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That he not busy being born Is busy dying.

— Bob Dylan
It’s Alright, Ma (I’m Only Bleeding)

ABSTRACT

Realistic virtual scenes are becoming increasingly prevalent in our society, with a wide range of applications 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 requirements 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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CHAPTER 1. INTRODUCTION

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

— Ada Lovelace

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 efficient 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 settings, such as computer-aided design, architecture, and fashion. We illustrate some use cases in Figure 1.1.


Figure 1.1: Renders of virtual scenes in different use cases. (a) A frame of Pixar’s Soul (2020), directed by Peter Docter. (b) A frame of The Last of Us Part II (2020), Naughty Dog. (c) Garments designed with SEDDI Author. (d) A render of Ceramic House, courtesy of Studio RAP.
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Achieving photo-realism in virtual scenes requires accurate and efficient 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 often requires a significant amount of manual labor from skilled artists, as well as substantial computational resources. One of the key bottlenecks 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, 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 efficient representations that can capture all the variations required to render the real world in a visually compelling way.


Figure 1.2: Examples of real-world materials and textures.
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Furthermore, several design and manufacturing processes involve the manual design of materials, the outcome of which remains uncertain until different 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 of CO2 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 [Mor15], 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 effectively communicate their intentions to manufacturers.

Although plenty of solutions for material digitization exist, they are often 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 such as gonioreflectometers, or significant manual effort from skilled artists. These resource requirements not only lead to inefficiencies 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 offer promising solutions.

Offering 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 efficient 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) contributions 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 thesis. This background is derived from a survey on deep intrinsic image decomposition [Gar+22], which was written 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 scattering in translucent objects, caustics, anisotropic and glossy reflections, etc. Far from the traditional assumptions in intrinsic imaging of diffuse (lambertian) shading, direct lighting, and diffuse albedo materials.


Figure 1.3: Example of light transport and material interactions. Secondary bounces of light produce reflection caustics (chrome pen) and color bleeding from the green book. The wax candle exhibits multiple internal (subsurface) scattering of photons. The yellow silk fabric of the book cover shows specular anisotropic reflections due to yarn orientation. Figure from [Gar+22].
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In the following, we provide an overview of the theoretical background behind the image formation model, its derivation for non-diffuse 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 incoming irradiance, is proportional to the sum of the outgoing radiance from all the visible points of the scene towards the camera sensor at the corresponding pixel, I, resulting from multiple interactions between light and matter in the scene. Naturally, this is a simplification: even if we consider the camera lenses and color filters as part of the scene, the interaction of irradiance and the sensor point affects the result, and both electronic and film cameras have specific additional image formation steps which can be simulated. In physically-based rendering, the general approach to compute this value is to use Monte Carlo estimators of the pixel and shading integral [Kaj86], which has the general form of:

I=∫χf(x,Θ)dx                  (1.1)

where f is a function that defines the radiance towards pixel I and is defined on a domain χ, generally a unit sphere, or the set of all the surfaces (A) in the scene, and depends on the scene parameters Θ, which might include the definition of the geometry (normals, z-depth, vertices), material (albedo, BRDF), or illumination sources ś far-field environment lighting, or 3D light emitters (point, area, objects).

The value of I is defined for a given λ, which is the spectral band of the camera sensor. We could define it for as many bands as desired (including non-visible ones) but in practice, the majority of camera sensors mimic the human visual system and are commonly three-band: λ∈{R,G,B}. In subsequent rendering equations, we will simplify the notation by assuming a single-band, and omitting the term λ.

Equation 1.1 is an integral of integrals (see Figure 1.4): to account for all the light arriving at a surface point p1 to a sensor pixel at p0, we have to estimate all the contributions of light from all the surfaces of the scene, recursively tracing paths bouncing in surfaces (p2,p3…pn) until we reach the light emitted by a source Le(pn→pn−1). This is referred as the Light Transport Equation (LTE) in rendering and it is another way of seeing the equation 1.1. To compute the radiance reaching the pixel I, that is from p1 to p0 in Figure 1.4, we would need to solve:

L(p1→p0)=∑k=1∞P(p¯k)                  (1.2)

with p¯k being the radiance scattered over a path p¯k with n + 1 vertices (p0,p1,p2,p3…pn) and computed as:

P(p¯k)=∫A∫A…∫A⏟n−1Le(pn→pn−1)T(p¯k)dA(p2)…dA(pn)                  (1.3)

We can integrate over solid angles in the unit sphere, or surfaces (A) of the scene, being dA(pi) the differential area at point pi. Note the term T(p¯k), named throughput of the path: the fraction of radiance from the light source that arrives at the camera after all of the scattering at vertices between them. The total transmitted energy will be reduced at each interaction event, as some wavelengths (colors) are absorbed or scattered away from the observer. This is a common trade-off decision in many Monte Carlo rendering engines; longer paths per sample are costly to compute, while contributing less and less energy with each additional vertex, but in some scenes, they might be very relevant to reduce variance (noise) and converge with fewer samples to an accurate image.


Figure 1.4: Example of light transport, connecting a light source p3 to a pixel I at p0. Multiple paths like this one will need to be explored to provide a good statistical estimate of the radiance from p1 to p0. Figure from [Gar+22].
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If there are interactions with non-opaque materials (human skin, cloth, marble) or participating media, such as liquids or smoke, we have to integrate volumetric scattering interactions of photons along the path between the light sources and the camera sensor pixel, requiring a more complex mathematical model such as the Radiative Transport Equation (RTE).

1.1.2 Geometry

If we take a look at Figure 1.4, we can observe that materials are distributed on discrete 3D objects: the table and the cup, and even the light source if we consider it as an emissive material. We can assume that one of the most important Θ parameters is geometry, usually in the form of 3D vertices and edges, normals (N), or depth maps (D). Please note that, in contrast to a a full 3D mesh, a single camera-view depth image (a.k.a. Z-buffer) is an incomplete definition because the non-visible surfaces are undefined, and the reflected light paths cannot be traced behind the visible objects. For example, Nimier et al.[Nim+19] require multiple views of a smoke volume in order to reconstruct its 3D density distribution by inverse rendering.

There are additional ways of defining this geometry, such as implicit surfaces, but the material distribution is more complex when there are no clear surface boundaries. That is the case of heterogeneous participating materials: human skin, airlight, mixed liquids, smoke, etc., where light transport between two points has to be in turn evaluated along the path to account for all the possible scattering effects. For instance, imagine a small cloud of vapor between points p1 and p2 in Figure 1.4, at each infinitesimal step along the path between those points, there will be a possibility of absorption (collision with a water particle) that will reduce the energy, but there is also a possibility of receiving incoming energy (not emitted by p2), as the cloud itself is receiving direct illumination from the light source and multiple scattering events distribute the light across its volume.

In order to compute the rendering equation in volumetric media, a distribution of parameters is required at any point of the space, not only on the 3D surfaces. The usual representations include solid 3D implicit functions (for instance 3D Perlin noise, used in cloud procedural generation), meshes and distance fields, or discrete volumetric grids which store the scattering probability function at any point of the space (also known as phase function) by means of voxels.

1.1.3 Materials

Each time the light interacts with a material, there is a loss of energy and a transformation of the original wavelength reflected towards the observed direction. In rendering, the result depends on the intrinsic material response for those two angles: incident light and viewing direction (e.g.: the camera, or another element of the scene). For surfaces, this response is modeled with a Bidirectional Reflectance Distribution Function (BRDF) fr(x,ωi,ωo) which yields at each particular 3D surface point x, and for each incident direction ωi, the fraction of reflected radiance observed from a direction ωo.

The total reflected radiance L at any point x can be obtained by integrating with Equation 1.4 over the positive hemisphere Ω+, to sample the whole incident light attenuated by the cosine term (dot product between the incident light direction Li and the normal of the surface) [Kaj86]:

L(x,ωo)=∫Ω+fr(x,ωi,ωo)Li(x,ωi)(ωi⋅N)dωi                  (1.4)

Note that by integrating the computed radiance L(x,ωo) of the points sampled from p0 at the camera sensor (x=p1,ωo=p1−p0, see Figure 1.4), we are obtaining the irradiance at the sensor and the corresponding image pixel values (I in equation 1.1). Naturally, even the pixels themselves can be sampled several times and integrated over the camera sensor with another Monte Carlo estimator to minimize aliasing effects.

The BRDF can be extended with a Bidirectional Transmittance Distribution Function (BTDF) to conform a full Bidirectional Scattering Function (BSDF), defined in the full sphere Ω. The model can be further extended to account for Surface Scattering phenomena (BSSDF).

These functions have a minimum of four dimensions (input-output pair directions in polar coordinates) and usually three RGB values as output. It is thus technically possible to choose a discrete set of (ωi,ωo) orientations and create a lookup table to interpolate the response of the material, which is captured with multiple light and camera positions (e.g.with a gonioreflectometer). Storage becomes a major drawback for tabulated data, which can only be reduced through a significant reduction of quality. Moreover, we are considering only homogeneous surface materials, which is not often the case in actual scenes (e.g., a printed paper). Those spatially-varying values (SVBRDF) can be stored in a stack of textures; or a Bidirectional Distribution Texture Function (BTF), increasing the dimensions and size of the table.

Beyond direct compression techniques, the most successful approach in graphics has been the use of analytic N-dimensional functions to approximate the reflectance and scattering distributions. The simplest of them, Lambertian diffuse, and Phong specular shading are also well known in the computer vision community. These functions leverage symmetry (isotropy) to model the material with a few parameters. For instance, a Lambertian material only requires knowing the intrinsic albedo, a sort of base color, while the Phong model requires three additional parameters for the specular component (e.g., shininess).

In the following subsections, we review the most common and simple material assumptions used in recent papers, finalizing with the most sophisticated inverse material models which are starting to be studied in computer graphics.

Lambertian Assumption

The Lambertian assumption is the most common material reflectance simplification used to tackle the problem of intrinsic image decomposition. It consists of assuming that the BRDF of a surface is constant in all directions (diffuse) and, consequently, the observed light radiance does not depend on the viewpoint. Therefore, we can omit ωo in the surface reflectance model fr used in Equation 1.4. If the surface is diffuse, then fr(ωi)=ρd2π, with ρd denoting the diffuse albedo: the constant ratio of incident light which is reflected in any direction, independently of the viewpoint ωo. The image pixel value I is then given by:

I=ρdπ⏟A∫Ω+Li(ωi)(ωi⋅N)dωi⏟S                  (1.5)

The intrinsic model then can be defined as,

I=A⋅S                  (1.6)

where S contains all the shading variations due to the geometry of the local surface w.r.t. light direction. In some cases, the shading image should contain contributions of all the lights in the scene (S1 + S2 + ... + S), which for discrete directional lights, can be deterministically estimated with a linear summation:

S=∑1KLi(ωi)(ωi⋅N)                  (1.7)

In the case of a more realistic illumination representation, such as environment lighting, or indirect light, the shading computation requires sampling the whole hemisphere Ω+, often recursively sampling other surfaces to approximate the integral of the incoming light. The shading component S within Equation 1.5 in the integral form, is difficult to compute and not so easily invertible and differentiable, so until recently, most intrinsic decomposition methods assumed the simpler formula described in Equations 1.6 and 1.7. Note that the illumination visibility is not considered in most cases (E.g.: cast shadows).

Non-Lambertian Assumption

There are two possible sources producing a Lambertian shading, either a surface which has an extremely rough micro-geometry, and thus reflects light equally in multiple random directions at any differential patch of the surface, or a very diffuse light source, coming from any direction with equal intensity (e.g., a foggy day). Both scenarios can be combined (Equation 1.4): the shiniest object on a foggy day will look quite diffuse, while even the most diffuse materials tend to project specular reflections under focused lighting from certain view angles. However, the majority of materials in the world are not Lambertian: even the most diffuse surface will exhibit Fresnel reflections when observed at grazing angles. Therefore, most surfaces will show the view-dependent effects that are classified as specular reflections. This separation between specular and Lambertian is rather pragmatic, but arbitrary, as even a simple microfacet model (shown in Figure 1.5) requires multiple analytic 3D lobes to approximate the 3D reflectance response for an infinitesimal incoming light ray (ωi)). The term specular is usually applied to narrow lobes with high probability of scattering radiance, producing high luminance values at pixels (highlights). This family of materials are of the general form:

L(ωo)=∫Ω+fr(ωi,ωo)(ωi⋅N)⏟fNLLi(ωi)dωi                  (1.8)

fNL(ωi,ωo,N)=fd(ωi,N)+fs(ωi,ωo,N)                  (1.9)

where fNL is a non-lambertian BRDF composed by two components: fd, a diffuse isotropic lobe, and fs, a specular lobe which depends on the camera viewpoint ωo.


Figure 1.5: 2D depiction of a physically-principled BSDF theorical model. In most standard representations, the continuous reflectance 4D function is discretized into a combination of analytic lobes (Cosine, GGX) which can be easily computed sampled. Note that subsurface scattering (photons traveling through the medium) is not composed by multiple lobes. They are depicted for descriptive purposes, but it is rather approximated by a constant value or a diffusion profile, if not explicitly computed by simulating multiple scattering events with path tracing or photon mapping. Figure from [Gar+22].
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Dichromatic Reflection Model This particular Non-Lambertian model [MFS08; Tom94] separates the object in two reflection components (Sd, Ss), but considers that the specular component Ss might have a color αs which could differ from the color of the reflected light:

L(ωo)=αd∫Ω+fd(ωi,N)Li(ωi)dωi⏟Sd                  (1.10)

+αs∫Ω+fs(ωi,ωo,N)Li(ωi)dωi⏟Ss                  (1.11)

I=αdSd+αsSs                  (1.12)

This is the case of metallic materials which, unlike dielectric ones, will show specular reflections with a change in wavelength. Some additional effects such as colored interreflections might be also captured in all layers.

Phong and Blinn-Phong. The dichromatic model can be extended with one of the most adopted analytic approximations, either Phong (fNLP) or Blinn-Phong (fNLP), which could be estimated with Monte Carlo integration and arbitrary lighting, or analytically computed with directional light sources:

fNLP(ωi,ωo,N)=αd(ωi⋅N)+αs(h⋅N)k                  (1.13)

fNLBP(ωi,ωo,N)=αs(ωi⋅N)+αs(r⋅v)k                  (1.14)

where αd and αs are the colors of the diffuse and the specular reflections, the halfway vector h=ωi+ωo‖ωi+ωo‖ depends on the light direction wi and the view direction wo. The size of the specular lobe is determined by the scalar term k ∈ ℝ.

Beyond Dichromatic Models: Physically-based Materials

Naturally, the breadth of materials that can be synthesized with the previous models is very limited and not quite realistic in most cases. The advent of physically-based materials has introduced many variations [Hil+15] of the original microfacets models [TS67], which assume that a surface is composed of many very tiny facets that reflect light perfectly. By controlling the statistical distribution of their orientations, the roughness of the surface varies from mirror-like to almost diffuse. Additional optical properties are introduced in these models: Fresnel view-dependent reflectivity, multiple specular lobes, metalness (conductive materials such as gold, change the color of the highlights), multiple reflection and refraction lobes, etc.

The separation of the lobes described in the multi-lobed physically-based model shown in Figure 1.5 is not arbitrary, grouping reflections and refractions which share the same orientation and energy level. For instance, the main diffuse lobe is grouping multiple different orientations which are not view-dependent and share the same intensity and color. If it covers the full hemisphere with a cosine-like ratio, it is often referred as Lambertian. Likewise, the specular transmitted lobe is grouping a view-dependent peak that the observer would only see when the translucent surface is between the light source and the camera. Even if it is often called a single scatter lobe, likely multiple internal scattering bounces of light are also included in this group.

1.1.4 Illumination

The illumination is a significant contributor to the shading term (S) in most decompositions. From a rendering perspective, as shown in Equation 1.15, the computation of the pixel radiance, L, requires considering both the emitters Le and the irradiance: the integral of all the incoming lighting at the observed point. This incoming illumination is often neglected, considering only point light or directional analytic emitters, which simplify the shading computation by removing Li from the integral. If fr is also assumed to be Lambertian, only the form factor given by the cosine of the surface normal, and the light direction remains.

L(x,ωo)=Le(x,ωo)+∫Ω+fr(x,ωi,ωo)Li(x,ωi)max(ωi⋅N,0)dωi                  (1.15)

In actual scenes, the incoming lighting is a combination of emitted or reflected illumination from distant objects (far field) and local surfaces close to the observed area (near field). The former is usually approximated in computer graphics with environment lighting, often based in High-Dynamic-Range (HDR) images mapped into an infinite sphere or cube surrounding the scene, while the latter can be derived from the far field illumination, by simulating the local secondary light bounces. If the geometry does not change, an environment map can be stored at multiple scene locations and distances, to include near field effects more accurately (Spatially Varying Environment Maps), although at a great memory cost, and only for static scenes.

To reduce the sampling and size of environment maps and simplify the computation, Ramamoorthi and Hanrahan [RH01a] proposed their compression with Spherical Harmonics (SH), a set of orthonormal basis functions defined on the spherical domain (elevation θ and azimuth ϕ angles). Thus the equation 1.16 describes the irradiance E as the sum of bases weighted by the cosine decay term Aθ and the illumination coefficient Lθ,. By changing the representation of the bases Y^ to polynomial coordinates of a unit normal n=(x,y,z)T, this becomes an efficient vector dot product operation (Equation 1.17). With the required modifications, this strategy is feasible with other orthogonal basis functions on the sphere.

E(θ,ϕ)=∑l,mA^lLl,mYl,m(θ,ϕ)                  (1.16)

E=Y^TL                  (1.17)

E=TTL                  (1.18)

If we want to account for near field occlusion and interreflection, it is possible to precompute those local interactions, because they depend on the object geometry and materials, and not on far field illumination. This family of techniques is known as precomputed radiance transfer (PRT) [SKS02]: they precompute multiple events of light transport (see Figure 1.4) into the T term in Equation 1.18 with Monte Carlo pathtracing. In this fashion, each pixel will have secondary light bounces stored in a light transport map. If only the visibility term V (wi) is considered for, the method will be storing the ambient occlusion shadows, but not colored interreflections.

In Figure 1.6, we can see a pyramid of spherical harmonics bases Yθ, with different coefficients. It is important to know that, although usually nine bases are considered enough to account for 99% of the far-field irradiance at diffuse surfaces, this percentage is significantly smaller in glossy surfaces (requiring many more coefficients). Moreover, a small number of coefficients will never account for high frequency effects, such as cast shadows from high-frequency light sources (E.g: a point light representing the sun), even producing ringing artifacts if we try to increase the accuracy by adding more bases. There are other popular basis in rendering such as Haar Wavelets or Spherical Gaussians (SG) [Wan+09], which also have very interesting properties.


Figure 1.6: Example of spatially varying illumination encoding with Spherical Harmonics (SH). The incoming lighting can be computed globally for the whole scene (far field), or locally, at multiple points (near field) as we show for the two samples near each colored wall. If we project the irradiance (top row) into an SH basis we obtain a diffuse low-frequency representation (examples in bottom row). Figure from [Gar+22].
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1.2 Open Problems

In this section, we aim to address the challenges inherent in creating precise and efficient virtual representations of materials and scene radiance. We begin by discussing the current difficulties in acquiring and editing high-quality digital materials that are suitable for photo-realistic physically based rendering. Specifically, we will explore the challenges associated with tileable texture synthesis and image-based material propagation.

We then turn our attention to the major roadblocks that hinder low-cost digitization of the mechanical and optical parameters of real-world materials. We will examine the various obstacles to overcome when attempting to accurately capture and reproduce the physical characteristics of materials in a virtual environment, using scalable and affordable pipelines.

Lastly, we will review the limitations of current research on radiance encoding using neural networks, with a particular focus on representing material reflectance and scene illumination. By identifying these challenges, we hope to provide insight into the current state-of-the-art in material and radiance modeling for physically based rendering.

Digital Material Generation

Accurate and high resolution material reflectance digitization is a crucial problem for generating compelling and realistic virtual environments. As we have mentioned in Section 1.1.3, this digitization process is typically done using a gonioreflectometer, a highly complex machine designed to measure the photometric response of a material using light sources and cameras placed at different positions around the hemisphere. Existing devices for measuring material appearance in spatially-varying samples are limited to a single scale, either micro or mesoscopic. This is a practical limitation when the material has a complex multi-scale structure, like is common on many real-world materials. In many materials, accurately measuring their spatially-varying reflectance requires high resolution microscopic images. For example, the optical behavior of textiles is very dependent on small fibers or their yarn twist [CLA19]. Moreover, many materials also show large-scale mesoscopic variations, like prints, plaid, or tartan patterns, which cannot be captured using microscopic photographs. Further, many of such devices cannot capture important optical properties, like the material transmittance, which is key for the realistic rendering of objects like foliage or fabrics. There are no available capture devices or algorithms for accurate and high resolution SVBSDF digitization of heterogeneous materials. In order to introduce such materials, which are very common in many industries like fashion, textile, or leather manufacturing, into rendering pipelines, these machines need to be created and accurate algorithms need to be developed to handle the data they capture. Finally, such a device may serve as a ground truth data generation source of training models that operate on more limited data scenarios, like in single image digitization


Figure 1.7: Schemes and photos of SEDDI’s optical device, which can capture highly accurate and detailed SVBSDFs. (a) Schema of a cross-section of the hemisphere including micro camera and one polar camera. (b) (Top) Schema of the collimated LED design to account for the polarizer and collimating lens; (Bottom) Schema of the main holder and backlight support. (c) Microscopic optical setup. (d) (Top) A Polar Camera; (Bottom) Mid-distance Camera. (e) Interior of the dome with the diffuse LED strip activated. (f) Exterior of the dome and wiring. (g) Holder and exterior cover. Figure from [Gar+23].
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Tileable SVBRDFs Even if reflectance is accurately measured for a large portion of a material, in rendering settings, it is also important that the digital material is tileable. A tileable texture, also known as a seamless texture, is a texture image that can be repeated infinitely in all directions without any visible seams or discontinuities. In other words, a tileable texture is designed in a way that it seamlessly connects with identical copies of itself, which can be arranged side-by-side or stacked on top of one another to create a larger, continuous pattern without any visible repetition. This is often used in computer graphics, especially for creating textures on 3D models, or even for tiling backgrounds on websites or applications. We illustrate the importance of tileable SVBRDFs in Figure 1.8. Recent progress has been made in generating tileable textures from a single input example [Mor+17; Rod+19; Mor+20], however, these works present several shortcomings for tileable SVBRDF generation. First, they either assume a particular level of regularity, or the generated textures lose a significant amount of visual fidelity with respect to the input exemplars. Further, these methods are limited to generating a single texture map (i.e. the albedo of the material). This is problematic for tileable SVBRDF synthesis, which requires transforming every texture map in the SVBRDF into a tileable map, all while preserving pixel-wise coherence between maps. All in all, generating high-quality tileable SVBRDFs from a single input example is not currently possible with the methods proposed in previous work.


Figure 1.8: On the left, an input, unprocessed SVBRDF, which is not tileable. On the right, a tileable version of the same material. Renders generated using SEDDI’s Textura.ai.
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Material Attribute Transfer Effective material representations require understanding the properties that uniquely define them, which we refer to as visual material attributes. These attributes are spatially-varying parameters that maintain spatial coherency with respect to the material structure, while remaining invariant to changes in the scene illumination or the geometry of the underlying object. For example, they may represent optical properties of a SVBRDF, artistic stylizations or higher-level properties, as in semantic segmentation masks. Obtaining these attributes for large samples of the material is very challenging. One way to address this problem is to obtain them at a small exemplar of the material, and transferring them into larger portions of it, using a large input image which serves as guidance. Different visual attribute transfer methods have been proposed in the past, however, they are limited in their efficiency, robustness, generalization or overall performance. Ideally, such a transfer method should be robust to new material illumination conditions, camera degradations or input distortions; as well as being efficient (providing interactive transfer times even in low computational budgets), controllable and predictable, and capable of generating high resolution outputs, which are required for realistic SVBRDFs. Developing a method with these characteristics may prove useful for many downstream tasks, like efficient data generation or material digitization pipelines.

Scalable Digitization

Material Reflectance Estimation As mentioned, accurate material digitization typically requires expensive devices which take significant amounts of time and manual input to operate. One such case is the capture machine illustrated in Figure 1.7, which is presented in [Gar+23]. These provide highly realistic digital representations of material reflectance at the cost of scalability, hindering their applicability in many real world settings. For instance, many manufacturing processes, like those in the textile industry, generate a massive variety of different materials, which cannot be easily nor cheaply digitized with the required cadence that characterizes these industries. Further, the limited availability of these devices introduces additional inefficiencies and economic and ecological costs, as physical samples of the materials must be shipped from the client to the institution holding the capture device.

Data-driven material reflectance estimation from low-cost devices is a long-standing problem in the literature [AWL13; AWL15; Des+18; Hen+21; Guo+20b; VPS21]. These methods promise to provide scalable, efficient, inexpensive on-site material digitization. They typically rely on one or more flash-lit images of a material taken with a smartphone camera, and a deep learning model trained on synthetic materials, which outputs plausible estimations. However, these approaches present several drawbacks that make them unsuitable for practical digitization workflows: First, many of such methods rely on generative models which tend to produce artifacts, or use large neural networks which puts limits on the output resolution, hindering the quality of the estimated materials. Besides, smartphone flash-lit images introduce significant calibration challenges; while most existing datasets used to train these models are purely synthetic, further limiting the quality of these estimations. Moreover, many of these methods use perceptual losses for training or in test-time optimization, which, while they help digitize stochastic materials, present additional challenges for guaranteeing the repeatability and consistency required for building a digital inventory. On top of these limitations, few-shot material reflectance estimation is still an ill-posed problem, as such, many different outputs may be plausible given the same input. So far, there is no way to quantify uncertainty for this problem, which hinders the applicability of these systems in real-world scenarios, and limits their trustworthiness, efficiency, and reliability.

Fabric Mechanical Behaviour Besides material reflectance, another important component of scenes is object geometry. While many real-world objects have static shapes, which can be scanned with relatively accessible devices like the LiDAR sensor in iPhones, there are materials that change shape when external forces are applied to them, like gravity. In this sense, deformable materials require particular computational models and capture pipelines. One of the most common of such materials is fabrics, which are ubiquitous in the real world, and used in our clothing, furniture, or vehicles. For them, accurately capturing their static shape is not enough: We need to be able to simulate their behavior on new scenarios, like new garments or dynamic forces, like wind [Ber+23] or human movement [SOC22]. Furthermore, textiles are incredibly varied in their fabrication patterns (eg different weave patterns or knitted structures), compositions, and finishing, which not only determine their optical appearance [CLA19] but also their mechanical behavior, as shown in Figure 1.9. The problem of capturing fabric mechanical properties so they can be re-simulated in virtual settings has been amply studied in the literature, however, current solutions require tedious human intervention or expensive capture devices, hindering their scalability. Further, there is a lack of understanding of the perceptual similarity of fabric mechanical behavior, which creates additional challenges for designing accurate fabric mechanical parameter estimation pipelines.


Figure 1.9: Two real garments and their digital twins, for two fabrics with different mechanical behavior, as seen on their final drapes. Figure from [Rod+23b].
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Neural Radiance Encoding

Reflectance In Section 1.1.3, we have mentioned several limitations of current representations of material reflectance. In particular, Bidirectional Texture Functions (BTFs) provide dense and accurate material reflectance measurements, however, they are typically prohibitive in terms of computational and memory cost. Recent work [Rai+19; Rai+20; Kuz+21] introduce different neural compression algorithms for BTFs, achieving remarkable realism and efficiency. Neural reflectance encoding methods trained on either synthetic or measured BTFs have thus shown promising results for increased realism of rendered materials. However, existing neural material encodings are immutable, meaning that their output for a certain query of UVs, camera, and light vector is fixed once they are trained. This can become very limiting when the fragment of the material used for training is too small or not tileable, which frequently happens when the material has been scanned with a capture device. Therefore, current neural reflectance encodings, while accurate and efficient, have severe limitations in terms of editing capabilities, which hinder their applicability and usefulness in real world rendering settings.

Illumination Finally, as we mention in Section 1.1.4, there are many available approximations for representing real-world illumination in virtual scenes, including Spherical Harmonics, Spherical Gaussians, or Haar Wavelets. These, however, struggle to efficiently and accurately represent non-diffuse illumination conditions, like high-frequency light sources, as the sun or light bulbs. Recent work on neural representations of natural illumination [GES22] provides better approximations for such cases, but struggle with indoor lighting or night scenes with multiple light sources. Furthermore, these neural approximations do not provide sampling and PDF evaluation capabilities, which are essential for Monte Carlo rendering in path tracing. To the best of our knowledge, there are no lighting approximation methods that provide these sampling capabilities, while working accurately on any type of input environment map. Recent work on invertible generative models and implicit neural representations may provide a promising pathway to achieve these objectives.

1.3 Goals & Contributions

The primary objective of this thesis is to create innovative algorithms for computational representation and capture of materials and scene radiance. These are important for several reasons. These digital representations may be used in a wide variety of applications and problems, including computer graphics, video games, film production, virtual and augmented reality, or computer-aided design. They have the potential to significantly increase the visual realism and quality of the virtual environments created in these settings. Furthermore, the accuracy and efficiency of these methods directly impact the quality and computational resources required for these tasks. As such, obtaining accurate and efficient representations and digitization algorithms for materials and other scene components can help reduce the computational cost of rendering, design, capture, and modeling, which can lead to faster, more efficient, and scalable pipelines. Moreover, they may enable efficient procedural dataset creation for training models to solve downstream tasks, like dense segmentation, image or video generation, or embodied vision. Finally, besides efficiency and accuracy, additional features like differentiability or uncertainty quantification capabilities create opportunities for inverse rendering applications or active learning.

To this end, we introduce new learning-based methods to address the open problems described before. Our proposed solutions strive to achieve maximum computational and data efficiency, as well as accuracy, control and reliability. Furthermore, our algorithms are designed to be beneficial to end-users by incorporating human requirements such as perceptual components, edition, predictability, robustness, and uncertainty quantification. All of our proposed methods leverage neural networks, incorporating recent advances in implicit representations, architecture and loss function design, and training procedures. They are all fully differentiable, and may be incorporated into optimization pipelines to solve inverse rendering problems. Our solutions for radiance encoding may be seamlessly incorporated into path-tracer engines for increased render efficiency, or into neural scene representations for increased realism. Further, our high quality casual digitization methods allow for scalable and low cost material capture, which can help end users create their own realistic virtual materials, or create large datasets at a lower cost. We provide an overview of this thesis in Figure 1.10.


Figure 1.10: Overview of the structure of this thesis. We propose different algorithms to solve problems (each column) in different components (each color) of virtual scenes.

[image: Figure 1.10: Overview of the structure of this thesis. We propose different algorithms to solve problems (each column) in different components (each color) of virtual scenes.]


Our goals in this thesis tackle the aforementioned challenges in digital material generation, scalable digitization, and radiance encoding, and can be summarized as follows:



• Design new learning-based methods for predictable, controllable and high quality digital material propagation, generation, edition, and synthesis.

• Introduce novel efficient and differentiable representations for scene radiance.

• Democratize high-quality material capture by presenting new methods which are low cost, scalable, accurate, reliable, and perceptually-validated.

1.3.1 Contributions

The work developed in this thesis has led to the following contributions to achieve the goals presented above:



• A deep-learning based method for propagating spatially-varying attributes of a material to larger samples of the same or similar materials. At the core of this method is a lightweight fully-convolutional neural network trained using a photometric dataset and an extensive data augmentation policy. These contributions allow our models to generalize to new illumination, color, and geometric conditions. We show the effectiveness of our system on transferring attributes of different types, including surface normals, semantic segmentation, and artistic editions (Chapter 2).

• An extension to the previous method, for enabling a dual-scale capture system capable of digitizing a single material at high-resolution and accuracy levels. To do so, we extend the method presented in Chapter 2 for allowing to transfer multiple property maps at the same time, and with a higher degree of accuracy (Chapter 2.C).

• A generative model capable of creating tileable textures using a single image as input. By leveraging state-of-the-art generative adversarial networks (GANs) for texture synthesis, a novel latent space manipulation algorithm, and using the discriminator as a quality metric, our proposed model can generate tileable textures of higher perceptual quality, and at a lower cost than previous work. Further, we propose an extension for generating tileable SVBRDFs from a single input, and show the effectiveness of our method across textures of different levels of regularity. (Chapter 3).

• A neural field representation capable of BTF encoding and transfer. Building upon previous work on neural material representations, we propose a lightweight latent representation that can be decoded by an implicit neural network into per-texel reflectance values. This latent representation is estimated by an autoencoder-like network, which can be used to propagate BTF values to novel structures, allowing for neural material edition and transfer, and providing new capabilities for these types of representations. (Chapter 4).

• A novel single-image capture system capable of generating high-resolution SVBRDFs of materials captured from commodity scanners. Leveraging a custom-built dataset and a novel attention-enhanced image-to-image translation generative model trained with a variety of loss functions, our model provides artifact-free, highly accurate digitizations, using solely microgeometry patterns as cues. We further propose the first uncertainty quantification algorithm for SVBRDF estimation methods, building upon Bayesian deep learning approximations using Monte Carlo dropout during test time, and perceptual BRDF metrics. We show the effectiveness of our uncertainty metric for predicting digitization error at test time and for an active learning experiment which shows that uncertainty sampling helps build more data-efficient capture systems. (Chapter 5). We illustrate the capabilities introduced by this model in Figure 1.11.

• A learning-based system for digitizing mechanical properties of fabrics using a casual capture setup and a commodity depth camera. Training solely on synthetic data and leveraging an attention-enhanced multi-image neural network, transfer learning, and an extensive data augmentation policy, our proposed method can accurately estimate mechanical properties of fabric samples, without the need for expensive capture equipment. Further, we propose a novel image-based perceptual metric to measure mechanical similarity between fabrics, which we validate with a user study. (Chapter 6).

• A novel neural method for environment maps, which provides an efficient global illumination representation. At the core of our method lie two neural networks: a normalizing flow, capable of learning the pdf of an input environment map, and to efficiently sample directions from it; and a implicit neural network with sinusoidal activations capable of mapping from directions to linear RGB radiance values. We show the effectiveness of our method on Multiple Importance Sampling applications in rendering, obtaining accurate illumination at a significantly lower cost than traditional methods; as well as better quality environment maps than previous work on illumination representations. (Chapter 7).

• A comprehensive study of the capabilities and limitations of deep neural networks for intrinsic image decomposition. With a careful review of previous work, approaches, assumptions, datasets, losses, and neural network architectures, we provide a new categorization of these works. We further propose future research directions, building upon recent work on differentiable and inverse rendering and advances In machine learning systems. This contribution has been published in [Gar+22], a part of it is used in Section 1.1.




Figure 1.11: An illustration of the material digitization process enabled by some methods presented in this thesis. We show a picture of a user casually scanning a piece of fabric (left), the estimated SVBRDF for that material (middle), and a digital render of this SVBRDF (right). Assets generated using SEDDI Textura.ai.
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Each of these contributions has been developed in collaboration with other researchers and engineers, many of whom are listed as authors of the publications listed below. However, most of this thesis would not have been possible without the outstanding work of the whole team at SEDDI, which has played roles in important tasks, including administrative work, dataset creation, financial support, help with software and infrastructure, as well as valuable scientific discussions. My individual contributions to each project can be inferred from my relative position in the author list.

1.4 Measurable Outcomes

1.4.1 Publications & Patents

Peer Reviewed Publications

The contributions in this thesis have led to the following publications, listed in chronological order:



• “Neural Photometry-guided Visual Attribute Transfer”

Carlos Rodriguez-Pardo, Elena Garces; IEEE Transactions on Visualization and Computer Graphics (TVCG), 2021 [RG21].

This journal has an impact factor of 5.226, and its position in the JCR index is 13 out of 110 (Q1) in the category Computer Science, Software Engineering (data from 2021).

• “A Survey on Intrinsic Images: Delving Deep into Lambert and Beyond”

Elena Garces, Carlos Rodriguez-Pardo, Dan Casas, Jorge Lopez-Moreno; International Journal in Computer Vision (IJCV), 2022 [Gar+22].

This journal has an impact factor of 13.369, and its position in the JCR index is 10 out of 145 (Q1) in the category Computer Science, Artificial Intelligence (data from 2021).

• “SeamlessGAN: Self-Supervised Synthesis of Tileable Texture Maps”

Carlos Rodriguez-Pardo, Elena Garces; IEEE Transactions on Visualization and Computer Graphics (TVCG), 2022 [RG22].

This journal has an impact factor of 5.226, and its position in the JCR index is 13 out of 110 (Q1) in the category Computer Science, Software Engineering (data from 2021)

• “How Will It Drape Like? Capturing Fabric Mechanics From Depth Images”

Carlos Rodriguez-Pardo, Melania Prieto-Martin, Dan Casas, Elena Garces; Computer Graphics Forum (Proceedings of Eurographics 2023) [Rod+23b].

This journal has an impact factor of 2.363, and its position in the JCR index is 53 out of 110 (Q2) in the category Computer Science, Software Engineering (data from 2021).

• "UMat: Uncertainty-Aware Single Image High Resolution Material Capture"

Carlos Rodriguez-Pardo, Henar Dominguez, David Pascual, Elena Garces; Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2023 [Rod+23a].

This conference is the highest impact venue in computer science according to Google Scholar, and is rated as a CORE A++ conference (data from 2021).

• “Towards Material Digitization with a Dual-scale Optical System”

Elena Garces, Victor Arellano, Carlos Rodriguez-Pardo, David Pascual, Sergio Suja, Jorge Lopez-Moreno; ACM Transactions on Graphics (Proceedings of SIGGRAPH), 2023 [Gar+23]. This journal has an impact factor of 7.403, and its position in the JCR index is 9 out of 110 (Q1) in the category Computer Science, Software Engineering (data from 2021).

• “NeuBTF: Neural Fields for BTF Encoding and Transfer”

Carlos Rodriguez-Pardo, Konstantinos Kazatzis, Jorge Lopez-Moreno, Elena Garces; 2023

This paper is currently under peer review.

• “NEnv: Neural Environment Maps for Global Illumination”

Carlos Rodriguez-Pardo, Javier Fabre, Elena Garces, Jorge Lopez-Moreno; 2023

This paper is currently under peer review.

Patents

Some of the work developed during my PhD has resulted in two patent applications:

• “Generation of macro-scale material property maps from images and micro-scale properties”

Carlos Rodriguez-Pardo, Elena Garces; (SEDDI 2020, Filed Patent Status)

• “Neural synthesis of tileable textures”

Carlos Rodriguez-Pardo, Elena Garces; (SEDDI 2020, Filed Patent Status)

1.4.2 Awards & Other Merits

We include here a list of awards and other merits received throughout the development of this thesis.

• Top Reviewer recognition at the 2022 Conference on Neural Information Processing Systems (NeurIPS).

•  Outstanding Reviewer recognition at the 2022 European Conference on Computer Vision (ECCV).

• Our work on Neural Visual Attribute Transfer [RG21] (Chapter 2) was invited to the ACM SIGGRAPH Symposium on Interactive 3D Graphics and Games.

• Our work on Generative Models for Tileable Texture Synthesis [RG22] (Chapter 3) was presented at Machine Learning Tokyo as an invited talk, and as a poster presentation at the AI for Content Creation Workshop (AI4CC) at CVPR 2022.

1.4.3 Student Supervision

During the development of this thesis, I have co-supervised the bachelor’s final thesis of four computer science students:



• “Multimodal Exploration of Textile Databases Based on Perceptual Parameters”

María Pilar Alcarria Peinado, 2021. Final grade: 94/100

• “A Fashion Recommender System Based on Multimodal Attributes”

Gonzalo Llosa, 2023. (Ongoing)

• “Image Generative Models for Garment Design”

Alfonso Chiclana, 2023. (Ongoing)

• “Web Interfaces for the Exploration of Text-to-Image Generative Models”

Carlos Cepeda, 2023. (Ongoing)

1.4.4 Teaching, Talks, and Seminars

During the first half of 2023, I worked as an adjunct lecturer at Universidad Carlos III in Madrid, where I taught and led a mandatory graduate course on Intelligent Data Analysis, at the MSc in Computer Engineering.

Throughout my Ph.D., I had the opportunity to disseminate my work across different formal and informal events. I presented some of the work in this Ph.D. thesis on different venues, including:



• ACM SIGGRAPH Symposium on Interactive 3D Graphics and Games (I3D), 2022: I had the chance to present the work in Chapter 2 on propagating spatially-varying attributes of materials, as an invited talk of our TVCG paper.

• Machine Learning Tokyo init, May 2022: I presented the work in Chapter 3 on tileable texture synthesis as an invited seminar.

• AI4CC workshop at CVPR, June 2022; & ELLIS Doctoral Consortium, September 2022: I presented the work in Chapter 3 on tileable texture synthesis as poster presentations.

• EUROGRAPHICS, May 2023: We will present the work in Chapter 6 on casual and perceptually-validate mechanical parameter capture of fabrics.

• CVPR, June 2023: We will present the work in Chapter 5 on uncertainty-aware high resolution SVBRDF digitization.

1.4.5 Reviewing Activity

During the development of this thesis, I have served as a reviewer at multiple conferences, workshops, and journals on computer vision and machine learning:



• British Machine Vision Conference (BMVC): 2020

• European Conference on Computer Vision (ECCV): 2022, Outstanding Reviewer

• IEEE Conference on Computer Vision and Pattern Recognition (CVPR): 2020, 2022, 2023

• IEEE International Conference on Computer Vision (ICCV): 2021, 2023

• International Conference on Learning Representations (ICLR): 2022

• International Conference on Machine Learning (ICML): 2023

• LatinX in Computer Vision Research Workshop: 2023

• Neural Information Processing Systems (NeurIPS): 2022 Top Reviewer, 2023

• The Visual Computer Journal (TVCJ): 2020-2022

• Women in Computer Vision Workshop (WiCV) : 2022, 2023

1.4.6 Industrial Research Projects and Commercial Products

This thesis has been developed within an industrial Ph.D. in SEDDI, a startup based in Madrid, Spain, which has the goal of providing deep tech solutions to the textile and fashion industries. A significant part of the work presented in this thesis is part of commercially-available products and industry research projects. Notably, some of the algorithms (or variations thereof) presented in Chapters 2, 2.C and 5 are part of Textura.ai, an AI-powered commercially available material digitization product. Further, the drape similarity metric presented in Chapter 6 has also been a part of a project developed for a textile manufacturer.

CHAPTER 2. VISUAL ATTRIBUTE TRANSFER WITH PHOTOMETRY-GUIDED NEURAL NETWORKS


Figure 2.1: Illustration of the capabilities of our attribute transfer framework. On the left, we show a subset of our photometric dataset, comprised of several images of a material captured with different illumination conditions. On their right, two visual attributes: surface normals and segmentation maps. Using a larger image of the same or similar materials as guidance, our method can propagate the visual attributes, achieving high resolution, robust and controllable transfers at small computational cost.
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This chapter presents a deep learning-based method capable of propagating spatially-varying visual attributes of a material (e.g. texture maps or stylizations) to larger samples of the same or similar materials. By leveraging the material’s photometric response and a comprehensive data augmentation policy, we make the transfer robust to novel illumination conditions and affine deformations of the underlying surface. Our model relies on a supervised image-to-image translation framework and is agnostic to the transferred visual domain; we showcase a semantic segmentation, a normal map, and a stylization. Following an image analogies approach, the method only requires the training data to contain the same visual structures as the input guidance. Our approach works at interactive rates, making it suitable for material edit applications. We thoroughly evaluate our learning methodology in a controlled setup providing quantitative measures of performance. Last, we demonstrate that training the model on a single material is enough to generalize to materials of the same type without the need for massive datasets. The contributions presented in this chapter have led to the following publication1, which was also presented at the 2022 ACM SIGGRAPH Symposium on Interactive 3D Graphics and Games (I3D 2022) as an invited talk:


[image: ]


“Neural Photometry-guided Visual Attribute Transfer”
Carlos Rodriguez-Pardo, Elena Garces
IEEE Transactions on Visualization and Computer Graphics (TVCG)
(2021)

2.1 Introduction


Figure 2.2: The input exemplars on the left-bottom are transferred to the input guidances (second column) using images of the material taken under multiple illuminations (photometric input) as training data. Using this data for training, Texler et al. [Tex+20b] fail to generalize to geometric distortions and illumination conditions not present in the training set.
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The development of effective and editable material models is becoming increasingly important so that users of virtual prototyping, video-games or AR/VR applications can have compelling and realistic experiences. For instance, allowing for the creation of virtual environments that surpass the uncanny valley, or empowering artists to create breathtaking visual settings. Effective material representations require understanding the properties that uniquely define them, which we refer to as visual material attributes. These attributes are spatially-varying parameters that maintain spatial coherency with respect to the material structure while remaining invariant to changes in the scene illumination or the geometry of the underlying object. For example, they may represent optical properties of a microfacet spatially-varying BRDF (albedo, normals, roughness, anisotropy, etc.), but also artistic stylizations or higher-level properties, as in semantic segmentation masks. The former can be obtained with specific optical capture devices and estimation methods, either using machine learning [Mer+19] or classic optimization methods [Ste+14]. The latter may require time-consuming human labor.

Obtaining these attributes for large material samples can be problematic in certain situations. For instance, measuring high-resolution surface normals of large material samples or generating densely annotated segmentation masks, require either unfeasibly large capturing setups or expensive manual input. A common strategy to handle these cases consists of propagating these attributes using a larger image of the same material used as guidance image. This problem has been formulated within the context of image analogies [Her+01]. Propagating, or transferring, these properties requires preserving the local spatial regularities of the material, as well as adapting to the global variations of the guidance image, which is a highly challenging problem.

Previous work has used PatchMatch-based synthesis [Mel+12], look-up-tables [RPG16], or neural networks [Maz+19] by looking for repetitive patterns, match color statistics, or image gradients. These methods are however prohibitive due to their runtime performance, taking hours. Image analogies methods have been extended so as to leverage the power of convolutional neural networks as image descriptors [Lia+17; Ben+21], but those methods do not yield predictable outputs, and their computational complexity yields them impractical in interactive applications. Recently, neural networks have proven successful for the task of video stylization [Tex+20b], where the user needs to provide a few input editing exemplars which are propagated at interactive rates to the rest of the video. We show that this approach lacks the generalization power to work with images taken under unseen resolutions and geometric or illumination conditions.

In this chapter, we propose a novel learning-based method to propagate any visual material attribute śestimated locally for a materialś to larger samples of it. We train a neural network per material using image-to-image translation methods, making use of a policy of data augmentation that makes the transfer invariant to affine transformations (scale, rotations and shears). As opposed to other methods which blindly apply data augmentation strategies, our method is robustly evaluated using a real dataset to guarantee predictability in the estimations. Further, illumination invariance is obtained by feeding the network with multiple images of the material taken under a diverse set of illuminations. Our models can be trained in less than a minute and generalize to materials with the same microestructure.

In summary, we present the following contributions:



• The first method to use photometric data to train an image-to-image translation model capable of propagating any kind of visual material attribute to larger samples of the material, regardless of the illumination conditions of the input image.

• A data augmentation policy, thoroughly evaluated with a real dataset, designed to make the transfer invariant to affine deformations.

• Exhaustive comparisons with related work, demonstrating that we can achieve more predictable and higher-quality mappings with a fraction of the computational cost.

• We show that our trained models generalize to materials with similar microstructure as the ones used for training.

• On Section 2.C, we show an extension on this method for High Resolution SVBRDF capture, which is part of a publication accepted to SIGGRAPH 2023.

2.2 Related Work

Several computer graphics and vision problems are closely related to our method. The most similar ones are those related to any form of by-example visual attribute transfer (e.g color, texture, style, or geometry). Besides, we also review material estimation and capture methods.

2.2.1 Visual Attribute Transfer

Visual attribute transfer refers to the problem of transferring some visual attributes (e.g. color, style, texture, or geometry) of one or many exemplars to another exemplar while preserving its content.

This problem can be formulated within the context of Image Analogies [Her+01], in which the goal is to stylize a target un-stylized image B, given a pair of images A (un-stylized) and A’ (stylized). The most common approach to tackle this problem has been via patch-based texture synthesis [Bén+13; Bar+15; Jam+19]. More recent approaches have leveraged the capabilities of deep latent spaces within convolutional neural networks to disentangle style from content [Ree+15]. A seminal work by Gatys et al.[GEB15b] utilizes a VGG-19 convolu-tional neural network [SZ15] pre-trained on ImageNet [Den+09] as a feature descriptor for images, in which style and content are associated with different layers of the network, and transferred by gradient descent optimization. Their work on style transfer has been extended for single images [HB17; Li+17b; JAF16; Che+17b] and video [Che+17a], as well as for developing image-space distance metrics which resemble human perception [Zha+18]. A shared limitation of many of these methods is their narrow capabilities to provide predictable edits, and considerable focus nowadays is put towards this end [Gat+17; Gu+18]. A comprehensive review on the topic of neural style transfer is provided by Jing et al. [Jin+19]. Our work differs from traditional style transfer approaches in the sense that we deal with a more constrained problem that requires predictable outcomes.

Exploiting the power of deep neural networks in the image analogies problem was tackled by Liao et al. [Lia+17] who, by assuming a semantic prior over an exemplar input image and a target one, propose a method capable of finding a bijective mapping between both inputs, enabling two-way stylizations. Single-image generative models [SDM19] were extended to the image analogies problem in [Ben+21], by using convolutional neural networks to generate a new image with the style of an input style and the structure of another image. These methods, however, rely heavily on content or semantic features, making them vulnerable to lighting or geometric differences between the input images; and are computationally expensive, rendering them impractical for interactive applications. Our method is robust to both geometric distortions and illumination variations, and works at interactive rates. Similar in spirit to our method, as it explicitly considers texture variations due to illumination, is the work of Fišer et al. [Fiš+16], which applies patch-match to provide illumination-dependent exemplar-based stylizations to cartoon pictures. In contrast, our work is meant to be illumination-invariant. Also concerned with stylization problems, Texler et al. [Tex+20b] present a method highly related to ours. They apply patch-based training of an encoder-decoder deep neural network using key frames stylized by a user. Resembling our approach, their algorithm also follows a few-shot learning strategy using as training data a few exemplar patches. However, as opposed to our method, they do not account for the variability of the appearance of materials under different lighting and viewpoint so, as we show in Section 2.7, their method does not generalize to unseen illuminations or geometric variations.

Image colorization is concerned with colorizing a gray-scale image given a few colorized exemplars. In this problem, it is critical to infer semantic relationships between the images so that the new scene is perceptually coherent and plausible [He+18; Zha+19a; He+19]. Similarly, edit propagation methods [AP08; End+16] work by propagating strokes provided by a user to the rest of the image, removing the need for a semantic understanding of the input image. Our work is related to the latter techniques, as we leverage the feature spaces of the CNNs and do not require a large labeled dataset to effectively solve our problem, and it can also be used to propagate segmentation masks [LAA08].

2.2.2 Textured Materials

Many real-world materials show spatial regularities, commonly referred to as textures. The patterns present in textures can be parameterized, which allows for low-cost material capture or synthesis models. A way to model textured materials is through BTFs (Bidirectional Texture Functions) [Dan+99; LM01], a technique that uses multiple camera views and lighting angles to capture a dense sampling of the appearance of a material. Inspired by such methods, we leverage several images of the material under different illumination conditions, however, we require fewer data than typical BTFs capture setups [Rai+19; Rai+20]. Similarly, the problem of extrapolating BTFs captures to larger material samples was addressed by Steinhausen et al. [Ste+15a; Ste+15b], who propagate measured BTFs using texture synthesis. Our method is not meant to propagate full BTFs measurements but could potentially be applied to such datasets.

The goal of texture synthesis is to reconstruct a larger image given a small sample leveraging structural content. This is a long-standing problem in the computer graphics field and different strategies have been proposed, for instance, using PatchMatch [Dia+15], texture transport [AWL15], point processes [Gue+20; LH06], or neural networks [EM17; Zho+18; FAW19; Rod+19]. Also related to our work, Li et al. [LPG19] capture the appearance of materials by first estimating their BRDF and, then, synthesizing the high resolution microstructure from a dataset of measured SVBRDFs. Our problem is unlike texture synthesis, as we do not aim to create novel content but to predictably transfer visual material attributes.

2.2.3 SVBRDF Estimation

The problem of estimating a SVBRDF model from one or several images using lightweight capture setups is becoming increasingly popular in the literature. Early work [HS05; HS03] leveraged Photometric Stereo [Ike81] and SVBRDF manifold bootstrapping [Don+10] for surface geometry reconstruction, while newer methods exploit the power of deep neural networks. Recent surveys by Guarnera [Gua+16] and Dong [Don19] contain relevant approaches. While our method is not meant to estimate the SVBRDF properties of a material, it can be used in combination with those techniques to create larger material assets.

There are a few methods that follow a similar paradigm to ours, transferring pre-estimated SVBRDF maps to a larger material sample. Using PatchMatch texture synthesis, Melendez et al. [Mel+12] transfer displacement and albedo maps from small samples of the materials. Their method is limited to daylight illumination and materials present in façades. By means of look-up-tables, and using surface normals and specular as guidance, Riviere et al. [RPG16] transfer surface reflectance captured with controlled LCD lighting to a material sample observed under natural lighting. Recently, Deschaintre et al. [Des+19] fine-tune a network trained to estimate SVBRDFs [Des+18], to work on larger material samples taking a guidance image as input. This approach is limited to transfer a pre-defined set of property maps while our method can transfer any kind. The strategy of using multiple images of the material under different illuminations as input data is not new. Li et al. [Li+17a] and Ye et al. [Ye+18] utilize a self-augmentation strategy to make the estimation of the SVBRDF more robust to unknown environment illumination. We are inspired by these approaches to increase robustness in the model predictions.

2.3 Problem Formulation

Our goal is to transfer a D-dimensional spatially-varying visual attribute w of a material (for example, estimated locally at high resolution) to a larger sample of it.

We formulate the problem with an image-to-image translation approach. For training, our method takes as input: a photometric dataset IL, and a visual attribute w. The photometric dataset consisting of a number of RGB planar images of a material, IL={il∣il∈ℝn×m×3}, |IL|≥1, illuminated with different light sources l ∈ L, of n × m pixels. This kind of images can be either captured with specific devices [Nam+16; MWK17; Alc+19], or synthetically rendered given an inverse material estimation pipeline [Guo+20b; DDB20]. The visual attribute being a spatially-varying map w ∈ ℝn×m×D of any kind, and dimensions D, that maintains pixel-wise correspondence with the photometric input images IL. Figure 2.3 and Figure 2.5 show examples of these images for three different visual attributes: a stylization, a segmentation, and a normal map.


Figure 2.3: Overview of the method. We learn a mapping between the photometric response IL of the material and a visual property map w. We make this mapping robust to affine transformations by means of a particular policy of data augmentation used for training. We learn one model M per material and visual attribute, which allows us to robustly evaluate the performance of the method under several transformations of the guidance images X. At evaluation time, M can have any size. The training of M per visual attribute w takes less than a minute.
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Figure 2.4: The color augmentation policy takes advantage of the material structural regularities to make the transfer robust to different albedos. (a) A diffuse image of the portion of the material used for training, and its corresponding normal map. (b) Input guidance image. (c) Transferred normals without the color augmentation policy. (d) Transferred normals using color augmentation. Note that the training data does not include images containing the white yarn.
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Figure 2.5: An overview of our evaluation dataset. (a) Five example images of our high resolution captured data illuminated with diffuse light and four directional light sources. (b) Examples of some of our visual property maps: colorization, normals and yarn segmentation. (c) Evaluation images taken under diffuse and directional illumination sources. Denim, (c) contains labels for several patches used for the evaluation in Section 2.6. Those materials show different properties that may prove challenging for our visual attribute transfer task. Our denim and knit fabrics show diverse color variations (different colored dyed yarns and stochastic albedo, respectively), linen shows strong geometric variations and satin shows anisotropic optical behavior.
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Given this data for a single material, and a strategy of patch-based training, we learn a function M that can be applied to a new guidance image of the input material (or a similar one) X∈ℝN×M×3 of any size N × M, to get its corresponding visual attribute Ω∈ℝN×M×D:

M:X→Ω,                  (2.1)

s.t.ilMω,∀il∈IL                  (2.2)

At evaluation time, the guidance image X might contain different colors, scales, illumination, or affine distortions than the images used for training. Figure 2.3 shows an overview of the training and evaluation processes. In Section 2.6, we evaluate the conditions of the input guidance image upon which the method provides robust estimations.

2.4 Learning Framework

In this section, we describe the patch-based and data augmentation strategies used for training, the neural network design and loss functions, and the implementation details.

2.4.1 Patch-based Training

Each training step takes as input a pair of corresponding image patches taken from the photometric input IL, and the visual attribute w. Using this data alone already provides a good starting point for generalizing to unseen illumination setups. However, it is not sufficient in scenarios in which the guidance image contains variations due to image noise, a different scale, or any other affine distortion. In order to make the transfer invariant to these transformations, the network needs to be trained with the appropriate data. Data augmentation strategies are essential for reducing the amount of necessary data for training [SK19; Kar+20a], however, random strategies not taking into account the particular domain might degrade the quality of the prediction. We therefore follow a pre-defined data augmentation policy T (illustrated in Figure 2.3), where random operations are performed sequentially.

Color Augmentation Even if the microstructure of the material is homogeneous and can be measured using only a small patch of it, it may not be possible for the network to estimate its visual attributes for parts of the material which contain previously unseen colors. We correct this by randomly permuting the color channels of the photometric input (see Figure 2.4). As we show in Section 2.7, this data augmentation policy also helps make the model generalize the transfer to similar materials, by learning features that are more related to the structure of the material than to its color. Similar operations have been recently proposed for finding robust visual representations on self-supervised settings [Che+20b]. Only the photometric input is subject to this transformation.

Affine Transforms In order to allow for material editing applications in real images, the model should generalize to images taken under camera perspectives and geometry distortions different than those present in the fronto-planar images used for training. Many of such texture irregularities can be defined as an affine transform: translation, rotation, shear, or scaling. As CNNs are shift-invariant by design [Kau17], we propose to augment our datasets with random transformations for scalings, rotations, and shears. Those transforms can be efficiently performed on images through matrix multiplications. However, some visual property maps need to be treated specially, as the spatial transform might have a different behavior in 3D vector space, e.g. normals or tangents. In those maps, each pixel is a representation of a 3D vector. As such, we also perform the rotations and shear operations to these maps in 3D space, by multiplying each normal vector by the same affine transformation matrix applied to the 2D image. We perform the rotation around the Z axis, thus, assuming the camera sensor is parallel to the object plane.

Cropping Inspired by recent work on patch-based learning [Tex+20b; Par+20], during training, the network receives small patches of each input pair. Those patches are randomly cropped from the randomly augmented images, so the network receives a considerable amount of variations of the same material, thus making generalization possible.

2.4.2 Network Design

We follow a uni-modal image-to-image translation learning strategy, assuming there is only one correct mapping from input to output image. This approach is reasonable for the kind of transfers we test in this work. However, it might fail for ambiguous cases where there are multiple suitable outputs for the same input, for which multi-modal approaches [Zhu+17b] or GANs are more advisable, albeit harder to train. Specifically, our model M is a shallow U-Net network [RFB15] with 4 blocks of layers, containing a small number of trainable parameters, inspired on few-shot learning strategies [Wan+20d; Wan+19; Liu+19b]. This type of fully convolutional architecture is of common usage in image-space regression problems, due to its capability of efficiently learning patterns at different levels of abstraction thanks to its multi-scale design. Skip connections are added to enhance local details [RFB15; Iso+17]. The small number of parameters allows for faster training and inference, as well as reduced memory usage.

Note that, as opposed to previous work [DDB20] on material transfer, which is initialized from a pre-trained network, but inspired by single-sample image synthesis methods [Zho+18; SDM19], we train one network per material and visual property. This strategy, although increasing training time, is key for the following reasons: First, it allows us to better understand the generalization capabilities obtained through our data augmentation policies. Second, it guarantees predictability of the trained model as every feature learned by the network is specific for each material and visual property pairs. Finally, it removes potential problems of a biased dataset as there is no cross-material or cross-domain learning. If the input dataset does not contain enough variations of the material to represent the whole material, the model will fail in areas with unseen patterns. In those cases, having a pre-trained network may help as a material prior, as in [DDB20]. However, our method obtains comparable results to pre-trained methods, with a smaller computational footprint and with the additional flexibility of not needing an expensive dataset and large models. In practice, training a single network per material and attribute is not problematic as this process takes less than a minute.

Loss Function Choosing the appropriate loss function for a learning framework highly depends on the problem. For example, some methods [Iso+17] combine a per-pixel L1 metric with adversarial [Goo+14a] losses, as the latter allows for better semantic mappings in multi-modal learning scenarios, whilst the former allows for improved predictability. Texler et al. [Tex+20b] further includes a perceptual loss [Tex+20a], while using a render loss is common in methods that estimate material parameters from photos [Des+18; DDB20]. In our method, we show that using a L1 loss for training is enough for learning accurate and predictable mappings in our regression task, and binary cross-entropy loss for semantic segmentation, following standard practice in image segmentation [RFB15]. We found that the L2 loss function yields overly-smooth outputs, and perceptual loss functions like LPIPS [Zha+18] are more prone to artifacts than pixel-wise ℓnorm metrics. We include an ablation study of the impact of the loss function in the supplementary material of this chapter.

2.4.3 Implementation details

We use PyTorch [Pas+19] as the learning framework, Adam [KB15] for optimization, a learning rate of 0.002, and a batch size of 16. The training images are randomly augmented using uniform distributions by the following operations, in order: First, the photometric input is subject to the color augmentation policy. Then, both inputs and targets are randomly rotated by an angle in the [−90, 90] range, randomly sheared by an angle in the [−45, 45] range, and randomly rescaled in the [0.5, 2] range of scale factors. Then, patches of 128 × 128 pixels are randomly cropped during training to generate a large dataset of images.

All inputs are always standardized using their own mean and variance. Each M is trained for 1000 iterations, which takes around 1 minute on a single Nvidia 1080Ti GPU. Due to the fully convolutional nature of our models and their reduced number of trainable parameters, the guidance images X used for evaluation can be of arbitrary dimensions. We used images of up to 5000 × 5000 pixels for which evaluation takes around 150ms. We refer the reader to the supplementary material in this chapter for a comprehensive description and a diagram of this model, as well as further implementation details.

2.5 Dataset and Metrics

2.5.1 Dual-Resolution Captured Data

Our method is agnostic to the capture setup [Nam+16; MWK17; Alc+19], and it may work for any kind of input data (e.g. BTFs [LM01; Rai+19]) as long as the photometric images are pixel-wise aligned with each other and to the visual attribute. This dataset could also be created synthetically by rendering the outputs of any SVBRDF estimation method [DDB20]. In Section 2.7, we show results of our method using these acquisition pipelines.

However, for the purpose of this evaluation, we choose to work with real data. The main reason is that the data obtained with material capture devices poses extra challenges that are difficult to reproduce with render engines. For example, material irregularities, complex optical behavior, or distortions and color shifts introduced by the optical system that might cause the models to produce inaccurate estimations.

We create a dataset containing images of the same material taken with two imaging camera systems: a high-resolution camera that allows us to take pictures of 0.7 × 0.9 cm, with a resolution of 367 × 490 pixels and a macroscopic camera which provides images of 11 × 11 cm, with a resolution of 4800 × 4800 pixels. In terms of illumination, our setup has 27 different collimated light sources uniformly distributed across the hemisphere as well as diffuse illumination. We build a dataset of four different textile materials, whose complex optical behavior due to anisotropy, transmittance, directionality and microstructure [CLA19] turns them particularly challenging for synthesis and editing operations [Kam+16; Rai+19]. For training, we capture one image for each light source, making a total of 28 different images (Figure 2.5 (a)). For the evaluation set, we take one guidance image with diffuse illumination and another guidance image with a directional light source (Figure 2.5 (c)). The visual attributes (Figure 2.5 (b)) are generated automatically using photometric stereo [Ike81] in the case of normal maps and manually by artists in the cases of colorizations and segmentation masks.

2.5.2 Attribute-specific Metrics for Evaluation

For evaluating our models, we choose domain-specific distance metrics different from those they were trained with to better understand their generalization capabilities [TOB15]. For normal maps, we compute the cosine distance between ground truth and estimated maps, as it accounts for the geometric space in which normals lie. In the case of image segmentation, we evaluate the results using the Jaccard similarity coefficient (IoU) [Zho+19], which is well-suited for sparse segmentation tasks. Finally, we use the state-of-the-art metric Learned Perceptual Image Patch Similarity (LPIPS) to evaluate the quality of the colorizations, as it has been shown to outperform L2 norm for visual perception tasks [Zha+18].

2.6 Evaluation

We evaluate our method in different settings. First, we assess the type and amount of photometric input data necessary for the model to generalize to different illumination conditions and image distortions. Then, we test our data augmentation strategy for affine transformations.

2.6.1 Invariance to Input Illuminations and Distortions

In this set of experiments, we aim to evaluate if the model produces the same output after changing the training data and input guidance images. To this end, we measure both the impact of different illuminations and sizes of the photometric dataset, as well as variations of the input guidance images.

Photometric Input

In this experiment, we study the type of photometric input that makes the method invariant to different illumination conditions of the guidance image. We compare three models trained with different datasets: diffuseNet, which uses a single image illuminated with diffuse lighting; photometricNet, which takes as input 27 directional lights; and diphotoNet, which uses all the 28 sources. For evaluation, we use the macroscopic camera which captures a larger sample of the material at a lower resolution. We take two test guidance images with diffuse and directional lighting (Figure 2.5 (c)). In this experiment, all images are aligned, therefore, we follow a limited policy of data augmentation from Section 2.4.1, applying only color augmentation, rescaling, and crops, and leaving out rotations and shears for in-the-wild scenarios.

Figure 2.6 shows qualitative results of our method for a selection of patches for the denimmaterial. Figure 2.6 (a) shows that the best accuracy is in general obtained with diphotoNet, i.e. training with both directional and diffuse illuminations. This is reasonable, as the model is trained using the same illuminations used during test time. Conversely, diffuseNet, a network only trained using diffuse lighting is less capable of generalizing under any kind of illumination source. This suggests that following a photometric approach for training material synthesis models allows for better generalization capabilities. Finally, the results for photometricNet, which is trained only with directional lights shows similar accuracy as diphotoNet while proving generalization to unseen illuminations. For all the results shown in the chapter, we have chosen photometricNet as our model. This has an additional advantage from the usability perspective: it is relatively easy and cost-effective to build a capture setup (such as the flash light from a smartphone) or generate renders with directional lights, while it is considerably harder to recreate both types of illumination consistently.


Figure 2.6: Qualitative results of our models under different datasets and data augmentation configurations, for different inputs of the denim material. On the left (a), we show the results of our networks trained using different dataset configurations, under a guidance image taken with diffuse lighting (p0), and three crops of a guidance image illuminated with a directional light (p1, p2, p3) not present in the training set. Please refer to Figure 2.5 for the position of these crops on the larger guidance images. On the right (b), we show the results of our photometricNet, under different geometric distortions (rotations and shears) performed to its guidances images, taken under diffuse illumination.
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Dataset Size Influence

Our goal in this experiment is to understand how many images [NJR15] taken under directional lights are needed in order to obtain the desired invariance to illumination.

We train different models using reduced versions of our full 27-image dataset, and compare their results to those of the photometricNet trained on the full directional dataset. More precisely, we train networks using 1, 3, 9 and 18 directional lights for each material and application in our dataset following the same reduced data augmentation policy described in the previous experiment. Instead of randomly selecting light sources around the hemisphere, we perform a more sensible light source sampling. Specifically, for each reduced dataset, there is at least one light that is as close as possible to the normal of the surface on which the material lies, thus giving more importance to frontal angles. We extend these selected lights to 3 for the reduced datasets with more than three lights. The rest of lighting sources are uniformly sampled around the hemisphere, up to a zenith angle of 70 degrees. The supplementary material contains a diagram of the distribution of lights in the hemisphere. Results are shown in Figure 2.7, where we see that adding more lights to the dataset monotonically increases the generalization of every model. However, adding lights consistently shows diminishing returns, which suggests that a capture setup with around nine lights might be enough for relatively accurate estimations. Similar findings are reported in multi-image SVBRDF estimation methods [Guo+20b; Des+19].


Figure 2.7: Error of the reduced photometricNets on our ground truth guidance image (taken with diffuse illumination, not present in the training dataset) for each material in the dataset and the three visual attributes and corresponding error metrics, which are close to the normal of the surface in which the material lies. The width of the lines indicates the standard variation across 5 repeated experiments, where different light directions were randomly chosen to form the training datasets. Please refer to the supplementary material for the position of each light source.
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Image Degradations

As discussed in Section 2.5.1, real captured images may be subject to distortions, shifts and noise introduced by the optical capture system. To fully understand the robustness of our models with respect to these types of imperfections, we synthetically modify the saturation, contrast and noise present in the X guidance images. As shown in Figure 2.8, M is robust to these types of degradations, even when a fair amount of details are lost in X. These images were not part of the training dataset.


Figure 2.8: Output of our model under different distorted inputs: a change of saturation, contrast, and Gaussian noise (σ2 = 255). The number at the bottom is the cosine distance with respect to the original estimation. As we can see, the output is consistent with a very small error in all cases.
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2.6.2 Equivariance to Affine Transforms

Our goal in this experiment is to analyze the equivariance of our model to affine distortions of the guidance images. A function f is said to be equivariant with respect to a transformation T if f(T(x))=T(f(x)). Inspired by [Ben+20], we measure the equivariance of our model M with respect to different affine transforms T performed to an input guidance image X, by computing their difference using the corresponding metric defined in Section 2.5.2 (d(M(T(X)),T(M(X))). To achieve this, we extend the augmentation policy in the previous experiments by adding random shears and rotations to the training process. We train the photometricNet with and without random shears and rotations for every visual attribute in our dataset and on the denim material. In the case of the normals, as described in Section 2.4.1, we also perform the shears and rotations in the geometric space in which normals lie.

We measure their robustness with respect to three different transformations T : rescalings, rotations and shears. As before, we use a guidance image taken under diffuse lighting as input for these experiments and attribute-specific distance metrics. Figure 2.6 (b) shows that not adding those transforms generates visual artifacts for rotations and shears. Interestingly, without affine augmentations, the models hallucinates vertical yarns, as it is the only type of data that it has seen as input. Figure 2.9 shows quantitative metrics for the range of transformations T in which we evaluated the models. Augmenting the training dataset with both shears and rotations generally provides the best results. Furthermore, this enhanced data augmentation policy improves the robustness of the models with respect to the scale of their inputs. Notably, applying random rotations during training appears to have a larger impact than random shears on the robustness of the models. This finding suggests that applying blind policies of data augmentation [ASE17; SK19; San+19; Che+20b] may not be an optimal strategy for some applications like ours, as the networks may not learn relevant features, or overfit to noise present in the training dataset. Finally, it is worth noting that every network has the same number of parameters, and is trained for the same number of iterations, which shows that the generalization capabilities of the models can be increased at no extra parameter cost.


Figure 2.9: Quantitative evaluation of the robustness of our networks with respect to different transformations T (rescaling, rotation and shearing) of networks trained under different data augmentation policies for the denim material. From top to bottom, we show results on: recoloring, segmentation, and normals estimation. Lower is better for each metric
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2.7 Results and Comparisons

In this section, we first compare our method with related approaches on image stylization and large scale SVBRDF material transfer. Then, we show the capabilities of our method to generalize to similar materials to those in their training set and present its limitations.

2.7.1 Interactive Stylizations

In the first category, the method of Texler et al. [Tex+20a] allows artists to interactively edit a few keyframes of a video and propagate that edition to the rest of the video. As ours, they formulate this transfer problem by training an encoder-decoder network using patch-based learning. But, in contrast to our work, they do not perform any data augmentation policy outside of random cropping. For a fair comparison with such method, we compare two setups: 1) using a single image as training input, and 2) using the photometric dataset. Results are shown in Figures 2.2 and 2.10. As Texler’s method is not scale invariant, in both cases the training data provided for their model has the same scale as the images used for testing. Our models have been trained with the full policy of data augmentation. In the first setup (Figure 2.10), we use the diffuse illumination and hence compare their output with our diffuseNet output. As shown, none of the methods provide high quality results but our model manages to provide closer estimations. In the second setup (Figure 2.2), we train their model with the photometric input. The best results are obtained with our method. Even though extending the input data using photometric cues has an impact on the quality of Texler’s results, the lack of a data augmentation policy makes the transfer fuzzier and noisier. Further, their combination of style, adversarial and pixel-wise losses fails to yield predictable mappings. These results confirm the importance of a comprehensive data-augmentation policy, such as the one we propose, when using neural networks for image processing tasks of this kind. In addition, our model is trained in less time with a smaller computational footprint (1 minute vs 5 minutes).


Figure 2.10: Comparison of our method with Texler et al. [Tex+20b] using a single diffuse image of the denim material as training data. The task is to transfer the two attributes shown (Stylization and Segmentation) to two different guidance images. Even using a single image instead of a photometric dataset, we achieve higher quality mappings at a lower cost.

[image: Figure 2.10: Comparison of our method with Texler et al. [Tex+20b] using a single diffuse image of the denim material as training data. The task is to transfer the two attributes shown (Stylization and Segmentation) to two different guidance images. Even using a single image instead of a photometric dataset, we achieve higher quality mappings at a lower cost.]


Another way of formulating this visual attribute transfer problem is through image analogies. Using our single diffuse image for input, we compare our approach with two methods as shown in Figure 2.11. First, the work of Liao et al. [Lia+17], which uses deep latent spaces as image descriptors; and the method of Benaim et al. [Ben+21] that trains single-image generative models to find bijective mappings between the structure of one image and the style of another. Our method qualitatively outperforms these methods with a fraction of the computational cost: 1 minute in our case, 10 minutes in [Her+01], 40 minutes in [Lia+17] and 10 hours in [Ben+21]. Once trained, our models can be used to evaluate any guidance image in real time for materials with similar microstructure. In contrast, image analogies methods require expensive optimizations for each guidance image. We refer the reader to the supplementary material for more comparisons with these methods.


Figure 2.11: Comparison of image analogies approaches for input shown on the left, of the denim material. From left to right: Deep Image Analogies [Lia+17] and Structural Analogies [Ben+21]. Our results shows more accurate and predictable mappings, at less computational cost than the alternatives.

[image: Figure 2.11: Comparison of image analogies approaches for input shown on the left, of the denim material. From left to right: Deep Image Analogies [Lia+17] and Structural Analogies [Ben+21]. Our results shows more accurate and predictable mappings, at less computational cost than the alternatives.]


Figure 2.12 shows additional results of material stylizations. In these examples, we used the method of Gatys et al. [GEB15b] to stylize a small patch of the material. Then, we trained a model using photometricNet and diffuseNet. As the guidance image we used a bigger image with diffuse illumination. Compared with naïve style transfer applied to the whole image, our approach provides detailed stylizations where the microstructure of the material is preserved. We further see that diffuseNet provides noisier results than photometricNet, probably due to the fact that the photometric cues help to preserve the local shading variations.


Figure 2.12: Our method allows for interactive material-aware visual attribute transfers. Using an off-the-shelf style transfer algorithm [GEB15b], we can transfer the style of one image Istyle to the content of another Icontent, obtaining a visual attribute w. Training a Mω to learn this relationship, we can find predictable style mappings, that we can transfer to guidance images X, obtaining style transfers Mω(X). Learning this transfer is inexpensive and allows for interactive editions. Performing this transfer directly to the guidance image generates artifacts and not-predictable mappings.

[image: Figure 2.12: Our method allows for interactive material-aware visual attribute transfers. Using an off-the-shelf style transfer algorithm [GEB15b], we can transfer the style of one image Istyle to the content of another Icontent, obtaining a visual attribute w. Training a Mω to learn this relationship, we can find predictable style mappings, that we can transfer to guidance images X, obtaining style transfers Mω(X). Learning this transfer is inexpensive and allows for interactive editions. Performing this transfer directly to the guidance image generates artifacts and not-predictable mappings.]


2.7.2 Creation of Large Scale Digital Material Assets

Our method can be used to propagate SVBRDFs estimated locally in a small area of the material to larger samples. Figure 2.13 illustrates for a diverse set of materials that we can propagate albedo and normals estimated at high resolution in a small area of 0.7 x 0.9 cm to guidance images of 13 x 13 cm taken with a smartphone. Even though we train the albedo and normals models separately, which does not guarantee pixel-wise coherence between the estimated maps, the rendered images show realistic-looking materials, even with a diffuse material model. As opposed to the method of Deschaintre et al. [DDB20], which is trained to output directly Cook-Torrance [CT82] material layers, our method is agnostic to the parameters of the SVBRDF.


Figure 2.13: Results of our framework for material capture using a smartphone. Training two models, Ma and Mn with a photometric dataset, we obtain respectively albedo and normals from guidance images taken under uncontrolled conditions, which can be used by render engines. Here we have used Arnold [Geo+18] and a diffuse material model.

[image: Figure 2.13: Results of our framework for material capture using a smartphone. Training two models, Ma and Mn with a photometric dataset, we obtain respectively albedo and normals from guidance images taken under uncontrolled conditions, which can be used by render engines. Here we have used Arnold [Geo+18] and a diffuse material model.]


We assess the capabilities of our method on this setting using the same SVBRDF propagation scenario as proposed in [DDB20]. Using a small crop of a synthetic SVBRDF as input, we render 27 images using the same directional light position as we used in our real dataset, and train a photometricNet to estimate the surface normals from each of those renders. We then evaluate this model using a larger area of the material, illuminated under an unknown lighting position. In Table 2.1, we show a quantitative comparison with [DDB20], under different image quality metrics. As shown, our method achieves better scores on pixel-wise metrics, whilst [DDB20] achieves better deep perceptual scores, as in the LPIPS metric [Zha+18]. This might be related to the design of our loss function: we directly minimize pixel-wise differences, while [DDB20] is optimized using a render-aware loss. Qualitatively, as shown in Figure 2.14, our method obtains comparable quality mappings, with fewer artifacts. Despite capturing SVBRDF or arbitrary materials is not the goal of our method, we include in the supplementary comparisons with a direct SVBRDF acquisition method [Gao+19] using our own real dataset.


Table 2.1: Quantitative comparison with [DDB20], on the studied materials and different performance metrics. As shown, our method provides better pixel-wise accuracy than [DDB20], while their method obtains better perceptual scores.




	Material ID

	SSIM [Wan+04]↑

	PSNR ↑

	MSE ↓

	LPIPS [Zha+ 18] ↓




	[DDB20]

	Ours

	[DDB20]

	Ours

	[DDB20]

	Ours

	[DDB20]

	Ours






	560

	0,905

	0,925

	31,190

	32,310

	0,002

	0,002

	0,244

	0,221




	1581

	0,645

	0,675

	29,740

	29,920

	0,006

	0,005

	0,398

	0,446




	1684

	0,654

	0,746

	29,711

	30,410

	0,007

	0,003

	0,196

	0,251




	2111

	0,770

	0,783

	32,250

	32,881

	0,002

	0,002

	0,397

	0,383




	Average

	0,744

	0,782

	30,723

	31,380

	0,004

	0,003

	0,309

	0,325









Figure 2.14: Comparison of our method with the Guided Fine Tuning, by Deschaintre et al. [DDB20]. Following their algorithm, we render the Input SVBRDFs, and train a photometricNet on those renders. As shown, our method can achieve higher quality normal maps, with fewer artifacts. Input SVBRDFs, X, ground truth and results from Guided Fine Tuning were obtained directly from [DDB20].

[image: Figure 2.14: Comparison of our method with the Guided Fine Tuning, by Deschaintre et al. [DDB20]. Following their algorithm, we render the Input SVBRDFs, and train a photometricNet on those renders. As shown, our method can achieve higher quality normal maps, with fewer artifacts. Input SVBRDFs, X, ground truth and results from Guided Fine Tuning were obtained directly from [DDB20].]


A similar setting can be used to propagate attributes leveraging BTF measurements as training data. Figure 2.15 shows an example using a BTF from [WGK14]. Using Photometric Stereo [Ike81], we compute their surface normals and train a photometricNet on a central crop of the BTF, using the captures at a camera position of (ϕ = 0°, θ = 0°). We then evaluate this model using the full material surface, and a novel camera position, of (ϕ = 15°, θ = 11°). As shown, our model is capable of working with captured BTF data.


Figure 2.15: Our method can work with real BTF captured data. Training a photometricNet on a crop of the material (summarized in Training Dataset), to output surface normals, we can estimate surface normals on larger areas of the material, even under novel viewing positions.

[image: Figure 2.15: Our method can work with real BTF captured data. Training a photometricNet on a crop of the material (summarized in Training Dataset), to output surface normals, we can estimate surface normals on larger areas of the material, even under novel viewing positions.]


2.7.3 Generalization to Similar Materials

In previous experiments, we have shown the performance of our models when the guidance image corresponds to the material used for training. In this experiment, we show that our models, despite being trained only on a set of captures of a single material, generalize to materials of the same category. Figure 2.16 shows some examples for models trained using our dataset (Figure 2.5), taking input guidance images of different albedos and scales. The transfer works thanks to the network design and data augmentation strategy that is designed to use microstructure details as guidance. Our method could thus be used to transfer visual attributes for a diverse set of materials by simply training one model using a single but representative material of each category.


Figure 2.16: Generalization capabilities of our method when evaluated on materials similar to those in their training dataset. On the top row, we show the outputs of the model trained on the knit in our dataset (Figure 2.5), and evaluated on a different guidance images. We also show examples on linen and denim fabrics, with different conditions of saturation, blur, scale, and illumination. Even in very challenging cases, where the structure of the material is barely visible, as in the overly-saturated red linen or the noisy blue knit fabrics, our photometricNets can yield plausible results. The insets represent the training dataset by each model, as represented in Figure 2.5.

[image: Figure 2.16: Generalization capabilities of our method when evaluated on materials similar to those in their training dataset. On the top row, we show the outputs of the model trained on the knit in our dataset (Figure 2.5), and evaluated on a different guidance images. We also show examples on linen and denim fabrics, with different conditions of saturation, blur, scale, and illumination. Even in very challenging cases, where the structure of the material is barely visible, as in the overly-saturated red linen or the noisy blue knit fabrics, our photometricNets can yield plausible results. The insets represent the training dataset by each model, as represented in Figure 2.5.]


2.7.4 Limitations

Our models are not guaranteed to provide high-quality results outside the range of input data and data augmentation policies we train them on. This limitation is common to all learning-based approaches. It is unlikely that the framework is capable of generalizing to resolutions higher to those of the training data; or down-sampled images in which the texture details are not recognizable. Furthermore, the type of transformations we apply to the training data may not represent all the possible geometric variations, or non-linear warpings that materials are subject to in the real world. For materials which exhibit a strong variation in their microstructure, which cannot be fully captured using a single photometric dataset, our patch-based approach will likely fail to generalize to the full heterogeneity. Figure 2.17 shows two examples of failure cases for which the test data is not included in the training data and where the affine and illumination transformations are outside the suitable range.


Figure 2.17: Failure cases of our method. As shown in the first row, if the input dataset does not represent the heterogeneity present in the guidance X, the model fails to yield compelling results on unseen structures of the material, as shown on the green box. On the second row, we show a guidance image of the denim material X which exhibits strong geometric and illumination variations, outside of the range in which we train M with. As such, the model shows a poor performance on the segmentation task.

[image: Figure 2.17: Failure cases of our method. As shown in the first row, if the input dataset does not represent the heterogeneity present in the guidance X, the model fails to yield compelling results on unseen structures of the material, as shown on the green box. On the second row, we show a guidance image of the denim material X which exhibits strong geometric and illumination variations, outside of the range in which we train M with. As such, the model shows a poor performance on the segmentation task.]


2.8 Conclusions and Future Work

In this chapter, we have proposed a neural visual attribute transfer framework capable of transferring, for a given material, many types of visual property maps to images of unseen patches of the same -or similar- material taken under different illumination, capture setup, and affine distortion. To our knowledge, the proposed framework is the first method capable of leveraging the optical behavior of the material to this purpose by being trained using a photometric approach. Such an approach, besides the illumination-invariance we have shown, helps the neural network learn better mappings between visual domains, finding a physically-based representation of the material. Further, we have presented a comprehensive policy of data augmentation which outperforms previous work on visual attribute transfer given a single image of the material.

We have shown that our method can be used to transfer any kind of visual attribute estimated locally to larger material samples. Further, we have demonstrated that our models, although trained on a single material, generalize to materials of the same category. We think our findings will inspire future work showing that smart training strategies might alleviate the need for massive datasets. Our method could be extended in several ways. The need for obtaining high-resolution captures taken under different illuminations may be reduced by generating rendering images through recent advances in inverse material acquisition [Don19]. Further training with multiple patches may help to cope with material heterogeneity [Tex+20b]. Similarly, our findings suggest that extending the data augmentation policy to include 3D deformations will likely improve the accuracy. Beyond the generation of large scale digital assets for rendering, our method may have potential in other visual computing applications that require a low level understanding of the properties of the materials in real scenes. For example, the yarn segmentation application shown in the chapter might be suitable as input to shape from texture applications. Specific visual attributes might be useful to identify or highlight defects for image forensics problems, or to enhance different features in real-time or AR applications.

2.A Additional Implementation Details

Network design

Our model, summarized in Figure 2.18, is a standard U-Net [RFB15] encoder-decoder network with 4 blocks of layers and skip connections. U-Nets are widely used in pixel-wise regression and image-to-image translation problems, due to their efficient design, capable of exploiting texture and semantic patterns at different levels of abstraction, due to their multi-scale design. Skip connections are known to significantly enhance the quality of deep image-to-image translation models [Iso+17]. Each block is comprised of a tuple of convolutional layers with kernel sizes of 3 × 3, followed by a batch normalization operation [IS15] and a ReLU [NH10] non-linearity. The number of convolutional filters in each layer is shown in Figure 2.18. The last layer of the network uses 1 × 1 convolutional filters to transform the feature vectors into the desired number of classes (e.g 3 output channels for RGB regression tasks, as in normal map estimation or recoloring; or 1 output channel for the semantic segmentation problem). The total number of trainable parameters depends on the number of property maps that the network should jointly learn, but are around 483000 for all the problems we showcased in this work. Trainable weights are initialized randomly, by sampling a N(μ=0,σ=0.02). The output of each block in the encoder part of the network is max-pooled to halve its spatial resolution. Upsampling in the decoder side of the network is done through up-convolutions. For image segmentation problems, we add a Sigmoid non-linearity to the output of the network. Due to the reduced number of trainable parameters, models take only 1.94Mbs, allowing for fast training and evaluation. On Table 2.2, we show a quantitative study on the influence of the depth of the model in its accuracy, using the 1684 material from [Des+18] as the training dataset. A visualization of these results is included in Figure 2.19, showing that deeper models yield overly-smooth results for this few-shot learning problem.


Figure 2.18: An overview of our deep learning architecture Mω, which is a shallow U-net net-work [RFB15]. Below each block of layers, we show the number of trainable convolutional kernels, as well as the spatial resolution spanned by each block, with respect to the input resolution D. We use the normal map estimation problem for a denim fabric for visualization purposes.

[image: Figure 2.18: An overview of our deep learning architecture Mω, which is a shallow U-net net-work [RFB15]. Below each block of layers, we show the number of trainable convolutional kernels, as well as the spatial resolution spanned by each block, with respect to the input resolution D. We use the normal map estimation problem for a denim fabric for visualization purposes.]



Table 2.2: Quantitative comparison between different number of blocks of layers in our model. Every model we use throughout this work has 4 blocks of layers, as it provides the best trade-off between computational cost and precision. Deeper models fail to generalize properly in this few-shot learning scenario. We use a color code to highlight best and worst cases




	Depth

	SSIM [Wan+04] ↑

	PSNR ↑

	MSE ↓

	LPIPS [Zha+18] ↓

	Size (Mbs) ↓

	Train Time (s) ↓






	3

	0.71

	29.83

	0.0052

	0.37

	0.49

	51




	4

	0.74

	30.41

	0.0031

	0.25

	1.94

	58




	5

	0.72

	30.37

	0.0043

	0.33

	7.63

	164




	6

	0.72

	30.87

	0.0041

	0.31

	30.49

	283









Figure 2.19: Impact of the depth of the model on its accuracy, using a synthetic dataset. As shown, our baseline outperforms deeper and shallower configurations.
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Training details

We use PyTorch [Pas+19] as the learning framework, Adam [KB15] for optimization, a learning rate of α=0.002,β1=0.9,β2=0.999,ϵ=10e−8, and a batch size of 16. The training images are randomly augmented using a uniform distribution by the following operations, in order: randomly rotated by an angle in the [−90, 90] range, randomly sheared by an angle in the [−45, 45] range, and randomly rescaled in the [0.5, 2] range of scale factors. Their color channels are randomly reordered and patches of 128 × 128 pixels are randomly cropped during training, to generate a large dataset of images. The rescaling factors and rotation angles are randomly chosen for each image in each batch using a uniform distribution on the mentioned ranges. All these data augmentation operations are also applied to the target visual attributes, except for the color channel reordering, which is only applied to the input images. Images and visual attributes are always standardized using their own mean and variance. All the data augmentation operations are performed natively in GPU, which allows for faster training. To further reduce the computational cost and training times of our models, we train our models using automatic mixed precision training [Mic+18], which reduces the memory footprint of the models in GPU, while allowing for faster computation of certain operations, such as convolutions.

Each Mω is trained independently for each material and application (no cross-domain training or fine-tuning) for 1000 iterations, which takes around 1 minute on a single 1080Ti GPU. Due to the fully convolutional nature of our models, and their reduced number of trainable parameters, the guidance images X used for evaluation can be of arbitrary resolutions. We evaluate the models using half-precision, which allows us to utilize guidance images of up to 5000 × 5000 pixels, for which evaluation takes around 150ms in GPU. Thanks to the reduced number of parameters, an efficient use of GPU-native data augmentation techniques and leveraging half precision training and evaluation, we are able to train and evaluate our photometricNets in less than a minute of total computational time.

Ablation Study of the Loss Function

Finally, in Figure 2.20, we show a comparison of the results of our models when trained on different loss functions. As shown, even though the differences are sometimes subtle, the L1 consistently yields sharper estimations than the L2, whilst the perceptual loss function is more artifact-prone and thus less predictable. L1 is a common loss function in many image regression tasks, as in image-to-image translation [Iso+17] or in image synthesis [Zho+18].


Figure 2.20: Impact of the choice of the loss function used to train the networks in the estimated maps at macroscale. On the left, input guidance X and visual attribute w to be transferred. On their right, the result of Mω when trained using L1, L2 and LPIPS [Zha+18] loss functions. All the networks in this experiment were trained with the same configuration, only the loss function was modified.
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Additional Dataset Details

We show the positions of the lights in the photometric dataset in Figure 2.21.


Figure 2.21: Relative position of the 27 directional light sources used to capture the photometric datasets with respect to the material sample, in degrees. In blue, we show the three lights that are always included in our reduced photometric datasets for the light sampling experiments. As shown, the lights cover a wide variety of azimuth and zenith angles, allowing for an accurate capture of the optical behavior of the materials.
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2.B Additional Comparisons

Comparison with Image Analogies Methods

In Figure 2.22, we compare our method to different image analogies approaches. We show a comparison between [Her+01], [Lia+17], [Ben+21], and our method. The seminal work in image analogies [Her+01] fails in this visual attribute transfer problem, most likely due to the difference in scale between input and target images. For the comparisons with [Lia+17] and [Ben+21], we reduced the scale of the target images D to 256 × 256 pixels to make their methods computationally tractable. The methods in [Lia+17; Ben+21] never see the diffuse image A, as they generate an intermediate representation by themselves. While showing better results than [Her+01], methods which use deep learning for this task still fail to yield compelling or predictable results. The method in [Ben+21], which leverages structural information in the images to train a single-image generative model [SDM19], shows more plausible results, but with an expensive computational footprint (10 hours per network), compared to the 45 minutes in [Lia+17], 10 minutes in [Her+01] and less than 1 minute in our case. Because we assume pixel-wise semantic correspondence between input image and visual attributes, we can find mappings in interactive times, and which are significantly more predictable and of higher quality than these image analogies methods.


Figure 2.22: Comparison of photometricNet with related image analogies methods. In order, we show a comparison between [Her+01], [Lia+17], [Ben+21], and our method. Our method clearly outperforms any analogies method, at a fraction of the computational cost. The comparisons with [Her+01] were done using an unofficial implementation of their method.
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Comparison with Texler et al.

In Figure 2.23, we show a comparison with different configurations of [Tex+20b]. Specifically, we train their method using a dataset with a single image using diffuse illumination (left) and the full photometric dataset (middle column). Their method is trained individually for each dataset and visual attribute, for around 5 minutes to guarantee convergence, as suggested in their paper. As [Tex+20b] assumes that the scale (pixels/cm) of the dataset and evaluation images are the same, we rescale our input dataset to match the scale of the evaluation images. We evaluate each method using three different images X, one with diffuse-light illumination (top row), another with diffuse-light illumination but with a geometric transformation (middle row), and an image captured with directional lighting (bottom row). As shown, by enhancing the method in [Tex+20b] with a photometric dataset, their model is able to generalize better to every image X in the evaluation dataset than its counterpart trained only using a single image. However, our method, specifically designed for this illumination and geometry invariant visual attribute transfer outperforms their work in every type of input and visual attribute, whilst maintaining a lower computational overhead (1 minute of training in our case) and memory footprint (their trained network uses up 12 Mbs, while ours is 1.9 Mbs). Our model trained using a single illumination (diffuseNet) shows better results than their method trained using the photometric dataset, suggesting that our transfer method has more adequate inductive biases for the visual attribute transfer problem.


Figure 2.23: Comparison of our method with different configurations of [Tex+20b]. On the top row, we compare their results and ours using a dataset containing only one image, captured with diffuse lighting. On the bottom row, we show results when training these methods with a full photometric dataset. Our method is able to generalize better to different illumination and geometric conditions, with a smaller computational overhead.
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Comparison with deep SVBRDF acquisition

In Figure 2.24, we show a comparison with a recent deep SVBRDF acquisition method [Gao+19], which relies on a pre-trained autoencoder and a differentiable render engine for optimizing the initial estimation of the autoencoder. As shown, our method generates sharper and more coherent normal maps. PhotometricNet relies on a small sample of the same material for training, and is thus less sensitive to potential biases of the training dataset, with the cost of having reduced generalization capabilities compared to multi-material methods.


Figure 2.24: Comparison of our method with [Gao+19]. From left to right, we show the input guidance X, the output of photometricNet Mω trained to transfer normal maps, and the output of [Gao+19] after 5000 optimization steps. Their method relies on a pre-trained network, which learns a prior over materials that does not generalize to examples outside their training set. The images in this experiment are of 256 × 256 pixels, to match the input requirements in [Gao+19].
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2.C Extension to SVBSDF Propagation

In this section, we present an extension to the previous method for propagating material maps. With it, we can propagate multiple property maps at the same time, learn from many photometric datasets simultaneously, and achieve more accurate and sharper results. With these improvements, we are able to propagate multiple SVBSDF maps at the same time, allowing for efficient high-resolution material generation, as we show in Figures 2.25 and 2.26. These findings are part of the data generation process which is used to build the datasets we use to train the models described in Section 5 and [Rod+23a], and are also part of a paper on high resolution material digitization, which has been accepted to SIGGRAPH 2023:


Figure 2.25: Renders of SVBSDF maps transferred by our extension of photometricNet.

[image: Figure 2.25: Renders of SVBSDF maps transferred by our extension of photometricNet.]



Figure 2.26: Left, virtual scene rendered using eight different materials digitized with our optical device. Right, real photos of four of the materials taken under diverse illumination conditions: area lights, diffuse lighting, and directional lighting of a high-resolution patch.
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“Towards Material Digitization with a Dual-scale Optical System” Elena Garces, Victor Arellano, Carlos Rodriguez-Pardo, David Pascual-Hernandez, Sergio Suja, Jorge Lopez-Moreno

ACM Transactions on Graphics (Proceedings of SIGGRAPH) (2023)

2.C.1 Mesoscale Propagation

To propagate material properties, a common solution is to utilize the estimation of material properties in a localized area and extended it to larger samples [ND06; RSK13; Ste+14; DDB20]. We follow this approach to propagate SVBSDF measurements, and build upon the work presented in Section 2 and [RG21], which leverage images of the material taken under different illumination conditions to train a neural network that propagates individual maps.

As input to this propagation step, we use a photometric dataset obtained with a microscopic setup, spatially-varying parameters of a micro SVBSDF (Illustrated in Figure 2.28), and a guidance image that will serve as a reference for the mesoscale propagation. We use as guidance the image taken with a mid-range camera and diffuse lighting. Unlike the previous approach, aimed at transferring individual maps, we introduce some modifications to jointly propagate the full stack of parameters. We further adapt the method to be able to take as input more than one micro SVBSDF, necessary if the variability of material is not visible in a single micro capture (see Figure 2.27 (a)). We propose the following modifications:



1. Larger Training Dataset. We improve the generalization of the model by using more training data in two ways: First, we use a larger photometric dataset, using more directional-lit images than what is described in 2.21, as well as diffuse lighting. Second, we use random Gaussian blurs for data augmentation to improve robustness to potential degradation in mesoscale guidance images, and remove affine distortions to the data augmentation policy as they are not required for our SVBSDF transfer problem. Additionally, we train the model for more iterations, with a larger batch size.

2. Enable Large Spatially-varying Materials. We account for materials in which the appearance variability is not observed in a single micro capture by training the propagation network with as many micro SVBSDF as necessary. Figure 2.27 (a) showcases an example that required two microscale captures. Further, we disable the color-invariance data augmentation that randomly shuffles color channels when multiple micro SVBSDFs are available.

3. Improved Architecture and Losses. Finally, we observed that the original architecture was not able to effectively transfer a large number of parameters at the same time. Therefore, inspired by recent work on intrinsic decomposition [Jan+17], texture synthesis [RG22], and material estimation [DLG21], we use a U-Net [RFB15] with a single encoder but a separate decoder for every map we aim to transfer. Further, we introduce residual connections [He+16; Dia+20] into every layer, and substitute Batch Normalization [IS15] for Group Normalization [WH18]. When multiple microscale captures are available, we use a model with additional filters in every layer, to better learn from these extended datasets. This design generates sharper texture maps which preserve the statistics and appearance of each fitted microscale map more accurately. We also added a multi-channel perceptual component [CHB21] to the loss function, which is a powerful regularizer for texture synthesis. Figure 2.27 (b-c) shows the difference with respect to the previous approach.


Figure 2.27: Comparison with photometricNet [RG21] for mesoscale maps propagation. The first row (a) showcases an example where multiple captures at microscale were needed to cover the spatially-varying albedo of the material. (b) and (c) required a single capture, we show the result of normals and tangents maps compared with previous work.
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Figure 2.28: On the left, microscale SVBSDF maps. On the right, a render generated with the maps propagated with our method.
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2.C.2 Implementation Details

Problem Formulation

As in [RG21], our goal is to transfer spatially-varying attributes of a material captured at microscale to larger samples of the same material. We thus formulate this problem using an image-to-image translation framework. For training, our methods take as input a set of D photometric datasets of a material ILD, and their pixel-wise corresponding SVBSDFs MPD, each comprised of a list of p maps: p ∈ {albedo, roughness, transmittance, IOR, anisotropy, tangents, normals, specularTint, opacity}. Each photometric dataset is comprised of a set of RGB images of the material captured under different illumination conditions: ILd={ild∣ild∈ Rn×m×3},|ILd|≥1,∀d∈D. In contrast to [RG21], which only allowed to learn from a single photometric dataset and to transfer a single attribute, our extended approach allows for learning from multiple datasets |D| ≥ 1 and multiple property maps |p | ≥ 1 using a single model. We train a model T which learns to transfer from each image in each photometric dataset to its corresponding SVBSDF: T(ild)≈MPd,∀d∈D,l∈L. During inference, we use a l p guidance image of the material X, which represents a larger sample of it, and estimate its corresponding property maps: MX←T(X). At evaluation time, this guidance image X may be captured with different conditions to those in the training dataset, including different camera or illumination conditions.

Datasets

We use a more comprehensive photometric dataset to what is proposed in [RG21]. In particular, for a single microscale capture, we use all the light sources used in the fitting algorithm, as well as diffuse-lit microscale images. Additionally, we use both polarization modes separately and, for the same light source, we construct an extra image by averaging the images taken under both polarization configurations. The total size of each photometric dataset is of |ILd|=108,∀d∈D, four times more data compared with the more limited 27 images proposed in [RG21]. For evaluation, our guidance image is taken with a mid-range camera and diffuse illumination, at a resolution of 4072 × 4072 pixels and a surface area of 10 × 10 centimeters. We typically use a single photometric dataset (|D|=1). However, for multi-colored or highly heterogeneous materials in which a single capture is not enough to fully represent the material variability, we capture as many datasets as needed.

Loss Function

Our loss function is the combination of two terms: weighted pixel-wise losses for each target map, and a multi-map style loss:

L=∑pλpLpixelp+λstyleLstyle                  (2.3)

Lpixel is the L1 norm weighted per map in the SVBSDF, λp. L1 produces sharper results than higher-order alternatives [RG21], such as L2. For the Lstyle loss term, we follow recent work on multi-channel texture synthesis, which extends deep perceptual losses for style transfer to the SVBRDF synthesis problem [CHB21]. This component of the loss function acts as a regularizer and allows the model to generate maps that better preserve the appearance of the ground truth training data.

Training Implementation Details

Model Design We use a lightweight U-Net [RFB15] architecture, with a few modifications based on recent work to maximize its efficiency and the quality of its outputs. We specify the full model architecture and model sizes in Figure 2.29. In every convolutional block of the model, we use residual connections [He+16; Dia+20], for better training convergence and preservation of details in the input images. We use 1 × 1 convolutions on these residual connections. We use a single decoder for each map, so as to maximally preserve their individual appearance and statistics. This has been proposed in recent work on texture synthesis [RG22], material capture [DLG21] or intrinsic decomposition [Jan+17]. On the convolutional blocks, we leverage Group Normalization [WH18]. Upsampling is done using transposed convolutions. As shown in Figure 2.29, the model has four hidden layers on the encoder and each decoder, however, we vary the size of those layers depending on whether the model is trained with a single microscale capture (for which we use a width factor of W = 16) or multiple (W = 32). Every other implementation detail in the model (stride, bias, pooling) follows [RFB15; RG21].


Figure 2.29: A full diagram of the model architecture we use for our mesoscale propagation problem. Building upon [RG21], use a lightweight U-Net [RFB15] architecture. Following previous work [Jan+17; RG22; DLG21], we use a different decoder for every map we aim to transfer. Each of our convolutional blocks, illustrated on the right, contain residual connections [He+16; Dia+20] and Group Normalization [WH18]. In red, we show the input/output dimensions (spatial, channels) of each layer; in blue, convolutional blocks and layers; in green, upsampling and concatenating operations; in yellow, normalization layers; and in purple, regularizations, and non-linearities. We set W to W = 16 when a single microscale capture is available as training data, W = 32 otherwise.
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Training and Evaluation We use PyTorch [Pas+19], Torchvision [MR10], and Kornia [Rib+20] for training. We leverage mixed precision training and automatic gradient scaling [Mic+18], to accelerate the training process and regularize the models. Optimization is done using Adam [KB15] for 5000 iterations, with a learning rate of 0.002, a batch size of 40, and no weight decay. This process takes around 15 minutes when training with a single microscale capture, and 25 when using multiple captures as input. We evaluate the guidances images using half precision. We measure these times on an NVIDIA 1080Ti GPU.

Data Augmentation We follow the same training procedure defined in [RG21]. However, we do not use random rotations or shears, and remove the color invariance data augmentation whenever multiple microscale captures are available. Further, we introduce random Gaussian Blurs for data augmentation, using a p = 0.5, a kernel size of 5, and sigma selected uniformly at random for each element in each batch: σ∼U(0.1,11). As in [RG21], we also perform random cropping, using crops of 128 × 128 pixels. For each element in each batch during training, we randomly choose the photometric dataset d ∈ D, and, from it, a random light source l ∈ L.

Loss Function We weight the loss function as follows: For the pixel wise loss: λnormals= 3,λIOR=1,λroughness=1,λalbedo=3,λtangent=3,λanisotropy=1,λspecularTint=1,λtransmittance=3,λopacity=1. The perceptual component [CHB21] is weighted with λstyle =0.25, and we use the AlexNet variant of LPIPS [Zha+18] as our backbone, which provides a powerful yet lightweight loss for texture transfer, as shown in [RG21].

2.C.3 Results

In Figure 2.30, we show an ablation study on the improvements of the maps propagation method proposed in [RG21]. We build upon their proposed implementation, removing their random shifts and rotations, and make progressive changes, in order, to the dataset size, model architecture, loss function, and data augmentation. We observe high-quality propagations, but the baseline sometimes produces overly smooth outputs (Fleece, Leather-Brown, Rib-Silver, or Leather-Lizard). Our proposed increased dataset and model architecture modifications enhance the maps’ sharpness, and our perceptual loss function allows for the propagation of additional details. Our final model removes the color augmentation proposed in [RG21] whenever multiple microscale captures are available, and introduces random blurs during training, allowing for achieving the highest quality results and for accurate base color propagations in challenging cases, as in Tartan.


Figure 2.30: Ablation study of our proposed improvements with respect to tphotometricNet [RG21], on base color (top rows), normals (mid) and tangent map (bottom) transfer. We start from the implementation in [RG21], which shows adequate but smooth results. On its right, we show the impact of increasing the dataset size, which tends to generate higher-quality estimations (Leather-Brown). With our improved architecture (fifth column), we achieve sharper maps (see Leather-Lizard, Rib-Silver, or Fleece). Using a perceptual loss (sixth column), we further improve the maps quality (Leather-Brown). Our final model (last column), which removes the color augmentation in [RG21] and introduces random blurs to the model training, achieves the highest quality, and allows for accurate base color transfers, as shown in Tartan. Input guidance images and training micro maps are shown on the first and second columns, respectively.
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_______________________________

1 Additional publication details and results are included on the project website.

Chapter 3. A Single Image Generative Model for Tileable Texture Synthesis


Figure 3.1: Results obtained with SeamlessGAN for tileable texture synthesis. We show 2x2 repetitions of the outputs on the squared images, and the input exemplars by their side.
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In this chapter, we present SeamlessGAN, a method capable of automatically generating tileable texture maps from a single input exemplar. In contrast to most existing methods, focused solely on solving the synthesis problem, our work tackles both problems, synthesis and tileability, simultaneously. Our key idea is to realize that tiling a latent space within a generative network trained using adversarial expansion techniques produces outputs with continuity at the seam intersection that can then be turned into tileable images by cropping the central area. Since not every value of the latent space is valid to produce high-quality outputs, we leverage the discriminator as a perceptual error metric capable of identifying artifact-free textures during a sampling process. Further, in contrast to previous work on deep texture synthesis, our model is designed and optimized to work with multi-layered texture representations, enabling textures composed of multiple maps such as albedo, normals, etc. We extensively test our design choices for the network architecture, loss function, and sampling parameters. We show qualitatively and quantitatively that our approach outperforms previous methods and works for textures of different types. The contributions presented in this chapter have led to the following publication1:


[image: ]


“SeamlessGAN: Self-Supervised Synthesis of Tileable Texture Maps” Carlos Rodriguez-Pardo, Elena Garces

IEEE Transactions on Visualization and Computer Graphics (TVCG)

(2022)

3.1 Introduction

Realistic and high-quality textures are important elements to convey realism in virtual environments. These can be procedurally generated [Tu+20; HDR19; Gue+20; Gal+12; Gil+14; Gui+17; HN18], captured [Guo+20b; LSC18] or synthesized from real images [EF01; Kwa+05; Zho+18; Mor+17]. Frequently, textures are used to efficiently reproduce elements with repetitive patterns (for example, facades, surfaces, or materials) by means of spatially concatenating -or tiling- multiple copies of themselves. Creating tileable textures is a very challenging problem, as it requires a semantic understanding of the repetitive elements, often at multiple scales. For this reason, such a process is frequently done manually by artists in 3D digitization pipelines.

Recent advances in Convolutional Neural Networks (CNNs) and Generative Adversarial Networks (GANs) have been applied to texture synthesis problems [Zho+18; FAW19; Liu+20; BJV17; JBV16; Mar+20; Her+20] showing unprecedented levels of realism and quality, however, the output of these methods is not tileable. Despite recent methods [DH19; BJV17; Rod+19; Mor+17; Li+20; Nik+21] addressing the problem of tileable texture synthesis, we show that they either assume a particular level of regularity or the generated textures lose a significant amount of visual fidelity with respect to the input exemplars. Further, most of these methods have only focused on synthesizing single images. Rendering realistic materials requires more information about their optical properties beyond what represents a single RGB pixel. To this end, it is common to use spatially-varying BRDFs [Des+19], which are optical appearance models parameterized by stacks of images, each one representing a different property, such as albedo, normals, or transparency. As the number of methods that generate texture stacks from physical samples grows [Des+19; DDB20; Guo+20b] so does the need to turn them into tileable texture stacks.

In this chapter, we propose a deep generative model, SeamlessGAN, capable of synthesizing tileable texture stacks from inputs of arbitrary content. In contrast to Wang Tiles [Coh+03], by which a single large texture region is created by concatenating multiple different tiles with matching borders, we aim to automatically obtain a seamless single-tile, which allows for reduced memory consumption and enhanced usability in casual scenarios when the user might lack the necessary artistic skills. Our key idea is to realize that tiling a latent space within a generative network produces outputs with continuity at the seam intersection [FAW19], which can then be turned into tileable images by cropping the central area. Since not every value of the latent space is valid to produce high-quality outputs, we follow a double strategy: First, we train the generative network using an adversarial expansion technique [Zho+18], which provides a latent encoding of the input texture, which can then be decoded into high-quality outputs that double the spatial extent of the input. Second, we use the trained discriminator as a local quality metric in a sampling algorithm. This allows us to find the input of the generative process that produces tileable textures similar to the original, as well as multiple candidates per input exemplar. As opposed to previous work, which focused on maximizing stationarity [Mor+17] and thus might remove important high-level texture features in regular or near-regular textures, our method is focused on maximizing tileability while preserving the original texture as intact as possible, in terms of its stylistic and semantic properties. To allow for the synthesis of stacks of textures, we propose a neural architecture composed of various decoder networks. Despite not explicitly imposing inter-map consistency, we show that it is implicitly guaranteed by how the generative network is trained. Without losing generality, we show texture stacks synthesis of two maps: an albedo and a normal map. We demonstrate that our method outperforms state-of-the-art solutions on tileable texture synthesis of single images and show several examples for synthesizing tileable texture stacks. We validate our design choices through several ablations studies and off-the-shelf perceptual quality metrics.


Figure 3.2: Naïvely tiling the original texture causes discontinuities at the seam intersections as shown in the top row. Our method automatically generates a tileable texture stack from an input exemplar which double the size of the input.
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3.2 Related work

We review the texture synthesis methods most closely related to our work. For a more comprehensive review, please refer to the surveys in [Akl+18; Raa+18]. We will also mention other related work regarding tileable texture synthesis, and deep internal learning.

3.2.1 Texture Synthesis

Traditionally, non-parametric texture synthesis algorithms worked by ensuring that every patch in the output textures approximates a patch in the input texture. Earlier methods included image quilting [EF01; EL99], GraphCuts [Kwa+03], genetic algorithms [DZP07], and optimization [Kwa+05; PS00]. More recent approaches use variations of PatchMatch [Bar+09; Bar+15] as a way of finding correspondences between generated and input images [Kas+15; Dar+12; Zho+17].

Despite those methods showing high-quality results for textures of different characteristics, recent work on deep parametric texture synthesis shows better generality and scalability, requiring less manual input. Our approach belongs to the category of Parametric texture synthesis. These methods learn statistics from the example textures, which can then be used for the generation of new images that match those statistics. While traditional methods used hand-crafted features [De 97; HB95], recent parametric methods rely on deep neural networks as their parameterization. Activations within latent spaces in pre-trained CNNs have been shown to capture relevant statistics of the style and texture of images [GEB16a; Gat+17; JAF16; Ren+17; RB19]. Textures can be synthesized through this approach by gradient-descent optimization [Sne17; GEB15a] or by training a neural network that learns those features [DB16; Nik+21]. Finding generic patterns that precisely describe the example textures is one of the main challenges in parametric texture synthesis. Features that describe textured images in a generic way are hard to find and they typically require hand-tuning. Generative Adversarial Networks (GANs), which have shown remarkable capabilities in image generation in multiple domains [Kar+18; KLA19; Kar+20b], can learn those features from data. Specifically, in texture synthesis, they have proven successful at generating new samples of textures from a single input image [Zho+18] or from a dataset of images [BJV17; FAW19; JBV16; Liu+20; Mar+20]. We build upon the method of Zhou et al. [Zho+18] which shows good performance on the synthesis of non-stationary single image textures, and extend it to synthesize texture stacks, as well as generate tileable outputs.

3.2.2 Texture Tileability

Synthesizing tileable textures received surprisingly little attention in the literature until recent years. Moritz et al. [Mor+17] propose a non-parametric approach that is able to synthesize textures from a single example while preserving its stationarity, which measures how tileable the texture is. Li et al. [Li+20] propose a GraphCuts-based algorithm. They first find a patch that optimally represents the texture, then use graph cuts to transform its borders to improve its tileability. This method allows for synthesizing multiple maps at the same time. Relatedly, Deliot and Heitz [DH19] propose a histogram-preserving blending operation for patch-based synthesis of tileable textures, particularly suited for stochastic textures. The power of deep neural networks for tileable texture synthesis has also been leveraged in the past years. First, Rodriguez-Pardo et al. [Rod+19] exploit latent spaces in a pre-trained neural network to find the size of the repeating pattern in the input texture. Then, they use perceptual losses for finding the optimal crop of the image such that, when tiled, looks the most similar to the original image. Also leveraging deep perceptual losses and using Neural Cellular Automata [Mor+20] as an image parameterization, Niklasson et al. [Nik+21] generate self-organizing textures that are seamlessly tileable by design, but are limited in resolution and by the quality of the gram matrix perceptual metric used as a loss function [Hei+21]. Bergmann et al. [BJV17] achieve tileability in their output textures by training a multi-image GAN in a periodic spatial manifold. Our proposed method does not follow any of these approaches. Instead, we build upon a state-of-the-art single-image texture synthesis method, which is able to generate high-quality and high-resolution images, and extend it to generate textures which are tileable. To this end, we propose a sampling algorithm that finds the input of the generative process that maximizes a novel tileability metric. Our goal is to preserve the input original texture as intact as possible while imposing artifact-free continuity at the intersection of the seams when the texture is tiled. Furthermore, our method has a reduced computational footprint compared to other deep generative texture synthesis methods, as we show in the results section.

3.2.3 Deep Internal Learning

Learning patterns from a single image has been studied in recent years, in contexts different to those of texture synthesis. Ulyanov et al. [UVL18] show that single images can be represented by randomly initialized CNNs, and show applicability on denoising or image inpainting problems. A similar method is proposed by Shocher et al. [SCI18] for single-image super-resolution. Additionally, single images have shown to be enough for learning low-level features that generalize to multiple problems [ARV19]. Hypernetworks [HDL16] in Implicit Neural Representations [Sit+20; Tan+20] also allow for shift-invariant priors over images, which can then used in generative models [DTD21]. Single-image generative models have been explored for domains other than textures. GANs trained on a single image have been used for image retargeting [Sho+19], deep image analogies [Ben+21], or for learning a single-sample image generative model [SDM19; Hin+21; Sho+19; SGK21; VZH20]. These methods, while powerful for natural images, are not well-behaved for textures, as shown in [Liu+20] and [Mar+20]. By introducing inductive biases specially designed for textured images, characterized by their repeating patterns, deep texture synthesis methods achieve better performance in textured images than generic single-image synthesis approaches, which need to account for more globally coherent semantic patterns.

3.3 Overview

Our method takes as input an untileable texture stack T , which is a layered representation śor SVBRDF [BS12]ś of a material used by render engines to virtually reproduce it. A typical texture stack is composed of several maps such as albedo, normals, or roughness. For simplicity, and without losing generality, we assume that our texture stacks have two maps: an albedo A, and a normal map N, both are RGB images of the same dimensions. There are several methods that generate texture stacks for any material using, for example, smartphones [Des+19; DDB20; Guo+20b; Shi+20; VPS21; Rod+23a], however, these stacks are not tileable by default. Having this data as input, we propose a two-step automatic pipeline to generate tileable texture stacks from arbitrary material input exemplars.

In the first step, described in Section 3.4, we use crops t of the input texture T to train a Generative Adversarial Network (GAN) able to synthesize novel untileable texture stacks T′ using adversarial expansion [Zho+18]. This training framework has been shown to provide state-of-the-art results on single-sample texture synthesis, surpassing previous approaches [Uly+16; BJV17; Hen+21]. Thanks to using a GAN, we learn an implicit representation of the texture parameterized in two neural modules: G and D.G:t→T′ is a generator that outputs new untileable textures which double the spatial resolution of the input. D is a discriminator that, thanks to the adversarial framework used for training, is able to distinguish real from fake textures.

In the second step, described in Section 3.5, we produce tileable stacks by means of two key ideas: first, we tile a latent space x0 of the trained generator G, obtaining a novel texture stack showing continuity at the seams intersection T^. Second, we implement a sampling process using the trained discriminator D used as quality metric Q to find an optimally tileable texture stack T∗. An overview of our sampling step is shown in Figure 3.3.


Figure 3.3: Overview of SeamlessGAN. A crop t of the input texture stack T, is fed to an encoder E, which transforms it into a latent space x0←E(t). We tile this latent space vertically and horizontally, obtaining a latent field F0. F0 is further processed by several residual blocks Ri,i∈{1,l}.. The resulting latent variables are transformed by two different decoders, GA and GN, which output 4 copies of a candidate tileable texture T^. By cropping the center part of this texture, we obtain a single of those copies, with seamless borders, T^c. Additionally, this texture can be analyzed by a discriminator D which provides local estimations of the quality of the synthesis. We introduce a tileability evaluation function Q, which, by analyzing two vertical and horizontal search areas sv,sh, is able to detect artifacts that may arise when tiling the texture. This gives us an estimation of how tileable the texture is. This estimation can then be used by a sampling algorithm for generating high-quality tileable textures.
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In the following, we first describe our GAN architecture, including our proposal to deal with textures stacks. Then, we describe the sampling process to generate tileable ones.

3.4 Self-Supervised Texture Synthesis with Adversarial Expansion

For each input texture T we train a GAN, whose generator G is able to synthesize novel examples T ′. Unlike other GAN frameworks, which take as input a random vector, we use crops t of the original stack as input to guide the generative sampling, such that, T^′=G(t) for t∈T. The training strategy builds upon the work of Zhou et al. [Zho+18], which uses adversarial expansion to train the network as follows: First, a target crop t ∈ T of 2k × 2k pixels is selected from the input stack. Then, from that target crop t, a source random crop ts ∈ t is chosen with a resolution of k × k pixels. The goal of the generative network will be to synthesize t given ts. This learning approach is fully self-supervised. The generative model is trained alongside a discriminator D, which learns to predict whether its inputs are the target crops t ∈ T or the generated samples T ′ = T˙=G(ts). Figure 3.4 shows an overview of the training strategy.


Figure 3.4: An overview of our training framework for learning to synthesize texture stacks through adversarial expansion. At each iteration, from an input stack T , we randomly crop a target crop t, from which we select a source crop ts. The goal of the generator G is to estimate t given ts. We measure the difference between target and estimated crops using a combination of adversarial, pixel-wise, and perceptual loss functions.
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3.4.1 Network Architecture

SeamlessGAN is comprised of an encoder-decoder convolutional generator G with residual connections, and a convolutional discriminator D. So as to be able to synthesize textures of multiple different sizes, the networks are designed to be fully-convolutional. We follow the residual architectural design in [Zho+18], with two extensions: First, building on recent advances in style transfer algorithms, we use Instance Normalization [UVL16] before each ReLU non-linearity in the generator and each Leaky-ReLU [MHN13] operation in the discriminator. This allows to use normalization for training the networks without the typical artifacts caused by Batch Normalization [Cho+18; Des+18; NK18; Kur+19]. Second, in order to allow for the synthesis of multiple texture maps at the same time, we propose a variation in the generator architecture. In the following, we describe the details of each component, with a particular focus on the elements that are different from [Zho+18].

Generator

The generative architecture proposed is comprised of three main components: An encoder E, which compresses the information of the input texture t into a latent space, x0←E(t), with half the spatial resolution of the input texture. Then, a set of residual blocks, Ri,i∈{1,l},, which learn a compact representation of the input texture xi←Ri(xi−1)+xi−1. Finally, a stack of decoders G that transforms the output of the last residual block Rl into an output texture T′←G(xl). Residual learning allows for training deeper models with higher levels of visual abstraction and which generate sharper images [He+16; RFB15; Iso+17]. Similar residual generators have been used in unsupervised image-to-image translation problems [Zhu+17a].

Synthesizing a texture stack of multiple maps with a single generative model poses extra challenges over the single map case. Each map represents different properties of the surface, such as geometry or color, resulting in visually and statistically different images. This suggests that independent generative models per map could be needed. However, the texture maps must share pixel-wise coherence, which is not achievable if multiple generative models are used. Inspired by previous work on intrinsic images [Jan+17; YS19; LS18], we propose the use of a generative model that learns a shared representation of all the texture maps, but has different decoders for each of them. The latent space within the generator will thus encode a high-level representation of the texture, which is then decoded in different ways for each different map in the texture stack. Specifically, we train a stack of decoders, G={GA,GN}, one for each map of the stack (albedo and normals in our case).

Discriminator

For the discriminator D, we use a PatchGAN architecture [Zhu+17a; Iso+17; Led+17; Zho+18], which, instead of providing a single estimation of the probability of the whole image being real, it classifies this probability for small patches of it. This architecture has several advantages for our problem. First, it provides local assessments of the quality of the synthesized textures, which we exploit for obtaining high-quality textures. Second, its architecture design allows to provide some control over what kind of features are learned: by adding more layers to D, the generated textures are typically of a higher semantic quality but local details may be lost. A comprehensive study on the impact of the depth of D can be found in [Zho+18].

Loss Function

We train the networks following a standard GAN framework [Goo+14b]. We iterate between training D with a real sample texture stack T and a generated sample T ′. The adversarial loss Ladv is extended with three extra loss terms: L1a,L1n,, and Lstyle; corresponding respectively to the pixel-wise distance between the generated and target albedo, normals, and a perceptual loss. The perceptual loss Lstyle is computed as the sum of the perceptual losses between target and generated albedo maps, and target and generated normal maps. We follow the Gram Loss described in [GEB16b] as our perceptual loss. We weight the total style loss by weighting different layers in the same way described in [Rod+19; Zho+18; GEB16b]. Our global loss function thus is defined as:

L=λadvLadv+λL1aL1a+λL1nL1n+λstyleLstyle                  (3.1)

3.5 Tileable Texture Stack Sampling

3.5.1 Latent Space Tiling

After training, the generator G is able to synthesize novel samples of the texture given a small exemplar of it. Although these novel samples duplicate the size of the input, they are not tileable by default. Previous work [FAW19] showed that by spatially concatenating different latent spaces in a ProGAN [Kar+18] generator, it is possible to generate textures that contain the visual information of those tiles while seamlessly transitioning between the generated tiles. Inspired by this idea, we spatially repeat (horizontally and vertically) the first latent space x0 within the generative model, obtaining a latent field F0. This field is passed through the residual layers Rl and the decoders G to get a texture stack, T^, that contains four copies of the same texture with seamless transitions between them (see Figure 3.3). At first, the latent field F0 shows strong discontinuities at the borders between the four copies. Later, as the texture is passed through the network, these artifacts are progressively transformed into seamless borders by the rest of the residual blocks and the decoder of the model. The intuition behind this idea is that, after training the network with the target texture, each of these latent spaces encode low resolution versions of the input in the spatial domain and semantically-rich information in the deeper layers.

A seamlessly tileable texture stack T^c is obtained by cropping the central region (with an area of 50% of T^) . The predicted texture T^ has 4 × 4 the resolution of the input crop t. Thus, after the cropping operation, T^c has twice the resolution of the input t.

A key parameter to select is the level l at which to split the generative process. As shown in Figure 3.5, generating the latent field F by tiling earlier levels of the latent space forces the network to transform F more times, thus resulting in more seamlessly tileable textures. We confirm the results found in [FAW19] and noticed that generating this latent field at earlier levels of the latent space (l∈{0,1}) yields the best visual results, by allowing for smoother and more semantically coherent transitions between tiles. We thus tile the output of the encoder x0=E(t), before transforming it by the residual blocks Ri.


Figure 3.5: Impact of the latent field level l on the quality of the output textures T^ = G(t), using the same input t. Generating the latent field Fθ early layers (l = 0) generates the best visual results, later layers either create small artifacts (l = 3) or generate unrealistic textures (l = 5). A zoom of the central crop is shown as an inset.

[image: Figure 3.5: Impact of the latent field level l on the quality of the output textures T^ = G(t), using the same input t. Generating the latent field Fθ early layers (l = 0) generates the best visual results, later layers either create small artifacts (l = 3) or generate unrealistic textures (l = 5). A zoom of the central crop is shown as an inset.]


3.5.2 Discriminator-guided Sampling

Our strategy to tile the latent space guarantees that the generated texture is a continuous function with smooth transitions between the boundaries of the tiles. However, in contrast to the algorithm in [FAW19], where the latent spaces are drawn from random vectors, ours are encoded representations of input textures. Thus, the selection of the input that the network receives plays an important role on the quality of the output textures. As shown in Figure 3.6, not all the generated textures are equally valid. This selection can be posed as an optimization problem: t∗=argmaxtQ(G(t)), where the goal is to find the crop t* that maximizes the quality Q of the generated texture G(t)=T^c. To solve this optimization problem, one option could be to pose it as an optimization in the generative latent space. However, we found that a simpler solution based on sampling already provides satisfactory results. The remainder of this section explains the sampling process and the quality metric.


Figure 3.6: Outputs of D for textures of different qualities. (a) The generated albedos T^1 are artifact-free on the search areas (b), thus the discriminator D(T^1) is fooled to believe T^2 cannot fool the discriminator, which finds artifacts on the central areas D(T^2) (d).
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Sampling By using a fully-convolutional GAN, our model can generate textures of any size, hardware being the only limiting factor. This is key for tileable texture synthesis as, even if a given texture is seamlessly tileable, larger textures require fewer repetitions to cover the same spatial area, which ultimately results in fewer repeating artifacts, as illustrated in Figure 3.7 (a). There are two main challenges when finding tileable textures: the input texture needs to contain the distribution of the existing repeating patterns, and the input tile itself must not create strong artifacts when tiling the latent spaces of the generator.


Figure 3.7: SeamlessGAN can generate multiple tileable outputs from the same sample T. By cropping different parts of T , we can feed the generator G with different inputs tc (shown on the left), generating tileable textures T^c of different sizes. On the example at the top (a), the synthesized images are tiled so they cover the same spatial extent, which shows that, even if the textures are tileable, larger textures generate fewer repeating artifacts. (b) Shows the tile resulting from sampling different parts of the input image.
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Our goal is thus to find the largest possible tileable texture stack. To do so, we sample multiple candidate crops for a given crop size c∈{cmin,cmax} is the resolution of the input T. We sample crop sizes starting at the largest possible size c=cmax, and stop when we find a suitable candidate according to the tileability metric Q. As shown in Figure 3.7 (b), this sampling mechanism also allows us to generate multiple tileable candidates for a single exemplar if we choose different parts of T as input.

Discriminator-guided Quality Function, Q The second component of our sampling strategy is the quality function used to determine whether a stack is tileable or not. We observed that the artifacts appear on vertical and horizontal frames around the center of the textures (Figure 3.6). This is likely caused by strong discontinuities or gradients on the same areas of the tiled latent spaces, which the rest of the generative network fails to transform into realistic textures. Following recent work on generative models [SSK20], we use the discriminator D as a semantic-aware error metric that can be exploited for detecting local artifacts in the generated textures. This can be done in our case because the global loss function contains pixel-wise, style, and adversarial losses. The adversarial loss learns the semantics of the texture, whereas the L1 and style losses model color distances or repeated patterns [Rod+19]. This combination of loss functions allows us to balance textural, semantic, and perceptual color properties.

We thus design a quality evaluation function Q that estimates if the generated texture stack T^c is tileable, looking for artifacts on a central area, S∈D(T^c) of the discriminator. This area is composed of two regions, S=sv∪sh, where Sv is a vertical area, and Sh is an horizontal one, both centered on the output of the discriminator (Figure 3.3). The function Q leverages the fact that D outputs 0 when it believes a patch to be synthetic. However, as the values are sample-dependent, we establish a threshold τ∈ℝ using the values of the rest of the image S as a reference τ=γ⋅min(Sr), where Sr=D(T^c)∩S¯ is the remaining part of the image, and γ∈ℝ is a threshold that allows to control the sensitiveness of Q. Consequently, Q(T^c) is 1 if min(sv) and min(sh) are greater or equal than τ, considering the texture as tileable, and 0 otherwise. The goal of Q is to estimate whether or not the central areas, where discontinuities may be present, are as realistic as the rest of the texture. It works as a classification function which returns a high value if the texture is identified as real by the discriminator in such areas. This allows us to create a sampling strategy that distinguishes between images with local artifacts from seamless textures. By using minimum values instead of the mean estimation of the discriminator, our quality metric focuses on detecting artifacts which may arise during the latent space tiling operation.

3.6 Implementation Details

As described in Section 3.4, we follow a standard GAN training framework, by iterating between training the discriminator and the generator. We use a batch size of 1, and an input size of k = 128. All weights are initialized by sampling a Gaussian distribution N (0, 0.02), following standard practice [Zhu+17a]. G has l = 5 residual blocks with ReLU activations, and D is comprised of 5 convolutional layers with Leaky-ReLU non-linearities, and a Sigmoid operation at the end. We use a stride of 2 for the downsampling operations in E and transposed convolutions [LSD15] for upsampling in the decoders G. We weight each part of the loss function as: λadv=λstyle=1,andλL1a=λL1n=10..

The networks are trained for 50000 iterations using Adam [KB15], with an initial learning rate of 0.0002, which is divided by 5, after iterations 30000 and 40000. Aside from random cropping, we do not use any other type of data augmentation method. The models are trained and evaluated using a single NVIDIA GeForce GTX 1080Ti. Even if training takes around 40 minutes for each texture stack, once trained, the generator can generate individual new samples in milliseconds, before checking for tileability. We use PyTorch [Pas+19] as our learning framework. To accelerate the training process, we leverage mixed precision training and automatic gradient scaling [Mic+18]. Every operation in the training pipeline is done natively in GPU using Torchvision [MR10]. These optimizations allow us to train the networks one order of magnitude faster than previous methods [Zho+18]. The input textures T tested in this chapter have, on average, 500 pixels in their larger dimension, for which our method can generate tiles of at most 1000 pixels. We use Photometric Stereo [Ike81] for computing the normals of fabric textures, and artist-generated normals for the other samples.

We tile the latent space at its earliest level (Fl,l=0), as it provides the best quality results, as shown in Section 3.5.1. For identifying the tileability of textures, we use a search area S that spans a 20% of each spatial dimension of the textures. For all the results shown, γ = 1. We choose cmin=100 pixels , and cmax equal to the resolution of the whole input texture. This means that for the level of cmax, only one texture is sampled. For each c<cmax, we sample 3 different random crops. Typically, for the results shown in this chapter, a tileable texture stack is found at high-resolution crop sizes, c≥cmax−10, thus needing to sample and evaluate less than thirty random crops before finding a satisfactory solution. This entire sampling procedure takes less than five minutes.

3.7 Experiments

In this section, we evaluate two of our main contributions: first, in Section 3.7.1 we study the impact of the design choices of the generator G to synthesize a multi-layer texture stack, and second, the quality of the tileable texture synthesis through several ablation studies. We study the inter-map consistency in Section 3.7.2, and the impact of the loss function in Section 3.7.3. Finally, we compare our method with methods on tileable texture synthesis (Section 3.8).

3.7.1 Generator G Design

One of the main challenges when synthesizing texture stacks using a single generator is to preserve the low-level details of each of the texture maps whilst maintaining the local spatial coherence between them; if this coherence is lost, renders that use the synthesized maps will show artifacts or look unrealistic. We propose two different variations of the single-map generative architecture G presented in [Zho+18], each of which makes different assumptions on how the synthesis should be learned taking into account the particular semantics and purpose of each map. A diagram of each proposed architecture is shown in Figure 3.10. For a fair evaluation, we follow the criteria that both networks must have approximately the same number of trainable parameters.

Our baseline, G1, treats the texture stack as a multiple-channel input image, and entangles every texture map in the same layers. It assumes that the maps in the stack share most of the structural information and, as such, there is no need to generate them separately. Thus, the last layer in the decoder outputs every texture map. Our proposed alternative architecture, G2 finds a shared representation of each texture map, but has a separate decoder for each of them. As such, the residual blocks are shared for all the texture stack, but each decoder can be optimized for the semantics and statistics of each particular map.

To quantitatively evaluate which architecture produces the highest quality output we compare the original texture with the generated one using standard metrics: SSIM, Si-FID, and LPIPS. The Structural Similarity Index Measure (SSIM) [Wan+04] is a perceptual-aware metric, working on the pixel space, that measures the similarity in structural information, and may be appropriate to evaluate synthesized textures. The Si-FID [SDM19] is a single image extension of the Fréchet Inception Score (FID) [Heu+17], which measures the difference in deep latent statistics between natural and artificially generated images. Finally, we use the Learned Perceptual Image Patch Similarity (LPIPS) [Zha+18] as a perceptual distance metric in deep image spaces. This metric is widely used for evaluating generative models [Kar+20b; Hua+18b; Cha+19; Alm+18; Mar+20].

The baseline G1 shows more artifacts than G2, most likely due to the fact that the generation parts of the network are not fully separated. A quantitative evaluation is shown in Table 3.1, showing that G2 outperforms G1 from perceptual and statistical standpoints. Those metrics require the input and target images to have the same spatial dimensions. To obtain this, we crop the 50% center area of each generated stack, which doubles the dimensions of the inputs due to the adversarial expansion approach we follow, and compare them with the input textures. In summary, G2 allows to generate textures that better preserve the properties of the input images without any additional computational cost and without requiring to modify the loss function, or the discriminator design.


Table 3.1: Quantitative comparison between our variations of the generator G. We show the average results on different metrics across different texture stacks, separated by maps. As shown, G2 outperforms its baseline across metrics and texture maps. G1 only yields better scores at the Si-FID metric on the normal map. Higher is better for SSIM, while lower is better for Si-FID and LPIPS




	
	
	SSIM [Wan+04] ↑

	Si-FID [SDM19] ↓

	LPIPS [Zha+18] ↓






	G1

	Albedo

	0.2774

	0.3462

	0.4826




	Normals

	0.2364

	0.3636

	0.4870




	G2

	Albedo

	0.3123

	0.3275

	0.4377




	Normals

	0.2921

	0.4019

	0.4340








3.7.2 Inter-map Consistency

Whilst our generators G can generate high-quality tileable pairs of albedo and normal maps, there is no guarantee that those maps are pixel-wise coherent, as no part in the loss function explicitly accounts for this relationship. The Lstyle loss is computed separately for each map in the texture stack, which may generate non-coherent gradients. Furthermore, our architecture of choice G2 separates the decoding of each map in different parts of its architecture, which may hinder the generation of spatially-coherent maps. Nevertheless, we show that this is not a problem in practice. Figure 3.8 shows crops of our synthesized texture maps. It can be seen that pixel-wise coherency between maps is preserved even for challenging geometric structures. We argue that the role of the discriminator is key to detect inter-layer inconsistencies by yielding lower probabilities for non-coherent maps. Even if separating the decoders may increase the risk of incoherent texture maps, this coherence is forced by the discriminator during training. To test this empirically, for the textures in Figure 3.8, we fed the discriminator with a crop of the original stack, a crop with the normals translated 5 px, and translated 100 px, for which we obtain average values of 0.99, 0.35, and 0.32, respectively. This suggests that, since during training, the discriminator receives the entire texture stack at once, it learns to identify spatial inconsistencies between maps.


Figure 3.8: Crops of synthesized textures using our method. We observe that pixel-wise coherence between maps is preserved.
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3.7.3 Loss Function Ablation Study

As described in Section 3.4, the generator G is trained to minimize a loss function, which is comprised of adversarial, perceptual and pixel-wise components. Each of these have different impacts on the output synthesis. We hereby study the impact of each of these components.

To better isolate the impact of each metric, we perform this study using a limited generator that only outputs albedo maps. As we show in Figure 3.9, the adversarial loss Ladv provides high-level semantic consistency, the L1 norm acts as a regularization method which removes artifacts, while the perceptual loss Lstyle adds additional details to fully represent the texture. Similar findings are reported in [Zho+18]. None of these loss functions yield compelling or artifact-free results on isolation, being the adversarial loss the most important factor of the global function.


Figure 3.9: Ablation study on the impact of the loss function on the quality of the synthesized textures. We evaluate each network using the same input, marked using a blue box. As shown, training G using the full loss function yields the best results. Each component is weighted by a λ, as specified in Section 3.6.
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3.8 Results and Comparisons

Most tileable texture synthesis methods have not shown results in synthesizing texture stacks. While adding this capability is reasonably easy for some non parametric methods [Li+20; Rod+19], others require major changes in their design. In particular, as we have shown in Section 3.7.1, expanding the architecture of deep learning methods for generating more than one map requires special attention to balance the map’s interdependence with the network’s capacity and expected quality. Therefore, in this section, in order to be able to compare our method with other works, we use a reduced version of our generator that only outputs a single albedo map.


Figure 3.10: A comparison of the results of our proposed architectures. Separating the decoders of the network for each map (G2) outperforms the joint-decoder baseline (G1) for both texture maps in the stacks. It generally allows for more varied albedo maps, with a more correct structure and style; as well as more accurate and sharper normal maps. The outputs in this figure are not tiled, for improved visibility of the artifacts created by G1. In blue, we show an up-sampled crop of the output textures.
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Qualitative Analysis First, we compare with the Texture Stationarization algorithm proposed in [Mor+17] using examples taken from their own dataset, as their code is not publicly available. A key difference between both methods is that, while their method aims to maximize the stationarity properties of the textures using external metrics, our method learns them from the texture itself, using a self-supervised approach. This results in our method better preserving the content of the original input. As shown in Figure 3.11, our method shows compelling results for the kind of textures shown in their paper. In the fence example, our methods better preserves the vertical straight lines. For the wall example, both methods shows compelling results, capturing a different repetition pattern.


Figure 3.11: A comparison with the work on Texture Stationarization by Moritz et al. [Mor+17], using textures from their dataset. The results are tiled 2 × 2 times to help visualization.
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As Moritz et al.’s dataset contains mainly textures of human-made environments, we gather a different set of images of greater variety in their regularity and content. Figure 3.12 shows a comprehensive comparison with the other methods. The work by Li et al. [Li+20], based on Graph-Cuts, works reasonably well if the transformation can be done locally at the seams but fails when the required changes are global, as happens in the basket. The Repeated Pattern Detection algorithm proposed by Rodriguez-Pardo et al. [Rod+19] is not able to handle many of these challenging cases, which do not represent grid-like textures, as in the bananas or stars. The Periodic Spatial GAN (PSGAN) proposed by Bermann et al. [BJV17] generates artifacts, not maintaining the content of the texture, as in the daisies or the hieroglyph examples. A similar effect is observable in the method of [Nik+21], which uses self-organizing representations through neural cellular automata. The output of the method is seamless but the integrity of the original texture is not preserved in many cases, for example, in the hieroglyph or the stars.


Figure 3.12: Comparison with previous methods. On the left column, we show the input textures. From left to right, the synthesized results of Histogram Blending, by Deloit et al. [DH19], the GraphCuts algorithm by Li et al. [Li+20], Repeated Pattern Detection by Rodriguez-Pardo et al. [Rod+19], PSGAN by Bergmann et al. [BJV17], Self-Organizing Textures by Niklasson et al. [Nik+21]; and ours. Outputs are tiled a similar number of times (at least twice in each dimension) for better visualization. Our method generally captures better the overall structure of the texture, while providing seamless and seman-tically coherent borders, for enhancing tileability. From top to bottom, we sample c = 4, 12, 5, 17, 13, 1, 19 and 43 input crops before obtaining a tileable texture.
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Our method favors keeping high-level and bigger semantic structures of the textures, resulting in larger samples with more variety. The modification applied to the texture is the minimum required to make it seamlessly tileable. It provides high-quality outputs for regular textures with uneven illumination and perspective distortion, such as the basket, textures which are greatly irregular, such as the bananas, and stochastic ones, like the strawberry. While non-parametric synthesis methods are typically computationally cheap, obtaining results in less than one minute [Li+20; Rod+19; DH19], at the cost of quality and generality, parametric methods are more expensive and slower. Our method is competitive in computational cost when compared to other parametric synthesis methods. Our entire training and sampling process takes less than 45 minutes. In comparison, PSGAN [BJV17] needs 4 hours to train, the work by Zhou et al. [Zho+18] requires 6 hours, and the method of Niklasson et al. [Nik+21] takes 35 minutes to generate textures limited to 200 × 200 pixels. On the contrary, our method is not limited by the size of the input texture and can synthesize tiles of any size thanks to the fully-convolutional architecture, hardware being the only limiting factor.

Quantitative Comparison Following a similar evaluation scheme as proposed in Section 3.7.1 for measuring the differences between input and synthesized images, a quantitative evaluation is shown in Table 3.2. We use Moritz’s dataset for a fair comparison with every method. The metrics we use for this experiment require that the input and synthesized images have the same resolution. To achieve this, and, in order to account for artifacts in the borders of the generated textures, we tile the synthesized images until they cover the same resolution as their corresponding inputs.


Table 3.2: Quantitative comparison between different methods. We show the average results on different perceptual metrics across a variety of textures.As shown, SeamlessGAN consistently outperforms its counterparts in every studied metric. We tile the outputs until they match the spatial resolution of the input examples. Higher is better for SSIM, while lower is better for Si-FID and LPIPS. We use a color code to highlight best and worst cases.




	
	SSIM [Wan+04] ↑

	Si-FID [SDM19] ↓

	LPIPS [Zha+18] ↓






	Deloit et al. [DH19]

	0.1424

	1.3471

	0.6207




	Li et al. [Li+20]

	0.2086

	0.9529

	0.5818




	Moritz et al. [Mor+17]

	0.1968

	0.7620

	0.5171




	Rodriguez-Pardo et al. [Rod+19]

	0.2144

	1.2958

	0.5137




	Bergmann et al. [BJV17]

	0.1723

	1.4355

	0.5624




	Niklasson et al. [Nik+21]

	0.1753

	1.3171

	0.5328




	SeamlessGAN

	0.2341

	0.6311

	0.4792








Interestingly, methods based on patches [RB19; Mor+17; Li+20] obtain better SSIM and Si-FID scores than previous deep learning-based methods [BJV17; Nik+21]. This difference is not seen in the LPIPS metric. This suggests that patch-based methods preserve better the structure of the input textures than previous neural parametric models. Our method, by combining a variety of loss functions, allows for better preservation of the style and semantic content of the generated textures. Furthermore, our latent space manipulation algorithm allows for seamless borders between tiles, outperforming both previous non-parametric and parametric methods in perceptual and structural similarity. The magnitude of the Si-FID metric varies significantly between the values obtained in Table 3.1 and Table 3.2, which indicates that this metric may be overly sensitive to the global statistics of the dataset.

Limitations and Discussion Our method is inherently limited by the capabilities of the adversarial expansion technique to learn the implicit structure of the given texture. That is, if the input does not show enough regularity, the adversarial expansion fails, as shown in Figure 3.13. It is interesting to see that the synthesis of the dotted texture fails to reproduce the larger dots, as they are very scarce. However, the remaining structure is very well represented.


Figure 3.13: A limitation of our texture synthesis algorithm: Left: Input texture stacks; right: synthesized stacks. The network fails to replicate the pattern if the occurrence is not frequent enough, as we can see in the base color of these two examples. On the other hand, the synthesized normal map is consistent as its repetitive structure is seen frequently by the network.
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Tiling single texture maps, even if they contain seamless borders, may generate perceptible repetitions. This is an intrinsic limitation of any single sample tileable texture synthesis. Approaches such as Wang Tiles [Wan+04] can tackle these limitations, but have additional disadvantages like increased memory and run-time consumption, rendering them less practical for real-time applications. Alternatively, procedural methods [Gue+20] are the most effective way to generate material samples preserving textural properties at multiple scales; however, present several limitations in the range of materials that can be generated to make them fully usable.

3.9 Conclusions and Future Work

In this chapter, we have proposed a deep parametric texture synthesis framework capable of synthesizing textures into tileable single-tiles, by combining recent advances in deep texture synthesis, adversarial neural networks, and latent spaces manipulation. Our results show that our method can generate visually pleasing results for images with different levels of regularity and homogeneity. This work is the first method capable of exploiting properties of deep latent spaces within neural networks for generating seamless textures, and opens the opportunity for end-to-end tileable texture synthesis methods without the need for manual input. Comparisons with previous state-of-the-art methods show that our method provides results which better maintain the semantic properties of the textures, while being able to synthesize multiple maps at the same time.

Our method can be improved in several ways. First, the adversarial expansion framework, while powerful, it has some potential pitfalls that hinder its widespread applicability. The same neural architecture is used for every texture but, as discussed, different choices on the architecture make different assumptions on the nature of the textures. We have proposed a generic architecture that works well for many examples, but recent advances in Neural Architecture Search [Mel+21] may provide better priors on the optimal neural architecture to use for each sample. Furthermore, each texture synthesis network is trained from scratch. This is not only computationally costly, but learning to synthesize one texture may help in the synthesis of other textures, as shown by [Liu+20]. Fine-tuning pre-trained models for generating new textures may provide cheaper syntheses. Besides, our discriminator, while capable of detecting local artifacts, provides little control for separating such artifacts and global semantic errors. Recent work on image synthesis may provide guidance onto designing better discriminative models [SSK20], training procedures [Yun+19; Sin+21], image parametrizations [Wan+20a; HZ21; Nik+21] or perceptual loss functions [Hei+21].

Second, we proposed a synthesis solution based on manipulating latent spaces within the generative model, but explicitly training the network to generate tileable textures may provide better results than our approach. Besides, our sampling procedure could be extended for better selection of textures, by comparing histograms of the activations of the discriminator on the selected central area, instead of simply comparing minimum values.

Finally, our method has the advantage of being fully automatic, however, pre-processing the texture images so they are more easily tileable can help the synthesis process. For example, automatically rotating the textures so their repeating patterns are aligned with the axes was studied by [Rod+19]. Powerful methods for artifact [Dek+15] and distortion [Li+19] removal could be applied as a pre-processing operation to the input textures before training the generative models, or as additional components to their loss function for improving tileability or homogeneity.

3.A Additional Details

Training details: We use PyTorch [Pas+19] as our learning framework, and Adam [KB15] as our optimization algorithm. For it, we use an initial learning rate of α = 0.0002, which is divided by 5, after iterations 30000 and 40000. The networks are trained for a total of 50000 iterations, using a batch size of 1.The momentum parameters are kept to the default values of β1=0.9 and β2=0.999, and ϵ=10−8. We additionally apply an L2 regularization of 10−5 to the optimization of both networks, which may help obtain better synthesized images [Kur+19]. This configuration is the same for the training of both the discriminator and the generator. In contrast to other work in unsupervised image generation [Zhu+17a], both networks are updated after each iteration. The models are trained and evaluated using a single NVIDIA GeForce GTX 1080Ti, leveraging half-precision training and automatic gradient scaling [Mic+18]. Evaluation is done in half precision for faster inference and reduced memory consumption. Using reduced numeric precision does not yield worse synthesized textures.

Network architecture: We follow closely the architectures defined in [Zho+18]. For the Generator G, we use replication padding as the padding method for the entire architecture, ReLU non-linearities, and Instance Normalization [UVL16] before each non-linearity. This network receives textures of 3×k×k pixels, which are first processed by an encoder E, which transforms it to a 256×k4×k4 latent vector x0. Following standard practice on residual convolutional networks [He+16], the first layer of E is comprised by 64 7 × 7 convolutional filters. The rest of the network, unless stated otherwise, uses standard 3 × 3 kernels. This latent vector is further processed by 5 residual blocks xi←Ri(xi−1)+xi−1, which maintain the latent vector dimensions. Then, a decoder G takes x5 and, using three convolutional layers with transposed convolutions [LSD15], followed by ReLU operations, it returns the estimated texture, with 2k×2k resolution. As in the encoder, the last layer of G contains 64 7 × 7 convolutional filters. There are as many decoders G as individual maps in the texture stack. When tiling the latent space x0, this doubles it spatial resolution, thus becoming a 256×k2×k2 latent vector. As such, once processed by the residual blocks and the decoders, the network outputs a 4k×4k texture stack.

For the discriminator D, we simply follow a PatchGAN architecture [Zhu+17a; Iso+17; Led+17; Zho+18], which outputs local estimations of the probability of the input image being real or generated. We use 4 blocks of layers, each comprised of, in order, a convolutional layer with 4 × 4 kernels, an Instance Normalization [UVL16] layer, and a Leaky ReLU non-linearity [MHN13]. We use a stride of 2 in the first and last layers to decrease the dimensions of the latent representations. The first block of layers contains 64 trainable kernels, which are doubled after each block. The last layer thus contains 512 trainable filters. In the last layer, we remove the normalization operation and substitute the non-linearity by a Sigmoid operation, to transform the output into the (0, 1) range. The discriminator receives 2k×2k resolution stacks, and outputs a 1×k2×k2 resolution estimation map.

3.B Additional Comparisons, Results and Ablations

In this section, we outline the implementation details used for our comparison with other tileable texture synthesis methods, which included Histogram-Preserving Blending by Deliot and Heitz [DH19], Graph-Cuts synthesis by Li et al. [Li+20], Repeated Pattern Detection by Rodriguez-Pardo et al. [Rod+19], Periodic Spatial GAN by Bergmann et al. [BJV17] and Self-Organizing Textures by Niklasson et al. [Nik+21]. We also provide further results in Figure 3.15 and an ablation study on the size of the model architectures in Figure 3.14.


Figure 3.14: An ablation study on the influence of the number of layers in each model in the quality of the generated outputs. We evaluate each network using the same input, marked using a blue box. We compare evaluate the influence of using discriminators with L ∈ {3, 4, 5} layers, marked as DL and generators with L ∈ {4, 5, 6} residual blocks, marked as GL. We show the configuration we use for every experiment in this chapter using a green box. On the bottom of each image, we show the training time for 50000 iterations. As shown, using a discriminator with 3 layers yields repetitive large-scale patterns, due to its reduced receptive field. Using DL = 5 yields marginal improvements with respect to DL = 4, with the cost of increased runtimes. In terms of GL, we find that there are no significant visual differences between using 5 or 6 residual blocks, but we favor the former due to its reduced training time.
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Figure 3.15: More examples on the capabilities of SeamlessGAN on generating multiple tileable textures from a given input. On the left, we show the input sample T and four crops used for generating tileable maps. On the middle column, the outputs of the generative model are shown. On their right, the same textures are tiled 2 × 2 times for visualization purposes.
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Histogram-Preserving Blending We use the implementation provided by the authors. The only hyperparameter to be changed is the blending border size, which is set to the default value of 33% for all the textures.

Graph-Cuts synthesis To allow for comparison between single-map texture synthesis methods, we run this method to output only the albedo map, using the default values of λd = 1, a ratio of 0.64, a crop ratio of 0.6 and a margin size of 72 pixels. The images are not rescaled to any input or target size, instead, we use their original resolution.

Repeated Pattern Detection This paper proposed the use of some preprocessing methods for improving the regularity of the input images, which were not used for our comparison. We use their default hyperparameter values, including δ=0.65,λ=0.8, and the deep perceptual loss weighting proposed in [GEB15a].

Periodic Spatial GAN This method can handle both single-image and multiple image datasets. We are interested in the former, and, as such, each GAN is trained using only one texture sample. We train their model using Theano [Al-+16], and use their default configuration of a learning rate of 0.0002, a β1 = 0.5 as the momentum term for the optimization algorithm, a batch size of 25, and train their network for 10 epochs, each comprised of 25000 training steps. The network parameters and sizes are exactly as defined in the paper.

Self-Organizing Textures This method is computationally expensive and, as such, it requires that the input textures are rescaled to 128 × 128 pixels. We train their method using Tensorflow [Aba+16] for 5000 iterations. We use the default training configuration, with a starting learning rate of 0.002, which is then reduced by half at iterations 2000 and 4000. We do not modify the image parametrization design or loss function in any way.


Figure 3.16: Additional comparison with previous methods. From left to right, top to bottom: Input texture, the results of Histogram Blending, by Deloit et al. [DH19], the GraphCuts algorithm by Li et al. [Li+20], Texture Stationarization by Moritz et al. [Mor+17], Repeated Pattern Detection by Rodriguez-Pardo et al. [Rod+19], PSGAN by Bergmann et al. [BJV17], Self-Organizing Textures by Niklasson et al. [Nik+21]; and ours. Outputs are tiled a similar number of times (at least twice in each dimension) for better visualization. Our method generally captures better the overall structure of the texture, while providing seamless and semantically coherent borders, for enhancing tileability. From left to right, we sample c = 27, 36, 29, 1, 17, and 7 input crops before obtaining a tileable texture.
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_______________________________

1 Additional publication details and results are included on the project website.

CHAPTER 4. NEURAL FIELDS FOR BTF ENCODING AND TRANSFER


Figure 4.1: On the left, renders generated with NeuBTF materials. On their right, a slice of the input training BTF and the guidance image onto which we propagate the BTF measurements.
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Neural material representations are becoming a popular way to represent materials for rendering. They are more expressive than analytic models and occupy less memory than tabulated BTFs. However, existing neural materials are immutable, meaning that their output for a certain query of UVs, camera, and light vector is fixed once they are trained. While this is practical when there is no need to edit the material, it can become very limiting when the fragment of the material used for training is too small or not tileable, which frequently happens when the material has been captured with a gonioreflectometer. In this chapter, we propose a novel neural material representation that jointly tackles the problems of BTF compression, tiling, and extrapolation. At test time, our method uses a guidance image as input to condition the neural BTF to the structural features of this input image. Then, the neural BTF can be queried as a regular BTF using UVs, camera, and light vectors. Every component in our framework is purposefully designed to maximize BTF encoding quality at minimal parameter count and computational complexity, achieving competitive compression rates compared with previous work. We demonstrate the results of our method on a variety of synthetic and captured materials, showing its generality and capacity to learn to represent many optical properties. The contributions in this chapter led to the following publication, currently under review:


[image: ]


“NeuBTF: Neural Fields for BTF Encoding and Transfer”

Carlos Rodriguez-Pardo, Konstantinos Kazatzis, Jorge Lopez-Moreno, Elena Garces

Under Review (2023)

4.1 Introduction

A common approach to modeling real-world spatially-varying materials in computer graphics is through the use of Bidirectional Texture Functions (BTFs). This type of representation models the dense optical response of the material, and is more general than analytic representations such as a microfacet SVBRDF. However, BTFs typically occupy large amounts of memory. Recently, neural material representations are being proposed as an learning-based alternative to tabulated BTFs, providing a more compact solution while keeping the flexibility and generality of BTFs.

Creating digital representations of real material samples requires using an optical capture device, such as a gonioreflectometer [Gar+23], a smartphone [Des+18; Des+19; Guo+20b; Hen+21], or a flatbed scanner [Rod+23a]. During the process, several choices must be made. First, it is important to select a patch of the material that contains enough spatial variability. Second, a process śautomatic or manualś must be found to produce a tileable material that can be used to create seamless 3D renders. Finally, resources must be allocated for storage as needed. Making these choices when dealing with implicit or tabulated representations, such as in BTFs or neural materials, is particularly crucial. Once these representations are trained or captured, they cannot be easily modified and it is only possible to query them using the UVs, light, and camera vectors.

In this chapter, we propose a novel neural material representation that addresses these issues. Unlike existing neural approaches that are immutable once trained [Rai+19; Kuz+21; Rai+20; Kuz+22], our model can be queried a test time with a guidance image that conditions the neural BTF to the structure provided by the guidance image. Our approach resembles synthesis by example and procedural processes, and can be used to extrapolate BTFs to large material samples, as well as to easily create tileable ones. Furthermore, our method achieve better compression rates than previous work on neural BTF representations.

To achieve this, we present a novel deep learning method that works at two steps. In the first step, we condition the neural BTF using a guidance image as input. To this end, we use an autoencoder that outputs a high-dimensional latent representation of the material, a neural texture, which jointly encodes reflectance and structural properties. In the second step, the UV position of the latent representation, along with the camera and light vectors, are decoded by a fully-convolutional sinusoidal decoder [Sit+20], a neural renderer to obtain the RGB values. Using a single BTF as input, we train the network end-to-end using a custom training procedure, loss function, and data augmentation policy. This policy, inspired by recent work on attribute transfer [RG21] (Chapter 2), allows the autoencoder to encode the relationship between structural features and reflectance, enabling the propagation of the BTF to novel input guidances. Once trained, the novel input guidances may come from the same material, a different material, or a structural pattern. An input guidance of the same material can be used to extrapolate the BTF to larger samples or create tileable BTFs, provided the input guidance is tileable. If the input guidance is a structural pattern, the local features can be used to synthesize novel materials.

In summary, we propose the following contributions:



• The first neural BTF representation with conditional input that can be used to extrapolate BTF measurements, easily create tileable BTFs, and synthesize novel materials.

• We show how to leverage our system for rendering large-scale and tileable neural BTF generation using measurements captured with small portions of the material.

• We demonstrate that our method works with synthetic and captured materials of diverse optical properties, including colored specular or anisotropy.

4.2 Related Work

An accurate method for representing the optical properties of materials is through Bidirectional Texture Functions (BTFs) [Dan01]. BTFs are 6D functions that characterize all possible combinations of incoming and outgoing light and camera directions for the 2D spatial extent of a material. Although they are successful in representing materials, they have a major drawback in terms of memory requirements. Therefore, BTF compression has been a major research topic [FH08]. Non-neural approaches used dimensionality reduction techniques such as Principal Component Analysis (PCA) [Kou+03; MMK03; WGK14], vector quantization [HFM10], or clustering [Ton+02]. However, these approaches were recently surpassed by neural models [HS06] due to their flexibility and superior capacity to learn non-linear functions.

Neural BTFs Rainer et al. [Rai+19] proposed the first method to use deep autoencoders to compress BTFs, surpassing PCA [WGK14] on captured BTFs. However, this approach required training a single neural network per material. To address this limitation, a later work by the same authors [Rai+20] proposed a generalization of this idea in which a single network was able to generalize to a variety of materials. Although these methods were very effective for compressing flat materials, they had some limitations when it came to modeling materials with volume. In their work, Kuznetsov et al. [Kuz+21] improved the quality of neural materials by introducing a neural offset module that captures parallax effects. Further, their method also allowed for level-of-detail though MIP mapping by training a multi-resolution neural representation. However, grazing angles and silhouette effects remained a challenge for this approach. In a subsequent work, Kuznetsov et al. [Kuz+22] explicitly trained the network using queries that span surface curvatures, effectively handling these cases. Representing fur, fabrics, and grass with neural reflectance fields was explored by Baatz et al. [Baa+22] who proposed a representation that jointly models reflectance and geometry

All of these approaches share the idea of querying neural material using UVs, camera, and lighting vectors, but do not provide any functionality for modifying the material once the network is trained. In contrast, our approach can take a guidance image as input, which conditions the output to generate material variability.

Material Synthesis and Tiling Texture synthesis is a long-standing problem in the field of computer graphics. The goal is to reconstruct a larger image given a small sample, leveraging the structural content and internal statistics of the input image. This concept has been used for synthesizing single images, BTFs, and full material models. For images, the most common strategies include PatchMatch [Dia+15], texture transport [AWL15], point processes [Gue+20; LH06], or neural networks [EM17; Zho+18; FAW19; RG22]. BTF synthesis, however, has received less attention. Steinhausen et al. [Ste+15a; Ste+15b] extrapolated

 BTF captures to larger material samples using non-neural texture synthesis methods. For full materials, Li et al. [LPG19] captured the appearance of materials by first estimating their BRDF and then synthesizing the high-resolution micro-structure from a dataset of measured SVBRDFs. Nagano et al. [Nag+15] measured microscopic patches of the skin and used a convolutional filter to propagate the measurements to a spatially-varying texture. Deschaintre et al. [DDB20] used an autoencoder to propagate SVBRDFs to large material samples. Also recently, Rodriguez-Pardo and Garces [RG21] propagated any kind of visual attribute having a single image as guidance. Their approach shares some similarity to ours, although they transfer 2D image attributes, while we transfer the full BTF.

Procedural models [Hu+22b; Zho+23; Zho+22] are nowadays very successful for generating tileable materials. Thanks to the use of a tileable template, these methods adjust the generated image to the features available in the template. As we show, our approach can also work with a binary template as input. However, guaranteeing predictable outputs given this kind of input is out of the scope of our technique, which can transfer BTF measurements having as input a guidance image of the same material.

Other Neural Representations in Rendering Limited to BRDFs, neural networks trained with adaptive angular sampling have been explored to enable importance sampling [Szt+21], needed for Monte Carlo integration. Deep latent representations also allow for BRDF editions. For example, Hu et al. [Hu+20] demonstrate that autoencoders can outperform classic PCA for the purpose of editing. Other applications of neural encodings in rendering are numerous. For instance, they have been used for scene prefiltering [BSK23], where geometry and materials are simplified to accommodate the LoD of the scene using a voxel-based representation and trained latent encodings. For anisotropic microfacets, Gauthier et al. [Gau+22] propose a cascaded architecture able to adjust the material parameters to the MIP mapping level. Encoding light transport using neural networks for real-time global illumination has also been explored [Rai+22; GMX22], showcasing promising results.

4.3 Method

We present an overview of our approach in Figure 4.2, where we show our inference and training pipelines. Our goal is twofold: First, find a compact representation for a BTF through the use of neural networks. Second, enable the extrapolation of the BTF according to guidance images used as input. In Section 4.3.1 we describe our inference pipeline and neural network, and in Section 4.3.2 our training process. Section 4.4 contains specific implementation and design details of the neural networks.


Figure 4.2: An overview of our neural BTF inference and training processes. Top-Inference: Using a guidance image G∈ℝH×W×3, we use our trained autoencoder to generate the Neural Texture A(G)=TG∈ℝH×W×D, which preserves the spatial resolution of the input image but represents a higher-dimensional learned representation. This Neural Texture TG, along with the trained renderer R, can be queried as a regular BTF, using UVs, and target camera and light positions for regular rendering. Bottom-Train: During training, we randomly select an input view Vω~o,ω~i and a target Vωo,ωi. To both views, we apply random rescale and cropping. Then, only to Vω~o,ω~i, we randomly apply hue variations, gaussian blur, and noise, and feed it to the autoencoder, which returns a 2D latent representation of the material. A fully-convolutional decoder with sinusoidal activations receives both this latent space and the target ωo,ωi camera and light angles, and estimates V^ωo,ωi. This output is compared with Vωo,ωi using a multifaceted loss function.
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4.3.1 Inference

Our neural network is composed of three modules: an autoencoder A, a neural texture T∈ℝH×W×D, and a renderer R. The renderer R(T(u,v),ωo,ωi)=RGB takes as input the feature vector at the (u, v) coordinates of the neural texture T , the view ωO and light ωi positions, and returns an RGB value. R acts as a conventional BTF and can be used as such in any render engine. An input guidance image, G∈ℝH×W×3, is used during inference to condition the generation of the neural texture T. This conditioning allows us to propagate the learned reflectance to novel guidance images that can be: a larger sample of the same material, a different material, or a structural image. In the simpler case, the guidance image comes from the BTF used for training, and our process is equivalent to previous work [Rai+19; Kuz+21].

The autoencoder A takes the guidance image G∈ℝH×W×3 as input and outputs a neural texture T∈ℝH×W×D with the same size H×W as the input guidance image but with more latent dimensions D. As a result, each pixel in the guidance image has a higher-dimensional neural representation in T. Because it is trained without explicit supervision, this latent representation can capture the reflectance and structural patterns automatically. Kuznetsov et al. [Kuz+21] also used a latent neural representation of the material, however, lacking the initial autoencoder their approach cannot synthesize novel BTFs without retraining, while our conditioning module allow us to generate novel BTFs during test time. The autoencoder and the renderer are neural networks trained jointly, using an end-to-end image-to-image approach we describe below.

4.3.2 Training

Figure 4.2 (bottom) illustrates our training process. It has two objectives: First, equivalent to regular BTF encoding, we aim to find the mapping between camera direction ωi, light direction wi, and output slices of the BTF: (ωo,ωi)→Vωo,ωi∈BTF. Second, we aim to condition the synthesis process with an input guidance image, G.

To this end, for training, we feed the model with images, Vω~0,ω~i, which are randomly sampled from the BTF, and are subject to additional data augmentation processes.

This extensive augmentation process guarantees invariance to different input variations during test time, like camera or illumination conditions, while keeps consistency of the outputs.

Loss Function Design Our loss function, that compares ground truth slices Vω0,ωi with generated ones R(A(f(Vω~0,ω~i)),ωo,ωi), is a weighted sum of three terms: a pixel-wise loss, a style loss, and a frequency loss,

L=λL1L1+λstyleLstyle+λfreqLfreq                  (4.1)

The main driver of our loss is the pixel-wise norm L1⋅L1 produces sharper results than higher-order alternatives, such as L2 [Iso+17; RG21]. Following [Kuz+21], we apply a θo(x + 1) compression to improve the model results on high dynamic range. This compression is only done to the pixel-wise component of the loss function. Inspired by recent work on texture synthesis, capture and transfer [Mar+20; AWL13; RG22; Rod+23a; Zho+22], we introduce a Lstyle loss to help the model generate higher quality and sharper results. Further, to mitigate the spectral bias of convolutional neural networks and help ameliorate the results further, we also introduce a focal frequency loss into our learning framework [Jia+21]. This combination of loss functions proves effective for our problem, without the need for complex adversarial losses which could reduce efficiency or destabilize training.

Data Augmentation We train our models using a comprehensive data augmentation policy aimed at achieving high quality reflectance propagation, increasing performance and generalization, and allowing for generation of multiple resolution materials at test time. We build upon recent work on material transfer [RG21] and use images of the material taken under different illumination and viewing conditions as inputs to our autoencoder. This helps it generalize to novel capture setups, which allows for multiple applications we describe on Section 4.6. In particular, we use every image available on the input BTF, selected uniformly at random for each element in each batch during training. As in [Tex+20b; RG21; Rod+23a],

we also use random rescaling, which helps the model generalize to new scales, and, and build neural materials of multiple resolutions at test time, as we describe on Section 4.6.3 inspired by recent work on image synthesis [RG21; Tex+20b; RG22], we use random cropping, which helps generalization by effectively increasing the dataset size. Finally, we extend the color augmentation policy in [RG21] with random hue changes across the entire color wheel, and introduce random Gaussian noise and blurs to the input images, to help it generalize further, as proposed in [Rod+23a] (Chapter 5).

4.4 Implementation details

Our model size, function weighting, optimizer and training configuration, and data augmentation hyperparameters were selected using a combination of manual tuning and Bayesian hyperparameter optimization using Weights and Biases [Bie20].

Autoencoder For the autoencoder, we use a lightweight U-Net [RFB15] with a few modifications to tailor it for our problem. Inspired by recent work on CNN design, we leverage ConvNext [Liu+22b] Blocks across our model, with depth-wise convolutions using 5 × 5 kernels. We empirically observe that ConvNext blocks achieve higher quality structural editions at a lower parameter count than vanilla U-Net blocks. To further help convergence and preserve details in the input images, we use residual connections [He+16; Dia+20; Rod+23a] in every convolutional block of the model. We use 1 × 1 convolutions on the skip connections and residual scaling [Kar+20a]. As in [Liu+22b], we use Layer Normalization [BKH16] and GELU non-linearities [HG16]. On the bottleneck of the model, we introduce an attention module [Woo+18] to help the model learn longer-range dependencies. To avoid checkerboard artifacts [ODO16], we use nearest neighbors interpolation for upsampling. Inspired by recent work on tileable material generation [Zho+22], we use circular padding throughout the model. We initialize its weights using orthogonal initialization [ACB19], which helps avoid exploding gradients.

Renderer For the renderer, we build upon SIREN [Sit+20] MLPs, with additional modifications to enhance its performance for our problem. We use 1 × 1 convolutions instead of vanilla linear layers, to allow for end-to-end training using 2D images. Further, we introduce Layer Normalization [BKH16] before each sinusoidal non-linearity, which stabilizes training. Finally, inspired by [Meh+21], we use residual connections [He+16], to help preserve the information of the input vector across the decoder layers. Model weight initialization follows [Sit+20]. With sinusoidal activations, we observe significantly higher reconstruction quality and training dynamics than with ReLU [NH10] MLPs, which are common for BTF compression [Rai+19; Rai+20; Kuz+21]. Because the network is fully-convolutional, it can take as input feature vectors of any size. This is very convenient for our use cases when the input guidance image have a size different from the size of the original BTF used to train it.

Data Generation We generate synthetic ground truth BTF data using a proprietary CPU path-tracer based on the architectures of PBRT [PJH20], Mitsuba [Nim+19] and Wave-front [LKA13]. The scene is set up with a single plane-mesh, and a directional light with unit irradiance rotating around the surface. We use a custom camera for skewed configurations to avoid post processing. We render a total of 81 × 81 = 6561 HDR images, changing the camera and lighting angles for each, following [SSK03]. The data are generated with 16 samples per BTF texel using a 10-core CPU, which takes approximately one hour for 512 × 512 resolution materials. For the rendered SVBRDFs, we use the material model in [Gar+23] (Chapter 2.C), without the transmittance and opacity maps. We use both procedurally and scanned SVBRDFs to generate our sythetic BTFs.

For acquired BTFs, we test on a variety of publicly available datasets, including UBO 2003 [SSK03], UBO 2014 [Rei+14], Atrium, UTIA 2012 [Hai12], or UTIA MAM 2014 [Fil+18]. Each of those has their own spatial and angular resolutions, we refer the reader to their individual specifications and to the Survey in [HS13] for additional details. We use btf-extractor to read the acquired BTF files. Our method works seamlessly with both measured and synthetically generated data without the need to change neither the neural module or the training procedure.

Optimization We use PyTorch [Pas+19] and Torchvision [MR10] for training. We train our models for 300 epochs, using a batch size of 80, and an input crop size of 128 × 128 pixels, as in [RG21; RG22; Rod+23a]. We set an initial learning rate of 0.0015, which we divide by 2 every 100 iterations using a step scheduler. We empirically observe training instabilities using Adam [KB15] on early iterations. To mitigate this, we use RAdam [Liu+19a], which significantly stabilizes training. We also perform gradient norm clipping [Zha+20] (set to maxnorm=10) and an ϵ=10−6. We use a Dropout [Sri+14] rate of 0.1 on the autoencoder and a weight decay of 10−6, to avoid overfitting. To further regularize the models, we leverage mixed precision training and automatic scaling [Mic+18]. This training process takes approximately 3 hours per material on a Nvidia RTX 3060 GPU. These training times are constant regardless of the material spatial resolution. For comparison, our model takes around four times longer to train than previous work [Kuz+21], because we need to optimize the autoencoder parameters and our loss function is multifaceted. Convergence is typically achieved on 100-150 iterations, longer training only helps resolve additional details. A subset of the training set is also leveraged as a validation set, which helps track the model performance on larger images. We use this validation dataset for early stopping regularization. During test time, we evaluate the model using half precision.

Loss Function We weight each part of the loss function as: λstyle=0.25,λfreq=1, and λL1=5. For λstyle, we use the AlexNet variant of LPIPS [Zha+18], which allows for a lightweight yet powerful texture regularizer [RG22; Rod+23a]. This metric expects input on the [−1, 1] range, so we perform a simple 2x − 1 transformation to the model target and output, which lie on the [0, 1] range before computing the loss.

Data Augmentation In order, we apply to both input and target images: random rescales in the range of [0.25, 1.5] and random cropping. Then, only to the input image: random hue changes, random grayscale (p = 0.2), random blurs (p = 0.2, kernel size = 5) and random Gaussian noise (p = 0.2). We empirically observe that higher probabilities, or more complex policies like random erasing [Zho+20] were detrimental to the model performance for some materials. We use Kornia [Rib+20] for these augmentations.

Model Sizes Our autoencoder has 4 hidden layers in the encoder, with a width factor of 5. All other model details follow [RFB15]. The outputs of the autoencoder (e.g. the 2D latent space) are regularized with Layer Normalization [BKH16]. We use D = 14 latent dimensions for our neural materials, following [Kuz+21]. For the decoder, we use 3 hidden layers with 40 neurons each, achieving similar model sizes as previous work on neural BRDF representations [Kuz+21; Szt+21]. Following [Kuz+21], introduce a ReLU non linearity [NH10] to the final layer of the decoder to avoid negative reflectance values.

4.5 Evaluation

4.5.1 Qualitative Analysis

We evaluate NeuBTF on materials from different sources including acquired BTFs from [WGK14; Hai12], and rendered BTFs from procedurally generated and scanned SVBRDFs. In Figure 4.3, we show examples of the results of NeuBTF for a variety of materials with highly complex structures and reflectance properties, like colored specular (first column) or anisotropy (last). We show some additional results in Figure 4.4 for materials of different datasets. As shown, our model achieves high quality reconstructions regardless on the type of data source.


Figure 4.3: Some tileable neural materials achieved with our method. On the top row, we show a slice of the BTF used to train a NeuBTF representation. With the tileable guidance images shown on the middle row, we propagate the neural texture using our autoencoders. These neural textures can be rendered to generate realistic images (bottom). We highlight the training dataset surface area as a green inset.
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Figure 4.4: Qualitative results on a variety of BTFs, from different sources. From left to right, we show results on the UBO [WGK14] BTF dataset, the UTIA [Hai12] BTF dataset and two synthetic materials rendered from Substance SVBRDFs.

[image: Figure 4.4: Qualitative results on a variety of BTFs, from different sources. From left to right, we show results on the UBO [WGK14] BTF dataset, the UTIA [Hai12] BTF dataset and two synthetic materials rendered from Substance SVBRDFs.]


In Figure 4.5, we show a colored visualization for a few channels of the latent neural texture T found for a variety of materials. Because the values for the neural texture are unbounded, to each channel c∈T, we standardize them to 0 mean and unit variance, and apply a sigmoid(c)=1e1−c+1 non-linearity to make the maps comparable. Without any explicit training, the models learn to separate distinct parts of the material. For example, the model finds distinct latent spaces for warp and weft yarns on woven fabrics, or separation between color and geometric patterns. This disentanglement provides clues on why the material propagation is possible, and suggests potential future research directions for fine-grained neural material edition.


Figure 4.5: A selection of latent channels learned by NeuBTF for a variety of materials. We use a colorspace to help visualization. Without explicit supervision, the model internally learns semantically meaningful latent spaces. For instance, in the second example on the left, the two leftmost latent spaces encode geometry, while the other two encode the two distinct colors of the printed pattern over the yarns.
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Finally, we also evaluate whether the encoded materials preserve the geometric properties in their training datasets. We leverage Photometric Stereo [Ike81] to compute surface normals of encoded and ground truth materials. We provide results in Figure 4.6, where we show that the reconstructed surface geometry is accurate albeit noisier, and preserves the structure of the material.


Figure 4.6: Surface normals estimated using Photometric Stereo [Ike81] for ground truth materials and the materials reconstructed by NeuMat. As shown, the encoded materials preserve geometric information without explicit training.

[image: Figure 4.6: Surface normals estimated using Photometric Stereo [Ike81] for ground truth materials and the materials reconstructed by NeuMat. As shown, the encoded materials preserve geometric information without explicit training.]


4.5.2 Compression comparisons with previous work

In Table 4.1, we show the number of trainable parameters on the decoders of different neural BTF compression algorithms. As shown, our model is competitive with previous work in terms of trainable parameters. This is achieved as we use more complex loss functions than previous work, which help regularize the models, and because our sinusoidal MLP achieves higher quality reconstructions for natural signals than ReLU MLPs, as shown in [Sit+20]. NeuMIP [Kuz+21] uses smaller MLPs, however, they require an additional decoder for their neural offset module, which helps them encode parallax effects (See Figure 4.7), for which our model struggles. Our decoder has one order of magnitude fewer parameters than [Rai+19; Rai+20], however, the method in [Rai+20] provides the benefit of fast encoding of new materials, while ours requires a different model for each new material.


Table 4.1: Number of trainable parameters in the decoders and amount of latent texture channels for different neural BTF compression methods, measured using Torchinfo [Yep20]. Exact comparisons are challenging, as [Kuz+21] optimizes a multi-level texture pyramid and [Rai+20] learns a latent vector which can encode novel materials. For neither our method nor [Rai+19; Rai+20], we count the parameters in the encoders, as they are not needed for using the materials on rendering systems.




	Method

	NeuBTF (ours)

	[Kuz+21]

	[Rai+19]

	[Rai+20]






	Decoder Parameters

	3011

	3332

	35725

	38269




	Texture Channels

	14

	14

	14

	38









Figure 4.7: A failure case of our method. Compared to NeuMIP [Kuz+21], which explictly models parallax effects, our model struggles to accurately encode materials with strong displacements, as this synthetic cable knit from Substance3D. For this type of materials, NeuBTF accurately encodes orthogonal viewing angles (top row), however, it struggles at grazing angles (bottom row).
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4.5.3 Limitations

As we show in Figure 4.7, our model struggles with materials with strong displacement. While our method provides accurate encodings on viewing angles close to the material surface, it cannot accurately encode grazing angles for such extreme cases. Displacement maps translate the geometric position of the points over the surface, breaking the underlying assumptions behind our neural texture. NeuMIP [Kuz+21] solves this issue by explicitly modelling parallax effects with a neural offset module. While we did not observe that such extension was needed for acquired BTF data, like the UBO2014 [Rei+14] dataset, introducing a similar module into our editable neural material framework is an interesting future research direction to increase its generality.

4.6 Applications

4.6.1 Reflectance Propagation and Tileable BTFs

Many material reflectance acquisition devices are limited in the surface dimensions they can digitize. This hinders their applicability to many real-world materials, which exhibit variations that cannot be captured at such small scales. Further, in many applications like SVBRDF acquisition, obtaining larger samples of the material improves realism and helps tileable texture synthesis. In this context, previous work on BTF reflectance compression inherits the surface area limitations of the capture devices used to generate their training data. Our method can easily be applied for reflectance propagation. We build upon the work of Rodriguez-Pardo and Garces [RG21] and leverage our encoder to propagate the neural texture optimized using a small portion of the material (e.g. a 1 × 1 cm capture) to a larger portion of the same material, represented with a guidance image captured using a commodity device like a flatbed scanner. Because our model is trained using a large amount of lighting conditions, as in [RG21], the propagation is invariant to how the images are illuminated. We show results of such pipeline in Figure 4.3. For instance, on the last row, we show an anisotropic and specular Silver Jacquard fabric, for which we generated a BTF by rendering a 1 × 1 cm SVBRDF. This small crop cannot represent the complex pattern in the fabric, which we show on the guidance image, which covers a 10 × 10 cm area. Using our encoder, we propagate the neural material to this guidance image, generating a new, high-resolution, latent space which we can render, enabling realistic material representations with a reduced digitization cost. This propagated neural material has a 2000 × 2000 texels resolution, and it requires no retraining during test time.

Relatedly, our propagation framework can also be easily leveraged for generating tileable BTFs. Given any guidance image of the material, we can generate a tileable version of it, either using manual editions by artists or automatic algorithms [Mor+17; Li+20; Rod+19; RG22]. With this tileable input guidance, we can use our autoencoder A to propagate the neural texture T , effectively generating tileable BTFs, as we show in Figure 4.3. This propagation algorithm can leverage state-of-the-art algorithms for tileable texture synthesis without any modification of our material model or training framework. Tileable BTFs were not achievable with previous approximations and this simple pipeline has the potential of enabling novel applications of this type of material representation in rendering scenarios.

4.6.2 Structural Material Edition

Besides propagating BTF measurements to larger portions of the material, NeuBTF allows for generating novel materials using structural editions. Given a trained NeuBTF and a guidance image representing some particular target structure, we can propagate the neural texture to this guidance image, generating high-quality neural materials which preserve the structure of the guidance image and the reflectance properties of the trained neural material. This pipeline allows for easily generating multiple different neural materials without the need for retraining. As we show in Figure 4.8, this propagation method works for many types of input guidances, including vector black and white images, procedurally generated textures, or real photographs of materials and textures. We show results on acquired BTFs and from synthetic BTFs, rendered from scanned and manually generated SVBRDFs. As shown, our propagation frameworks provides high-quality material editions, even for very challenging cases, like the circles pattern.


Figure 4.8: Examples of structural editions allowed by our method on a variety of materials. On the leftmost column, we show guidance images, which represent structures into which we transfer the neural BTF measurements illustrated on the top row. As shown, our method can effectively propagate BTF measurements into many material and structure types, using as guidances either synthetic or real images. The first three materials (leather11, carpet07, fabric01) are taken from UBO 2014 [Rei+14], the linen material is rendered from a captured SVBRDF, while the ceramic material is rendered from an artistic material taken from Substance3D. We show renders generated using θv=θl=0..
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4.6.3 Multi Resolution Neural Materials

Another useful application enabled by our method is the generation of materials at different resolutions. Unlike previous work [Kuz+21], which explicitly optimizes a pyramid of levels of detail during training, we can generate materials at any resolution at test time without introducing any additional complexities to our material representation. Because we train our models using random rescales as a data augmentation policy, they are equivariant to rescales of its input guidance images G↓:R(A(G))↓=R(A(G↓)). As such, we can generate any continuous resolution for a particular BTF by downsampling the guidance image to the target resolution and propagating its neural texture, as we illustrate in Figure 4.9. Note that this algorithm only guarantees accurate results for the rescaling ranges that we use during data augmentation.


Figure 4.9: Our method naturally enables for the generation of different resolutions for the neural materials. We show the input to the autoencoder (top row), the rendered material at θc=75,θl=60,ϕc=ϕl=0 (middle row), and the ground truth image at those positions (bottom), at different resolutions (columns). We achieve this by downsampling the guidance image G fed into the autoencoder module, which returns an accurately down-sampled latent space, thanks to our data augmentation policy applied during training. The rightmost column lies beyond the ranges in which we train the model, however, the results are still somewhat plausible.
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4.7 Conclusions

We have presented a learning based representation for material reflectance which provides efficient encoding and powerful propagation capabilities. Our method introduces input conditioning into neural BTF representations. This allows for multiple applications which were not possible with previous neural models, including BTF extrapolation, tiling, and novel material synthesis through structure propagation. Our method builds upon recent work on neural fields, network design and data augmentation, showing competitive compression capabilities with previous work on neural BTF representation. Through multiple analyses, we have shown the capabilities of our method on a variety of materials with different reflectance properties, including anisotropy or specularity, as well as effectively handling either synthetic or acquired BTFs.

Our method can be extended in several ways. The most immediate extension is to allow for materials with strong parallax effects due to displacement mapping or curvature, as in [Kuz+21; Kuz+22]. Our representation is limited to opaque materials. Extending them to handle translucent or holed surfaces would increase their realism in materials like thin fabrics or meshes. Further, our method could be extended to allow for hyperspectral BTF data [RSK10], but captured data is scarce. Besides, recent work on neural BRDF representations [Szt+21; Rai+22; Fan+22] and generative models [Mül+19] suggests a promising research direction: Learning to sample from neural BTFs, using invertible neural networks. While these may introduce challenging complexities to the models, they could provide efficient representations for Monte Carlo rendering using importance sampling. Further, building upon recent work on SVBRDF capture [Rod+23a; Zho+22], BRDF sampling [NJR15] and BTF compression [Rai+20], it could be possible to learn a prior over neural BTFs with a generative model. This should help in capturing more efficiently the data needed for generating these assets, as well as generating new materials and interpolating between them. Finally, editing semantic and reflectance properties in neural fields is an active area of research [WTX22; Liu+21; Wan+22a; Ye+22; Haq+23]. While our method introduces structural edition into neural BTF representations, it is not capable of editing particular semantic properties, such as albedo or specularity. Extending our edition capabilities to more fine-grained parameters is an interesting research avenue. We hope our method inspires future research on neural material representations.

4.A Model Implementation Details


Figure 4.10: A full diagram of our U-Net autoencoder A. We use a CBAM [Woo+18] module on the bottleneck, Layer Normalization [BKH16], and residual connections in every convolutional block. Inspired by ConvNext Blocks [Liu+22b], we use 5×5 depthwise convolutions followed by 1×1 linear layers, with GeLU non-linearities [HG16]. We use 14 latent dimensions for our neural materials, following [Kuz+21]. We use circular padding throughout the model and initialize its weights using orthogonal initialization [ACB19], which helps avoid exploding gradients. In red, we show the input/output dimensions of each layer; in orange, we show attention modules; in blue, convolutional blocks and layers; in green, upsampling and concatenating operations; in yellow, normalization layers; and in purple, non-linearities.
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Figure 4.11: A full diagram of our sinusoidal renderer R. We build upon a SIREN architecture [Sit+20], which takes as input the latent vector, queried from the input texture, as well as target camera and light angles to re-render. We introduce Layer Normalization after each linear layer, which we implement using 1 × 1 convolutions to allow for 2-D inputs during training. The output of the model is clamped to avoid negative output radiance values, using a simple ReLU non-linearity [NH10], following [Kuz+21].
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CHAPTER 5. UNCERTAINTY-AWARE NEURAL NETWORKS FOR HIGH RESOLUTION DIGITIZATION


Figure 5.1: From a single image captured with a flatbed scanner UMat estimates high-resolution SVBRDFs. Leveraging an attention-guided generative model, the estimations are sharp and artifact-free, and can be used in photorealistic rendering. We introduce a novel uncertainty quantification algorithm for material digitization, which correlates with error at test time and can be used for dataset creation.
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In this chapter, we introduce a learning-based method to recover normals, specularity, and roughness from a single diffuse image of a material, using microgeometry appearance as our primary cue. Previous methods that work on single images tend to produce over-smooth outputs with artifacts, operate at limited resolution, or train one model per class with little room for generalization. In contrast, in this work, we propose a novel capture approach that leverages a generative network with attention and a U-Net discriminator, which shows outstanding performance integrating global information at reduced computational complexity. We showcase the performance of our method with a real dataset of digitized textile materials and show that a commodity flatbed scanner can produce the type of diffuse illumination required as input to our method. Additionally, because the problem might be ill-posed śmore than a single diffuse image might be needed to disambiguate the specular reflectionś or because the training dataset is not representative enough of the real distribution, we propose a novel framework to quantify the model’s confidence about its predictions at test time. Our method is the first one to deal with the problem of modeling uncertainty in material digitization, increasing the trustworthiness of the process and enabling more intelligent strategies for dataset creation, as we demonstrate with an active learning experiment. A version of the model presented in this chapter is part of Textura.ai. The contributions in this chapter led to the following publication1:


[image: ]


“UMat: Uncertainty-Aware Single Image High Resolution Material Capture”

Carlos Rodriguez-Pardo, Henar Dominguez, David Pascual, Elena Garces

Proc. of Computer Vision and Pattern Recognition (CVPR) (2023)


Figure 5.2: Our method digitizes a material taking as input a single scanned image. Further, it returns a pixel-wise metric of uncertainty σBRDF, computed at test time through probabilistic sampling, proven useful for active learning. In the plot we compare the average deviations of the radiance of different renders in the blue crop w.r.t the ground truth (GT) of: 1) the distribution of the probabilistic samples of a model trained with 100% of the data; 2) the deterministic output of that model; 3) the output of a model trained using 40% of the training dataset, sampled by active learning guided by σBRDF and; 4) a model trained using 40% of the training dataset, randomly sampled. The material at the bottom, for which the model shows a higher uncertainty, generates more varied renders and differs most from the ground truth.

[image: Figure 5.2: Our method digitizes a material taking as input a single scanned image. Further, it returns a pixel-wise metric of uncertainty σBRDF, computed at test time through probabilistic sampling, proven useful for active learning. In the plot we compare the average deviations of the radiance of different renders in the blue crop w.r.t the ground truth (GT) of: 1) the distribution of the probabilistic samples of a model trained with 100% of the data; 2) the deterministic output of that model; 3) the output of a model trained using 40% of the training dataset, sampled by active learning guided by σBRDF and; 4) a model trained using 40% of the training dataset, randomly sampled. The material at the bottom, for which the model shows a higher uncertainty, generates more varied renders and differs most from the ground truth.]


5.1 Introduction

Virtual design, online marketplaces, product lifecycle workflows, AR/VR, videogames, . . . , all require lifelike digital representations of real-world materials (i.e., digital twins). Acquiring these digital copies is typically a cumbersome and slow process that requires expensive machines and several manual steps, creating roadblocks for scalability, repeatability, and consistency. Among the many industries requiring digital twins of materials, the fashion industry is in a critical position; facing the demand to digitize hundreds of samples of textiles in short periods, which cannot be achieved with the current technology.

In this context, casual capture systems for optical digitization provide a promising path for scalability. These systems leverage handheld devices (such as smartphones), one or more different illuminations, and learning-based priors to estimate the material’s diffuse and specular reflection lobes. However, existing approaches present several drawbacks that

make them unsuitable for practical digitization workflows. Generative solutions [Guo+20b; VPS21] typically produce artifacts and are generally not tileable. Despite recent attempts to improve tileability and controllability [Zho+22], these solutions are slow to train and evaluate (requiring online optimization iterations), are limited in resolution, and present challenges for generalization (requiring one model per material class). Further, the fact that these methods build on perceptual losses śnot pixel lossesś to compare the input photo with the generated material entails extra difficulties when it comes to guaranteeing the repeatability and consistency required for building a digital inventory (i.e., color swatches, prints, or other variations). On the other hand, methods that build on differentiable node graphs [Hen+21] overcome the tileability and resolution limitations, yet, they share the problems derived from using perceptual losses and category-specific training.

In this chapter, we present UMat, a practical, scalable, and reliable approach to digitizing the optical appearance of textile material samples using SVBRDFs. Commonly used SVBRDFs typically contain two reflection terms: a diffuse term, parameterized by an albedo image, and a specular one, parameterized by normals, specularity, and roughness. Prior work typically estimates both components, which becomes a very challenging problem, obtaining over-smooth outputs, and being prone to artifacts [Des+18; Guo+21; ZK21]. Instead, in this chapter, we demonstrate that it is possible to provide accurate digitizations of materials leveraging as input a single diffuse image that acts as albedo and estimating the specular components using a neural network.

Our key observation is to realize that most of the appearance variability of textile materials is due to its microgeometry and that a commodity flatbed scanner can approximate the type of diffuse illumination that we require for the majority of textile materials (see Figure 5.3).


Figure 5.3: Scanner images vs fitted albedos.
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Nevertheless, single-image material estimation is still an ill-posed problem in our setting, as reflectance properties may not be directly observable from a single diffuse image. To account for these non-directly observable properties, we propose a novel way to measure the model’s confidence about its prediction at test time. Leveraging Monte Carlo (MC) Dropout [GG16], we propose an uncertainty metric computed as the variance of sampling and evaluating multiple estimations for a single input in a render space. We show that this confidence directly correlates with the accuracy of the digitization, which helps identify ambiguous inputs, out-of-distribution samples, or under-represented classes. Besides increasing the trustworthiness of the capture process, our confidence quantification enables smarter strategies for dataset creation, as we demonstrate with an active learning experiment.

We pose the estimation as an Image-to-Image Translation problem (I2IT) that directly re-gresses roughness, specular, and normals, from a single input image. Under the hood, our novel residual architecture has a single encoder enhanced with lightweight attention modules [Wan+20b; MR21] for improving global consistency and reducing artifacts, specialized decoders for each target reflectance map, and a U-Net discriminator [SSK20], which enhances generalization.

In summary, we present the following contributions:



• A novel material capture system which leverages the diffuse illumination provided by flatbed scanners for high-resolution, scalable, and reliable digitizations.

• An attention-enhanced GAN model and training procedure designed for maximizing accuracy and sharpness, and removing undesired artifacts.

• A generic uncertainty quantification framework for material capture algorithms which correlates with prediction error on a render space.

• An exhaustive evaluation method for measuring the accuracy and quality of the model estimations.

5.2 Related Work

5.2.1 Lightweight Material Capture

Single Image SVBRDF Capture Capturing accurate SVBRDFs from a single image is a challenging problem that requires predicting the photometric response of a material given only a sample of it. The most common approximation is to use a flash-lit front planar image captured with a smartphone. Extending neural style transfer [GEB15b] to material capture, Aittala et al. [AAL16] leverage pre-trained CNNs and texture priors for smartphone material acquisition. Relatedly, Henzler et al. [Hen+21] use style losses for training generative models for BRDF synthesis. These approaches are optimized for synthesis, which allow for seamlessly tileable outputs, and do not require supervised training. However, they work best for stochastic materials, limiting their scope.

Leveraging datasets of labeled materials, different methods have trained autoencoders for SVBRDF capture. Li et al. [Li+17a] reconstruct spatially-varying albedo and normals using a U-Net [RFB15], and homogeneous specular albedo and roughness using a CNN regressor. This work was extended through Self-Augmented CNNs in [Ye+18]. By leveraging Conditional Random Fields (CRFs), a material classifier and one decoder per map, Li et al. [LSC18] reconstruct spatially-varying albedo, roughness, and normals. Deschaintre et al. [Des+18] propose a modified U-Net, synthetic datasets, and a render loss. Cascaded models [Li+18; SC20]; and deep latent spaces optimized using inverse rendering [Gao+19] have also shown success for this problem. Recently, Generative Adversarial Networks (GANs) have shown improved capabilities compared to more naive losses. These require a discriminator, which can be trained on renders [Wen+22], SVBRDF maps [Guo+21; VPS21], or both [ZK21].

Our approach differs from previous work in several factors. Importantly, we use flatbed scanners instead of smartphones for material capture. While they limit the materials which can be captured, they provide adequate illumination for easier digitizations, and a higher level of resolution and detail. We hypothesize that material specularity can be estimated accurately by leveraging its microgeometry. From this assumption, we build a GAN which, in contrast with previous work, leverages state-of-the-art attention mechanisms and discriminator design for obtaining a more holistic understanding of its inputs. Further, we train exclusively on real data, and propose a more comprehensive evaluation.

Multiple Image SVBRDF Capture A different corpus of work relies on multiple images of the material. By capturing more evidence of the material photometric response, they provide more accurate SVBRDFs. This hinders scalability, as they require a larger capture and calibration effort. The simplest approach is to require two samples, a diffuse and a flash-lit image [AWL15; Bos+20]. More flexible alternatives allow for more samples, combined with a learned prior [Guo+20b; Des+19]; or Monte Carlo rendering [Lua+21]. A different approach is to capture the material at a high resolution, and transfer those details to larger samples of the same material [DDB20; RG21]. Finally, videos for material acquisition have also shown to be promising capture systems [Ye+21].

Procedural Graphs Procedural graphs have also been used for material generation. Instead of relying on material priors, these approaches work by optimizing a material graph through a differentiable pipeline. These provide interesting capabilities, such as easy edition or tiling, but are limited by the expressiveness of the procedural model. These have been explored for general SVBRDF estimation [Shi+20; Hu+22c; Guo+20a], or for high-quality woven fabric digitizations [Jin+22].

5.2.2 Uncertainty Quantification in Deep Learning

Measuring the confidence of deep learning models is an active research area [KG17] with multiple applications, including safety-critical problems, like self-driving [Hua+19] or medicine [Kur+22]; and active dataset creation [Lei+21; Sol+21]. In computer vision, uncertainty quantification

has focused on image classification [SKK18; Lei+21], segmentation [Kry+21], and depth regression [Hu+22a; Ami+20]. To overcome the computational intractability of Bayesian Neural Networks, different approximations have been proposed, including MC Dropout [GG16], Deep Ensembles [LPB17] or Variational Inference [MNG17]. Orthogonal alternatives exist, including Evidential Deep Learning [Ami+20; SKK18] or frequentist approaches like Constrained Ordinal Regression [Hu+22a]. We refer the reader to recent surveys [Jos+22; Gaw+21] for more comprehensive reviews.

Quantifying uncertainties allows communicating the end user that the model predictions may be inaccurate, suggesting alternative pathways; as well as cheaper dataset creation through active learning. Bayesian material parameter estimation has been proposed for procedural frameworks [Guo+20a], but, to the best of our knowledge, it has not been explored for SVBRDF estimation. We aim to propose an efficient uncertainty quantification framework for deep SVBRDF capture methods which accounts for material perception and is agnostic to the material model.

5.3 Method

Our method starts from an input image X of a material taken under diffuse lighting and outputs the parameters of the specular lobe of the SVBRDF, i.e., M={Mi}i=13 corresponding to the material roughness, specularity, and normals. We illustrate this process in Figure 5.4.


Figure 5.4: Overview of UMat. We propose an attention-guided generator trained with style, frequency, pixel-wise, and adversarial losses. In green, we show the components that include any form of attention mechanism. The supplementary material contains the detailed architectures. On the right, we show two applications of our method: First, thanks to our test-time uncertainty quantification, we can provide a measure of the reliability of the estimation. Second, the maps that UMat produces can be used by any render engine.
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Following previous work [KG13; Mun+22], we use the physically-based material model from Disney [BS12], which aggregates a diffuse term with an isotropic, microfacet specular GGX lobe s(M) [Wal+07], such that, fl,v(M,X)=Xπ+sl,v(M)∈ℝx×y is the shading model for a light l and view position v. We formulate this estimation as an Image-to-Image Translation problem (I2IT). We train a U-Net [RFB15] generator G(X)=M^ within a GAN framework, extending the adversarial loss with pixel-wise, style, and frequency losses. We design the generator to maximize accuracy, sharpness, and robustness. To do so, we train a single encoder, enhanced with self-attention layers and a transformer, and use one decoder per map. Sections 5.3.1, 5.3.2, and 5.3.3 present the network design, the loss and data augmentation choices, respectively. Implementation details are provided on the supplementary material (Section 5.A).

Using as input a single image taken under diffuse lighting presents extra challenges when estimating the SVBRDF; we lack the extra cues provided by more complex illumination patterns (e.g. flash lighting). Therefore, in Section 5.4, we explain how to compensate for this potential ambiguity by introducing an uncertainty metric that can be computed at test time. Section 5.5 presents the evaluation, which includes the description of our dataset and metrics (Sections 5.5.1 and 5.5.2), an ablation study that validates the design (5.6.1), qualitative and quantitative results (5.6.2 and 5.6.3), an application of our uncertainty metric in an active learning setting (5.6.4), and comparisons with previous work (5.6.5).

5.3.1 Network Design

We use a U-Net [RFB15] with residual connections [He+16; Dia+20; DLG21] in all of our convolutional blocks, an individual decoder per map [Gar+22; RG22; DLG21; ZK21], and group normalization [WH18]. To each decoder, we add a pixel-wise dropout-regularized MLP [Sri+14], aimed at increasing the accuracy of the predictions and allowing us to measure uncertainty at test-time.

While this multi-decoder residual U-Net is relatively accurate, it is limited by its receptive field, as is common on fully-convolutional architectures. Previous work [Des+18] proposed the use of a global track for fusing spatially distant information. We instead draw inspiration from recent advances in attention and diffusion models [Sah+22; HJA20; Rom+22], and add a self-attention module with linear complexity [Wan+20b] to the output of every convolutional block in the encoder. Finally, we add a lightweight MobileViT [MR21] to the bottleneck to provide the model with a global understanding of its input. By performing the most complex computations at the encoder, we provide the specialized decoders with dense inputs which are computed only once.

5.3.2 Loss Function

LG=∑iλiLpixeli+λadvLadv+λstyleLstyle+λfreqLfreq                  (5.1)

Lpixel is the L1 norm weighted per map, λi. L1 produces sharper results than higher-order alternatives, such as L2. We introduce an adversarial loss to handle the intrinsic ambiguity of ill-posed problems [Tex+20b; Iso+17; Gar+22; VPS21]. In our case, the choice of the discriminator is a critical design decision.

Recent work [SSK20] proposed U-Net architectures for discriminators, which allows for better learn both low and high-level features, and introduces further regularization. These result in more conservative albeit less diverse generations [Han+22a]. We use a U-Net discriminator [SSK20] with attention [Woo+18], which outputs two estimations: a scalar output Denc, provided by its encoder, and a 2D estimation Ddec, provided by its decoder. Denc provides a global estimate of the quality of the stack M, while Ddec gives pi estimations. As in [SSK20], we add a regularization term LDdeccons, and leverage cut-mix as for discriminator data-augmentation. Our discriminator and adversarial losses are:

LD=LDenc+LDdec+λconsLDdeccons                  (5.2)

Ladv=log⁡(Denc(G(X))+log⁡(Ddec(G(X))                  (5.3)

where the implementation of LDenc and LDdec follows [SSK20].

We further add two losses to improve the accuracy and sharpness of the results: a frequency loss Lfreq and a style loss Lstyle. Lfreq is estimated by averaging the focal frequency loss [Jia+21] computed over each individual channel of M. This is designed to help GANs preserve high-frequency details. Further, as shown in prior work, working in the frequency domain is beneficial when handling textures [AWL13; Mar+20]. Our style loss Lstyle is inspired by the success of neural losses when dealing with textures [GEB15b; GEB15a]. However, off-the-shelf metrics which are designed for 3-channel images, are not immediately usable in SVBRDF. While it is possible to compute them for each map separetely [RG22], this does not necessarily preserve inter-map consistency. We follow recent work [CHB21] and use LPIPS [Zha+18] taking as input a 3-channel image created by randomly sampling three channels from the set of five available channels of M.

5.3.3 Data Augmentation

We follow two strategies for data augmentation. First, we perform patch-based training and affine transforms with randomly cropped patches [RG21; Tex+20b; VPS21]. We also apply random rescales for generalization at lower resolutions, and rotations to account for possible misalignments that may arise when capturing the samples. Second, we apply several image transformations to increase model robustness: random intensity changes in HSV space to the inputs, gaussian noise and blurs, and random erasing [Zho+20] for regularization.

5.4 Uncertainty Quantification

Material acquisition from a single diffuse image is potentially an ill-posed problem, since it assumes that the microgeometry is a sufficient cue to predict the material appearance. While purely learned priors have been proven to work well for inverse problems of single images object shape estimation [Lic+21; Lua+21; Hwa+22; Mun+22; Li+18], they are typically combined with render losses that guarantee consistency in the reconstruction. We lack the necessary input to include this kind of supervision, therefore, we propose an alternative approach aimed at quantifying the confidence of the prediction.

This is valuable for several purposes. First, it provides a way of communicating possible inaccuracies to users of these systems when it is not possible to have access to the ground truth reflectance values; and, importantly, it enables efficient dataset creation through active learning, as we show in Section 5.6.4.

We propose an uncertainty quantification mechanism that is applied to individual per-map estimations, and also globally in a render space.

It is possible to measure uncertainty, among other methods, through deep ensembles [LPB17], evidential learning [SKK18; BYK21; Wan+22b], or ordinal regression [Hu+22a]. However, they are costly to train and evaluate, and would imply major changes in our method. Instead, we follow a probabilistic approach called MC Dropout [GG16], with which, for a particular input, we sample a set of predictions by adding randomness to the forward pass of our model. This process has no impact in the regular deterministic evaluation and implies no changes in our model architecture. Specifically, while measuring uncertainty, we randomly deactivate 20% of the neurons of the MLP of our decoders, obtaining a set of outputs U={M^j~G(X)}j=1N that we use to compute several metrics.

First, we compute the pixel-wise standard deviation for each invididual map separately, obtaining σ<),σspec, and σrough, for the normals, specular, and roughness maps, respectively. Then, inspired by perceptual metrics for computing BRDF differences [Lav+21], we define our novel perceptually-aware uncertainty metric σBRDF as follows:

σBRDF=1|xy|∑xylog⁡(1|S|∑(l,v)∈Sσl,v2({fl,v(Uj,K)cos⁡(θl)}j=1N)3)                  (5.4)

where K is a 2D grayscale image of a constant neutral grey value, σl,v∈ℝx×y is the pixel-wise standard deviation of the renders obtained for the set of sampled maps U, and S is the fixed set of 50 views optimized in [NJR15] for efficient BRDF capture. The log spatially-varying result is integrated across the spatial dimensions xy to obtain a single value as output. This equation introduces a perceptual component to our uncertainty metric in two forms: first, by applying cosine weighting to the light position to compensate for light attenuation at grazing angles, and second, by taking the cubic root of these differences to attenuate peak reflectances. Figure 5.5 showcases an example of the predicted uncertainties for a rib material with sequins. While the uncertainty is low at the yarns because it is a common material in our dataset, it appears high in the sequins since that effect had not been observed during training.


Figure 5.5: Top: input image of a rib material with metallic sequins. Bottom: σBRDF and per-map uncertainties.
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5.5 Experimental Results

5.5.1 Dataset

We gathered a novel dataset for training and testing our method. It comprises 2000 textile materials of a variety of families and microstructures that we divided into 14 families: crepe, jacquard, pile, plain, satin, and twill for wovens; fleece, french terry, interlock, jersey, milano, pique, and rib for knits; and, finally, leathers. Each family differs in its construction pattern

(i.e., its microstructure), which directly impacts its optical appearance. In the supplementary material, we show a more detailed analysis of the dataset. For each material, we have an image scanned with the flatbed scanner EPSON V850 whose lighting configuration is close to diffuse (as we show in Figure 5.3), and its corresponding ground truth specular maps of the SVBRDF (normals, specular, and roughness). To obtain these maps, first, we digitized the material with an optical gonioreflectometer and then, propagated the maps to the scan using map propagation techniques [RG21]. All our images and maps have a resolution of 1000 PPIs, allowing us to leverage the full semantics of the microstructure for inference. We split our dataset into 90-10 for train and test, making sure that every family is equally represented in both splits.

5.5.2 Metrics

We quantify individual per-map accuracy, rendered perceptual accuracy, and artifacts. Per-map accuracy is computed differently depending on the semantics of the map: the roughness and specular maps are evaluated using Mean Absolute Error (L1), and the normals are evaluated using the angular distance in vector space (L<)). Further, to account for the possibility that the model always returns an accurate average value, resulting in relatively low L1, we also measure Pearson correlation ρ.

We evaluate rendered perceptual accuracy LBRDF between the ground truth stack MGT and the estimation M^ following existing metrics [Lav+21],

LBRDF=1|xy|∑xy1|S|∑(l,v)∈Scos2⁡(θl)(fl,v(MGT,K)−fl,v(M^,K))23                  (5.5)

where the terms are the same as in Equation 5.4.

Finally, we found that some architectural improvements in the neural network introduce artifacts in the specular and roughness maps that were not present in the input image, as illustrated in Figure 5.6. Thus, we provide an artifacts detection metric to quantify them. We start by defining a metric of homogeneity for an input image H(I),

H(I)=1|xy|∑xy1|d|∑d={↑,↓,←,→}∥FBox(I)−FBox(Id)∥1                  (5.6)

where Id is the image shifted up, down, left, and right by a number of pixels equal to the kernel size of the box filter. Then, we define three metrics that we compute per map: e1(M)=H(M), e2(M)=H(M)H(X),ande3(M)=MI(X,M)−1. X is the original input image, and MI is the Mutual Information [Rus+04], which helps discern artifacts that appear in a single map from semantic patterns (e.g., plaids, prints). Each map is labeled as having artifacts if the majority of metrics exceed their corresponding thresholds, tm(M). If any of the maps contain artifacts, the entire stack M is classified as having artifacts.


Figure 5.6: Qualitative results of some configurations of our ablation study. In red, we show that the baseline generator architecture trained on the full loss introduces artifacts, which are removed using attention on the encoder.
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5.6 Evaluation

5.6.1 Ablation Study

In Figure 5.6 and Table 5.1, we present an ablation study to validate our model design. From a baseline U-Net [RFB15] trained with a pixel-wise loss and no data augmentation other than rescales, we add different components to the model to improve its generalization. First, we observe that using a PatchGAN [Iso+17; VPS21] discriminator provides a significant increase in accuracy. However, using a similarly-sized U-Net discriminator [SSK20], we achieve better results, particularly when using discriminator regularization. Further, Lstyle and Lfreq yield significant improvements, most notably in the normal map. To the baseline U-Net trained with the full loss, adding residual connections and one decoder per map increases accuracy. However, this setup tends to produce artifacts as it struggles to integrate global information. By adding self-attention to the encoder, we remove the artifacts; and with the MobileViT [MR21], we achieve higher quality results. Our final model contains full data augmentation, which provides small gains on generalization.


Table 5.1: Results of our ablation study, across a variety of metrics. Art. refers to our artifact detection metric. We use a color code to highlight best and worst cases.




	
	Configuration

	ρS↑

	ρR↑

	L<)↓

	L1S↓

	L1R↓

	LBRDF↓

	Art.↓






	
	Baseline

	0.615

	0.329

	7.570

	0.130

	0.070

	0.325

	0.0




	Loss

	Baseline +

	PatchGAN

	0.810

	0.510

	3.729

	0.089

	0.069

	0.307

	12.0




	Baseline +

	U-Net D.

	0.854

	0.658

	2.950

	0.085

	0.068

	0.299

	28.0




	U-Net D. +

	LDdeccons

	0.858

	0.653

	2.860

	0.088

	0.068

	0.296

	19.0




	LDdeccons+

	Lstyle

	0.831

	0.655

	2.790

	0.091

	0.060

	0.289

	23.0




	Lstyle+

	Lfreq

	0.856

	0.677

	2.410

	0.086

	0.059

	0.288

	20.1




	Model

	Lfreq+

	Residual

	0.855

	0.665

	2.310

	0.089

	0.060

	0.285

	25.5




	Residual +

	Decoders

	0.863

	0.699

	2.120

	0.079

	0.054

	0.276

	18.5




	Decoders +

	Attention

	0.860

	0.665

	2.080

	0.080

	0.059

	0.275

	0.5




	Atention +

	ViT

	0.863

	0.665

	2.040

	0.079

	0.057

	0.271

	0.5




	Augmentation

	ViT +

	Color

	0.899

	0.692

	1.969

	0.068

	0.054

	0.269

	0.0




	Color +

	Rotations

	0.870

	0.682

	2.050

	0.078

	0.055

	0.271

	0.2




	Rotations +

	Distortion

	0.876

	0.699

	2.001

	0.074

	0.053

	0.268

	0.0




	Distortion +

	Erasing

	0.893

	0.727

	1.941

	0.067

	0.052

	0.265

	0.0








5.6.2 Qualitative Analysis

We aim to understand which features are exploited by our model for making its predictions. In Figure 5.7, we show the embeddings of our generator using UMAP. It seems that our model learns to separate between material families (e.g. leathers from wovens). Interestingly, the thickness of the material is also a relevant parameter. The model is exploiting these semantic patterns without explicit supervision, providing evidence that material microgeometry plays important an important role in its optical appearance.


Figure 5.7: Embeddings of the transformer of our generator for data in the training set, reduced using UMAP [MHM18].

[image: Figure 5.7: Embeddings of the transformer of our generator for data in the training set, reduced using UMAP [MHM18].]


5.6.3 Uncertainty Evaluation

In Figure 5.8, we show the Pearson correlation matrix between the uncertainty and error for each map, our uncertainty metric (Equation 5.4), and the render perceptual metric (Equation 5.5), on our test set. As shown, neither the error nor uncertainties per map explain errors on the render space. Our proposed σBRDF achieves a remarkable correlation of 82% with the render error, validating that this metric is useful to predict errors at test time with reasonably high precision.


Figure 5.8: Top-left, correlation between render and pixel-wise losses, and uncertainties. Top-right, plot showing the correlation between our uncertainty metric and the error in render space; the renders illustrate the worst and best cases. Bottom, uncertainty and errors for different material families of the test set.
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In the same plot at the bottom, we distill the uncertainty and render error per family, in which we observe that our model struggles to accurately and confidently predict the reflectance of satins, jacquards, and leathers more than it does for any other structure in our dataset. These structures have complex optical behavior that makes their digitization more challenging (for example, satins exhibit anisotropy, which we do not support in our material model), and are relatively uncommon in our training dataset. Figures 5.2 and 5.5 show further examples of our uncertainty estimation for a diverse set of materials.

5.6.4 Active Learning

We leverage σBRDF for active learning [Sol+21] to identify the samples that contribute most to reduce the error of the model. Figure 5.9 (top) illustrates the process. We start by training a model with 10% of the available training data and measure the uncertainties in the remainder of the dataset. We then select the samples with the highest uncertainties and retrain the model with 20%. We repeat the process with 40, 60, 80 and 100% of the training dataset. For each subset, we compare the performance of this model with four baselines: random-sampling, sampling by the highest uncertainty in normals, roughness, and specular. The results are shown in Figure 5.9 (bottom). Active sampling based on σBRDF provides significant gains in sample efficiency, obtaining better accuracy for every map. For instance, an actively trained model with our metric which uses 20% of the training data obtains comparable results to a model trained on three times more (but randomly sampled) data. While σ∡ is typically more informative than σrough and σspec, using per-map uncertainties does not provide better results than a random strategy. Finally, Figure 5.2 shows the variation of the probabilistic samples with respect to the ground truth radiance for two materials with high and low uncertainty.


Figure 5.9: On top, illustration of our active learning algorithm. On the bottom, results of our active learning experiments. Leveraging σBRDF for actively selecting the top-k samples with the highest uncertainty, we achieve better results than a random sampling strategy for every metric we measure.

[image: Figure 5.9: On top, illustration of our active learning algorithm. On the bottom, results of our active learning experiments. Leveraging σBRDF for actively selecting the top-k samples with the highest uncertainty, we achieve better results than a random sampling strategy for every metric we measure.]


5.6.5 Comparisons with Previous Work

In Table 5.3, we compare our method with previous work on single image material capture. First, we made sure that the training data for these methods included textile materials similar to the ones we choose for testing. Emulating their capture conditions, we took images with a smartphone, with flash and ambient lighting. Note that these capture conditions are not ideal for our method, affecting the final renders if the albedo has shading gradients. However, our goal in this experiment is to evaluate the overall preservation of the material structure in the inferred maps, particularly visible in the normals.

For Shi et al. [Shi+20], we initialize the graph using a fabric material, provided in their open-source implementation and include the metallic map. Our model provides sharper and more accurate estimations without requiring optimization during test. Methods trained on style losses [Hen+21; Shi+20] degrade the semantic structure, while Zhou et al. [ZK21] generate similar albedos to ours (note that ours are captured), but provide over-smooth estimations. We provide a comparison of timings and model sizes in Table 5.2. With our efficient model design, we can provide real-time estimations without needing any optimization, which also enables our sampling-based uncertainty quantification.


Table 5.2: Model sizes for different methods, and evaluation time in seconds (mean of 100 evaluations on an RTX 2080 GPU), for different output sizes. The methods with * use test-time optimization. DiffMat [Shi+20] does not use a pre-trained model.




	Method

	Size (MB)

	Output Dims

	Eval Time (s)






	Deep Inverse Rendering* [Gao+19]

	167

	256x256

	603.5




	Generative Modeling* [Hen+21]

	1095.3

	512x384

	218.8




	Diff. Material Graphs* [Shi+20]

	-

	512x512

	1209.8




	Adversarial Estimation [ZK21]

	11552.2

	256x256

	0.078




	UMat (Ours)

	22.6

	256x256

512x512

	0.036 0.131









Table 5.3: Comparisons of our method with previous work on images captured under different lighting conditions. Top: a smartphone flash-lit image. Middle: a smartphone image with ambient light. Bottom: a flatbed scanner capture. Our method produces the best results preserving the microstructure even when capture conditions degrade due to the sensor resolution. Note that we do not estimate albedos and that absolute intensities for specular and roughness maps are not directly comparable due to differences in the material model.




	IInput

	Deep Inverse R. [Gao+19]

	Generative Model [Hen+21]

	Diff. Material Graphs [Shi+20]

	Adversarial Est. [ZK21]

	UMat (Ours)






	[image: ]








5.6.6 Limitations

We show some limitations in Figure 5.10. The illumination in the scanner hides the wrinkles in the seersucker fabric, and our model predicts a flat surface. The organza fabric at the bottom is very transparent with visible holes between the yarns. Since the background is white, the model has mistakenly treated the light regions as yarn centers. For the satin at the right, the scan image exhibits specular highlights due to the directionality of the yarns. While this image may be problematic to use as an albedo, it does not affect our metrics as we use constant albedos to compute them.


Figure 5.10: Limitations cases of our method. On the left, we show a seersucker, with wrinkles that are hidden by the diffuse illumination of the device, and a translucent organza with holes between the yarns that appear very bright due to the white background of the scanner, and are therefore mistakenly treated as yarn centers. On the right, we show that for highly directional materials, such as satins, the diffuse-like illumination in our capture device sometimes introduces specular highlights.

[image: Figure 5.10: Limitations cases of our method. On the left, we show a seersucker, with wrinkles that are hidden by the diffuse illumination of the device, and a translucent organza with holes between the yarns that appear very bright due to the white background of the scanner, and are therefore mistakenly treated as yarn centers. On the right, we show that for highly directional materials, such as satins, the diffuse-like illumination in our capture device sometimes introduces specular highlights.]


5.7 Conclusions

We have presented a GAN-based method to digitize materials which leverages microgeometry appearance and a flatbed scanner as a capture device. Our method has shown better performance than state-of-the-art solutions that require a single image as input, when it comes to textile materials. To account for potential ambiguities derived from the capture setting, we have presented a method to model the uncertainty in the estimation at test time.

Managing uncertainty in machine learning projects is important to guarantee robust and functional solutions. However, this typically comes at the cost of complex or slow models. In this work, we have presented the first method to quantify uncertainty in single image material digitization, while introducing minimal impact in the training and evaluation processes. While it is currently not possible to discern the source of the uncertainty, whether it is epistemic (uncertainty which can be reduced by increasing the dataset size) or aleatoric (which is derived by a noisy data generation process), our metric has proven useful to identify ambiguous inputs, underrepresented classes, or out-of-distribution data.

We could extend our work in several ways. The most obvious extension is to estimate real albedos, so that we can deal with other types of scanning devices. Further, expanding our material model to give support for more reflectance properties, such as transmittance or anisotropy, could be useful to improve the realism in the render of textiles.

5.A Additional Implementation Details

5.A.1 Model Design

Our model is trained using a GAN framework. In this section, we detail our design choices for the generator and discriminator architecture.

Generator For the generator, we use a U-Net [RFB15] model, with a few modifications designed to maximize its efficiency, robustness, and generalization capabilities. We specify the full model architecture and layer sizes in Figure 5.11. We use residual connections [He+16; Dia+20; DLG21] in every convolutional block of the model, for better training convergence and preserving details present in the input images. We use 1 × 1 convolutions on the skip connections. Further, to maximally preserve the appearance and characteristics of every target map, we use a single decoder for each. This has been proposed in different applications, including intrinsic images, material capture, and texture synthesis [Gar+22; RG22; DLG21; ZK21]. To improve the results and enable our uncertainty metric, we append a pixel-wise MLP to each decoder in the model, with Dropout [Sri+14] regularization. Using MLPs after the decoders has been previously explored for material capture [Des+19]. We use Group Normalization [WH18] (with 16 groups per layer) and SiLU [EUD18] non-linearities throughout the model. Each convolutional block in the encoder is enhanced with a lightweight Linear Attention module [Wan+20b], with 4 attention heads, each with a dimension of 32 hidden units. On the bottleneck, we use a lightweight MobileViT Transformer block [MR21], with 128 hidden dimensions for the self-attention and MLPs, 4 layers, and a kernel size of 3. We use a Dropout [GG16] rate of 0.2. We use transposed convolutions for upsampling. Every other implementation detail in the model (strides, bias, poolings) follows [RFB15].


Figure 5.11: A full diagram of our generator, including layer sizes and output dimensions for each layer. For Self-Attention, we leverage Linear Attention [Wan+20b], we use a MobileVIT transformer on the bottleneck [MR21], Group Normalization [WH18] and SiLU [EUD18] non-linearities, one decoder per output map and residual connections in every convolutional block. In red, we show the input/output dimensions (spatial, channels) of each layer; in orange, we show attention modules; in blue, convolutional blocks and layers; in green, upsampling and concatenating operations; in yellow, normalization layers; and in purple, regularizations, and non-linearities.
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Discriminator For the discriminator [SSK20], we also use a U-Net [RFB15] model, with a few modifications to improve its performance as a discriminator. We specify the full model architecture and layer sizes in Figure 5.12. As in the generator, we use residual connections [He+16; Dia+20; DLG21] in every convolutional block of the model, for better training convergence and preserving details present in the input images. We use Spectral Normalization [Miy+18] and SiLU [EUD18] non-linearities throughout the model. On the bottleneck, we use a lightweight CBAM attention block [Woo+18]. The single-scalar estimation of the discriminator Denc is provided by an MLP with a similar architecture to the CBAM module. We initialize the entire model using orthogonal initialization [HXP20]. We use transposed convolutions for upsampling. Every other implementation detail in the model (strides, bias, pooling) follows [RFB15].


Figure 5.12: A full diagram of our U-Net residual discriminator, including layer sizes and output dimensions for each layer. We use a CBAM [Woo+18] module on the bottleneck and Spectral Normalization [Miy+18] throughout the network and residual connections in every convolutional block. In red, we show the input/output dimensions of each layer; in orange, we show attention modules; in blue, convolutional blocks and layers; in green, upsampling and concatenating operations; in yellow, normalization layers; and in purple, non-linearities.
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5.A.2 Model Training

Optimization We train the models using PyTorch [Pas+19] and TorchVision [MR10]. We leverage Kornia for data augmentation [Rib+20]. To accelerate the training process, we leverage mixed precision training and automatic gradient scaling [Mic+18], and train the whole model natively on GPU. Optimization is done using Adam [KB15]. Following [SSK20], we use different learning rates for the generator lr = 0.001 and the discriminator lr = 0.005 and a batch size of 10, betas= (0.9, 0.99) and a weight decay of 0.000003. We train the models for 100 epochs, which takes 10 hours on an NVIDIA RTX 3060 GPU.

Loss Function We use the following weights for the loss function: λ<)=3,λspec=1,λrough=1,λadv=0.2,λstyle=0.25,λfreq=0.2,λcons=0.3. For the style loss function, we use the AlexNet variant of LPIPS [Zha+18], as it provides a lightweight style loss which has shown success on texture transfer [RG21].

Data Augmentation Training is done using random crops of 128 × 128 pixels. We perform random rescales uniformly on the 300, 1000 PPI range, with bilinear interpolation. We randomly rotate the SVBRDF on the [−10, 10] angle range. We use the algorithm in [RG21] to correctly rotate the normal map. On the HSV color space, we randomly change the properties of the model inputs. We randomly change the hue of the images, selected at random on the whole hue ranges. We also change the saturation, value, and contrast of the input images with factors of [0.9, 1.1], as specified on the Torchvision [MR10] ColorJitter implementation. With a probability of 0.3, we apply random Gaussian noise to the input images μ = 0, σ = 0.10. With a probability of 0.35, we apply random erasing [Zho+20] to the input images. Half of the time, we apply a random Gaussian blur to the input images σ ∼ U (0.1, 5). Finally, with a probability of 0.3, we apply cut-mix data augmentation to the discriminator, as in [SSK20].

Model Evaluation We use half precision for model evaluation, which makes the process faster and allows us to generate SVBRDF of larger sizes. For images of very high resolutions (eg ≥ 4000 × 4000), we use the stitching algorithm in [DDB20], with patch sizes of 2048 and stride of 1024 pixels.

5.A.3 Artifact Detection

The thresholds for each material map and the kernel size for the uniformity metric have been optimized given a set of 102 manually labeled textures: t1(Ms)=0.01, t2(Ms)=1.41, t3(Ms)=1.33; t1(Mr)=0.01, t2(Mr)=0.99, t3(Mr)=3.12. The size of the box filter is sBox =0.1275⋅DPIX. The thresholds for each material map and the kernel size for the uniformity metric have been optimized given a set of 102 manually labeled textures: t1(Ms)=0.01, t2(Ms)=1.41, t3(Ms)=1.33; t1(Mr)=0.01, t2(Mr)=0.99, t3(Mr)=3.12. The size of the box filter is sBox=127.5.

5.A.4 Capture Details

We construct the training and testing dataset capturing 10 × 10 cm samples at 1000 PPI using an EPSON V850 Pro on its default settings.

For the comparisons with previous work, we place the fabric samples on a black surface. We use a Huawei Nova 5T smartphone, and capture the materials at two distances: a close-up, capturing 4 × 4 cms at a distance to the sample of 8 cms, and a full-size image, capturing 8 × 8 cms, at a distance to the sample of 13 cms. We use ISO=50, an aperture of f1.8, and a focal length of 26mm for every image. For the two distances, we capture the material using ambient illumination, with exposure times of 110 s for the full size and of 18 s for the close-up. We also capture the images using the smarphone flash lighting, with exposures of 140 s and 150 s for the full size and close-up, respectively.

5.A.5 Comparisons with Previous Work

We perform every comparison with previous work on an RTX NVIDIA 2080, using the default configuration for every method. However, for [Shi+20], we initialize the material graph with a fabric material (fabric suit vintage) provided in their repository, to better match our test data. For [Hen+21], we use the fine-tuning configuration.

5.B Dataset Analysis


Figure 5.13: Visualization of our dataset. We show the percentages of materials in our training dataset, including more detailed subcategories. On their right, we show the average specular and roughness for every category. As shown, there are some structures with distinct characteristics: Satins are highly specular due to the particularities of their yarns, and Piles (eg corduroy) or Plain Weave (eg linen fabrics) are much less glossy. We exploit this relationship between microgeometry and specularity for our estimations.
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Figure 5.14: Visualization of some Ground Truth SVBRDF of the different families in our test set. Textiles have very complex and varied microstructures which play an important role on their appearance at different scales.
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5.C Additional Details And Results


Figure 5.15: Additional results of our uncertainty quantification method. On the top, we show a beige rib fabric with gray metallic yarns. While there is a low uncertainty for the beige yarns, the metallic yarns are harder to digitize for our model (we do not support metalness in our material model) and it shows a higher uncertainty on those yarns. In the middle, we show a leather material with a very strong structural pattern. Our model shows very low confidence for this material. In the bottom, we show a tartan fabric. Interestingly, our model shows a higher uncertainty on the blue yarns, which are less common than the other yarns in the material.
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Figure 5.16: Additional results of our uncertainty metric. On the top row, we show a plot between our proposed render uncertainty σBRDF and the render error, which are highly correlated. We also show average error and uncertainty per family, as well as renders with the lowest and highest errors, compared to the ground truth. Below, we show the same data for normals, specular and roughness errors and uncertainty. There are no correlations between uncertainty and errors for these maps.
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Figure 5.17: Additional results of our active learning experiment. From top to bottom, we show the renders of ground truth SVBRDFs, the model trained on the 100% of the training data, a model trained on 40% of the training data available, selected following an active learning approach using our uncertainty σBRDF as guidance, and a model trained on 40% data, selected randomly. From left to right, we show a very diffuse Chiffon fabric, a highly specular Shantung fabric and a Goat Leather material with very varied microgeometry. In every case, our model trained on 40% of the data following an active learning approach obtains results which are very similar to a model trained on 100% of the data. The model trained on randomly selected 40% data produces highly inaccurate specularity and microgeometry estimations.
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Figure 5.18: Results of our method on datasets of previous work. On the top, we show the results of [Hen+21] on their own test set. Our method provides sharper normals which better preserve the structure of the input images. In the middle, we show the results of our method on synthetic rendered data from a material graph from [Shi+20]. Our method provides sharp normals for this synthetic image, which lies outside the distribution of our dataset, composed exclusively of real images. On the bottom, we show an albedo and normals computed using Photometric Stereo [Ike81] for a captured BTF [WGK14], for which our model also provides highly detailed results.
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Table 5.4: Comparisons of our results with previous work on images captured under different conditions for a curdoroy fabric: On the first rows, images were captured with a smartphone using the flash image. On the middle rows, using the same smartphone with ambient lighting on different scales. On the final row, a scanner image. Note that for [Shi+20] we use a fabric material for initialization and use their metallic map instead of specular, that we do not estimate albedos and that the material models are not necessarily comparable.
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	Deep Inverse R. [Gao+19]

	Generative Model [Hen+21]

	Diff. Material Graphs [Shi+20]

	Adversarial Est. [ZK21]

	Our Method
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Table 5.5: Comparisons of our results with previous work on images captured under different conditions for a suede leather: On the first rows, images were captured with a smartphone using the flash image. On the middle rows, using the same smartphone with ambient lighting on different scales. On the final row, a scanner image. Note that for [Shi+20] we use a fabric material for initialization and use their metallic map instead of specular, that we do not estimate albedos and that the material models are not necessarily comparable.
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	Deep Inverse R. [Gao+19]

	Generative Model [Hen+21]

	Diff. Material Graphs [Shi+20]

	Adversarial Est. [ZK21]
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_______________________________

1 Additional publication details and results are included on the project website

CHAPTER 6. CASUAL CAPTURE OF FABRIC MECHANICS


Figure 6.1: From two depth images of a fabric sample casually placed in two specific configurations (input), we infer its corresponding set of mechanical parameters. These can be used in a simulator, to visualize the drape of any garment (output). Our method introduces a perceptual drape similarity metric, which enables sorting materials based on their drape.
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In this chapter, we propose a method to estimate the mechanical parameters of fabrics using a casual capture setup with a depth camera. Our approach enables to create mechanically-correct digital representations of real-world textile materials, which is a fundamental step for many interactive design and engineering applications. As opposed to existing capture methods, which typically require expensive setups, video sequences, or manual intervention, our solution can capture at scale, is agnostic to the optical appearance of the textile, and facilitates fabric arrangement by non-expert operators. To this end, we propose a sim-to-real strategy to train a learning-based framework that can take as input one or multiple images and outputs a full set of mechanical parameters. Thanks to carefully designed data augmentation and transfer learning protocols, our solution generalizes to real images despite being trained only on synthetic data, hence closing the sim-to-real loop. Key in our work is to demonstrate that evaluating the regression accuracy based on the similarity at parameter space leads to inaccurate distances that do not match the human perception. To overcome this, we propose a novel metric for fabric drape similarity that operates on images instead of the parameter space, allowing us to evaluate our estimation within the context of a similarity rank. We show that our metric correlates with human judgments about the perception of drape similarity, and that our model predictions produce perceptually accurate results compared to the ground truth parameters. The contributions in this chapter led to the following publication1:
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“How Will It Drape Like? Capturing Fabric Mechanics From Depth Images”

Carlos Rodriguez-Pardo, Melania Prieto-Martin, Dan Casas, Elena Garces

Computer Graphics Forum (Proc. Eurographics 2023) (2023)

6.1 Introduction

Creating accurate digital representations of real-world materials, or Digital Twins, is crucial for enabling realistic 3D visualizations suitable for interactive design and predictive engineering. Some industries, like fashion or textile manufacturing, further require these methods to work at a scale to cope with the fast pace of the current production workflows. However, digitizing cloth is challenging due to the high variability and type of fabric samples, where the fabric composition, the microstructure, or the finishing play crucial roles in the perceived appearance.

While casual systems which obtain optical appearance have long been a focus of research, comparably less attention has been paid to estimating mechanical properties. Indeed, capturing and simulating the mechanical behavior of cloth is challenging due to the complex interplay between the internal and external forces occurring in this type of physical system, which is highly sensitive to the environmental conditions. Nevertheless, with the current need to create virtual copies instantly, a casual setup able to produce automatic and accurate estimates śbeyond having a set of presets from which to manually choose the closest oneś of mechanical parameters could prove very valuable.

Previous methods are impractical for scalable and customizable workflows. Accurate fabric parameter acquisition systems require specialized and expensive devices [Kaw80; Min95; Cla+90], which are often slow and need skilled operators. Existing casual capture setups use input video sequences [Bha+03; Bou+13; YLL17] or, even if they take a single image, might require manual user input [JC20]. In this chapter, we present a casual capture system that only requires taking two depth images of the textile posed in a static drape. Our capture setup does not require complex calibration, can be easily manipulated by non-expert operators, and is agnostic to the optical properties of the fabric thanks to leveraging depth images instead of RGB data. Figure 6.2 illustrates our capture setup. It involves capturing the fabric with a depth camera in two relaxed positions: the hanging scene, whuch conveys the drape when no force other than gravity is applied to it, and the stretch scene, which provides cues on the stretching properties of the fabric.


Figure 6.2: Capture setup, RGB (top), and depth (bottom) images for hanging (left) and stretch (right) scenes in rest position. Each scene conveys a different mechanical appearance of the fabric: hanging exhibits the overall drape; stretch exhibits an extra diagonal tension, which is key to understand the stretching properties.
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We propose a learning-based method to instantly return the mechanical parameters given static depth images and the fabric density as input. Our method relies on a sim-to-real strategy [Zhu+21], leveraging transfer learning and building on a dataset of physical fabrics digitalized with precision equipment. Our model is trained solely with synthetic data, and thanks to carefully designed policies of data augmentation and neural features, it can generalize to real-world scenarios. Under the hood, our approach leverages a custom architecture that enables a flexible design, that can take one or multiple images as input, enhancing its performance when more data is available. We perform an extensive evaluation by means ofablation studies and by measuring aggregated neural network saliency maps, which show that some scenes are more informative than others for predicting the mechanical properties of the fabric. Furthermore, we demonstrate the performance of our model on real-world captured samples, showcasing our system’s generalization capabilities.

Key to our work is to demonstrate that evaluating the prediction accuracy of mechanical properties using typical error metrics, such as the Mean Absolute Error (MAE) on the parameter space, leads to inaccurate distances that do not match the human perception. We identify that such mismatches occur due to two factors: first, the parameter space is not bijective śi.e., different sets of parameters might convey the same drapeś; and second, a numerical error in a parameter does not necessarily correlate with what we perceive as an error. To address this shortcoming, common in all existing works, and inspired by previous work on similarity metrics for material appearance [Lag+19], natural images [Zha+18] or illustration [Gar+14], we propose an image-based metric that measures differences on the mechanical behavior of textiles taking into account the overall drape. We validate that our metric agrees with human perception, and it can be used to sort materials by drape similarity with respect to a reference fabric.

Using our similarity metric, we finally validate that the estimations of our method correlate with human judgments about drape similarity, and that our model predictions produce perceptually accurate results compared to the ground truth parameters. All in all, our approach makes an important step towards solving sim-to-real problems for mechanical estimation since it shows that simulated cloth using inferred parameters maximizes the similarity with respect to real-world target fabrics.

6.2 Related Work

6.2.1 Parameter Estimation Methods

Estimating the mechanical properties of real fabric samples is a highly challenging problem for several reasons: the number of uncontrollable extrinsic factors (e.g., wind forces, initial state, collisions, etc.) which affect the predictiveness of the physical simulation; the lack of a standard deformation model and parameter spaces; and the use of computation-intensive simulation methods. Accordingly, a wide range of strategies exist, aimed at overcoming these challenges.

Measurement Devices. It is common to combine optimization techniques with the output of testing devices to find the optimal set of parameters which best explain the observations [Mag+07; SB08; VMF09; WOR11; Mig+12; CTT17]. Existing technologies of this type are diverse and, as discussed by Kuijpers et al. [KLG20], lack of a clear standard. The Kawabata Evaluation System (KES) [Kaw80] is perhaps one of the most well known, measuring 16 coefficients including bending, shearing, and tensile among others. Despite its precision, this method was not widely adopted by the industry due to its lengthy processes and the need for expensive equipment. Consequently, several other methods tried to simplify and unify the methodology with partial success according to some studies [LM08; Pow13]: the Fabric Assurance by Simple Testing (FAST) [Min95], the Fabric Touch Tester (FTT), the CLO Fabric Kit 2.0, the Fabric Analyser by Browzwear (FAB), the Optitex Mark 10, and the cantilever principle [Cla+90].

Reconstruction-Optimization Methods. Another set of techniques jointly tackles the reconstruction and parameter optimization problems. By taking as input data from arbitrary real simulations (e.g., the cloth deforming on an avatar [Yan+18]), they iteratively reconstruct and simulate the scene which better explains the observation. Bhat et al. [Bha+03] takes as input a video sequence of the cloth and uses simulated annealing to optimize the parameters by measuring its folds. Yang et al. [YL15] use multi-view stereo reconstruction to initialize the 3D shape. Runia et al. [Run+20] also introduces simulation steps to explain observed phenomena of cloth in the wind. They rely on similarity metrics computed on deep latent spaces to supervise the optimization of the parameters. These methods require simulation steps embedded into the fitting processes, making them computationally expensive due to the high dimensionality of the parameter spaces. Recent differentiable simulation techniques [LLK19; JBH19; Hu+19; Mur+20; Li+22] have proven to be efficient ways to reduce the fitting burden by enabling the computation of gradients with respect to these parameters within latent spaces of neural networks, taking into account dynamics, self-collisions, and contacts.

Data-Driven and Regression Methods. The third set of methods avoids reconstructing the original 3D scene by working on an estimated feature space and leveraging previously simulated data and machine learning techniques. Our approach falls into this category. Taking videos as input has been explored by Bouman et al. [Bou+13] to recover stiffness and area weight using a descriptor of the image based on PCA and optical flow, and later by Yang et al. [YLL17], who leverage neural networks to extract image features used for regression. Davis et al. [Dav+15] estimated the same simulation parameters by exploiting imperceptible vibrations in high-speed video recordings. Bi et al. [Bi+18] further evaluated that humans also need fabric motion to understand its stiffness. Friction coefficients have been estimated using reflectance values [ZDN16] or dynamic videos of cloth sliding through a surface [Ras+20] Instead of regressing the parameters, Huber et al. [HEW17] find the most similar cloth in a database using motion descriptors. A different approach only using a single image of the Cusick drape was followed by Ju et al. [JC20], but it requires a 360◦ scan to reconstruct the target cloth, and a manually fitted Bezier curve to obtain the feature vector. In contrast, we just require a depth map that can be captured easily. Concurrent work [Fen+22] uses multiple-view depth images as input to a trained regressor.

Our approach is inspired by these ideas; however, we do not require optimization śproviding instant estimation of the parametersś and leverage neural features to understand and model fabric behavior in a semi-controlled setup. We demonstrate that our approach works with two images as input to predict bending and stretching coefficients without requiring a full video of the piece of fabric.

6.2.2 Pre-Trained Models and Transfer Learning

Deep learning models typically require vast amounts of data for generalizing to unseen examples. When this amount of data is not possible to acquire, transfer learning techniques help by re-using model parameters trained on a related task [KSL19; Rag+19; Bom+21]. These techniques include: Fine-tuning the weights of a pre-trained classification model [WKW16; RD17; Che+18; Wan+18; RJ19; Guo+19; Kol+20]. Pre-training an image descriptor model on contrastive or self-supervised learning tasks, and uses the activations of its last layer as input to the downstream task (Linear Probing) [Che+20b; Rad+21; CXH21; He+22; Kum+22]. For domain adaptation problems, it is common to adapt the internal representations of pre-trained CNNs so as to efficiency [RBV17; RBV18; RB19; Pha+20; LLB22]. Inspired by these approaches, we design a model that leverages fine-tuning of a pre-trained image CNN classifier as a feature extractor, capable of processing depth images, and extending it to account for additional input variables, and handling multiple images at the same time during inference.

Model Training

Similarity Metric for Drape (Section 6)

Perceptual Evaluation of Fabric Mechanics (Section 7)

6.2.3 Similarity Metrics

Full-Reference Image Quality Assessment (IQA) aims to provide a single score that measures the amount of distortion between two images. Traditionally, these metrics leveraged low-level image statistics. PSNR is commonly used for measuring image degradation, but correlates poorly with human perception [Zha+18]. More sophisticated alternatives have been developed, including SSIM, mSSIM [Wan+04], and others [Zha+11; Naf+16; ZSL14; ZL12; Rei+18]. Algorithms based on latent spaces of CNNs [GEB16a] have been extended to better approximate human perception, for example, by training on a large pool of human evaluations LPIPS [Zha+18], or by other means [Din+20; Pra+18].

Besides, similarity metrics that measure abstract or complex concepts like style have been proposed for 3D furniture [LKS15], illustration [Gar+14], icons [LGG19], product design [LKS15], or material appearance [Lag+19]. Unlike ours, these metrics require to be trained with human ratings, thus incurring a considerable cost to collect such information via user studies. Instead, our metric does not require specific training, leveraging an off-the-shelf image-based metric. Despite this, we show that our metric correlates with human judgments on the perception of fabric drape similarity, and that can be used to evaluate the overall drape.

6.3 Overview

Figure 6.3 presents an overview of our work. First, in Section 6.5, we introduce our novel solution to infer fabric mechanics directly from depth images. As input, our approach only requires static depth images in two specific configurations, shown in Figure 6.2, as well as the fabric density which can be easily obtained with conventional equipment. In Section 6.4 we describe the datasets of synthetic and real samples, with mechanical ground truth parameters, used train and evaluate our regressor.


Figure 6.3: An overview of the main components of our method. We propose a system to estimate fabric mechanics using depth images of hanging and stretch scenes as input. To validate the error of our estimations perceptually śaccounting for the global drapeś, we propose an image-based drape similarity metric which we validate with human judgments and can be used to sort fabrics by similarity. We show through several metrics that the estimations provided by our method using our similarity metric agree with those given by humans.
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The quantitative evaluation suggests that our method is able to estimate the mechanics within a certain error. However, since a direct interpretation of that error is not human-friendly, we propose a method to evaluate the overall drape in the context of a real scene. In Section 6.6, we introduce our image-based similarity metric for drape, which takes as input renders of the chosen scenes and provides a relative value that is useful to compare the drape of different fabrics. With a user study, explained in Section 6.7.1, we validate that our metric agrees with human preferences on the global perception of fabric drape. Also, in Section 6.7.2, we evaluate our capture method using our drape similarity metric and compare it with human judgments. We effectively validate that our estimations agree with human assessments and provide several qualitative examples in Section 6.7.3.

6.4 Datasets

We develop two different datasets of depth images, which we use at different steps of the pipeline to train and evaluate our models: a synthetic dataset, generated using physics-based cloth simulation; and real dataset, generated using images of real fabric samples. In both datasets, a sample consists of a depth image of a fabric simulated in a scene for which we have the corresponding mechanical parameters, namely: bending [Gri+03] and stretch [VMF09] in the warp, weft, and bias directions and the fabric density, {kStretchWarp, kStretchWeft, kStretchBias, kBendinghWarp, kBendingWeft, kBendingBias, ρ}∈ℝ7. We support two different static configurations for the scenes: hanging, which exhibits the overall drape; and stretch, which exhibits diagonal tension and is key to understanding the stretching properties. Figure 6.2 depicts examples of each configuration.

Simulated Dataset. To train our model, we generate a synthetic dataset by simulating fabrics in a virtual scenario, replicating the hanging and stretch configurations. We use a standard simulator, similar to ARCSim [NSO12], with a quadratic strain, a linear strain/stress relationship, and standard definitions for bending and stretch [Gri+03; VMF09]. To model highly anisotropic fabrics, we use three parameters for warp, weft, and bias. Note that the model used for stretch already has some nonlinear behavior (quadratic strain), but more parameters (one per direction) are required to control the nonlinearity of the forces. Thickness is not included as it is implicitly accounted for in the other parameters. Contrarily, density is required as the simulator is dynamic. In a static one, it could be dropped after normalizing the other parameters.

After simulation, we render the resulting mesh (discretized at 5mm/edge) with a white Lambertian material and extract the depth buffer. To ensure that our synthetic dataset covers a wide range of materials, we densely sample the parameter space using a distribution of common mechanical parameters of real-world fabrics. Figure 6.5 shows a sweep of parameters showcasing the variability of resulting drapes in the hanging and stretch scenes. To better understand potential relationships between the parameters, we compute the Spearman correlation s, shown in Figure 6.4, where we observe the higher correlation between the three kStretch coefficients and some correlation between the kBendingBias and the density.


Figure 6.4: Spearman correlation matrix between parameters of our synthetic dataset.
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Figure 6.5: Sweep of simulation parameters for hanging and stretch scenes. For kBending: warp, weft, and bias have the same value, while for kStretch, bias changes as 100, 144, 1000.
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Real Dataset. To evaluate our model, we test it with real data from images captured by the Intel RealSense SR300. To this end, we casually hang 50 × 50 cm fabric samples using several magnets into a metallic panel, which requires little to no expertise and can be done very fast. Pin location does not need to be centimeter-accurate. Because we use depth images, no special lighting is necessary. We measure fabric area density by weighing a 10 × 10 cm sample and dividing by its area. See Figure 6.2 for a visualization of our capture setup and the accompanying video for an illustration of the process. We capture ten fabrics of diverse compositions and structures, for which we have ground truth mechanical parameters previously obtained with specific equipment and methods [Spe+22].

6.4.1 Data Augmentation

To make our model robust to potential noise and scenario variations common in uncontrolled capture setups (e.g., slightly different camera viewpoint or fabric configuration), we apply several data augmentation strategies to our synthetic dataset.

Simulation-Space Data Augmentation. To enforce robustness to different camera view-points, simulated meshes are rendered within a range of different inclinations with respect to the vertical plane. This range covers ±5 degrees from the rest position orientation, creating 11 depth maps per material and scene.

Image-Space Data Augmentation. Real images are largely different from synthetic images, due to distortions, noise, perspective changes, unknown illumination, lens and sensor characteristics, blurs, etc. To enforce the robustness of our models to those distortions, we design an extensive image data augmentation policy consisting of random individual deformations, performed in a particular order. These not only include random noise, blurs, perspective changes and rescales, but also more complex policies such as thin-plate deformations, posterization and erasing. This data augmentation policy bridges the gap between synthetic renders and real depth images, which are typically noisier.

6.5 Fabric Mechanics from Depth Images

In this section, we present our learning-based approach to estimate fabric mechanical parameters P^P^ from depth images. Given a set of depth images, I={Ihanging∣Istretch}≥1, which depicts the hanging and stretch scenes, we train a model M which maps I, along with the

material density ρ, to mechanical parameters: M(I,ρ)=P^∈ℝ6. To this end, at train time we learn to extract relevant features from depth images, which are then fed into a regressor to learn to predict mechanical features. Importantly, our architecture enables to input sets of images at test time by fusing their respective features. Figure 6.6 illustrates the train and test pipelines.


Figure 6.6: Diagram of our training and evaluation pipelines. For training, we use a single image of the material, along with its density. The image is processed by our Feature Extractor, followed by an MLP, which computes the parameter estimation P^ . For evaluation, we process each available image with our feature extractor and use a fusion operator before feeding it to the trained regressor. We use the same Feature Extractor and MLP for both scenes.
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6.5.1 Neural Network Architecture

Feature Extractor The first part of the model is a feature extractor F, which receives as input a single depth image Isc∈I and outputs a feature vector fsc=FIsc that describes it. This feature extractor is composed of three different components, shown in Figure 6.6. First, the image is processed by a Convolutional Neural Network (CNN) that outputs a dense latent representation. We use a ResNet-18 [He+16] pre-trained on ImageNet [Den+09], which we finetune with our data. To reduce the gap between real and synthetic images, we equalize the image before feeding it to the feature extractor, during both training and evaluation. Then, the output of this CNN is passed through a Self-Attention [Zha+19b] module, which helps the model learn non-local dependencies, enlarging the model receptive field, so it accounts for distant information in the input images. Self-Attention mechanisms were originally designed for language models [Vas+17] but have recently demonstrated significant efficacy for computer vision tasks [Ram+19; Zha+19b; ZJK20; Han+22b]. We add a single Self-Attention layer, as they are expensive to train and evaluate.

Finally, we perform pooling operations to transform the output of the Self-Attention layer to a feature vector, fsc, of a fixed size. In addition to the commonly used max-pooling [SZ15], we further concatenate it with the output of average-pooling, which has been shown to improve the performance of attention modules [Zho+16; HSS18; Woo+18]. The feature vector fsc is thus a concatenation of max-pooled features and average-pooled features: fsc={fscmax⊕fscavg}.

Fusion Our design allows us to combine features fsc from more than one scene into a single feature vector f. For every image in I , we compute fsc. We then fuse those feature vectors into a single vector by performing pooling across f. Similarly to fsc, f is compos types of features: f={maxsc{fscmax}⊕{avgsc{fscavg}}} The max-pooled features are fused using the maximum value across scenes, while the average-pooled features are fused using the mean across scenes. We illustrate this procedure in Figure 6.6.

Parameter Regressor Our last component is a fully-connected Multi-Layer Perceptron (MLP), which takes as input the feature vector f and the material density, ρ, and outputs the simulation parameters P^ . As our loss function, we compare the real parameters P with the model estimations M(I,ρ)=P^ using an ℓ2 norm.

6.5.2 Quantitative Evaluation

In this section, we quantitatively evaluate the performance of the method for estimating the mechanical parameters. We validate the design choices of the model and evaluate our results depending on the type of input used.

Ablation Study of the Model Design

We aim to understand the effective contribution of the data augmentation strategy, and the network architecture design. For these experiments, we randomly split the synthetic data in 90% for training and 10% for validation, using the same split for every experiment. Results are shown in Table 6.1. As our baseline, we use a simple model without self-attention, without average-pooling features, where the CNN backbone is randomly initialized, and without data augmentation. From this baseline, we progressively add different components and measure the performance of the validation data using Mean Absolute Error (MAE) and Spearman correlation (s). The parameters are normalized using the minimum and maximum values of the training set.


Table 6.1: Ablation study of the neural architecture and data augmentation. From left to right, we build upon our baseline and progressively add: simulation-space data augmentation, image-space data augmentation, pre-training, self-attention, and average-pooling. On both MAE (ℓ1) and correlation (s) metrics, we observe increased performance on the validation set in every added component. Using a pre-trained network for feature extraction yields the largest gains. We use a color code to highlight best and worst cases.




	Metric

	Parameter

	Baseline

	Data Augmentation

	Architecture




	w/ sim

	w/ image

	w/ pre-Train

	w/ attention

	w/ pooling






	ℓ1↓

	kStretchWeft

	0.122

	0.118

	0.112

	0.087

	0.071

	0.071




	kStretchWarp

	0.109

	0.101

	0.102

	0.074

	0.066

	0.061




	kStretchBias

	0.050

	0.043

	0.046

	0.043

	0.042

	0.038




	Avg. Stretch

	0.094

	0.087

	0.087

	0.068

	0.060

	0.057




	kBendingWeft

	0.095

	0.093

	0.091

	0.084

	0.0.82

	0.072




	kBendingWarp

	0.124

	0.119

	0.112

	0.110

	0.101

	0.094




	kBendingBias

	0.086

	0.081

	0.086

	0.081

	0.068

	0.060




	Avg. Bending

	0.102

	0.098

	0.097

	0.092

	0.084

	0.075




	r↑

	kStretchWeft

	0.445

	0.475

	0.453

	0.643

	0.788

	0.798




	kStretchWarp

	0.543

	0.503

	0.510

	0.645

	0.715

	0.771




	kStretchBias

	0.477

	0.508

	0.608

	0.701

	0.733

	0.781




	Avg. Stretch

	0.488

	0.495

	0.523

	0.660

	0.745

	0.783




	kBendingWeft

	0.611

	0.684

	0.781

	0.783

	0.798

	0.863




	kBendingWarp

	0.614

	0.654

	0.747

	0.772

	0.806

	0.921




	kBendingBias

	0.624

	0.828

	0.837

	0.872

	0.893

	0.942




	Avg. Bending

	0.616

	0.722

	0.788

	0.809

	0.832

	0.909








Given the training configuration with all the data augmentation śwhich provides a small increase in performance most likely because the validation dataset is synthetic dataś we evaluate the neural architecture.

Using a CNN backbone pre-trained on ImageNet [Den+09] instead of a randomly initialized one, we observe a significant increase in model performance across every parameter and metric. Training a feature extractor that receives images from both scenes at the same time would not allow us to leverage pre-training, which would negatively impact generalization. Then, we add a self-attention [Zha+19b] layer after the CNN backbone, which allows the model to integrate information that is present in distant areas of the images. Interestingly, this module significantly helps predict the kStretch parameters while having a more minor influence on the kBending. Finally, adding average-pooling in addition to the commonly used max-pooling has a highly positive impact on the error rates. We use this last configuration with all the components for all the results shown in the chapter. It is worth noting that the kBendingBias is easily predicted by the model, even in its most basic configuration. This is likely because this parameter correlates most strongly with the density of the material (shown in Figure 6.4), so the model can leverage this information for the predictions.

Evaluation of Input Influence

The design of our method supports taking as input one or multiple images. In this experiment, presented in Table 6.2, we evaluate the error testing different configurations of the input. Note that we train a different model for each configuration. In every case, using the density as input helps the model to generalize. This is particularly relevant for kBending parameters, for which the density alone provides more information than depth images. The stretch scene is typically more informative than the bending one, as both MAE and correlations are usually better when it is provided. When using both scenes simultaneously, the model provides moreaccurate estimations than any of the scenes individually, showing that the two scenes provide complementary information.


Table 6.2: Results for real depth images varying the input. From left to right, the input is: only density, only depth images, and both density and depth. The best results are obtained using every data source as input. For kBending, the density alone provides more information than only depth images. We use a color code to highlight best and worst cases.




	Metric

	Parameter

	Density

	OnlyDepth

	Density & Depth




	Stretch

	Hanging

	Both

	Stretch

	Hanging

	Both






	ℓ1↓

	kStretchWeft

	0.113

	0.102

	0.107

	0.062

	0.054

	0.056

	0.051




	kStretchWarp

	0.091

	0.067

	0.081

	0.056

	0.055

	0.059

	0.052




	kStretchBias

	0.034

	0.039

	0.054

	0.034

	0.033

	0.036

	0.031




	Mean Stretch

	0.079

	0.069

	0.081

	0.051

	0.047

	0.050

	0.045




	kBendingWeft

	0.142

	0.233

	0.213

	0.145

	0.128

	0.139

	0.125




	kBendingWarp

	0.126

	0.184

	0.126

	0.074

	0.037

	0.063

	0.035




	kBendingBias

	0.094

	0.166

	0.081

	0.054

	0.055

	0.069

	0.046




	Mean Bending

	0.121

	0.194

	0.140

	0.091

	0.073

	0.090

	0.069




	r↑

	kStretchWeft

	0.184

	0.407

	0.403

	0.418

	0.712

	0.469

	0.728




	kStretchWarp

	0.002

	0.502

	0.407

	0.503

	0.520

	0.433

	0.533




	kStretchBias

	0.289

	-0.141

	-0.06
8

	-0.00
7

	0.367

	0.383

	0.550




	Mean Stretch

	0.158

	0.256

	0.247

	0.305

	0.533

	0.428

	0.604




	kBendingWeft

	0.483

	0.052

	0.267

	0.625

	0.673

	0.683

	0.717




	kBendingWarp

	0.317

	0.048

	0.156

	0.407

	0.467

	0.433

	0.533




	kBendingBias

	0.357

	-0.044

	0.108

	0.250

	0.333

	0.417

	0.546




	Mean Bending

	0.386

	0.019

	0.177

	0.427

	0.491

	0.511

	0.599








Neural Saliency Maps

We aim to understand which parts of the scenes are most relevant for the model when making its predictions. To do so, we create saliency maps using Axion-Based Class-Activation Mappings [Fu+20], which averages the activations of the deep layers weighted by their importance with respect to each target parameter, and aggregate them over our real dataset. In Figure 6.7 we observe that each scene provides the model with different cues. For kStretch parameters, the model is sensitive to the central wrinkle of the stretch scene and the central fold of the hanging. For kBending parameters, the model is sensitive to areas in the borders of the fabric where small but noticeable wrinkles are present, in both scenes. As in other experiments, we observe that the model can find more relevant features on the stretch scene.


Figure 6.7: Saliency maps [Fu+20] aggregated per parameter. The model relies on the central areas of the fabric samples for predicting the stretch parameters. For bending, it is most sensitive to areas on the borders of the samples.

[image: Figure 6.7: Saliency maps [Fu+20] aggregated per parameter. The model relies on the central areas of the fabric samples for predicting the stretch parameters. For bending, it is most sensitive to areas on the borders of the samples.]


6.6 A Similarity Metric for Drape

The regressor introduced in Section 6.5 allows us to infer the mechanical parameters of a target fabric. However, since a direct interpretation of such parametric space is not human-friendly, it is very difficult to understand the residual errors shown in Tables 6.1 and 6.2. Do the regressed parameters produce a drape similar to the target image? Notice that, since the mechanical parameter space is non-orthogonal, small parameter changes may produce unexpected deformations. Therefore, we hypothesize that a perceptual similarity metric for drape is needed to interpret our quantitative results. We describe this metric next.

6.6.1 Image-based Similarity of Drape

Motivated by our hypothesis that the hanging and stretch scenes are sufficient to convey the fabric mechanics, we propose an image-based similarity metric using renders of such scenes. Let P⊆ℝ7 be the parameter space of our simulator, Pa∈P and Pb∈P two different parameter sets, and a ∼ R(Pa, scene) and b ∼ R(Pb, scene) two rendered simulations obtained for a certain scene configuration. We define a distance metric for a particular scene as:

dscene(Pa,Pb)=∑i=1N∑j=1NIM⁡(ai,bj)N2                  (6.1)

where IM is an image-space distance metric, and N is the number of different simulations we run. Since real cloth is very sensitive to parameters such as initial state or initial shape, in order to learn a metric that is robust to real-world conditions, we perturb the initial state and boundary conditions in a set of simulations using random jittering to the initial forces. We

empirically found that averaging over multiple simulations for the same set of (Pa, Pb) gives us a more informative metric.

Furthermore, we take into account both hanging and stretch scenes, hence our final metric is defined by averaging their distances across both scenarios, resulting in our final metric:

d(Pa,Pb)=dhanging(Pa,Pb)+dstretch(Pa,Pb)2                  (6.2)

Note that we propose a similarity metric, which, as opposed to real distance metrics, does not necessarily have to meet the metric axioms [TK74]: it can produce asymmetric values, violate the triangle inequality, and does not need to define what the identity is. According to Equation 6.1, the distance of one fabric with itself is not necessarily zero; it just needs to satisfy a minimum requirement where the distance of every material with itself should be smaller than the distance of any material with any other material,

d(Pa,Pa)<d(Pa,Pb),∀Pa≠Pb                  (6.3)

In order to remove the possible influence of optical properties, scene illumination, and camera parameters, we use the same scene configuration for every render, with grayscale albedo and a Lambertian BRDF.

For IM we use LPIPS [Zha+18] which we empirically found to perform better than other alternative image metrics. We find that metrics based on pre-trained neural networks work better than lower-level alternatives, while content-aware distances are more powerful for this purpose than style-aware metrics. This suggests that the size, position, and shape of the wrinkles and deformations of the fabrics are important factors that explain differences between materials. We empirically found that N = 5 simulations are typically enough, as more samples provide very marginal improvements. See the supplementary material of this chapter for more details about the proposed metric.

6.7 Evaluation

We propose to evaluate our method from Section 6.5 and the metric from Section 6.6 by comparing our estimations with human ratings (recall that we provide quantitative errors per parameter in Section 6.5.2). To this end, in Section 6.7.1, we first collect a large number of ground truth human judgments about the similarity of triplets of fabrics. Then, in Section 6.7.2, we demonstrate that our image-based metric using ground truth parameters, as well as the estimated ones, encode the same preferences. Finally, in Section 6.7.3, we show qualitative comparisons and demonstrate the usefulness of our approach in a downstream task consisting of ‘search by similarity’.

6.7.1 Human Judgment Perceptual Similarity of Drape

We then use ten samples from our real dataset with known ground truth mechanical parameters and setup the user study as follows. Participants are presented with a triplet of fabrics and, using one fabric as a reference, they are asked which of the two remaining fabrics is most similar [Zha+18; Gar+14] to the reference fabric. Participants are encouraged to manipulate the samples and focus only on the mechanical similarity and overall drape, and to ignore properties like material reflectance. Each participant rated 20 triplets that were pseudo-randomly sampled, ensuring that at least each of the ten test fabrics is used twice as a reference. Given the same triplet, we observe an average of 86.68% agreement between our participants across all experiments and materials, suggesting that there is a perceptual understanding of fabrics mechanics that humans share. We did not observe any significant differences in agreement depending on the volunteer demographics or level of expertise in fabric handling or simulation.

Leveraging the user study described above, we can compute an embedding that captures the relative distance between real materials according to human perception (i.e., ground truth perceptual similarity). Figure 6.8 depicts such embedding in 2D, computed using tSTE [Tam+11], which allows us to calculate perceptual distances between materials using the Euclidean norm. The embedding depicts many interesting patterns, including perfectly separated woven and knitted fabrics; elastic and thin fabrics are clustered together; thick and thin knits are well separated. These patterns suggest that fabric structure, composition, and density play an important, non-linear role in the overall perception of the mechanical properties of fabrics.


Figure 6.8: Human Judgments 2D tSTE embedding [Tam+11] computed from human perceptual judgments about real fabric similarity (i.e., ground truth). We observe interesting patterns: woven and knits are separated; elastic materials are clustered; thick and thin materials are separated. Neither axes directly correspond to any material property, instead they emerge from the embedding.

[image: Figure 6.8: Human Judgments 2D tSTE embedding [Tam+11] computed from human perceptual judgments about real fabric similarity (i.e., ground truth). We observe interesting patterns: woven and knits are separated; elastic materials are clustered; thick and thin materials are separated. Neither axes directly correspond to any material property, instead they emerge from the embedding.]


6.7.2 Image-based vs. Human Perceptual Similarity

We evaluate the agreement between humans and our estimations within the context of a similarity rank. For each fabric of our real dataset, we compute the distance to the rest of the materials using different metrics: 1) the Euclidean distances on the Human Judgments tSTE embedding shown Section 6.7.1; 2) the z-score distances in the parametric space of the mechanical simulation, P; 3) the distance using our similarity metric for drape explained in Section 6.6. We compare ground truth parameters and estimated ones for the second and third cases. The summary of results is shown in Table 6.3, and the complete analysis is presented in the supplementary material.


Table 6.3: Average (± std.) correlation with rankings obtained through the human judgments tSTE Embedding, depending on the parameter source (ground truth or predicted), and metric used to compute similarity (parameter distance or our drape similarity).




	
	Parameter Distance

	 Drape Similarity Metric






	GT

	0.431 ± 0.17

	0.893±0.05




	Estimated

	0.377 ± 0.19

	0.680±0.09








First, we demonstrate that our similarity metric using ground truth parameters correlates with human judgments. Figure 6.9 (top) illustrates the outcome using Spearman correlation (r). We observe that the correlation for each fabric is higher than 0.8, with an average of 0.893, showcasing a strong correlation. These results suggest that our metric, which only takes images of the hanging and stretch scenes as input, can measure distances between materials as humans would. Then, as shown in Figure 6.9 (bottom), we use our estimated parameters instead of the ground truth, reaching an average correlation of 0.680. Even though this value is slightly smaller than the ground truth, it is still significant to conclude the estimations of our model agree with human judgments. Note that the materials with higher correlation are those lying on the extreme areas of the embedding obtained in Figure 6.8 that have very distinct characteristics. Likewise, we also compute the distance for each material using merely the parameter spaces of the simulation. As can be seen, using this space does not produce correlated outputs with human judgments, reaching correlations below 0.44 in any case tested.


Figure 6.9: Correlation between the ordering provided by the Human Judgments (x-axis) and our drape similarity metric with (top) the Ground Truth simulation parameters (y-axis), and (bottom) the estimations of our model. We plot z-scores instead of the raw distances to help visualization.

[image: Figure 6.9: Correlation between the ordering provided by the Human Judgments (x-axis) and our drape similarity metric with (top) the Ground Truth simulation parameters (y-axis), and (bottom) the estimations of our model. We plot z-scores instead of the raw distances to help visualization.]


6.7.3 Qualitative Results

Figure 6.10 compares the simulations obtained with the parameters of our method with the ground truth parameters for a few examples. We can observe that our estimations are very close to the ground truth in this cases. Finally, our metric can be used to search between materials of similar drape. We illustrate this in Figure 6.11. As shown, a naive ranking using directly the parameter space does not provide any meaningful ordering. On the contrary, using our similarity metric, we obtain ranks that agree with those given by the human embedding, showcasing the potential of our automatic metric to explore fabric collections.


Figure 6.10: A comparison between the simulations obtained through the ground truth parameters, and those obtained using the predictions of our model, from a representative set of fabrics of our test set. As shown, the estimations of the model yield similar drapes to those of their ground truth counterparts, which we also evaluate quantitatively.

[image: Figure 6.10: A comparison between the simulations obtained through the ground truth parameters, and those obtained using the predictions of our model, from a representative set of fabrics of our test set. As shown, the estimations of the model yield similar drapes to those of their ground truth counterparts, which we also evaluate quantitatively.]



Figure 6.11: Search by drape similarity. The ordering provided by the parameter space (first row) does not match human judgments (second row), while the arrangement obtained by our metric matches humans with high consensus (third row).

[image: Figure 6.11: Search by drape similarity. The ordering provided by the parameter space (first row) does not match human judgments (second row), while the arrangement obtained by our metric matches humans with high consensus (third row).]


Limitations Even if our model provides accurate predictions, its estimations are not always truthful to the real materials. We illustrate this in Figure 6.12, where the model predicts fewer bends on the final drape than what the ground truth generates. According to our metric, this prediction is closer to thicker materials than to what humans perceive as most similar to the reference material.


Figure 6.12: A failure case of our method. Given the reference material (first row) as input, the model predicts fewer bends than the ground truth. According to our metric, this prediction is closer to a thicker material (middle row), than to what humans perceive as most similar to the reference fabric (bottom row).

[image: Figure 6.12: A failure case of our method. Given the reference material (first row) as input, the model predicts fewer bends than the ground truth. According to our metric, this prediction is closer to a thicker material (middle row), than to what humans perceive as most similar to the reference fabric (bottom row).]


6.8 Conclusions

In this chapter, we have presented a casual method to estimate the mechanical parameters of fabrics from depth images of fabric samples placed at two specific configurations. We have validated our architecture and inputs numerically, proving that all the components of our method are necessary to provide accurate estimations. While our quantitative analysis helped us understand the importance of each component, we found that these errors are not interpretable, nor do they help us understand the overall appearance of the predicted drape. Therefore, we have presented the first metric, which, by purely working on the image space, can capture differences in fabric mechanics as humans do. We have used such metric for two purposes: first, to validate the accuracy of our estimated parameters perceptually, and second, to showcase a novel application of search by drape similarity.

Our work could be improved in several ways. Our neural network is trained using a pure regression loss. Training the network using differentiable simulation could improve training, and help generalization and error interpretation. We could incorporate our perceptual metric as a loss function. However, it requires multiple differentiable simulations and a deep feature extractor, which will result in a significant computational overhead. In addition, less expressive

simulation engines may correlate less with human perception. Similarly, we would like to scale our training dataset and user study to handle more and more diverse samples, to cover a broader variety of fabric families. Interesting possible extensions would include taking as input RGB images instead of depth maps, training with real samples, incorporating symmetry consistency losses, or learning a similarity metric that can work by using captured images as input (instead of simulations). Finally, we hope our work might inspire future work in the long-standing problem of validating fabric mechanics in a way that is agnostic to the simulator parameters.

6.A Additional Implementation Details

Training. We train our model using PyTorch [Pas+19] as our learning framework and Kornia [Rib+20] for image-processing operations, including normalization and data augmentation. The model is optimized using AdamW [LH17] for a total of 50 epochs, with a learning rate of α = 0.0003, which is halved every 10 iterations. All other optimizer hyperparameters followed the default AdamW configuration. We use mixed precision training [Mic+18], a batch size of 256, and a weight decay of 0.000002. The input images are of 180 × 180 pixels, and we use a Mean Squared Error (MSE, ℓ2) as our loss function for our regression problem. Model size design and hyperparameter selection were conducted using Bayesian hyperparameter tuning [Bie20]. Training takes approximately one hour on an NVIDIA 2080 RTX GPU.

Network Design. Our feature extractor is a pre-trained ResNet-18 [He+16] (TorchVision pretrained weights checkpoint weights=’IMAGENET1K V1’), followed by a Self-Attention layer [Zha+19b] with 64 attention heads. The output of this layer is max and average-pooled, and a final multi-layer perceptron (MLP) with 4 hidden layers with 512 hidden units each, receives the pooled features and the density value, and outputs the 6 predicted mechanical parameters. The MLP layers use ReLU [MHN13] non-linearities, followed by Layer Normalization [BKH16], and a Dropout [Sri+14] rate of 0.5. Both the feature extractor and the MLP are trained simultaneously.

Data Augmentation. We use the following policy, in order: First, we randomly rescale the input images using (0.5, 1.5) rescale ranges. We then randomly erase [Zho+20] parts of the input images (p = 0.2), randomly rotate them (p = 0.2, angle = ±10◦), apply a random perspective change (p = 0.5, scale = 0.5), and a random thin plate spline warp (p = 0.2, scale = 0.5). We then crop the center area, with a resolution of 180 × 180 pixels. To those images, we randomly change their contrast and brightness, on the (0.5, 1.5) ranges. We then apply a final set of transformations, including image equalization, random horizontal flip (p = 0.5), random Gaussian noise (p = 0.5, μ = 0, σ = 0.02), random posterization ((p = 0.5)), random sharpening (p = 0.5), and random Gaussian blur ((p = 0.5), kernel size of 3 × 3). Please refer to the Kornia documentation [Rib+20] for specific implementation details of each of these transformations and the specific meaning of the mentioned parameters.

6.B Additional Results

In this section, we show the relative similarity rankings computed through the tSTE embedding of our user study, compared to the ground truth and predicted parameter distances, as well as the drape similarity computed using the ground truth and predicted parameters. We also provide additional details of our user study.


Figure 6.13: Relationship between the distance obtained by our user study, our distance metric, and the difference in each parameter. On the top row, we plot the difference between the value of a parameter against the average distance between fabrics we obtained through our user study. On the bottom, we show the same parameter distances, now against the distance predicted through our perceptual metric. As shown, no mechanical parameter dominates the distance predicted by either the user study or our metric. The perception of mechanical properties can be understood as a highly non-linear phenomenon in which many parameters interact in complex ways. We use z-scores to help visualization.

[image: Figure 6.13: Relationship between the distance obtained by our user study, our distance metric, and the difference in each parameter. On the top row, we plot the difference between the value of a parameter against the average distance between fabrics we obtained through our user study. On the bottom, we show the same parameter distances, now against the distance predicted through our perceptual metric. As shown, no mechanical parameter dominates the distance predicted by either the user study or our metric. The perception of mechanical properties can be understood as a highly non-linear phenomenon in which many parameters interact in complex ways. We use z-scores to help visualization.]



Figure 6.14: To recreate possible misalignments that may be present on the real images, we propose a simulation-space data augmentation policy, in which we simulate the drapes from different rest positions, on the [−5, 5] degree ranges. For every scene, we generate 11 different simulations uniformely in this range, effectively creating a dataset of images for a single material.

[image: Figure 6.14: To recreate possible misalignments that may be present on the real images, we propose a simulation-space data augmentation policy, in which we simulate the drapes from different rest positions, on the [−5, 5] degree ranges. For every scene, we generate 11 different simulations uniformely in this range, effectively creating a dataset of images for a single material.]


User Study: Procedure and Stimuli

Stimuli. We use ten physical fabric samples of our real dataset, which are representative of different types of fabric structures, thicknesses, densities, and mechanical properties. We leverage 25×25 cm samples, which is an adequate size for the manipulation of the materials.


Figure 6.15: Ranking classification accuracy on different ways of comparing materials. Comparing materials simply by measuring their distances on parameter space yields innacurate similarity rankings, as the parameter space is not orthogonal and cannot be linearly correlated with human perception of material similarity. Our Drape similarity metric provides us with a way of assessing the similarity between materials on a more perceptual-aware space, yielding more accurate rankings.

[image: Figure 6.15: Ranking classification accuracy on different ways of comparing materials. Comparing materials simply by measuring their distances on parameter space yields innacurate similarity rankings, as the parameter space is not orthogonal and cannot be linearly correlated with human perception of material similarity. Our Drape similarity metric provides us with a way of assessing the similarity between materials on a more perceptual-aware space, yielding more accurate rankings.]


Participants. A total of 30 volunteers took part in the test. The participants had different backgrounds and diverse levels of expertise in physical manipulation of textiles. A study on their demographics can be found in Figure 6.20.

Procedure. Following previous work on human perception [Zha+18; Gar+14], we design a Two-Alternative Forced Choice (2AFC) user study in which participants are presented with triplets of physical fabric samples. We performed the experiment in a lab-controlled environment because the fabric samples had to be physically manipulated. Participants were asked to select which of two fabrics is most similar to a reference fabric. They were suggested to manipulate the samples (stretching, bending them, etc.) and to focus only on mechanical similarity, thus ignoring other factors such as optical properties (color, specularity, transparency) or irrelevant tactile feedback (softness, for instance). Material reflectance was thus ignored by participants. Volunteers were not instructed to leverage fabric motion to make their decisions but were free to dynamically manipulate the samples, which some participants did. Following recommendations in user study design for graphics [Byl+22; Dod+22], we informed the users that there are no right or wrong answers, allowed them to use their own criteria for answering the questions, and self-identify their demographics and levels of expertise. The volunteer demographics can be found on 6.20.

Each participant rated 20 triplets that were pseudo-randomly sampled following some rules: each of the 10 fabrics in our test set is shown as a reference at least twice to each participant, the order of the triplets is random, and each triplet was evaluated by at least 2 participants. Each test took between 15 to 30 minutes, depending on the participant, and was followed by an open discussion, to better understand which criteria each participant used to make their decisions. We started each test with a brief interview to register the self-reported participants’ demographics [Dod+22], we continued it with the 20 perceptual comparisons and finished it with an open discussion so as to better understand which factors each participant used to make their decisions.


Figure 6.16: Correlation between the ordering provided by the Human Judgments (x-axis) and our Drape Similarity Metric (y-axis). We plot z-scores instead of the raw distances to help visualization.

[image: Figure 6.16: Correlation between the ordering provided by the Human Judgments (x-axis) and our Drape Similarity Metric (y-axis). We plot z-scores instead of the raw distances to help visualization.]


Results: Agreement 30 participants, with diverse levels of expertise with fabrics and computer simulations, volunteered for this user study. Given the same triplet, we observe an average of 86.68% agreement between our participants across all experiments and materials, suggesting that there is a perceptual understanding of fabrics mechanics that humans share. We did not observe any significant differences in agreement depending on the volunteer demographics, or level of expertise on fabric handling or simulation. This suggests that the perception of similarity of the mechanical properties of textiles may be relatively universal. When prompted, participants generally admitted that some triplets were easier to evaluate than others, either because neither candidate fabrics were similar to the reference or because both were very similar and thus difficult to make a definitive decision. Participants tended to evaluate elasticity and the shape of the fabric when it bends. When in doubt about those factors, a standard procedure was to assess similarity using the perceived weight of the material.


Figure 6.17: Correlation between the ordering provided by our similarity metric with the Ground Truth parameters (x-axis) and the estimated ones (y-axis). We plot z-scores instead of the raw distances to help visualization.

[image: Figure 6.17: Correlation between the ordering provided by our similarity metric with the Ground Truth parameters (x-axis) and the estimated ones (y-axis). We plot z-scores instead of the raw distances to help visualization.]


6.C Ablation Study: Similarity Metric Parameters

Here, we study the factors that might impact the performance of the metric: the image-based similarity metric (IM), the number of simulations necessary to account for the non-determinism of the simulation (N ), and the scene (hanging or stretch).



• Choice of IM The image-based metric should be able to capture the subtle differences in wrinkles, folds, and overall shape of the simulated drape. While previous work has learned this metric from data [Gar+14; Lag+19], we proposed a simpler approach using existing image-based similarity metrics. Figure 6.21 (a) shows results for several deep and non-deep methods. For deep learning-based metrics, it is particularly relevant that the metric can account for local and positional differences. A Content loss or the LPIPS shows stronger performance than translation-invariant losses (e.g. Style Loss or DISTS).

• Choice of N We study how many simulations that are needed to account for the non-determinism of the simulation. Figure 6.21 (b) shows that N ≥ 5 is enough to obtain accurate results.

• Choice of scene We study which scene is best for estimating drape similarity in Figure 6.21 (c). The stretch scene generally provides more information than the hanging scene, while using both achieves the best agreement overall.




Figure 6.18: Correlation between the ordering provided by the tSTE embedding from our user study (x-axis) and our distance metric, computed using the estimated parameters (y-axis). We plot z-scores instead of the raw distances to help visualization.
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Figure 6.19: Correlation between the ordering provided by the tSTE embedding from our user study (x-axis) and the distance computed on the parameter space, for the model predictions (y-axis). We plot z-scores instead of the raw distances to help visualization.
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Figure 6.20: Demographics of the participants of our perceptual study. Following recommendations on user studies for computer graphics [Dod+22; Byl+22], we capture the self-identified gender, age, and education level of each participant. We also asked them to identify their level of expertise with handling physical textile materials, as well as their expertise in computer simulation and rendering of fabrics.

[image: Figure 6.20: Demographics of the participants of our perceptual study. Following recommendations on user studies for computer graphics [Dod+22; Byl+22], we capture the self-identified gender, age, and education level of each participant. We also asked them to identify their level of expertise with handling physical textile materials, as well as their expertise in computer simulation and rendering of fabrics.]



Figure 6.21: Ablation study on different factors of our similarity metric. Y-axis is Spearman correlation. (a) Results for several image-based metrics IM (we use the implementations provided in PIQ [KZP19]). (b) Number of simulations needed to account for the non-determinism (optimal choice is 5). (c) Impact of the scene.
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_______________________________

1 Additional publication details and results are included on the project website.

CHAPTER 7. NEURAL MODELS FOR GLOBAL ILLUMINATION


Figure 7.1: Renders using analytical illumination methods with multiple importance sampling and our learned lighting approach for two environment maps.
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Environment maps are commonly used to represent and compute far-field illumination in virtual scenes. However, they are expensive to evaluate and sample from, limiting their applicability to real-time rendering. Previous methods have focused on compression through spherical-domain approximations, or on learning priors for natural, day-light illumination. These hinder both accuracy and generality, and do not provide the probability information required for importance-sampling Monte Carlo integration. In this chapter, we propose NEnv, a deep-learning fully-differentiable method, capable of compressing and learning to sample from a single environment map. NEnv is composed of two different neural networks: A normalizing flow, able to map samples from uniform distributions to directions of the environment map, also providing their corresponding probabilities; and an implicit neural representation which compresses the environment map into an efficient differentiable function. The computation time of environment samples with NEnv is two orders of magnitude less than with traditional methods. NEnv makes no assumptions regarding environment map content, achieving higher generality than previous learning-based approaches. The contributions in this chapter led to the following publication, currently under review:


[image: ]


“NEnv: Neural Environment Maps for Global Illumination”

Carlos Rodriguez-Pardo, Javier Fabre, Elena Garces, Jorge Lopez-Moreno

Under Review (2023)


Figure 7.2: From left to right, Ground Truth and our learned RGB environment map compression and sampling algorithms, and renders using both illumination configurations on a complex scene.
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7.1 Introduction

Environment Maps are widely used in rendering to represent far-field illumination around a point with a single texture, usually a High Dynamic Range image (HDRi). There are two typical scenarios for using these maps: as infinite spherical light sources in offline rendering methods (such as path tracing), or as local probes that encode near-field irradiance to approximate global illumination in real-time applications.

In the first case, many algorithms such as Multiple Importance Sampling (MIS) [VG95] require the ability to sample lights in the scene, which can be problematic when dealing with environment maps. Since the source data comes from an image, there is no analytic Cumulative Distribution Function (CDF) that can be used for sampling. Instead, tabulated methods can be used, but these require a pre-computation step that consumes a considerable amount of memory, as well as a search step to find the sample probability.

In real-time scenarios, irradiance sampling is becoming more relevant with the increasing capabilities of GPUs and sample reservoir techniques for global illumination [Bit+20; Ouy+21], yet the usual techniques to sample environment maps do not easily benefit from parallel GPU environments. Also, in real-time, analytical approximations (such as Spherical Harmonics or Spherical Gaussians) are often used to overcome this issue, however, they are not able to capture final-scale details present in most environment maps.

This work presents a novel learning-based method for sampling, PDF evaluation, and compression of high-resolution environment maps, able to encode any type of illumination with high fidelity. Our method builds on recent advances in neural representations, that we found particularly suitable for this kind of problem, where it is important to encode both the high-frequency and low-frequency patterns. Key to our solution is to use a normalizing flow [Dur+19a] to encode an invertible representation of the environment map PDF, reducing both sampling and evaluation time by two orders of magnitude compared with analytic solutions. Thanks to being invertible, our representation is differentiable and compatible with importance-sampling techniques. We also propose a method based on implicit neural representations to compress the environment map, reducing the memory footprint of the original image with minimal loss. We demonstrate that our approach works for a wide range of scenes and is faster and more accurate than previous methods.

7.2 Related Work

In offline rendering, environment maps are usually encoded in high resolution (> 4K) HDR images (Radiance HDR [LS98], OpenEXR [KBH03]), requiring tabulated approximations for sampling and evaluation. Techniques such as PiecewiseśConstant 2D Distributions [PJH16] or Hierarchical Warping [Cla+21] are used for this purpose, but they are not suited for RT applications due to limited time and memory budget, being a costly and difficult-to-parallelize operation, even for offline rendering. This cost can be reduced, for instance, by taking into account scene information, such as occluders [Aga+03] to avoid poor-quality samples.

Heitz [Hei20] proposed a method to invert nonśanalytically invertible CDFs, which can be applied to some distribution functions (e.g.: BSDFs) to obtain an analytical sampling function. However, environment maps are not good candidates for triangle-cut parametrization, since their PDF and CDF come from a discrete tabulated source (HDR image).

To avoid using high resolution images, real time methods rely on environment map prefiltering [Kau+00], or analytical approximations, such as Spherical Harmonics (SH) [See66], and Spherical Gaussians (SG) [Xu+13]. These methods allow for analytical evaluation of an environment map, as well as analytical sampling (directly, in the case of SG, or using Hierarchical Sampling for SH [JCJ09]) and easy interpolation (useful when not enough samples can be requested). Still, they do not accurately represent complex HDR images commonly used when representing highśdetailed light setups by using environment maps, and blending important light features in the original images, sometimes generating artifacts. More recently, neural representations have been explored for this purpose. For instance, Gardner et al. [GES22] propose a conditional neural field representation, based on a variational auto-decoder (RENI), which leverages natural image priors to efficiently encode a full HDR environment image into a few-dimensional latent space vector. Being low-dimensional, it shares the same accuracy limitations that its predecessors, and does not consider sampling, or evaluation in its design. In the following, we describe the most relevant neural approaches for sampling and 2D image representations.

7.2.1 Neural Sampling and Representations

Learned Sampling and Normalizing Flows Normalizing Flows (NFs) have been proposed as powerful models for learned sampling for rendering applications. The seminal work of Müller et al. [Mül+19] proposed Neural Importance Sampling, using Piecewise-Linear and Piecewise-Quadratic Coupling Flows for learned sampling for Monte Carlo rendering. This method showed the first successful use of these neural models for Path-Tracing, but their results showed a prohibitive overhead in runtime cost over previous methods. In a later work, Müller et al.proposed Neural Control Variates [Mül+20], an Autorregresive Flow which allows for more efficient unbiased integration. Beyond Monte Carlo integration, Flows have been used for BRDF representations in inverse rendering [CNN22]. Relatedly, Sztrajman et al. [Szt+21] propose a method for neural sampling of BRDFs. However, instead of relying on NFs, they propose an encoder network that maps from Neural BRDF to fitted Blinn-Phong parameters for which importance sampling is known. Besides these tasks, NFs have been utilized in computer graphics and vision for image [KD18; WZY22] and video [Kum+19] generation, compression [Hel+20], super-resolution [Lug+20], domain translation [Gro+20], and uncertainty quantification [Wan+22c; Sel+20]. We build upon Neural Importance Sampling [Mül+19] and propose a lightweight model for sampling and PDF evaluation of environment maps, as we describe in Section 7.4. We show that the proposed architecture and training produce a single network that can be integrated into any rendering pipeline, providing a significant speedup in image-based lighting with importance sampling.

Implicit Neural Representations (INRs) have emerged in recent years as a powerful alternative to traditional representations for natural signals. They allow for differentiable, continuous, and expressive functions which can represent many types of data, such as images [Sit+20; Meh+21], video [Gao+21], or Neural Fields for rendering [Mil+20]. INRs typically build upon standard Multi Layer Perceptrons (MLPs) but benefit from working on the frequency domain to better handle higher frequencies, which are present on natural signals. These can be introduced to the models using fixed Positional Encodings [Mil+20; Bar+21], Fourier Features [Tan+20; Kar+21] or Sinusoidal Activations [GES22; Meh+21; Sit+20], among other approaches. These general-purpose models have been utilized extensively in inverse and neural rendering, for representing geometry [Tak+21; Yan+21], illumination [GES22; GMX22; Att+22], material reflectance [Baa+22; Fan+22; Szt+21; Kuz+22; Kuz+21; Yao+22] or entire scenes [Mil+20; Fri+22; Tan+22; Ver+22; Sit+21]. We refer the reader to the seminal surveys in Neural Fields [Xie+22; Tew+22] for more comprehensive reviews of these representations for neural rendering and computer vision. Besides their effectiveness for rendering, INRs have also been used for image [Str+22] and video [Rho+22] compression. We build upon these findings to design an efficient yet expressive INR for environment maps, as described in Section 7.5.

7.3 Overview

Our method takes as input a single HDRi environment map of any resolution, which is an image-based 360º representation of the illumination of a scene I∈ℝH×W×3. First, we perform a series of pre-processing steps (Section 7.3.1) and compute the ground truth probability distribution function,(Section 7.3.2). Then, we train a normalizing flow F for joint sampling and PDF evaluation (Section 7.4), and an implicit neural representation c for environment map compression (Section 7.5). We illustrate NEnv in Figure 7.3.


Figure 7.3: Overview of NEnv. We propose an invertible generative neural network F (i.e. a normalizing flow) which simultaneously learns to sample directions (θ, φ) from an environment map, as well as evaluating the probability of a given direction. This model, illustrated on the left, can be integrated seamlessly into path tracer render engines, allowing for efficient multiple importance sampling. We additionally use an implicit neural representation c (second column) which learns to map from directions to linear RGB values, allowing for faster evaluation.
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F is an invertible neural network which can generate directional samples (θ,ϕ)=F(z) by mapping from a known and simple noise distribution z∈ℝ2,z~pz(z), as well as evaluating the probability density of any direction p(θ, φ). F provides an efficient and differentiable approximation of the PDF encoded in I, which is particularly useful for Monte Carlo integration in rendering systems using Multiple Importance Sampling (MIS). We model c as a sinusoidal Multilayer Perceptron (MLP) which maps directions (θ, φ) to RGB values: RGB = C(θ, φ); compressing I into a differentiable, continuous function. We train F and c individually for each input I, and design their architectures and training configurations to achieve high compression rates, efficient evaluation, and minimal loss in rendering quality. Once trained, both F and c can be integrated seamlessly into rendering engines, considerably reducing the time and memory consumption per sample compared to traditional global illumination approaches.

Implementation details are included in Section 7.6. To validate our method, we perform extensive ablation studies, and perform comparisons with previous work on environment map approximations (Section 7.8), both in environment map reconstruction and its impact on final renders.

7.3.1 Map Pre-processing

Some environment maps have large and intense light sources close to the horizontal borders of the image, separating the same light source into extreme values of φ ≈ 0 and φ ≈ 2π. While this is not a problem when rendering with traditional approaches, we observe these cases become very challenging for our normalizing flows, creating artifacts and tails in the encoded PDFs, as we show in Figure 7.4. We solve this by rotating the environment map by π − φmax angles, so that its most intense light source is in φ = π, thus avoiding strong discontinuities at the borders:

ϕmax=arg⁡maxϕ∑θI(θ,ϕ)                  (7.1)


Figure 7.4: Environment map and the PDF encoded by NEnv for an unprocessed (left) and rotated (right) environment map. Our simple rotation preprocessing avoids discontinuities in the borders of the learned reconstructions, enhancing the performance of our models.
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While there are specific parameterizations for normalizing flows on spheres [Rez+20], we empirically observe that this rotation algorithm effectively solves the discontinuity issues we observed on real-world environment maps without requiring any modifications in our model design.

7.3.2 Computing Ground Truth Tabular PDFs

As mentioned, there are two widelyśused approaches for sampling directions according to an environment map distribution:



• Computing a Piecewise-Constant [PJH16] 2D Distribution by sampling a marginal PDF to select a row/column of I, then sampling a conditional PDF to choose an individual pixel.

• A Hierarchical Warping [Cla+21; Pha19] algorithm based on MIPśmapping over I to iteratively warp 2D samples from an uniform space until they match the target distribution.



Pharr [Pha19] compared these methods, stating that despite obtaining different spatial warpings, both produce similar error in renders. Interestingly, the official implementation for Mitsuba3 [Jak+22] relies on the latter approach, while the available implementation for the 4th edition of PBRT [PJH20] uses the former. These are both widelyśused engines in the literature. Due to its comparably better efficiency (see Section 7.8.3), which is important during model training, we choose to use the Piecewise-Constant method to compute our ground truth PDFs and samples.

To obtain the PDF for a given environment map I, we first define f(θ, φ), by mapping directions to the luminance values stored in the image I. These values are proportional to the probability of selecting a particular pixel that we want to compute, but require additional processing and normalization. We start by multiplying I by sin(θ), given the θ corresponding to each row, thus eliminating the distortion caused by mapping the image to the unit sphere [PJH16]. Using f(θ, φ) as source data, we then compute one conditional density distribution fconditionalθ (φ) for each φ, so we can later obtain a single marginal distribution by integrating all conditional distributions (rows) to build 1D Piecewise distributions. We use this marginal distribution to sample a row, and in turn, sample the corresponding conditional distribution stored for such row to select a column, hence getting a single pixel defined by θ, φ coordinates.

Finally, to compute the probability density of choosing a given pixel pI(θ,ϕ), we obtain the CDF for the conditional distribution at row φ for value θ, and normalize it to the marginal distribution integral:

pI(θ,ϕ)=fconditionalθ(ϕ)∑i=0nθfmarginal(i)                  (7.2)

where fconditionalθ represents the data used to compute the conditional PDF for row φ, and fmarginal is the data used to compute the marginal distribution over the nθ rows of the Y axis.

7.4 Learned Sampling and PDF evaluation

We aim to find a learning-based representation useful to sample directions from an environment map following its distribution, as well as evaluating the probability density (PDF) for any given direction p(θ, φ). While this could be approached using two independent neural networks, there is no guarantee that a sample generated by a network is drawn with the probability estimated by the other network, surely affecting the illumination integral and producing visual artifacts (e.g. fireflies). Neural networks by default are typically non-invertible and can become prohibitively expensive once model sizes grow, either by stacking more layers or adding more neurons. We instead leverage normalizing flows, defined by specifying a bijective function F or its inverse F−1. This enables both sampling and evaluation simultaneously and coherently with a single invertible neural network.

7.4.1 Formalization

We define our normalizing flow as a differentiable transformation F which maps from a random vector z∈ℝ2, sampled from a 2-dimensional uniform distribution pz(z), to samples (θ,ϕ),θ∈[0,π)),ϕ∈[0,2π):

(θ,ϕ)=F(z)wherez~pz(z)                  (7.3)

The probability density of a direction pF(θ,ϕ)∈ℝ under the normalizing flow F is obtained through a change of variables. This can be computed analytically because F is designed as an invertible function. Formally:

pF(θ,ϕ)=pz(F−1(θ,ϕ))|det⁡δF−1δ(θ,ϕ)|                  (7.4)

F locally transforms the density of original noise distribution pz(z). The intensity of this change if measured by the determinant of the Jacobian of the transformation, as in the right hand side of the equation above. pz(z) is chosen to be a bidimensional uniform distribution bounded between 0 and 1:pz(z)=V2(0,1).

As shown, F provides the two calculations required in MIS for Monte Carlo integration. However, F needs to meet two competing requirements: it has to be as accurate as possible, i.e., close to the real PDF, while being computationally efficient, both in evaluation and sampling. These competing requirements define our design choices, which we motivate next.

7.4.2 Design of F

The design of F follows three principles: First, to achieve accurate renderings, we need it to be expressive enough to represent any complex probability density distribution. Second, we need an analytic form to compute its inverse F−1. Finally, for efficiency, computing F, F−1, and its Jacobian determinant needs to be as fast as possible.

Coupling Flows [DKB14; DSB16; KD18] achieve the efficiency requirements by using a single feed-forward pass of F and F−1, and preserving a reduced level of computation, required to evaluate the Jacobian determinant, which is a lower triangular matrix for this type of flows. However, because all computation is done on a single pass to the models, coupling flows are typically less expressive than Autoregressive Flows [Mül+20; Kin+16; PPM17; Hua+18a; PSM19; Khe+21], which in turn, are less efficient during test time. We refer the reader to recent surveys [KPB20; Pap+21] for more comprehensive analyses of these topics.

To balance between efficiency and accuracy, we design F as a Coupling Flow and incorporate expressiveness through the coupling layer design. To this end, we evaluate several design choices available in the literature in the context of our problem. Recent work include Affine Coupling layers [DSB16], Piecewise Linear and Piecewise Quadratic [Mül+19], Cubic-Spline Flows [Dur+19b] and Rational-Quadratic Spline Flows [Dur+19a]. The type of coupling controls the complexity of F, which can further be tuned by modifying the number of coupling layers, the width and depth of the neural network that define each coupling, and the number of bins which define the complexity of the polynomial function inside each coupling layer.

In addition, as in any neural network, it is possible to tweak the internal normalization layers, activation functions, optimizer type and configuration, regularization choices, etc. These create a combinatorial explosion of design choices, with two competing objectives of accuracy and efficiency. We found that Rational-Quadratic Spline Flows [Dur+19a] with a reduced amount of small coupling layers are expressive to a sufficient degree for every environment map that we tested, while being very efficient during evaluation, achieving orders of magnitude less computational cost than tabulated sampling. Because F is efficient and fully differentiable, it could potentially be incorporated into inverse rendering problems. We specify our model design choices in Section 7.6 and evaluate them in Section 7.8.1.

7.4.3 Training F

We train our normalizing flow to minimize the aggregated negative log-likelihood of a set of samples, B={(θ,ϕ)(n)}n=1N, that are drawn dynamically in batches of size N from the input

environment map I as described in Section 7.3.2.

During each training step, we minimize the average negative log likelihood across the elements in the batch 1N∑bNLnll(θ,ϕ)(b) where:

Lnll(θ,ϕ)=−log⁡(pF(θ,ϕ))=−log⁡(pz(F−1(θ,ϕ))|det⁡δF−1δ(θ,ϕ)|)                  (7.5)

This is done by learning to map from the distribution of samples to the noise distribution pz(z). Given a sufficient number of training batches, F learns to accurately sample from the distribution of samples encoded in the input environment map I. Because F is invertible and due to our efficient model design, the probability of a sample (θ, φ) can easily be computed by its inverse F−1.

During training, we observe that most of the computation time is used to generate the ground truth batches of samples B, which is the very process that we are interested in improving with F. We also notice that achieving a training procedure that works for every environment map is challenging due to gradient instabilities. We introduce a series of modifications to the training procedure to allow for stable training dynamics and avoid NANs for any input environment map, which we specify in Section 7.6.

7.5 Environment Map Compression

In addition to learning to sample and evaluate the PDF, we train a compression neural network c which learns to map from directions to RGB values: C(θ,ϕ)=RGB,θ∈[0,π),ϕ∈ [0,2π),RGB∈ℝ+3. This serves two purposes: First, it provides a memory and time efficient representation of the environment map, thus further improving the render times and computational cost. Second, it transforms the tabulated representation into a continuous and differentiable function for which gradients can be computed, which may prove useful for inverse rendering scenarios. For the model design of c, we build upon previous work on implicit neural representations. In particular, neural network architectures that work on the frequency domain have shown increased performance with respect to MLP for modeling natural signals [Tan+20; Sit+20], both in reconstruction quality and parameter efficiency. We thus model c as a shallow sinusoidal MLP, a SIREN [Sit+20]. This architectural design has been explored in recent work on environment map approximation, such as RENI [GES22]. However, as we do not aim to learn any prior over natural illumination, we can remove some constraints introduced in RENI, most notably the rotation equivariance requirement. Further, we do not use any latent vector to condition the output of our model, nor we do require Vector Neurons for our representation. With our simplifications, we achieve much higher reconstruction quality with the same parameter count. We train c on linear RGB space, with a pixel-wise reconstruction loss. Specifically, we use an L1 loss, as it produces sharper and more accurate reconstructions than higher-order norms, such as L2 [Iso+17; RG21]. We also observe strong gradient instabilities when training with L2 on linear RGB. As c expects inputs in radians, but the input image has ranges of H × W pixels, our full loss becomes:

Lrecon=1H×W∑iH∑jW∥C(i×πH,j×2πW),I(i,j)∥1                  (7.6)

We use mini-batching to train our compression models c, using uniformly sampled directions θ, φ. Previous work [GES22; Szt+21; Rod+23a; Lav+21] introduce adaptive sampling, cosine weighting or specular peak attenuation to similar loss functions for environment map or BRDF reconstruction. However, for our particular problem, we empirically observed that these additions tend to contribute negatively either to the training dynamics, or to the final quality of the reconstruction.

7.6 Implementation Details

Preprocessing Before the rotation algorithm described In Section 7.3.1, we resize every input HDRi environment map to a resolution of (2000, 4000) pixels using area interpolation.

This is an optional step, but it helps us standardize our experiments so that input resolution does not change training times. Note that evaluation times of our NEnv models depend on the model sizes and parameterizations, not on the resolution they were trained on.

Model Design and Training Our models sizes, loss functions, coupling layer design, normalization, optimizer and training configurations were selected using a combination of manual tuning and Bayesian hyperparameter optimization using Weights and Biases [Bie20] for a variety of representative environment maps.

We train the models using PyTorch [Pas+19] 1.11 and Torchvision [MR10]. Our flow and compression networks are trained independently, and individually for each input environment map. We empirically observe that mixed precision training [Mic+18] introduces strong training instabilities for this problem, so we train the models using float32 precision. However, our models can be evaluated using half precision, which significantly increases their efficiency during test time. F and c each use around 3 MBs each, while a (2000, 4000) resolution HDRi environment map uses around 25 MBs.

Normalizing Flow Our normalizing flows F build upon the official implementation in [Dur+19a]. We use Batch Normalization [IS15] in the residual layers of our flows. To maximize evaluation efficiency, our flows have a limited number of trainable parameters. In particular, we use only 2 coupling layers, with 2 hidden layers, each with 256 hidden units and 256 bins. We use spline flows as our coupling layer type [Dur+19a]. Our initial learning rate is of 5e − 4, which is halved every 2500 iterations. We use Adam [KB15] as our optimizer. To stabilize training, we use gradient norm clipping [Zha+20] (maxnorm = 1). This is crucial for well-behaved models and efficient convergence. We train our models with a batch size of 100000 for 15000 epochs, which takes around 2 hours on an Nvidia RTX 3060 GPU. Note that fewer iterations (eg 5000) are typically sufficient for adequate results, while longer training helps to resolve additional details.

Compression Network We use a small sinusoidal MLP as our environment map compression network c. We use the official implementation in [Sit+20]. We train our models with a batch size of 500000 of randomly sampled directions and linear RGB values, for 10000 epochs, which takes around 0.5 hours on an Nvidia RTX 3060 GPU. Our initial learning rate is 5e − 4, which is halved every 2000 iterations. We use Adam [KB15] as our optimizer. To stabilize training, we use gradient norm clipping (maxnorm = 50). Our compression networks have 3 layers with 512 hidden units each. We initialize their weights as described in [Sit+20].

Rendering We use our own path tracer (PT) rendering pipeline as a baseline engine. This PT uses an implementation inspired by Wavefront [Van11; LKA13], powered by Embree [Wal+14]. We distribute render work in tiles of (25,25) pixels that perform pathśtracing in usual Wave-front steps (ray generation, intersection, shading, connection), each tile using a separate CPU thread. Note that tile size could be changed, as our selected tile dimensions are fixed due to hardware limitations and the amount of current thread active simultaneously (Intel Core i7-7700K CPU @ 4.20GHz, 8 threads).

Under this architecture, we perform our environment map sampling step once per tile, before every pixel in each tile performs its connection step. This way, we can either use a CPU approach [Cla+21] per pixel or integrate a single call to F to obtain all samples that are required in the current tile. We use LibTorch to use our PyTorch implementation from our C++ code. Intersections are performed in a single call using a ray packet call from Embree. Integrating c is more challenging, since we require ray data. However, we can store all this information simultaneously: We prepare all rays for intersection, and perform a single call to c. This way, we obtain all values at once. Note that these evaluations will be discarded if the next pathśtracing bounce does not go out of bounds.

7.7 Dataset

Our goal is to propose a method that works for any type of global illumination which can be represented using environment maps. To this end, we gather a dataset of 32 high resolution HDRi environment maps from publicly available sources, notably HDRMaps and Poly Haven, to thoroughly evaluate our models. Our dataset contains natural daylight, including sunny midday illumination, cloudy diffuse images, sunset, and dusk. Further, we also test our method on indoor scenes, from studio lighting, to a concert hall or cathedral illuminations. We purposefully include very challenging cases with multiple colored light sources, which helps us understand the limitations and capabilities of previous work and our models.

7.8 Evaluation

In this section, we evaluate our models, both quantitatively and qualitatively, We first measure their performance in terms of reconstructing the probability density and the RGB values of the input environment maps, and in computational cost. Finally, we measure their integrated quality in final rendered images compared to a variety of baselines. Unless stated otherwise, we use the full dataset described in Section 7.7 for our analyses.

To make comparisons fair, we use the following configuration: For RENI [GES22], we train a new model from scratch with the exact same architecture design as our c, and train it for 3000 epochs. For Spherical Harmonics (SH) [See66; RH01b], we use 1024 coefficients, and for Spherical Gaussians (SG) [Xu+13], 16 × 32 dimensions. These configurations have a larger amount of parameters than what is typically used for these methods, especially in real time rendering. However, our goal is to maximize the reconstruction quality for each method and environment map, even if it results in an increased memory footprint. For the three methods we evaluate, the output resolution is set to (256, 512) pixels. We follow the official implementation of [GES22] for all these comparisons.

7.8.1 PDF Fit Accuracy

To validate our design choices for the coupling layers of our normalizing flow F, we train different versions of F for every environment map in our dataset, exclusively changing the type of polynomial function in the coupling layer. We measure the X 2 distance, as well as the KL divergence DKL(F∥I) [KL51] between the probabilities encoded by our normalizing flow pF and the ground truth counterparts pI as follows:

DKL(F∥I)=∑θi=0π∑ϕj=02πpF(θi,ϕj)log⁡(pF(θi,ϕj)pI(θi,ϕj))                  (7.7)

This metric, also used in [Mül+19], measures the distance between the learned probability distribution and the real PDF encoded in the environment map. In Figure 7.5, we show the aggregated divergences for our dataset for three different coupling layer types. As shown, the Piecewise Linear coupling proposed in [Mül+19] is outperformed by its more expressive Piecewise Quadratic variation, while the Rational-Quadratic Spline Flows proposed in [Dur+19a] achieve the lowest divergence overall, albeit by a relatively small margin. This improvement is achieved solely by adding expressiveness to the coupling layers, without any additional parameter cost. We provide a qualitative evaluation in Figure 7.6, where we show that linear and quadratic coupling layers encode less detailed probability distributions. These differences are particularly relevant for inputs with multiple distant light sources.


Figure 7.5: PDF X 2 and KL Divergence [KL51] of normalizing flows using different coupling layer types, including Linear and Quadratic Couplings from [Mül+19] and Spline Layers [Dur+19a].

[image: Figure 7.5: PDF X 2 and KL Divergence [KL51] of normalizing flows using different coupling layer types, including Linear and Quadratic Couplings from [Mül+19] and Spline Layers [Dur+19a].]



Figure 7.6: A qualitative comparison between the type of coupling layer used in our normalizing flows. On the top two rows, we show the input environment maps and their ground truth PDFs. Using the linear and quadratic couplings defined in [Mül+19] we achieve somewhat accurate encodings. With spline flows [Dur+19a], we achieve sharper and more accurate probability distributions. We use a γ = 2.2 to tonemap the RGB and PDF maps to help visualization. We highlight relevant regions using blue insets. Best viewed in color on a screen.

[image: Figure 7.6: A qualitative comparison between the type of coupling layer used in our normalizing flows. On the top two rows, we show the input environment maps and their ground truth PDFs. Using the linear and quadratic couplings defined in [Mül+19] we achieve somewhat accurate encodings. With spline flows [Dur+19a], we achieve sharper and more accurate probability distributions. We use a γ = 2.2 to tonemap the RGB and PDF maps to help visualization. We highlight relevant regions using blue insets. Best viewed in color on a screen.]


We also evaluate whether a larger model can yield significant improvements in accuracy. In Figure 7.7, we show the results of a large flow (F-XL), with twice as many layers and neurons per layer, a total of approximately 7 times more trainable parameters and model size in memory. Even though it indeed reduces the divergence from DKL(F∥I) = 0.308 to DKL(F−XL∥I) = 0.281, this model takes approximately one day to train and makes sampling 3.43 times slower. This larger model only achieves a small gain in render accuracy (from 0.059 to 0.048 in FLIP [And+20]), suggesting that larger models exhibit diminishing returns in terms of quality. We believe our chosen model sizes adequately balance accuracy and speed. However, for practitioners that would like better accuracy at the cost of computational performance, we suggest using more coupling layers and more bins, as they tend to be the most effective design decisions beyond the coupling type.


Figure 7.7: A visualization of the impact of the size of F. NEnv-XL is a larger version of F, with twice as many layers, bins and neurons per layer. This yields on small improvements on render and reconstruction quality, at the cost of sampling efficiency.
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7.8.2 Environment Map Reconstruction

We now aim to measure the accuracy of the environment maps encoded by c and previous work on this problem. In Table 7.1, we show the average error on a variety of metrics for every environment map in our dataset. We use pixel-wise (PSNR) and perceptual metrics (SSIM [Wan+04], LPIPS-VGG [Zha+18], FLIP [And+20]) to thoroughly understand the differences between each method. We compute these metrics using PIQ [KZP19] and the implementation in [And+20], on images of (512, 256) pixels. We apply a γ = 2.2 to tonemap them before computing the distances. As shown, our network c clearly outperforms every other method, with SH struggling significantly, while RENI and SG achieve comparably better performances. We also provide a qualitative comparison in Figure 7.8, for a subset of our dataset, where it can be seen that c provides high-quality reconstructions. RENI is optimized for outdoor, natural lighting, and it struggles with indoor illumination, providing overly smooth outputs. SG provides sharper results, while SH yields visually unpleasant results for every case: it is well known that the cyclic nature of SH tends to produce ringing artifacts, especially for high-contrast illumination environments and a large number of coefficients. We study the impact of these reconstructions on final renders in Section 7.8.4. Our representation c has the additional advantage that, thanks to its reconstruction quality, it can be used directly as background for samples that do not hit any geometry on the scene, while other alternatives require additional storage for higher quality versions, or even the original image.


Table 7.1: Average (± std.) environment map reconstruction error for different methods, with pixel-wise and perceptual metrics. We use a color code to highlight best and worst cases.




	Method

	SH [RH01b]

	SG [Xu+13]

	RENI [GES22]

	NEnv c (Ours)






	PSNR ↑

	13.68±4.88

	20.54±5.04

	18.92±3.24

	30.65±5.59




	SSIM [Wan+04] ↑

	0.276±0.20

	0.559±0.16

	0.557±0.16

	0.873±0.08




	LPIPS [Zha+18] ↓

	0.687±0.07

	0.637±0.12

	0.657±0.12

	0.155±0.08




	FLIP [And+20] ↓

	0.505±0.21

	0.248±0.11

	0.278±0.09

	0.062±0.03









Figure 7.8: Environment maps encoded by our method and previous work, including RENI [GES22], Spherical Gaussian (SG) [Xu+13] and Spherical Harmonics (SH) [RH01b]. We use a γ = 2.2 to tonemap the RGB maps to help visualization.

[image: Figure 7.8: Environment maps encoded by our method and previous work, including RENI [GES22], Spherical Gaussian (SG) [Xu+13] and Spherical Harmonics (SH) [RH01b]. We use a γ = 2.2 to tonemap the RGB maps to help visualization.]


7.8.3 Computational Cost

In Figure 7.9, we show the average time per sample obtained by the previous work and our normalizing flow F. On average, Hierarchical Warping [Cla+21; Pha19] obtains 6.48e−2±1.84e−3 milliseconds (ms) per sample, with the PiecewiseśConstant method [PJH16] achieving 1.12e−2±3.24e−4 ms, while F obtains 6.83e−4±3.69e−6. To make these comparisons more favorable to each method, the timings for Hierarchical Warping [Cla+21; Pha19] and Piecewiseś Constant [PJH20] are measured on CPU, since both algorithms rely on binary search which is difficult to parallelize on GPU, while the timings for NEnv are measured on GPU. For F, we use a sampling batch size of 200000, and we also include the times required to upload and download the samples from GPU, as in a real rendering scenario. We measure these times on the same hardware to make results comparable.


Figure 7.9: On the left, average seconds per sample for the baseline sampling algorithms and our model F. On the right, evaluation times for a tabulated baseline and our c. Note that we use a logarithmic scale for this plot.
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While being differentiable and losing little reconstruction accuracy, F achieves, on average, 16.83 times more samples per second than the Piecewise-Constant method and 94.85 than Hierarchical Warping, with a maximum difference of 106.06. Furthermore, the timings for the Piecewise-Constant and Hierarchical Warping methods vary up to 15% and 12.5% respectively depending on the content of the environment map, while the variance of F is negligible. Not only did we achieve up to two orders of magnitude faster sampling than previous work, our method was also significantly more consistent in terms of timings. We found that Hierarchical Warping and the Piecewise-Constant methods typically struggle more with environment maps with multiple, distant light sources, while they are more efficient for natural daylight illumination. In terms of RGB evaluation, a tabulated version of the environment map requires an average of 8.43e−4±1.44e−5 ms per direction, while our model 2.83e−4±7.85e−6 ms. Note that we use TorchScript with Pytorch 1.11 to measure the times for c and F. Newer versions of these libraries, which allow for compiled models, will likely help achieve faster evaluations without changing the model architectures.

7.8.4 Rendering Comparisons

The goal of NEnv is to generate accurate yet fast environment map representations that do not make compromises in terms of rendering quality. We use the Piecewise-Constant PDFs as our ground truth (GT) and perform qualitative and quantitative analyses to show the reconstruction quality of NEnv with respect to previous work. We provide a fine grained analysis of NEnv, in which we evaluate each of the models separately and a full version of the model which uses both F and c. We use our path tracing engine configured as explained in Section 7.6 to render the same scene for each environment map. Each scene is rendered using a simple pinhole camera (no Depth of Field) and the environment maps as the only source of light, so we can reduce as much as possible external sources of Monte Carlo noise at low sampling. We use MIS, so both sampling and PDF functions for our maps impact the resulting image. All images are rendered with a resolution of (1080, 1920) pixels, 32 samples, maximum depth of 16, and path throughput weight Russian Roulette [PJH16].

In Figure 7.10, we show a qualitative comparison between different methods on the same scene, illuminated with different environment maps. We use an object from [Sch+17], which helps in highlighting the differences between far field illumination representations. As shown, our method, in any of their configurations, generates images that closely match the ground truth, while previous work struggles significantly, particularly in indoor illumination. Finally, in Table 7.2, we show a quantitative comparison of the average error obtained by these methods, for our entire dataset. For this analysis, we only measure the error on the object and floor on the renders in Figure 7.10, masking out the background. We observe that, even when combining our sampling and compression networks, our reconstruction quality is much higher than any of the methods in the previous work. Interestingly, the differences in environment map reconstruction quality we measured in Table 7.1, which were very unfavorable to SH, are not exactly correlated to rendering error, suggesting that SH, while being a pixel-wise inaccurate image representation, it tends to be precise on the more relevant information of the image, i.e., where the key light sources lie. In terms of rendering, neither of the previous methods that we tested behaved consistently better than any other across every metric.


Figure 7.10: Render comparisons of different configurations of our work with the ground truth environment map and previous work. Best viewed in color on a screen. Please zoom in for details.
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Table 7.2: Average (± std.) render reconstruction error for different methods, with pixel-wise and perceptual metrics. We use a color code to highlight best and worst cases.




	
	PSNR ↑

	SSIM [Wan+04] ↑

	LPIPS [Zha+18] ↓

	FLIP [And+20] ↓






	SH [RH01b]

	21.77±5.35

	0.933±0.05

	0.160±0.03

	0.150±0.06




	SG [Xu+13]

	21.62±6.34

	0.940±0.05

	0.153±0.03

	0.154±0.07




	RENI [GES22]

	21.53±5.62

	0.936±0.04

	0.159±0.03

	0.151±0.05




	NEnv (F )

	37.97±3.73

	0.996±0.00

	0.024±0.01

	0.032±0.02




	NEnv (c)

	41.05±8.89

	0.997±0.01

	0.016±0.01

	0.036±0.02




	NEnv (Both)

	35.16±4.97

	0.994±0.01

	0.033±0.01

	0.049±0.02








7.9 Conclusions

In this work, we have presented a neural rendering method for joint compression, evaluation, and sampling of environment maps for global illumination. We have validated our models quantitatively using a diverse dataset of environment maps. Our proposed lightweight normalizing flows provide accurate yet efficient sampling and pdf evaluation, achieving significantly faster computational times than analytical approaches with negligible loss in quality. Further, our sinusoidal compression networks achieve high-quality environment map approximations, surpassing previous work in both quality and generality. Every component in our models is differentiable, and they can be seamlessly integrated into engines like Mitsuba [Nim+19; Jak+22] or PRDPT [FR22] for inverse rendering applications. All in all, NEnv can represent global illumination with higher generality, quality and computational efficiency than previous work, with fully differentiable components.

Our work could be extended in several ways. We require two networks, one for sampling and pdf evaluation, and another for compression. While this dual approach allows us to maximize their individual efficiency, a future research avenue is to build a single model which can solve the three tasks at the same time, to simplify our representation and possibly help with parameter reuse across models. However, fusing a sinusoidal MLP with a spline-based normalizing flow is not straightforward and requires a significant research effort that lies outside of the scope of this work. Recent work on architectural design [Meh+21] may provide cues on how this could be achieved. Further, we require to train new models for each input environment map. Building upon recent work [GES22; Rai+22; GMX22; Szt+21; Hu+20], we could build a prior over environment maps, which should help reduce training times and solve inverse illumination problems, as in [Li+20; Azi+19; HHM22; YS19; Wan+21; YS21; Sri+20; Gar+19; Wan+23]. Achieving this without losing computational efficiency is a challenging future research problem. Besides, recent work on neural rendering [Mül+22; Che+22; Wan+22d; Att+22; Liu+22a] has shown that with carefully designed CUDA kernels or architectural representations, it is possible to achieve more efficient training and evaluation times. Integrating these ideas into our framework could help further increase its computational efficiency.

Finally, we believe that the ideas we present in this work can be used for other path tracing and physically based rendering problems, like aggregate scattering [Blu+16] or BxDF representations [Szt+21; CNN22; Zha+21; Che+20a]. We hope our work inspires future work on generative models for physically-based and neural rendering.

CHAPTER 8. CONCLUSIONS

Throughout this thesis, we have addressed important challenges in the fields of digital materials and radiance encoding, including Visual Attribute Transfer (Chapter 2), SVBSDF Capture (Chapter 2.C), Tileable Texture Synthesis (Chapter 3), Neural BTF Propagation and Encoding (Chapter 4), SVBRDF Estimation (Chapter 5), Fabric Mechanical Parameter Capture (Chapter 6) and Neural Methods for Global Illumination (Chapter 7). In this final section, our goal is to provide a comprehensive summary of the contributions made in this thesis and their significance in the fields of computer vision, graphics, and machine learning. By providing a broader view, we aim to highlight the importance and impact of the work presented here, both in terms of advancing the state-of-the-art and in its potential for real-world applications.

Digital Material Generation

The first projects developed in the context of this thesis are concerned with generating high quality digital materials, which can then be used for other tasks, like training neural material representations or creating large datasets for material estimation models. These methods take as input a single material, which helps increase the predictability of their outputs.

In Chapter 2, we present a neural visual attribute transfer framework capable of transferring, for a given material, many types of visual property maps to images of new patches of the same (or similar) material. These novel images may be taken under any illumination conditions, color variations, affine distortions, or camera setup. This model uses lightweight image-to-image convolutional neural networks to provide the first solution capable of leveraging the optical behavior of the material for the visual attribute transfer problem, by being trained on with a photometric dataset and a comprehensive data augmentation policy. This method can be trained in less than one minute, and is capable of transferring any type of visual attribute, from surface normals to stylizations or semantic segmentation maps. However, it is limited in accuracy, can only learn from one dataset at once, and can only learn to transfer one visual attribute.

To address these shortcomings, we extend this method in Chapter 2.C, where we propose a neural network capable of generating high-resolution large-scale SVBSDF maps of any material given one or more photometric datasets which represent small portions of a material. By extensive changes to the training procedure and improvements to the model architecture, not only do we enable this visual attribute transfer with the capability to learn from multiple datasets and transfer multiple images simultaneously, but we also increase the accuracy and sharpness of its estimations. However, these improvements increase the computational cost of training the neural network, and limit their generality. With these models, we can build large-scale materials, which can be used to generate BTF data to train other representations (Chapter 4) or build large datasets to train models that generalize to new materials (Chapter 5).

Textures used in rendering applications also need to be tileable. That is, when they are spatially concatenated, the seams between tiles are not visible. In Chapter 3, we introduce a single-image Generative Adversarial Network (GAN) which can generate multiple tileable textures of the same material. Our method allows for tileable outputs using a novel latent space manipulation algorithm, and handles multiple texture maps simultaneously, through neural architecture improvements. Further, we leverage the GAN’s discriminator as a test-time quality estimation function, which helps distinguish between high quality and low quality outputs. This model achieves higher quality outputs than previous work, at lower computational times.

These models rely on a single material as input, which, while increasing predictability, limits their generalization capabilities. Nonetheless, our findings provide evidence that under certain assumptions and highly controlled training procedures, neural networks can be utilized for generating ground truth data. This data can be leveraged for other tasks, as demonstrated in other sections of this thesis.

Neural Radiance Encoding

One of the research problems that we explore in this thesis is the challenge of representing radiance using neural networks, which offers several potential benefits compared to traditional approaches. Neural networks can provide efficient, continuous, and fully differentiable functions that are useful for forward and inverse rendering. Additionally, they enable novel editing capabilities and efficient sampling for Monte Carlo rendering. In this work, we focus on two key components of virtual scenes: materials and illumination. Our goal is to develop neural network-based approaches for encoding these elements that are both accurate and computationally efficient, paving the way for new applications in computer graphics and vision.

For materials, in Chapter 4, we introduce a novel neural representation for encoding reflectance. Building upon previous work on the topic of neural materials [Kuz+21], our method has three components: A neural texture, which encodes the reflectance of the material in a 2D latent space; a fully-convolutional neural renderer, which takes as input this latent reflectance and light and view angles and outputs linear RGB values; and an autoencoder, which can estimate the neural texture of any input 2D image of the material. Similarly to previous work on neural fields [Mil+20], we train each model from scratch for every material, taking as input its Bidirectional Texture Function (BTF), which can be either captured or synthetically generated. Our approach introduces the first neural BTF representation with conditional input, which makes it possible to extrapolate BTF measurements, create tileable BTFs, and synthesize new materials through reflectance propagation. We address one of the main limitations of prior work on neural materials, which was their lack of editing capabilities, hindering their applicability to real-world rendering scenarios that require tileable and large-scale materials. Despite these improvements, our representation has limitations in that semantic properties such as specularity or albedo are encoded on the latent space and thus not easily editable. However, we believe that our method has significant potential for future research on neural material representations.

In Chapter 7, we addressed the problem of illumination encoding, introducing a novel neural method for joint sampling, PDF encoding, and RGB compression of environment maps used for global illumination in rendering. Our method builds on previous work on implicit neural representations for compressing the HDRi environment map into a continuous, differentiable function. We designed a Normalizing Flow that can sample directions from environment maps and measure their probability density, both of which are essential for Multiple Importance Sampling in Monte Carlo rendering. Our carefully designed neural architecture and training procedures allowed us to obtain models that are up to two orders of magnitude faster than analytical methods while still being fully differentiable. Using a dataset of environment maps with diverse properties, we demonstrated high generality and accuracy, outperforming previous work on the topic. To encourage future research, we will provide an open-source implementation and a dataset of trained models. While this is the first method that learns to sample from environment maps, we believe there is potential to further improve our approach by introducing more sophisticated neural network designs or learning priors over global illumination.

Despite their shortcomings, these two neural methods introduce contributions to the field of neural scene representations, and they could both be incorporated into neural rendering pipelines and more traditional path-tracing engines. We hope these ideas inspire further research interest in this field.

Scalable Material Digitization

One of the key objectives of this thesis is to develop digitization solutions that are both scalable and affordable, without relying on expensive or inaccessible hardware. To accomplish this, we have made two different contributions. First, in Chapter 5, we introduce a novel method for estimating spatially varying bidirectional reflectance distribution functions (SVBRDFs) using flatbed scanners as the capture device. This method strongly relies on the data generation algorithms presented in previous sections of this thesis. Our approach employs a custom-built, lightweight neural network with attention mechanisms, resulting in estimations with considerably higher resolution than previous methods that relied on smartphone flash-lit images as input. We empirically observe that material reflectance is strongly dependent on its microgeometry, which flatbed scanners can capture appropriately, all the while providing images that can be directly used as the albedo of the SVBRDF. One of the key contributions of this work is the introduction of the first uncertainty quantification algorithm for material estimation, for which we demonstrate applications on dataset creation through active learning. Further, an extension of this work is part of Textura.ai, which is utilized by real-world users, providing evidence of its robustness and reliability. In Figure 8.1, we show some digital garments which use materials digitized with this technology. We are confident that the novelties introduced by this method will shape future research on the long-standing problem of single image material digitization. Although we are confident in the method’s capabilities, it can be extended to estimate additional reflectance properties like anisotropy or transmittance, to generalize to other materials or devices, and to improve its accuracy even further.


Figure 8.1: Renders generated with SEDDI’s Textura.ai materials, estimated with methods derived from some of the contents in this thesis.
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Besides, in Chapter 6, we proposed a method for mechanical parameter estimation of textile materials using depth images and the material density as inputs. Our method achieves greater scalability than previous work, which required video sequences, manual intervention, or purposefully built and expensive devices. To do so, we propose a solution that is agnostic to the optical appearance of the fabric, and can be utilized by non-expert operators. Our custom-built multi-input neural network predicts the full set of mechanical parameters of any textile using synthetic data, leveraging a strong data augmentation policy, pre-training, attention mechanisms, and multiple forms of pooling of internal activations. A significant contribution of this work is our proposed drape similarity metric, which measures distances between the mechanical behavior of fabrics while using only images as input. We validatethis metric with a user study conducted on-site, showing that it strongly correlates with human perception. Although our method has significant contributions to estimating the mechanical behavior of textiles, it is still limited in at least two ways: it takes depth images as input, which are relatively easy to obtain but are less accessible than RGB pictures, and the proposed drape similarity metric is not easily differentiable, hindering its potential as a loss function in optimization problems.

These two estimation algorithms, along with the uncertainty quantification algorithm and the proposed drape similarity metric, have the potential to transform the low cost material digitization field, introducing more scalable, robust, and perceptually-validated solutions.

New Frontiers

Although this thesis has made significant contributions to the fields of radiance encoding, and digital material capture and edition, we acknowledge that our proposed methods have certain limitations in terms of scope and generality. Additionally, concurrent developments in deep learning, neural rendering, and computer vision have opened up new and exciting research avenues that will shape the future of the field. With this in mind, we would like to highlight several research directions that we believe are particularly intriguing for extending the work presented in this thesis.

Generative Models for Materials

In this thesis, we have presented models that are limited to solving individual tasks such as material digitization, encoding, or tileable texture synthesis. However, recent research [Rom+22; HJA20; Sah+22] has demonstrated that a single generative model can be used to solve multiple tasks simultaneously. Developing a single generative model for materials that can be used for capture, super-resolution, edition, real-time tileable synthesis, or material interpolation would be an exciting research direction for the future of digital materials. One of the main challenges in this area is the lack of publicly available datasets of real materials, which are essential for reproducible research on deep learning algorithms. Nevertheless, techniques like pre-training, fine-tuning, and data augmentation policies may be employed to construct these models without requiring massive datasets of materials.

Multimodal Learning

The findings in this thesis suggest an interesting research avenue: multimodal learning for materials. In addition to capturing a material’s reflectance and mechanical properties, it is possible to digitize other attributes such as its fabrication process, semantic attributes, fine-grained composition, origin, cost, or even its carbon footprint. Recent work on multimodal and contrastive learning [Par+20] suggests that a shared embedding for visual and semantic attributes can be found, which can then be utilized for various tasks such as zero-shot learning or conditioning generative models [Rom+22]. Developing such an embedding for materials could be extremely valuable for a wide range of problems, including material edition, interpolation, classification, generation, similarity measurement, or anomaly detection. This research direction is promising, but it also poses significant challenges, such as the need for large and diverse datasets that include multiple modalities of material information, and the development of effective multimodal learning architectures that can handle such information. Nonetheless, we believe that the benefits of multimodal learning for materials make it a hugely compelling direction for future research.

Neural Spatially-Varying BSDFs

In Chapter 7, we demonstrated the effectiveness of invertible generative neural networks for efficient Multiple Importance Sampling in global illumination. Similar networks have also been utilized for BRDFs [Szt+21], suggesting that learned sampling could be applied to spatially-varying materials. Further, in Chapter 4, we propose a neural representation of spatially-varying materials, which showed promising compression results. Combining the ideas of these two projects, it should be possible to train invertible neural networks to learn to sample from real-world materials, which often exhibit complex optical behavior such as spatially-varying reflectance or transmittance, we can potentially improve the efficiency and quality of path-traced renders while enabling new inverse rendering applications. This presents a promising direction for future research in material capture and rendering.

Uncertainty Quantification and Model Understanding

We have presented the first method for uncertainty quantification in material capture applications, demonstrating its utility for active learning and dataset creation. Additionally, we have shown that visualization of material capture models can aid in understanding their predictions. However, we believe that these areas are still relatively unexplored, and further analysis could provide valuable insights for designing the next generation of material digitization pipelines. This includes developing more suitable capture devices, identifying valuable data points for labeling, and building more accurate models. Furthermore, we believe that investigating methods for communicating to end users when a capture may be inaccurate and suggesting alternative digitization pathways is an important research topic that could enhance the impact, robustness, and trustworthiness of these models in the industry.

Enhancing Digitization Quality and Realism

In this thesis, we have presented methods for highly realistic material encodings (Chapter 4) and digitization pipelines (Chapter 2.C). They can be used to represent a wide variety of materials at very high qualities, however, they require expensive capture systems. On the other hand, in Chapter 5, we introduce a single-image digitization system capable of capturing a small set of SVBRDF parameters. While the model is adequately accurate, this limited material model cannot represent complex optical phenomena, like anisotropy or transmittance. Extending single-image material digitization systems to be able to accurately estimate more reflectance properties is a very challenging research problem, because this estimation is inherently ill-posed, and there is very limited available training data. These low cost capture systems will be able to increase the realism of their digitizations in the future, as more and better data becomes available, and better models can be built as the machine learning field advances.

Enhancing Generality on Devices and Materials

A limitation of our casual capture algorithms is that they require the use of specific, albeit low-cost, devices such as flatbed scanners or depth cameras. An immediate extension of our methods is to make them compatible with other types of devices, particularly smartphone cameras, which would increase their applicability. However, less controlled capture settings typically hinder the accuracy of digitizations, as additional assumptions must be made to obtain a plausible result. With the ongoing improvement in the quality of smartphone cameras, along with larger datasets and better deep learning models, high-quality digitization of material reflectance or fabric mechanics using smartphones could become a reality in the near future.

In addition, like any learning-based system, our models are constrained by the materials present in their training set, limiting their ability to generalize to other materials. Although we have achieved accurate digitization of fabrics and leathers, there is no guarantee that our models will perform well on out-of-distribution materials such as stone, plastics, metals, or glass. While some of these materials may be successfully digitized using single-image models with sufficient data, others may present more significant challenges. It is our hope that future research in this area will help improve the generality and accuracy of these models.

Digitization on Edge Devices

One limitation of material capture algorithms based on deep learning is that they require expensive hardware for inference. This means that in commercial products, users can capture images on a commodity device, but the digitization process is typically carried out on a cloud-based application. As a result, bottlenecks may arise that hinder the efficiency of the digitization process, with users having to wait several minutes before obtaining their digital material. To achieve real-time learning-based digitization, it may be necessary to perform model inference on edge devices such as smartphones, tablets, or laptops. However, this approach may place limitations on model sizes, potentially leading to a reduction in digitization accuracy. Recent work on edge deep learning [Wan+20c] may provide interesting cues for future research on this topic.

Neural Scene Representations

Concurrently to the work in this thesis, Neural Radiance Fields [Mil+20] emerged as an alternative powerful representation for virtual scenes. A Cambrian explosion of research in radiance fields for scene representations has emerged to increase their capabilities, in terms of data efficiency, speed, realism, or generality [Wan+22d; Mül+22; Wan+23; Che+22; Tew+22; Ver+22; Fri+22; Att+22; Xie+22]. However, these remain somewhat limited in controllable and capabilities for edition, for which more traditional rendering and scene creation pipelines may be more adequate than learning-based alternatives. Our neural encodings for illumination or materials, which may be integrated into either neural representations or path-traced rendering engines, may help bridge these two pipelines, which should benefit both.

Dataset Generation for Vision Downstream Tasks

Synthetic data has been extensively shown to help deep learning models generalize to real images [Azi+23; Zhu+21; Ric+16]. Our proposed method for casual capture of mechanical parameters in fabrics (Chapter 6, [Rod+23b]) provides additional evidence in this direction. The procedural creation of virtual environments for pre-training of computer vision models will remain a very relevant topic in future years in the field, as it will reduce the need for expensive labeling of real-world data. These virtual environments strongly benefit from highly accurate assets for enhanced realism, as well as efficient yet expressive image formation algorithms. We hope that the contributions in this thesis will help in generating synthetic data for training computer vision models which solve general tasks, including classification or segmentation [Kir+23].

Applications to Other Fields

Finally, a fascinating use of computer vision and material digitization is digital cultural heritage [HMV09]. Digital capture of artifacts from ancient civilizations could help important research fields, like anthropology or archaeology. However, past solutions required inaccessible devices [Ham+21; Dye+18], which limited their impact. Inexpensive gathering of photorealistic copies of ancient artifacts, which can be shared digitally, can provide valuable solutions for these research fields. We hope that low cost and accurate digitization systems may not only help the visual media and design industries, but also other fields for which digital asset inventories are helpful.

Closing Remarks

The collaborative efforts between disciplines and research institutions, both public and industrial, have been instrumental in enabling the contributions of this thesis, and the advancements made in the computer vision, graphics, and machine learning fields as a whole in the past few years. The interdisciplinary environment in which I worked during my PhD greatly enhanced the quality of my research and communication skills, while also providing me with the opportunity to learn fascinating new topics and collaborate with exceptional people. Further, while the massive amounts of publications in these fields put a significant amount of pressure on the researchers, it makes the field move incredibly quickly and creates a very exciting environment to work in. I hope that the focus on open science and the integration of ideas and feedback from other research areas continues, along with a greater awareness of the ethical and ecological impact of the models we create and deploy. Working as a researcher is in many ways a privilege, and it is our responsibility to advance science in a way that positively impacts society and the environment, and creates a better, more prosperous, sustainable, and equitable future for everyone. Looking ahead to the future, my hope is that the contributions made in this thesis will have a tangible impact on the real world and serve to further advance research in positive ways. On a personal level, my goal is to continue learning and challenging myself, all while striving to make a positive difference in the world.
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A. RESUMEN

Las escenas virtuales hiperrealistas están cada vez más presentes en nuestra sociedad, con una amplia variedad de aplicaciones en áreas como la fabricación, la arquitectura, el diseño de moda y el entretenimiento, incluyendo películas, videojuegos y realidad aumentada y virtual. Generar imágenes realistas de tales escenas requiere modelos de iluminación, geometría y materiales altamente precisos, lo que puede ser costoso de obtener en recursos y tiempo. Tradicionalmente, estos modelos a menudo han sido creados manualmente por artistas entrenados, pero este proceso puede ser prohibitivamente ineficiente. Alternativamente, se pueden capturar ejemplos del mundo real, pero este enfoque presenta desafíos adicionales en términos de precisión y escalabilidad. Además, aunque el realismo y la precisión son cruciales en esos procesos, la eficiencia en el renderizado también es un requisito clave, para que se puedan generar imágenes realistas con la velocidad requerida en muchas aplicaciones del mundo real. Uno de los desafíos más significativos en este sentido es la adquisición y representación de materiales, que son un componente crítico de nuestro mundo visual y, por extensión, de las representaciones virtuales del mismo. Sin embargo, los enfoques existentes para la adquisición y representación de materiales están limitados en términos de eficiencia y precisión, lo que restringe su impacto en el mundo real. Para abordar estos desafíos, los enfoques basados en datos que aprovechan el aprendizaje automático pueden proporcionar soluciones viables. Sin embargo, el diseño y entrenamiento de modelos de redes neuronales que satisfagan todos estos requisitos sigue siendo un desafío, que requiere una cuidadosa consideración de los compromisos entre calidad y eficiencia.

En esta tesis, proponemos soluciones novedosas basadas en aprendizaje automático para abordar varios desafíos clave en la renderización de escenas virtuales. Nuestros métodos hacen uso de diversas formas de redes neuronales para introducir algoritmos innovadores para la codificación de la radiancia, la generación digital de materiales, su edición y estimación. En primer lugar, presentamos un sistema de transferencia de atributos visuales que puede generalizar eficazmente a nuevas condiciones de iluminación y distorsiones geométricas, que ampliamos para la adquisición de materiales de alta resolución mediante un dispositivo diseñado para tal propósito. También, proponemos un modelo generativo capaz de sintetizar texturas teselables śque se puede concatenar consigo misma sin que aparezcan artefactos de repeticiónś a partir de una sola imagen de entrada, lo que ayuda a mejorar la calidad de la renderización de materiales. Esta tesis también presenta una representación de materiales que codifica con precisión la reflectancia del material y ofrece potentes capacidades de edición y propagación. Para lograr este objetivo, nos basamos en trabajos recientes en campos neuronales. Además de la reflectancia, presentamos un método novedoso para la codificación de iluminación global que aprovecha modelos generativos cuidadosamente diseñados para lograr un muestreo significativamente más rápido y de mayor calidad que los trabajos disponibles en la literatura. Por último, proponemos dos métodos innovadores para la digitalización escalable de materiales. Usando escáneres como dispositivo de captura, presentamos un modelo generativo que puede proporcionar estimaciones de reflectancia de materiales de alta resolución utilizando una sola imagen como entrada. Adicionalmente, introducimos el primer algoritmo de cuantificación de incertidumbre que aumenta su fiabilidad y eficiencia. Además, presentamos un método neuronal para digitalizar las propiedades mecánicas de tejidos utilizando imágenes de profundidad como entrada, que extendemos con una métrica de similitud perceptualmente validada mediante un estudio de usuario. Globalmente, las contribuciones de esta tesis representan avances significativos en los campos de la codificación de la radiancia y la adquisición y edición digital de materiales, lo que permite mejorar la calidad, escalabilidad y eficiencia de los sistemas de renderización.

A.1 Antecedentes

Generación Digital de Materiales

La digitalización precisa y de alta resolución de la reflectancia de los materiales es un problema crucial para generar entornos virtuales atractivos y realistas. Este proceso de digitalización se realiza típicamente utilizando un goniorreflectómetro, una máquina altamente compleja diseñada para medir la respuesta fotométrica de un material utilizando fuentes de luz y cámaras colocadas en diferentes posiciones alrededor de su semiesfera. Los dispositivos existentes para medir la apariencia del material en muestras espacialmente variables se limitan a una sola escala, ya sea micro o mesoscópica. Esta es una limitación práctica cuando el material tiene una estructura compleja a múltiples escalas, como es común en muchos materiales del mundo real. Para ellos, medir con precisión su reflectancia espacialmente variable requiere imágenes microscópicas de alta resolución. Por ejemplo, el comportamiento óptico de los textiles depende mucho de sus fibras o microestructuras [CLA19]. Además, muchos materiales también presentan variaciones mesoscópicas a gran escala, como patrones de impresión o los tartanes, que no se pueden capturar utilizando únicamente fotografías microscópicas. Además, muchos de estos dispositivos no pueden capturar propiedades ópticas importantes, como la transmitancia del material, que es clave para la representación realista de objetos como los tejidos. No hay dispositivos de captura ni algoritmos disponibles para la digitalización precisa y de alta resolución de Spatially Varying Bidirectional Scattering Distribution Function (SVBSDF) para materiales heterogéneos. Para introducir tales materiales, que son muy comunes en muchas industrias como la moda, la textil o la fabricación de cuero, en los sistemas de representación, es necesario crear estas máquinas y desarrollar algoritmos precisos para manejar los datos que capturan. Finalmente, dicho dispositivo puede servir como fuente de generación de datos para entrenar modelos que operen en escenarios de datos más limitados, como en la digitalización a partir de una sola imagen.

Edición y Síntesis

SVBRDFs Teselables Incluso si la reflectancia puede ser medida con precisión para una gran superficie de un material, en entornos de renderización, también es importante que el material digital sea teselable. Una textura teselable es una imagen de textura que puede ser repetida infinitamente en todas las direcciones sin presentar discontinuidades visibles. En otras palabras, una textura teselable está diseñada de tal manera que se conecta perfectamente con copias idénticas de sí misma, que pueden ser dispuestas una al lado de la otra o apiladas una encima de la otra para crear un patrón más grande y continuo sin ninguna repetición visible. Esto se utiliza a menudo en gráficos por ordenador, especialmente para crear texturas en modelos 3D, o incluso para la colocación de fondos en sitios web. En los últimos años, se han propuesto diferentes métodos para la generación de texturas teselables a partir de un solo ejemplo de entrada [Mor+17; Rod+19; Mor+20]; sin embargo, estos trabajos presentan varias limitaciones para la generación de Spatially Varying Bidirectional Reflectance Distribution Functions (SVBRDFs) teselables. En primer lugar, todos suponen un cierto nivel de regularidad en las imágenes de entrada, o bien las texturas generadas pierden una cantidad significativa de fidelidad visual. Además, estos métodos se limitan a generar un solo mapa de textura (normalmente, el albedo del material). Esto es problemático para la síntesis de SVBRDFs teselables, que requieren transformar cada mapa de textura en el SVBRDF en un mapa teselable, al mismo tiempo que se preserva la coherencia píxel a píxel entre los mapas. En resumen, en la actualidad no es posible generar SVBRDFs teselables de alta calidad a partir de un solo ejemplo de entrada con los métodos propuestos en trabajos previos.

Transferencia de Atributos Visuales Las representaciones efectivas de materiales requieren comprender las propiedades que los definen de manera única, a las que nos referimos como atributos visuales. Estos atributos son parámetros que varían espacialmente y mantienen la coherencia espacial con respecto a la estructura del material, mientras que permanecen invariantes ante los cambios en la iluminación de la escena o la geometría del objeto subyacente. Por ejemplo, pueden representar propiedades ópticas de un SVBRDF, estilizaciones artísticas o máscaras de segmentación semántica. Obtener estos atributos para muestras grandes de materiales es un problema que presenta numerosas dificultades. Una forma de abordarlo es obtener estos atributos en un pequeño ejemplo del material y transferirlos a porciones más grandes del mismo, utilizando una imagen de entrada grande que sirve como guía. En los últimos años, se han propuesto diferentes métodos de transferencia de atributos visuales, sin embargo, están limitados en su eficiencia, robustez, generalización o rendimiento. Idealmente, un método de transferencia de atributos visuales para materiales debería ser robusto ante nuevas condiciones de iluminación del material, degradaciones de la cámara o distorsiones de entrada; además de ser eficiente (proporcionando tiempos de transferencia interactivos incluso en presupuestos computacionales bajos), controlable y predecible, y capaz de generar salidas de alta resolución, que son necesarias para SVBRDFs realistas. Desarrollar un método con estas características puede resultar útil para muchas tareas posteriores, como sistemas eficientes de generación de datos o digitalización de materiales.

Digitalización Escalable

Estimación de la Reflectancia de Materiales Como ya hemos mencionado, la digitalización precisa de los materiales típicamente requiere dispositivos costosos que utilizan cantidades significativas de tiempo e intervención manual para operar. Estos dispositivos proporcionan representaciones digitales altamente realistas de la reflectancia del material a costa de la escalabilidad, lo que limita su aplicabilidad en muchos entornos del mundo real. Por ejemplo, muchos procesos de fabricación, como los de la industria textil, generan una amplia variedad de diferentes materiales que no pueden ser digitalizados fácil ni económicamente con la cadencia requerida en estas industrias. Además, la disponibilidad limitada de estos dispositivos introduce ineficiencias adicionales y costes económicos y ecológicos, ya que las muestras físicas de los materiales deben ser enviadas desde el cliente a la localización del dispositivo de captura.

La estimación de la reflectancia de materiales a partir de dispositivos de bajo coste es un problema que se ha estudiado ampliamente en la literatura [AWL13; AWL15; Des+18; Hen+21; Guo+20b; VPS21]. Estos métodos prometen proporcionar una digitalización de materiales escalable, eficiente y económica. Normalmente, se basan en una o varias imágenes de un material iluminadas con flash tomadas con una cámara de smartphone, y en un modelo de aprendizaje profundo entrenado en materiales sintéticos que proporciona estimaciones plausibles. Sin embargo, estos enfoques presentan varias limitaciones que los hacen inadecuados para flujos de trabajo en los que se requiere digitalización precisa. En primer lugar, muchos de estos métodos se basan en modelos generativos que tienden a producir artefactos o utilizan grandes redes neuronales que limitan la resolución de salida, lo que reduce la calidad de los materiales estimados. Además, las imágenes tomadas con smartphones presentan importantes desafíos de calibración, mientras que la mayoría de los conjuntos de datos existentes utilizados para entrenar estos modelos son puramente sintéticos, lo que limita aún más la calidad de estas estimaciones. Además, muchos de estos métodos utilizan funciones de coste perceptuales para el entrenamiento o la optimización en tiempo de evaluación, lo que, si bien ayuda a digitalizar materiales estocásticos, presenta desafíos adicionales para garantizar la repetibilidad y consistencia necesarias para construir un inventario digital. Además de estas limitaciones, la estimación de reflectancia de materiales a partir de una sola imagen sigue siendo un problema mal planteado y, por lo tanto, muchos resultados diferentes pueden ser plausibles dados los mismos datos de entrada. Hasta ahora, no existe una forma de cuantificar la incertidumbre para este problema, lo que dificulta la aplicabilidad de estos sistemas en escenarios del mundo real, y limita su fiabilidad y eficiencia.

Comportamiento Mecánico de Materiales Textiles Además de la reflectancia de los materiales, otro componente importante de las escenas virtuales es la geometría de los objetos. Mientras que muchos objetos del mundo real tienen formas estáticas, que pueden ser escaneadas con dispositivos relativamente accesibles como el sensor LiDAR en iPhones, existen materiales que cambian de forma cuando se les aplican fuerzas externas, como la gravedad. En este sentido, los materiales deformables requieren modelos computacionales y sistemas de captura específicos. Uno de los materiales más comunes de este tipo son las telas, que son ubicuas en el mundo real y se utilizan en nuestra ropa, muebles o vehículos. Para ellas, capturar con precisión su forma estática no es suficiente: Es necesario poder simular su comportamiento en nuevos escenarios, como nuevas prendas o fuerzas dinámicas, como el viento [Ber+23], o el movimiento humano [SOC22]. Además, las telas son increíblemente variadas en sus patrones de fabricación (por ejemplo, diferentes patrones de tejido o estructuras de punto), composiciones y acabados, lo que no solo determina su apariencia óptica [CLA19] sino también su comportamiento mecánico. El problema de capturar las propiedades mecánicas de las telas para que puedan ser re-simuladas en entornos virtuales ha sido ampliamente estudiado en la literatura; sin embargo, las soluciones actuales requieren una intervención humana tediosa o dispositivos de captura costosos, lo que dificulta su escalabilidad. Además, existe una falta de entendimiento sobre la similitud perceptual del comportamiento mecánico de las telas, lo que crea desafíos adicionales para diseñar sistemas precisos de estimación de parámetros mecánicos de tejidos.

Codificación Neuronal de Radiancia

Reflectancia Las Bidirectional Texture Functions (BTFs) proporcionan representaciones densas y de gran exactitud de la reflectancia de los materiales, sin embargo, son típicamente prohibitivas en términos computacionales y de memoria. Trabajo reciente [Rai+19; Rai+20; Kuz+21] presenta representaciones neuronales para BTFs, consiguiendo resultados de muy alta calidad y eficiencia. Los métodos neuronales de codificación de reflectancia entrenados en BTF sintéticos o medidos han mostrado resultados prometedores para aumentar el realismo de los materiales renderizados. Sin embargo, estas codificaciones son inmutables, lo que significa que su salida para una consulta determinada de UV, cámara y vector de luz queda fija una vez que se entrenan. Esto puede ser muy limitante cuando el fragmento del material utilizado para el entrenamiento es demasiado pequeño o no se puede teselar, lo que ocurre

con frecuencia cuando el material ha sido escaneado con un dispositivo de captura. Por lo tanto, las codificaciones de reflectancia neuronal actuales, aunque precisas y eficientes, tienen importantes limitaciones en cuanto a las capacidades de edición, lo que dificulta su aplicabilidad y utilidad en entornos de renderizado del mundo real.

Iluminación Existen numerosas aproximaciones para la representación de iluminación en escenas virtuales, incluyendo Spherical Harmonics, Spherical Gaussians o Haar Wavelets. Estas, sin embargo, tienen dificultades para representar de manera eficiente y precisa condiciones de iluminación no difusas, como fuentes de luz de alta frecuencia, como el sol o las bombillas. Trabajo reciente sobre representaciones neuronales de la iluminación natural [GES22] proporciona mejores aproximaciones para estos casos, pero tiene dificultades con la iluminación interior o las escenas nocturnas con múltiples fuentes de luz. Además, estas aproximaciones neuronales no proporcionan capacidades de muestreo y evaluación de PDF, que son esenciales para el renderizado de Monte Carlo en el trazado de rayos. No existen métodos de aproximación de iluminación que proporcionen estas capacidades de muestreo, a la vez que funcionen con precisión y eficiencia en cualquier tipo de mapa de entorno de entrada. Trabajo reciente sobre modelos generativos invertibles y representaciones neuronales implícitas puede proporcionar un camino prometedor para resolver estos problemas.

A.2 Objetivos

El objetivo principal de esta tesis es crear algoritmos innovadores para la representación computacional y la captura de materiales y la radiancia de escenas. Esto es importante por varios motivos. Estas representaciones digitales pueden ser utilizadas en una amplia variedad de aplicaciones y problemas, incluyendo gráficos por ordenador, videojuegos, producción de películas, realidad virtual y aumentada, o diseño computacional. Tienen el potencial de aumentar significativamente el realismo visual y la calidad de los entornos virtuales creados en estos sistemas. Además, la precisión y la eficiencia de estos métodos tienen un impacto directo en la calidad y los recursos computacionales requeridos para estas tareas. Por lo tanto, obtener representaciones y algoritmos de digitalización precisos y eficientes para materiales y otros componentes de las escenas virtuales puede ayudar a reducir el costo computacional de la renderización, el diseño, la captura y la modelización, lo que puede llevar a sistemas más rápidos, eficientes y escalables. Además, pueden permitir la creación procedural eficiente de conjuntos de datos para entrenar modelos para resolver otras tareas, como segmentación o clasificación, o generación de imágenes o videos. Finalmente, además de la eficiencia y la precisión, características adicionales como la diferenciabilidad o la capacidad de cuantificación de la incertidumbre crean oportunidades para aplicaciones de optimización o el aprendizaje activo.

En esta tesis, presentamos nuevos métodos basados en aprendizaje automático para abordar los problemas descritos anteriormente. Nuestras soluciones propuestas buscan lograr la máxima eficiencia computacional y de datos, así como la precisión, el control y la fiabilidad. Además, nuestros algoritmos están diseñados para ser beneficiosos para los usuarios finales al incorporar requisitos humanos como componentes perceptuales, de edición, predictibilidad, robustez y cuantificación de incertidumbre. Todos nuestros métodos propuestos aprovechan las capacidades de las redes neuronales, incorporando los últimos avances en representaciones implícitas, diseño de arquitectura y funciones de coste, y procedimientos de entrenamiento. Todos nuestros modelos son completamente diferenciables y se pueden incorporar en los procesos de optimización para resolver problemas de renderización inversa. Nuestras soluciones para la codificación de la radiancia se pueden incorporar sin problemas en motores de trazado de rayos para aumentar la eficiencia del renderizado o en representaciones neuronales de escenas para aumentar el realismo. Además, nuestros métodos de digitalización casual de alta calidad permiten la captura escalable de materiales, lo que puede ayudar a los usuarios finales a crear sus propios materiales virtuales realistas o crear grandes conjuntos de datos a un menor coste.

Los objetivos de esta tesis se pueden resumir en tres puntos:



• Diseñar nuevos métodos basados en algoritmos de aprendizaje automático para la generación, propagación, edición y síntesis de materiales digitales, con altos estándares de predecibilidad, control y calidad.

• Introducir nuevas representaciones para la radiancia de escenas, que sean eficientes, editables y diferenciables.

• Democratizar la captura digital de alta calidad de materiales mediante el diseño de nuevos métodos de bajo coste, escalables, fiables y validados perceptualmente.

A.3 Metodología

En esta sección detallamos la metodología seguida durante el transcurso de esta tesis.

Revisión Bibliográfica

Una vez definidos los objetivos de la tesis, descritos anteriormente, se revisó la bibliografía de trabajos previos para identificar huecos en la literatura y encontrar líneas de investigación prometedoras. En este proceso de revisión de la bibliografía, encontramos una importante ausencia de métodos capaces de generar datos de alta calidad para el entrenamiento de modelos de captura y representación de materiales; además de la oportunidad de entrenar modelos de captura y edición de materiales más precisos, eficientes y robustos. Es importante recalcar que esta revisión se realizó durante todas las etapas de la tesis, ya que los campos del aprendizaje automático, la informática gráfica y la visión por ordenador se mueven a una velocidad muy elevada. En ellos, nuevas soluciones innovadoras se proponen a diario, por lo que mantener vivo este análisis del estado del arte es fundamental para el desarrollo efectivo de algoritmos. Por ejemplo, nuevas tendencias como los campos neuronales [Mil+20] y las representaciones implícitas [Sit+20] han sido identificadas y han sido claves para el desarrollo de muchos de los algoritmos propuestos en esta tesis.

Generación de Materiales Digitales

Los primeros proyectos desarrollados en el contexto de esta tesis están enfocados en la generación materiales digitales de alta calidad, los cuales pueden ser utilizados posteriormente para otras tareas, como entrenar representaciones neuronales de materiales o crear grandes conjuntos de datos para modelos de estimación de materiales. Estos métodos toman como entrada un solo material, lo que ayuda a aumentar la predictibilidad de sus resultados.

En el capítulo 2, presentamos un método neuronal para la de propagación de atributos visuales capaz de transferir, para un material dado, muchos tipos de mapas de propiedades visuales a imágenes de nuevos parches del mismo material, o uno similar. Estas nuevas imágenes pueden ser capturadas bajo cualquier condición de iluminación, variaciones de color, distorsiones geométricas o configuración de cámara. Este modelo utiliza redes neuronales convolucionales de imagen a imagen con pocos parámetros, para proporcionar la primera solución capaz de aprovechar el comportamiento óptico del material para el problema de transferencia de atributos visuales, al ser entrenado con un conjunto de datos fotométrico y una política amplia de aumentado sintético de datos. Este método puede ser entrenado en menos de un minuto y es capaz de transferir cualquier tipo de atributo visual, desde las normales de la superficie, hasta estilizaciones artísticas o mapas de segmentación semántica. Sin embargo, está limitado en precisión, sólo puede aprender de un conjunto de datos a la vez y sólo puede aprender a transferir un atributo visual.

Para abordar estas limitaciones, en el capítulo 2.C ampliamos este método, presentando una red neuronal más compleja capaz de generar mapas de SVBSDF de gran calidad y alta resolución para cualquier material, dados uno o varios conjuntos de datos fotométricos que representan pequeñas porciones del material. A través de extensas modificaciones en el procedimiento de entrenamiento y mejoras en la arquitectura del modelo, no sólo habilitamos esta transferencia de atributos visuales con la capacidad de aprender de múltiples conjuntos

de datos y transferir varias imágenes simultáneamente, sino que también aumentamos la precisión y nitidez de sus estimaciones. Sin embargo, estas mejoras incrementan el coste computacional del entrenamiento de la red neuronal y limitan su generalidad. Con estos modelos, podemos construir materiales a gran escala, que pueden ser utilizados para generar datos BTF para entrenar otras representaciones (Capítulo 4), o construir grandes conjuntos de datos para entrenar modelos que se generalicen a nuevos materiales (Capítulo 5).

Las texturas utilizadas en aplicaciones de renderización, además de representar una gran parte de las variaciones del material, necesitan ser teselables. Es decir, cuando se concatenan espacialmente consigo mismas, no debe ser posible identificar estas repeticiones. En el capítulo 3, presentamos una Red Generativa Antagónica (GAN) entrenada con una sola imagen, que puede generar múltiples texturas teselables del mismo material. Para lograr esto, ampliamos trabajos anteriores sobre síntesis de texturas para permitir texturas teselables mediante un nuevo algoritmo de manipulación de espacios latentes; y para manejar múltiples mapas de textura simultáneamente, mediante modificaciones en la arquitectura neuronal. Además, aprovechamos el discriminador de la GAN como función de estimación de calidad en tiempo de evaluación, lo que ayuda a distinguir entre generaciones de alta y baja calidad. Este modelo logra texturas teselables de mayor calidad que trabajos anteriores, en tiempos computacionales más bajos.

Estos modelos dependen de un solo material como entrada, lo que, si bien aumenta la predictibilidad, limita sus capacidades de generalización. No obstante, estos métodos proporcionan evidencia de que, bajo ciertas suposiciones y mediante procedimientos de entrenamiento altamente controlados, las redes neuronales pueden ser utilizadas para generar datos de alta calidad. Estos datos pueden ser aprovechados para otras tareas, como se demuestra en otras secciones de esta tesis.

Codificación Neuronal de Radiancia

Uno de los problemas de investigación que exploramos en esta tesis es la representación de radiancia utilizando redes neuronales, lo que ofrece varios beneficios potenciales en comparación con enfoques tradicionales. Las redes neuronales pueden proporcionar funciones eficientes, continuas y completamente diferenciables que son útiles para la renderización directa y para problemas de renderización inversa. Además, pueden permitir novedosas capacidades de edición o muestreo eficiente para la renderización mediante Monte Carlo. En este trabajo, nos centramos en dos componentes clave de las escenas virtuales: los materiales y la iluminación. Nuestro objetivo es desarrollar enfoques basados en redes neuronales para codificar estos elementos que sean precisos y computacionalmente eficientes, abriendo el camino para nuevas aplicaciones en informática gráfica y visión por ordenador.

Respecto a los materiales en el capítulo 4 presentamos una nueva representación neuronal para codificar su reflectancia. Construyendo sobre trabajos previos sobre materiales neuronales [Kuz+21], nuestro método tiene tres componentes: Una textura neuronal, que codifica la reflectancia del material en un espacio latente 2D; un renderizador neuronal completamente convolucional y con activaciones sinusoidales, que toma como entrada esta reflectancia latente y los ángulos de luz y visión y genera valores lineales RGB; y un autoencoder, que puede estimar la textura neuronal de cualquier imagen de entrada 2D del material. Al igual que en trabajos previos sobre campos neuronales [Mil+20], entrenamos cada modelo desde cero para cada material, tomando como entrada su Bidirectional Texture Function (BTF), que puede ser capturada o generada sintéticamente. Nuestro enfoque introduce la primera representación neuronal para BTFs con entrada condicional, lo que hace posible la extrapolación de BTFs, la creación de BTF teselables y la síntesis de nuevos materiales mediante propagación de reflectancia. Abordamos una de las principales limitaciones de los trabajos previos sobre materiales neuronales, que era su falta de capacidades de edición, lo que impedía su aplicabilidad a escenarios de renderización del mundo real que requieren materiales de gran escala y teselables. A pesar de estas mejoras, nuestra representación tiene limitaciones. Por ejemplo, propiedades semánticas como la especularidad o el albedo se codifican en el espacio latente y, por tanto, no son fácilmente editables. Sin embargo, creemos que nuestro método tiene un potencial significativo para trabajos futuros sobre representaciones neuronales de materiales.

En el capítulo 7, abordamos el problema de la codificación de la iluminación, presentando un nuevo método neuronal para el muestreo, la codificación de la PDF y la compresión RGB de los mapas de entorno utilizados para la iluminación global en la renderización. Nuestro método se basa en trabajos anteriores sobre representaciones neuronales implícitas para comprimir el mapa de entorno HDRi en una función continua y diferenciable. Diseñamos un normalizing flow que puede muestrear direcciones de mapas de entorno y medir su densidad de probabilidad. Ambas funcionalidades son esenciales para el muestreo por importancia en la renderización mediante Monte Carlo. Nuestra diseño de arquitectura neuronal y de su procedimientos de entrenamiento nos permitien obtener modelos que son hasta dos órdenes de magnitud más rápidos que los métodos analíticos. Utilizando un conjunto de datos de mapas de entorno con propiedades diversas, demostramos alta generalidad y precisión, superando trabajos anteriores en este campo. Para fomentar futuras investigaciones, proporcionaremos una implementación de código abierto y un conjunto de datos de modelos entrenados. Si bien este es el primer método que aprende a muestrear de mapas de entorno, creemos que existe potencial para mejorar aún más nuestro enfoque mediante la introducción de diseños de redes neuronales más sofisticados o aprendiendo distribuciones a priori sobre la iluminación global.

Digitalización Escalable de Materiales

Uno de los objetivos clave de esta tesis es desarrollar soluciones de digitalización que sean escalables y asequibles, sin depender de hardware costoso o inaccesible. Para lograrlo, hemos realizado dos contribuciones diferentes. En primer lugar, en el capítulo 5, presentamos un método novedoso para estimar las Spatially-Varying Bidirectional Reflectance Distribution Functions (SVBRDF) utilizando escáneres como dispositivo de captura. Este método se basa en gran medida en los algoritmos de generación de datos presentados en secciones anteriores de esta tesis. Nuestro enfoque utiliza una red neuronal ligera con mecanismos de atención, lo que resulta en estimaciones con una resolución considerablemente mayor que los métodos anteriores que se utilizaban imágenes tomadas con smartphones como entrada. Observamos empíricamente que la reflectancia del material depende en gran medida de su microgeometría, que los escáneres planos pueden capturar adecuadamente, a la vez que proporcionan imágenes que se pueden utilizar directamente como el albedo de la SVBRDF. Una de las contribuciones clave de este trabajo es la introducción del primer algoritmo de cuantificación de incertidumbre para la estimación de materiales, para el cual demostramos aplicaciones en la creación de conjuntos de datos a través del aprendizaje activo. Además, una extensión de este trabajo forma parte de Textura.ai, que es utilizada por usuarios reales, lo que demuestra su robustez y fiabilidad. Tenemos confianza en que las novedades introducidas por este método darán forma a futuros avances sobre el problema de la digitalización de materiales a partir de una sola imagen. Aunque confiamos en las capacidades de nuestro método, este se puede extender para estimar propiedades de reflectancia adicionales como la anisotropía o la transmitancia, para generalizarse a otros materiales o dispositivos, y para mejorar aún más su exactitud.

Además, en el capítulo 6, proponemos un método para la estimación de parámetros mecánicos de materiales textiles utilizando imágenes de profundidad y la densidad del material como entradas. Nuestro método logra una mayor escalabilidad que los trabajos anteriores, que requerían secuencias de vídeo, intervención manual o dispositivos costosos y específicos. Para lograrlo, proponemos una solución que es agnóstica a la apariencia óptica del tejido y que puede ser utilizada por operadores no expertos. Utilizamos una red neuronal que predice el conjunto completo de parámetros mecánicos de cualquier tejido utilizando datos sintéticos para su entrenamiento, aprovechando una política extensiva de aumento de datos, aprendizaje por transferencia, mecanismos de atención y múltiples formas de agrupamiento de activaciones internas. Una contribución significativa de este trabajo es nuestra propuesta de una métrica de similitud de propiedades mecánicas en tejidos, que mide las distancias entre el comportamiento mecánico de los tejidos utilizando solo imágenes como entrada. Validamos esta métrica con un estudio de usuarios, demostrando que se relaciona en gran medida con la percepción humana. Aunque nuestro método tiene contribuciones significativas para la estimación del comportamiento mecánico de los textiles, todavía está limitado en al menos

dos formas: utiliza imágenes de profundidad como entrada, que son relativamente fáciles de obtener pero menos accesibles que las imágenes RGB, y la métrica propuesta de similitud no es fácilmente diferenciable, lo que dificulta su potencial como función de pérdida en problemas de optimización.

A.4 Resultados

Estas son las principales contribuciones de esta tesis:

• Un método basado en aprendizaje profundo para la propagación de atributos visuales de un material a muestras más grandes del mismo material, o de un material similar. Usando una red neuronal convolucional con un número reducido de parámetros, entrenada mediante un dataset fotométrico y una política extensiva de aumentado de datos, el modelo puede generalizar a nuevas condiciones de iluminación, cámara, color o distorsiones geométricas. Enseñamos las capacidades de nuestro método para la transferencia de atributos visuales de varios tipos, como las normales de la superficie del material, mapas de segmentación semántica o ediciones artísticas. (Capítulo 2).

• Una extensión al método anterior, para habilitar un sistema de captura a dos escalas, que permite digitalizar un material a altos niveles de resolución y precisión. Para ello, extendemos el método presentado en el capítulo 2 para permitir la transferencia de varios mapas de propiedades simultáneamente, con un mayor nivel de exactitud. (Capítulo 2.C).

• Un modelo generativo capaz de generar texturas teselables usando una sola imagen como entrada. Explotando las capacidades de las redes generativas antagónicas para la síntesis de texturas, un innovador algoritmo de manipulación de espacios latentes, y usando el discriminador como una métrica de calidad, nuestro modelo es capaz de generar texturas teselables a un mayor nivel de calidad perceptual y a un coste computacional que métodos anteriores. Además, proponemos una extensión a este método para la generación de SVBRDFs teselables usando un sólo material como entrada, y enseñamos las capacidades de nuestro algoritmo para sintetizar texturas de diferentes niveles de regularidad. (Capítulo 3).

• Una representación basada en campos neuronales capaz de codificar y transferir BTFs. Nuestro modelo se construye sobre trabajo anterior en representaciones neuronales de materiales, y proponemos una representación latente ligera que puede ser descodificada por una red neuronal implícita en valores de reflectancia por téxel. Esta representación latente es estimada por una red neuronal del tipo autoencoder, que puede ser utilizada para propagar valores de BTF a estructuras nuevas, habilitando nuevas capacidades de edición y transferencia de materiales neuronales, proporcionando nuevas competencias a este tipo de representaciones. (Capítulo 4).

• Un innovador sistema de digitalización de materiales capaz de, a partir de una sola imagen de entrada, generar mapas de SVBRDF a una alta resolución, usando un escáner como dispositivo de captura. Nuestro sistema usa un conjunto de datos generado para este propósito y un novedoso modelo de translación de imagen a imagen con mecanismos de atención entrenado con funciones de coste específicamente diseñadas para este problema. Este modelo es capaz de generar materiales digitales con un alto nivel de exactitud y detalle, usando la microgeometría del material como la principal señal de supervisión. Además, proponemos el primer algoritmo para la cuantificación de incertidumbre en problemas de digitalización de materiales, construyendo sobre métodos de aprendizaje profundo Bayesiano, dropout de Monte Carlo y métricas perceptuales de BRDF. Demostramos que nuestra métrica es eficaz para la predicción de error en digitalización en el momento de la evaluación, y para la generación eficiente de datasets mediante aprendizaje activo. (Capítulo 5).

• Un novedoso sistema de digitalización de propiedades mecánicas de tejidos usando un sistema casual de captura e imágenes de profundidad. Entrenamos nuestro modelo usando únicamente datos sintéticos, y lo diseñamos para hacer uso de mecanismos de atención neuronales, aprendizaje por transferencia, y diferentes mecanismos de agregación de características latentes, además de una extensiva política de aumentado de datos. Nuestro modelo es capaz de predecir con exactitud las propiedades mecánicas de fragmentos de materiales textiles sin la necesidad de costosos sistemas de captura. Además, proporcionamos una innovadora métrica perceptual para medir la similitud entre materiales textiles en función de sus parámetros mecánicos, la cual validamos mediante un estudio de usuario. (Capítulo 6).

• Un método neuronal para mapas de entorno, que habilita una representación eficiente para iluminación global en escenas virtuales. Para ello, usamos dos redes neuronales diferentes: Un normalizing flow, capaz de aprender la distribución de probabilidad de un mapa de entorno de entrada, y de muestrear direcciones de luz de forma eficiente; y una red neuronal implícita con activaciones sinusoidales, capaz de transformar direcciones de luz a valores de radiancia lineal en RGB. Demostramos la eficacia de nuestro método en aplicaciones de muestreo por importancia para renderización por Monte Carlo, consiguiendo representaciones de iluminación más precisas y exactas que métodos anteriores de compresión de iluminación; y dos órdenes de magnitud menor coste computacional que métodos tradicionales de muestreo de iluminación. (Capítulo 7).

• Un estudio integral de las capacidades y limitaciones de las redes neuronales profundas para el problema de la decsomposición intrínseca. Mediante un estudio exhaustivo del estado del arte, los datasets, funciones de coste, arquitecturas neuronales y heurísticas, proporcionamos una nueva categorización de estos trabajos. Además, proponemos nuevas direcciones de investigación, construyendo sobre artículos recientes en renderización neuronal, inverso o diferenciable; además de los nuevos avances en sistemas de aprendizaje automático. Esta contribución está publicada en [Gar+22], y usamos parte de ella para la sección 1.1.

Estas contribuciones han dado lugar a las siguientes publicaciones:

• “Neural Photometry-guided Visual Attribute Transfer”

Carlos Rodriguez-Pardo, Elena Garces; IEEE Transactions on Visualization and Computer Graphics (TVCG), 2021 [RG21].

Este journal tiene un factor de impacto de 5.226, su posición en el índice JCR es 13 de 110 (Q1) en la categoría Computer Science, Software Engineering (datos de 2021).

• “A Survey on Intrinsic Images: Delving Deep into Lambert and Beyond”

Elena Garces, Carlos Rodriguez-Pardo, Dan Casas, Jorge Lopez-Moreno; International Journal in Computer Vision (IJCV), 2022 [Gar+22].

Este journal tiene un factor de impacto de 13.369, su posición en el índice JCR es 10 de145 (Q1) en la categoría Computer Science, Artificial Intelligence (datos de 2021).

• “SeamlessGAN: Self-Supervised Synthesis of Tileable Texture Maps”

Carlos Rodriguez-Pardo, Elena Garces; IEEE Transactions on Visualization and Computer Graphics (TVCG), 2022 [RG22].

Este journal tiene un factor de impacto de 5.226, su posición en el índice JCR es 13 de 110 (Q1) en la categoría Computer Science, Software Engineering (data from 2021)

• “How Will It Drape Like? Capturing Fabric Mechanics From Depth Images”

Carlos Rodriguez-Pardo, Melania Prieto-Martin, Dan Casas, Elena Garces; Computer Graphics Forum (Proceedings of Eurographics 2023) [Rod+23b].

Este journal tiene un factor de impacto de 2.363, su posición en el índice JCR es 53 de 110 (Q2) en la categoría Computer Science, Software Engineering (datos de 2021).

• “UMat: Uncertainty-Aware Single Image High Resolution Material Capture”

Carlos Rodriguez-Pardo, Henar Dominguez, David Pascual, Elena Garces; Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2023 [Rod+23a].

Esta conferencia es el evento de mayor impacto en ciencias de la computación según Google Scholar, y está categorizada como CORE A++ conference (datos de 2021)).

• “Towards Material Digitization with a Dual-scale Optical System”

Elena Garces, Victor Arellano, Carlos Rodriguez-Pardo, David Pascual, Sergio Suja, Jorge Lopez-Moreno; ACM Transactions on Graphics (Proceedings of SIGGRAPH), 2023 [Gar+23]. Este journal tiene un factor de impacto de 7.403, su posición en el índice JCR es 9 de 110 (Q1) en la categoría Computer Science, Software Engineering (datos de 2021).

• “NeuBTF: Neural Fields for BTF Encoding and Transfer”

Carlos Rodriguez-Pardo, Konstantinos Kazatzis, Jorge Lopez-Moreno, Elena Garces; 2023

Esta publicación se encuentra actualmente en revisión.

• “NEnv: Neural Environment Maps for Global Illumination”

Carlos Rodriguez-Pardo, Javier Fabre, Elena Garces, Jorge Lopez-Moreno; 2023 Esta publicación se encuentra actualmente en revisión.

A.5 Conclusiones

A lo largo de esta tesis, se han abordado diferentes retos en los campos de la informática gráfica, el aprendizaje automático y la visión artificial; desde la generación de representaciones neuronales más eficientes para la codificación de componentes de las escenas, hasta el diseño de algoritmos de aprendizaje profundo para la digitalización de materiales a bajo coste y alta precisión. En concreto, se han propuesto algoritmos para la propagación de atributos visuales (Capítulo 2), para la digitalización realista de la reflectancia de materiales (Capítulo 2.C), su edición y síntesis hacia texturas teselables (Capítulo 3), o su codificación mediante campos neuronales (Capítulo 4). Además, se han propuesto sistemas de captura escalables y de alta calidad mediante dispositivos de bajo coste, incluyendo escáneres para la captura de reflectancia (Capítulo 5) o las cámaras de profundidad para la captura de parámetros mecánicos de tejidos (Capítulo 6). Finalmente, se ha propuesto una representación neuronal capaz de introducir iluminación global a escenas virtuales de forma diferenciable y computacionalmente más eficiente y precisa que las soluciones disponibles en la literatura (Capítulo 7). Los resultados de esta tesis forman parte de ocho publicaciones, seis de las cuales están aceptadas en revistas académicas o conferencias internacionales, mientras que las demás se encuentran en proceso de revisión.

En conjunto, en esta tesis se introducen avances significativos para la representación y generación de escenas virtuales realistas, proporcionando métodos basados en aprendizaje automático capaces de mejorar el realismo y la eficiencia de estas escenas. El impresionante ritmo de la investigación en inteligencia artificial dificulta prever las soluciones que se desarrollarán en el futuro, sin embargo, creemos que la combinación de soluciones basadas en datos con la renderización basada en la física seguirá definiendo el campo en los años venideros. Esperamos que las ideas presentadas en esta tesis contribuyan a la generación de soluciones digitales más accesibles y sostenibles medioambiental y socialmente.
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