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Autonomous driving systems require accurate perception algorithms to nav-
igate safely through traffic. End-to-end perception approaches jointly learn
perception tasks, transforming raw sensor data directly into object detec-
tion with motion predictions. To improve trajectory predictions, recent
approaches attempted to model interactions between actors (dynamic ob-
jects), whose behavior depends on each other and their interplay with the
scene. However, current models only consider interactions within the same
object class. Modeling interactions between actors from different classes
improves perception accuracy and enables a more holistic understanding of
the scene by preventing misinterpretation of object behavior. In this con-
text, this Ph.D. proposal aims to develop a multi-modal end-to-end holistic
perception approach capable of modeling both inter-class and intra-class
interactions between actors, and their interplay with the scene. Perception
systems still face challenges in achieving high accuracy and robustness, with
a complete holistic perception of the scene yet to be achieved despite recent
progress.






Palavras-chave

Resumo

Previsao de Trajetérias, Percecdo Holistica, Percecdo Ponta-a-Ponta,
Conducdo Auténoma

Os sistemas de conducdo auténoma requerem algoritmos de percecdo pre-
cisos para garantir a seguranca da navegacdo autdénoma no transito. As
abordagens de percecdo ponta-a-ponta aprendem tarefas de percecdo em
conjunto, transformando dados brutos do sensor diretamente na detecao
de objetos com previsoes de trajetéria. Para melhorar as previsdes de tra-
jetdria, abordagens recentes tentaram modelar interagdes entre atores (ob-
jetos dindmicos), cujo comportamento depende um do outro e da sua in-
teragdo com a cena. No entanto, os modelos atuais consideram apenas
interacoes dentro da mesma classe de objeto. A modelacdo de intera¢des
entre atores de diferentes classes melhora a precisdo da percegdo e permite
uma compreensdo mais holistica da cena, evitando a ma interpretacdo do
comportamento do objeto. Neste contexto, esta proposta de doutoramento
visa desenvolver uma abordagem multimodal de percecdo holistica ponta-
a-ponta, capaz de modelar interacdes entre atores da mesma classe e de
diferentes classes, e também a sua interacdo com a cena. Os sistemas de
percecdo ainda enfrentam desafios para alcancar alta precisdo e robustez,
com uma percecao holistica completa da cena ainda por atingir, apesar do
progresso recente.
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Chapter 1

Introduction

Autonomous vehicles are becoming a reality in our society, and research and develop-
ment in autonomous driving are growing significantly. These vehicles hold the promise
of preventing accidents, reducing traffic congestion and emissions, transporting people
and goods, and reducing driving-related stress [1]. However, there are social concerns
that need to be addressed before autonomous driving can be fully accepted by soci-
ety. Governments must implement rules and regulations to ensure the safety of users.
Additionally, the main responsibility for autonomous vehicles needs to be defined, and
confidence and trust in these systems must be established [2|. Despite the great poten-
tial of autonomous driving in terms of social and technological impact, these systems
are still far from being fully developed, as there are still many unsolved challenges. This
is due to the complexity of autonomous vehicles, which require the ability to perceive,
predict, decide, plan, and control the car in complex and uncontrolled environments.
The Society of Automotive Engineers (SAE) has defined six levels of driving automa-
tion to categorize autonomous systems [3|. These levels range from Level 0 (no driving
automation) to Level 5 (fully driving automation). Figure 1.1 illustrates this categoriza-
tion. In 2023, Level 2 automation is prevalent in brand new cars from all manufacturers,
incorporating driver support features like lane centering and adaptive cruise control si-
multaneously. Companies such as Tesla and Volvo have developed Level 3 automation,
which includes features such as traffic jam chauffeur but still requires a human driver
to take control when necessary. Level 4 automation represents the emergence of robot
taxis, a technological breakthrough achieved by companies such as Waymo, Cruise, and
Motional. Robot taxis operate without a human driver, and the presence of pedals and
steering wheels may vary. However, Level 5 automation, where complete autonomy is
achieved under any environmental condition without any human intervention, has not
yet been achieved. In conclusion, Level 4 robot taxis are starting to become a reality,
and research and development in autonomous driving are currently focused at this level,
although it is not yet fully established and accessible to the general public. Therefore,
it is evident that autonomous driving still faces numerous unsolved challenges.
Regarding the approaches used in autonomous driving, there are two main methods:
the modular approach and the end-to-end approach [4]. Figure 1.2 depicts the archi-
tecture of these two approaches. The modular approach is usually summarized in six
core modules: object detection/tracking and motion prediction (perception), localiza-
tion, assessment, behavior prediction, planning, and control. The major advantage of
this approach is that these individual modules divide the challenging task of autonomous
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Figure 1.1: Levels of driving automation according to the SAE [3].

driving into an easier-to-solve set of problems. Recently, there has been a surge of in-
terest in end-to-end approaches, which involve a single module generating continuous
control of the steering wheel and pedals directly from sensory input.

Autonomous driving systems are usually developed using a modular approach [5].
Among its components, the perception module plays a critical role in accurately as-
sessing the vehicle’s surroundings to ensure safe navigation through traffic [2]. The
perception module comprises three main tasks: object detection, object tracking, and
motion prediction [6]. Object detection aims to identify objects of interest in the environ-
ment, object tracking involves tracking these objects over time, and motion prediction is
designed to anticipate the movement of these objects to avoid collisions. These systems
need to be accurate, robust and operate in real-time [7]. Accuracy refers to providing
precise information about the driving environment, while robustness refers to effective
functioning in adverse weather conditions or when sensors degrade. Real-time operation
is crucial, especially when driving at high speeds. To achieve these goals, autonomous
vehicles are equipped with sensors of different modalities, including cameras, LiDARs,
Radars, and others.

The remainder of this Ph.D. proposal is organized as follows: Chapter 2 provides
background information on perception for autonomous driving; Chapter 3 offers an
overview of the state of the art in end-to-end perception for autonomous driving, identi-
fying the research gap that this Ph.D. proposal aims to address; Chapter 4 presents the
main objective of this Ph.D. proposal, along with corresponding research questions and
specific objectives; Chapter 5 specifies the tasks related to this Ph.D. proposal, as well
as the acknowledged risks and respective contingency plans. Finally, Chapter 6 outlines
the hosting conditions for this Ph.D. proposal.

Lucas Rodrigues Dal’Col PhD Degree
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A generic modular system pipeline
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Figure 1.2: Architecture of the main approaches of autonomous driving: (a) modular
approach and (b) end-to-end approach [4].
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Chapter 2

Background

This chapter provides background information on perception for autonomous driving.
Firstly, we briefly summarize typical sensor modalities used in autonomous vehicles
and their functioning. Then, we present the three most commonly used datasets for
benchmarking perception state-of-the-art algorithms.

2.1 Sensors

The sensors most commonly employed to perceive the surroundings of an autonomous
vehicle are RGB Cameras, LiDARs, and Radars. These sensors fall under the category
of exteroceptive sensors, which means they perceive the environment around them. Au-
tonomous vehicles use several sensor modalities to enhance redundancy, which increases
robustness and reliability. Sensors are generally classified as active or passive. Active
sensors emit signals for measurements, while passive sensors do not emit any signals. Fig-
ure 2.1 illustrates examples of sensors used for perception, along with some applications
for each sensor.

RGB Cameras

RGB cameras capture images that provide detailed texture information about the scene
in a passive manner. However, this sensor modality is sensitive to lighting and weather
conditions and does not directly provide depth information. RGB cameras are primarily
used for 2D computer vision tasks such as object detection and semantic segmentation.

LiDARs

LiDAR is an active sensor that measures the distance between the sensor and the objects
surrounding the vehicle. It emits laser beams and calculates the time taken for the
reflected light to return to the receiver. 3D LiDARs generate 3D point clouds, which
consist of a set of 3D points that provide precise depth information. However, LiDARs
encounter challenges such as occlusions, sparsity, and sensitivity to weather conditions
like fog and snow. This sensor modality is predominantly used for 3D computer vision
tasks like object detection and localization.
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Figure 2.1: Example of sensors used for perception in autonomous driving, with their
coverage and applications [8].

Radars

Radar is an active sensor that emits radio waves towards an obstacle and measures the
time it takes for the reflected signal to return. It also estimates the radial velocity of
the object using the Doppler effect. Radars are robust to various lighting and weather
conditions. However, they face challenges in classifying objects due to their low resolu-
tion. Radars are commonly applied in adaptive cruise control and traffic jam assistance
systems.

Sensor Fusion

As described above, each sensor modality has its own advantages and disadvantages.
Fuse the information from these sensors can mitigate these disadvantages by leveraging
high sensor redundancy. This fusion is called sensor fusion and is crucial for various
perception tasks as it ensures robustness and reliability. In other words, sensor fusion
combines the information acquired from each sensor to reduce detection uncertainties
and overcome the limitations of individual sensors when operating independently [8].
The fusion between RGB camera and LiDAR is the most frequently used combination
of sensor modalities. Point clouds from LiDAR sensors provide precise depth informa-
tion but suffer from occlusions, sparsity, and noise, while RGB cameras offer color and
high-resolution data but lack depth information. Table 2.1 summarizes the strengths
and weaknesses of each sensor modality for several important factors in perception for
autonomous driving [8].

Lucas Rodrigues Dal’Col PhD Degree
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Table 2.1: A comparison between sensors employed in autonomous vehicles: Camera,
LiDAR, and Radar. The factors are important characteristics for perception in au-
tonomous driving. The ”v” symbol indicates that the sensor operates competently
under the specific factor. The ”~” symbol indicates that the sensor performs reasonably
well under the specific factor. The ” x” symbol indicates that the sensor does not operate
well under the specific factor relative to the other sensors [8].

Factors Camera LiDAR Radar Fusion
Range ~ ~ v v
Resolution v ~ X v
Distance Accuracy ~ v v v
Velocity ~ X v v
Color Perception v X X v
Object Detection ~ v v v
Object Classification v ~ X v
Lane Detection v X X v
Obstacle Edge Detection v v X v
Illumination Conditions X v v v
Weather Conditions X ~ v v

2.2 Datasets

Several large-scale datasets are available to benchmark state-of-the-art algorithms for
perception in autonomous driving. These datasets are continuously updated to enhance
diversity and size. The three most commonly used datasets in the scientific community
are KITTI [9], nuScenes [10] and Waymo Open Dataset [11|. In the following lines, we
introduce these three datasets and provide information on their diversity and size.

KITTI

The KITTI dataset, introduced in 2012, serves as a benchmark for various percep-
tion tasks, including stereo, optical flow, visual odometry/SLAM, and 3D object de-
tection. This dataset is the pioneer dataset for benchmark on perception. The KITTI
autonomous vehicle is equipped with four high-resolution video cameras, a Velodyne
laser scanner, and a localization system. This dataset contains annotations of 200K
bounding boxes across 15K frames, with 7481 training samples and 7518 test samples.
It also includes corresponding point clouds, comprising a total of 80K labeled objects.
The dataset offers 50 scenes across eight classes in Karlsruhe - Germany. The benchmark
uses three difficulty levels (easy, moderate, and hard) based on the height of 2D bounding
boxes, occlusion level, and truncation. KITTT has significantly influenced the scientific
community in data acquisition and benchmark. However, it was recorded only during
sunny days, resulting in limited diversity in terms of lighting and weather conditions.
Figure 2.2 presents an example of the KITTI dataset.

Lucas Rodrigues Dal’Col PhD Degree
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Figure 2.2: Example of the KITTI dataset with sensors from their autonomous vehicle
(top-left), trajectory from their visual odometry benchmark (top-center), disparity and
optical flow map (top-right) and 3D object labels (bottom) [9].

nuScenes

The nuScenes dataset, introduced in 2019 by Motional, is a large-scale dataset with 3D
object annotations. It is the first dataset with full multimodality sensor suite, including
one LiDAR, five Radars, and six Cameras. The dataset includes 1000 scenes, each lasting
20 seconds, captured in Boston - USA, and Singapore, comprising 1.4M camera images
and 390K LiDAR sweeps. The dataset provides 1.4M manually annotated 3D bounding
boxes for 23 object classes and 1.1B manually annotated LiDAR points for 32 classes.
In terms of diversity, nuScenes includes scenes with various weather conditions (rainy,
foggy, snowy, etc.) and lighting conditions (daytime and nightime). Figure 2.3 shows an
example of the nuScenes dataset.

Waymo Open Dataset

The Waymo Open Dataset, introduced in 2020 by Waymo, is the largest dataset for
perception in autonomous driving. Waymo’s autonomous vehicles are equipped with one
mid-range LiDAR, four short-range LiDARs, and five Cameras. This dataset contains
synchronized LiDAR and Camera data for 2030 scenes, each lasting 20 seconds, captured
in Phoenix - USA, and San Francisco - USA. It includes annotations of 112M bounding
boxes across 200K frames for four object classes. Similar to nuScenes, the Waymo Open
Dataset offers scenes with diverse weather and lighting conditions. Figure 2.4 illustrates
an example of the Waymo Open Dataset.

Lucas Rodrigues Dal’Col PhD Degree
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Figure 2.3: Example of the nuScenes dataset. There are 6 different camera views (top),
lidar (bottom-center) and radar (bottom-left) data and the human annotated semantic
map (bottom-right) [10].

Figure 2.4: Example of Waymo Open Dataset for LIDAR labelling [11].

Lucas Rodrigues Dal’Col PhD Degree
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Chapter 3

State of the Art

The perception module of autonomous driving is divided into three tasks: object detec-
tion, object tracking, and motion prediction [6], as discussed in Chapter 1. These tasks
are typically learned independently and executed sequentially, with each task using the
output of the previous task as input. Such strategy makes each task easier to design and
implement. However, computation is not shared among these tasks, sacrificing the po-
tential advantage of joint optimization. Furthermore, uncertainty is rarely propagated,
leading to information loss between these tasks [12]. Recently, end-to-end perception
approaches have been introduced to jointly learn object detection, object tracking, and
motion prediction within a single neural network [6], [12]-[19]. These approaches share
computation among all tasks, enabling highly efficient algorithms for real-time opera-
tion, which is crucial for autonomous driving systems with low latency requirements.
This is extremely important because high latency can be fatal in autonomous driving
systems. Additionally, these approaches have the advantage of direct access to raw data
among all tasks, enabling the object tracking and motion prediction tasks to leverage
the object detection task through shared knowledge. In this way, end-to-end perception
approaches reduce the detection of false negatives when dealing with occluded and far
away objects, and the detection of false positives by accumulating evidence over time
[13].

Nevertheless, most existing approaches predict the trajectory of individual actors
(dynamic objects) independently, based solely on their past trajectory, without consid-
ering the interactions between actors. This strategy undermines the accuracy of the
predicted trajectories, as the evolution of a trajectory is highly dependent on the be-
havior of other actors and environmental factors, such as lanes, traffic signs, and traffic
states. For instance, a driver adjusts the vehicle’s speed to maintain a safe distance from
the vehicle ahead, yields to others with the right of way at intersections, and slows down
when a traffic light turns yellow [20]. To accurately predict the motion of a vehicle on
the road, it is necessary to not only understand its past motion but also analyze the
interactions between actors and consider the surrounding context. This is particularly
challenging in autonomous driving, as autonomous vehicles will coexist with human
drivers for many years, who can perform a very diverse set of maneuvers, including
compromising behaviors |21].

Several end-to-end perception approaches have attempted to address the challenge of
actor interactions and human intention prediction. IntentNet [20] was the first to develop
this joint approach, outperforming state-of-the-art end-to-end perception approaches and

11
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demonstrating the importance of modeling these interactions. Their system receives as
input point clouds and high-definition maps (HD maps) to predict discrete high-level
behavior and continuous long-term trajectories. Their system is based on a fully convo-
lutional neural network that outputs detection scores for vehicle and background classes,
high-level action probabilities corresponding to discrete intention (e.g. keep lane, turn
left, turn right, right change lane, left change lane, among others), and bounding boxes
in the current and future frames representing the intended motion. SpAGNN [21] im-
proved the state-of-the-art by exploiting graph neural networks (GNNs) to model the
interaction between vehicles in the scene. As input, their system receives point clouds
and HD maps. They use a convolutional neural network (CNN) to perform object de-
tection and estimate their initial states, and then use a GNN to iteratively update the
state of the actors through a message-passing process. The authors of [22| proposed a
transformer-like [23| module integrated with a recurrent neural network (RNN), which
they called Interaction Transformer. This approach captures the spatial-temporal de-
pendencies between vehicles using point clouds, RGB images, and HD maps as input.
STITNet [12] is a spatial-temporal-interactive network that jointly performs object de-
tection and motion prediction of pedestrians, using only point clouds. They proposed a
graph layer that models the interaction between pedestrians in order to enhance the mo-
tion prediction task. JFP [24] is the most recent approach in this context and focuses on
output representations to model the joint probability of multiple objects. They proposed
using a pairwise graphical model with a dynamic interactive graph, leading to consistent
trajectories prediction for all vehicles presented in the scene. These approaches demon-
strated the importance of modeling the interactions between actors. However, these ap-
proaches have focused only on a single category of objects, such as cars or pedestrians.
A holistic perception foresees perceiving the entire contextual environment, including
other categories of dynamic objects. The interaction across different object categories
(e.g. vehicles, pedestrians, and cyclists, among others) has not been investigated so far,
leaving a gap in the literature.

The presented approaches are advancing the state of the art, covering several possi-
bilities, and making more robust end-to-end perception approaches. However, all these
approaches designed their object detection task as an object-level approach. This means
that the objects are represented by 2D or 3D bounding boxes, which has some limita-
tions. For example, these representations approximate the shape of objects and often
include background or other objects within the bounding boxes. The exact location of
the object is not accurately described, which is particularly challenging in high-traffic en-
vironments. Another weakness is the difficulty in detecting objects that are not included
in the training set, as these methods rely on global shape and texture information from
Regions of Interest (Rol) specific to each object category. This information is difficult to
generalize to categories of objects that have never been present in the training set [25].
Pixel-level representations, on the other hand, are more accurate since they cover most
of the shortcomings of object-level representations. The shape information of the objects
is conserved, and the exact location of the object is more accurately described. The abil-
ity to detect small and distant objects increases, and it is easier to generalize to classes
not defined in the training set [26]. This is possible, since these approaches effectively
decompose Rols into grid cells, extracting local information shared by many object cat-
egories. These methods also make predictions for all occupied cells [27]. In this context,
several approaches have been proposed to perform end-to-end perception at pixel-level.

Lucas Rodrigues Dal’Col PhD Degree
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MotionNet [27] laid the groundwork and proposed a spatio-temporal pyramid network
(STPN) based on three main heads: i) cell classification to perceive the category of each
cell; ii) motion prediction to predict the future trajectory of each cell; and iii) state
estimation to estimate the motion status of each cell, i.e., static or moving, providing
auxiliary information for motion prediction. Other approaches of end-to-end perception
at pixel-level [26], [28]-31] used MotionNet as a backbone network to explore different
point cloud representations, such as range-view and birds-eye-view, and the addition of
different sensor modalities. Birds-eye-view representation offers advantages in end-to-
end models by maintaining object size regardless of range, simplifying object detection
and motion forecasting, and enabling effective fusion of historical LIDAR data and high-
definition map features [32]. However, this representation discretizes LIDAR data into
voxels, leading to the loss of fine-grained information for detecting smaller objects. On
the other hand, range-view methods [33| operate in the dense, non-quantized LiDAR
data, providing access to full sensor information and strong detection performance, par-
ticularly for smaller objects. Range-view is also suitable for fusing data from sensors
that natively capture range-view data, such as LiDAR and camera. However, range-
view methods require learning the transformation from range-view to birds-eye-view and
handling variations in object size with range, making the problem more complex and
requiring a larger dataset for competitiveness with birds-eye-view based methods [34].
Given these advantages and disadvantages, the fusion of both birds-eye-view and range-
view representations becomes important to leverage the strengths of each approach and
overcome their limitations, enabling comprehensive perception of the scene and accurate
detection across various object sizes and ranges |35].

Most end-to-end perception approaches rely only on point clouds and HD maps, and
only a few of them exploit the benefits of sensor fusion with RGB images [22], [28], [29],
[34], [36], [37]. As discussed in Chapter 2, point clouds contain precise depth, physical,
and metric information about the environment, whereas RGB images provide color and
high-resolution data, but no depth information [29]. HD maps provide detailed and
accurate information about the environment, including road geometry, lane markings,
traffic signs, and landmarks, leveraging the environment information provided to the
perception system. Sensor fusion integrates data from multiple sensing modalities to
reduce the number of detection uncertainties and overcome the shortcomings of indi-
vidual sensors [8], [38]. This allows the development of robust models that accurately
perceive the surroundings under various environmental conditions. However, the bene-
fits of sensor fusion between point clouds, RGB images, and HD maps remain largely
unexplored.

The interactions between actors from different classes have not been studied so far
and remain a research gap that this Ph.D. proposal aims to address. Modeling these
interactions is an essential step toward achieving more accurate and reliable perception
systems. These interactions can significantly affect the behavior and trajectory of each
actor. For example, the presence of a cyclist in the vicinity of a car can significantly
affect the behavior of the car, and in turn, the trajectory of the car can influence the
trajectory of the cyclist. Therefore, failing to model these interactions can lead to
inaccurate predictions and potential safety hazards. In this context, this Ph.D. proposal
aims to develop a complete end-to-end holistic perception approach capable of modeling
the interactions between actors from the same and different classes and their interplay
with the scene. Additionally, integration of this end-to-end holistic perception in a pixel-
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level representation appears to offer several advantages that can leverage the perception
systems to another level of robustness and accuracy. This novel research line would
model the interaction between actors for various known and unknown object categories,
in which their interplay with other actors (from the same category or not) and with
the contextual environment may differ depending on their category and the current
environment. Furthermore, exploring the benefits of sensor fusion between RGB images,
point clouds and HD maps also seems to be very promising, allowing the perception
system to work properly in a large set of environments with diverse weather and lighting
conditions. By addressing these challenges, the proposed research aims to advance the
state of the art in perception for autonomous driving and contribute to the development
of more accurate, robust, and reliable perception systems.

Lucas Rodrigues Dal’Col PhD Degree



Chapter 4

Objectives

The main objective of this Ph.D. proposal is to develop a multi-modal end-to-end holistic
perception approach for autonomous driving. Its primary contribution is the complete
holistic perception of the scene, considering the interactions between actors from the
same and different classes (cars, buses, trucks, pedestrians, and cyclists), and their
interplay with the scene (lanes, traffic signs, and traffic states), to accurately detect and
predict their future motions. The joint detection and motion prediction of each actor in
the scene will be based on three mutual components: i) processing its past motion; ii)
modeling the interactions with other actors from the same and different classes; and iii)
processing the contextual information about the scene. Based on this research objective,
the proposed research question is: ”How can interactions between actors from different
categories of objects be effectively modeled into an end-to-end perception approach,
in order to accurately detect and predict their future motions and improve the overall
holistic perception of the scene?” In summary, this Ph.D. proposal can be divided into
four research specific objectives and derived research questions:

Explore perception datasets: We intend to use the two most used large-scale datasets
nuScenes [10] and Waymo Open Dataset [11], which provide thousands of real-word la-
beled scenes with diverse weather and lighting conditions, and offer benchmarks with
standard metrics. Based on this specific objective, the derived research question is:
"How can large-scale perception datasets such as nuScenes and Waymo Open Dataset
be effectively utilized to train and evaluate the performance of the developed end-to-end
holistic perception architectures?”

Development of end-to-end holistic perception architectures: End-to-end per-
ception architectures all rely on multi-task learning [13]. Multi-task learning consists in
learning tasks simultaneously through shared knowledge. It is the appropriate machine
learning paradigm, as it is able to jointly optimize and learn the tasks of end-to-end per-
ception. Our objective is to explore and combine multi-task learning [13] with RNNs and
Transformers that are suitable to capture temporal dependencies between different time
steps and spatial dependencies between actors, respectively [22]. Based on this specific
objective, the derived research question is: ”How can multi-task learning, combined with
RNNs and Transformers, be leveraged to capture temporal and spatial dependencies, in
order to model the interactions between actors from the same and different classes, as
well as their interplay with the scene?”
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Explore pixel-level architectures: The end-to-end perception algorithms that model
the interactions between actors are all based on object-level [27]. Our objective is to
organically combine the advantages of a holistic perception approach with pixel-level per-
ception. In this context, we propose to explore several pixel-level architectures to serve
as a backbone for the main end-to-end holistic perception architecture. Based on this
specific objective, the derived research question is: ”Which pixel-level architectures can
be explored and integrated into the main end-to-end holistic perception architecture to
capitalize on the advantages of both holistic perception and pixel-level representation?”

Explore sensor fusion techniques: Most end-to-end perception approaches receive
as input only point clouds [36]. Point clouds are usually transformed into birds-eye-
view and range-view representations, which are suitable for fusing with HD maps and
RGB images, respectively [34]. Therefore, our objective is to explore the benefits of
combining these four data modalities. Based on this specific objective, the derived
research question is: ”Which sensor fusion techniques can be effectively employed to
combine birds-eye-view and range-view representations of point clouds, HD maps, and
RGB images, to enhance the overall perception system and enable robust perception in
diverse environmental conditions?”
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Chapter 5

Work Plan

The detailed description of this Ph.D. proposal consists of eight tasks to be completed
over a four-year period starting from 01/10/2023. We outline each task of the work plan
in detail and also present the contingency plans. Figure 5.1 presents the timeline of the
proposed work plan.

Task 1 - State-of-the-art review: In this task, all relevant publications in the field
of end-to-end perception will be continuously analyzed throughout the entire time span
of the Ph.D. The goal is to conduct a narrative review of the literature, to stay up-
to-date with the new methods in this area, and may adapt the research statement to
explore new opportunities and ideas in the field. At the end of this task, we expect
to have a comprehensive understanding of the current state-of-the-art. The contingency
plan includes considering alternative research directions, such as investigating perception
approaches in other domains or exploring emerging technologies that could be applied
to end-to-end perception.

Task 2 - Perception datasets: Recently, all perception algorithms have relied on
neural networks. Neural networks are data-driven approaches and require large-scale
datasets. Accordingly, the goal of this task is to explore nuScenes [10] and Waymo Open
Dataset [11], which are real-world datasets with thousands of labeled scenes captured
by a full sensor suite from a real autonomous vehicle. The intention is to explore how
to use their data to develop and evaluate our perception algorithm. Additionally, we
will study the standard metrics used to evaluate the perception tasks, such as mean
average precision, average multiple object tracking accuracy, average displacement er-
ror, and trajectory collision rate, among others. These metrics are used in the datasets’
benchmarks, where our algorithm can be compared with state-of-the-art perception al-
gorithms. At the end of this task, we expect to understand how to effectively use these
datasets to compare our algorithm with the state-of-the-art methods. The contingency
plan involves considering alternative datasets or supplementary data sources if necessary
to ensure a comprehensive evaluation and validation of our perception algorithm.

Task 3 - End-to-end holistic perception architectures: We intend to explore
and implement state-of-the-art end-to-end perception algorithms that model a holistic
perception of the scene. From these algorithms, we gather several ideas on how to model
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the interactions between actors and their interplay with the scene. The most common
architectures used to model these interactions are RNNs and transformers [22], combined
with the multi-task learning paradigm for end-to-end perception [13|. A comparison and
evaluation of their advantages and disadvantages will be performed to select the best
architecture or combination of architectures for the holistic perception model. The goal
is to develop an end-to-end holistic perception algorithm that captures the complex in-
terplay between multiple actors across different object categories and their interactions
with the scene. At the end of this task, we expect to prove the importance of modeling
inter-class interactions between actors by improving the accuracy and reliability of the
perception system, which is the key objective of this Ph.D. proposal. In case of miss-
election of the architecture, the contingency plan includes investigating other relevant
algorithms or approaches that can effectively capture the complex interplay between
multiple actors and their interactions.

Task 4 - End-to-end perception architectures at pixel-level: In this task, we
intend to explore several pixel-level approaches to combine them as a backbone archi-
tecture into our end-to-end holistic perception architecture. The goal of this task is to
organically combine the benefits of pixel-level representation with holistic perception.
The advantages of pixel-level representation include preserving the shape of objects, de-
scribing more accurately the exact location of objects, improving the detection of small
and distant objects, and facilitating generalization to unseen object categories [26]. At
the end of this task, we expect to demonstrate how the incorporation of pixel-level rep-
resentation can contribute to a more comprehensive and effective perception system.
In case the initial exploration of pixel-level approaches does not yield satisfactory re-
sults, the contingency plan includes simplifying the developed perception algorithm to
an object-level representation.

Task 5 - Sensor fusion techniques: Most end-to-end perception approaches receive
as input point clouds and HD maps, and only a few of them explored the benefits of
sensor fusion with RGB images (22|, [28], [29], [34], [36]. In this context, the goal is to
explore sensor fusion techniques to aggregate the benefits of fusing both birds-eye-view
and range-view point cloud representations with RGB images and HD maps, and then
integrate this technique into our perception algorithm. One advantage of birds-eye-view
is that the size of objects remains constant regardless of range. However, this represen-
tation loses information necessary to detect smaller objects due to the discretization of
the point cloud into voxels. On the other hand, range-view is the native representation
of point clouds, providing strong detection performance for smaller objects. However, in
this representation, the size of the objects varies with range |34]. Fusing these four data
modalities can overcome the shortcomings of individual sensors working independently
and combine the advantages of both point cloud representations. At the end of this task,
we expect that these four sensing modalities and the selected sensor fusion technique
leverage the robustness and accuracy of our perception algorithm. In case the initial
sensor fusion technique does not yield the desired results, the contingency plan includes
considering alternative sensor fusion methods or variations to ensure optimal integration
and performance. In the worst-case scenario, we consider the dropout of one or more
data representations to reduce the complexity of the system.
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Task 6 - Domain adaptation for AtlasCar 2 in Aveiro: AtlasCar 2 [39] is an
autonomous vehicle developed by the Atlas Project at the University of Aveiro. We
intend to explore domain adaptation to adapt our perception algorithm to receive as
input data from the sensor suite of the AtlasCar 2, which may differ from the sensor
suite (and respective calibration) of the autonomous vehicle used to produce the public
datasets. The goal is to test and validate our perception algorithm with an autonomous
vehicle available at the hosting institution. At the end of this task, we expect to validate
the generality of the perception algorithm in a real-case study. An impacting risk is the
shutdown of the Atlas Project, and consequently the non-availability of the AtlasCar 2.
In this case, the contingency plan includes using the CARLA simulator [40] to mitigate
this risk. Using CARLA, we can implement Domain Adaptation for several sensor suites
and setups, not only the one available in AtlasCar 2 and the one from the datasets.

Task 7 - Writing of articles: The goal is to publish our state-of-the-art contributions
in international journals and conferences (milestone 1). The international conferences
that we aim to publish are: TEEE/CVF Computer Vision and Pattern Recognition
Conference (CVPR), IEEE International Conference on Computer Vision (ICCV), and
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS). Con-
cerning the international journals, we aim to publish in: IEEE Transactions on Pat-
tern Analysis and Machine Intelligence and IEEE Transactions on Neural Networks and
Learning Systems. This task is attached to the development tasks and we expect to
contribute to the state-of-the-art in perception for autonomous driving by publishing in
these top-tier conferences and journals.

Task 8 - Writing of the thesis: This task is concerned with writing the Ph.D. thesis
(milestone 2). An introduction contextualization and a systematic literature review will
be presented, as well as a summary of the research questions that the Ph.D. aimed to
answer. Then, the document will present all relevant contributions of the Ph.D. alongside
the methodologies, results, and conclusions.

General risks and contingency plans: The perception algorithms that will be de-
veloped are based on neural networks. As such, it is a necessity to have powerful hard-
ware capable of training these networks. In the Laboratory for Automation and Robotics
(LAR) at the University of Aveiro, there is a server called DeepLar with several GPUs
that is mainly used to train neural networks. A general impact risk is the malfunctioning
of the hardware available to develop and train the perception algorithms. To mitigate
this risk, the supervision team has several contacts and partners in other institutions,
where we can request the usage of their hardware. Another option is the usage of servers
provided by Google CoLaboratory and Kaggle to train neural networks.
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Tasks

T1
T2
T3
T4
T5
T6

T7
T8 [ 1]
Milestones

M1 - Articles submission crererrrrrrrrrr e e e e e e e
M2 - Delivery of the thesis HEEEEEEEEEEEEEEEEEEEEENEEEEEEEEEEEEEEEREREEEEE

Figure 5.1: Gantt chart of the Ph.D. proposal.
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Chapter 6

Hosting Conditions

This Ph.D. proposal will be hosted by the University of Aveiro (UA), which is
renowned for its excellence in autonomous driving research. The UA offers access to
state-of-the-art resources such as the AtlasCar 2, a full-size autonomous vehicle from
the Atlas Project at the Department of Mechanical Engineering (DEM), equipped with
several sensors to deal with real-world scenarios. Additionally, the UA offers access to
DeepLar, a server with several GPUs used to train neural networks. The Institute of
Electronics and Informatics Engineering of Aveiro (IEETA), a research unit of the UA,
and its Intelligent Robotics and Systems (IRIS) research group provide expertise in in-
telligent mobile robotics, with a particular focus on topics such as autonomous driving,
perception, control, and artificial intelligence, among others. The strong multidisci-
plinary experience of these research groups (Atlas Project and IRIS) in perception for
autonomous driving will provide a platform for the discussion of ideas and knowledge
sharing with other researchers working in the same field. The interaction with these
research groups and the access to hardware resources will be critical in achieving the
main objectives of the Ph.D. proposal.

The foreign institution that will support this Ph.D. is the Computer Vision Cen-
ter (CVC), at the Autonomous University of Barcelona (UAB). The Advanced
Driver Assistance Systems (ADAS) group of CVC focuses on applying Machine Learn-
ing techniques to problems related to autonomous driving, such as perception. They
also developed an autonomous vehicle called Elektra (http://adas.cvc.uab.es/elektra/),
demonstrating their expertise in autonomous driving. The opportunity to discuss ideas
with other researchers who have expertise in this field will be valuable.

The supervisor, Prof. Miguel Oliveira, has wide experience in autonomous driving
and robotics. His Ph.D. thesis entitled ” Automatic Information and Safety Systems for
Driving Assistance” overlaps with the proposed Ph.D. research. He is the creator of
ATOM, a calibration framework for robotics systems using the Atomic Transformations
Optimization Method, which demonstrates his expertise in the field of robotics. He
has published several articles in high-impact journals and international conferences in
related areas, such as autonomous driving, sensor calibration, and color correction. As
such, his supervision and expertise are essential for this Ph.D.

Co-supervisor Prof. Vitor Santos has vast experience in autonomous driving and
deep learning, having published several articles in top journals and conferences. He
supervised six former Ph.D. students, including the supervisor Prof. Miguel Oliveira.
He is the coordinator of the Atlas Project and one of the founders of the Portuguese
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Robotics Open and the Portuguese Society of Robotics. Therefore, his supervision and
expertise are significant for the proposed Ph.D.

Co-supervisor Prof. Antonio Lépez has extensive experience in autonomous driving,
computer vision, and deep learning. He is the Principal Investigator of the ADAS group
at CVC and one of the developers of CARLA Simulator, widely used to develop percep-
tion algorithms for autonomous driving. He has published several articles in high-impact
journals and conferences. Therefore, his expertise in computer vision and perception al-
gorithms using deep learning is critical for this Ph.D.
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Abstract

Autonomous driving systems require accurate perception algorithms to navigate safely through
traffic. End-to-end perception approaches jointly learn perception tasks, transforming raw sensor
data directly into object detection with motion predictions. To improve trajectory predictions,
recent approaches attempted to model interactions between actors (dynamic objects), whose behavior
depends on each other and their interplay with the scene. However, current models only consider
interactions within the same object class. Modeling interactions between actors from different
classes improves perception accuracy and enables a more holistic understanding of the scene by
preventing misinterpretation of object behavior. In this context, this Ph.D. proposal aims to
develop a multi-modal end-to-end holistic perception approach capable of modeling both inter-class
and intra-class interactions between actors, and their interplay with the scene. Perception systems
still face challenges in achieving high accuracy and robustness, with a complete holistic perception
of the scene yet to be achieved despite recent progress.

Keywords

Object Detection, Motion Prediction, Holistic Perception, End-To-End Perception, Deep Learning,
Autonomous Driving.

Introduction and State of the Art

Autonomous driving is an emerging technology that holds the promise of revolutionizing transportation.
Autonomous driving systems are usually developed using a modular approach [1,2|. One of the
most critical components is the perception module, which is responsible for accurately assessing the
environment surrounding the vehicle to enable safe navigation through traffic [3]. The perception
module must be accurate, robust, and operate in real-time [4].

The perception module is divided into three tasks: object detection, object tracking, and
motion prediction [5]. These tasks are usually learned independently and executed sequentially.
Information is not shared among these tasks, and uncertainty is rarely propagated between them,
leading to information loss [6,7]. Recently, end-to-end perception approaches jointly learn and
optimize all these tasks within a single neural network, using multi-task learning [5-12]. These
approaches are efficient for real-time operations by sharing computational resources between all
tasks. The three tasks directly access raw data, leveraging the shared knowledge between them.
These approaches have yielded promising results, reducing the detection of false negatives for distant
and occluded objects, and false positives by accumulating evidence over time [5,6,13,14].

Most of these approaches predict the trajectory of an actor (dynamic object) independently
based on its past trajectory, without taking into account the interactions between actors. This
strategy undermines the accuracy of the predicted trajectories, as the evolution of a trajectory
is highly dependent on the behavior of other actors and and environmental factors. To address
this limitation, recent approaches attempted to model the interactions between actors and their
interplay with the scene |7,14-17|. These approaches model spatial and temporal dependencies using
different neural network architectures, such as graph neural networks (GNN) [16], recurrent neural
networks (RNN) [17], convolutional neural networks (CNN) [14], and transformers [17]. These
interaction models improved the accuracy of perception systems, demonstrating their importance
in predicting motion. However, these approaches focus only on a single category of objects, such
as cars or pedestrians, and inter-class interactions are not considered.

The interactions between actors from different classes have not been studied so far and remain
a research gap that this Ph.D. proposal aims to address. Modeling these interactions is an essential
step toward achieving more accurate and reliable perception systems. These interactions can
significantly affect the behavior and trajectory of each actor. For example, the presence of a



cyclist in the vicinity of a car can significantly affect the behavior of the car and, in turn, the
trajectory of the car can influence the trajectory of the cyclist. Therefore, failing to model these
interactions can lead to inaccurate predictions and potential safety hazards. In this context, this
Ph.D. proposal aims to develop a complete end-to-end holistic perception approach capable of
modeling the interactions between actors from the same and different classes and their interplay
with the scene. Additionally, the goal is to explore the benefits of sensor fusion between different
data modalities [17-22|, allowing the system to work properly in a large set of environments with
diverse weather and lighting conditions |23].

Objectives

The main objective of this Ph.D. proposal is to develop a multi-modal end-to-end holistic perception
approach for autonomous driving. Its primary contribution is the complete holistic perception of
the scene, considering the interactions between actors from the same and different classes (cars,
buses, trucks, pedestrians, and cyclists), and their interplay with the scene, to accurately detect and
predict their future motions. The detection and motion prediction of each actor in the scene will
be based on three joint components: i) processing its past motion; ii) modeling the interaction with
other actors from the same and different classes; and iii) processing the contextual information about
the scene (lanes, traffic signs, and traffic states). Based on this objective, the proposed research
question is: how can interactions between actors from different categories of objects be effectively
modeled into an end-to-end perception approach, in order to accurately detect and predict their
future motions and improve the overall holistic perception of the scene? In summary, this Ph.D.
proposal can be divided into three specific objectives:

Explore perception datasets: We intend to use the two most used large-scale datasets nuScenes
[24] and Waymo Open Dataset [25], which provide thousands of real-word labeled scenes with
diverse weather and lighting conditions, and offer benchmarks with standard metrics.

Development of end-to-end holistic perception architectures: Our objective is to explore
and combine multi-task learning [6] with RNNs and Transformers that are suitable to capture
temporal dependencies between different time steps and spatial dependencies between actors,
respectively [17].

Explore sensor fusion techniques: Most end-to-end perception approaches receive as input
only point clouds [18]. Point clouds are usually transformed into birds-eye-view and range-view
representations, which are suitable for fusing with HD maps and RGB images, respectively [21].
Therefore, our objective is to combine the benefits of fusing these four data modalities.

Detailed Description

The detailed description of this Ph.D. proposal consists of seven tasks, each with a corresponding
methodology and implementation plan, to be completed over a four-year period starting from
01/12/2023. In this section, we outline each task in detail and also present the risks involved and
respective mitigation plans.

Task 1 - State-of-the-art review: To present this Ph.D. proposal, we performed a systematic
review of the literature that culminated in the research statement and objectives defined in the
previous section. In this task, all relevant publications in the field of end-to-end perception
approaches for autonomous driving will be continuously analyzed throughout the entire time span
of the Ph.D. The goal is to conduct a narrative review of the literature to stay up-to-date with the



new methods in this area and may adapt the research statement to explore new opportunities and
ideas in the field.

Task 2 - Perception datasets: Recently, all perception algorithms have relied on neural networks.
Neural networks are data-driven approaches and have the need for large-scale datasets with thousands
of examples (image frames and/or point cloud sweeps). Accordingly, the goal of this task is to
explore nuScenes [24] and Waymo Open Dataset [25], which are real-world datasets with thousands
of labeled scenes captured by a full sensor suite from a real autonomous vehicle. The intention is to
explore how to use their data to develop our perception algorithm. Additionally, we will study the
standard metrics used to evaluate the three tasks of perception algorithms, such as mean average
precision (mAP), average multiple object tracking accuracy (AMOTA), average displacement error
(ADE), and trajectory collision rate (TCR), among others. These metrics are used in the datasets’
benchmarks, where our algorithm can be compared with state-of-the-art perception algorithms.

Task 3 - End-to-end holistic perception architectures: We intend to explore and implement
state-of-the-art end-to-end perception algorithms that model a holistic perception of the scene.
From these algorithms, we gather several ideas on how to model the interactions between actors and
their interplay with the scene. The most common architectures used to model these interactions are
recurrent neural networks (RNNs) and transformers [17], combined with the multi-task learning
paradigm for end-to-end perception [6]. A comparison and evaluation of their advantages and
disadvantages will be performed to decide the best architecture or combination of architectures for
the holistic perception model. The goal is to develop an end-to-end holistic perception algorithm,
that captures the complex interplay between multiple actors across different object categories and
their interactions with the environment. At the end of this task, we expect to prove the importance
of modeling interactions between actors from different classes by improving the accuracy and
reliability of the perception system, which is the key objective of this Ph.D. proposal.

Task 4 - Sensor fusion techniques: Most end-to-end perception approaches receive as input
point clouds and HD maps, and only a few of them explored the benefits of sensor fusion with RGB
images [17-21]. Point clouds are usually transformed into birds-eye-view representation, which is
suitable for fusing with HD maps. However, range-view is also a very commonly used point cloud
representation, which is appropriate for fusing with RGB images [21]. Fusing data modalities from
different sensors can overcome the shortcomings of individual sensors working independently [23].
Within this context, we aim to explore sensor fusion techniques for these four data modalities and
incorporate them into our perception algorithm to leverage its robustness and accuracy.

Task 5 - Domain adaptation for AtlasCar 2 in Aveiro: AtlasCar 2 [26] is an autonomous
vehicle developed by the Atlas Project at the University of Aveiro. We intend to explore domain
adaptation to adapt our perception algorithm to receive as input data from the sensor suite of the
AtlasCar 2, which may differ from the sensor suite (and respective calibration) of the autonomous
vehicle used to produce the public datasets. In this context, the goal is to test and validate our
perception algorithm with an autonomous vehicle available at the hosting institution.

Task 6 - Publication in international journals and conferences: During the development
tasks, the goal is to contribute to the state-of-the-art in the field of perception for autonomous
driving, publishing these contributions in international journals and conferences (milestone 1).
The international conferences that we aim to publish are the following: IEEE/CVFEF Computer
Vision and Pattern Recognition Conference (CVPR), IEEE International Conference on Computer
Vision (ICCV), IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), and
IEEE International Conference on Robotics and Automation (ICRA). Concerning the international



journals, our aim is to publish in: IEEE Transactions on Pattern Analysis and Machine Intelligence
and IEEE Transactions on Neural Networks and Learning Systems.

Task 7 - Writing of the thesis: This task is concerned with writing the Ph.D. thesis (milestone
2). An introduction contextualization and a systematic literature review will be presented, as well
as a summary of the research questions that the Ph.D. aimed to answer. Then, the document will
present all relevant contributions of the Ph.D. alongside the methodologies, results, and conclusions.
This task will be done mutually with the other tasks, refining the writing at the end of each
development task, and reserving 5 months for the final writing.

Acknowledged risks and mitigation plans: The main impacting risk is the shutdown of the
Atlas Project, and consequently the non-availability of the AtlasCar 2 for task 5. In this case, we
plan to use the CARLA Simulator [27] from the foreign hosting institution CVC to mitigate this
risk. Using CARLA, we can implement Domain Adaptation for several sensor suites and setups,
not only the one available in Atlas Car and the one from the datasets. Another impacting risk is
the malfunctioning of the hardware (DeepLar server - DEM/UA) available to develop and train
the perception algorithms. To mitigate this risk, the supervision team has several contacts and
partners in other institutions (including CVC), where we can request the usage of their hardware
in case of malfunctioning of our hardware.

. 2023 2024 2025 2026 2027
Tasks Location
D

T1 Aveiro/Barcelona

T2 Aveiro/Barcelona

T3 Aveiro/Barcelona

T4 Aveiro/Barcelona

5 Aveiro

T6 Aveiro/Barcelona

T7 Aveiro

Milestones

M1 - Articles submission

M2 - Delivery of the thesis

Figure 1: Gantt chart of the Ph.D. proposal.

Hosting Conditions

This Ph.D. proposal will be hosted by the University of Aveiro (UA), which is renowned for its
excellence in autonomous driving research. The UA offers access to state-of-the-art resources such
as the AtlasCar 2, a full-size autonomous vehicle from the Atlas Project at the Department of
Mechanical Engineering (DEM), equipped with several sensors to deal with real-world scenarios.
Additionally, the UA offers access to DeeplLar, a server with several GPUs used to train neural
networks. The Institute of Electronics and Informatics Engineering of Aveiro (IEETA), a research
unit of the UA, and its Intelligent Robotics and Systems (IRIS) research group provide expertise in
intelligent mobile robotics, with a particular focus on topics such as autonomous driving, perception,
control, and artificial intelligence, among others. The strong multidisciplinary experience of these
research groups (Atlas Project and IRIS) in perception for autonomous driving will provide a
platform for the discussion of ideas and knowledge sharing with other researchers working in the
same field. The interaction with these research groups and the access to hardware resources will
be critical in achieving the main objectives of the Ph.D. proposal.

The foreign institution that will support this Ph.D. is the Computer Vision Center (CVC),
at the Autonomous University of Barcelona (UAB). The Advanced Driver Assistance Systems
(ADAS) group of CVC focuses on applying Machine Learning techniques to problems related



to autonomous driving, such as perception. They also developed an autonomous vehicle called
Elektra (http://adas.cvc.uab.es/elektra/), demonstrating their expertise in autonomous driving.
The opportunity to discuss ideas with other researchers who have expertise in this field will be
valuable.

The supervisor, Prof. Miguel Oliveira, has wide experience in autonomous driving and robotics.
His Ph.D. thesis, ” Automatic Information and Safety Systems for Driving Assistance,” overlaps
with the proposed Ph.D. research. He is the creator of ATOM, a calibration framework for robotics
systems using the Atomic Transformations Optimization Method, which demonstrates his expertise
in the field of robotics. He has published several articles in high-impact journals and international
conferences in related areas, such as autonomous driving, sensor calibration, and color correction.
As such, his supervision is essential for this Ph.D.

Co-supervisor Prof. Vitor Santos has vast experience in autonomous driving and deep learning,
having published several articles in top journals and conferences. He supervised six former Ph.D.
students, including the supervisor Prof. Miguel Oliveira. He is the coordinator of the Atlas Project
and one of the founders of the Portuguese Robotics Open and the Portuguese Society of Robotics.
Therefore, his supervision is significant for the proposed Ph.D.

The co-supervisor, Prof. Antonio Lépez, has extensive experience in autonomous driving,
computer vision and deep learning. He is the Principal Investigator of the ADAS group at CVC
and one of the developers of CARLA Simulator, widely used to develop perception algorithms
for autonomous driving. He has published several articles in high-impact journals and conferences.
Therefore, his expertise in computer vision and perception algorithms using deep learning is critical
for this Ph.D.
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Resumo

Eu, Lucas Rodrigues Dal'Col, melhor identificado no dmbito do contrato de bolsa de investigagao
celebrado com a FCT - Fundagdo para a Ciéncia e Tecnologia, com o identificador DOI
10.54499/2023.02251.BD, venho, por este meio, submeter o Relatério Final de Atividades relativo aos
trabalhos desenvolvidos no contexto da tese de doutoramento financiada pela FCT, intitulada:
“‘Multi-Modal End-to-End Holistic Perception for Autonomous Driving’.

A investigagédo foi conduzida no Instituto de Engenharia Eletronica e Informatica da Universidade de
Aveiro (IEETA), no ambito do Programa Doutoral em Engenharia Mecéanica (PDEM) do Departamento
de Engenharia Mecéanica (DEM) da Universidade de Aveiro (UA) e, parcialmente, no Computer Vision
Center (CVC) da Universitat Autonoma de Barcelona (UAB), em Espanha. O trabalho foi orientado
cientificamente pelo Doutor Miguel Armando Riem de Oliveira, Professor Auxiliar do DEM-UA, pelo
Doutor Vitor Manuel Ferreira dos Santos, Professor Associado com Agregacao do DEM-UA, e pelo
Doutor Antonio Manuel Lépez Pefia, Investigador Principal do Autonomous Driving Lab — CVC-UAB.

O presente relatério tem como objetivo apresentar a FCT uma sintese das atividades desenvolvidas no
decurso do plano de trabalhos definido até ao momento do cancelamento da bolsa de doutoramento por
motivos profissionais. Durante o periodo de vigéncia da bolsa, as atividades decorreram com sucesso,

em conformidade com o plano inicialmente aprovado.

Contribuicoes

No contexto do estado da arte na area de Joint Perception and Prediction for Autonomous Driving, o
trabalho desenvolvido resultou na seguinte contribuic&o principal:
° Foi realizado um estudo aprofundado e sistematico do estado da arte na area de
joint perception and prediction aplicada a condugdo auténoma. Este trabalho constitui o
primeiro levantamento sistematico sobre o tema, propondo uma taxonomia que
categoriza as abordagens existentes com base na representagdo de entrada, na modelagao
do contexto da cena e na representacdo de saida, destacando as suas principais
contribuicdes e limitagdes. Além disso, foram realizadas andlises qualitativas e quantitativas
dos métodos existentes, bem como discutidas potenciais dire¢des futuras de investigagcao
com base nas lacunas identificadas no estado da arte.
° Este trabalho culminou na publicacdo de um artigo de revis&o cientifica intitulado
“Joint Perception and Prediction for Autonomous Driving: A Survey”, na revista IEEE
Transactions on Intelligent Transportation Systems, com fator de impacto de 8.4. Trata-se

de uma revista de elevado prestigio e exigéncia editorial, reconhecida como uma das mais
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relevantes na area de condugdo auténoma, o que reforca a importancia e o impacto
cientifico deste contributo.
° Sendo o primeiro levantamento sistematico publicado sobre esta tematica, o
artigo tem como objetivo servir de referéncia para investigadores e profissionais da area,
facilitando a compreensao do paradigma de joint perception and prediction e auxiliando na

selecao informada e fundamentada de métodos adequados aos respetivos casos de estudo.

Publicagoes
A publicacéo resultante do trabalho desenvolvido no ambito da bolsa encontra-se referenciada como
segue:
° L. Dal'Col, M. Oliveira and V. Santos, "Joint Perception and Prediction for
Autonomous Driving: A Survey," in IEEE Transactions on Intelligent Transportation Systems,
doi: 10.1109/TITS.2025.3607743.
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