the model attains satisfactory performance
see g. 2.1 [9], [14], [16].

8



2. Theory

Figure 2.1: The following illustration is a depiction of the procedure in federated
learning where data owners, termed as clients, use their own data to train local
models. The central server then collects these models and forms a consolidated
global model. This global model is subsequently returned to the clients, allowing
further re nement on their local data. This iterative process forms the essence of
federated learning, fostering cooperative learning while maintaining data privacy.

The Federated Averaging (FedAvg) algorithm is the most common as it was intro-
duced by the original federated learning paper [14]. The algorithm, provided in
algorithm 1 incorporates several variables that control its functionality and a ect

its performance. Among themK represents the total number of clients involved in
the federated learning process. The learning procedure takes place independently
on each client, identi ed by the indexk. The local minibatch size, denoted byB,
signi es the number of training samples that a client processes during one learning
iteration. The number of local epochs, symbolised b, describes the number of
times the learning algorithm passes through a client's local dataset.

Another crucial component is the learning rate, , a hyperparameter controlling the
step size at each iteration while minimising the loss function. The model weights,
represented byw, are learned during the training process. The server initialises
these weights, and they are updated after each round of the algorithm.

The algorithm undergoes multiple rounds until convergence, with standing for the
current round. In each round,m clients are randomly chosen to participate in the
learning process. The selection countn, is determined as the maximum ofZ K
and 1, whereC is a fraction of the total clients. S; symbolises the set of clients
randomly chosen to participate in roundt.
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For each clientk, ny is the number of local data points, and®, represents the entire
set of local data points.

Each of these variables plays an essential role in the FedAvg algorithm, shaping the
learning process and ultimately impacting the algorithm's overall e cacy.

Algorithm 1  FederatedAveraging (FedAvg). TheK clients are indexed byk; B is
the local minibatch size,E is the number of local epochs, and is the learning rate.
1: Server executes:
2: initialise wy
3: for each roundt =1;2;::: do

4: m max(C K;1)

5: St (random set ofm clients)

6: for each clientk 2 S; in parallel do
7: wk,  ClientUpdate(k; w;)

8: end folg

9: M p2s Mk

10: Wi+1 k2St :T'iW{(+l

11: end for

12:

13: function ClientUpdate (k;w)
14: B  (split Pk into batches of sizeB)
15: for each local epoch from 1 to E do

16: for each batchb2 B do
17: w w r (wb
18: end for

19: end for
20: return w to server
21: end function

2.3 Exponential Moving Average

Exponential Moving Average (EMA) is a concept used widely in elds such as nan-
cial analysis and signal processing. More recently, EMA has also found applications
in the domain of machine learning, speci cally in the training of deep learning mod-
els [27].

The EMA at time t can be de ned as follows:

EMA,=(1 ) EMA, 1+ X, (2.1)

In the equation 2.1,EMA, is the exponential moving average at tim¢, EMA, ; is
the exponential moving average at the previous time step 1, X; is the raw value
attime t, and is a smoothing factor that typically ranges between 0 and 1.

10



2. Theory

The factor determines the degree of weight decrease for older observations, i.e., the
higher , the more weight is given to recent observations. This allows the EMA to
be more sensitive to recent changes in the data. In the context of machine learning,
this sensitivity can help the model adjust more quickly to changes in the underlying
patterns of the data.

During the training of a deep learning model, it is typical to update the model
parameters iteratively based on a loss function. The standard approach involves
directly using these updated model parameters for validation and testing. However,
this can lead to issues such as uctuations in the performance metrics of the model,
which happens especially in the context of large-scale models or when training with
stochastic optimisation algorithms like stochastic gradient descent (SGD). These
issues arise from the inherent noise in the parameter updates, which can lead to
high variance in the model performance [28].

EMA o ers a solution to this problem. In the context of machine learning, the idea
Is to create a shadow model, which is an EMA of the original model parameters.
The shadow model maintains an EMA of the trained model's parameters. The key
advantage of this approach is that the EMA model smoothens the noise in the model
updates, providing a more stable and reliable estimate of the model parameters for
validation and testing [27].

The EMA model is typically not used for training. It only observes and follows the
training of the original model. The EMA model is usually updated after each step of
the training, and the degree of smoothing is controlled by a decay factor. This decay
factor determines the weights given to the recent observations, allowing the model
to adapt quickly to the most recent changes in the model parameters [28]. This
technigue has been found to be particularly e ective in improving the generalisation
performance of the model. This is because the EMA model is less sensitive to the
speci ¢ conditions during the training, such as the random initialisation and the
particular minibatches sampled during the training [28].

2.4 Practical Al constraints in AD

Autonomous driving is a rapidly advancing eld, but it is also one fraught with
numerous challenges and constraints, many of which arise from the practical appli-
cation of Al techniques [29].

One of the most notable constraints is the issue of data privacy. Autonomous vehicles
generate an enormous amount of data, some of which may be sensitive or personal.
As such, it's crucial to ensure that data privacy is upheld, even as Al models are
trained on this data. This issue has led to the increased interest in federated learning,
which allow Al models to be trained on decentralised data, thereby maintaining
privacy [16], [30].

Another signi cant constraint is the need for high-performance computing resources.

11



2. Theory

Training Al models, particularly deep learning models, requires substantial compu-
tational power. This demand can be a challenge for autonomous vehicles, which
may not have the same processing capabilities as a data centre or cloud server.
Edge computing solutions, which bring computation closer to the data source, are
one potential solution to this problem, but they come with their own set of chal-
lenges, such as latency and power consumption [18].

The inherent complexity and unpredictability of the real world also pose constraints
on Al in autonomous driving. Unlike in controlled environments, autonomous ve-
hicles must be able to handle a wide range of scenarios, many of which cannot be
anticipated ahead of time. Moreover, the Al models must perform reliably and
consistently, despite these uncertainties. This requirement necessitates robust, gen-
eralisable models that can perform well across a variety of situations [24].

Furthermore, the real-time nature of autonomous driving presents another con-
straint. Decisions must be made quickly, often in fractions of a second, to ensure
safety. This speed requirement can limit the complexity of the Al models that can
be used, as more complex models generally require more computation and, therefore,
more time [25].

Lastly, the regulatory environment can also present constraints. Autonomous vehi-
cles, and the Al that drives them, must comply with a range of regulations, which
can vary widely from one jurisdiction to another. These regulations can in uence
everything from data collection to model deployment [17].

In conclusion, while Al holds great promise for autonomous driving, it is not without
its constraints. Overcoming these challenges will require continued research and
innovation, as well as collaboration among stakeholders in the industry.

2.5 Zenseact Open Dataset

Zenseact Open Dataset (ZOD)[31] is a collection of annotated image frames and
sequences depicting di erent road environments, including highways, rural areas,

and urban environments. The images were collected by Zenseact developmental
vehicles under a variety of weather conditions and times of day, giving the dataset

a robust diversity of situations that a self-driving car might encounter.

The images in zenseact open dataset are not just raw captures but also come with
a degree of preprocessing. To ensure privacy, the dataset features blurred faces
and vehicle license plates. These anonymization steps are crucial in maintaining
compliance with data privacy regulations, while not detracting from the dataset's
utility for the development of autonomous driving algorithms.

One of the features of zenseact open dataset is that the core frames in the se-
guences are annotated in the GeoJSON format. This provides additional context
and structure to the dataset, aiding in tasks such as object detection and semantic
segmentation. These annotations can serve as an essential resource for supervised
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learning algorithms.

Zenseact open dataset can be particularly useful in the context of this master's thesis
project, as it provides a variety of realistic driving scenarios for testing and validating
federated and swarm learning approaches. Given its comprehensive nature and the
attention to privacy, zenseact open dataset is a high-quality dataset that can be
instrumental in advancing research in autonomous driving.

2.6 Related work

Du et al. provided an exhaustive review on federated learning for the Vehicular In-
ternet of Things (IoT) in federated learning for Vehicular Internet of Things: Recent
Advances and Open Issug3?]. The authors explored the fundamental principles of
FL, its classi cations, and recent advancements in the discipline. They also high-
lighted the potential of FL in fostering emerging vehicular 10T applications, while
discussing technical challenges and future research trajectories in this area [32].

Nguyen et al. introduced a decentralised federated learning approach, FADNet, in
their study, Deep federated learning for autonomous drivinf33]. Addressing the
single point of failure issue in conventional federated learning scenarios, FADNet
employed RGB images to execute a regression task aimed at predicting a vehi-
cle's steering angle. Intriguingly, this peer-to-peer approach demonstrated superior
performance compared to traditionalServer Based federated learnin¢fFL) and cen-
tralised learning [33].

Zhang et al. developed an end-to-end steering angle regressor based on a stream of
RBG images and trained the regressor via federated learning. The experiments were
conducted with a varying number of clients, ranging from 4 to 64. The FL results
were benchmarked against centralised ML, where data from edge vehicles were rst
collected to a single server, and local centralised ML, where baseline models were
trained directly on each edge vehicle without any federated model aggregation. Their
ndings suggested that FL could yield results comparable to central ML [34].

Fantauzzo et al. proposed FedDrive, a semantic segmentation benchmark for train-
ing a semantic segmentation model for autonomous vehicles. They focused speci -
cally on the challenges of statistical heterogeneity and domain generalisation [35].

Elbir et al. attempted object detection in an FL setting from LiDAR point clouds.
They identi ed several signi cant research challenges for FL in vehicular networks,
covering both learning di culties such as data labelling and model training, and
communication issues like data rate, reliability, transmission overhead, privacy, and
resource management. They also suggested potential future research directions [36].
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Trajectory Prediction

In this chapter, we will explore the ego-trajectory prediction problem and its signif-
icance in the context of autonomous driving. Lane prediction plays a crucial role
in the perception module of an autonomous driving system. The prediction module
aims to anticipate the future state of the vehicle and its surroundings, enabling the
vehicle to operate safely and e ciently in complex tra ¢ scenarios.

To provide a comprehensive understanding of the ego-trajectory prediction problem,
this chapter will delve into the relevant theoretical concepts and techniques employed
in solving the problem. We will explore the various methods and algorithms used
for lane detection and trajectory prediction, highlighting their strengths and lim-
itations. Our approach to solving the ego-trajectory prediction problem will also
be presented in this chapter. We will outline the framework and methodology used
in our experiments, including the pre-processing techniques, model selection, and
evaluation metrics. We will also provide a detailed description of the dataset used
in our experiments and the experiments' con guration and we outline our approach
to solving the problem using federated learning.

Furthermore, we will discuss the experimental results obtained using our approach
for solving the ego-trajectory prediction problem. The results will be analysed and
compared with relevant techniques, providing insights into the e ectiveness of our
approach and its potential for real-world implementation.

3.1 The problem

The trajectory prediction problem in autonomous driving involves predicting the
future path of the vehicle based on its current position and the surrounding environ-
ment. The goal is to anticipate the future state of the vehicle and its surroundings,
enabling the vehicle to operate safely and e ciently in complex tra ¢ scenarios.
Trajectory prediction is a crucial component of the perception and planning mod-
ules in autonomous driving systems, as it helps the vehicle make informed decisions
and take appropriate actions in real-time.

The motivation for trajectory prediction is to enable autonomous driving systems to
operate safely and e ciently in a wide range of driving scenarios, such as changing
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lanes, merging into tra c, and avoiding obstacles. Accurate and reliable trajec-
tory prediction is necessary for several critical functions, such as route planning,
trajectory planning, and collision avoidance [37].

The challenges in trajectory prediction arise due to the complexity and variability
of real-world tra ¢ scenarios. The prediction must take into account various factors
such as the speed and direction of the vehicle, the surrounding environment, the
behaviour of other road users, and potential hazards. Moreover, the prediction
must be accurate and timely to ensure the safety of the vehicle and its passengers.
Hence, developing e ective solutions to the trajectory prediction problem is crucial
for the development of safe and e cient autonomous driving systems.

3.1.1 The single-trajectory predictor

In certain scenarios, trajectory prediction can become ambiguous, particularly when
multiple possible and plausible trajectories coexist. Consider a car at a standstill in
a four-way intersection; in this situation, an ideal trajectory predictor would present
various plausible solutions, such as turning left, continuing straight, or turning right.
The complexity of the problem increases with the addition of multiple lanes on
each road. Furthermore, an even more intricate interpretation of the issue might
incorporate u-turn trajectories or escape/evasive manoeuvres, see ¢. 3.7.

In this study, we employ a simpli ed version of the problem, the single-trajectory
predictor, to test whether federated learning can be applied and bene cial. We
assume that a single, potentially dominant trajectory exists. To establish ground
truth, we use the vehicle's trajectory data and assume that the future trajectory
of the vehicle can be predicted based on a single image frame. We utilise this
data because it inherently enables self-supervised learning. While the core problem
remains supervised, similar to many other self-supervised tasks, the annotations are
automatically generated, which is characteristic of self-supervised learning.

As authors, we recognise several limitations inherent to this approach. We discuss
these issues and their implications on the results and any conclusions drawn from
them in section 3.5.

3.2 Relevant theory & related work

Planning and decision-making strategies for autonomous vehicles (AVs) predomi-
nantly fall into three categories [38]: traditional sequential planning, end-to-end
control, and end-to-end planning. Traditional sequential planning, despite its com-
mon use, faces challenges due to the complex interdependencies [39] of individual
components, intricate cost function design, and susceptibility to error propagation,
as demonstrated by the Tesla accident in 2016 [3].

Alternatively, end-to-end methodologies aim to address these issues by providing a
direct link between sensory input and actuator output, thereby reducing the risk of
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error propagation. However, they also introduce new challenges, including ensuring
safety guarantees and the need for abundant training data.

Imitation learning, a machine learning sub eld, has found application in autonomous

driving, where algorithms learn from human driving data [40]. This approach is

advantageous as it can handle a wide array of driving scenarios without explicit
programming for each potential situation. However, it is dependent on the quality

and volume of the training data and may struggle with scenarios not well-represented
in the training set.

Each of these methodologies o ers potential solutions to autonomous driving chal-
lenges, but there is no universal approach. The choice of method depends on various
factors, including specic driving task requirements, available computational re-
sources, and the quality and quantity of training data. Our research contributes to
this discussion by further exploring ego-trajectory prediction in autonomous driving
using imitation learning.

3.2.1 Ego-trajectory prediction

Most literature has focused on the non-ego aspect of trajectory prediction, that
Is predicting the trajectory of surrounding objects such as other cars, pedestrians,
cyclists, etc. That list is extensive and focuses a lot on higher-level orchestration
using Reccurent Neural Networks or Convolutional Neural Networks over situation
maps. For a comprehensive review, the reader is referred to [41].

Bergqvist & Rodholm [42] attempted to compute the ego-trajectory from images
procured from a front-facing camera. They utilised steering signals and onboard
sensor data to construct the ground truth. Their exploration varied from simple
models using a single frame in a CNN for prediction, to more complex ones us-
ing sequences of 10 images. Moreover, they attempted combinations of CNNs and
RNNs such as LSTMs. Their ndings suggest that future ego-trajectory prediction
is feasible and temporal data consistently enhances the accuracy of predictions. In-
terestingly, their work revealed that object data signi cantly improves prediction
outcomes compared to image data alone, especially when it included the positions
of other vehicles. Their hypothesis suggested that in most cases, predicting a path
similar to the vehicles in front is simpler than deriving the path from the image.
They utilised an image size of (18® 68) and also experimented with 224x224 on a
ResNet-18, but observed no signi cant changes.

Expanding upon Bergqvist & Ro6dholm's foundational work, Cai et al. [43], [44]
used the car's path from a GPS/inertial solution, captured at a frequency of 50 Hz,
as the ground truth. They also used images from a front-facing camera. Their goal
was to predict the vehicle's path up to 3 seconds into the future using a combination
of a CNN and LSTM. They used MobileNet-V2 as the feature extractor and also
included the driver's intentions in the training data (i.e., turn-left, turn-right, keep
straight). They used an image size of (1247, 380) and conducted an extensive
review of di erent scenarios a ecting the image, including various weather conditions
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and times of the day. Their overall framework was designed to take as input the
front-view image and movement sequences from the past 1.5 seconds along with
the intention command, to generate feasible trajectories 3 seconds into the future.
They trained the entire network end-to-end using imitation learning. However, they
observed that the discrete high-level driving commands are not suitable for more
complex road topologies, such as intersections with more than one possible direction.

Khakhlyuk [45], another contributor in this eld, employed Zenseact data in his
research. He used a MobileNet-V2 architecture as a feature extractor, similar to Cai
et al. For the ground truth, he used GNSS/IMU data sampled at 100Hz. This data
was downsampled to 17 (xyz) points at distances ranging from 5 to 165 meters. This
approach represented a signi cant extension over previous work, where prediction
distance was limited. Thus, his model attempts to predict 17 points, the furthest
of which is 165m ahead of the vehicle. For his single frame predictor, he used
4536 samples to train the model. He also demonstrated the relationship between
training set size and evaluation metric, suggesting that increasing the dataset size
improves performance exponentially, plateauing around 8000 images. Interestingly,
he achieved an L1 loss of approximately 20 () His model used a batch size of
16 for 100k iterations, utilising the Adam optimisation algorithm with a learning
rate of 1le-4 and weight decay of 1e-6. All computations were executed with 32-bit
precision. Interestingly, Khakhlyuk found that changing the values of batch size,
learning rate, and weight decay did not signi cantly improve validation performance.
He also tried several learning rate scheduling strategies, ultimately discovering that
a constant learning rate o ered the best results.

Kilichenko [46] with a similar contribution to Khakhlyuk used the same target dis-
tances for prediction. His model employed the MobileNet-V2 architecture as the
feature extractor, following the precedent set by both Cai et al. and Khakhlyuk.
Kilichenko found that using an L1 loss function yielded improved results in contrast
to RMSE loss, providing another valuable insight for the design of ego-trajectory pre-
diction models and achieved an L1 validation loss of <1 m. In his work, Kilichenko
successfully demonstrated the utility of the MobileNet-V2 architecture in extracting
useful features for trajectory prediction, while also highlighting the importance of
loss function selection in model performance. These ndings align with the broader
trends observed in the works of Bergqvist & Rodholm, Cai et al., and Khakhlyuk,
further solidifying the foundation upon which our research is built.

In essence, these studies depict an evolution in the eld of ego-trajectory prediction.
Starting from the work of Bergqgvist & Rodholm, who demonstrated the feasibility of

ego-trajectory prediction from image data and highlighted the importance of object
data, to the advanced studies by Cai et al., who combined GPS/inertial solution
and driver's intentions with image data for more accurate predictions. Finally,

Khakhlyuk's work stands out for extending the prediction distance and revealing
the impact of training set size on prediction accuracy.

* After a conversation with the supervisor of the project, we conclude that the plot used shows
the sum of the batch loss rather than the mean, thus achieving a loss of aprox%, however, they
did not publicly disclose the sequences or images used for validation.
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3.3 Methodology

3.3.1 Dataset

The methodology for this thesis experiment involves the use of Zenseact's Open
Dataset [31], see section 2.5. The dataset includ@®0000frames with a 90/10
train/validation split. Each image is associated with high-precision GNSS/IMU
data, speci cally the OxTS RT3000 inertial and GNSS navigation system [47]. This
navigation system features a six-axis L1/L2 RTK, a 100 Hz frame rate, 0.01m posi-
tion accuracy, and 0.03 pitch/roll and 0.1 ° heading accuracy.

The high-precision GNSS/IMU data is logged at 100 Hz and stored as HDF5 les,
including UTC timestamp in seconds, WGS84 geographic coordinates (latitude, lon-
gitude, and altitude), ECEF Cartesian coordinates, heading, pitch, roll, velocities,
accelerations, angular rates, and satellite information. This data can be used as
ground truth for training di erent machine learning models, such as ego-vehicle
trajectory prediction. A comprehensive description of the elds, coordinate trans-
formation, and visualisation functionalities can be found in the development kit
provided by ZOD [48].

In this experiment, the frames dataset is utilised, with the high-precision GNSS/IMU
data serving as the ground truth. It is assumed that the recorded path of the vehicle
is among the most plausible based on the associated image.

3.3.2 Ground truth

The GNSS/IMU data is processed to create a coordinate system relative to the
vehicle, positioning the GNSS/IMU device at the origin (0,0,0) for a given frame.

This transformation is crucial as it enables the prediction of the vehicle's future

state by creating a localised reference frame for analysis. To build our ground truth,
we sample 17 points from the GNSS/IMU data, which are carefully selected based
on their spline distances from the vehicle. This sampling strategy ensures that
the selected points adequately capture the vehicle's trajectory while minimising
computational complexity.

The target distances used in this experiment is the ordered set (in meters)
T = £5;10;15; 20; 25, 30, 35, 40; 50; 60; 70; 80; 95, 110 125 145 165y; (3.1)

chosen based on Kilichenko's (2023) work [46], which made use of a Zenseact pro-
prietary dataset, a portion of which is included in the ZOD dataset.

Given a sequence of pointB; = ( X;;V;; z;) with corresponding accumulated distances
d fori =1;2;:::;n, and a target distancet; for j = 1;2;:::;17, we want to nd
the interpolated point P? = (x;y’;z3) at the target distancet;. We can obtain
PJ-0 using linear interpolation between two consecutive point®, and Pyx.;, where
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dk tj dk+1 .

tj dk

P°= Py + (P Po) = (x5y52) (3.2)
dk

dk+1

In this equation, Pj0 represents the interpolated point at the target distancé; , and Py
and Py.; are the two consecutive points in the original sequence of points that have
accumulated distancesds and dy.;, respectively. The interpolation is performed
separately for each coordinate (X, y, z).

3.3.3 Data processing

In this subsection, we delineate the supplementary processing and modi cation pro-
cedures applied to the dataset in order to adapt it to the task at hand. Speci cally,
the task involves training a model to predict the vehicle's future state or trajectory
successfully. Our primary dataset for this purpose is the Zenseact Open Dataset,
each frame of which is associated with GNSS/IMU data that we leverage.

To ensure the accuracy of our predictions, we adhere to certain mathematical prereq-
uisites. Given the ordered set provided in eq. (3.1), eq. (3.2) mandates the existence
of at; such thatdy tj dca. Thus, itis required that 9d;;9d, : di 0 and d;

165 This requirement implies that we cannot interpolate a single point and, in
situations where interpolation is unnecessary, the accumulated distance must be
present within the target. This necessitates the elimination of certain samples from
the experiment which do not meet these criteria. From the Zenseact Open Dataset,
we identi ed and removed 17705 such samples.

Another critical aspect of our data processing involves ensuring balance within the
dataset. To achieve this, we have devised an automated method to categorise vehicle
turns into three distinct classes: left turn, straight, and right turn. The vehicle's
trajectory is analysed with its initial position set at the origin (the frame's position).

We then project two planes, one on each side of the vehicle along the y-axis dtOm,

and extend them along the x-axis. By counting the number of points appearing in
each volumetric segment (left, middle, right), we can classify the vehicle's motion.
A threshold of 5 points outside the middle volume is used to determine the cate-
gorisation. Our ndings suggest that the train split has the following categorical
distribution (11733, 47426, 13098).

In order to address the imbalance in the categorical distribution, a resampling strat-
egy was employed to ensure equal representation from each category within our
dataset. This strategy involved selectingh samples from each category, witn
being equivalent to the size of the smallest category in the dataset as

n = min( jleft-turnsj; jstraightsj; jright-turnsj): (3.3)

The result of this resampling strategy is a balanced dataset with uniform represen-
tation across categories, as illustrated by the distribution (11733, 11733, 11733).
Consequently, the balanced training dataset now comprises 35199 samples in total.
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In an additional step to re ne the dataset, we created an alternative balanced train-
ing set by subtracting 3296 samples. These excluded samples represent the inter-
section between a subset of Zenseact's proprietary data used by Kilichenko and the
Zenseact open dataset that also followed the distance criteria. Even though this
intersection accounts for only 13% of Kilichenko's original validation set, it was
deemed essential to exclude these validation frames from the dataset before the re-
sampling process. By doing so, we ensure that our new balanced dataset is devoid
of any overlap with our subset of Kilichenko's validation set. This strategic decision
allows us to leverage this subset for validation purposes, thereby facilitating a more
straightforward comparison of our ndings with prior work.

In conclusion, the data processing phase plays a pivotal role in shaping the e ective-
ness of our trajectory prediction model. The modi cations implemented, including
the removal of non-interpolable samples and the balancing of the training dataset,
are integral in re ning the input data and ensuring it is conducive to accurate and
reliable trajectory predictions. The balanced dataset, in particular, allows for eg-
uitable representation of various driving scenarios, left turns, straight paths, and
right turns, thereby providing a more holistic portrayal of diverse tra ¢ conditions.
This balanced representation minimises inherent biases in the data, thus promot-
ing a model that is not only robust but also highly generalisable across a range
of real-world scenarios. Moreover, the careful removal of overlapping validation
samples from Kilichenko's dataset further ensures the integrity and independence
of our training and validation sets, thus providing a more reliable benchmark for
comparison. Overall, these carefully designed enhancements to the data processing
stage are meticulously crafted to bolster the model's predictive capabilities and its
applicability in real-world autonomous driving systems.

3.3.4 Model architecture

To maintain consistency with Kilichenko's work, the same model architecture, MobileNet-
V2, is used for single ego-trajectory prediction. MobileNet-V2 is a highly e cient
convolutional neural network (CNN) architecture, designed with the specic aim

of mobile and embedded vision applications in mind. The MobileNet-V2 CNN is
pre-trained with weights from ImageNet, and the last linear layer is removed. The
remaining network is referred to as the&ProjectionLayer, which projects the high-
dimensional feature space into 17 3D Cartesian coordinates.

The network input consists of a 256x256 RGB image, rescaled from an original size
of 3848x2168 and normalised using ZOD's mean and standard deviation.

The images are processed by the convolutional backbone and subsequently down-
sampled to a 1280x6x20 feature map, which is then passed to the ProjectionLayer.
A global average pooling generates a feature vector of size 1280, followed by a 0.2
Dropout layer and a linear layer. This linear layer projects the feature vector to the
51 output values, representing the 17 points in each trajectory with 3 coordinates
per point, see g. 3.1.
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Figure 3.1: lllustration of the network architecture.

3.3.5 Training & evaluation

Our study involves conducting and analysing three types of learning scenarios: cen-
tralised learning, federated learning, and isolated centralised learning. The aim of
this tripartite experimentation is to gain insights into how each learning paradigm
performs under de ned conditions and parameters.

In the centralised learning scenario, our model utilises the entirety of our selected
training dataset. To enhance generalisation and mitigate any risk of over tting, we
speci cally chose our training dataset to be a randomly sampled 5% subset which
is 1635 of the balanced frames dataset. We removed Kilichenko's validation frames
from the training set prior to this sampling and rebalanced the dataset. The purpose
of such segregation is to uphold the integrity of the model evaluation phase, ensuring
the validation set is entirely unseen during training. The validation set consists of
3453 images.

The learning process uses a batch size of 8 and employs the Adam optimiser with

a learning rate of 1e-4. The model produces a 17x3 vector which is then compared

with the ground truth using the L1 loss function

X :

Liy:)= — v % (3.4)
i=1

This function is a robust and commonly used metric in regression problems, ow-
ing to its focus on absolute di erences between predicted and actual values. Our
computational requirements are well met by two Quadro RTX 5000 GPUs, but the
setup is also compatible with a single GPU.

The federated learning scenario utilises the Federated Averaging (FedAvg) algorithm
(algorithm 1) to aggregate model updates from multiple clients. This scenario com-
prises ve clients (m = 5), each holding an equally-sized subset of the centralised
training set, speci cally 20% of the initial 5%. All clients are involved in each global
round of learning, i.e.,C = 1. The local training on each client follows the same pa-
rameters as the centralised learning method in terms of batch size and learning rate.
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providing each local model with 50 epochs of exposure to its individual data subset.

The isolated centralised learning clients have the same datasets as the federated
clients and the same learning parameters. The key di erence between the methods is
that there is no model aggregation and we run the experiment for 100 epochs. Thus,
each client performs centralised learning (in isolation) on their individual datasets.
We utilise these results as baselines as we expect the federated learning results to
exist between the baseline results and the centralised results. We will hereafter refer
to this learning setting and any results derived from it as the Baseline.
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3.4 Results

Our investigation into the performance of federated learning for autonomous driving
tasks unfolds through a series of results and visual data. The rst crucial observation
can be drawn from g. 3.2. It represents the federated training and validation
loss for clients one to ve. One noteworthy characteristic is the emergence of loss
spikes at every tenth epoch (10, 20, 30, ..., 100), which correspond to the moments
of model aggregation. Such uctuations suggest that the aggregated model might
perform sub-optimally on individual client datasets. Additionally, signs of over tting
become apparent as the validation and training loss curves intersect and diverge.
This pattern signi es that the model may be excessively tailored to the training
data.

Figure 3.2: Federated training and validation loss for clients one to ve. The
spikes in loss at every tenth epoch (10, 20, 30, ..., 100), re ect the points of model
aggregation. These instances hint that the aggregated model tends to perform sub-
optimally on individual client datasets. Additionally, a visible sign of over tting
emerges as the validation and training loss curves intersect and continue diverging,
indicating that the model may be excessively tailored to the training data.

The dataset used for our study embraces a variety of environmental contexts. An
example of a relatively straightforward scenario is depicted in g. 3.3. It is char-
acterised by high visual contrast and minimal environmental noise, factors that
contribute to its classi cation as aneasier example.

In this gure, we provide a multi-perspective visualisation of this scenario, including

a bird's-eye view and an elevation view. The bird's-eye view provides a comprehen-
sive depiction of the spatial layout and potential challenges present in the scene.
In this case, the road appears largely unobstructed and clearly delineated, further
illustrating the less challenging nature of this particular frame.

The elevation view, on the other hand, allows us to appreciate the undulating nature
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Figure 3.3: This frame presents a relatively straightforward scenario, marked by its
high visual contrast and minimal environmental noise. Such conditions contribute
to its classi cation as aneasier example within the dataset.

Figure 3.4: The validation losses across di erent learning settings are depicted on
a suitably scaled x-axis to account for the di erent learning con gurations. The fed-
erated model's global evaluation commences from the initial global round. Broadly,
it appears that the baseline model is the least e ective performer. While the min-
imum validation losses attained by the federated and centralised models are nearly
identical, the federated model exhibits a more stable convergence trajectory, sug-
gesting an overall more consistent learning process.
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of the road surface, a factor which might introduce complexity in certain scenarios.
In the current frame, however, the road appears to be fairly at, reinforcing the
lower complexity of this example.

The prediction results produced by our model for this frame are visually appealing,

demonstrating a clear and accurate delineation of the ego-road. This visual appeal is
corroborated by the low L1 score for this frame, indicating a high level of agreement
between the model's predictions and the ground truth.

Overall, this frame serves as a valuable baseline to assess the performance of our
model under less challenging conditions, while also illustrating the multi-faceted
nature of our visualisation approach.

Figure 3.5: This frame showcases one of the more complex scenarios from our
dataset. The ground truth points towards an imminent right turn at the end of the
road, which is not visually apparent at rst glance. Additionally, the presence of a
parked car on the right necessitates a slight veer to the left in the driving path -
an adjustment that the ground truth also con rms. This depiction underscores the
diversity and real-world intricacies that our dataset encapsulates.

We can explore the validation losses across di erent learning settings in g. 3.4. The
x-axis is suitably scaled to account for the varying learning con gurations. Notably,
the baseline model appears to be the least e ective performer. While the federated
and centralised models reach similar minimum validation losses, the federated model
exhibits a more stable convergence trajectory. This stability points towards a more
consistent learning process, a desirable trait in any learning methodology.

The complexity of real-world conditions is re ected in some frames, such as the one
depicted in g. 3.5. This particular frame showcases an imminent right turn that is
not immediately apparent and a parked car on the right that necessitates a slight
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