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Abstract

Realistic virtual scenes are becoming increasingly prevalent in our society, with a wide range of appli-
cations in areas such as manufacturing, architecture, fashion design, and entertainment, including
movies, video games, and augmented and virtual reality. Generating realistic images of such scenes
requires highly accurate illumination, geometry, and material models, which can be time-consuming
and challenging to obtain. Traditionally, such models have often been created manually by skilled
artists, but this process can be prohibitively time-consuming and costly. Alternatively, real-world
examples can be captured, but this approach presents additional challenges in terms of accuracy and
scalability. Moreover, while realism and accuracy are crucial in such processes, rendering efficiency
is also a key requirement, so that lifelike images can be generated with the speed required in many
real-world applications. One of the most significant challenges in this regard is the acquisition and
representation of materials, which are a critical component of our visual world and, by extension, of
virtual representations of it. However, existing approaches for material acquisition and representation
are limited in terms of efficiency and accuracy, which limits their real-world impact. To address these
challenges, data-driven approaches that leverage machine learning may provide viable solutions.
Nevertheless, designing and training machine learning models that meet all these competing require-
ments remains a challenging task, requiring careful consideration of trade-offs between quality and

efficiency.

In this thesis, we propose novel learning-based solutions to address several key challenges in physically-
based rendering and material digitization. Our approach leverages various forms of neural networks
to introduce innovative algorithms for radiance encoding, digital material generation, edition, and
estimation. First, we present a visual attribute transfer framework for digital materials that can
effectively generalize to new illumination conditions and geometric distortions. We showcase a
use-case of this method for high-resolution material acquisition using a custom device. Additionally,
we propose a generative model capable of synthesizing tileable textures from a single input image,
which helps improve the quality of material rendering. Building upon recent work in neural fields, we
also introduce a material representation that accurately encodes material reflectance while offering
powerful editing and propagation capabilities. In addition to reflectance, we present a novel method
for global illumination encoding that leverages carefully designed generative models to achieve
significantly faster sampling than previous work. Finally, we propose two innovative methods for
low-cost material digitization. With flatbed scanners as our capture device, we present a generative
model that can provide high-resolution material reflectance estimations using a single image as input,
while introducing an uncertainty quantification algorithm that increases its reliability and efficiency.
Additionally, we present a novel method for digitizing fabric mechanical properties using depth
images as input, which we extend with a perceptually-validated drape similarity metric. Overall, the
contributions of this thesis represent significant advances in the fields of radiance encoding and digital
material acquisition and edition, enhancing the quality, scalability, and efficiency of physically-based

rendering pipelines.
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Introduction

We may say most aptly that the Analytical Engine
weaves algebraic pa erns just as the Jacquard loom
weaves flowers and leaves.

Ada Lovelace

Figure 1.1: Renders of virtual scenes in di erent use cases. (a) A frame of Pixa0al(2020), directed
by Peter Docter. (b) A frame dfhe Last of Us Part (R020), Naughty Dog. (c) Garments
designed withSEDDI Authar(d) A render ofCeramic Houseourtesy ofStudio RAP

Generating lifelike virtual scenes has been a long-standing goal in computer graphics. This
objective is now closer than ever before, thanks to the development of e icient methods
for creating such scenes. Realistic virtual scenes have a range of applications, including
media and entertainment, such as art, video games, augmented and virtual reality, and
films. Furthermore, they are also important in industrial and commercial se ings, such as
computer-aided design, architecture, and fashion. We illustrate some use cases in Figure 1.1.

Achieving photo-realism in virtual scenes requires accurate and e icient representations of
the optical behavior of materials, object geometry, and illumination. Although many methods
have been developed for generating realistic imagery using these representations, producing
photo-realistic images o en requires a significant amount of manual labor from skilled artists,
as well as substantial computational resources. One of the key bo lenecks in this process
is the generation of digital representations of materials. Materials, depicted in Figure 1.2,
are ubiquitous in the real world and exhibit an astonishing variety of structures, regularities,



Figure 1.2: Examples of real-world materials and textures.

and colors. Realistically rendering them also requires modeling how they interact with light,
taking into account their levels of glossiness, transparency, roughness, and microgeometric
structures, all of which impact their appearance. This wide range of material properties poses
challenges to the development of e icient representations that can capture all the variations
required to render the real world in a visually compelling way.

Furthermore, several design and manufacturing processes involve the manual design of
materials, the outcome of which remains uncertain until di erent fabrication steps have been
completed. This work methodology is ubiquitous in industries such as garment design or
fashion, and it is slow and wastes a significant amount of valuable resources. The fashion
industry alone is projected to generate more than 3 million metric tons@€ emissions
(10% of the annual worldwide emissions) and waste 170 billion cubic meters of water in
2025 [RSS16], significantly exacerbating the climate emergency. Advanced techniques in
engineering and computing have opened up the possibility of digitally creating and editing
simple materials, such as plastics or metals. However, complex deformable materials, notably
fabrics, have not been extensively studied due to their intricate optical and mechanical
properties. This is problematic, as billions of garments are manufactured every year (a
staggering 80 billion in 2015 alone [Morl15], a number that has only increased since then).
Besides, establishing a relationship between physical parameters that are relevant to the
manufacturing process and perceptual parameters that closely align with how designers
perceive materials is a challenging task. Achieving this mapping could be instrumental in
enabling designers to modify materials according to their creative vision and e ectively
communicate their intentions to manufacturers.

Although plenty of solutions for material digitization exist, they are o en limited in terms of
accuracy, scalability, or cost. Accurately generating digital materials can be expensive and
challenging, as it requires the use of inaccessible capture devices sugbrsreflectometers

or significant manual e ort from skilled artists. These resource requirements not only lead
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to ine iciencies but also restrict the number of individuals who can benefit from material
digitization. While cost and time constraints are major obstacles to material digitization,
data-driven algorithms and low-cost devices like smartphones o er promising solutions.

O ering digital solutions to the challenges of material digitization has the potential to bring
significant benefits to various industries and society as a whole. These benefits include
more e icient manufacturing processes, reduced waste, a more dynamic economy, and more
immersive virtual experiences for art, media, and entertainment. In this thesis, we present
innovative methods that address these challenges by leveraging ideas from computer vision,
physically-based rendering, and recent advances in machine learning.

In the following sections, we provide a theoretical background of physically-based rendering
(Section 1.1), the open problems in the literature (Section 1.2), our goals (Section 1.3) con-
tributions to tackle these problems (Section 1.3.1) and a list of measurable outcomes of the
contributions of this thesis (Section 1.4).

1.1 Theoretical Background

In this section, we introduce important theoretical background, which is relevant to the
work executed in this thesisThis background is derived from a survey on deep intrinsic image
decomposition [Gar+22], which was wri en during the development of this thesis.

1.1.1 Physically-Based Rendering

If we look at any simple scene surrounding us, such as the photography in Figure 1.3, we can
find a plethora of optical interactions: indirect lighting (color bleeding), internal sca ering in
translucent objects, caustics, anisotropic and glossy reflections, etc. Far from the traditional
assumptions in intrinsic imaging of di use (lambertian) shading, direct lighting, and di use
albedo materials.

In the following, we provide an overview of the theoretical background behind the image
formation model, its derivation for non-di use materials, and the link with physically-based
and inverse rendering. For a deeper dive into any of the concepts quite briefly described
below, we recommend reading the book on physically based rendering by Pharr et al. [PJH20]
and the survey by Guarnera et al. [Gua+19].

The color and luminosity at any point of an image, the incomimgadianceis proportional
to the sum of the outgoingradiancefrom all the visible points of the scene towards the

1.1 Theoretical Background 3
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