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RESUMO

A inteligência artificial tem sido usada para aprimorar sistemas de transporte in-

teligentes, com ênfase particular em veículos autônomos. A visão computacional é uma

área crucial de pesquisa para a implantação bem-sucedida desses veículos. A tarefa de

estimativa de profundidade baseada em imagem ganhou atenção significativa nessa área

devido à sua relação custo-benefício e ampla gama de aplicações. Sua variação monocu-

lar tem sido o foco principal da pesquisa devido à sua versatilidade, uma vez que requer

apenas uma câmera. Embora os métodos mais recentes tenham utilizado o aprendizado

autossupervisionado com sucesso, eles não consideraram os principais requisitos para uso

em veículos autônomos, como preservação da privacidade, consumo de rede reduzido du-

rante o treinamento e distribuição otimizada de custos de computação. Enquanto isso, o

aprendizado federado demonstrou ajudar a atender a esses requisitos em vários domínios.

Assim, propomos três métodos que combinam aprendizado federado e autossuper-

visão para permitir o treinamento de estimadores de profundidade monoculares com eficá-

cia equivalente e eficiência superior em comparação aos métodos atuais. O primeiro

método proposto usa a média federada padrão como função de agregação, enquanto o

segundo aplica a otimização bayesiana para aprimorar a agregação. No terceiro método,

aplicamos média federada padrão combinada com regularização e repetição de experi-

ência para abordar o aprendizado contínuo em cenários de veículos autônomos. Nossos

experimentos, conduzidos usando benchmarks públicos, demonstram que nossas soluções

alcançam desempenho do estado da arte, com maior eficiência do que soluções anteriores.

Palavras-chave: Estimativa de profundidade monocular, aprendizagem federada, sis-

temas de transporte inteligentes, veículos autônomos, visão computacional, inteligência

artificial.
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ABSTRACT

Artificial intelligence has been used to enhance intelligent transportation systems,

with a particular emphasis on autonomous vehicles. Computer vision is a crucial area

of research for successful deployment of those vehicles. Image-based depth estimation

task has gained significant attention in this area due to its cost-effectiveness and wide

range of applications. Its monocular variant has been the main focus of research due

to its versatility, since it requires only one camera. Although latest methods leveraged

self-supervised learning successfully, they did not consider key requirements for use in

autonomous vehicles, such as privacy preservation, reduced network consumption during

training, and optimized computation cost distribution. Meanwhile, federated learning has

been shown to help address these requirements in multiple domains.

Thus, we propose three incremental methods that combine federated learning and

self-supervision to enable the training of monocular depth estimators with equivalent ef-

ficacy and superior efficiency compared to current methods. The first method proposed

uses standard federated averaging as aggregation function, while the second one applied

Bayesian optimization to enhance the aggregation. On the third method, we applied stan-

dard federated averaging combined with regularization and experience replay to tackle the

continual learning in autonomous vehicle scenarios. Our experiments, conducted using

public benchmarks, demonstrate that our solutions achieve state-of-the-art performance,

with greater efficiency than prior solutions.

Keywords: Monocular Depth Estimation, Federated Learning, Intelligent Transporta-

tion Systems, Autonomous Vehicles, Computer Vision, Artificial Intelligence.
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1. Introduction

The detrimental effects of an inadequately managed transportation system on overall

quality of life have led to Smart Mobility being seen as a key strategy to transition to more

environmentally friendly and sustainable transportation systems [1]. Alternatively, it can

be viewed as a comprehensive set of initiatives to improve urban efficiency, effectiveness,

and environmental sustainability. One such initiative is the development of Intelligent

Transportation Systems (ITS), which has been in progress since the 1970s and can be

characterized by the integration of advanced technologies [2].

Substantial research efforts have been dedicated to the integration of Big Data ana-

lytics and cutting-edge Artificial Intelligence (AI) methodologies to improve ITS perfor-

mance [3]. In contrast, relatively less attention has been devoted to developing intelligent

agents to support ITS. The primary focus in this regard has been on the development of

Autonomous Vehicles (AVs), which have emerged as a pivotal area of investigation within

the ITS initiative [4]. AV research has also used advanced AI techniques to tackle its most

critical tasks, including computer vision.

Scene depth estimation plays a crucial role in computer vision, as it allows the percep-

tion and comprehension of three-dimensional scenes [5]. Traditionally, active depth esti-

mation methods have relied on lasers, structured light, and other reflections on the object

surface [5]. However, these approaches often require substantial investments in human

labor and computational resources to obtain dense and accurate depth maps [6]. To over-

come these limitations, researchers have been exploring innovative solutions to enable

efficient and cost-effective scene depth estimation, which is essential for the widespread

adoption of AVs and ITS. Consequently, image-based depth estimation has emerged as a

primary area of investigation in computer vision for AVs, due to its reduced deployment

costs and the broader range of applicable scenarios [5].

Image-based depth estimation techniques typically rely on calculating the disparity
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between two 2D images captured by a binocular camera to generate a depth map [7].

However, binocular depth estimation methods require the presence of at least two fixed

cameras, which can be a limitation, particularly in scenarios where the scene lacks suf-

ficient texture or has minimal features [8]. Provided that, research shifted its attention

to monocular depth estimation [9]. The appeal of monocular depth estimation lies in its

ability to utilize a single camera to capture an image or video sequence, thus eliminating

the need for specialized equipment [5]. However, the regression of depth in 3D space

from monocular images is an inherently ill-posed problem due to the lack of a reliable

stereoscopic visual relationship [5].

In particular, monocular images are reduced to a 2D representation of the 3D world,

which precludes the capture of depth information. As a result, it is impossible to infer

the size and distance of an object in the scene or determine whether it is occluded by

another object [5]. This limitation stems from the fact that the imaging process does

not provide direct information about the depth of the scene, making it challenging to

accurately perceive and understand the 3D environment. Therefore, it is essential to infer

the depth of each pixel from the monocular image. Using the resulting pixel depth map,

it is possible to determine the size and distance of the objects present in the scene. When

the estimated depth accurately captures the 3D topology of the scene, the depth estimation

method used can be deemed effective [5].

Finally, one important note is that today’s consumer vehicles are already equipped

with several sensors, such as LIDAR and Birdseye (360 degrees) cameras. Although

these advanced sensors can be used for depth estimation [10–12], we argue that monocular

depth estimation represents a low-cost backup strategy that can be leveraged by AVs in

scenarios in which other methods may fail, become unavailable, or unfeasible.

1.1 Motivation and Justification

Recent advances in monocular depth estimation have leveraged self-supervised learn-

ing of deep neural networks in conjunction with other computer vision tasks, such as

ego-motion (pose estimation) and semantic segmentation [13, 14]. However, existing so-

lutions for monocular depth estimation have yet to address the critical requirements of AV

deployments, such as:

1. Preserving privacy when utilizing unlabeled private data captured by multiple AVs;

2. Minimizing network consumption, as the volume of data that needs to be shared
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through ITS network infrastructure may render the learning process infeasible;

3. Efficient distribution of computational costs, as the concentration of all training

processing on a central server may result in suboptimal utilization of the combined

computing power of AVs;

4. Resilience to connectivity issues, as the transfer of all training data to the central

server before training may render the system highly reliant on a stable connection,

which is unlikely to occur in realistic AV deployments.

These limitations underscore the need for novel approaches that can effectively ad-

dress these challenges and enable the development of robust and efficient monocular depth

estimation methods for AVs.

Federated learning (FL) has been extensively explored in recent research on ITS and

AVs [15, 16] to address the aforementioned requirements. The key benefits of FL [17]

include [18]:

1. Enhanced privacy preservation, as the need to share raw data collected by individual

vehicles with a central server or other vehicles is eliminated;

2. Reduced network consumption, as the size of model updates transmitted during the

FL process is significantly smaller than the raw data;

3. Distributed computational cost allocation, which leverages the collective computa-

tional power of cooperating AVs rather than relying solely on a central server;

4. Increased resilience to connectivity disruptions when compared to centralized ap-

proaches.

Furthermore, Bayesian Optimization (BO) has been widely used in recent studies [19]

for automated machine learning and has been used to improve local training in FL frame-

works [20]. Unlike traditional optimization methods, such as grid or random search, BO

takes advantage of past evaluations of an objective function and an acquisition function to

select new inputs that maximize the expected improvement in outputs [21]. Consequently,

BO typically identifies better inputs with fewer objective function evaluations [22].

Moreover, continual learning presents an additional challenge for both centralized and

federated training, as updating models with novel datasets may induce the forgetting of

previously acquired samples (catastrophic forgetting problem [23, 24]), thus diminishing

the model’s versatility. Meanwhile, recent research indicates that experience replay and
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regularization strategies can be used to alleviate forgetting in autonomous driving use

cases [24].

1.1.1 Federated Learning, Privacy Preservation, Regulations, and Policies

FL has an intrinsic advantage in protecting privacy compared to “traditional” central-

ized machine learning approaches [25]. From a naive perspective, it could be considered

sufficient to comply with recent privacy-related regulations put forth by nations across

the world (and derived policies being adopted by public and private organizations as a

result of their enforcement) such as the EU / UK General Data Protection and Regulation

(GDPR) [26,27], Brazil’s Lei Geral de Proteção de Dados (LGPD) [28], and the Califor-

nia Consumer Privacy Act (CCPA) [29] from the USA, because private (and potentially

personal) training data is stored and processed locally, and only model parameters are

exchanged over the network with one or more aggregation servers [25]. However, several

works have already demonstrated and discussed multiple ways through which sensitive in-

formation can be inferred from the model parameters that are shared in federated training,

indicating that the use of FL alone is far from providing privacy guarantees and therefore

cannot ensure full compliance with privacy-related regulations and policies [30].

Meanwhile, a substantial body of research is already being produced to combine tra-

ditional privacy preservation techniques into the FL framework [31] that demonstrates the

potential of FL as the baseline for a new era of privacy-preserving AI. Therefore, in the

present thesis, FL is leveraged as a Privacy Enhancing Technology (PET) [32–38], which

means that it increases the level of privacy-preservation of the training of monocular depth

estimators but, by no means, guarantees the privacy of all the personal information poten-

tially present in the local training data, since the provision of such guarantee would require

the combination of multiple PETs to an extent that is still challenging for most research

and industry organizations across the world, and that could still be eventually breached

with the advancement of the cyberattackers’ knowledge and skills, and computer science

in general (e.g., Quantum Computing [39, 40]). Thus, when we refer to privacy preserva-

tion in the present work, it should only be interpreted as reducing the exposure of personal

data or making it harder to access sensitive information without authorization, which can

be true by leveraging only one, or many of the known PETs in the literature, such as FL.
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1.2 Problem

This work focuses on the monocular depth estimation problem, focusing on instances

of this problem associated with AV deployments.

In a supervised view, the monocular depth estimation problem can be framed as a

continuous regression problem. Given a training set T = {(Ii,Di)}M
i=1, where M is the

number of samples, Ii ∈ I is the set of input images and Di ∈ D is the set of ground truth

depth maps, the problem can be viewed as learning a nonlinear transformation Φ : I →D ,

which takes an image as input and outputs a corresponding depth map [41]. However, in

an unsupervised (or self-supervised) view, this problem can be formulated in several ways,

where, instead of fitting the model based on ground truth depth maps, training will be

performed using an alternative loss function based on a pretext task, such as photometric

self-consistency loss [42]. Thus, in a more general sense, the monocular depth estimation

problem can be defined as the problem of training a model to infer the correct depth of

each pixel of a two-dimensional image captured by a monocular camera. In the AV use

case, such a camera would be mounted on top of a moving vehicle, and this inference

would need to be performed in a timely manner, to allow the vehicle to understand the

three-dimensional world around it and make the correct decisions/actions based on it.

1.3 Relationship with Information Systems Research

An information system can be defined technically as a set of components that collect

(or retrieve), process, store, and distribute information to support decision-making and

control in an organization [43]. In addition to decision-making, coordination, and control,

information systems can also help managers and workers analyze problems, visualize

complex issues, and create new products [43].

Information systems contain information about people, places, and things within the

organization or in the environment surrounding it [43]. By information, we mean data

that have been shaped into a form that is meaningful and useful to human beings. Data,

in contrast, are streams of facts that represent events that occur in organizations or the

physical environment before they have been processed and organized in a form that people

can understand and use [43].

In the context of ITS, we can consider governments as organizations. Vehicles, per-

sonal mobile devices, and sensors in road infrastructure can be seen as data sources. In

this context, we can consider ITS as systems of systems whose main objective is to max-
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imize the quality of life of a city’s citizens through efficient and effective mobility poli-

cies. The establishment and adaptation of these policies become possible through the use

of information systems specialized in extracting knowledge from data collected through

physical and virtual sensors in cities, and their implementation can be supported by infor-

mation systems that provide useful information for decision-making at different levels of

government management, as well as triggering actuators in integrated infrastructure.

1.4 Objectives

This section presents the main and partial objectives of this work.

1.4.1 Main Objective

The main objective of this work is to develop solutions for the problem of monocular

depth estimation for AVs. These solutions must enable the generation of depth maps of

images captured by monocular cameras in moving AVs with high efficacy and efficiency,

privacy preservation, reduced network consumption, improved computational cost distri-

bution, and increased resiliency to connectivity loss.

1.4.2 Partial Objectives

The partial objectives of this work can be summarized as follows.

• Develop a solution to the problem of monocular depth estimation in AVs using self-

supervised FL for collaboratively training a depth estimator using unlabeled Inde-

pendently and Identically Distributed (IID) and non-IID data captured by vehicles

with high efficacy, efficiency, and privacy-preservation;

• Leverage BO to increase the efficacy and efficiency of the solution;

• Leverage regularization and experience replay to reduce catastrophic forgetting in

continual learning scenarios in which the solution developed can be deployed.

1.5 Research Questions

The present work will try to answer the following Research Questions (RQs):
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1. RQ1 - Is the efficiency of the self-supervised learning of monocular depth estima-

tion models greater when applying FL (with IID and non-IID data) or a centralized

approach 1, in the AV use case?

2. RQ2 - Is the efficacy of self-supervised learning monocular depth estimation mod-

els equivalent when applying FL (with IID and non-IID data) instead of a central-

ized approach, in the AVs use case?

3. RQ3 — Is the efficiency of the self-supervised FL of monocular depth estimation

models improved when combining BO with FL instead of using standard FL, with

IID and non-IID data, in the AV use case?

4. RQ4 - Is the efficacy of self-supervised FL of monocular depth estimation models

preserved when combining BO with FL instead of using standard FL, with IID and

non-IID data, in the AV use case?

5. RQ5 - Does the integration of experience replay with FL enhance the efficacy of

continual self-supervised FL for monocular depth estimation compared to naive

continual FL, within the AV domain?

6. RQ6 - Does the integration of regularization with FL enhance the efficacy of contin-

ual self-supervised FL for monocular depth estimation compared to naive continual

FL, within the AV domain?

7. RQ7 - Does the combined integration of experience replay and regularization with

FL enhance the efficacy of continual self-supervised FL for monocular depth esti-

mation compared to naive continual FL, within the AV domain?

1.6 Research Contributions

The main Research Contributions (RCs) of this work are as follows:

1. RC1 - Proposal of FedSCDepth method to solve the problem of monocular depth

estimation in AVs using self-supervised FL for collaboratively training a depth esti-

mator using unlabeled data captured by vehicles with high efficacy, efficiency, and

privacy;

2. RC2 - Evaluation of FedSCDepth prototype implementation using a real monocu-

lar depth estimation dataset for AVs, demonstrating its state-of-the-art performance,

1Training a model on a central server with data collected by all vehicles.
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lower computation, and communication costs compared to centralized training,

across IID and non-IID data scenarios.

3. RC3 - Proposal of the Bayes Optimized FedAvg (BOFedAvg) aggregation func-

tion, as an extension of the proposal in [44], offering a flexible formalization that

leverages the weights of FL aggregation and the associated global loss as a robust

prior for BO.

4. RC4 - Proposal of the BOFedSCDepth method, which combines FedSCDepth [45,

46] and BOFedAvg. This method addresses the monocular depth estimation prob-

lem in AVs, enabling collaborative training of a depth estimator with unlabeled

private data.

5. RC5 - Empirical evaluation of a prototype of the BOFedSCDepth using two state-

of-the-art benchmark datasets (KITTI [47] and DDAD [48]) for monocular depth

estimation in AVs.

6. RC6 - We show that BOFedSCDepth achieves results in self-supervised FL that

match the state-of-the-art for monocular depth estimation, with up to 40.1% lower

test loss than our baseline and up to 33.3% reduction in communication cost, using

IID and Non-IID data.

7. RC7 - Proposal of Experience Replay FedAvg (ERFedAvg) aggregation function

that leverages the shared validation sets of previously seen datasets during model

aggregation to reduce catastrophic forgetting.

8. RC8 - Proposal of the Regularized FedAvg (RFedAvg) aggregation function that

takes advantage of the global model trained on previous datasets during the aggre-

gation step of the training with a new dataset to regularize the weights of the new

global model.

9. RC9 - Proposal of Experience Replay Regularized FedAvg (ERRFedAvg) aggrega-

tion function that combines the aggregation strategies of ERFedAvg and RFedAvg.

10. RC10 - ERFedSCDepth, RFedSCDepth, and ERRFedSCDepth federated training

methods, which combine FedSCDepth [45] and ERFedAvg, RFedAvg, and ERRFe-

dAvg, respectively.

11. RC11 - Empirical comparison of FedSCDepth, ERFedSCDepth, RFedSCDepth,

and ERRFedSCDepth continual learning effectiveness using two state-of-the-art

benchmark datasets (KITTI [47] and DDAD [48]) for monocular depth estimation

in AVs.
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1.7 Underlying Scientific Theories

The present work, and much of the research in ITS, are based on the same theories that

most AI methods and tools are based upon. For instance, connected AVs are essentially

based on three theories of Information Systems and Computer Science: General Systems

Theory, Information Processing Theory, and Computational Learning Theory.

General Systems Theory [49] defines a system as a cohesive conglomerate of inter-

related and interdependent parts that is natural or man-made. In addition, it defines that

some systems function to support other systems, such as the information systems that

support ITS and the computer vision systems and subsystems that support AV operation.

Information Processing Theory [50] defines fundamental concepts for the information

systems used in this research, such as the concept of sensory memory, instantiated by the

sensors used for data collection, short-term memory, instantiated in the various computa-

tional components present in vehicles, mobile devices and infrastructure, and long-term

memory, instantiated by the knowledge bases and datasets generated during the various

stages of the knowledge discovery process in ITS.

Finally, the Computational Learning Theory [51] studies the design and analysis of

machine learning algorithms. In particular, such algorithms aim to make accurate pre-

dictions or representations based on observations, a fundamental task in the extraction of

knowledge necessary for the development of depth estimation solutions and the establish-

ment and adaptation of more efficient mobility policies overall.

1.8 Research Methods

The research methods used in this work fall into the category of quantitative re-

search methods. Quantitative methods encompass a set of techniques designed to an-

swer research questions through the analysis of quantitative data [52]. These methods

are grounded in two main principles: a focus on numerical data and a commitment to a

positivist philosophy [53].

The first principle involves using numbers to represent theoretical constructs, and the

interpretation of these numbers provides strong scientific evidence to understand phe-

nomena. Although statistical tools are commonly associated with quantitative methods,

they are not always required. The second principle reflects a positivist approach to re-

search [54], which is underpinned by a realist ontology [55] (the belief in an objective,
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fixed, and independent reality) and an objectivist ontology [56] (the notion that reality and

truth can be objectively discovered and measured).

Furthermore, empiricist epistemology [57] of quantitative research emphasizes that

knowledge is derived from sensory experiences and empirical observation. These fun-

damental principles guide the application of quantitative methods to explore real-world

events, uncover relationships, and establish general laws that can be documented and ex-

plained [52].

1.9 Publications during the doctoral program

The following peer-reviewed research articles were published (or accepted for publi-

cation) as a direct result of this work, until the moment in which this thesis was published:

• [45]: Soares, Elton F. de S., Campos, Carlos Alberto V. “Privacy-Preserving
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In IEEE 100th Vehicular Technology Conference (VTC2024-Fall), Washington
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1.10 Structure

This section aims to provide an overview of the structure and content of this doctoral

thesis, presenting the logical sequence of the chapters and outlining the main topics and

objectives addressed in each of them, divided as follows:

• Chapter 1: Provides a brief introduction to the subject matter, designed to contex-

tualize the theme, justification, and motivation for carrying out this thesis, the main

research problem and objective, as well as the partial objectives, research questions,

and research contributions.

• Chapter 2: Presents the theoretical background that guided the development of this

research, highlighting the main concepts and technologies involved in this work.

• Chapter 3: Addresses monocular depth estimation for AVs using a collaborative

approach, employing federated and self-supervised learning with unlabeled vehicle

data to train a depth estimator effectively, efficiently, and with privacy preservation.

Moreover, in this chapter, we address research questions RQ1 and RQ2 and present

the research contributions RC1 and RC2.

• Chapter 4: Improves monocular depth estimation for AVs by leveraging a fusion

of FL and BO. In this chapter, we address research questions RQ3 and RQ4 and

present the research contributions RC3 to RC6.

• Chapter 5: Addresses continual learning of monocular depth for AVs using FL,

regularization, and experience replay, and answers research questions RQ5 to RQ7

and presents the research contributions RC7 to RC11.

• Chapter 6: Presents the conclusion of the work, pointing out the main contributions

of the thesis, and explores potential themes for future work.
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2. Theoretical Background

In this section, we present the theoretical background on Smart Mobility, ITS, AI,

AVs, computer vision, monocular depth estimation, self-supervised FL, BO, and continual

learning.

2.1 Smart Mobility and Intelligent Transportation Systems

Smart 

City

Smart 

Economy

•Competitiveness

Smart 

Governance

•Participation

Smart 

Environment

•Natural Resources

Smart People

•Social and Human 

Capital

Smart Mobility

•Transportation & 

Information and 

Communication 

Technologies

Smart Living

•Quality of Life

Figure 2.1: Illustration of Smart Mobility and other Smart City components.

Mobility is one of the most difficult topics to face in large metropolitan areas. It in-

volves both environmental and economic aspects and needs both advanced technologies

and virtuous people behaviors. Smart Mobility can be seen as one of the key components

of a Smart City [62], as highlighted in Figure 2.1. It is largely permeated by Information
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and Communication Technology, used in multiple applications, to support the optimiza-

tion of traffic flows, but also to collect the opinions of citizens about livability in cities or

the quality of local public transport services [63]. The initiatives on smart mobility can

be grouped into four categories defined by [63]: public transport companies and orga-

nizations, private companies and citizens, public bodies and local governments, and the

combination of all of them (ITS). Moreover, ITS can be seen as advanced applications for

collecting, storing, and processing data, information, and knowledge to plan, implement,

and evaluate integrated initiatives and policies of Smart Mobility [63]. They are a large

and heterogeneous set of applications, including demand control systems for access to

reserved areas (cordon pricing, congestion pricing, electronic tolling, with GPS, pay as

you drive); integrated parking guidance systems; Variable Message Signs; Urban Traffic

Control; Video surveillance systems for area and environment security; Integrated sys-

tems for mobility management; Traffic data collection systems; Expert systems for the

correlation and filtering of events. In this set, the role of Information and Communication

Technology is essential in supporting applications and systems of detection and process-

ing of data and information. These systems can be very sophisticated and are designed

to handle different types of information concerning various activities related to mobility,

including systems designed to detect and drive traffic, video surveillance systems, parking

systems, etc. [63].

2.1.1 Artificial Intelligence Applications in Intelligent Transportation Systems

Recently, AI-based techniques have been adopted in Smart Mobility and ITS. AI

approaches for solving transportation problems frequently use machine learning algo-

rithms, such as artificial neural networks, support vector machines, and Bayesian net-

works [64–67].

Artificial neural networks, with the ability to perform non-linear mapping between

inputs and outputs through the consideration of hidden layers and sufficient training,

are suitable for addressing transportation problems in which the parametric relationships

among variables are not well understood. In the literature, artificial neural networks are

commonly adopted in state estimation/forecasting [68, 69], incident detection [70], traf-

fic/infrastructure control [71], and behavior analysis [72].

Similarly to artificial neural networks, support vector machines are supervised learn-

ing models that analyze input data, but are more focused on the classification of stages/s-

cenarios. As a result, although support vector machines have been applied to other

transport-related problems [73, 74], they are mainly used for problems such as incident
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detection [75, 76] and accident prediction [77, 78] in the context of ITS.

Unlike artificial neural networks and support vector machines, which are solely data-

driven, Bayesian networks are a type of statistical model that considers the probabilities

and conditional dependencies of the control variables. In the ITS literature, Bayesian

networks have been used for various transportation problems [79, 80], but are mainly

used when the focus is on traffic forecasting [81,82] and incident / accident-related prob-

lems [83, 84].

2.1.2 Computer Vision for Autonomous Vehicles

Significant research efforts have been invested in the integration of Big Data analytics

and cutting-edge AI methodologies to improve the performance of ITS [3]. In contrast,

relatively less attention has been devoted to the development of intelligent agents to sup-

port ITS, the main focus being the development of AVs [4]. AV research has also used

advanced AI techniques to tackle its most critical tasks, including computer vision.

Scene depth estimation plays a pivotal role in computer vision, as it enables the

perception and comprehension of three-dimensional scenes [5]. Traditionally, active

depth estimation methods have relied on lasers, structured light, and other reflections

on the object surface [5]. However, these approaches often require substantial invest-

ments in human labor and computational resources to obtain dense and accurate depth

maps [6]. To overcome these limitations, researchers have been exploring innovative so-

lutions to enable efficient and cost-effective scene depth estimation, which is essential for

the widespread adoption of AVs and ITS. Consequently, image-based depth estimation

has emerged as a primary area of investigation in computer vision for AVs, due to its re-

duced deployment costs and the broader range of applicable scenarios [5]. Image-based

depth estimation techniques typically rely on calculating the disparity between two 2D

images captured by a binocular camera to generate a depth map [7]. However, binocu-

lar depth estimation methods require the presence of at least two fixed cameras, which

can be a limitation, particularly in scenarios where the scene lacks sufficient texture or

has minimal features [8]. Provided that, research shifted its attention to monocular depth

estimation [9]. The appeal of monocular depth estimation lies in its ability to utilize a

single camera to capture an image or video sequence, thus eliminating the need for spe-

cialized equipment [5]. However, the regression of depth in 3D space from monocular

images is an inherently ill-posed problem due to the lack of a reliable stereoscopic visual

relationship [5]. To overcome this limitation, researchers have been exploring innovative

solutions to enable accurate and efficient monocular depth estimation, which is essential
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for the widespread adoption of AVs and ITS.

A crucial point to consider is that modern consumer vehicles are already equipped

with an array of advanced sensing technologies, including Light Detection and Rang-

ing (LIDAR) systems and Bird’s Eye View (360-degree) cameras. While these sophisti-

cated sensors are commonly utilized for depth estimation purposes [10–12], we contend

that monocular depth estimation serves as a cost-effective and complementary alternative.

Specifically, this technique offers a viable redundancy mechanism that can be strategically

employed in autonomous vehicle (AV) systems to ensure operational continuity in situa-

tions where primary depth-sensing methods may fail, become temporarily unavailable, or

prove impractical due to environmental or technical constraints.

2.2 Monocular Depth Estimation Problem

The problem of estimating depth from a single RGB (Red, Green, Blue) image can be

formulated as a continuous regression task. Given a large dataset of RGB-depth image

pairs, the goal is to learn a mapping between the RGB image space I and the depth

map domain D [41]. A common approach is to employ a mean squared error (MSE)

loss function in logarithmic space or its variants, which is commonly used in supervised

learning settings where pixel-level ground truth is available [41].

In Figure 2.2 we illustrate the problem of monocular depth estimation based on the

abstraction of the “Expanded Tunnel of Reality” (ETOR) [85] which can be seen as a set

of invisible planes aligned with the camera’s focal plane, each having a different depth.

The points of real objects are associated with these planes according to their depth. Also in

Figure 2.2, we present an example of an RGB image and its corresponding colorized depth

mask [86], also referred to as depth map. Moreover, given a training set T = {(Ii,Di)}M
i=1,

where Ii ∈ I and Di ∈ D , the problem can be viewed as learning a nonlinear mapping

Φ : I → D . which takes an RGB image as input and outputs a corresponding depth

map. This formulation is typically applicable to supervised learning algorithms, where

pixel-level ground truth is available. However, some methods relax this constraint by

introducing additional requirements and constraints [41]. In some sense, the main goal

of a monocular depth estimator is to be able to infer the correct placement of each pixel

of the RGB image in the ETOR, producing an accurate depth map as a result. The main

challenge for this is the fact that the estimator must rely on the 2D information captured

by the RGB image. Thus, the research community proposed several methods to achieve

this task, leveraging advanced image processing and machine learning techniques.
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Figure 2.2: Illustration of the “Expanded Tunnel of Reality” and an example of RGB
Image and colorized depth mask.

2.2.1 Evolution of Monocular Depth Estimation Solutions

As highlighted in Figure 2.3, the evolution history of monocular depth estimation

solutions can be divided into three major periods: the early period, the machine learning

period, and the deep learning period [5].

In the early period of depth estimation research (up to 2009 [5]), depth maps were

estimated using depth cues, such as vanishing points [87], focus and defocus [88], and

shadow [89]. However, most of these methods were applied in constrained scenes [5].

In the machine learning period of depth estimation (2009 to 2014 [5]), several hand-

crafted features and probabilistic graph models have been proposed, such as scale-invariant

feature transform (SIFT) [90], speeded up robust features (SURF) [91], pyramid his-
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Figure 2.3: Evolution history of monocular depth estimation.

togram of oriented gradient (PHOG) [92], Conditional Random Field (CRF) [93], and

Markov Random Field (MRF) [94], which were leveraged to predict monocular depth

maps with parametrical and non-parametrical learning in the machine learning process [5].

In the deep learning period of depth estimation research (2014-2021) [5], monocular

depth estimation has been tackled as a task of inferring a depth map from a single two-

dimensional color image through a deep neural network. Eigen et al. [95] was the first

work to propose this, using a coarse-to-fine framework, where the coarse network learned

the global depth on the entire image, to obtain a rough depth map, and the fine network

learned the local features to refine the depth [5]. Several works were published afterward,

leveraging deep learning for the estimation of monocular depth [42, 96–99].

Typically, methods for monocular depth estimation based on deep learning employ an

encoder-decoder network that receives as input an RGB image input and generates a depth

map as output [5]. The encoder network comprises convolution and pooling layers that

capture the representational features of depth, and the decoder network includes decon-

volution layers that infer the pixel-level depth map through regression, with the same size

as the input image [5]. To preserve the features of each scale, the corresponding layers of

the encoder and decoder networks are concatenated with skip connections [5]. Finally, the

resulting deep neural network is trained to minimize a depth loss function and converges

when it reaches some predefined threshold that indicates that high-quality depth maps can

be estimated with the current network parameters [5].

Gradient descent variants are traditionally used to train deep neural networks for

monocular depth estimation, since they are guaranteed to reach a local minimum of the

depth loss function [5]. However, the quality of the local minimum depends on the hy-

perparameters used and the initialization of the network. For example, it is generally

necessary to resize the images during initialization to meet the needs of deep neural net-

work training. Regarding hyperparameters, the initial learning rate, optimizer parameters,
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batch size, and mini-batch size will usually have the greatest influence on image feature

learning [5]. Stochastic Gradient Descent (SGD) has been the default choice for the learn-

ing method, and Adam has been mostly used as an optimizer [5]. The network is assumed

to converge when the loss function stabilizes, which is characterized by the absence of

significant changes to the gradient [5].

2.2.2 Deep Learning for Monocular Depth Estimation

Regarding the training paradigm, deep learning [100] for the estimation of monoc-

ular depth has been explored using supervised, unsupervised, and semi-supervised ap-

proaches.

Supervised monocular depth estimation approaches train deep neural networks using

ground truth depth maps. Thus, these techniques require reliable ground truth that is

usually generated using human annotations, which can have a high cost considering the

time required to perform accurate depth annotations in numerous scenes [5]. In Figure 2.4

we illustrate an example architecture in which the depth estimation network is trained

following this paradigm.

Figure 2.4: Generic model of supervised learning for monocular depth estimation, whose
inputs are the RGB image at instant t and the ground truth depth map. The output is the
estimated depth map. The loss is computed comparing the ground truth and output maps.

Semi-supervised monocular depth estimation approaches have been proposed to en-

able the utilization of large sets of unlabeled data to improve learning performance with-

out incurring much higher costs. These approaches used synthetic data, surface normals,

and LIDAR sensors to reduce dependence on ground truth depth maps [5]. In Figure 2.5

we illustrate an example architecture in which the depth estimation network is trained fol-

lowing this paradigm. Nevertheless, both supervised and semi-supervised approaches will

typically require some amount of labeled data, which might not be sufficiently represen-

tative for training truly general models for depth estimation in the heterogeneous domains

where AVs will be deployed. To address this issue, several unsupervised methods were
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Figure 2.5: Generic model of semi-supervised learning for monocular depth estimation,
whose inputs are the RGB image at instant t and the alternative ground truth signal (Sparse
depth map obtained from a LIDAR sensor). The output is the estimated depth map.

proposed to learn visual features from large datasets of unlabeled images or videos with-

out using any human annotations [13]. Due to their ability to generate pseudo-labels from

raw data, these methods have also been classified as self-supervised, which is how they

are most frequently referred to in the recent literature [13].

To learn visual features from unlabeled data, these methods will typically make use

of one or more pretext tasks. Deep neural networks can be trained by optimizing the

objective functions of the pretext tasks, which will cause the network to learn the higher-

order representational features that will enable it to predict the desired visual features,

such as the image depth [13]. In Figure 2.6 we illustrate an example architecture in which

the depth network is trained in conjunction with a pose network, which performs the pose

estimation pretext task.

Figure 2.6: Generic model of self-supervised learning for depth estimation based on
monocular sequences of RGB images, collected at instants t −1, t and t +1.
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Various pretext tasks have been proposed for self-supervised learning, including im-

age colorization, image inpainting, and image jigsaw puzzle [5]. The use of pretext tasks

can also be referred to as multi-task learning, which has also been explored with other

training paradigms. Although we can train a single network for depth estimation, which

we call single-task learning, as proposed in self-supervised learning, we can combine

depth estimation with other related tasks to learn shared representations that are useful

for multiple related tasks, such as depth estimation, semantic segmentation, and optical

flow prediction [5, 13].

2.3 Self-Supervised (or Unsupervised) Federated Learning

The term federated unsupervised representation learning was first introduced in 2020,

by Berlo et al. [101]. In this work, the authors leveraged the combination of unsupervised

representation learning with FL on unlabeled IoT data, being the first to demonstrate its

efficacy in transferring pre-trained deep neural network features to downstream tasks with

reduced labeled data.

In this section, we present an overview of self-supervised learning, FL, and the history

of works that combined them to address different learning problems in diverse domains.

2.3.1 Self-Supervised Learning

Self-supervised learning has revolutionized the field of machine learning by enabling

models to learn from large amounts of unlabeled data [102–104]. This approach has

led to breakthroughs in natural language processing, computer vision, and other modal-

ities, such as video, audio, and time series [105–110]. Self-supervised learning involves

defining a pretext task based on unlabeled inputs to produce descriptive and intelligible

representations [100, 111]. In natural language processing, a common self-supervised

learning objective is to mask a word in the text and predict the surrounding words, which

encourages the model to capture relationships between words in the text without the need

for labels [104].

The same representations of self-supervised learning models can be used in a range

of downstream tasks, such as translating text between languages, and summarizing or

generating text, among others [104]. In computer vision, analogous objectives exist, and

some models are learning to predict masked patches of an image or representation [112,

113]. Other self-supervised learning objectives encourage two views of the same image,
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formed by adding color or cropping, to be assigned to similar representations [104].

The ability to train on vast amounts of unlabeled data is of many benefits. Unlike

traditional supervised learning methods, which are trained on a specific task often known

a priori based on available labeled data, self-supervised learning methods learn generic

representations useful in many tasks [104]. This approach can be especially useful in do-

mains such as medicine, where labels are expensive, or the specific task cannot be known

a priori [114, 115]. Furthermore, self-supervised learning models are more robust to ad-

versarial examples, label corruption, and input perturbations, and more fair, compared

to their supervised counterparts [116, 117]. As a result, self-supervised learning has be-

come a promising approach to advance machine learning, with potential applications that

extend far beyond the traditional boundaries of supervised learning.

2.4 Federated Learning

Big Data-based machine learning systems traditionally collect, clean, and aggregate

data into one or multiple central servers deployed in a cloud infrastructure for model

training and update [16]. In recent years, however, privacy has become one critical aspect

concerning the deployment of Big Data platforms. Data used for training typically belong

to different parties that could require different policies and privacy restrictions for sharing

data with the platform, such as GDPR [26], LGPD [28], and the CCPA [29]. In addition,

while cloud servers provide highly scalable computational power and storage, collecting

and transferring data from distributed agents to the cloud could demand high bandwidth

from the network infrastructure and incur high communication delays [16].

To address these issues, in a seminal work [118] published in 2017, Google researchers

proposed an FL method to allow the joint training of models by multiple parties. In this

approach, the model is assumed to be a neural network, whose parameter updates can be

shared with a central server without the need to transfer raw data through the network [16].

Traditionally, the central server, also referred to as aggregator agent [15], orchestrates the

training process and determines how often and how many distributed agents, also called

federated nodes [15], will contribute to the global model update.

A typical FL architecture, illustrated in Figure 2.7, will consist of multiple feder-

ated nodes and an aggregator agent. The aggregator agent generates the initial global

model and distributes it to the federated nodes through the network. When the federated

nodes receive the model, they will be responsible for refining it with their locally stored

data, without sharing it with other federated nodes or the aggregator agent. After a pre-
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determined number of iterations is performed by the federated nodes, they send only a

summary of the weight updates generated during local training to the aggregator agent,

which merges the model updates performed by each federated node following some ag-

gregation scheme, such as Federated Averaging (FedAvg) [118], to generate a new global

model, which is then distributed to all federated nodes to initiate a new FL iteration [15].

These steps are repeated until the aggregator agent achieves a satisfactory global model,

according to some predefined metric. Thus, since all local data sets collected by the feder-

ated nodes are not transferred and stored on the central server, privacy risks and network

consumption are significantly reduced [16].

Figure 2.7: Example of FL architecture with AVs as the federated nodes.

Extensions of the initial proposal for FL include decentralized FL architectures [119]

and multi-layer FL approaches [120] where the aggregation task is not performed by a

single aggregator agent, but rather by multiple federated nodes that act as aggregator

agent, or by multiple edge aggregator agents, that perform aggregation of model updates

generated by federated nodes of specific geolocations, combined with a central aggregator

agent deployed in the cloud infrastructure [120].

The use of FL has improved privacy protection in the detection of failures of indus-

trial Internet of Things (IoT) devices, often coupled with blockchain technology [121].

Similarly, FL combined with blockchain has been investigated for Unmanned Aerial Ve-

hicle (UAV) applications [122], introducing a blockchain-based FL-enabled UAV Mobile

Edge Computing (MEC) structure. Blockchain has also been applied to develop a Cred-

ible Federated Self-Learning Framework (CSFL) [123] that addresses challenges related
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to non-IID data. CSFL adapts to unknown data, maintains a secure training environ-

ment, and demonstrates resilience against attacks, outperforming existing personalized

FL methods with a 4.11% increase in average accuracy.

These advancements highlight the adaptability of FL in diverse domains. Moreover,

FL has been applied in recent ITS research [124], where FL-based license plate recogni-

tion systems ensure privacy, accuracy, and manageable communication costs.

In particular, recent work by Zeng et al. [125] proposes a Homophily Learning-Based

Federated Intelligence (HLFI) approach that addresses the issues of varying weight distri-

butions in deep neural networks during FL. HLFI leverages hierarchical FL and dynamic

elimination learning strategies to improve equipment failure prediction by up to 9.32%,

showcasing FL advantages for IoT.

2.4.1 Self-Supervised Federated Learning History

In the same year in which Berlo et al. [101] published their seminal work, a Dual Aver-

aging algorithm [126] addressed self-supervised FL, aggregating agent gradients centrally

with two weight computation methods, and simulations showed that it matched the per-

formance of the centralized cloud processing. Also in 2020, Saeed et al. [127] tackled

self-supervised FL by applying a wavelet transform to unlabeled sensor data. Their ap-

proach excelled in linear classification, low-data scenarios, and semi-supervised learning,

surpassing supervised networks and autoencoder-based pre-training.

In 2021, Zhuang et al. [128] addressed non-IID data with the FedU protocol. They up-

loaded only deep neural network encoder layers to the aggregator agent and incorporated

a dynamic predictor update module to improve performance, outperforming single-party

training by more than 5% and other methods by more than 14%.

In 2022, Wang et al. [129] discussed the resilience of self-supervised decentralized

learning to data heterogeneity, producing valuable representations for object classifica-

tion, detection, and segmentation, even when combined with basic FedAvg. They also

introduced feature alignment and clustering to enhance performance with highly non-IID

data. In the same year, Wu et al. [130] proposed a collaborative contrastive learning

framework. This framework used feature fusion and neighborhood matching to unify fea-

ture spaces among federated nodes, leading to better data representations. Concurrently,

Qu et al. [131] conducted FL experiments, showing that replacing convolutional neural

networks (CNNs) with Transformers mitigated forgetting and expedited convergence to

superior global models in non-IID scenarios. Meanwhile, Li et al. [132] validated the use
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of an aggregated online network for target network updates in FL.

In 2023, Mu et al. [133] introduced a local-global model architecture with prototypi-

cal contrastive loss, achieving a strong alignment between local and global training. Their

experiments demonstrated improved non-IID accuracy from 1.6% to 7.9%, outperforming

state-of-the-art methods while maintaining reasonable computation costs. Similarly, Park

et al. [134] proposed a distributed self-supervised masked sampling distillation method

that improves privacy for vision transformers, utilizing specialized encryption to ensure

privacy without constant communication. Yang et al. [135] introduced Iterative Similar-

ity Fusion, ensuring consistent aggregator agent-federated node predictions for unlabeled

data and generating reliable pseudo-labels per federated node through incremental con-

fidence. For lightweight federated nodes, an FL approach involving pre-training a sin-

gle block Masked AutoEncoder (MAE) [136], cascading multiple pre-trained one-block

MAEs in the aggregator agent for a downstream multi-block backbone. Lastly, Zhao et

al. [137] presented FedUSC, a dynamic update mechanism for local models based on

weight divergence, achieving impressive results across multiple datasets, exceeding the

state-of-the-art and highlighting its applicability to complex data scenarios.

2.5 Bayesian Optimization

Design problems are prevalent in scientific and industrial domains and require com-

plex decision-making that is difficult for individuals to comprehend [138]. For example,

the IBM ILOG CPLEX [139] optimization solver has dozens of manually adjustable pa-

rameters, making it challenging to find domain experts to tune them. Moreover, software

tools and libraries can have hundreds or thousands of free choices, which can be even

more challenging and even unfeasible to tune. Thus, automating design choices is crucial

in these and various other applications, such as optimizing nurse scheduling in healthcare,

adjusting games in real-time using data analysis, and automatically choosing the best fore-

casting technique in data science [138]. Advancements in automated design can lead to

rapid improvements and innovation in multiple domains, including advertising, healthcare

informatics, banking, information mining, life sciences, control engineering, computing

systems, manufacturing, e-commerce, and entertainment. Therefore, automating design

choices is essential to drive innovation in various industries [138].

BO is a sequential model-based optimization technique [140], originally proposed by

Pelikan et al. in 1999 [141] and further detailed in Pelikan’s book in 2002 [142], that

has emerged as a solution for these varied design problems and that has recently regained
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attention as an efficient approach to optimize expensive black-box functions in machine

learning, such as the selection of optimal hyperparameters for a machine learning model,

also known as hyperparameter tuning [138, 143]. In recent decades, it has been applied

in a wide range of areas, including robotics [144], sensor networks [145], interactive

user interfaces [146], reinforcement learning [147], combinatorial optimization [140],

environmental monitoring [148], adaptive Monte Carlo [149], experimental design [150],

information extraction [151], and automated machine learning [19, 21, 22].

One of the reasons why BO has become a mainstream approach to tackle a diverse

set of problems is its high data efficiency, due to its ability to incorporate prior beliefs

about the problem to help guide the sampling of new data, and to achieve a good balance

between exploration and exploitation in the search [152]. Consider the maximization of

a black-box function f , that is expensive to evaluate, we can define the objective function

to be optimized as [152]:

x⋆ = argmax
x∈X

f (x) (2.1)

where X denotes the search or decision space, and x∗ represents the global maximum.

The approach builds a probabilistic model (also known as a surrogate model) that defines a

distribution over the objective function, refining it with new data. First, a prior distribution

over the function is specified, expressing our initial belief about the objective function.

Then, using Bayes’ rule, the posterior distribution is calculated based on the observed data

and the prior, which quantifies our updated belief about the unknown objective function.

The next sample is determined by optimizing acquisition functions, which are auxiliary

functions used in BO to identify the best candidate [152].

In other words, BO involves two core tasks: (1) Modeling an objective function, cal-

culating its mean and variance; (2) Constructing an acquisition function to estimate the

next point to be evaluated.

These core tasks are detailed in the following subsections.

2.5.1 Probabilistic Surrogate Model

The most commonly used probabilistic surrogate model for approximating the true

objective function in BO is the Gaussian process, characterized by a prior mean func-

tion µ(·) and a covariance function k(·, ·) [152, 153]. Given a finite collection of data

pairs Dn = (X,y) of the unknown function y = f (X)+ ε with noise ε ∼ N (0,σ2
ε), where

X = [x1,x2, ...,xn]
T is the input, y = [y1,y2, ...,yn]

T is the output resulting from the true

objective evaluations, and n is the number of samples, the Gaussian process model as-
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sumes that the observed data are drawn from a multivariate Gaussian distribution. There-

fore, for a new data point x, the joint distribution of the observed outputs y and the pre-

dicted output f (x) can be formally defined as [152]:

[

y

y

]

∼ N

(

0,

[

K(X,X)+σ2
εI K(X,x)

K(X,x)T κ(x,x)

])

(2.2)

where T denotes matrix transposition, K(X,X) = [k(xi,x j)]xi,x j ∈ X represents a

n×n correlation matrix, and K(X,x) = [k(xi,x)]xi ∈ X denotes a correlation vector eval-

uated at all pairs of training and test points. As described in [152, 153], the conditional

distribution p(y|x,X,y) ∼ N (µ(x),σ2(x)) is a multivariate Gaussian distribution, where

the mean and variance of the predicted output y can be estimated as:

µ(x) = K(x,X)(K(X,X)+σ2
εI)−1y) (2.3)

σ2(x) = K(x,x)−K(X,x)T (K(X,X)+σ2
εI)−1K(X,x) (2.4)

where I is the identity matrix and µ(x) is the prior mean function evaluated at x [153].

2.5.2 Acquisition Function

Assuming that the function f (x) is drawn from a Gaussian process prior and that our

observations are of the form xn,yn
N
n=1, where yn ∼ N ( f (xn),ν) and ν is the variance of

noise introduced into the function observations, this prior and these data induce a posterior

over the functions, which will be the acquisition function [22]. This function can be

defined as a : X → R+, and determines what point in X should be evaluated next via a

proxy optimization xnext = argmaxx a(x).

Several acquisition functions have been proposed in the literature and typically depend

on the previous observations, as well as the Gaussian process hyperparameters. This

dependence can be denoted as a(x;xn,yn,θ) [22]. Under the Gaussian process prior, these

functions depend on the model solely through its predictive mean function µ(x;xn,yn,θ)

and predictive variance function σ2(x;xn,yn,θ).

In the following subsections, we will discuss four of the most common acquisition

functions found in literature and in standard implementations of BO, such as the BO

package [154] for the Python programming language. In particular, this package was used
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in our implementations, and we have used its accompanying notebooks 1 to produce the

charts of Figure 2.8, which illustrate a simple BO using the three most basic acquisition

functions we discuss.

Figure 2.8: Visualization of BO with Gaussian Process for 10 iterations using Expec-
tation of Improvement as main acquisition function. The lower chart shows alternative
acquisition function results using the Probability of Improvement and Upper Confidence
Interval.

2.5.2.1 Probability of Improvement

Let f̂ ∗ represent the best function value found so far, and let Φ(·) and φ(·) denote

the cumulative distribution function (CDF) and the probability density function (PDF) of

the standard normal distribution, respectively. The first acquisition function is to maxi-

mize the probability of improvement (PI) [155] over the current best value f̂ ∗, expressed

as [152]:

PI(x) = P( f (x)≥ f ∗) = Φ

(
µ(x)− f ∗

σ(x)

)

(2.5)

where P is the probability of finding a better objective function value in a position x

than the current best value f ∗, which, for a Gaussian process, is given by the cumulative

distribution function of the standard normal distribution [152]:

1https://github.com/bayesian-optimization/BayesianOptimization
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Φ(x) =
1√
2π

∫ x

−∞
exp(−t2/2)dt (2.6)

2.5.2.2 Expected Improvement

Expected Improvement (EI) is the most widely used acquisition function, as it is one

of the most intuitive [156]. Suppose xn denotes the point sampled at iteration n and yn

denotes the observed value. Assume that we can only return a solution that we have

evaluated as our final solution to the objective function. Suppose further that we have

no evaluations left to make and must return a solution based on those we have already

performed. Since we observe f without noise, the optimal choice is the point previously

evaluated with the largest observed value. Let f ∗n = maxm≤n f (xm) be the value of this

point, where n is the number of times we have evaluated f thus far [156].

Now suppose that we actually have one more evaluation to perform and that we can

perform it anywhere. If we evaluate at x, we will observe f (x). After this new evaluation,

the value of the best point we have observed will be f (x) (if f (x)> f ∗n ) or f ∗n (if f (x)≤
f ∗n ). The improvement in the value of the best observed point is then f (x)− f ∗n if this

quantity is positive and 0 otherwise. We can write this improvement more compactly as

[ f (x)− f ∗n ]
+, where [a]+ = max(a,0) indicates the positive part. Our goal is to choose x

so that this improvement is large. However, f (x) is unknown until after the evaluation.

Therefore, we can take the expected value of this improvement and choose x to maximize

it. Thus, the expected improvement can be formally defined as [156]:

EIn(x) := En

[
[ f (x)− f ∗n ]

+] (2.7)

Here, En[·] = E[· | x1:n,y1:n] denotes the expectation taken under the posterior distribu-

tion given the evaluations of f at x1:n. This posterior distribution is given by the Gaussian

process: f (x) given x1:n,y1:n is normally distributed with mean µn(x) and variance σ2
n(x).

Thus, the expected improvement can be evaluated in closed form using integration by

parts [156–158]:

EIn(x) = [∆n(x)]
++σn(x)ϕ

(
∆n(x)
σn(x)

)

−|∆n(x)|Φ
(

∆n(x)
σn(x)

)

(2.8)

where ∆n(x) := µn(x)− f ∗n represents the expected difference in quality between the

proposed point x and the previous best. The expected improvement algorithm then evalu-
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ates the point with the largest expected improvement as xn+1 = argmaxEIn(x) [156, 157,

159].

2.5.2.3 Upper/Lower Confidence Bound

The confidence bound criteria, such as the upper confidence bound (UCB) for max-

imization problems and the lower confidence bound (LCB) for minimization problems,

aim to achieve optimal regret in the multi-armed bandit community by combining uncer-

tainty and expected reward [145, 152]. The UCB is calculated as:

UCB(x) = µ(x)+βσ(x) (2.9)

where β > 0 is a parameter that balances the exploration-exploitation trade-off. The

LCB is calculated as

LCB(x) = µ(x)−βσ(x) (2.10)

Moreover, the Gaussian process upper confidence bound (GP-UCB [145]) algorithm

was proposed as an acquisition function with provable cumulative regret bounds. It has

also been generalized to other Bayesian models by considering upper quantiles [138].

2.5.2.4 Gaussian Process Hedge

No single acquisition strategy is universally superior for all problem instances. Em-

pirical evidence suggests that the optimal strategy can vary at different stages of the se-

quential optimization process. To address this challenge, Hoffman et al. [160] proposed

the use of a portfolio containing multiple acquisition strategies. At each iteration, each

strategy in the portfolio generates a candidate query point, and a meta-criterion is em-

ployed to select the next query point from these candidates. The meta-criterion functions

similarly to an acquisition function at a higher level, as it is optimized within the set of

candidates suggested by its base strategies, rather than the entire input space [138].

The earlier approach of Hoffman et al. [160] is based on a modification of the well-

known Hedge algorithm [161], which was initially designed for the full-information ad-

versarial multi-armed bandit. This particular portfolio algorithm uses the past perfor-

mance of each acquisition function to predict future performance, where performance is

measured by the objective function [138].
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In formal terms, Hedge is a probabilistic algorithm that, at each time step t, chooses

an action i with probability pt(i) based on the cumulative rewards accumulated for that

action [160]. Following the selection of an action, the algorithm receives a reward ri
t

for each action and updates its gain vector accordingly. In the context of BO, we can

conceptualize N bandits, each associated with a distinct acquisition function. Choos-

ing action i corresponds to sampling from the point designated by the function ui, i.e.,

xi
t = argmaxxui(x | D1:t−1) for i = 1, ...,N [160]. Unlike traditional BO methods, which

sample the objective function only once per iteration, Hedge is a full-information strategy

that requires a reward for every action at every time step. To achieve this, we define the

reward at xi
t as the expected value of the Gaussian process model at xi

t , i.e., ri
t = µt(xi

t).

We refer to this approach as GP-Hedge. Provided that the objective function is smooth,

this reward definition is reasonable and enables Hedge to effectively explore the search

space [160].

2.6 Continual, Incremental, and Lifelong Learning

Intelligence is rooted in the ability of systems to adapt to changing environments [162].

In response to external stimuli, evolution has endowed humans and other organisms with

the capacity to continuously acquire, refine, and exploit knowledge [163–165]. Conse-

quently, we anticipate that AI systems should also be able to adapt similarly. This drives

the study of continual learning, where a common scenario involves learning a sequence

of tasks one by one and treating them as if they were observed simultaneously. Such

tasks could include acquiring new skills, encountering new examples of existing skills,

navigating different environments, or operating in diverse contexts while incorporating

realistic challenges [165, 166]. As tasks are presented incrementally over a lifetime, con-

tinual learning is also termed incremental learning or lifelong learning in much of the

literature, without a strict distinction [164, 167]. This concept has garnered significant

attention in recent years, as it has the potential to enable AI systems to continuously learn

and improve, much like humans do.

Unlike traditional machine learning models that assume a fixed data distribution, con-

tinual learning is distinguished by its ability to learn from dynamic and evolving data

distributions [162]. A significant hurdle in this context is the phenomenon of catastrophic

forgetting [23, 168], where adapting to a new distribution often comes at the cost of a

significant loss of ability to capture the original. This conundrum is a manifestation of

the trade-off between learning flexibility and memory retention: an overemphasis on the

former can compromise the latter, and vice versa. Rather than simply striking a balance
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between these two competing demands, a desirable solution for continual learning should

strive to achieve strong generalizability, allowing the model to effectively adapt to distri-

butional differences within and between tasks [162].

As a naive baseline, reusing all previous training data (if possible) not only provides a

straightforward solution to the aforementioned difficulties, but also generates substantial

computational and storage demands, as well as potential privacy concerns [162]. More-

over, the primary objective of continual learning is to optimize the resource utilization of

model updates, ideally by processing only new training data [162].

2.6.1 Types of continual learning scenarios

Depending on how the aspect of the data that changes over time relates to the function

or mapping that must be learned, there are three fundamental ways in which a learning

problem can be continual [166]. In Figure 2.9 we illustrate how one could identify the

type of continual learning scenario based on whether context identity is known at test time

and if it is not, whether it must be inferred [166].

Figure 2.9: Decision tree for the three continual learning scenarios.

The initial scenario type that we consider in continual learning is referred to as “task-

incremental learning” (or Task-IL) [166]. This type of scenario can be characterized as a

situation in which an algorithm must incrementally acquire a set of distinct skills [169–

171]. The defining characteristic of task-incremental learning is that the algorithm is

always aware of the specific task it must perform, both during training and at the test

time [169–171]. In practice, this could involve explicit task identification or tasks that

are easily distinguishable. In this scenario type, it is possible to train models with task-

specific components (for example, separate output layers for each task) or even have a

separate network for each task to be learned. In the latter case, there is no forgetting at
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all. The key challenge in task-incremental learning is to develop strategies that effectively

share knowledge between tasks, balance performance and computational efficiency, and

leverage information learned in one task to improve performance in others (i.e., achieve

positive forward or backward transfer between tasks) [172,173]. These challenges remain

open. Real-world examples of task-incremental learning include learning to play different

sports or musical instruments, where it is usually clear which sport or instrument should

be played [166].

The second type of scenario is called “domain-incremental learning” (or Domain-

IL) [166]. In this type of scenario, the problem structure remains constant, but the

context or input distribution changes (e.g., domain-shifts [174, 175]). Similarly to task-

incremental learning, this scenario type involves an algorithm incrementally learning a set

of “domains” (which can be thought of as “tasks”), with the key difference being that, at

least at test time, the algorithm does not know to which domain a sample belongs. How-

ever, identifying the domain is not necessary as each domain has the same possible output

(e.g., the same classes are used in each domain). Using task-specific components in this

type of scenario is only possible if an algorithm first identifies the domain [176–179],

but that is not necessarily the most efficient strategy. Preventing forgetting by design

is, therefore, not possible with domain-incremental learning, and alleviating catastrophic

forgetting remains an important unsolved challenge [174, 175]. Examples of scenarios

of this type include incrementally learning to recognize objects under variable lighting

conditions [180] (e.g., indoors versus outdoors) or learning to drive in different weather

conditions [175].

The third type of scenario in continual learning is called “class-incremental learn-

ing” (or Class-IL) [166]. This type of scenario can be characterized as a situation in

which an algorithm must incrementally learn to distinguish between a growing number

of objects or classes [181, 182]. A common setup for this scenario type involves a se-

quence of classification-based tasks (which can be thought of as “episodes”), where each

task contains different classes, and the algorithm must learn to distinguish between all

classes [177, 183]. In this case, task identification is necessary to solve the problem, as it

determines which possible classes the current sample might belong to. In other words, the

algorithm should be able to solve both each task (i.e., distinguish between classes within

an episode) and identify which task a sample belongs to (i.e., distinguish between classes

from different episodes). For example, an agent might initially learn to recognize cats and

dogs, and later learn to recognize cows and horses; while with task-incremental learning,

the agent would not be expected to distinguish between animals encountered in different

episodes (e.g., between cats and cows), with class-incremental learning, this is a require-
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ment. A significant challenge in this type of scenario is learning to differentiate between

classes that are not observed together, which has proven to be a significant challenge for

deep neural networks, especially when storing examples of previously seen classes is not

allowed [184, 185].

2.6.2 Classes of continual learning methods

Continual learning methods proposed in the literature can be grouped into several

categories [162, 166]. In this section, we summarize and discuss the two most common

categories found in the related literature: Regularization-Based and Rehearsal or Replay-

Based methods Methods. Figure 2.10 illustrates the approaches included in each of those

categories of methods, along with their subdirections.

Figure 2.10: Taxonomy of most common categories continual learning methods.

2.6.2.1 Regularization-Based Methods

Regularization-based methods are characterized by incorporating explicit regulariza-

tion terms to balance the old and new tasks, which typically requires storing a frozen copy

of the old model for reference. These methods can be categorized into two approaches

based on the target of regularization [162, 166].

The first approach is weight regularization, which selectively regularizes the varia-

tion of network parameters [162, 166]. A common implementation is to add a quadratic
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penalty to the loss function that penalizes the variation of each parameter based on its

contribution or “importance” to performing the old tasks, as originally derived from the

online Laplace approximation of the posterior under the Bayesian framework. The im-

portance can be calculated using the Fisher information matrix (FIM), such as Elastic

Weight Consolidation (EWC) [166, 186] and some more advanced versions [187, 188].

Meanwhile, numerous efforts have been devoted to designing a better importance mea-

surement. Synaptic Intelligence (SI) [166, 189] approximates the importance of each pa-

rameter by its contribution to the total loss variation and its update length over the entire

training trajectory. MAS [190] accumulates the importance measurements based on the

sensitivity of predictive results to parameter changes, which is online and unsupervised.

RWalk [191] combines the regularization terms of SI [189] and EWC [186] to integrate

their advantages. Interestingly, these importance measurements are all equivalent to an

approximation of the FIM [192], although they come from different motivations.

The second approach is function regularization, which targets the intermediate or final

output of the prediction function [162, 166]. This strategy typically uses the previously

learned model as the teacher and the model currently trained as the student, while imple-

menting knowledge distillation (KD) [193] to mitigate catastrophic forgetting. Ideally, the

KD target should be all old training samples, which are not available in continual learn-

ing. However, alternatives can be new training samples [194–197], a small fraction of old

training samples [198,199], unlabeled external data [200], generated data [201,202], etc.,

which suffer from different degrees of distribution shift.

2.6.2.2 Replay-Based or Rehearsal-Based Methods

Replay-Based or Rehearsal-Based Methods aim to approximate and recover past data

distributions. These methods can be categorized into three approaches, each with its

objectives and challenges, as discussed in [162, 166].

The first approach is experience replay, which typically involves storing a limited

number of old training samples in a small memory buffer. The key challenges in this ap-

proach are to construct and exploit the memory buffer [162,166]. To construct the buffer,

old training samples must be carefully selected, compressed, augmented, and updated to

adaptively recover past information. Previous work has employed fixed principles for

sample selection, such as Reservoir Sampling [203, 204], Ring Buffer [172], and Mean-

of-Feature [181], which select an equal number of old training samples closest to the

feature mean of each class.

The second approach is generative replay or pseudo-rehearsal, which typically in-
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volves training an additional generative model to replay generated data [162, 166]. This

approach is closely related to the continual learning of generative models, which also re-

quires incremental updates. DGR [183] provides an initial framework for learning each

generation task while replaying generated data sampled from the old generative model

to inherit previously learned knowledge. MeRGAN [201] also employs replay alignment

to enforce the consistency of the generative data sampled with the same random noise

between the old and new generative models, similar to the role of function regulariza-

tion [162, 166].

The third approach is feature replay, which maintains feature-level rather than data-

level distributions to take advantage of improved efficiency and privacy compared to the

other alternatives. However, a central challenge is the representation shift caused by se-

quentially updating the feature extractor, which reflects catastrophic forgetting at the fea-

ture level. To address this issue, GFR [205], FA [195], and DSR [206] perform the feature

distillation between the old and new models. IL2M [207] and SNCL [208] recover statis-

tics of feature representations (e.g., mean and covariance) based on experience replay.

RER [209] explicitly estimates the representation shift to update the old preserved fea-

tures. FeTrIL [210] employs a fixed feature extractor learned from the initial task and

replays the generated features afterward.
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3. Privacy-Preserving Training of Monocular Depth

Estimators for Computer Vision in Autonomous Vehicles via

Self-Supervised Federated Learning

3.1 Introduction

Recent monocular depth estimation solutions leverage self-supervised learning of deep

neural networks along with tasks such as ego-motion (pose estimation) and semantic seg-

mentation [13, 14]. However, existing methods fail to address privacy preservation, low

network consumption, efficient computational cost distribution, and resilience to connec-

tivity issues. As highlighted in Chapter 1, FL [118] has been explored in ITS and AV

research [15, 16] to meet these requirements. We hypothesize that combining FL with

self-supervised learning can enable learning from unlabeled and private AV data with ef-

ficacy and efficiency comparable to state-of-the-art monocular depth estimation methods.

Although several works have explored FL and self-supervised learning in computer vi-

sion [128–137], none have been evaluated on vehicle image datasets such as benchmark

monocular depth estimation datasets [47, 48]. Thus, this work aims to develop a highly

effective and efficient solution for monocular depth estimation in AVs, generating depth

maps from images captured by moving AVs’ monocular cameras.

To the best of our knowledge, this is the first work to present and discuss empirical

evidence of the applicability of self-supervised FL to monocular depth estimation for AVs

by tackling the research questions RQ1 and RQ2, detailed in Chapter 1, Section 1.5. To

answer the research questions, we provide the contributions RC1 and RC2, also detailed

in Chapter 1, Section 1.6.

Section 3.2 discusses related work. Section 3.3 presents the proposed method, and

Section 3.4 details the evaluation experiments. Section 3.5 discusses the results obtained

and Section 3.6 presents conclusions and future work.
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3.2 Related Work

In this section, we discuss prior work on self-supervised learning for monocular depth

estimation and self-supervised FL.

3.2.1 Self-Supervised Learning for Monocular Depth Estimation

A significant series of advances in self-supervised learning for monocular depth esti-

mation is the SC-Depth (SCD) series [211–213]. SCD1 [211] addressed scale inconsis-

tency, enabling scale-consistent depth estimation in videos. SCD2 [212] addressed rota-

tion issues in handheld camera videos through an auto-rectification network. SCD3 [213]

targeted dynamic objects and blurred boundaries. They introduced an externally pre-

trained monocular depth estimation model to generate a depth prior, pseudo-depth, which

informs novel losses enhancing self-supervised learning. This approach yields models

predicting sharp and accurate depth maps, even from videos of highly dynamic scenes.

In this study, we employ SCD3 [213] as our baseline method for centralized self-

supervised learning of monocular depth estimation models. This method yielded impres-

sive results on widely used monocular depth estimation benchmarks in AVs: KITTI [214]

and DDAD [48]. The readily available source code1 from its creators facilitated experi-

ment replication and integration into our FL solution.

Besides SCD3, we compare our results with DepthFormer [215], MonoFormer [216],

Ranjan et al. [217], EPC++ [218].

DepthFormer [215] and MonoFormer [216] are recent transformer-based techniques

that currently excel in KITTI Eigen’s Split among self-supervised learning-based meth-

ods, with a resolution of 640× 192. DepthFormer improves self-supervised learning-

driven monocular depth estimation by improving the matching of features between im-

ages during the generation of cost volume [215]. Meanwhile, MonoFormer blends CNN-

Transformer hybrid networks to heighten shape bias using Transformers. It compensates

for their weak locality bias through adaptive multi-level representation fusion [216].

Ranjan et al. [217] and EPC++ [218] are more directly comparable to SCD3 [213] and

our method since they also employ the resolution of 832×256. Ranjan et al. [217], pro-

pose a Competitive Collaboration framework that coordinates the training of several spe-

cialized neural networks to solve complex problems. The networks behave as competitors

to explain pixels that correspond to static or dynamic regions, but also collaborate through

1https://github.com/JiawangBian/sc_depth_pl
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a moderator that assigns pixels to either belong to a static or dynamic region. Mean-

while, EPC++ (Every Pixel Counts ++) [218] is a method that jointly addresses three-

dimensional geometry per pixel and motion estimation from unlabeled video frames, us-

ing three parallel networks to predict camera motion, dense depth maps, and optical flow,

which are then processed by a holistic three-dimensional motion parser to disentangle

and recover the three-dimensional motion of both static backgrounds and moving objects.

Also, although recent works such as AFNet [219], SPIdepth [220], ScaleDepth [221], and

PlaneDepth [222] can beat the results obtained by SCD3 [213], DepthFormer [215], and

others, they make additional assumptions, such as the use of stereo pairs in combination

with monocular videos [220, 222] and multi-view or multimodal input [219, 221], which

make it difficult to compare in a fair manner with SCD3, and our method.

3.2.2 Self-Supervised Federated Learning

In this section, we present recent works that have explored the combination of self-

supervised learning and FL, with promising results.

As presented in Table 3.1, while many of the related works addressed computer vision

tasks, none of them were evaluated on vehicular datasets like KITTI [47] or DDAD [48].

Consequently, while these methods could potentially be adapted for AV scenarios, none

provided empirical support for the successful adoption of self-supervised FL in AV con-

texts. This highlights the specific gap our study addresses within the literature.

Table 3.1: Characterization of self-supervised FL methods, regarding their use on AVs
(AV) based on the datasets in which they were tested, and if they were evaluated on
computer vision (CV) tasks with IID and non-IID (NIID) data.

ID AV CV Methodology IID NIID

[127] ✗ ✗

Wavelet-transformed self-supervised learning for enhanc-

ing representation learning in low-data federated environ-

ments.

✓ ✗

[101] ✗ ✗

Decentralized pre-training of models on distributed unla-

beled data for efficient and privacy-preserving deep learn-

ing.

✓ ✗

[126] ✗ ✗

Privacy-preserving and latency-optimized FL with adaptive

weight computation for non-IID data in unsupervised learn-

ing.

✗ ✓
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[223] ✗ ✓
Federated contrastive learning with coreset selection for

privacy-preserving and efficient edge data training.
✗ ✓

[133] ✗ ✓
Prototypical contrastive learning for non-IID data alignment

in FL.
✗ ✓

[134] ✗ ✓
Encrypted self-supervised distillation for vision transform-

ers in privacy-preserving medical image analysis.
✗ ✓

[224] ✗ ✓
Representation-aligned FL through dictionary-based con-

sistency and cross-client alignment.
✓ ✓

[128] ✗ ✓

Selective contrastive learning for decentralized non-IID

image data in privacy-preserving federated unsupervised

frameworks.

✓ ✓

[225] ✗ ✓

HotFed enhances FL by leveraging self-supervised learning

to initialize client models, improving accuracy and reducing

communication overhead.

✓ ✓

[132] ✗ ✓

Asymmetrical networks and novel aggregation strategy to

enhance performance and robustness in semi-supervised FL

amidst non-IID data.

✓ ✓

[226] ✗ ✓
Local model update with divergence-aware exponential

moving average.
✓ ✓

[129] ✗ ✓
Decentralized self-supervised learning for robust handling

of unlabeled, heterogeneous data in distributed systems.
✓ ✓

[130] ✗ ✓
Feature fusion and neighborhood matching for unified rep-

resentation learning on non-IID, unlabeled data.
✓ ✓

[131] ✗ ✓

Enhancing performance and convergence in FL while mit-

igating catastrophic forgetting using Transformer architec-

tures.

✓ ✓

[227] ✗ ✓

Self-supervised FL framework for heterogeneous systems

with theoretical convergence guarantees and empirical su-

periority.

✓ ✓

[135] ✗ ✓

Semi-supervised FL framework leveraging iterative similar-

ity fusion and pseudo-labeling for accelerated convergence. ✓ ✓
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[136] ✗ ✓

Efficient federated pre-training of image models using

client-side masked autoencoders and multi-block integra-

tion.

✓ ✓

[137] ✗ ✓
Dynamic update-based federated unsupervised learning for

improved image classification in IoT environments.
✓ ✓

Ours ✓ ✓

Combines FL and deep self-supervision to enable the learn-

ing of monocular depth estimators with comparable efficacy

and superior efficiency.

✓ ✓

In the context of computer vision tasks that employ FL, most related studies focused

primarily on image classification tasks. These tasks often used variations of the CI-

FAR [228] and ImageNet [229] datasets. Moreover, most of these works were assessed

with both IID and non-IID data, often synthetically generated based on the number of im-

ages featuring a specific object class. This is where our study diverges from the norm, as

we maintain the natural sample imbalance inherent to data collection instead of syntheti-

cally creating one based on assumed distribution skew, as seen in previous work [129].

3.3 Proposed Method

In this section, we detail the FedSCDepth method, which combines a self-supervised

learning-based monocular depth estimation component and an FL component, presented

in the following subsections.

3.3.1 Self-Supervised Monocular Depth Estimation

In this section, we describe the monocular depth estimation model and the formaliza-

tion of frame warping and self-supervision losses.

3.3.1.1 Model Architecture

As in [42,230,231], the core of the model architecture is composed of a DepthNet and

a PoseNet, both using ResNet18 [97] as their backbone.

Our depth estimation model (DepthNet) is an encoder-decoder neural network with

skip connections, depicted in Figure 3.1. More specifically, a fully convolutional U-Net

architecture is used for the encoder [232] with a DispNet [233] as the decoder.
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The activations are ELU non-linearities at every layer except the output, where sig-

moids are used. The sigmoid output σ is converted to depth with D = 1
(aσ+b) , where a and

b are chosen to constrain D between 0.1 and 100 units [42]. Reflection padding is used

in the decoder, returning the value of the closest border pixels in the source image when

samples land outside the image boundaries [231].

Figure 3.1: Depth estimation neural network architecture.

Figure 3.2: Pose estimation neural network architecture.

In addition to predicting depth, the network has to also estimate the camera pose be-

tween frames. This estimated camera pose is only needed during training to help constrain

the depth estimation network [231]. Therefore, as in [42, 230, 231] we predict the rota-

tion using an axis-angle representation and scale the rotation and translation outputs by

0.01. The pose estimation network (PoseNet), shown in Figure 3.2, is also based on the

ResNet18 [234] architecture, modified to accept a pair of color images (or six channels)

as input and to predict a single 6-DoF (Degrees of Freedom) relative pose [231].
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List of Symbols

Main mathematical symbols used in the formal descriptions of the proposed method.

Ia Image frame a

Ib Image frame b

Da Depth Map of Ia

Db Depth Map of Ib

PDa Pseudo-Depth Map of Ia

Lsel f Combined Self-Supervision Loss

Lp Photometric Loss

LM
p Mask-Weighted Photometric Loss

Ls Edge-Aware Smoothness Loss

Lcdr Confident Depth Ranking Loss

Ln Normal Matching Loss

Lg Geometry Consistency Loss

Lern Edge-Aware Relative Normal Loss

θ deep neural network weights

εθ Combined depth and pose estima-

tion deep neural networks

C Set of all AVs available for Feder-

ated Training

Cr Set of AVs actively participating in

an FL round r

R Set of all FL rounds

r Indexer of FL rounds

q Fraction of AVs active on each FL

round r

ϕ Projected size of C based on q

As proposed in SCD3 [213] we leverage a PseudoDepthNet to generate pseudo-depth.

During the training of DepthNet and PoseNet, PseudoDepthNet generates a single-image

depth prior, which is used to boost self-supervised learning.

The combination of the DepthNet and PoseNet architectures and with PseudoDepth-

Net is presented in Figure 3.3. In summary, given a training sample (i.e., image pair Ia and

Ib) the Lsel f is computed. Meanwhile, a PDa is generated using an auxiliary pre-trained

monocular depth estimation network (PseudoDepthNet), while depth maps (Da and Db)

are produced by the monocular depth estimation network (DepthNet), and the pose esti-

mation network (PoseNet) outputs the pose estimate (Pab). PDa and Da are also fed to the

Dynamic Region-Refinement (DRR) and Local Structure Refinement (LSR) modules.
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Figure 3.3: Self-supervised learning component overview.

3.3.1.2 Frame Warping

Given a sequence of image frames captured by a moving monocular camera, the re-

construction I′s→t of a target frame It at time t can be obtained from a source frame Is

at time s by performing a bi-linear interpolation over the reprojected frame coordinates.

This interpolation, also referred to as warping flow (ρ), can be formalized as [230]:

ρ = I′s→t(pt) = Is( p̂s) (3.1)

where p̂s is the reprojection of point pt into frame Is. To obtain the mapping from pt to p̂s,

pt needs to be back-projected into a 3D point X using the camera’s intrinsic matrix Y and

the depth map Dt corresponding to It . Then X is transformed to account for camera move-

ment Jt→s and projected onto the image plane [230]. This transformation is formalized

as:

p̂s ∼ Y Jt→s Dt(pt)Y
−1

︸        ︷︷        ︸

X

. (3.2)

3.3.1.3 Photometric Loss

For a consecutive pair of images (Ia, Ib) randomly sampled from a sequence of monoc-

ular images, their depths (Da, Db) and their 6-DoF camera pose (Pab) are predicted by for-

warding the DepthNet and PoseNet, respectively [213]. Provided that the warping flow

(ρab) between Ia and Ib can be generated using Da, Db and Pab, and a synthetic reconstruc-
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tion of Ia (I′a) can be generated using ρab and Ib via bi-linear interpolation [233]. Thus,

the Lp between Ia and I′a can be used as a self-supervision signal for both networks [211].

L1 loss is used to reduce the impact of outliers, however, since it is not invariant to illu-

mination changes, an additional image dissimilarity loss (SSIM [235, 236]) is used, as it

normalizes the pixel illumination [211]. The SSIM is formalized as,

SSIM(x,y) =
(2µxµy +C1)+(2σxy +C2)

(µ2
x +µ2

y +C1)(σ2
x +σ2

y +C2)
(3.3)

where µx is the pixel sample mean of x, µy is the pixel sample mean of y, σ2
x is the variance

of x, σ2
y is the variance of y, σxy is the covariance of x, C1 = (k1L)2,C2 = (k2L)2, L is the

dynamic range of the pixel-values (typically this is 2#bits/pixel −1, k1 = 0.01 and k2 = 0.03

by default . The modified Lp is formally defined as,

Lp =
1
|V | ∑

p∈V

(λi||Ia(p)− I′a(p)||1 +λs
1−SSIMaa′(p)

2
), (3.4)

where V corresponds to the valid points that are successfully projected from Ia to the

image plane of Ib, |V | stands for the number of points in V [211], and SSIMaa′ is the

element-wise similarity between Ia and I′a [236]. λi = 0.15,λs = 0.85 [42].

3.3.1.4 Mask-Weighted Photometric Loss

To mitigate the adverse impact of moving objects and occlusions, a weight mask

M = 1−Ddi f f is used to assign low weights to inconsistent pixels and high weights to

consistent pixels [211]. Thus, LM
p can be formalized as,

LM
p =

1
|V | ∑

p∈V

(M(p) ·Lp(p)). (3.5)

By replacing Lp with LM
p , the gradients of inaccurately predicted regions have a lower

impact on back-propagation [211].

3.3.1.5 Combined Self-Supervision Loss Function

As in [213], Ls [217] is used to regularize the estimated depth maps, since Lp is not

very informative in low-texture images or homogeneous regions. In addition, to ensure

that Da and Db correspond to the same 3D scene structure, another loss was introduced

in [211], based on a depth inconsistency map. In addition, to mitigate the impact of mov-

ing objects and occlusions, a weight mask is used to assign low weights to inconsistent

pixels and high weights to consistent ones [211]. Thus, by replacing Lp with LM
p , the
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gradients of inaccurately predicted regions have less impact in back-propagation [211].

Finally, as in [213] the signals produced by PseudoDetphNet are used to compute

additional losses that help regularize self-supervised learning: Lcdr and Ln that replaces

Ls [213]. In addition, Lg encourages the predicted depths to be consistent with each other

in the 3D space [213] and Lern helps constrain the relative normal angles of sampled point

pairs to be consistent with pseudo-depth [213]. Thus, by combining these losses, a robust

self-supervision signal is obtained. Formally,

LSel f = αLM
p +βLg + γLn +δLcdr + εLern. (3.6)

As in [213], α = 1, β = 0.5, γ = 0.1. Auto-masking and per-pixel minimum reprojection

loss are used to filter stationary and non-best points during training [231] and γ = δ =

ε [213].

3.3.2 Federated Learning

Figure 3.4: Federated self-supervised learning of a monocular depth estimator for AVs.

Figure 3.4 illustrates the FL of our self-supervised monocular depth estimation model

using AVs. The aggregation server dispatches the initial global models to the participating

AVs, as depicted by dashed blue lines. The AVs perform self-supervised learning on their

local copies of the global models on their private data and send the model updates back

to the server, illustrated with dashed orange lines. The models are aggregated to produce
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a new version of the global model that is sent back to the AVs. This process is repeated

until a stop condition is reached.

The main goal of FL is to learn a global model from highly distributed and heteroge-

neous data by aggregating locally trained models in remote devices [127], such as AVs.

Considering that the combination of our monocular depth and pose estimation models

(DepthNet and PoseNet) is represented as εθ, for simplicity, our FL goals can be formally

defined as:

min
θ

εθ, where εθ :=
C

∑
c

hc

h
εθ

c (3.7)

where C represents the set of participating AVs in a FL round, hc is the total number of

instances available for client c ∈ C with h =
C

∑
c

hc. Lastly, εθ
c denotes the local monoc-

ular depth estimation model parameterized with weights θ. To produce a global model,

FedAvg [118] is applied to accumulate client updates after every FL round r ∈R.

Algorithm 1 FedAvg of εθ. The |C| participating AVs are indexed by c, q is the fraction
of AVs active on each FL round r ∈R, e is the number of training passes each AV makes
over its local dataset on each round (local epochs), and ϕ is the number of AVs selected
for each round.

Input: Global εθ, represented as ε for simplicity;

1: Distribute a copy of ε (εc) to each AV c ∈ C;

2: for each round r = 1,2, ... | r ∈R do

3: ϕ = max(q×|C|,1);
4: Cr = Random Sample of ϕ AVs from C;

5: for each AV c ∈ Cr in parallel do

6: εc
r+1 = LocalU pdate(c,εc

r);
7: end for

8: ε∗ = εr+1 =
C

∑
c

hc

h
εc

r+1;

9: end for

10: procedure LocalU pdate(c, ε′)
11: for each local epoch i from 1 to e do

12: Execute Self-Supervised Training with ε′ on AV c;

13: Evaluate updated ε′ with Validation Dataset on AV c;
14: end for

15: return updated ε′;
16: end procedure

Output: Updated εθ = ε∗;

In Algorithm 1, we detail how FedAvg is applied to learn global monocular depth

estimation and pose estimation models. In each FL round r, the AVs that will actively

46



participate in that training round are selected (lines 3–4). Next, each active AV performs

local updates on its copies of DepthNet and PoseNet (εc) using its private training samples

and shared validation samples (“gold standard” set of samples collected before training

and shared with all participants), using the self-supervised learning method described in

Section 3.3.1 (lines 5-7). Local updates are performed over a predefined number of epochs

(lines 11–12). After each local epoch, the validation samples are used to assess how

generalizable its training was (line 13). This information is used to select the final weights

of a local update, which will typically be the weights that present the best performance

on the validation set (line 15). After the local updates are computed, the final weights are

shared with the central server, which performs the averaging of the local models weighted

by the number of training samples available for each AV (line 8).

3.4 Evaluation Experiments

To address the research questions of the present study, RQ1 and RQ2, we design and

execute evaluation experiments detailed in the following subsections.

3.4.1 Datasets and Scenarios

Our evaluation experiments are conducted with the publicly available KITTI [47] and

DDAD [48] datasets. KITTI contains monocular images and 3D scans of scenes captured

by cameras and sensors mounted on top of moving vehicles. Following the approach

of [211–213], we also adopt Eigen’s split [95], with the maximum depth set to 80 meters

and images resized to a resolution of 832 x 256 pixels for training. Meanwhile, DDAD

contains monocular images and 3D scans captured by cameras and sensors mounted on

self-driving cars moving in cross-continental urban environments [48]. As in [213], we

adopt the standard train/test split, with the max depth set at 200 meters and the images

resized to 640 x 384 pixels for training.

In our experiments, we assume that the drives present in the training dataset (34 for

KITTI and 150 for DDAD) correspond to distinct AVs (although some were collected by

the same vehicle in different drives). Based on this assumption, we characterize three

base experimental scenarios: Centralized Training (CT), FT-IID (Federated Training with

IID data), and FT-NIID (Federated Training with non-IID data). Federated learning base

scenarios were derived into 18 scenarios by combining the use of IID or NIID data, mul-

tiple fractions of active participants in each round, and varying numbers of local training

epochs per active participant. All federated learning scenarios simulated training with
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12 participants for 12 rounds. This restriction in the number of participants and rounds

was mostly to enable the timely evaluation of multiple scenarios (in the hardware we had

available for experimentation), since each experiment execution could take from days to

weeks. Also, since 12 is divisible by 2 and 3, it made it easier to evaluate the scenar-

ios with 1/3 and 1/2 of the participants active per round. Finally, although there were

34 trips available in KITTI, only a subset of them had a significantly large number of

samples, which made it difficult to train with the maximum number of trips.

3.4.1.1 Centralized Training

All vehicles upload their samples to a central server that will train the depth prediction

model and distribute the final version to all participants.

3.4.1.2 Federated Training with IID samples

Before the FL begins, the train samples are randomly distributed among participants,

preserving an equal number of samples between all participants, as shown in Figure 3.5.

Next, when the FL starts, the global model is distributed to all the participants, along with

the validation samples, that will be used as the gold standard for validating the models

produced in local training. Each participant trains their local copy of the global model,

using their random subset of train samples, and computes the validation losses against

the gold standard at the end of every epoch. After each FL round, each participant (that

was selected for that round) uploads their local model to the aggregation server, which

computes the FedAvg and then distributes the updated global model to all participants.
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Figure 3.5: Sample count by participant in FT-IID and FT-NIID scenarios, with redistri-
bution of remaining samples, in KITTI (a) and DDAD (b) datasets.

3.4.1.3 Federated Training with non-IID samples

This scenario is similar to the previous one, except that the train samples are dis-

tributed according to the drives in which they were collected, reflecting the natural imbal-
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ance of data collection. Furthermore, since the number of samples per drive was highly

skewed when selecting a subset of the 34 drives, we first picked those with the most

train samples. However, participants selected for each FL round were randomly selected,

without replacement, to ensure that the training would go over every participant at least

once, given a sufficient number of FL rounds. Furthermore, to avoid creating too much

advantage for the IID scenario, we randomly redistributed the remaining samples (from

participants with the least number of train samples) between the selected participants.

Thus, both the IID and the non-IID scenarios had access to all the samples, changing only

their distribution among the participants. As shown in Figure 3.5, this redistribution did

not remove the great imbalance present in the original distribution by drive in KITTI, al-

though in DDAD this imbalance cannot be observed since its original amount of samples

per trip is much more standardized, compared to KITTI.

3.4.2 Metrics

To evaluate the efficacy of the final models, we adopt standard depth evaluation met-

rics [211–213] that include absolute relative error (AbsRel), squared relative error (SqRel),

linear root mean squared error (RMS), log RMS (RMSlog), and accuracy under threshold

(∆ j), formally defined as:

AbsRel =
1
|T | ∑

yi∈T

|yi − y∗i |
y∗

, SqRel =
1
|T | ∑

yi∈T

‖yi − y∗i ‖2

y∗i
(3.8)

RMS =

√

1
|T | ∑

yi∈T

‖yi − y∗i ‖2, RMSlog =

√

1
|T | ∑

yi∈T

∥
∥logyi − logy∗i

∥
∥2

(3.9)

∆i = max

(
y∗i
yi
,

yi

y∗i

)

, ∆ j =
1
T

∑
yi∈T

1
(
∆i < 1.25 j

)

(3.10)

where yi and y∗i are the estimated depth and ground-truth depth at pixel i, respec-

tively [95, 237]. AbsRel and SqRel reduce the effect of large errors in the distance, where

the image resolution is lower, and a higher magnitude of the error is more likely to oc-

cur [237]. Meanwhile, RMS and RMSlog are the root value of the average squared error

and its log [237]. Moreover, ∆ j is the proportion of i ∈ T where yi is within a certain rela-

tive error (∆i) threshold of y∗i . Thus, 1(∆i < 1.25 j) defines an indicator function that equals

1 when the condition (∆i < 1.25 j) is satisfied and 0 otherwise, where 1.25 j, j = 1,2,3 is
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the threshold for ∆i [237,238]. In addition, as in [213], the predicted depth maps are mul-

tiplied by a scalar that matches the median with the ground truth for evaluation. There-

fore, in summary, lower values of AbsRel, SqRel, RMS, and RMSlog are preferred, while

higher values of ∆ j indicate better accuracy, with j = 1 indicating the most strict accuracy

threshold (higher quality depth estimates per pixel) and j = 3 the least strict threshold.

For assessing the efficiency of the training methods, we consider the AbsRel computed

over the validation set (referred to as Λ from now on) during the training as our reference

for effective learning, and, adapting a communication cost estimation approach proposed

in [239] for FL, we formally compute its upper bound (℧max) as

℧max = 2×|R̂|× (|C|× |ωß|) (3.11)

where |C| is the total number of participants, |R̂| is the total number of communication

rounds (or FL rounds) elapsed, and |ω| is the number of model parameters. In our formu-

lation, we replace |ω| with |ωß| to make it explicit that what we consider is the size of the

model parameters in Bytes (ß). The main motivation for this is to make the comparisons

with the estimated cost for CT more direct, since these will be estimated based on the

dataset size, which is also measured in Bytes. Additionally, we estimate its lower bound

(℧min) considering only the participants selected for training the model as,

℧min = 2×|R̂|× (q×|C|× |ωß|) =℧max ×q (3.12)

where q is the fraction of participants that were selected for training the model locally on

each FL round. In this estimate, we assume that instead of updating the global model for

every participant in every round, only those performing local training will have access to

the latest global model version.

Finally, we also analyze the number of training steps as a proxy for a computational

cost estimate since these represent the number of batches the model has seen during the

learning process (including images repeated across epochs). Formally, the number of

training steps in a given epoch of the CT is defined as τ̂ = ê×ρ and the final number of

training steps for CT is defined as τ = e×ρ, where ê is the number of epochs in which the

model has already been trained on, while e is the total number of epochs defined for the

training, and ρ is the number of batches per epoch, assuming every epoch is trained over

the same number of batches. We fix ρ at 1k, to enable comparison with SCD3’s original

results [213].

For FL scenarios, the computation of the training steps is adjusted to account for the
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number of participants. Thus, we define the steps in a given FT round (τ̂FL) as,

τ̂FL =
R̂

∑
r

(
Cr

∑
c

ec ×ρc

)

(3.13)

where |R̂| is the number of FL rounds elapsed, Cr are the participants that performed

training on the round r (which is a subset of C), and ec is the number of epochs through

which the participant c ∈ Cr iterated over ρc batches.

Although there may be fewer batches available for a given c, in the non-IID scenarios,

we have configured the training NOT to resample the available batches randomly until

ρc = ρ, as this resampling could limit the potential efficiency gains of the FT-NIID.

3.4.3 Implementation Details

Our FedSCDepth implementation was based on SCD3 [213] and Dec-SSL [129]

source codes, which were made publicly available on GitHub by their authors. Our im-

plementation was also publicly shared on GitHub 2.

As in SCD3 [213], the DNN implementation used PyTorch Lightning 3, with Adam

optimizer and learning rate set to 10−4. The DNN encoder was initialized using Ima-

geNet [229] pre-trained weights. As mentioned in Section 3.4.2, the maximum number

of batches per epoch (ρ) was set as 1k and the batch size as 4 to allow comparison of CT

and FT results.

FT experiments were conducted with |C| = 12 participants for |R| = 12 rounds with

a total of 18 different setups resulting from the combination of the following parameter

values: Q = 1, 1
2 ,

1
3 ; E = 1,2,3; IID ∈ {true, f alse}.

As in Dec-SSL [129], the local updates were simulated in the same process in which

the FedAvg aggregation was computed. Although this simulation strategy might not be

sufficiently realistic for estimating all possible metrics, it does not affect the metrics we

adopt to estimate the efficacy of the trained models and the efficiency of the training.

The experiments were run on a bare metal server with a CPU i3-12100F 4.3 GHz,

32GB DDR4 RAM, RTX 2060 GPU with 12 GB GDDR6 RAM, and SSD M.2 2280

1TB. The server was configured with Ubuntu 22.04.2 LTS, Python 3.8.15, Conda 4.12.0,

Pip 22.3.1, and CUDA version 12.1.

2https://github.com/eltonfss/federated-sc-depth/tree/kitti-v2
3https://www.pytorchlightning.ai/
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3.4.4 Ablation Studies

In this section, we present the results of ablation studies [240, 241], in which we

analyze the sensitivity of the federated training to variations of some of its parameters.

For instance, we observe the impact of the number of participants per round (ϕ = q×|C|),
the number of local training epochs (e), the number of communication/federation rounds

elapsed (|R̂|), and the data heterogeneity (IID) on the lowest global validation losses (Λ)

and their corresponding communication (℧max and ℧min) and computational costs (τ̂FL),

shown in Figures 3.6, 3.7, 3.8, and 3.9.

3.4.4.1 Impact of number of participants per round

In Figure 3.6 (a), we find that the best Λ in KITTI is lower when ϕ = 6. Meanwhile,

in Figure 3.6 (c), the ℧max corresponding to the best Λ is lower when ϕ = 4, while in

Figure 3.6 (e), ℧min is lower when ϕ = 4. Finally, in Figure 3.6 (g), the τ̂FL for the

best Λ is lower when ϕ = 4. One point to note is that in Figure 3.6 (c), for FT-NIID

the ℧max increases greatly from ϕ = 4 to ϕ = 6, but has a slight decrease from ϕ = 6 to

ϕ = 12. Meanwhile, for FT-IID, there is a meaningful decrease in ℧max from ϕ = 4 to

ϕ = 6, and an equivalent increase from ϕ = 6 to ϕ = 12. This likely occurs because the

random sampling performed in local training has a greater impact on the validation loss

improvement than the value of ϕ when ϕ >= 6 in the NIID scenario. Meanwhile, for the

IID scenario, the value of ϕ is likely to have low impact on the validation loss reduction.

In Figure 3.7 (a), we find that the best Λ in DDAD is also lower when ϕ = 6. Mean-

while, in Figure 3.7 (c), the℧max corresponding to the best Λ is the same for all values of

ϕ, while in Figure 3.7 (e), ℧min is also lower when ϕ = 4. Finally, in Figure 3.7 (g), the

τ̂FL for the best Λ is lower when ϕ = 4.

3.4.4.2 Impact of number of local epochs

In Figure 3.6 (b), we find that the best Λ in KITTI is lower when e = 2. Meanwhile,

in Figure 3.6 (d), the ℧max corresponding to the best Λ is lower when e = 3, while in

Figure 3.6 (f), the ℧min is also lower when e = 3. Finally, in Figure 3.6 (h), the τ̂FL

corresponding to the best Λ is also lower when e = 3.

In Figure 3.7 (b), we find that the best Λ in DDAD is lower when e = 3. Meanwhile,

in Figure 3.7 (d), the ℧max corresponding to the best Λ is lower when e = 2, while in

Figure 3.7 (f), the ℧min is also lower when e = 3. Finally, in Figure 3.7 (h), the τ̂FL

corresponding to the best Λ is also lower when e = 2 for NIID data and e = 1 for IID data.
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Figure 3.6: Lowest Λ (a), its ℧max (c), ℧min (e), and τ̂FL to obtain it (g), by number of
AVs (ϕ). Lowest Λ (b), its ℧max (d), ℧min (f), and τ̂FL to obtain it (h), by number of
epochs (e), in KITTI.
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Figure 3.7: Lowest Λ (a), its ℧max (c), ℧min (e), and τ̂FL to obtain it (g), by number of
AVs (ϕ). Lowest Λ (b), its ℧max (d), ℧min (f), and τ̂FL to obtain it (h), by number of
epochs (e), in DDAD.
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Figure 3.8: Lowest Λ (a), its℧max (b),℧min (c), and τ̂FL (d), by FL rounds elapsed (|R̂|),
in KITTI.

One point to highlight is that both in Figure 3.6 (d), (f), and (h), as well as Figure 3.7

(d) and (f), we observe large decreases in the y-axis from e = 1 to e = 2, and increases

from e = 2 to e = 3, for FT-IID (except Figure 3.7 (f), in which the variation is small).

Meanwhile, we observe an inverse trend, for FT-NIID (except for Figure 3.6 (d) and Fig-

ure 3.7 (d) in which ℧min always decreases or remains constant). This also likely occurs

because the random sampling during local training can produce variations in performance

that can significantly impact the reduction of the validation loss than the value of e. Such

variations are likely more impactful in the NIID case, which is reflected by the larger

variation we observe for this scenario.

3.4.4.3 Impact of number of federation rounds

In Figure 3.8 (a), we find that the best Λ in KITTI decreases rapidly until |R̂| = 4,

with a modest decrease afterward. However, the lowest values are observed with |R̂|= 8.

Meanwhile, in Figure 3.8 (b) and (c), we observe that the ℧max and ℧min for the best Λ

scale to about 40 GB and 30 GB, respectively, while in Figure 3.8 (d), the τ̂FL to the best

Λ grows to approximately 144k steps, at |R̂|= 7.
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Figure 3.9: Lowest Λ (a), its℧max (b),℧min (c), and τ̂FL (d), by FL rounds elapsed (|R̂|),
in DDAD.

In Figure 3.9 (a), we find that the best Λ in DDAD decreases rapidly to |R̂|= 5, with

a modest decrease afterward. However, the lowest values are observed with |R̂| = 12.

Meanwhile, in Figure 3.9 (b) and (c), we observe that the℧max and℧min for to the best Λ

scale up to about 60 GB, while in Figure 3.9 (d), the τ̂FL to the best Λ grows up to about

216k steps for IID data and to about 432k steps for NIID data, at |R̂|= 12.

It is important to note that the values displayed Figure 3.8 (b), (c), and (d), as well

as in Figure 3.9 (b), (c), and (d), reflect the ℧max, ℧min, and the τ̂FL required to reach

the best Λ up to each round, considering all the variations of ϕ and e. Moreover, since

Λ can increase or decrease from one round to another, the best Λ in the fourth round of

one experiment can have been achieved in the second round. In that case, the values of

℧max, ℧min, and the τ̂FL considered for the fourth round would be those of the second

round. Thus, the variations we observe more evidently in Figure 3.9 (c) and (d), reflect

the fact the data points in each round don’t necessary come from the same experiment

(same values of ϕ and e).

3.4.4.4 Impact of data heterogeneity
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Analyzing Figures. 3.6, 3.7, 3.8 and 3.9, we find that the proposed method showed

robustness to the data heterogeneity inherent to data collection, obtaining very close low-

est Λ with IID = true and IID = f alse (NIID), with lowest NIID’s Λ about 3% and 1%

higher than the lowest Λ with IID data in KITTI and DDAD, respectively. Meanwhile, the

impact on communication and computational costs was low, as the maximum data trans-

fer cost and the maximum number of training steps were lower with NIID data in KITTI,

while in DDAD the℧max was the same for IID and NIID, and the maximum value of τ̂FL

for NIID was the double of IID.

3.4.4.5 Final Recommendation

After analyzing the different FT configurations in the ablation studies, we concluded

that the one that showed the best overall results was the one with ϕ = 6, e = 3, and

|R̂| = 12. This was mostly because, with ϕ = 6, FT achieved its best AbsRel in both

KITTI and DDAD, while with e = 3 it achieved its best value in DDAD. Also with e = 3,

it also achieved its best Ωmin in both KITTI and DDAD. Moreover, since the best AbsRel

values were obtained in the last rounds (|R̂| = 12) of the IID scenarios, we considered it

made sense to compare this setting with the centralized training. This would allow for a

fairer comparison since in the centralized training the data would be sampled similarly.

3.4.5 Comparison with Centralized Training

In this section, we compare the best FT configuration (ϕ= 6, e= 3, and |R̂|= 12) with

the centralized training, in the IID data setting. In Figures. 3.10 (a) and (b), we observe

that the selected FT configuration reached a Λ about 4.3% and 11.4% worse than the best

Λ obtained with CT (in KITTI and DDAD, respectively) at an additional computational

cost overhead of approximately 53.7% and 44.4%, respectively.
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Figure 3.10: Lowest Λ by training steps (τ and τ̂FL), in KITTI (a) and DDAD (b).
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One thing to note here is that, since the Λ are calculated at the end of each epoch for

CT, its first data point was obtained in the 1k training steps. Meanwhile, the first Λ is

computed in the FT after the first FL round is complete. Thus, the number of training

steps of its first data point will depend on the values of ϕ, e, and τ̂FL after the first round

(as defined in Section 3.4.2). This is also true for the number of training steps for the last

data point, which will also be affected by |R̂|. Therefore, it is expected that both the first

and last data points for FT and CT in Figures. 3.10, 3.11, and 3.12 will be positioned at

different horizontal axis values.
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Figure 3.11: ℧max (a) and ℧min (b) required to reach lowest Λ, by number of training
steps (τ and τ̂FL), in KITTI.
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Figure 3.12: ℧max (a) and ℧min (b) required to reach lowest Λ, by number of training
steps (τ and τ̂FL), in DDAD.

In Figures. 3.11 (a) and (b), we find that the final ℧min and ℧max were about 51.7%

and 76.1% higher with FT than CT, respectively, in KITTI. Furthermore, in Figures. 3.12

(a) and (b), we observe that the final ℧min and ℧max were approximately 34.3% and

78.1% higher with FT than with CT, respectively, in DDAD. However, the total CT com-

munication cost needs to be paid right in the first round, while in FT, this cost is split
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between |R̂|= 12 rounds. Considering that there would be |C|= 12 AVs involved in the

data collection and training, we would have to transmit, on average, about 1.293 GB (in

KITTI) or 1.093 GB (in DDAD) per AV with CT (in the first round only) and something

between 0.188 GB and 0.381 GB (in KITTI) or 0.138 GB and 0.415 (in DDAD) per AV

with FT (on each round), which indicates that the communication cost paid by each AV

on the first round would be on average about 65.1% to 87.4% lower with FT. Also, if we

consider that in CT, the computational cost of 100k training steps has to be paid by the

central server at the first round, while in FT, the computational cost of 180k (in KITTI)

or 144k (in DDAD) training steps is shared by the 12 AVs, with an average of about 1k to

1.25k training steps performed by each AV on each round, we conclude that FT promotes

a more efficient cost distribution overall.

Finally, in Tables 3.2 and 3.3, we observe that the efficacy metrics obtained in KITTI

test set with the best model obtained with FT were very close to the ones obtained with CT,

even obtaining a slight advantage on the AbsRel, SqlRel, and RMSlog metrics calculated

over static regions (image regions NOT classified as vehicles or pedestrians [213]). How-

ever, in Tables 3.4 and 3.5, we observe that the efficacy metrics obtained in the DDAD

test set, with the best FT model, were not as close to those obtained with the CT model. In

this dataset, the FT results were closer to those of CT in the dynamic regions. The results

presented correspond to the 95% confidence interval of each metric’s mean computed

with 1k bootstrap [242] samples.

Table 3.2: Efficacy comparison with CT on KITTI Dynamic Regions (Eigen Split).

Scenario AbsRel SqRel RMS RMSlog

FT 0.220±0.013 2.816±0.398 7.709±0.386 0.295±0.010

CT 0.191±0.009 2.072±0.245 7.111±0.323 0.282±0.009

Absolute %

Difference

(from 3.181%

to 26.701%)

(from 3.586%

to 66.940%)

(from 1.439%

to 18.379%)

(from 2.034%

to 11.347%)

Table 3.3: Efficacy comparison with CT on KITTI Static Regions (Eigen Split).

Scenario AbsRel SqRel RMS RMSlog

FT 0.105±0.002 0.623±0.030 4.276±0.101 0.157±0.004

CT 0.106±0.003 0.638±0.034 4.275±0.104 0.159±0.004

Absolute %

Difference

(from 3.774%

to 5.714%)

(from 7.680%

to 12.680%)

(from 4,771%

to 4.819%)

(from 3.774%

to 6.369%)
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Table 3.4: Efficacy comparison with CT on DDAD Dynamic Regions.

Scenario AbsRel SqRel RMS RMSlog

FT 0.231±0.004 5.041±0.209 17.963±0.401 0.314±0.004

CT 0.221±0.005 4.707±0.213 16.454±0.300 0.297±0.004

Absolute %

Difference

(from 0.433%

to 8.597%)

(from 1.746%

to 16.061%)

(from 4.498%

to 13.431%)

(from 2.866%

to 8.417%)

Table 3.5: Efficacy comparison with CT on DDAD Static Regions.

Scenario AbsRel SqRel RMS RMSlog

FT 0.162±0.002 3.588±0.089 17.950±0.225 0.273±0.003

CT 0.148±0.002 3.149±0.120 15.656±0.178 0.242±0.002

Absolute %

Difference

(from 6.173%

to 12.162%)

(from 6.410%

to 20.578%)

(from 10.535%

to 17.227%)

(from 9.524%

to 14.876%)

3.4.6 Comparison with State-of-the-Art on SSL-based monocular depth estimation

In Table 3.6, we present the monocular depth estimation efficacy metrics obtained in

the test dataset with the best-performing FT configuration of the FedSCDepth in KITTI.

We also compare its results with the results reported by three state-of-the-art SSL-based

(non-distributed) monocular depth estimation methods: SCD3 [213], which was the base-

line of our SSL monocular depth estimation component; DepthFormer (DF) [215], the

best performing SSL-based monocular depth estimation methods in the KITTI Eigen

Split [95]; Ranjan et al. [217], EPC++ [218], and MonoFormer (MF) [216].

Table 3.6: Efficacy Comparison with state-of-the-art on KITTI (Eigen Split).

Method Resolution AbsRel SqRel RMS RMSlog ∆1 ∆2 ∆3

DF [215] 640×192 0.090 0.661 4.149 0.175 0.905 0.967 0.984

MF [216] 640×192 0.104 0.846 4.580 0.183 0.891 0.962 0.982

Ranjan et al. [217] 832×256 0.148 1.149 5.464 5.464 0.815 0.935 0.973

EPC++ [218] 832×256 0.141 1.029 5.350 0.216 0.816 0.941 0.976

SCD3 [213] 832×256 0.118 0.756 4.709 0.188 0.864 0.960 0.984

Ours 832×256 0.115 0.753 4.593 0.183 0.869 0.963 0.985
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Analyzing Table 3.6, we can observe that the results obtained by FedSCDepth were

better than SCD3 on all metrics. Meanwhile, its AbsRel was about 21.7% worse than

DF, which was the best overall. However, FedSCDepth reached the highest ∆3 overall,

and its SqlRel, RMS, RMSlog, ∆1, and ∆2 were about 12.2%, 9.7%, 4.4%, 4%, and 0.4%

worse than with DF, respectively. Based on these results, we conclude that most of the

difference between FedSCDepth and DF is due to the transformer-based technique (and

the lower resolution) employed by the latter, which produced a highly superior efficacy

than SCD3, since a similar gap is observed between SCD3 and MF, which is another

transformer-based technique (that also applied a lower resolution). This difference is also

visible when we compare them with MF, which presents a much closer performance to

DF than SCD3. Thus, our solution outperformed the efficacy of SCD3, which represents

the pre-transformer SSL-based monocular depth estimation state-of-the-art and our main

baseline.

Table 3.7: Efficacy Comparison with state-of-the-art on DDAD.

Method Resolution AbsRel SqRel RMS RMSlog ∆1 ∆2 ∆3

DF [215] Undisclosed 0.135 2.953 12.477 - 0.836 - -

SCD3 [213] 640×192 0.142 3.031 15.868 0.248 0.813 0.922 0.963

Ours 640×192 0.169 3.531 17.659 0.278 0.758 0.906 0.952

In Table 3.7, we present the monocular depth estimation efficacy metrics obtained in

the test dataset with the best-performing FT configuration of the FedSCDepth in DDAD.

We also compare its results with the results reported only by SCD3 [213] and DF [215],

since Ranjan et al. [217], EPC++ [218], and MF [216] did not report results on DDAD.

Analyzing Table 3.7, we can observe that the results obtained by SCD3 were better

than FedSCDepth. Meanwhile, FecSDepth’s AbsRel was about 20.1% worse than DF,

which was the best overall, although it was not possible to determine which resolution was

used in its training. Moreover, DF reached the highest on most metrics, and SCD3 had

the second-best results. Based on these results, we conclude that in DDAD the efficacy

gap was larger between FedSCDepth and SCD3, than between SCD3 and DF.

3.5 Discussion

After analyzing efficiency metrics for FT and CT, we conclude the following about

RQ1: FT is more efficient than CT, since CT incurs communication costs upfront, and FT

distributes these costs across multiple rounds, requiring about 65.1% to 87.4% less data
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transfer per round, as presented in Section 3.4.5. In addition, in CT, the central server

covers the entire computational cost (100k training steps), while in FT, the participating

AVs share this cost (about 1k to 1.25k training steps per AV per round on average, total-

ing 12k to 15k steps per AV at the 12th round). FT’s efficiency was higher with IID data

compared to non-IID data in most cases. However, the overall efficiency did not differ

significantly between these two FT setups, suggesting that the proposed solution would

perform well in real-world AV deployments, which typically exhibit non-IID data. Mean-

while, upon comparing the best FT model’s efficacy with the state-of-the-art, we conclude

the following for RQ2: monocular depth estimation models from FT outperform those

from CT in the static regions of KITTI, but are outperformed the dynamic regions and

in DDAD. Moreover, the efficacy of the FT model remains consistent with both IID and

non-IID data in most scenarios, highlighting its suitability for practical AV deployments,

where data collection is often unbalanced. Finally, a potential deployment challenge for

the proposed method is the absence of an extra privacy preservation technique for se-

cure parameter transmission from AVs to the server, such as differential privacy, secure

multi-party computation, or homomorphic encryption [243]. However, integrating these

techniques into the method is feasible, although assessing their impact on performance

might be necessary. Additionally, the recent achievements of blockchain in FL [121,122]

offer a chance to harness these technologies in practical AV deployments.

3.6 Conclusion

In this chapter, we address monocular depth estimation for autonomous vehicles us-

ing a collaborative approach. Our method employs federated and self-supervised learning

with unlabeled vehicle data to train a depth estimator effectively, efficiently, and with

privacy preservation. Prototype testing on the KITTI and DDAD datasets demonstrates

near state-of-the-art performance, achieving this with lower per-vehicle computation and

communication costs per round compared to centralized training. Notably, the method

remains robust with non-IID data, even with the use of conventional federated learn-

ing aggregation with FedAvg. Future research involves exploring alternative aggregation

functions and optimization strategies to further reduce computational and communication

costs, as well as assessing generalizability across different datasets and domain adaptation

scenarios.
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4. Enhancing Federated Averaging of Self-Supervised

Monocular Depth Estimators for Autonomous Vehicles with

Bayesian Optimization

4.1 Introduction

As discussed in Chapter 3, FL offers significant benefits in addressing essential re-

quirements in real AV deployments, including data privacy, network consumption, com-

putational cost distribution, and connectivity resilience, providing a promising solution to

address the challenges of monocular depth estimation in AVs [15, 16, 118].

Before the present study, only FedSCDepth [45, 46] (detailed in Chapter 3) explored

self-supervised FL as an alternative for monocular depth estimation in AVs. However,

it relies on FedAvg [118], known for issues with data that are not IID [18]. Thus, to

address FedSCDepth’s main limitation, we draw inspiration from recent work in traffic

flow prediction [44], demonstrating that BO [141] improves the averaging weights based

on the global loss of the averaged model on each round.

As highlighted in Chapter 2, BO is a versatile approach extensively applied in recent

works [19] for automated machine learning and has been used to improve local training

in FL schemes [20]. Unlike traditional optimization strategies, such as grid or random

search, BO analyzes past evaluations of an objective function and an acquisition function

to select new inputs to the objective function with the highest expected enhancement in

outputs [21]. Thus, BO usually finds better inputs with fewer objective function evalua-

tions [22]. Provided that, we hypothesize that combining self-supervised FL with BO can

enable learning monocular depth estimation models from unlabeled and private data cap-

tured by AVs with comparable efficacy and superior efficiency than existing methods in

self-supervised FL for monocular depth estimation on AVs. Thus, the primary objective

of this work is to develop a solution for monocular depth estimation in AVs, generating

depth maps from images captured by monocular cameras in moving AVs.
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This study is the first to present empirical evidence of the usage of BO to enhance

self-supervised FL of monocular depth estimation models for AVs, by addressing RQ3

and RQ4, detailed in Chapter 1, Section 1.5. To answer these research questions, we

make contributions RC3 to RC6, also detailed in Chapter 1, Section 1.6.

Section 4.2 examines related work, Section 4.3 presents the proposed method, and

Section 4.4 details the evaluation experiments. Section 4.5 discusses the results, Sec-

tion 4.6 explains its limitations, and Section 4.7 outlines the conclusions and future work.

4.2 Related Work

In this section, we discuss prior works on self-supervised FL for AVs and the use of

BO to enhance FL.

4.2.1 Self-Supervised Federated Learning

In Table 4.1, we characterize recent self-supervised FL works with key aspects, in-

cluding their use of BO and applicability to AV use cases, based on the datasets in which

they were evaluated.

Table 4.1: Characterization of self-supervised FL works regarding their use of BO, ap-
plicability to AVs (AV), evaluation on computer vision (CV) tasks, experimentation with
IID and NIID, and Datasets used.

Ref. BO AV CV IID NIID Datasets

[132] ✗ ✗ ✓ ✓ ✓ CIFAR

[129] ✗ ✗ ✓ ✓ ✓ ImageNet, CIFAR, MS-COCO, Amazon

[227] ✗ ✗ ✓ ✓ ✓ CIFAR, Tiny-ImageNet, LEAF

[223] ✗ ✗ ✓ ✗ ✓ CIFAR, SVHN

[130] ✗ ✗ ✓ ✓ ✓ CIFAR, Fashion-MNIST

[131] ✗ ✗ ✓ ✓ ✓ Retina, CIFAR, CelebA

[133] ✗ ✗ ✓ ✗ ✓ CIFAR, Tiny-ImageNet

[134] ✗ ✗ ✓ ✗ ✓ TCIA PET-CT, MICCAI 2015, CTI ICH D&S

[135] ✗ ✗ ✓ ✓ ✓ MNIST, CIFAR

[136] ✗ ✗ ✓ ✓ ✓ (Mini-)ImageNet, CIFAR, Mini-INAT2021

[137] ✗ ✗ ✓ ✓ ✓ CIFAR, SVHN, STL-10, COVID-19, Mini-ImageNet

[45, 46] ✗ ✓ ✓ ✓ ✓ KITTI

Ours ✓ ✓ ✓ ✓ ✓ KITTI, DDAD
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Although many self-supervised FL studies focus primarily on computer vision tasks,

it should be noted that only one of these works has been evaluated with vehicular datasets,

such as KITTI [47] or DDAD [215]. Moreover, none of them explore the use of BO to

enhance self-supervised FL in computer vision for AVs.

Although these methodologies show potential for AV scenarios, few provide empirical

evidence of self-supervised FL success in this context, and none investigate the synergistic

combination of BO and self-supervised FL for it. This highlights the specific gap in the

literature that our study addresses.

4.2.2 Self-Supervised Federated Learning for Monocular Depth Estimation in Au-

tonomous Vehicles

To our knowledge, the only related work that proposed the use of self-supervised

FL for monocular depth estimation is FedSCDepth [45, 46], detailed in Chapter 3. This

method integrates a self-supervised monocular depth estimator learning component, based

on SCD [213], and an FL component, based on FedAvg [118].

The architecture of the self-supervised monocular depth estimator learning compo-

nent comprises a monocular depth estimation network (DepthNet) and a pose estima-

tion network (PoseNet). Additionally, a pre-trained monocular depth estimation network

(PseudoDepthNet) plays a crucial role in generating pseudo-depth. During DepthNet and

PoseNet training, PseudoDepthNet generates a single image depth prior, improving self-

supervised learning [45, 46]. Concurrently, the FL component governs the collaborative

training of PoseNet and DepthNet through the standard FedAvg algorithm [118]. In each

federation round r, the AVs participating in that round of training are selected. Sub-

sequently, each participating AV conducts local updates on the DepthNet and PoseNet

weights using its private training samples. Local updates occur over a predefined number

of epochs.

Following each local epoch, the shared validation samples (“gold standard” set of

samples collected before the training and shared with all participants) are used to assess

the generalizability of the training efforts. This assessment informs the selection of the

final weights for a local update, typically favoring those that exhibit superior performance

on the validation set. Once local updates are calculated, the resulting weights are sent

to the central server, which calculates their averaging based on the number of training

samples available for each AV [45, 46].
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4.2.3 Bayesian Optimization for Federated Learning

In FL, the aggregation function (typically FedAvg [118]) can be classified as a black

box function if we consider that the weights of local models in the global model can be

tuned based on their contribution to its performance [44]. Thus, instead of relying on

assumptions or statistics about the training of local models [244], we can dynamically

adjust the input vector that represents the weight of each local model in the global model

by running an optimization process of the aggregation function, whose only requirement

is that we can evaluate the performance of the global model for a sufficient number of

weight combinations.

Recent works have explored the use of BO (detailed in Chapter 2) in FL [20]. In [143],

a Federated Thompson Sampling algorithm (FTS) is proposed, using BO to optimize local

training. It uses Thompson sampling as the acquisition function and the Gaussian process

as a surrogate model for the objective function. Random Fourier features are shared in

each FL round and used to approximate the Gaussian process. The authors demonstrate

that FTS converges with both IID and non-IID data.

In [44], the authors argue that dynamic approaches, such as BO, are more likely to

show better results in each round of aggregation. BO is used to support FL for traffic flow

prediction and, similar to FTS [143], the Gaussian process is used as an objective function

surrogate. However, they used expected improvement instead of Thompson sampling as

the acquisition function.

The use of BO in our solution is strongly inspired by [44], as they also use global

model loss as an objective function for BO. We follow a configuration that is similar to

the one they used, with Gaussian process regression for the objective function. How-

ever, instead of using expected improvement as the acquisition function, we adopt GP-

Hedge [160, 245], since it can probabilistically choose the best of the following acquisi-

tion functions during each iteration: Expected Improvement, Probability of Improvement,

and Lower/Upper Confidence Bound [246] (All of these functions are detailed in Chap-

ter 2). Moreover, it is worth noting that, differently from prior work, we define explicitly

how the number of initial random points for BO is set, which significantly influences its

ability to explore other regions of the search space. Additionally, we also specify the total

number of iterations that BO is allowed to run, which is directly related to the computa-

tional cost on the central server and the extra delay for computing and sharing the updated

global weights.
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4.3 Proposed Method

In this section, we detail our proposed method, denoted BOFedSCDepth [58, 61],

which is composed of an aggregation function, formalized as BOFedAvg, and the self-

supervised FL solution for monocular depth estimation proposed in FedSCDepth [45,46].

Figures 4.1 and 4.2 show an overview of BOFedSCDepth and BOFedAvg with AVs.

Figure 4.1: BOFedAvg overview.

Figure 4.2: Bayes optimized self-supervised FL of monocular depth estimators for AVs.

In Figure 4.2, the central server (AA) dispatches the initial global models to the FNs,

as depicted by dashed orange lines. The FNs perform the self-supervised learning on their

private data and send the local model updates back to the AA, depicted with dashed blue

lines. The AA runs BOFedAvg to produce a new global model that is sent to the AVs.
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4.3.1 Bayes Optimized FedAvg (BOFedAvg)

Considering that the deep neural network to be trained is represented as εθ
DP = εθ = ε

for simplicity, the result of FedAvg on each round r (ξµ) can be formalized as:

ξµ =
U

∑
u

mu

m
εu =

U

∑
u

wuεu (4.1)

where U represents a subset of the total AVs set C that participate on a round r ∈ R,

R being the set of all rounds. mu is the total number of samples available for AV u ∈
U, and m =

C

∑
c

mc. Lastly, εu = εθ
u denotes the local monocular depth estimation model

parameterized with weights θ, and wu = mu

m
. Thus, we define WU = [w1,w2, ...,w|U|] as

the vector of all wu that are applied to each εu in the round r.

The goal of BOFedAvg is to find an alternative to WU produced by Equation 4.1,

which we denote as W ∗
U

, that produces an optimally averaged model (ξ∗), that achieves a

lower mean absolute relative error [213] (AbsRel) than that produced by FedAvg (ξµ).

To achieve this, BOFedAvg leverages the shared validation set to compute AbsRel,

which we will now refer to as Λ, obtained by applying WU to the local models learned

in r (ξµ). This value will be called Λµ and will be the input to BO and the reference to

decide whether W ∗
U

is better than WU, since, in each BO iteration z ∈Z, where Z is the

set of all iterations of the round r, we will also calculate the value Λz for W z
U

and the final

W ∗
U

, which corresponds to W z
U

with the lowest Λz. Provided that, the core BO process

receives as input WU, Λµ, the function that computes the Λ over a validation set for a

given W ′
U

(Λ = AbsRel(Normalize(W ′
U
)), where Normalize is a standard normalization

function that guarantees that the evaluated weights will always sum to one1), the local

monocular depth estimation models learned by each AV in r (deep neural networks), and

the search range hyperparameter parameter Ψ, which is used to compute: (1) the number

of random W z
U

(defined as |W π
U
|= (|U|×Ψ)−1) that will be evaluated2 before trying to

predict a W z
U

that presents the highest expected enhancement in Λ; (2) the total number

of BO iterations z ∈Z (defined as |Z| = max(|W π
U
|×2, 5)), that includes the combined

set of W π
U

and WU evaluations (referred as W Ω
U

).

Note that Ψ can be modified to increase or decrease both the level of exploration,

since a higher |W π
U
| implies exploration of more random regions in the search space, and

exploitation, with a higher |Z| allowing deeper exploitation of favorable regions in the

1This is especially important for the weights generated in the initial random configurations, that might
produce non-convex sums of weights.

2(WU,Λ
µ) replaces one of the random initial evaluations.
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search space levels. This could suggest that a greater Ψ would always be desirable. How-

ever, z has a non-negligible cost, especially during the evaluation of Λz. Thus, after pre-

liminary experiments, we selected a default value of Ψ = 6. Moreover, in Section 4.4.5.5

we evaluated alternative values of Ψ and confirmed that the best trade-off between Λ

improvement and the computational overhead introduced was also obtained with Ψ = 6.

After evaluating W Ω
U

, we obtain the corresponding values of Λ. Thus, we assume

that they contribute to a vector Y r = Λ(W Z
U
) obeying Y r ∼ (µz(W

Z
U
),ϑz(W

Z
U
,W Z
U
)), a z-

dimensional normal distribution, where ϑz(W
Z
U
,W Z
U
) is the covariance matrix, and Z = 1 :

z = [1, ...,z]. Then, we can estimate the covariance matrix by using the kernel function

matrix K, with W i
U
=Wi | 1 ≤ i ≤ z, for simplicity:

K = ϑz(WZ,WZ) =









k(W1,W1) ... k(W1,Wz)

... ... ...

k(Wz,W1) ... k(Wz,Wz)









(4.2)

where

k(W1,W2) = σ0 exp

(

− 1
2σ2 ‖W1 −W2‖

)

(4.3)

and k(Wi,Wj),(i, j = 1,2, ...,z) is the Gaussian kernel function, σ0 and σ are the pa-

rameters of the kernel function [44]. In the following iterations, the GP-Hedge [245] is

used as an acquisition function [44] to predict Wz+1 with the desired maximum enhance-

ment in Λ (denoted W⋆). Thus, the BO prediction is defined as

W⋆ = argmax
W ′
U
∈X

Λ(W ′
U) (4.4)

where X is the search space, Λ⊖ = mini=1,2,...,z Λ(W z
U
) denotes the minimum value

observed in the first z iterations, the strategy to compute W⋆ is

W⋆ = argmax
x∈X

EΛ(x)∼N (µz(x),σ2
z (x))

[max(Λ⊖−Λ(x),0)]

W⋆ = argmax
x∈X

(Λ⋆
z −µz(x))Φ(ϒz)+σz(x)φ(ϒz)

(4.5)

where W ′
U
= x for conciseness, [max(Λ⊖−Λ(x),0)] defines how much lower the value

Λ is than the minimum observed so far, Φ(·) is the cumulative density function, φ(·) is
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the probability density function and ϒz is formally defined as

ϒz =
Λ⊖−µz(x)

σz(x)
=

Λ⊖−µz(W
′
U
)

σz(W
′
U
)

(4.6)

When a new prediction Wz+1 is available, a Gaussian vector following the distribution

N(µ(Wz+1),k(Wz+1,Wz+1)) can be derived by ϑz(WZ,WZ) and W Ω
U

. The predicted mean µ

and covariance σ2 can be obtained by adjusting the joint Gaussian prior distribution over

the observations, following the formula for the conditional distribution of the multidimen-

sional normal distribution, defined as

µz = kẐK−1(Λ(WZ)−µ(WZ)+µ(Wz+1)) (4.7)

where Ẑ is the subset of Z that ends at the current z and

ϑ2
z = k(Wz+1,Wz+1)− kẐK−1k (4.8)

Algorithm 2 BOFedAvg aggregation procedure.

1: procedure BOFedAvg(U,WU,Λ
µ,Λ,EU,Ψ )

2: h = |W π
U
|= (|U|×Ψ)−1; |Z|= max(|W π

U
|×2, 5);

3: W Ω
U

= Set of h random W z
U

where 0 ≥ wu ≥ 1,wu ∈W z
U

;
4: for each W z

U
∈W Ω

U
do

5: Λz = Λ(W z
U
);

6: end for

7: for each BO iteration z = h+1,h+2, ..., |Z| do

8: Estimate the covariance matrix K(W,W ) using Equations 4.2, 4.3;
9: Compute W z

U
=W⋆ using Equations 4.4, 4.5, 4.6;

10: Λz = Λ(W z
U
);

11: Adjust prior distribution with (W z
U
,Λz) using Equations 4.7, 4.8;

12: end for

13: Λ⊖ = minΛz; W ∗
U
=W z

U
where Λz = Λ⊖; Λ∗ = Λ(W ∗

U
);

14: if Λµ < Λ∗ then

15: W ∗
U
=WU;

16: end if

17: Apply W ∗
U

to EU to produce ξ∗ and return ξ∗;
18: end procedure

As illustrated in Algorithm 2, the core BO process will repeat this procedure multiple

times until the maximum number of iterations |Z| is reached. Afterward, we take the best

averaging weights found (W ∗
U

) and compare its validation loss Λ∗ with Λµ. If Λµ <Λ∗, W ∗
U

is replaced by WU and ξ∗ will be equivalent to the model produced by standard FedAvg
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for round r (ξµ). In this algorithm, EU is the set of trained local models in a given round.

4.3.2 Bayes Optimized FedSCDepth (BOFedSCDepth)

In BOFedSCDepth, we extend FedSCDepth [45, 46] by replacing its FL component

with one that optimizes the aggregation weights with BOFedAvg and verifies if the global

model produced in a given round (ξµ) is better than the one produced in the previous round

(ξr−1), based on the same evaluation function (Λ) that is used in BOFedAvg. Algorithms 3

and 4 detail our method, reusing the procedures of Algorithm 2. In this algorithm, AVs C

are indexed by c (while participating AVsU are indexed by u), v is the fraction of active

AVs in each FL round, e is the number of training passes each AV makes in its local

dataset in each round (local epochs), |U| is the number of AVs selected for each round,

and R is the set of rounds indexed by r.

Algorithm 3 BOFedSCDepth FL procedure.

Input: ε,C,v,e,R,Ψ;
1: ε0 = ε; Λ0 �+∞;
2: for each round r ∈R do

3: t = r−1; |U|= max(v×|C|,1);
4: U = Random Set of |U| AVs that will be active in round r;
5: Û = Random Set of |Û| AVs that were active in round t;
6: EU = empty vector with |U| positions;
7: for each AV u ∈U in parallel do

8: Compute εr
u = LocalU pdate(u,εt ,e) and Save εr

u into EU[u];
9: end for

10: Compute ξµ using Equation 4.1 and extract vector WU from ξµ;
11: Λ = AbsRel(Normalize(W ′

U
)); Λµ = Λ(WU);

12: ξ∗ = BOFedAvg(B,WU,Λ
µ,Λ,EU,Ψ);

13: Extract aggregation weights vector W ∗
U

from ξ∗;
14: Λµ = Λ(W ∗

U
);

15: if Λt < Λµ then

16: Λµ = Λt ; WU =W
Û

; ξµ = εt ;
17: end if

18: end for

Output: ε;

Algorithm 4 BOFedSCDepth auxiliary procedures.

1: procedure LocalU pdate(u, ε′, e)
2: for each local epoch i from 1 to e do

3: Execute self-supervised learning with ε′ on AV u using loss defined in Eq. 3.6;
4: Compute Λ of updated ε′ with Validation Dataset;
5: end for
6: return updated ε′;
7: end procedure
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4.4 Evaluation Experiments

To address the research questions of the present study, RQ3 and RQ4, we design and

execute evaluation experiments detailed in the following subsections.

4.4.1 Datasets

As in Chapter 3, our evaluation experiments are conducted with the publicly available

KITTI [47] and DDAD [48] datasets.

KITTI contains monocular images and 3D scans from scenes captured by cameras and

sensors mounted on moving cars [47]. As in Chapter 3, we use Eigen’s split [95], with the

max depth set to 80 meters and train images resized to a resolution of 832×256 pixels.

DDAD contains monocular images and 3D scans captured by cameras and sensors

mounted on self-driving cars moving in urban environments on all continents [48]. As in

Chapter 3, we adopt the standard train/test split, with the max depth set at 200 meters and

the images resized to 640×384 pixels for training.

4.4.2 Scenarios

As in Chapter 3, we assume that the drives present in the training datasets (34 for

KITTI and 150 for DDAD) correspond to different AVs, although some were collected

by the same vehicle in different periods. Provided that, we adopt two of the experimental

scenarios proposed in Chapter 3:FT-IID and FT-NIID.

As in Chapter 3, FL base scenarios were derived into 18 scenarios by combining the

use of IID or NIID data (s ∈ S, where s = true corresponds to IID data), multiple fractions

of active participants in each round (v ∈ V ) and the numbers of local epochs of training

per active participant (e ∈ E): S = {true, f alse}, V = {1, 1
2 ,

1
3}, and E = {1,2,3}.

All FL scenarios simulated training with 12 participants (|C|) for 12 rounds (|R|) and

adopted the same sample redistribution strategy adopted in Chapter 3.

4.4.3 Metrics

To evaluate the efficacy of the final model, related to RQ4, we use standard depth met-

rics [45,46], detailed in Chapter 3: mean absolute relative error (AbsRel), squared relative

error (SqRel), root mean squared error (RMS), root mean squared log error (RMSlog), and
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accuracy under threshold (∆ j < 1.25 j, j = 1,2,3) detailed in Eigen’s work [95]. The pre-

dicted depth maps, as in [213], are scaled by the median for evaluation.

For evaluating training efficiency, related to RQ3, we employ FedSCDepth’s initial

evaluation metrics [45,46]: (1) AbsRel in the validation set during training (Λ); (2) upper

(℧max) and lower (℧min) communication cost bounds [45, 46]; (3) computational cost

estimates, including the number of training steps (τtrain) for FT (τFT
train) [45, 46].

The metrics are computed following [45,46], except for τFT
train, where random batch re-

sampling is disabled to avoid limiting efficiency gains in FT-NIID scenarios. In addition,

we assess two additional computational cost metrics: the number of inference batches

(Validation Steps) and averaging operations (η) in each federation round. Due to BOFe-

dAvg’s multiple weight combination evaluations, we examine their potential impact on

FL’s overall computational cost.

Formally, we compute the number of Validation Steps (τval) required by FedAvg (τµ
val)

as τ
µ
val =

R̂

∑
r

τ
µ
val(r) with

τ
µ
val(r) = ρval +

U

∑
u

(ρval × eu) (4.9)

where ρval =
ϕval

ν , with ν = 4 as the batch size, R̂ is the set of FL rounds elapsed, U are

the AVs that performed training on the round r, and eu is the number of epochs through

which AV p performed validation over ρval batches [45,46]. ϕval is the number of labeled

validation samples on which inference is computed to assess Λ of the local models and

the averaged models, where the validation set is shared by all AVs and the central server.

Thus, we estimate the τval of BOFedAvg (τ∗val) as

τ∗val(r) = τ
µ
val(r)+ρval ×|Z| (4.10)

τ∗val =
R̂

∑
r

τ∗val(r) (4.11)

where Z and r are as defined in section 4.3.1. η on FedAvg (ηµ) is always equal to

|R̂| (one averaging per round r), while for BOFedAvg we have η∗ = |R̂|× (1+ |Z|).

4.4.4 Implementation Details

Our prototype3 was based on FedSCDepth’s source code. As in Chapter 3, our deep

neural network used Adam optimizer, and the learning rate was set to 10−4. The deep

3https://github.com/eltonfss/federated-sc-depth/tree/bofscd
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neural network encoder was initialized using ImageNet [229] pre-trained weights. The

maximum number of batches per epoch was set as 1k and the batch size as 4. The 18

FL scenarios ran with |R| = 12, |C| = 12 and all combinations of (v ∈ V,e ∈ E,s ∈ S),

reusing the hardware of FedSCDepth’s experiments, detailed in Chapter 3.

4.4.5 Ablation Studies

In this section, we analyze the impact of the number of autonomous active vehicles

per round (v×|C| = |U|), the number of local epochs (e), the number of rounds (r) and

the heterogeneity of the data (s) on the lowest global validation losses (Λmin) and their

corresponding communication and computational costs, based on the results presented at

Tables 4.2, 4.3, 4.4, 4.5, and Figure 4.3.

Table 4.2: Lowest global validation loss (Λmin), its max and min communication costs
(℧max/℧min), number of training steps (τtrain), validation steps (τval) and averaging op-
erations (η), by number of active AVs per round (|U|), grouped by dataset (DS) and FT
scenarios (Scenario). *Best results per group in bold.

DS Scenario |U| Λmin ℧max ℧min τtrain τval η

K
IT

T
I

FT-IID

4 0.1418 39.9 GB 13.3 GB 96k 271.9k 392

6 0.1452 44.8 GB 22.4 GB 108k 428.3k 657

12 0.1445 49.8 GB 49.8 GB 240k 951.7k 1450

K
IT

T
I

FT-NIID

4 0.1522 49.8 GB 16.6 GB 120k 339.9k 490

6 0.1507 54.8 GB 27.4 GB 66k 486.1k 803

12 0.1490 49.8 GB 49.8 GB 240k 951.7k 1450

Table 4.3: Lowest global validation loss (Λmin), its ℧max/℧min, number of training steps
(τtrain), validation steps (τval) and averaging operations (η), by number of active AVs per
round (|U|), grouped by dataset (DS) and FT Scenarios. *Best results per group in bold.

DS Scenario |U| Λmin ℧max ℧min τtrain τval η

D
D

A
D

FT-IID

4 0.1781 59.8 GB 19.9 GB 144k 711k 588

6 0.1681 59.8 GB 29.9 GB 216k 1066.5k 876

12 0.1678 59.8 GB 59.8 GB 288k 1990.8k 1740

D
D

A
D

FT-NIID

4 0.1626 59.8 GB 19.9 GB 144k 711k 588

6 0.1768 59.8 GB 29.9 GB 216k 1066.5k 876

12 0.1672 59.8 GB 59.8 GB 432k 2133k 1740
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4.4.5.1 Impact of number of participants per round

Tables 4.2 and 4.3 show that the lowest validation losses in KITTI and DDAD were

obtained with |U| = 4 or |U| = 12. This was also the case for ℧max and ℧min, although

in DDAD ℧max was the same for all values of |U|. The computational costs followed a

similar trend on both datasets, except for the τtrain of |U|= 6 in FT-NIID, which was the

lowest overall.

4.4.5.2 Impact of number of local epochs

Table 4.4: Lowest global validation loss (Λmin), its max and min communication costs
(℧max/℧min), number of training steps (τtrain), validation steps (τval) and averaging oper-
ations (η), by number of epochs (e), grouped by dataset (DS) and FT scenarios (Scenario).

DS Scenario e Λmin ℧max ℧min τtrain τval η

K
IT

T
I

FT-IID

1 0.1461 59.8 GB 59.8 GB 144k 1060.5k 1740

2 0.1445 49.8 GB 49.8 GB 240k 951.7k 1450

3 0.1418 39.9 GB 13.3 GB 96k 271.9k 392

K
IT

T
I

FT-NIID

1 0.1499 34.9 GB 34.9 GB 84k 618.6k 1015

2 0.1490 49.8 GB 49.8 GB 240k 951.7k 1450

3 0.1521 54.8 GB 54.8 GB 396k 1121.7k 1595

Table 4.5: Lowest global validation loss (Λmin), its max and min communication costs
(℧max/℧min), number of training steps (τtrain), validation steps (τval) and averaging oper-
ations (η), by number of epochs (e), grouped by dataset (DS) and FT scenarios (Scenario).

DS Scenario e Λmin ℧max ℧min τtrain τval η

D
D

A
D

FT-IID

1 0.1902 59.8 GB 59.8 GB 144k 1848.6k 1740

2 0.1678 59.8 GB 59.8 GB 288k 1990.8k 1740

3 0.1681 59.8 GB 29.9 GB 216k 1066.5k 876

D
D

A
D

FT-NIID

1 0.1902 59.8 GB 59.8 GB 144k 1848.6k 1740

2 0.1736 59.8 GB 59.8 GB 288k 1990.8k 1740

3 0.1626 59.8 GB 19.9 GB 144k 711k 588

In Tables 4.4, and 4.5, the lowest validation losses were observed with e = 2 or e = 3,

both in KITTI and DDAD. This was also true in most cases for℧max and℧min, although,

in the FT-NIID (KITTI) scenario, they were lower with e = 1 and, in DDAD, ℧max was
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the same for all values of e. The computational costs followed a similar trend on both

datasets, except for FT-NIID (KITTI), in which they were all lower with e = 1, and on

FT-IID (DDAD), where τtrain was also lower with e = 1.

4.4.5.3 Impact of number of federation rounds
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Figure 4.3: Lowest global validation loss (a), its communication cost upper bound (b),
and lower bound (c), and number of train steps (d), validation steps (e), and averaging
operations (f) to obtain it, by the number of rounds.

In Figure 4.3 (a), validation loss on KITTI improves rapidly until r = 5, with a modest

decrease afterward. In DDAD, validation loss starts to improve significantly at r = 4,

dropping rapidly until r = 6. Regarding the communication cost metrics in Figure 4.3 (b,

c) on KITTI, both exhibit an approximately linear increase with r, reaching up to about

50 GB in r = 12. However, for FT-NIID, the lower bound requires 2 to 5 times higher

computational cost than FT-IID, which reaches a maximum of about 20 GB at r = 4. In
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DDAD, a linear trend is observed, with a maximum of about 60 GB at r = 12. Unlike

KITTI, on DDAD, the FT-IID lower bound is up to 3x higher than FT-NIID’s, which

reaches a maximum of about 20 GB at r = 12. Concerning the computational cost metrics

in Figure 4.3 (d, e, f), the same trends observed in the lower bound of communication costs

in KITTI reach a maximum of approximately 250k τtrain, 951.7k τval and 1.4k η with FT-

NIID. In DDAD, similar trends are observed in the lower bound of communication costs,

reaching almost 300k τtrain, 1990.8k τval , and more than 1.5k η with FT-IID.

4.4.5.4 Impact of data heterogeneity

Analyzing Figure 4.3 and Tables 4.2, 4.3, 4.4, and 4.5, we can observe that the pro-

posed method exhibits robustness to the inherent data heterogeneity in data collection, as

evidenced by the closely comparable lowest validation loss with NIID and IID data in

both KITTI and DDAD experiments. However, a significant impact on communication

and computational costs is observed in KITTI, with FT-NIID requiring more data transfer

and training steps to achieve its best validation loss compared to FT-IID.

4.4.5.5 Impact of Search Range Hyperparameter

Considering the configurations |U| = 4, e = 3, and s = true, which yielded the best

results on KITTI, and |U| = 4, e = 3, and s = f alse, which yielded the best results

on DDAD, we have performed additional ablation experiments to determine the optimal

value for Ψ, considering the values 4, 6 (default), 8, 10, and 12, as options. The results

obtained are depicted in Figures 4.4 and 4.5.
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Figure 4.4: Lowest validation loss (a) and number of averaging operations required for
obtaining it (b), by value of Ψ for KITTI and DDAD datasets.

In Figure 4.4 (a), we show that the lowest validation loss was obtained with Ψ = 6

(for KITTI) and Ψ = 8 (for DDAD), suggesting that increasing the value Ψ above these

values might not present an interesting trade-off, considering the computation overhead

that might be introduced by additional iterations of BO, as illustrated in Figure 4.4 (b).
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Figure 4.5: Lowest validation loss obtained with varying values of Ψ (a, b), and its re-
quired number of validation steps (c, d), and averaging operations (e, f), by the number of
training steps, for KITTI and DDAD datasets.

Moreover, in Figures 4.5 (a) and (b), we observe that there is no clear trend regarding

higher values of Ψ leading to lower initial validation losses (at the end of the first round).

Furthermore, in the following rounds of training, any advantage observed tends to dissi-

pate, and at the end of the training we can see that training with Ψ = 6 and Ψ = 8 obtained

the lowest validation losses in KITTI and DDAD, respectively. However, the difference

in losses obtained with other values of Ψ was not that large, especially for DDAD.

Regarding computational cost metrics, in Figure 4.5 (c), (d), (e) and (f), we observe

that the number of validation steps and averaging operations grows almost linearly with

the number of training steps for all values of Ψ, with the final number of validation steps

of Ψ = 12 being about 1.8 times larger than with Ψ = 6, for example. Moreover, the final
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number of averaging operations performed with Ψ = 12 was approximately two times

larger than with Ψ = 6, as expected.

4.4.5.6 Impact of Acquisition Function Choice

Taking as a reference the same configurations used in Section 4.4.5.5, and the selected

value of Ψ = 6, we compare the performance of the results obtained with the GP-Hedge

(GPH) acquisition function against the results obtained with the other options presented

in Chapter 2: Expected Improvement (EI), Probability of Improvement (PI), and Low-

er/Upper Confidence Bound (CB).
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Figure 4.6: Lowest validation loss (a) and number of averaging operations for obtaining
it (b), per acquisition function for KITTI and DDAD datasets.

In Figure 4.6 (a), we show that the lowest validation losses were obtained with GP-

Hedge and Expected Improvement, for KITTI and DDAD, respectively. Meanwhile, in

Figure 4.6 (b), we show that the number of averaging operations required to reach the

lowest validation loss was the same with all acquisition functions for KITTI, while for

DDAD it was lower with Expected Improvement as the acquisition function.

Provided that the difference in the validation losses obtained with different acquisition

functions for DDAD was very small (maximum of 0.003) and the improvement observed

in this metric when using the GP-Hedge acquisition function compared to the best alter-

native (Expected Improvement) was three times greater (0.009), we maintain GP-Hedge

as our choice of acquisition function for the proposed method.

4.4.6 Comparison with State-of-the-Art on Self-Supervised FL of Monocular Depth

Estimators

From the ablation studies, we concluded that the combination of |U| = 4, e = 3,

Ψ = 6, and s = true yielded the best results in all metrics considered in KITTI, while the
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Figure 4.7: Lowest validation loss obtained with BOFSCD and FSCD (a, b), and its
estimated communication cost upper and lower bounds (c, d), by the number of training
steps, for KITTI and DDAD datasets.

same was true for DDAD, but with s = f alse. Although in DDAD the lowest validation

loss was obtained with Ψ = 8, the improvement compared to Ψ = 6 was so low that we

decided to use Ψ = 6 since it introduces less computational overhead and allows a more

standardized comparison with KITTI results.

To provide a fair comparison of our method’s results with FedSCDepth [45, 46], we

have reproduced its training using the configurations chosen from our ablation studies,

since in its published experiments its authors only trained it with 9 to 10 AVs, while our

training we have used 12 in total. Thus, we have calculated the efficiency metrics of the

BOFedSCDepth (BOFSCD) and FedSCDepth (FSCD) methods during training, which

are presented in Figures 4.7 and 4.8 based on the number of training steps required for

each federation round.

In Figures 4.7 (a, b), we can observe that the largest differences between the BOF-

SCD and FSCD validation losses are observed in the initial rounds, with the BOFSCD

validation loss always being better or equal to the FSCD validation loss. Meanwhile, in

Figures 4.7 (c, d), we can observe that the communication cost of FSCD grows linearly

with the number of training steps, while for BOFSCD it only grows when the updated

global model improves or maintains the validation loss of the previous round. At the end
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Figure 4.8: The number of validation steps (a, b) and the number of averaging operations
(c, d), by the number of training steps, for KITTI and DDAD datasets.

of the training℧max and℧min were approximately 33.3% lower with BOFSCD in KITTI

and the same as with FSCD in DDAD. In addition, in Figures 4.8 (a, b), we observe that

τval grows linearly at each round with both methods, but its growth rate is approximately

4.6× higher with BOFSCD due to its multiple evaluations of the intermediary global

models generated by varying the averaging weights of each local model. The growth rate

is also larger with DDAD than with KITTI because it has a larger validation set.

Finally, in Figures 4.8 (c, d), we note that the η of BOFSCD is always 49× the η of

FSCD, which is always equal to the number of rounds, both for KITTI and DDAD.

Table 4.6: Efficacy of BOFSCD (Ours) and FSCD (Baseline) methods on KITTI (Eigen
Split) dataset (DS), at round (r), grouped by DS and r. *Best results per group in bold.

r DS Method AbsRel SqRel RMS RMSlog ∆1 ∆2 ∆3

4

K
IT

T
I FSCD 0.120±0.002 0.762±0.026 4.667±0.079 0.186±0.003 0.859±0.004 0.961±0.002 0.985±0.001

BOFSCD 0.125±0.002 0.777±0.024 4.757±0.075 0.190±0.003 0.848±0.005 0.959±0.002 0.985±0.001

6

K
IT

T
I FSCD 0.121±0.002 0.775±0.026 4.630±0.078 0.186±0.003 0.859±0.004 0.962±0.002 0.985±0.001

BOFSCD 0.119±0.002 0.753±0.024 4.754±0.079 0.189±0.003 0.859±0.004 0.960±0.002 0.984±0.001

12

K
IT

T
I FSCD 0.119±0.002 0.781±0.027 4.631±0.073 0.185±0.003 0.863±0.004 0.963±0.002 0.985±0.001

BOFSCD 0.119±0.002 0.762±0.025 4.581±0.078 0.184±0.003 0.865±0.004 0.962±0.002 0.985±0.001

In Tables 4.6 and 4.7, we analyze the efficacy metrics obtained in the KITTI and
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DDAD test sets. The results presented correspond to the 95% confidence interval of

each metric’s mean computed with 1k bootstrap [242] samples. In addition to the results

obtained by the global models generated at the end of the training with each method

(r = 12), we also compute the efficacy metrics of the global models generated in a third

and half of the training rounds (r = 4 and r = 6). Observing the efficiency metrics at

different stages of federated training, we can complement the insights obtained by the

analysis of Figures 4.7 (a, b), regarding the advantage of BOFSCD in the initial rounds of

training.

Table 4.7: Efficacy of BOFSCD (Ours) and FSCD (Baseline) methods on DDAD dataset
(DS), at round (r), grouped by DS and r. *Best results per group in bold.

r DS Method AbsRel SqRel RMS RMSlog ∆1 ∆2 ∆3

4

D
D

A
D FSCD 0.364±0.003 8.693±0.205 26.120±0.171 0.742±0.002 0.436±0.002 0.617±0.002 0.699±0.002

BOFSCD 0.215±0.001 5.412±0.055 22.755±0.155 0.381±0.002 0.615±0.002 0.827±0.002 0.906±0.001

6

D
D

A
D FSCD 0.196±0.001 4.340±0.054 20.144±0.160 0.322±0.002 0.692±0.002 0.871±0.001 0.934±0.001

BOFSCD 0.182±0.001 4.251±0.055 19.996±0.154 0.314±0.002 0.715±0.002 0.881±0.001 0.936±0.001

12

D
D

A
D FSCD 0.169±0.001 3.531±0.064 17.659±0.146 0.278±0.002 0.758±0.002 0.906±0.001 0.952±0.001

BOFSCD 0.162±0.001 3.433±0.060 17.321±0.148 0.273±0.002 0.770±0.002 0.908±0.001 0.954±0.001

Starting from the final global models (r = 12), we note that the models trained with

BOFSCD were able to achieve better results (than those trained with FSCD) on most

of the efficacy metrics in the KITTI and DDAD datasets. However, the difference in

the values of these metrics was very small, with AbsRel the same for both KITTI and

about 4.1% better with BOFSCD on DDAD. Meanwhile, if we look at the global models

obtained after the first half of the federation rounds (r = 6), we can observe that the

advantage of BOFSCD in DDAD is a bit higher, with AbsRel about 7.1% better. Also, this

is the only round (out of the three analyzed) in which we could observe an improvement

of AbsRel on KITTI when using BOFSCD, about 1.6% better than with FSCD.

Finally, the results obtained by the global models generated in the first third of the fed-

eration rounds (r = 4) show a much more significant advantage for BOFSCD in DDAD,

with AbsRel about 40.1% better than with FSCD, which highlights what we believe is the

greatest potential benefit of using BOFSCD. However, all efficacy metrics on KITTI, in

the same round, were better with FSCD than with BOFSCD, AbsRel being 4% worse with

our proposed method. Thus, one could conclude that the usage of BOFSCD was not as

useful in KITTI, since in most rounds of training, the results were very close and would

not justify the additional computational cost introduced by the use of BO during the ag-

gregation phase. However, this additional cost would probably be worth the improvement

in efficacy observed in DDAD, at least in the initial rounds of federated training, where

the advantage of using BOFSCD is more evident.
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4.5 Discussion

Regarding RQ3, the combination of BO with FL outperforms the use of standard FL

for self-supervised learning of monocular depth estimators for AVs in terms of ℧max,

℧min and τtrain, achieving better Λ with fewer training steps and communication cost.

Despite an increased central server computational load, due to its higher η and τval , the

use of BO is compensated for by the reduction in the communication and computational

burdens in AVs, highlighting the importance of efficient use of the network bandwidth

and the computing power of AVs above all. In addition, this novel approach shows good

efficiency with IID and non-IID data.

Concerning RQ4, we find that the final models trained with the use of BO during ag-

gregation of the local models outperform those trained with standard FedAvg aggregation

in both KITTI and DDAD. However, the efficacy advantage of the BOFedSCDepth model

on KITTI was very small, whereas on DDAD it was more significant, especially in the

initial rounds. Furthermore, the model’s efficacy remains consistent with both IID and

non-IID data across most scenarios, highlighting its suitability for practical AV deploy-

ments where data collection and its characteristics are often imbalanced.

4.6 Limitations and Threats to Validity

Concerning the limitations of applicability of the proposed method, we highlight the

assumption that the central aggregation server has sufficiently advanced hardware to run

multiple iterations of inference with the global model. In standard FedAvg, this assump-

tion is not required, as the server is only responsible for computing the averaging of the

models. Another assumption required for our method is that there is a public validation

dataset available to be used during optimization (to compute the global model loss). Al-

though in most datasets such a “gold standard” set of samples is available, in real AV

deployments, these could be more difficult to obtain. For example, to enable a large-scale

FL campaign in a new area/domain, at least one AV would need to collect these validation

samples in this area/domain. These samples would be used as the “gold standard” with

which optimization would be performed.

Threats to validity include the fact that our experiments were conducted in a simulated

setting, in which the local training of each AV was performed sequentially (without paral-

lelization) due to the constraints of the hardware available for experimentation. Moreover,

although the datasets used for experimentation are two of the state-of-the-art datasets for
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monocular depth estimation, they may not sufficiently represent all the domains in which

AVs might be deployed. Therefore, the results and conclusions obtained by this work are

directly influenced and limited by the quality and representativeness of these datasets.

4.7 Conclusion

This chapter addresses monocular depth estimation for AVs by leveraging a fusion of

FL and BO. Our approach combines these two techniques with self-supervised learning

using unlabeled vehicle data to train a depth estimator efficiently, ensuring both high effi-

cacy and privacy preservation. Prototype testing on KITTI and DDAD datasets shows that

models trained with our method achieve state-of-the-art performance. Importantly, our

method converges faster and incurs zero per-vehicle computational and communication

costs overhead compared to our baseline. Future research will explore the generalizability

of learned models in domain adaptation.
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5. Continual Federated Learning of Monocular Depth for

Autonomous Vehicles

5.1 Introduction

As discussed in Chapter 3, FL offers a promising solution by improving data privacy,

limiting network usage, dispersing computational burdens, and strengthening connection

resilience [15,118]. Before this work, only FedSCDepth (Chapter 3) and BOFedSCDepth

(Chapter 4) delved into self-supervised FL for monocular depth estimation in AVs. How-

ever, they did not tackle the challenges of continual learning. To overcome this limita-

tion, we draw inspiration from recent research [24] demonstrating that Experience Replay

(ER) [166] can help prevent “catastrophic forgetting” [23] of previously encountered data

during training with novel datasets. Moreover, regularization-based methods [162] have

also been employed to mitigate such forgetting. Thus, we hypothesize that the com-

bination of experience replay and regularization with self-supervised FL facilitates the

continual learning of monocular depth estimation models from unlabeled confidential AV

data with enhanced efficiency, in contrast to existing methodologies. Hence, the objective

of this study is to develop a solution for monocular depth estimation in AVs, generating

depth maps from images captured by monocular cameras installed in moving AVs.

This research marks the first empirical demonstration that the use of experience replay

and regularization can enhance continual self-supervised FL of monocular depth estima-

tion models for AVs, addressing the research questions RQ5, RQ6 and RQ7, detailed in

Chapter 1, Section 1.5. To answer these questions, we provide the contributions RC7 to

RC11, also detailed in Chapter 1, Section 1.6.

Section 5.2 examines related work, Section 5.3 presents the proposed method, and

Section 5.4 details the evaluation experiments. Section 5.5 discusses the results obtained.

Section 5.6 outlines the conclusions and future work.
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5.2 Related Work

In standard learning protocols, new datasets must be shared with a central server to

retrain models using both previously used datasets and the new data. This incurs a high

computational cost and exposure to raw data collected by AVs [24]. Meanwhile, in the

continual learning protocol (detailed in Chapter 2), models can be re-trained incremen-

tally by each AV using their data, without sharing them or downloading the entire data

set used in initial training [24]. However, a key challenge in harnessing naive continu-

ous learning to estimate monocular depth in practical AV deployments is the catastrophic

forgetting problem [23]. This forgetting can be defined as the loss of previously acquired

capabilities in a trained model when retraining it with new datasets with a different data

distribution (e.g., images of new locations or traffic conditions) or to perform a new task

(e.g., image classification or segmentation) [166].

For instance, assuming that an initial training campaign for a new AV model was

conducted in a suburban area of California (USA), and we want to make sure that this AV

will also perform well in a urban center of Rio de Janeiro (Brazil). We could just conduct a

second training campaign in an urban center of Rio but, if we do naive continual learning,

this could cause the forgetting of some of the features learned in the suburban area of

California, causing the AV model to have poorer performance on that scenario.

Several alternatives to naive continual learning have been proposed in the literature,

utilizing regularization, parameter isolation, rehearsal, and spatio-temporal relations to

address forgetting in computer vision tasks [24]. In particular, rehearsal-based methods,

such as experience replay [24, 203], systematically store data used in previous train itera-

tions in a buffer. This buffer is periodically sampled to enhance new train data, forcing the

model to “remember” the characteristics of old samples while learning on the new sam-

ples. Given a buffer of sufficient size, experience replay has been shown to outperform

other rehearsal-based methods [24] while being among the best-performing methods for

continual learning in computer vision tasks [166]. Thus, in the present work, we take in-

spiration from previous rehearsal-based and regularization-based techniques for continual

learning in monocular depth estimation to devise novel experience replay and regulariza-

tion methods. Our methods assume more realistic constraints associated with the FL set-

ting, such as the limited access to samples of previous train datasets (to preserve privacy),

as well as computational resource limitations of AVs (which might not allow the storage

and sampling of the experience replay buffer within each AV during local training).
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5.3 Proposed Methods

In this section, we describe our proposed methods, namely ERFedSCDepth [59],

RFedSCDepth, and ERRFedSCDepth.

5.3.1 Experience Replay FedSCDepth

ERFedSCDepth consists of an experience replay augmented aggregation function

called ERFedAvg, integrated into FedSCDepth’s [45] self-supervised FL framework for

monocular depth estimation. Figure 5.1 provides an overview of ERFedAvg and its com-

bination with FedSCDepth, highlighting each step of the learning process and the inter-

actions between the Central Server and the AVs.

Figure 5.1: ERFedSCDepth overview.

In Step 0, the Central Server distributes the Global Model (trained with previous
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datasets) and the Validation Set 1 of the new dataset to the AVs. After receiving those

and collecting a representative set of new training samples, Step 1 begins with each AV

performing local self-supervised learning using the Global Model weights for initializa-

tion and the shared Validation Set for local evaluation. Afterward, the Central Server

receives the Local Models trained locally by AVs and aggregates them using the standard

FedAvg [118] technique, generating the Averaged Global Model.

Next, in Step 2, the Central Server performs self-supervised learning using Averaged

Global Model weights for initialization and the Old Validation Sets (shared in previous

datasets) as input data. This experience replay generates the Updated Global Model that

is evaluated using the Validation Set of the current dataset. Finally, on Step 3, the Central

Server distributes the Updated Global Model to the AVs, and the process goes back to

Step 1. This loop is repeated until some stop condition is reached, such as the maximum

number of federation rounds or a predefined performance threshold.

Formally, the deep neural network produced by combining DepthNet and PoseNet can

be represented as εθ
DP = εθ = ε. Thus, the result of standard FedAvg on each round r (ξµ)

can be defined as:

ξµ =
U

∑
u

mu

m
εu (5.1)

U represents a subset of the total set of AVs C participating in a round r ∈ R, where R

is the set of all rounds, mu is the total number of samples available for AV u ∈U, and

m =
C

∑
c

mc. Moreover, v is the fraction of AVs active in each round r.

Thus, in Algorithm 5 we define ERFedAvg as a function of ξµ, the shared Validation

Set of the current dataset (Xval), and the experience replay buffer composed by the Old

Validation Sets (ER = [X1
val,X

2
val, ...,X

Ψ
val] where Ψ = |ER |).

Algorithm 5 ERFedAvg as a function of ξµ, Xval , and ER .

1: procedure ERFedAvg(ξµ,Xval ,ER )
2: ξ∗ = ξµ;
3: for each X i

val ∈ ER do

4: ξ∗ = Self-Supervised Learning of ξ∗ with X i
val ;

5: Evaluate ξ∗ with Xval ;
6: end for

7: return ξ∗;
8: end procedure

Based on Equation 5.1 and Algorithms 5, 6, and 7, Algorithm 8 defines how ERFe-

dAvg is used within ERFedSCDepth. Equation 5.1 is used to implement the function

FedAvg, and Algorithm 5 is used in the final step of each round r. For simplicity, we

1“gold standard” set of samples collected before the training and shared with all the participants.
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have omitted some parameters and implementation details of the function LocalU pdate,

such as the number of epochs used in local training, as these were further detailed and

investigated in FedSCDepth ablation studies [45].

Algorithm 6 Local model update procedure.

1: procedure LocalU pdate(u, ε′, Xval)
2: Execute self-supervised learning with ε′ on AV u;
3: Evaluate updated ε′ with Xval ;
4: return updated ε′;
5: end procedure

Algorithm 7 FedAvg aggregation function procedure.

1: procedure FedAvg(U,EU)
2: Compute and return ξµ using Equation 5.1;
3: end procedure

Algorithm 8 ERFedSCDepth FL procedure.

Input: ε,C,v,R,ER ;
1: ε0 = ε;
2: for each round r ∈R do

3: t = r−1; |U|= max(v×|C|,1);
4: U = Random Set of |U| AVs that will be active in round r;
5: EU = empty vector with |U| positions;
6: for each AV u ∈U in parallel do

7: εr
u = LocalU pdate(u,εt ,Xval);

8: Save εr
u into EU[u];

9: end for

10: ξµ = FedAvg(U,EU);
11: ε = εr = ERFedAvg(ξµ,Xval ,ER );
12: end for

Output: ε;

5.3.2 Regularized FedSCDepth

RFedSCDepth consists of the combination of the FedAvg aggregation function with

a regularization step using the global models obtained with previous datasets, integrated

into FedSCDepth’s [45] self-supervised FL framework for monocular depth estimation.

The combined aggregation function is denoted RFedAvg. Figure 5.2 provides an overview

of RFedAvg and its combination with FedSCDepth, highlighting each step of the learning

process and the interactions between the Central Server and the AVs.

Step 0, Step 1, and Step 3 are the same as in ERFedAvg. The only exception is Step 2,

in which the Central Server regularizes the Averaged Global Model weights by averaging

them with the Old Global Models weights (obtained at the end of the training with each

of the previous datasets). This regularization step generates the Updated Global Model

that is used in Step 3.
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Figure 5.2: RFedSCDepth overview.

Algorithm 9 RFedAvg as a function of ξµ and GM .

1: procedure RFedAvg(ξµ,GM )
2: ξ∑ = ξµ;
3: for each model weight ξi

f inal ∈ GM do

4: ξ∑ = ξ∑ +ξi
f inal ;

5: end for

6: ξ∗ = ξ∑

|GM |+1 ;

7: return ξ∗
8: end procedure

In Algorithm 9, we define RFedAvg as a function of ξµ (defined in Equation 5.1) and

the set of Old Global Models denoted as GM = [ξ1
f inal,ξ

2
f inal, ...,ξ

Ψ
f inal] where Ψ = |GM |

and ξ1
f inal denotes the final Global Model trained with the first dataset, ξ2

f inal the Global

Model trained with the second dataset, and ξΨ
f inal is the Global Model Trained with the

last dataset (before the current one).

Based on Equation 5.1 and Algorithms 5, 6, and 7, Algorithm 10 defines how RFe-

dAvg is used within RFedSCDepth.

5.3.3 Experience Replay Regularized FedSCDepth

ERRFedSCDepth consists of the combination of the ERFedAvg and RFedAvg ag-

gregation functions, integrated into FedSCDepth’s [45] self-supervised FL framework for

monocular depth estimation. The combined aggregation function is denoted ERRFedAvg.

Figure 5.3 provides an overview of ERRFedAvg and its combination with FedSCDepth,

highlighting each step of the learning process and the interactions between the Central

Server and the AVs.
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Algorithm 10 RFedSCDepth FL procedure.

Input: ε,C,v,R,GM ;
1: ε0 = ε;
2: for each round r ∈R do

3: t = r−1; |U|= max(v×|C|,1);
4: U = Random Set of |U| AVs that will be active in round r;
5: EU = empty vector with |U| positions;
6: for each AV u ∈U in parallel do

7: εr
u = LocalU pdate(u,εt ,Xval);

8: Save εr
u into EU[u];

9: end for

10: ξµ = FedAvg(U,EU);
11: ε = εr = RFedAvg(ξµ,GM );
12: end for

Output: ε;

Figure 5.3: ERRFedSCDepth overview.

Step 0, Step 1, and Step 3 are the same as in ERFedAvg. The only exception is Step

2, in which the Central Server performs self-supervised learning using Averaged Global

Model weights for initialization and the Old Validation Sets (shared in previous datasets)

as input data and then regularizes the resulting model weights by averaging them with the

Old Global Models weights (obtained at the end of the training with each of the previous

datasets). This step generates the Updated Global Model that is used in Step 3.

In Algorithm 11, we define ERRFedAvg as a function of ξµ, the shared Validation Set

of the current dataset (Xval), the experience replay buffer composed by the Old Validation

Sets (ER = [X1
val,X

2
val, ...,X

Ψ
val] where Ψ = |ER |), and the set of Old Global Models

denoted as GM = [ξ1
f inal,ξ

2
f inal, ...,ξ

Ψ
f inal] where Ψ = |GM |.

Based on Equation 5.1 and Algorithms 9, 11, 6, and 7, Algorithm 12 defines how

ERRFedAvg is used within ERRFedSCDepth.
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Algorithm 11 ERRFedAvg as a function of ξµ, Xval , ER , and GM .

1: procedure ERRFedAvg(ξµ,Xval ,ER ,GM )

2: ξER = ERFedAvg(ξµ,Xval ,ER );
3: ξERR = RFedAvg(ξ∗,GM );
4: return ξERR;

5: end procedure

Algorithm 12 ERRFedSCDepth FL procedure.

Input: ε,C,v,R,ER ,GM ;
1: ε0 = ε;
2: for each round r ∈R do

3: t = r−1; |U|= max(v×|C|,1);
4: U = Random Set of |U| AVs that will be active in round r;
5: EU = empty vector with |U| positions;
6: for each AV u ∈U in parallel do

7: εr
u = LocalU pdate(u,εt ,Xval);

8: Save εr
u into EU[u];

9: end for

10: ξµ = FedAvg(U,EU);
11: ε = εr = ERRFedAvg(ξµ,Xval ,ER ,GM );
12: end for

Output: ε;

5.4 Evaluation Experiments

To address the research questions of the present study (RQ5, RQ6, and RQ7) we

design and execute evaluation experiments detailed in the following subsections.

5.4.1 Datasets and Scenarios

Our evaluations are conducted with the publicly available KITTI [47] and DDAD [48]

datasets, with the same settings used in Chapters 3 and 4. We designed experiments

comparing naive 2 continual learning (FedSCDepth) and our proposed methods (ERFed-

SCDepth, RFedSCDepth, ERRFedSCDepth) with two continual learning scenarios:

• DDAD to KITTI - Retraining the best model learned with DDAD on KITTI, using

the same setting that was used in its federated training: 12 AVs in total, 4 AVs active

per round, three local training epochs, IID data;

• KITTI to DDAD - Retraining the best model learned with KITTI on DDAD, reusing

its federated training setting, like the previous one, but with Non-IID data.
2Naive here indicates that the the retraining is performed using the best model trained with the source

dataset (e.g., DDAD) as the initialization for the training with the target dataset (e.g., KITTI), without any
adjustment to avoid the catastrophic forgetting.
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5.4.2 Metrics

To evaluate efficacy, we use standard depth metrics [45]: mean absolute relative er-

ror (AbsRel), squared relative error (SqRel), root mean squared error (RMS = RMSE),

root mean squared log error (RMSlog = RMSElog), and accuracy below threshold (A j =

∆ j, j = 1,2,3), detailed in Chapter 3. The predicted depth maps are scaled by the median,

as in [213]. Moreover, to compare different continual learning methods, we analyze the

proportional difference of the values obtained in each efficacy metric on the test set of

each dataset before and after retraining. Given a metric ν and a dataset τ, the proportional

difference (PDτ
ν) is computed as:

PDτ
ν =

ντ
be f ore −ντ

a f ter

νbe f ore

(5.2)

where ντ
be f ore is the value of ν obtained with the test set of τ before retraining and

ντ
a f ter is the value after retraining. The proportional difference allows us to compare the

efficacy metrics variations on both datasets during continual learning more fairly, as their

absolute values might vary between significantly different upper and lower bounds. Ad-

ditionally, we compute the Stability-Plasticity Trade-Off (SPTO) [24] of each strategy in

each scenario. SPTO has been recently proposed in the literature to measure how well the

continual learning strategy handles the dilemma of retaining performance on previously

seen tasks/datasets while preserving the ability to learn new tasks/datasets [162]. It is

formally defined as [24]:

SPTO =
2×AS×AP

AS+AP
(5.3)

where stability (AS = 1
nt

∑
nt

j=1 Ant, j) is the average performance on all previously seen

tasks after training the model on the final task and plasticity (AP = 1
nt

∑
nt

i=1 Ai,i) is the

average performance of the tasks after the model is trained on them for the first time [162].

Also, A is any of the efficacy metrics (AbsRel, SqRel, RMSE, RMSELog, A1, A2, A3).

5.4.3 Implementation Details

Our prototype was based on FedSCDepth’s [45] source code, which its authors made

publicly available on GitHub. We have shared our implementation3 in the same way. Our

deep neural network, as in [45], used the Adam optimizer, with the learning rate set to

10−4. The deep neural network encoder was initialized using ImageNet [229] pre-trained

weights. We set the maximum number of batches per epoch as 1k and the batch size as

3https://github.com/eltonfss/federated-sc-depth/tree/clfedscdepth
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4, ensuring a comprehensive approach to our research. The continual learning ran on the

same hardware used in the federated training of the source models, detailed in Chapter 3.

5.4.4 Results Analysis

In Figures 5.4 and 5.5, we present the difference proportion obtained with all meth-

ods on the error metrics (AbsRel, SqRel, RMSE, RMSElog) and the accuracy metrics

(A1,A2,A3). Moreover, in Table 5.2 and Figure 5.6, we present the SPTO results ob-

tained with all the methods in the same metrics. Finally, in Tables 5.4 and 5.3, we present

the final error and accuracy metrics of the models learned with all the methods. For sim-

plicity, we abbreviate the method names in the legends using the acronyms of Table 5.1.

Table 5.1: Abbreviations of method names.

Method Name Acronym

FedSCDepth FSCD

ERFedSCDepth ERFSCD

RFedSCDepth RFSCD

ERRFedSCDepth ERRFSCD

5.4.4.1 Difference Proportions Analysis

Analyzing Figures 5.4 (a) and (b) we observe that when retraining a model initially

trained with DDAD in KITTI samples, all evaluated methods present similar results in all

metrics, except for metrics SqRel, RMSE, and RMSElog (SQ REL, RMSE, and RMSE

LOG on the chart) for which the difference proportions were substantially lower with

ERRFSCD while slightly higher with RFSCD, compared to the others tested with DDAD.

Looking only at this particular result, one could conclude that the regularization com-

ponent introduced in RFSCD was beneficial, while the experience replay introduced in the

ERFSCD component was not. Nonetheless, when we look at the results of the ERFSCD

method we observe that its results were also substantially better than those of ERRFSCD,

and very close to those of RFSCD. Moreover, another reason for which this result is

not yet very conclusive is that our initial expectation was that the difference proportions

would be negative on DDAD, since the model initially trained on DDAD would likely

forget some particular characteristics of DDAD samples after being retrained on KITTI,

which turned out to be false for all methods, including the naive continual learning with

FSCD. In contrast, in Figures 5.5 (a) and (b), we can see that when adapting a model from

KITTI to DDAD, the experience replay mechanism introduced in ERFSCD allowed it to
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(a) Difference proportions of error met-

rics obtained on test dataset of DDAD

(b) Difference proportions of error met-

rics obtained on test dataset of KITTI

(c) Difference proportions of accuracy

metrics obtained on DDAD test dataset

(d) Difference proportions of accuracy

metrics obtained on KITTI test dataset

Figure 5.4: Difference proportion results obtained when retraining a model from DDAD
on KITTI. According to Equation 5.2, positive values in (a) and (b) indicate a reduction in
error metrics, while negative values in (c) and (d) indicate an increase in accuracy metrics.

preserve a substantially lower value in most error metrics in KITTI (its difference pro-

portion was closer to zero), while sacrificing a smaller proportion of the improvements

obtained in DDAD, when compared to the other methods.

In this particular setting, one can observe the expected effect of the “catastrophic

forgetting” problem, since after retraining the model in DDAD, the error metrics pre-

sented higher (worse) values in the KITTI test dataset. In that sense, we note that the

forgetting was substantially higher with RFSCD, followed by FSCD (which should be

the worst). Meanwhile, when looking at the error metrics obtained in DDAD, RFSCD

allowed greater improvements, while ERFSCD was the method that limited the learning

with the new dataset the most. Therefore, looking only at these results, one could con-

clude that ERRFSCD presented the greatest balance of reducing the forgetting of KITTI

samples while allowing the learning of new samples from DDAD.

Regarding the difference proportions in the accuracy metrics, shown in Figures 5.4 (c)

and (d), we only observe a marginal advantage for RFSCD in the DDAD test and slightly

worse overall results for the methods that used Experience Replay (ERFSCD and ERRF-

SCD), which is in line with what was observed in Figures 5.4 (a) and (b). Furthermore,
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(a) Difference proportions of error met-

rics obtained on test dataset of DDAD

(b) Difference proportions of error met-

rics obtained on test dataset of KITTI

(c) Difference proportions of accuracy

metrics obtained on DDAD test dataset

(d) Difference proportions of accuracy

metrics obtained on KITTI test dataset

Figure 5.5: Difference proportion results obtained when retraining a model from KITTI
on DDAD. According to Equation 5.2, positive values in (a) and (b) indicate a reduction in
error metrics, while negative values in (c) and (d) indicate an increase in accuracy metrics.

based on Figure 5.4 (d), one could conclude that the accuracy in KITTI was very similar

for all methods after retraining in this dataset. However, it is important to note that, for

accuracy metrics, lower difference proportion values indicate the better (higher) final ac-

curacy values 4. Furthermore, in Figures 5.5 (c) and (d), we note that when retraining from

KITTI to DDAD, the trends are inversely similar to those observed in Figures 5.5 (a) and

(b), although the proportion of the accuracy metrics sacrificed in DDAD is much closer

to what was preserved in KITTI than for the error metrics, indicating a worse trade-off.

5.4.4.2 Stability-Plasticity Trade-Off Analysis

When analyzing the radar chart of Figure 5.6 (a) we can observe that when retraining

a model trained on DDAD with KITTI, the SPTO of the error metrics is best with RF-

SCD, while with ERFSCD it is only substantially better than FSCD on RMSE and SQRel

metrics. Similarly to what was observed in the difference proportion results of this same

scenario, ERRFSCD has the worst results for the error metrics.

4An increase in an accuracy metric will result in a negative difference proportion, while a reduction in
an error metric will result in a positive difference proportion, according to Equation 5.2.
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(a) SPTO err metrics (DDAD to KITTI) (b) SPTO acc metrics (DDAD to KITTI)

(c) SPTO err metrics (KITTI to DDAD) (d) SPTO acc metrics (KITTI to DDAD)

Figure 5.6: Normalized SPTO error (err) metrics (a, c) and accuracy (acc) metrics (b, d)
obtained with test dataset, when retraining a model from DDAD to KITTI, and vice versa.

Table 5.2: SPTO of (non-normalized) error and accuracy metrics obtained with test
datasets, when retraining a model learned with Dataset 1 (DS1) on Dataset 2 (DS2).

DS1 DS2 Method AbsRel SqRel RMS RMSlog A1 A2 A3

D
D

A
D

K
IT

T
I

FSCD 0.227 4.866 17.950 0.410 0.648 0.815 0.876

ERFSCD 0.228 4.812 17.862 0.409 0.643 0.817 0.877

RFSCD 0.226 4.776 17.814 0.406 0.649 0.818 0.878

ERRFSCD 0.228 5.064 18.413 0.422 0.645 0.810 0.871

K
IT

T
I

D
D

A
D

FSCD 0.169 2.166 8.661 0.247 0.759 0.918 0.967

ERFSCD 0.158 1.596 7.326 0.235 0.785 0.930 0.972

RFSCD 0.171 2.288 9.010 0.248 0.755 0.915 0.966

ERRFSCD 0.165 1.933 8.042 0.238 0.774 0.928 0.971
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In Figure 5.6 (b), we observe a similar ranking of the results concerning the accuracy

metrics. Meanwhile, in Figures 5.6 (c) and (d) we observe an overall dominance of ERF-

SCD when retraining a model in KITTI with DDAD, while the worst results are those

obtained with RFSCD and the second-best results are those obtained with ERRFSCD.

These results are also in line with the analysis of difference proportions, and the insights

obtained from Figure 5.6 are reinforced by analyzing the raw (non-normalized) SPTO

metrics obtained for each scenario, with each method, presented in Table 5.2.

5.4.4.3 Final Efficacy Metrics Analysis

In Table 5.3, we highlight that in the DDAD to KITTI retraining scenario, ERFSCD

obtained the best result in all metrics except SqRel for KITTI, that was better with ER-

RFSCD. In addition, all methods were able to achieve the highest value of A3 on KITTI.

Also, when testing on the DDAD dataset, RFSCD obtained the best results across all met-

rics followed by FSCD on AbsRel and A1, ERFSCD on SqRel, RMS, RMSlog, A2, and

A3. ERRFSCD obtained the worst results overall in this scenario.

Table 5.3: Efficacy of models trained with DDAD and retrained on KITTI with all meth-
ods, evaluating on Test Dataset (TD). *Best of results of each scenario highlighted in bold.

TD Method AbsRel SqRel RMS RMSlog A1 A2 A3

K
IT

T
I

FSCD 0.119±0.002 0.794±0.029 4.607±0.081 0.186±0.003 0.865±0.004 0.963±0.002 0.985±0.001

ERFSCD 0.117±0.002 0.761±0.026 4.600±0.077 0.185±0.003 0.869±0.004 0.963±0.002 0.985±0.001

RFSCD 0.121±0.002 0.808±0.027 4.698±0.083 0.187±0.003 0.861±0.004 0.962±0.002 0.985±0.001

ERRFSCD 0.118±0.002 0.738±0.022 4.728±0.075 0.187±0.003 0.861±0.004 0.962±0.002 0.985±0.001

D
D

A
D

FSCD 0.214±0.001 4.996±0.052 21.585±0.155 0.367±0.002 0.646±0.003 0.842±0.001 0.913±0.001

ERFSCD 0.217±0.001 4.999±0.055 21.482±0.155 0.370±0.002 0.638±0.003 0.842±0.001 0.912±0.001

RFSCD 0.211±0.001 4.801±0.048 21.108±0.147 0.360±0.002 0.649±0.003 0.849±0.001 0.917±0.001

ERRFSCD 0.216±0.001 5.467±0.053 22.839±0.149 0.386±0.002 0.641±0.002 0.832±0.001 0.901±0.001

Table 5.4: Efficacy of models trained with KITTI and retrained on DDAD with all meth-
ods, evaluating on Test Dataset (TD). *Best of results of each scenario highlighted in bold.

TD Method AbsRel SqRel RMS RMSlog A1 A2 A3

K
IT

T
I

FSCD 0.219±0.004 2.239±0.070 7.099±0.105 0.268±0.004 0.706±0.006 0.903±0.003 0.966±0.002

ERFSCD 0.170±0.003 1.204±0.039 5.266±0.073 0.226±0.003 0.772±0.006 0.937±0.003 0.981±0.001

RFSCD 0.229±0.004 2.623±0.089 7.727±0.112 0.278±0.003 0.697±0.006 0.893±0.003 0.961±0.002

ERRFSCD 0.198±0.003 1.807±0.059 6.329±0.091 0.249±0.003 0.738±0.006 0.920±0.003 0.973±0.001

D
D

A
D

FSCD 0.156±0.001 3.433±0.057 17.543±0.148 0.272±0.002 0.783±0.002 0.907±0.001 0.952±0.001

ERFSCD 0.175±0.001 3.970±0.053 19.397±0.157 0.303±0.002 0.736±0.002 0.887±0.001 0.941±0.001

RFSCD 0.154±0.001 3.296±0.065 16.938±0.143 0.263±0.002 0.787±0.003 0.915±0.001 0.956±0.001

ERRFSCD 0.163±0.001 3.392±0.054 17.386±0.143 0.271±0.002 0.770±0.002 0.910±0.001 0.955±0.001

In the KITTI-DDAD retraining scenario, depicted in Table 5.4, ERFSCD was also able
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to achieve the best results across all error and accuracy metrics on KITTI, while RFSCD

also reached the best results on KITTI. Moreover, the results presented in Tables 5.3

and 5.4 correspond to the 95% confidence interval of each metric’s mean computed with

1k bootstrap [242] samples.

5.4.5 Combination with Bayesian Optimization

To provide additional insights regarding the interaction of the aggregation functions in

this chapter and the BOFedAvg aggregation function proposed in Chapter 4, we conducted

additional experiments combining the BOFedSCDepth method with the ERFedSCDepth,

RFedSCDepth and ERRFedSCDepth methods. Thus, in this section, we present the

results obtained with the BOFedSCDepth, BOERFedSCDepth, BORFedSCDepth, and

BOERRFedSCDepth that resulted from these combinations, on the continual learning

scenarios analyzed in the previous section.

In Figures 5.7 and 5.8, we present the difference proportions obtained with all meth-

ods on the error metrics (AbsRel, SqRel, RMSE, RMSElog) and the accuracy metrics

(A1,A2,A3). Moreover, in Table 5.6 and Figure 5.9, we present the SPTO results obtained

with all the methods in the same metrics. Finally, in Tables 5.8 and 5.7, we present the fi-

nal error and accuracy metrics of the models learned with all the methods. For simplicity,

we also abbreviate the method names in the legends using the acronyms of Table 5.5.

Table 5.5: Abbreviations of method names (with BO).

Method Name Acronym

BOFedSCDepth BOFSCD

BOERFedSCDepth BOERFSCD

BORFedSCDepth BORFSCD

BOERRFedSCDepth BOERRFSCD

5.4.5.1 Difference Proportions Analysis

Analyzing Figures 5.7 (a) and (b) we observe that when retraining a model initially

trained with DDAD on samples from KITTI, the methods that leveraged Experience Re-

play (ERBOFSCD and ERRBOFSCD) presented the most stable overall results, with

modest improvements of error metrics when testing with KITTI and very slight improve-

ment/worsening of those metrics when testing with DDAD. Meanwhile, the naive contin-

ual learning method (BOFSCD) and the method based solely on regularization (BORF-

SCD) presented the highest performance loss with DDAD, although its scale was much
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lower than the performance gain in KITTI, which was higher overall with the naive ap-

proach, as expected. Moreover, we can draw similar conclusions, if we consider the

accuracy metrics presented in Figures 5.7 (c) and (d).

(a) Error metrics testing on DDAD (b) Error metrics testing on KITTI

(c) Accuracy metrics testing on DDAD (d) Accuracy metrics testing on KITTI

Figure 5.7: Difference proportion results when retraining a model from DDAD on KITTI.

In contrast, analyzing Figures 5.8 (a) and (b), we observe that, when retraining a

model initially trained with KITTI on DDAD samples, the methods that leveraged regu-

larization were the most unstable, obtaining the greatest improvements in the error metrics

on DDAD, but also the greatest worsening of those same metrics on KITTI. Meanwhile,

naive continual learning and the use of experience replay alone showed more stable re-

sults, although the difference proportions obtained were not very different from the ones

obtained with the other methods overall. Also, analyzing Figures 5.8 (c) and (d), we can

draw similar conclusions about accuracy metrics.

Finally, contrasting those results with those observed in Section 5.4.4.1 we can con-

clude that, regarding the difference proportions of the error and accuracy metrics, the

methods based on regularization performed worse when adding the BO component to the

aggregation function. Meanwhile, the use of Experience Replay alone provided better

overall results when combined with this same component. Conversely, naive continual

learning achieved better absolute values without BO, but was better in comparison with

the other methods when using it.
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(a) Error metrics testing on DDAD (b) Error metrics testing on KITTI

(c) Accuracy metrics testing on DDAD (d) Accuracy metrics testing on KITTI

Figure 5.8: Difference proportion results when retraining a model from KITTI on DDAD.

5.4.5.2 Stability-Plasticity Trade-Off Analysis

Table 5.6: SPTO of (non-normalized) error and accuracy metrics obtained with test
datasets, when retraining a model learned with Dataset 1 (DS1) on Dataset 2 (DS2).

DS1 DS2 Method AbsRel SqRel RMS RMSlog A1 A2 A3

D
D

A
D

K
IT

T
I

BOFSCD 0.191 3.865 16.900 0.325 0.671 0.861 0.925

ERBOFSCD 0.188 3.817 16.714 0.321 0.686 0.868 0.928

RBOFSCD 0.194 3.936 17.044 0.329 0.667 0.857 0.923

ERRBOFSCD 0.219 4.452 17.851 0.349 0.644 0.848 0.922

K
IT

T
I

D
D

A
D

BOFSCD 0.164 2.083 8.532 0.242 0.775 0.922 0.969

ERBOFSCD 0.165 1.976 8.231 0.241 0.767 0.925 0.971

RBOFSCD 0.170 2.229 8.900 0.246 0.762 0.918 0.967

ERRBOFSCD 0.173 2.220 8.843 0.248 0.752 0.917 0.967

When analyzing the radar charts of Figures 5.9 (a) and (b), we can observe that, when

retraining a model trained in DDAD with KITTI, the best SPTO of all error and accuracy

metrics is reached with ERBOFSCD, with BOFSCD being the second best in all metrics.

The worst results were obtained with ERRBOFSCD. Meanwhile, analyzing Figures 5.9
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(c) and (d), we can observe that, when retraining a model trained on KITTI with DDAD,

ERBOFSCD achieved the best SPTO in most of the error and accuracy metrics, except

for AbsRel (ABS REL) and A1 (A1).

These results are in line with what was observed in the difference proportion results

and, contrasting with the SPTO results observed in Section 5.4.4.2, we can also con-

clude that ERBOFSCD was the method that achieved the greatest synergy with the BO

component. This is also confirmed by analyzing Table 5.6, in which we observe that ER-

BOFSCD achieved the best SPTO results on most of the error and accuracy metrics, on

all the scenarios evaluated.

(a) SPTO err metrics (DDAD to KITTI) (b) SPTO acc metrics (DDAD to KITTI)

(c) SPTO err metrics (KITTI to DDAD) (d) SPTO acc metrics (KITTI to DDAD)

Figure 5.9: Normalized SPTO error (err) metrics (a, c) and accuracy (acc) metrics (b, d)
obtained with test dataset, when retraining a model from DDAD to KITTI, and vice-versa.

5.4.5.3 Final Efficacy Metrics Analysis

In Table 5.7, we highlight that in the DDAD to KITTI scenario, BOFSCD obtained

the best final error and accuracy metrics in KITTI, while ERBOFSCD achieved the best
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results on DDAD. Meanwhile, on the KITTI to DDAD scenario (Table 5.8) BOFSCD

obtained the best final AbsRel on both datasets, but while on KITTI most of the other

metrics were better with ERBOFSCD, on DDAD most of the other metrics were better

with RBOFSCD.

Finally, contrasting those results with those observed in Section 5.4.4.2, we can also

conclude that RBOFSCD was able to achieve the best results in several metrics, in one

of the test datasets, this regularization-based method was the least synergistic with the

BO component, with its results being worse with it than without it, in most scenarios.

Moreover, the results presented in Tables 5.7 and 5.8 correspond to the 95% confidence

interval of each metric’s mean computed with 1k bootstrap [242] samples.

Table 5.7: Efficacy of models trained with DDAD and retrained on KITTI with all meth-
ods, evaluating on Test Dataset (TD). *Best of results of each scenario highlighted in bold.

TD Method AbsRel SqRel RMS RMSlog A1 A2 A3

K
IT

T
I

BOFSCD 0.114±0.002 0.708±0.022 4.636±0.080 0.184±0.003 0.871±0.004 0.963±0.002 0.985±0.001

ERBOFSCD 0.119±0.002 0.767±0.026 4.632±0.082 0.187±0.003 0.863±0.004 0.962±0.002 0.985±0.001

RBOFSCD 0.117±0.002 0.751±0.024 4.697±0.078 0.186±0.003 0.865±0.004 0.961±0.002 0.984±0.001

ERRBOFSCD 0.119±0.002 0.761±0.026 4.626±0.079 0.186±0.003 0.866±0.004 0.961±0.002 0.984±0.001

D
D

A
D

BOFSCD 0.227±0.001 5.246±0.050 22.061±0.150 0.382±0.002 0.612±0.003 0.830±0.001 0.906±0.001

ERBOFSCD 0.216±0.001 4.896±0.048 21.308±0.139 0.366±0.002 0.636±0.002 0.846±0.001 0.915±0.001

RBOFSCD 0.232±0.001 5.446±0.053 22.477±0.160 0.391±0.002 0.607±0.002 0.823±0.001 0.902±0.001

ERRBOFSCD 0.221±0.001 5.061±0.050 21.645±0.150 0.374±0.002 0.627±0.003 0.834±0.001 0.911±0.001

Table 5.8: Efficacy of models trained with KITTI and retrained on DDAD with all meth-
ods, evaluating on Test Dataset (TD). *Best of results of each scenario highlighted in bold.

TD Method AbsRel SqRel RMS RMSlog A1 A2 A3

K
IT

T
I

BOFSCD 0.203±0.003 2.141±0.074 7.010±0.105 0.259±0.003 0.736±0.005 0.909±0.003 0.968±0.002

ERBOFSCD 0.204±0.003 1.912±0.058 6.602±0.093 0.255±0.004 0.722±0.006 0.914±0.003 0.971±0.002

RBOFSCD 0.221±0.004 2.537±0.083 7.622±0.112 0.273±0.004 0.711±0.006 0.898±0.003 0.962±0.002

ERRBOFSCD 0.226±0.004 2.509±0.085 7.541±0.119 0.275±0.004 0.697±0.006 0.897±0.003 0.962±0.002

D
D

A
D

BOFSCD 0.150±0.001 3.279±0.069 17.040±0.146 0.264±0.002 0.790±0.002 0.913±0.001 0.956±0.001

ERBOFSCD 0.153±0.001 3.310±0.070 17.095±0.139 0.267±0.002 0.787±0.002 0.913±0.001 0.956±0.001

RBOFSCD 0.151±0.001 3.197±0.070 16.627±0.143 0.259±0.002 0.793±0.002 0.917±0.001 0.958±0.001

ERRBOFSCD 0.154±0.001 3.204±0.067 16.621±0.132 0.262±0.002 0.786±0.002 0.916±0.001 0.958±0.001

5.5 Discussion

Regarding RQ5, the combination of experience replay with FL has been shown to

provide a better trade-off of stability and plasticity of the learning, compared to a naive

continual (federated) learning strategy, especially when retraining a model initially trained
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in KITTI with DDAD. However, if we only consider the final efficacy metrics obtained,

the addition of experience replay alone did not improve the final test results substantially.

Concerning RQ6, the combination of the proposed regularization strategy with FL

provided not only better difference proportions and overall SPTO results, when adapting

a model from DDAD to KITTI, but also the best final efficacy metrics in most scenarios,

indicating that this combination is very likely to improve the efficacy of continual self-

supervised FL for monocular depth estimation, within the AV domain.

Finally, concerning RQ7, the combination of experience replay, regularization, and

FL achieved competitive difference proportions and SPTO in most scenarios, with ER-

RFSCD achieving better final error metrics than RFSCD in one of the testing scenarios.

However, since the simple combination of regularization and FL performed better in most

metrics and scenarios, while the addition of experience replay caused it to perform worse

than naive continual learning (FSCD) in several settings, we conclude that the combina-

tion of these three components does not substantially improve the efficacy of the solution.

Furthermore, the experiments that combine the BO component proposed in Chapter 4

indicated that our conclusion about RQ5 and RQ7 is maintained if we consider BOF-

SCD as our baseline, instead of FSCD. However, the conclusion of RQ6 is changed,

as the regularization-based method was unable to achieve a better overall performance,

compared to the baseline.

5.6 Conclusion

This chapter addresses continual learning of monocular depth for AVs using FL, reg-

ularization, and experience replay. Our approach combines these three techniques with

self-supervised learning using unlabeled vehicle data to train a depth estimator efficiently,

with high efficacy and preservation of privacy. Prototype testing on KITTI and DDAD

datasets shows that models trained with our method achieve state-of-the-art performance.

Through evaluation experiments, we show that variations of the proposed method help

reduce catastrophic forgetting while incurring zero per-vehicle computational and com-

munication costs overhead compared to naive continual FL, considering both IID and

non-IID data. Future research will explore refining our experience replay and regular-

ization mechanisms, extending our assessment with additional datasets, and combining

alternative strategies to enhance continual FL.
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6. Conclusions and Future Work

In this chapter, the main conclusions of this work are summarized, as well as the next

steps to be taken for future research. The central focus of this study has been on self-

supervised monocular depth estimation for AVs, addressing the challenge of achieving

state-of-the-art efficacy with increased learning efficiency, with regard to communication

and computational costs, while improving privacy preservation, resilience to connectivity

losses, and robustness to continual learning scenarios. Thus, this work introduced three

incremental methodologies to tackle these challenges, each addressing specific facets of

the problem:

• Privacy-Preserving Training of Monocular Depth Estimators for Computer Vision

in Autonomous Vehicles via Self-Supervised Federated Learning - Chapter 3;

• Enhancing Federated Averaging of Self-Supervised Monocular Depth Estimators

for Autonomous Vehicles with Bayesian Optimization - Chapter 4;

• Continual Federated Learning of Monocular Depth for Autonomous Vehicles -

Chapter 5.

6.1 Key Contributions and Results

Chapter 3 pioneers a privacy-preserving method for self-supervised monocular depth

estimation using FL. The method allows for collaborative training of depth estimators

with unlabeled data from multiple vehicles, while preserving privacy and minimizing

computational overhead. The results of the KITTI dataset reveal the following:

• Federated training is more efficient than centralized, since centralization incurs

communication costs upfront, and federation distributes these costs across multi-

ple rounds, requiring about 65.1% to 87.4% less data transfer per round (RQ1);
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• Monocular depth estimation models learned with federated training can outperform

those learned with centralized training (RQ2).

Building on the first method, Chapter 4 integrates BO to enhance the effectiveness of

federated averaging for monocular depth estimation. The results with KITTI and DDAD

datasets suggest that:

• The combination of BO with FL is more efficient than the use of standard FL for

self-supervised learning of monocular depth estimators for AVs, achieving better

efficacy with fewer training steps and communication cost (RQ3);

• The final models trained with the use of BO during the aggregation of the local

models outperform those trained with standard FedAvg aggregation (RQ4).

Chapter 5 introduces the final methodological advance, using regularization and expe-

rience replay to address catastrophic forgetting in continual FL. By combining the meth-

ods proposed in Chapters 3 and 4 with those new components, the results with KITTI and

DDAD datasets indicate that:

• The combination of experience replay with FL provides a better tradeoff of stability

and plasticity of the learning when compared to naive continual FL strategy (RQ5),

synergizing well with BO;

• The combination of regularization with FL provided better tradeoff of stability and

plasticity results, and the best final efficacy metrics on most of the scenarios (RQ6),

but did not achieve good synergy with BO;

• The combination of experience replay, regularization, and FL achieved a competi-

tive tradeoff of stability and plasticity in most of the scenarios. However, the com-

bination of these three components does not substantially improve the efficacy of

the solution, compared to the use of only one of them (RQ7).

In summary, the results presented in Chapters 3, 4, and 5 suggest that the ideal ap-

proach for privacy-preserving, efficient, and effective, self-supervised monocular depth

estimation in AVs involves:

• FL for decentralized training while minimizing communication costs;

• Bayesian Optimization (BO) with FL to enhance learning efficiency and model

performance;
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• Continual FL with Experience Replay or Regularization to balance stability and

plasticity, mitigating catastrophic forgetting.

6.2 Future Research Directions

This research addresses critical challenges in self-supervised monocular depth estima-

tion, including privacy preservation, non-IID data handling, and efficient model updates.

However, several avenues remain for future exploration.

6.2.1 Privacy-Preservation Gaps in Federated Learning

Despite FL’s natural advantage in privacy preservation compared to (traditional) cen-

tralized machine learning approaches [25], recent work has shown multiple ways through

which the privacy of the data can be breached in a federated training [30].

In addition to the fact that multiple works have tried to combine traditional privacy

preservation techniques in the FL framework [31], none has evaluated the suitability of

these solutions to the problem of self-supervised monocular depth estimation in AVs.

6.2.2 Efficiency & Efficacy Gaps in Federated Learning

Regardless of the advances and contributions made in the present work, there is still

room for improvements in efficiency and efficacy. In particular, adaptations of the pro-

posed methods with transformer-based monocular depth estimation methods [134, 215,

247] present a promising avenue for investigation for future research. Moreover, feder-

ated decentralized learning strategies [119, 120] can provide even greater improvements

in the efficiency and robustness of training. Novel metrics and simulation strategies to

allow the evaluation of large-scale FL scenarios, with lower computational cost than what

is currently required, will also be of high value to the research community of this area.

6.2.3 Extended Continual Federated Learning Studies

Continual learning evaluations are typically more expensive and more complex than

single dataset evaluations, especially in a federated training setting. In addition, although

there is a wide variety of computer vision datasets publicly available, only a subset pro-

vides monocular images with corresponding depth maps (at least for the validation set

of samples) in a format that is easy to integrate into FL experiments. Moreover, several
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datasets that have already been used for monocular depth estimation experiments, such

as CityScapes [248], only provide depth annotations in the form of disparity maps, which

are more commonly used for stereo (binocular) vision [249] tasks. Thus, new studies are

required to implement their preprocessing pipelines to convert disparity maps to depth

maps, since existing studies have not publicly shared their preprocessing code in a way

that is easily reusable and extensible, making it hard to standardize the evaluations of

different studies and compare their results under fair conditions. Therefore, future work

related to the present thesis can include the extension of our continual learning evaluations

with additional datasets, such as CityScapes [248] and DrivingStereo [250], which will re-

quire additional preprocessing efforts but could present novel insights on the performance

and generalizability of the proposed methods.

6.2.4 Foundation Models for Monocular Depth Estimation

Recent works have started exploring the use of foundation models for zero-shot monoc-

ular depth estimation [251, 252] with promising results. Future explorations and evalu-

ations of these models in AVs and ITS could also produce significant contributions to

the research community and the industry. In particular, assessments of the reliability,

feasibility, and efficiency of the deployment, and eventual fine-tuning, of those models

in AVs, possibly leveraging FL and other privacy-preservation strategies, might present

novel insights not only for the AV research but also for the AI research overall.

6.2.5 Applications of Federated Learning in Intelligent Transportation Systems

Despite FL’s recent exploration of several problems of ITS and AVs [15,16], there are

many open problems in which FL, and other Privacy Enhancing Technologies [32–38] can

be leveraged, to improve privacy preservation and efficiency during model training. For

example, a recent survey [253] outlines several applications in which FL could potentially

be explored, such as recognition of traffic signs, pedestrian detection and tracking, and

vehicle detection and classification.
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