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To my Family

“Life’s battles don’t always go

To the stronger or faster man.

But soon or late the man who wins,

Is the man who thinks he can.”

R. Kipling





Abstract

The advances in computer vision and machine learning have revolutionized

the ability to build systems that process and interpret digital data, enabling

them to mimic human perception and paving the way for a wide range

of applications. In recent years, both disciplines have made significant

progress, fueled by advances in deep learning techniques. Deep learning

is a discipline that uses deep neural networks (DNNs) to teach machines

to recognize patterns and make predictions based on data. Deep learning-

based perception systems are increasingly prevalent in diverse fields, where

humans and machines collaborate to combine their strengths. These fields

include automotive, industry, or medicine, where enhancing safety, sup-

porting diagnosis, and automating repetitive tasks are some of the aimed

goals.

However, data are one of the key factors behind the success of deep learn-

ing algorithms. Data dependency strongly limits the creation and success

of a new DNN. The availability of quality data for solving a specific problem

is essential but hard to obtain, even impracticable, in most developments.

Data-centric artificial intelligence emphasizes the importance of using high-

quality data that effectively conveys what a model must learn. Motivated by

the challenges and necessity of data, this thesis formulates and validates

five hypotheses on the acquisition and impact of data in DNN design and

training.

Specifically, we investigate and propose different methodologies to obtain

suitable data for training DNNs in problems with limited access to large-

scale data sources. We explore two potential solutions for obtaining data,

which rely on synthetic data generation. Firstly, we investigate the process

of generating synthetic training data using 3D graphics-based models and



the impact of different design choices on the accuracy of obtained DNNs.

Beyond that, we propose a methodology to automate the data generation

process and generate varied annotated data by replicating a 3D custom

environment given an input configuration file. Secondly, we propose a gen-

erative adversarial network (GAN) that generates annotated images using

both limited annotated data and unannotated in-the-wild data. Typically,

limited annotated datasets have accurate annotations but lack realism and

variability, which can be compensated for by the in-the-wild data. We ana-

lyze the suitability of the data generated with our GAN-based method for

DNN training.

This thesis also presents a data-oriented DNN design, as data can present

very different properties depending on their source. We differentiate sources

based on the sensor modality used to obtain the data (e.g., camera, LiDAR)

or the data generation domain (e.g., real, synthetic). On the one hand, we

redesign an image-oriented object detection DNN architecture to process

point clouds from the LiDAR sensor and optionally incorporate informa-

tion from RGB images. On the other hand, we adapt a DNN to learn from

both real and synthetic images while minimizing the domain gap of learned

features from data.

We have validated our formulated hypotheses in various unresolved com-

puter vision problems that are critical for numerous real-world vision-based

systems. Our findings demonstrate that synthetic data generated using 3D

models and environments are suitable for DNN training. However, we also

highlight that the design choices during the generation process, such as

lighting and camera distortion, significantly affect the accuracy of the re-

sulting DNN. Additionally, we show that a simulation 3D environment can

assist in designing better sensor setups for a target task.

Furthermore, we demonstrate that GANs offer an alternative means of gen-

erating training data by exploiting labeled and existing unlabeled data to

generate new samples that are suitable for DNN training without a simula-

tion environment.



Finally, we show that adapting DNN design and training to data modality

and source can increase model accuracy. More specifically, we demonstrate

that modifying a predefined architecture designed for images to accommo-

date the peculiarities of point clouds results in state-of-the-art performance

in 3D object detection. The DNN can be designed to handle data from a

single modality or leverage data from different sources. Furthermore, when

training with real and synthetic data, considering their domain gap and

designing a DNN architecture accordingly improves model accuracy.





Resumen

Los avances en visión artificial y aprendizaje automático han revolucionado

la capacidad de construir sistemas que procesen e interpreten datos digi-

tales, permitiéndoles imitar la percepción humana y abriendo el camino a

un amplio rango de aplicaciones. En los últimos años, ambas disciplinas

han logrado avances significativos, impulsadas por los progresos en las téc-

nicas de aprendizaje profundo (deep learning). El aprendizaje profundo

es una disciplina que utiliza redes neuronales profundas (DNNs, por sus

siglas en inglés) para enseñar a las máquinas a reconocer patrones y hacer

predicciones basadas en datos. Los sistemas de percepción basados en el

aprendizaje profundo son cada vez más frecuentes en diversos campos,

donde humanos y máquinas colaboran para combinar sus fortalezas. Estos

campos incluyen la automoción, la industria o la medicina, donde mejo-

rar la seguridad, apoyar el diagnóstico y automatizar tareas repetitivas son

algunos de los objetivos perseguidos.

Sin embargo, los datos son uno de los factores clave detrás del éxito de los

algoritmos de aprendizaje profundo. La dependencia de datos limita fuerte-

mente la creación y el éxito de nuevas DNN. La disponibilidad de datos

de calidad para resolver un problema específico es esencial pero difícil

de obtener, incluso impracticable, en la mayoría de los desarrollos. La in-

teligencia artificial centrada en datos enfatiza la importancia de usar datos

de alta calidad que transmitan de manera efectiva lo que un modelo debe

aprender. Motivada por los desafíos y la necesidad de los datos, esta tesis

formula y valida cinco hipótesis sobre la adquisición y el impacto de los

datos en el diseño y entrenamiento de las DNNs.

Específicamente, investigamos y proponemos diferentes metodologías para

obtener datos adecuados para entrenar DNNs en problemas con acceso lim-

itado a fuentes de datos de gran escala. Exploramos dos posibles soluciones



para la obtención de datos de entrenamiento, basadas en la generación

de datos sintéticos. En primer lugar, investigamos la generación de datos

sintéticos utilizando gráficos 3D y el impacto de diferentes opciones de

diseño en la precisión de los DNN obtenidos. Además, proponemos una

metodología para automatizar el proceso de generación de datos y producir

datos anotados variados, mediante la replicación de un entorno 3D per-

sonalizado a partir de un archivo de configuración de entrada. En segundo

lugar, proponemos una red neuronal generativa (GAN) que genera imá-

genes anotadas utilizando conjuntos de datos anotados limitados y datos

sin anotaciones capturados en entornos no controlados. Por lo general, el

primer conjunto de datos suele tener anotaciones precisas pero carecen de

realismo y variabilidad, lo que compensamos con los datos de entornos no

controlados. Analizamos la idoneidad de los datos generados con nuestro

método para el entrenamiento de DNNs.

Esta tesis también presenta un diseño de DNNs orientado a datos, ya que

los datos pueden presentar propiedades muy diferentes dependiendo de su

fuente. Diferenciamos las fuentes según la modalidad de sensor utilizada

para obtener los datos (p. ej., cámara, LiDAR) o el dominio de generación

de datos (p. ej., real, sintético). Por un lado, rediseñamos una arquitec-

tura DNN orientada a imágenes para detección de objetos en nubes de

puntos del sensor LiDAR y, opcionalmente, incorporar información de imá-

genes RGB. Por otro lado, adaptamos una DNN para aprender de imágenes

reales y sintéticas mientras minimizamos la brecha de dominio que ambos

dominios presentan.

Hemos validado nuestras hipótesis formuladas en varios problemas de

visión artificial no resueltos, que son críticos para numerosos sistemas basa-

dos en visión del mundo real. Nuestros hallazgos demuestran que los datos

sintéticos generados utilizando modelos y entornos 3D son adecuados para

el entrenamiento de DNNs. Sin embargo, también destacamos que las elec-

ciones de diseño durante el proceso de generación, como la iluminación y

la distorsión de la cámara, afectan significativamente la precisión del DNN



final. Además, mostramos que un entorno de simulación 3D puede ayu-

dar a diseñar mejores configuraciones de sensores para una tarea objetivo.

Adicionalmente, demostramos que las GAN ofrecen un medio alternativo

para generar datos de entrenamiento mediante la explotación de datos

existentes, etiquetados y no etiquetados, para generar nuevas muestras

que sean adecuadas para el entrenamiento de DNNs, sin necesidad de un

entorno de simulación.

Finalmente, mostramos que adaptar el diseño y entrenamiento de DNNs

a la modalidad y fuente de datos puede aumentar la precisión del modelo.

Más específicamente, demostramos que la modificación de una arqui-

tectura predefinida diseñada para imágenes para adaptarse a las pecu-

liaridades de las nubes de puntos da como resultado un rendimiento de

vanguardia en la detección de objetos 3D. La DNN se puede diseñar para

procesar datos de una sola modalidad o aprovechar datos de diferentes

fuentes. También demostramos, que al entrenar con datos reales y sintéti-

cos, considerar su brecha de dominio, diseñando una arquitectura de DNN

acorde, mejora la precisión del modelo.
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The best way to predict the future

is to invent it.

Alan Kay

CHAPTER

1
Scope of the Research

1.1 Motivation

Computer vision is the �eld of computer science that focuses on developing digital sys-

tems capable of processing, analyzing, and interpreting visual data, such as images and

videos, in the same way that humans do. Computer vision-based systems “see” or sense

external stimuli through a sensor (e.g., camera) to get some target information so that it

can be used in other processes. The idea behind computer vision is to teach machines

to understand and interpret visual data in a manner that is similar to human percep-

tion. Computer vision involves using different techniques, such as machine learning

and image processing, to enable machines to perform tasks that require human visual

perception, such as object recognition, motion detection, and scene reconstruction.

Machine learning is a sub-�eld of Arti�cial Intelligence (AI). Machine learning is a

broad discipline that studies algorithms and statistical models to perform a prede�ned

task. Compared to computer vision, machine learning is not limited to visual data. The

idea behind machine learning is to enable computers to learn from data, recognize pat-

terns, and make predictions based on the data rather than using explicitly programmed

rules. The core mechanism to do this is to train a model. This training stage typically

involves using a dataset so that the model (algorithm) identi�es patterns and relations

from data and re�nes its predictions from that experience. For that purpose, several
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techniques exist, such as decision trees, support vector machines, clustering algorithms,

and deep learning.

Figure 1.1 shows that both computer vision and machine learning involve differ-

ent techniques but also interact with each other. Both �elds share some common

techniques and are often combined in perception systems.

Figure 1.1: Computer vision and machine learning �elds and some of their techniques.

Machine learning and computer vision often use deep learning to learn features

from data. Deep learning is a �eld of machine learning that uses deep neural networks

(DNNs) to learn relations and patterns from data. Deep learning has been outstand-

ing for the last decade, as it has quickly become a method of choice for most machine

learning problems. State-of-the-art results achieved by traditional algorithms have

been rapidly overcome [ 9, 10]. Consequently, deep learning today is part of most ma-

chine learning systems. Thanks to deep learning, the advances in computer vision

and machine learning tasks have expanded the possibilities to improve and create new

advanced perception systems [11, 12].

Using computer vision to perceive an environment involves different stages, which

include acquiring, processing, analyzing, and understanding the corresponding digital

data, as shown in Figure 1.2. Vision-based perception systems require sensors, comput-

ers, and, most frequently, machine learning and image processing algorithms for these

processes [13, 14]. The sensors mimic the eye function, and the algorithms mimic the

brain function in interpreting and classifying image content.

For example, a vision-based intrusion detection system may monitor a region of

interest to detect if any agent enters a restricted zone. The application receives the data

captured by a sensor or a group of sensors (e.g., a surveillance camera). The system uses

the developed computer vision algorithms to process the data in the chosen hardware,
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