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Abstract

The demand for high-quality 3D models has grown significantly across various domains,
including video game development, film production, cultural heritage preservation, and
documentation of real-world objects. However, the acquisition of 3D models through
methods like laser scanning or photogrammetry often result in illumination effects being
baked into the color texture of the 3D model, presenting challenges for dynamic lighting
scenarios and adaptable model usage. This work addresses the task of de-lighting 3D
models, focusing on the removal of shadows, highlights, and color tints from color textures.
Two main approaches were developed and evaluated: an image-based method using a
Conditional Generative Adversarial Network (CGAN) architecture, and a pixel-based
method employing a simpler linear layered neural network that processes input textures
on a per-pixel basis. Experiments were conducted to determine the optimal configuration
and input data for each approach. Additionally, the performance of various color spaces
was evaluated to identify the most suitable representation of the color data in the color
texture of the digitized 3D model, as well as additionally generated supplementary input
color textures. The Oklab color space was found to provide the best results, demonstrating
the importance of appropriate color space selection in achieving high-quality de-lighting
outcomes. For the image-based CGAN approach, utilizing all available supplementary
textures, including lightmap, light color map, ambient occlusion map, and UV texture
area map, yielded the highest quality output. The pixel-based approach performed best
using just the light color map as additional input. Comparing the two approaches, the
pixel-based method demonstrated several advantages, including requiring less training
data, flexibly handling different input texture resolutions, and producing visually superior
results with more preserved detail. While the image-based model is less flexible regarding
the processed texture resolution, its processing of the complete texture in one step allow
it to be able to analyze the global context of the texture to include, for example, the
overall color tone of the texture. These findings highlight the trade-offs between global
context understanding and local detail preservation in de-lighting tasks.

A light estimation optimization process was also developed to automatically refine a
manually provided initial guess of the light environment, improving the recreation of light
in Blender to generate supplementary input textures. Various optimization methods were
evaluated in an attempt to find a suitable solution for the complex task of light environment
estimation. This process is particularly challenging when the color texture of the digitized
3D model serves as the sole source of lighting information. The complexity arises from
the need to infer multiple lighting parameters, such as light direction, intensity, and color,
from a single image that contains the combined effects of these factors. Additionally,
real-world lighting conditions often involve multiple light sources and complex interactions
with the environment, further complicating the estimation process.
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Abstract

While the proposed methods successfully remove illumination effects and shadows from
color textures in a controlled test environment, some limitations remain when applying the
techniques to real-world 3D scans. These include inaccuracies in captured 3D geometry
and challenges in estimating complex real-world lighting environments. Future research
approaches could focus on optimizing geometry capture as well as exploring advanced
methods for estimating and simulating complex lighting scenarios. The goal would be
to make the proposed approaches more robust and extend their applicability to any
real-world scans.
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Kurzfassung

Die Nachfrage nach hochwertigen 3D-Modellen ist in verschiedenen Bereichen, einsch-
ließlich der Videospielentwicklung, Filmproduktion, Erhaltung des kulturellen Erbes und
Dokumentation von realen Objekten, erheblich gestiegen. Die Erfassung von 3D-Modellen
durch Methoden wie Laserscanning oder Photogrammetrie führt jedoch oft dazu, dass
Beleuchtungseffekte in die Farbtextur des 3D-Modells eingebettet werden, was Heraus-
forderungen für dynamische Beleuchtungsszenarien und eine anpassbare Modellnutzung
darstellt. Diese Arbeit befasst sich mit der Aufgabe der Entfernung von Lichteffekten in
Farbtexturen von 3D-Modellen, wobei der Fokus auf der Entfernung von Schatten, Glanz-
lichtern und Verfärbung durch Licht aus Farbtexturen liegt. Zwei Hauptansätze wurden
entwickelt und evaluiert: eine bildbasierte Methode unter Verwendung einer Conditional
Generative Adversarial Network (CGAN) Architektur und eine pixelbasierte Methode, die
ein einfacheres lineares neuronales Netzwerk einsetzt, das Texturen pixelweise verarbeitet.
Experimente wurden durchgeführt, um die optimale Konfiguration und Eingabedaten
für jeden Ansatz zu ermitteln. Zusätzlich wurde die Nutzung verschiedener Farbräume
evaluiert, um die am besten geeignete Repräsentation der Farbdaten in der Farbtextur
des digitalisierten 3D-Modells sowie zusätzlich generierte ergänzende Eingabefarbtexturen
zu identifizieren. Es wurde festgestellt, dass der Oklab-Farbraum die besten Ergebnisse
liefert, was die Bedeutung der Auswahl eines geeigneten Farbraums für hochwertige
Lichtbereinigungsergebnisse unterstreicht. Für den bildbasierten CGAN-Ansatz erzielte
die Nutzung aller verfügbaren ergänzenden Texturen, einschließlich lightmap, light color
map, ambient occlusion map und UV texture area map, die besten Ergebnisse. Der
pixelbasierte Ansatz zeigte die besten Ergebnisse unter ausschließlicher Verwendung der
light color map als zusätzliche Eingabe. Im Vergleich der beiden Ansätze wies die pixel-
basierte Methode mehrere Vorteile auf, darunter ein geringerer Bedarf an Trainingsdaten,
eine flexible Handhabung verschiedener Eingabetexturauflösungen und visuell bessere
Ergebnisse mit mehr erhaltenen Details. Während das bildbasierte Modell hinsichtlich
der verarbeiteten Texturauflösung weniger flexibel ist, ermöglicht seine Verarbeitung
der gesamten Textur in einem Schritt die Analyse des globalen Kontexts der Textur,
um beispielsweise das allgemeine Farbbild der Textur einzubeziehen. Diese Erkenntnisse
verdeutlichen die Kompromisse zwischen der ganzheitlichen Bildverarbeitung mit globalem
Kontextverständnis und lokaler Detailerhaltung durch Verarbeitung auf Pixelebene bei
der Aufgabe der Entfernung von Lichteffekten.

Zudem wurde ein Prozess zur Schätzung der Lichtverhältnisse entwickelt, um eine
manuell bereitgestellte Anfangsschätzung der Lichtumgebung automatisch zu verfeinern
und die Nachbildung von Licht in Blender zur Generierung ergänzender Eingabetexturen
zu verbessern. Verschiedene Optimierungsmethoden wurden evaluiert, um eine geeignete
Lösung für die komplexe Aufgabe der Lichtschätzung zu finden. Dieser Prozess ist
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Kurzfassung

besonders herausfordernd, wenn die Farbtextur des digitalisierten 3D-Modells als ein-
zige Quelle für Beleuchtungsinformationen dient. Die Komplexität ergibt sich aus der
Notwendigkeit, mehrere Beleuchtungsparameter wie Lichtrichtung, Intensität und Farbe
aus einem einzelnen Bild abzuleiten, das die kombinierten Effekte dieser Faktoren en-
thält. Zusätzlich beinhalten reale Beleuchtungsbedingungen oft mehrere Lichtquellen
und komplexe Wechselwirkungen mit der Umgebung, was den Schätzungsprozess weiter
erschwert.

Obwohl die vorgeschlagenen Methoden Beleuchtungseffekte und Schatten in einer
kontrollierten Testumgebung erfolgreich aus Farbtexturen entfernen, bleiben einige Einsch-
ränkungen bei der Anwendung der Techniken auf reale 3D-Scans bestehen. Dazu gehören
Ungenauigkeiten in der erfassten 3D-Geometrie und Herausforderungen bei der Schätzung
komplexer realer Beleuchtungsumgebungen. Zukünftige Forschungsansätze könnten sich
auf die Optimierung der Geometrieerfassung sowie die Erforschung fortschrittlicher Meth-
oden zur Schätzung und Simulation komplexer Beleuchtungsszenarien konzentrieren. Ziel
dabei wäre es, die vorgeschlagenen Ansätze robuster zu gestalten und ihre Anwendbarkeit
auf beliebige reale Scans zu erweitern.
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1. Introduction

With technologies like Virtual Reality and Augmented Reality gaining popularity and the
introduction of modern graphics standards like WebGPU [50], the use of 3D visualization
and its associated applications continues to increase across various domains. This trend
spans from the preservation of cultural heritage, where digital replicas serve preservation
and educational purposes [4], to the creation of 3D assets for entertainment in the
production pipelines of games or movies. While physical museums offer invaluable
experiences, the digitization of real-world objects provides enhanced accessibility and
documentation. Smaller artifacts can be transported for research or exhibition purposes,
while larger objects such as statues or buildings can be digitized and made available to a
broader audience, independent of location. This approach facilitates a more inclusive and
diverse representation of cultural heritage, enabling online exhibitions and virtual museums
that allow global exploration and learning about history and culture. Additionally, the
digitization of archaeological sites serves to document and preserve their current state,
which proves beneficial for future research and restoration projects. In contrast, the
entertainment industry utilizes 3D models for creating virtual worlds in games and films.
The development of a 3D video game environment, for instance, requires a variety of 3D
models, including characters and props, which must be integrated into the game world.
The creation of these 3D models can be a time-consuming manual process, which may be
simplified by utilizing 3D models obtained through the digitization of real-world objects.
This is especially useful for assets used to enrich small details in the game world, such as
tables or rocks, which can be tedious to model manually.

The acquisition of 3D models for these diverse applications involves multiple approaches,
including methodologies like laser scanning and photogrammetry, which enable the
generation of virtual replicas of real-world objects [5, 51]. Different digitization techniques
offer various strengths and weaknesses. For example, laser scanning can provide highly
accurate 3D geometry but may lack or provide limited color information. Alternatively,
photogrammetry employs high-resolution color images from cameras, with some approaches
even exploring the use of smartphone cameras [15, 35], to create 3D models with both
geometry data and color textures, even though the resulting 3D model may have less
accurate 3D geometry data compared to laser scanning methods. A more detailed overview
of various digitization techniques is provided in Chapter 3.

Despite the capability of these techniques to achieve accurate replicas of real-world
objects, they share a common challenge. During the process of generating a virtual 3D
model through digitization techniques, the real-world object cannot be easily separated
from its surrounding environment. Depending on the object to be scanned, this can mean
that a bigger object needs to be scanned in the place it is located, for example a building
in a city, a statue in a park or an archeological site. Consequently, the object cannot
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1. Introduction

be easily relocated to a controlled environment for the digitization process, but must be
scanned in its original location, including surrounding objects not intended to be part
of the 3D model but which nonetheless affect the visual appearance of the object being
scanned. This can result in incomplete scans due to occlusion by other objects. Another
factor influencing the digitization result is the light environment in the scene. Depending
on the light sources present, the object may be illuminated in ways that affect the color
information of the resulting color texture of the digitized 3D model. This can be caused
by colored light adding a color tint to the object, shadows from occluding parts or objects,
or highlights caused by intense light reflecting off the object’s surfaces. Smaller objects
can also be scanned in a controlled environment, like a studio, where other potentially
occluding objects are removed and light conditions can be controlled with artificial light
instead of sunlight, leading to a more consistent digitization result. Even though there

Figure 1.1.: Presentation of digitized 3D models with only their color texture shown,
which includes highlights and shadows from the light environment during the
digitization process. The beauty of palmyra [43] (left) and a monkeys figure
3D scan [25] (right).

are techniques to reduce the influence of the surrounding environment on the digitized 3D
model, it is difficult to completely eliminate these effects during digitization. Figure 1.1
shows two examples of 3D models, where the surface color texture includes highlights and
shadows from the light environment during the digitization process. The 3D models in the
images have been rendered without any light shading, meaning that only the raw color
from the 3D model’s color texture is applied to the 3D geometry of the model. As evident,
the images still display static shadows and highlights that are baked into the color texture.
While including lighting in the color texture may be acceptable for visualizing objects
within a static scene, this approach is inadequate for more complex scenes. For instance,
scenes with multiple different 3D models digitized in varying light environments, and thus
containing different illumination effects in their color textures, do not fit visually when
put together into a single scene. Moreover, more complex scenes with moving models and
dynamic lighting scenarios, such as those in video game environments or movie scenes,
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1. Introduction

require a more flexible approach to handle the lighting of 3D models. In the context of
cultural heritage preservation and documentation, a 3D model with an illumination-free
color texture can be desirable to provide clear details of the object’s surface color and
structure for study and analysis, as well as dynamic visualization, for example, in a digital
museum exhibition with scenes in dynamic lighting conditions similar to the visualization
in video games or movies. In such cases, where 3D models are used in scenes with dynamic
lighting conditions, the color textures of the rendered 3D models are expected to be free
of illumination effects such as shadows and highlights. The illumination effects are then
dynamically applied to the 3D models during the rendering process, depending on the
light sources in the scene. This allows for moving models or light sources in the scene to
interact with each other, creating a more realistic and immersive experience for the viewer.
Also since all 3D models in the scene are rendered with the same lighting conditions, they
fit together visually and create a consistent scene.

Given the described difficulties of digitizing real-world objects to create 3D models with
color textures that are free from illumination effects, there is a need for illumination-free
color textures for the usage of 3D models in various scenarios. This thesis focuses on
addressing the challenge of de-lighting color textures in 3D models, with a particular
emphasis on removing shadows, highlights, and color tints. The main goal is to develop a
processing method that can be applied to a given 3D model to remove the illumination
effects from the color texture, resulting in a de-lighted 3D model. The de-lighted 3D
model can then be used in the described scenarios, where the 3D model is rendered with
dynamic lighting conditions.

The content of this thesis starts with a review of already existing work in the field of
de-lighting and related topics, such as illumination detection and removal in color images
as well as re-lighting attempts of single 2D portrait images of a human face. These works
provide insights into the challenges of analyzing light and shadow information solely
from color image data and the further processing to manipulate the color image data
to be either illumination-free or to contain different illumination effects with a different
simulated light environment. An overview of the Conditional Generative Adversarial
Network (CGAN) architecture for image-to-image translation tasks is also provided, as it
shows to be a good fit for the given task of processing color textures of 3D models. When
analyzing the illumination effects in color textures, knowledge of the light environment
configuration, such as the position of light sources and their color and intensity, can
be beneficial. Some existing approaches to estimate the illumination configuration in a
scene, as well as an existing solution for removing illumination effects in color textures,
are presented. To provide insights into different approaches, existing work that does not
process an already existing color texture, but aims at generating a new color texture with
different input methods, is also reviewed.

3



1. Introduction

The majority of this work focuses on the following aspects:

• What is the most effective method for providing meaningful input data to the
de-lighting process to specify the illumination effects in the color texture that need
to be removed?

• What neural network architectures and training methods yield the most effective
de-lighting results?

• How can the lighting conditions that existed during the digitization of a real-world
object be effectively estimated and reconstructed, in order to provide the required
input data for the de-lighting process?

The aspect of good input data is addressed in multiple ways. First, the method of
representing scene environment lighting information in the color texture is explored. This
includes the exploration and evaluation of different additional supplementary textures to
the already given color texture of the 3D model. These supplementary input textures are
used to describe how the light interacts with the surface of the 3D model to give insights
into which parts of the color texture are influenced by light. Therefore, textures such as
lightmaps to describe the light intensity of the light hitting the object’s surface, as well
as light color maps to describe the light’s color, are utilized. Also additional data such as
ambient occlusion maps to describe which parts of the object are occluded from others
and therefore receive less light are evaluated. Besides the type of input data, such as light
intensity and color, the method of specifying the color data for further processing has been
evaluated. The thesis compares the sRGB, HSV, HSL, CIELAB, and Oklab color spaces,
assessing their effectiveness in representing color information for the de-lighting task.
The outcome of the conducted experiments shows that characteristics like the separation
of color hue and color lightness, as well as perceptual uniformity of color spaces, result
in better de-lighting results. Consequently, the two color spaces CIELAB and Oklab
performed the best, with the Oklab color space showing the best results, leading to its
use in all further de-lighting processing and experiments.

The thesis presents two main approaches to tackle the de-lighting challenge: An image-
based method utilizing the CGAN architecture and a pixel-based method employing a
simpler neural network, consisting of linear layers, that processes input textures on a
per-pixel basis. These approaches are explored and evaluated through extensive experi-
mentation, focusing on the effectiveness of various color spaces, input configurations, and
optimization techniques in achieving good de-lighting results. The image-based approach
employs the CGAN architecture, which has shown promising results in image-to-image
translation tasks [38]. This image-based de-lighter method treats the input color texture
and its supplementary textures as a single entity, processing the entire image simultan-
eously. The CGAN architecture allows for additional control over the generated output
by conditioning the generator on supplementary information, such as lightmaps and
ambient occlusion textures. This approach has the advantage of capturing and learning
global context and relationships within the input textures, which can be beneficial for a
better understanding of the color patterns in the color texture. On the other hand, the
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1. Introduction

pixel-based de-lighter approach processes input image data on a per-pixel basis. This
method iterates over each pixel in the input textures and feeds the data for every pixel
into the de-lighting model individually. The pixel-based method offers several advantages,
including flexibility in handling different input texture resolutions and efficiency in training
data utilization. Since the model operates on individual pixels, a single low-resolution
texture can provide a large number of training samples, reducing the computational
effort required for training dataset generation. The evaluation of the proposed de-lighter
methods reveals their strengths and limitations. The image-based approach demonstrates
the ability to capture global context, potentially providing additional insights into color
patterns. However, it faces challenges in handling different input texture resolutions and
may result in some loss of fine details due to the downsampling and upsampling processes
in its encoder-decoder architecture. The pixel-based approach, while more flexible and
capable of preserving fine details, itself does not consider the context of surrounding pixels
in its processing.

The thesis also addresses the step of estimating and reconstructing the light environment
present during the object’s digitization. This process is fundamental for generating the
supplementary light data input textures required by the de-lighter models. The research
presents an optimization method to enhance the accuracy of manual light environment
estimation, focusing on estimating properties of light sources such as position, direction,
intensity, and color. The optimization process is structured in multiple stages to first
estimate the light source’s properties such as position or light direction and intensity,
followed by the estimation of the light color. Various optimization methods and their
results are evaluated, leading to the conclusion that the Simulated Annealing optimization
method provided best results, even though light environment estimation remains a
challenging task, especially in more complex lighting scenarios.

In conclusion, this thesis presents a comprehensive exploration of de-lighting techniques
for 3D model color textures, addressing a challenge in the field of 3D digitization and
visualization. By developing and comparing image-based and pixel-based approaches,
evaluating various color spaces, and addressing the challenge of light environment estim-
ation, the research provides insights and tools for improving the quality and flexibility
of digitized 3D models. While limitations remain, particularly in dealing with more
complex real-world scans and complex lighting scenarios, the work provides an alternative
de-lighting method for further processing and improving digitized 3D models.
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2. Related Work

This chapter provides an overview of existing work in the field of de-lighting color textures
of 3D models and related areas. It explores similar tasks, such as the re-lighting of human
portrait images, which share the goal of accurately estimating and manipulating light
conditions in given images. It also introduces the architecture and training methodology
of CGANs, which have demonstrated promising results in image-to-image translation
tasks. The chapter also presents proposals for estimating scene illumination, including the
identification of existing light sources and their characteristics. Furthermore, the chapter
discusses methods for illumination removal in images, including shadow detection and
elimination, as well as the processing of highlights caused by bright light sources. Also, a
brief workflow overview of an existing closed-source solution for illumination removal in
color textures of 3D models is provided. Lastly, alternative methods for generating color
textures for 3D models are explored, focusing on the use of text and image prompts to
guide the texture generation process.

2.1. Re-Lighting Portrait Images

A common task found in literature is the processing of human face portraits and adapting
them to fit into different scenes with varying light environments. Numerous methodolo-
gies have been proposed to solve this task, often leveraging neural networks of various
architectures. The networks are tasked to process a single image of a human face as input
and adjusted lighting composition to re-light the face to match or completely remove the
lighting from the face image [76, 74, 34, 70]. While the specific use case of de-/re-lighting
only portrait images of human faces appears to be sufficiently scoped for neural networks
to learn the process of adjusting the lighting in single images, extending the input data
with additional information about the 3D geometry of the human face or full body in the
image can improve the details of the results, as shown in the approach from Chaonan Ji et
al. [39]. This work splits the processing of the image into two main parts: de-lighting and
re-lighting. In the de-lighting part, a modified HRNet [64] is used to remove the existing
lighting effects from the given image of a full human body. The re-lighting part utilizes
PIFuHD [57] to estimate the 3D geometry of the full human body in the input image.
With the 3D geometry of the human body in the image given, the re-lighting step uses
ray tracing via the Cycles rendering engine in Blender to re-apply light effects with the
new light environment configuration onto the human body image. Since the 3D geometry
estimation has limited accuracy additional further steps like smoothing the 3D geometry
are applied. For training data generation, the researchers used a library of digital 3D
human avatars [67] rendered in various indoor and outdoor lighting environments [30].
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While this approach aims to improve de-lighting and re-lighting results, it faces challenges
in removing specular highlights due to dataset limitations in material surface details [39].
Furthermore, inaccuracies in 3D geometry estimation can lead to artifacts in the re-lighting
results, despite additional processing techniques like geometry smoothing.

2.2. CGAN Architecture

The concept of employing a network that takes the color texture, including illumination
highlights and shadows, as input, and is tasked with removing the illumination to return
a clear surface color texture aligns well with the Generative Aversarial Network (GAN)
architecture as described in [38]. In the training phase of a GAN, the architecture is
split into two models, which compete against each other while improving in the learning
process. The generator model takes an input image and produces a synthetic image, while
the discriminator model is tasked to distinguish real images from the fake synthetic images
from the generator. This competition of the generator model trying to generate synthetic
images, that are not recognized by the discriminator model and the discriminator trying
to detect these fakes images is used as a mechanism for iterative learning through the
training process. However, when only feeding the color data of the virtual 3D model into

Figure 2.1.: Overview of training a CGAN network.

the generator model, the task of effectively removing lighting influence across diverse 3D
models and their textures is challenging. Therefore, the detailed 3D geometry from the
obtained 3D model offers the possibility to supplement additional data for the de-lighting
process. By adapting the GAN to a CGAN architecture [38], the input of the single
color texture for the generator model can be extended with supplementary details on the
lighting configuration that affected the illumination of the object. This enables using the
generation of additional supplementary input textures, such as lightmaps, with the given
geometry of the 3D model, describing additional lighting information for the generator
model. Lightmaps can be utilized to provide insight into various aspects of the light
environment’s impact on different regions of the geometry, including the intensity and
color of light that interacts with the 3D object at specific locations. While this approach
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appears promising to enable more detailed de-lighting results, the generation of additional
supplementary input textures, such as a lightmap, requires the estimation of additional
data, since the detailed specification of light sources that existed in the light environment
during the process of laser scanning or taking pictures for use with photogrammetry
methods is unknown.

2.3. Estimation of Scene Illumination

The determination of scene lighting is a crucial task, especially in tasks like illumination
removal or the integration of virtual objects in the scene. The renderings of those
inserted virtual elements must be adapted to the scene’s lighting conditions to achieve a
more realistic visual result. Various methodologies have been proposed to estimate the
illumination conditions of a scene based on one or more images.

One approach from Lalonde et al. [42] involves estimating illumination conditions,
particularly the position and visibility of the sun, using only a single outdoor image.
Specific features, that are extracted from the input image, such as the sky and cast
shadows on the ground or vertical surfaces, serve as cues for estimating the sun’s position
and visibility. While this method provides a rough approximation of the sun’s light
direction in a given image, its applicability to virtual 3D models and their textures
may prove challenging, resulting in imprecise results. In contrast, Hold-Geoffroy et
al. [33] use a Convolutional Neural Network (CNN) to map pixel data from spherical
360° panoramas, that include sun and sky, to illumination parameters like sun position or
exposure. While this approach appears to deliver acceptable results for inserting virtual
objects, with comparable rendered lighting for highlights and shadows, into existing 2D
scenes, the approximate calculation of the sun’s position for outdoor environments may
lack the precision required for accurate shadow and highlight estimation on 3D models.
In addition, this research primarily focuses on outdoor settings with natural sunlight and
sky conditions, and does not address indoor environments featuring artificial illumination,
which are frequently encountered in real-world object digitization scenarios.

An alternative proposal by Wang et al. [69] involves estimating the illumination
environment of urban scenes using Neural Radiance Fields (NeRFs) [48]. This approach
utilizes machine learning technologies to generate an environment map or High Dynamic
Range (HDR) sky map from a set of posed RGB images. The generated HDR sky map
can then serve as input for describing the lighting environment during the de-lighting
process. The paper also suggests the use of a 360◦ camera to capture images of the
surroundings to compute an environment map [69].

Other setups during the generation of the virtual 3D model could include light probes,
that help the estimation of the light configuration in the scene, similar to the use in the
work of Debevec [18] or Mandl et al. [44]. A light probe is a known real-world object,
where surface properties like surface color are known, that is put into the captured scene.
For instance, a simple white sphere could be useful to improve the estimation of the light
color in the scene.
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In cases where the scanner has control over and knowledge of the light source casting
illumination effects on the scanned object, research has been conducted to eliminate
undesired highlights or shadows resulting from these controlled light sources. For in-
stance, when utilizing a camera equipped with a flashlight to illuminate an object for
photogrammetric image capture, the flashlight’s position can be determined relative to
the camera’s position. Consequently, light estimations and illumination effects from the
flashlight can be calculated using the acquired 3D geometry data, enabling the removal of
these illumination effects from the color data [19]. For example, given the position of the
flashlight and the 3D geometry data of the object, Phong shading is employed to estimate
the region where specular highlights are expected to be present on the 3D model. This
information can then be used for further processing to remove these specular highlights
in the color texture.

2.4. Illumination Removal Approaches

In various use cases, the removal of illumination effects from images is a frequently
encountered task. This process may involve the removal of shadows or highlights in
individual 2D color images or surface color textures of 3D models. In both scenarios, the
acquisition of color information can be influenced by scene illumination, which may be
undesirable and consequently require removal.

Various research efforts concentrate on the task of removing shadows in single 2D
color images [49, 68, 32, 7]. The primary objectives typically include the identification
of shadowed regions and the subsequent removal of color alterations caused by shadows
within these areas. This is often achieved through blending or interpolation techniques
that utilize information from adjacent non-shadowed regions.

The research conducted by Saritha Murali and V. K. Govindan [49] presents a method
designed for the detection and removal of shadows from a single RGB image. It addresses
challenges inherent in computer vision applications such as segmentation, object detection,
and object counting. The method employs the LAB color space, wherein the L channel
represents color lightness, the A channel indicates the red-green spectrum, and the B
channel denotes the blue-yellow spectrum of a given color value. The shadow detection first
converts the RGB color values of the image into LAB color values, followed by calculating
the mean values of the L, A, and B channels for the image pixels. Subsequently, each
pixel is classified as either shadow or non-shadow based on the conditions specified in
Equation 2.1.

Classification =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
Shadow, if

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

Aimage +Bimage ≤ 256

and Lpixel ≤ Limage −
σLimage

3

or
Aimage +Bimage > 256

and Lpixel < Threshold and Bpixel < Threshold
Non-shadow, otherwise

(2.1)
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To reduce errors in shadow detection, the method incorporates strategies to prevent
misclassification of pixels. For instance, pixels are only classified as shadows if a certain
number of neighboring pixels in a given region are also identified as shadows. Shadow
removal is then accomplished by multiplying the RGB color values of pixels in shadow
regions by a constant. The constant is calculated as a ratio of the average RGB color
values in shadow regions to the average RGB color values in non-shadow regions nearby.
To ensure a smooth transition between shadowed and non-shadowed areas, the method
applies additional correction to shadow edges using median filters. The proposed method
offers low computational complexity and operates on a single input image, but it may
incorrectly identify dark objects as shadows. Additionally, depending on the input image,
shadows may not be entirely removed, potentially leaving a less pronounced shadow effect
in the processed image.

In an alternate proposition presented in the work of Jifeng Wang, Xiang Li and Jian
Yang [68], a STacked Conditional Generative Adversarial Network (ST-CGAN) is employed
for shadow removal in an input image. The ST-CGAN architecture leverages two CGANs,
where the first CGAN processes an image with shadows as input and is tasked with
generating a shadow mask that marks regions that are affected by shadows in the image.
Subsequently, the second CGAN takes the image with shadows and the generated shadow
mask as input and removes the shadows in the detected regions. Judging the proposed
methods by their provided experimental results, the ST-CGAN architecture suggests a
better shadow removal performance compared to the previously described approach.

The work by Pintus et al. [54] provides a comprehensive survey on Multi-Light Image
Collections (MLICs) for surface visualization and analysis. MLICs are sets of color
images of an object captured from the same fixed viewpoint, but with varying lighting
conditions. The utilization of MLICs encompasses the processing of illumination effects
on the surface of the captured subject. This includes potential approaches for analyzing
lighting influences and possible methods for removing these effects in color images [20, 53,
22, 75]. Regarding the reduction or removal of illumination effects such as shadows in
a composite output image, many approaches utilize multiple images from a MLIC and
interpolate the pixel color values between these images. Given that the image collection
consists of photographs taken under varying lighting conditions, images with illumination
from different angles can be utilized to interpolate between shadowed areas in one image
and illuminated areas in another. This process results in the creation of an interpolated
texture with less pronounced shadows.

Similar approaches that use multiple images of an object under varying lighting con-
ditions to improve the quality of the resulting color texture use the name Multi-view
Images [12, 13] instead of MLICs. Chen et al. [12] propose a method to remove highlights
caused by light sources during the 3D scanning process by utilizing multiple images of the
3D model under various lighting conditions. Identification of highlights within the color
data of a single image is accomplished through the analysis of RGB pixel color values for
contiguous regions on the projected 3D geometry. The median of the color values within
these regions is computed. A region is recognized as a highlight if its average color value
diverges by more than 20 % from the calculated median. To remove a highlight identified
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in a specific image, the method uses pixel color values from corresponding locations in
other images with different lighting configurations where the given region does not contain
a highlight. These values are then blended into the initially processed image to remove
the highlight effect. The highlight detection method demonstrates good results on the
provided sample 3D model, which features a relatively uniform color tone in its texture.
However, it is anticipated that this approach may encounter challenges when applied to
more complex color textures with greater variation in color tone.

Besides the difference in lightness of the color in the color texture of the digitized 3D
model and the surface color of its real-world counterpart, like specular highlights on a
glossy surface or shadows, the captured color can also be influenced by the color of the
light source. To avoid color hue changes in the captured color caused by light sources in
the scene, common digitization techniques use neutral white light to illuminate the object
that has to be scanned. However, not all controlled light sources emit perfectly neutral
white light (e.g., [19, 9]), or there may be uncontrolled and unwanted light sources in
the scene that cause colored light. Especially in outdoor scenes, the color of the various
external light sources cannot be controlled [46] and may cause unwanted color hue changes
in the captured color of the scanned object. Some approaches expect the light sources in
the scene to be scanned to have a relatively neutral white color tone and therefore do not
see a requirement to add a color hue shift correction step in the processing pipeline. Other
techniques include the measurement of the light source’s color hue tint and subsequent
calibration for color hue shift correction [19, 9]. Also, neural networks have been used to
remove color influences from light sources [70]. Many approaches combine the color hue
shift processing with the removal of shadows and highlights.

2.5. Existing Solution: Agisoft Texture De-Lighter

Agisoft [1] offers a suite of software solutions, including the stand-alone tool “Agisoft
Texture De-Lighter”. This specialized tool is designed to address the task of shadow and
ambient occlusion removal from the color texture of a 3D model. Since this tool is not
open source, and a detailed description of the applied algorithms could not be found, only
a rough overview of the usage of the tool is given based on a usage tutorial [2]. It does
not use machine learning techniques, but rather a classic algorithm, that “is optimized for
8-bit JPEG compressed textures” [2]. The fundamental workflow involves importing a
3D model, including geometry and a color texture with baked shadows. A visual editor
allows users to mark areas of varying light intensity within an image. Users can indicate
regions with reduced illumination, resulting in shadows, as well as areas of increased
light exposure, producing highlights in the color texture. These user-defined markings
serve as reference points for the subsequent de-lighting process. An example, as depicted
in Figure 2.2, showcases the de-lighting workflow applied to a 3D model. Shadowed
areas are marked in blue while lit areas are colored in yellow. The resulting de-lighted
texture already shows a remarkable reduction of shadows in the color texture, although
less noticeable illumination artifacts, such as a slight shadow beneath the left elbow of
the figure, are still remaining. The processed result can be seen here [3].
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Original Original with markup De-lighted

Figure 2.2.: Example worklow of the de-lighting of a 3D model [2]

While the current process returns noticeable improvements, especially only with rather
imprecise markings from the user, marking all shadowed and lit areas of bigger scans
could result in increasing user effort with limited precision.

2.6. Color Texture Generation

Apart from work that focuses on processing already existing color textures of 3D models,
there is also research on generating color textures for 3D models that have no color
texture [72, 55, 11, 71, 10]. Many approaches commonly employ diffusion models to
generate 2D color images, adapting their inputs and outputs to utilize the model’s image
generation capabilities for creating color textures for 3D models. To specify the theme
and characteristics of the 3D model and influence the color texture generation process,
the most widely used user inputs are text and image prompts.

The most common input type for users to specify the overall theme of the color texture
is a text prompt, which is given as input into text-to-image generation models. These
models produce 2D color images of a colored version of the textureless geometry data,
which are then projected onto the 3D model’s geometry to generate a color texture with
UV mapping, as used in common 3D renderers. To provide a better understanding of
texture generation methods, the proposal by Zeng et al. [72] has been selected as an
example. It introduces Paint3D, a coarse-to-fine generative framework for creating color
textures based on text input for 3D models with existing geometry data but no color
texture. The texture is generated in multiple steps, divided into two stages: coarse texture
generation and texture refinement. In the coarse texture generation stage, depth maps
from various camera views of the 3D model are rendered and provided as an additional
input condition to a depth-aware 2D diffusion model to generate color images. These
images are then projected onto the 3D model’s geometry and merged to create a single
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coarse color texture. Since the coarse texture is generated based on depth maps from
different camera views, there may be missing parts due to occlusions or lighting shadows
caused by the 2D image diffusion model. The refinement stage aims to address these
issues by applying image diffusion models to the coarse texture. As UV mapped color
textures for 3D models typically contain various split fragments with seams, mainstream
diffusion models may not produce satisfactory texture refinement without adaptation.
To address this, the diffusion model is provided with additional information about the
UV mapping of the 3D model. Specifically, the corresponding 3D point coordinate of
each pixel in the color texture, in the form of a position map, is given as an additional
input to the diffusion model. This input enables the diffusion model to inpaint missing
parts of the coarse texture due to occlusions. Additionally, the functionality of a diffusion
model is employed to enhance the color texture by adding more details. The diffusion
models for the refinement stage process the color texture without information about a
light environment and are trained to produce lighting-less textures.

An alternative user input approach involves using a color image as additional input
to guide the image generation diffusion model in creating a color texture for the 3D
model. While text input provides a simpler method, image input allows for a more precise
definition of the desired color scheme for specific parts of the object. Since the image
already contains a similar object to the 3D model, the process of generating a color
texture with matching colors onto the 3D model can be more precise. In the context of
digitized real-world objects where only 3D geometry data is available, a picture of the same
real-world object could be used to guide the color texture generation process, resulting
in a texture that resembles the surface color of the actual object. The aforementioned
proposal by Zeng et al. [72] initially uses a text prompt as user input to describe the
theme and characteristics of the 3D model for color texture generation. However, it also
includes an adaptation that allows for image input to guide the texture generation process
by replacing the text prompt encoder with an image prompt encoder.

Generating color textures for 3D models from scratch via text prompts can be beneficial
when creating 3D models where the desired object surface color is not pre-defined and
an approximation is acceptable. However, in the context of de-lighting color textures of
digitized real-world objects, the surface color is already defined by the real-world object.
Consequently, completely generating a new color texture may be less desirable, as the
initial color texture of the scanned object should be considered and only improved through
further processing of the existing color texture. For texture generation approaches using
image input, an image of the scanned real-world object could be provided to obtain a
color texture that resembles the surface color of the actual object. This approach could be
useful in cases where digitization was performed using laser scanners that do not capture
the object’s surface color, resulting in a lack of color information. In contrast, for digitized
objects that already include color information from the digitization process, generating
a color texture from scratch may yield less accurate results compared to enhancing the
existing color texture.
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This chapter provides a non-exhaustive overview of the main categories of digitization
techniques that are utilized to create digital 3D models from their real-world counterparts.
These methods enable the capture and representation of real-world objects, resulting
in 3D geometry data as well as a surface color texture, which can then be edited in
further processing steps or used for visualization in programs such as 3D renderers. Since
this work focuses on processing 3D models that have been obtained through digitization
methods, some of the common digitization techniques are described in this chapter to
provide a better background and understanding of the environment that provides the
data that is being processed. This helps to explain why further processing of the obtained
3D models can be beneficial in addressing certain issues. One such issue is the lack of
purity in color texture, which often includes unwanted light effects resulting from the
digitization process. Understanding these challenges provides context for the subsequent
processing steps and improvements discussed in this work.

3.1. Contact 3D Scanners

Contact 3D scanners, also known as tactile or touch-probe scanners, operate by physically
touching the surface of an object to collect data points. These scanners use a probe that
moves across the surface of the object, recording its position in three-dimensional space.
The probe is mounted on for example an articulated arm creating a coordinate measuring
machine (CMM). Contact scanners offer a high accuracy, which is why they are often used
in manufacturing for applications such as quality control [63, 45]. The contact scanning
process is not affected by lighting conditions, making it suitable for materials that may
be challenging for optical methods, such as highly reflective or transparent surfaces.
However, these scanners have limitations. The need for physical contact makes the process
time-consuming, especially for complex geometries. The contact scanning device may
encounter difficulties in accessing specific regions when attempting to capture complex
geometries. This limitation arises when certain portions of the object are obscured by
other parts, resulting in an inability to acquire a complete representation of the entire
geometric structure. Physical contact between the scanner and the object introduces a
potential risk of damage to the scanned item [45]. This concern is particularly important
in applications such as the digitization of, for example, historical artifacts for cultural
heritage preservation, where safeguarding fragile objects is of high importance. The
necessity to avoid any deterioration or harm to these fragile items presents a challenge to
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be considered in the scanning process. Furthermore, most of the contact scanners lack the
capability to capture color data, thereby limiting their ability to generate color textures
of scanned objects. Given these characteristics, contact 3D scanners find widespread
application in manufacturing environments, particularly in scenarios that demand high-
precision measurements. Such use cases include quality control processes and reverse
engineering of mechanical components. The aforementioned limitations result in contact
3D scanners being less frequently used in the digitization of real-world objects for the
purpose of creating virtual 3D models with color textures.

3.2. Non-Contact Active Scanners

In contrast to contact scanners, non-contact scanners do not require physical contact
with the object to be digitized. As active scanners, they probe the object by actively
emitting lasers or light patterns and detecting the reflection of these emissions. Three
prominent types of non-contact active scanners are Time-of-Flight (ToF) scanners, laser
triangulation scanners, and structured light scanners.

Laser
emitter

Laser
receiver

Object
surface

Distance

Emitted laser
pulse

Time

Reflected
laser pulse

speed of light

Figure 3.1.: Functionality of a ToF scanner.

As shown in Figure 3.1, a ToF scanner emits a laser pulse and measures the time it takes
for the pulse to reflect off the object and return to the scanner. The distance is calculated
using the known speed of light and the measured elapsed time. With a typical range of 5
to 300 meters [28], these scanners are suitable for scanning large objects or environments,
such as buildings or landscapes. However, their accuracy is dependent on the precision
of time measurement, and since the speed of light is very fast, their resolution is often
lower compared to other scanning methods [73]. In addition to acquiring geometric data
of scanned objects, modern ToF scanners often incorporate color capture capabilities
through integrated color cameras [28].
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Figure 3.2.: Functionality of a triangulation laser scanner.

Triangulation laser scanners consist of a laser emitter and a laser receiver, which
are positioned at a known fixed position and angle. The laser emitter projects a laser
light onto the object’s surface, and the laser receiver captures the reflection of the laser
light. The system then calculates the distance from the laser emitter to the object’s
surface using trigonometric triangulation [28] as shown in an example in Figure 3.2.
Triangulation laser scanners offer high accuracy and resolution for short-range scanning,
typically within 5 meters [28]. This makes them particularly suitable for capturing small
to medium-sized objects with complex geometries. However, the range of triangulation
laser scanners is shorter compared to other types of laser scanners, such as ToF scanners.
Many triangulation laser scanners can also capture the object’s surface color [28].

Structured light scanners project a known pattern of light onto an object and analyze
the deformation of the pattern to determine the 3D shape [27, 65, 73]. These scanners
project a series of linear patterns, grids, or more complex light patterns onto an object, as
shown in an example in Figure 3.3. Cameras capture the way these patterns deform when
striking the object’s surface. The system then calculates the 3D coordinates of points
on the object’s surface based on the deformation of the known pattern. Structured light
scanners offer high speed, capturing the entire field of view, and high resolution, capable
of capturing fine details and textures [65, 73]. They are versatile and suitable for a wide
range of object sizes.

Overall, these non-contact scanning systems may encounter challenges when attempting
to capture objects that are made of transparent materials, such as glass. The optical
properties of these materials, including light transmission, refraction, and reflection, can
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Figure 3.3.: Example setup of a structured line scanner using a line pattern.

interfere with the scanner’s distance measurement mechanisms. Consequently, the scanner
emissions may lead to inaccurate measurements of the distance to the object’s surface,
leading to distorted 3D models of the scanned object [41, 26]. As possible solutions, the
object can be coated with a temporary spray or powder to alter the transparent surface
to a non-transparent one [26]. This allows the laser to correctly bounce off the object’s
surface and therefore the distance to the object’s surface can be measured accurately.

Scanners utilize a large quantity of measured surface points to generate a point cloud
representation of the object. This point cloud contains the 3D coordinates of the scanned
points on the object’s surface. Further processing can be applied to create a 3D mesh
representation from this data. The color information can be integrated directly into the
point cloud or the 3D mesh, depending on the color capture method provided by the
specific scanner. The result is a 3D model of the scanned object, which can be used for
3D visualization in common rendering software or further processing.
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3.3. Non-Contact Passive Scanners

Non-contact passive scanners do not emit any kind of radiation themselves, but instead
rely on detecting reflected ambient radiation, typically visible light. Two prominent types
of non-contact passive scanner methods are stereo vision systems and photogrammetry.

Stereo vision systems typically use two cameras to capture 3D information, mimicking
human binocular vision. These imaging systems utilize dual cameras to simultaneously
capture images from two distinct perspectives, with a predetermined relative positioning
between the cameras. By identifying corresponding points in the different images, the
system can calculate depth through triangulation [29]. Stereo vision systems can provide
3D information in real-time, which is useful for applications like robotics and autonomous
vehicles [21]. Given that these systems already capture color images for their 3D geometry
data reconstruction, they naturally also provide color information that can be projected
onto the resulting 3D mesh as color texture. Since stereo vision systems rely on determining
corresponding points in the captured 2D images to create the 3D geometry data, they
can struggle with featureless or repetitive textures, as well as with reflective surfaces [16].

Object

Common
feature points

Figure 3.4.: Scene overview of a photogrammetry scan.

Photogrammetry is a technique that uses multiple photographs to create 3D models
of objects or environments. Given a set of images of the object from different angles
and positions, as shown in Figure 3.4, photogrammetry software can analyze these to
recognize common features that are present among the various images to reconstruct
the 3D geometry. The photogrammetry process typically involves several steps. First,
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multiple overlapping photographs of the object are taken from different angles. Then,
the software identifies distinct features in each image and matches them across multiple
images. Given the positions and orientations of the camera during image capture, the
software can employ triangulation to calculate the positions of matched feature points.
The resulting set of 3D points forms a point cloud, which can be converted into a 3D
mesh. Subsequently, the original images are projected onto this mesh to create a textured
3D model [47]. Photogrammetry offers several advantages. It is cost-effective, requiring
only a camera and software, making it accessible for various applications [47]. It’s suitable
for objects and scenes of various sizes, from small artifacts to entire landscapes, and
automatically captures high-quality color and texture information due to the fact that it
already captures a high amount of high-quality color images to generate the 3D geometry
data at first hand. Being non-invasive, no physical contact with the subject is required.
However, photogrammetry also has limitations. It struggles with featureless, reflective, or
transparent surfaces and requires consistent lighting conditions for best results [47, 17].
Processing large datasets can be time-consuming and requires significant computational
resources. The accuracy of the 3D reconstruction depends on the quality and coverage of
the input images.

3.4. Challenges in 3D Digitization

While 3D digitization techniques have advanced significantly, several challenges remain
that affect the quality and applicability of the resulting 3D models. These challenges
include dealing with moving objects, surface properties, scale and resolution issues.

One of the challenges in 3D scanning, regardless of the specific technique, is dealing
with moving objects. Since the scanning process typically requires multiple measurements
from different angles over time, any movement of the subject can lead to inaccuracies or
distortions in the final 3D model. This affects different techniques in various ways. In
laser scanning, movement during scanning can cause blurring or distortion in the point
cloud data. For photogrammetry, motion between photographs can lead to misalignment
of features and errors in 3D reconstruction. In structured light scanning, movement
can cause misalignment between projected patterns and captured images, resulting in
incorrect depth calculations. To mitigate these issues, several strategies can be considered.
Using faster scanning techniques can minimize the impact of movement. For smaller
objects, securing them in place during scanning is often effective. When dealing with
larger scenes, such as scanning buildings, it’s beneficial to minimize movement in the
environment, for example, by scanning when there’s less foot traffic.

The optical properties of surfaces can also significantly affect the quality of 3D scans,
particularly for non-contact methods. Reflective surfaces can cause issues with laser
reflection and create artifacts in the scan data. Transparent or translucent materials pose
challenges as light can pass through or scatter within the material, leading to inaccurate
measurements. Very dark or very light surfaces may absorb or over-reflect light, affecting
the scanner’s ability to detect surface details. Featureless surfaces can be problematic
for photogrammetry and other techniques that rely on identifying distinct features. To
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address these surface-related challenges, various mitigation techniques can be employed.
Applying temporary coatings or sprays to alter surface properties can be effective for
some surfaces.

In cases where digitization methodologies incorporate the capture of an object’s ad-
ditional surface information, the most common property is the capture of the raw color
data acquired by a color camera. This data is subsequently processed to generate a color
texture. As previously noted, digitization techniques may encounter difficulties when
scanning real-world objects with complex surface properties, such as transparency. In
addition to challenges in scanning precision caused by varying surface properties, the
digitization of diverse surface characteristics, including diffuse and specular reflectance
and surface roughness, is often incomplete. These surface properties could be beneficial
when rendering the obtained 3D model in a 3D renderer to more accurately describe
the object’s surface interaction with simulated light. Potential approaches to recreate
surface properties such as reflectance and roughness involve capturing color images of the
object under varying lighting conditions. This can be achieved, for example, by using
the same light source in different positions and angles while maintaining a consistent
camera position. Analyzing the surface under different light environments allows for the
estimation of surface properties [54, 66].

In some cases, combining multiple scanning techniques can help overcome the weaknesses
of individual methods, improving the overall quality of the resulting 3D model [37, 58, 36, 9,
46]. Capturing both large-scale geometry and fine surface details can be challenging, often
requiring a balance between coverage and resolution. For large-scale scanning, maintaining
accuracy over large distances and dealing with occlusions and environmental factors are
key challenges. Solutions include using long-range scanners, combining multiple scans, and
the use of aerial photogrammetry for very large areas. When it comes to fine detail capture,
the challenges lie in capturing microscopic surface details while balancing detail with data
volume. High-performance computing is often necessary for processing large datasets,
particularly in photogrammetry. GPU acceleration is increasingly used to speed up
computationally intensive tasks. The research of Merchán et al. [46] specifically addresses
the challenges associated with scanning real-world objects in outdoor environments, where
variable lighting conditions can significantly impact results. For instance, when scanning
large outdoor scenes, inconsistent cloud coverage may cast shadows on certain areas while
leaving others in direct sunlight, resulting in non-uniform color textures from a single-time
laser scan. To resolve these issues, they suggest utilizing additional color images of various
sections of the scanned scene, captured at different time intervals. In the case of shadows
caused by clouds, this methodology entails acquiring multiple color images of the scene at
different intervals. This process ensures that all areas of the scenery are captured without
cloud shadows at some point during the data collection. Subsequently, integrating the
newly acquired color data with the previously generated 3D model, which was created
using a laser scanner, can reduce inconsistencies in the color texture that were caused by
the lighting conditions present during the initial digitization process.
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One inherent challenge associated with all described 3D scanning techniques is the
accurate capture of color data for the creation of a color texture for the 3D model. Typically,
3D scanners capture color data using color cameras that record the light reflected from
the surface of the scanned object. This process can be affected by undesirable light
effects from both the scanning setup and external sources. For instance, the use of
lightboxes to enhance the lighting environment can result in highlights on the scanned
object, depending on the surface material. In the case of complex objects, some parts of
the model may cast shadows onto other parts. External light sources, such as sunlight in
outdoor scanning environments or artificial light sources, can also introduce unwanted
light effects. To address these issues, specialized scanning environments with reduced
external light sources and controlled, well-placed light sources can be utilized. For outdoor
environments, scanning during specific weather conditions, preferably on overcast days
with uniform light distribution and reduced direct sunlight, can help minimize clear
shadows. However, these methods are not always feasible, and the resulting 3D models
may still contain unwanted light effects that require removal in subsequent processing
steps, which will be addressed in the following chapters. The subsequent chapters will
explore methods to further process the 3D model and its color texture obtained through
scanning, with the aim of removing these unwanted light effects.
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Machine learning techniques have been selected to address the challenge of de-lighting
an input color texture containing illumination effects such as shadows. Specifically
two different approaches of processing the image data have been explored: an image-
based method and a pixel-based method. The following sections will provide a detailed
description of each approach, including the required data, architectures employed, and an
analysis of their respective strengths and weaknesses.

4.1. Used Image Data

Regardless of whether an image- or pixel-based approach is being used, both approaches
first require data, more specifically image data, to process. This data can be split into
two categories. On the one side there is data, that is being provided by the existing
3D model that is meant to be processed. This 3D model provides a color texture that
includes the color of its surface as well as illumination that is meant to be removed like
light highlights, shadows and light color tint. In addition to the color texture, the 3D
model also provides the 3D geometric data of the object, which enables further processing
and data generation based on this information with the 3D computer graphics application
Blender [24]. The following types of images were generated and used as possible input
sources for the de-lighter models:

• Lightmap: A grayscale map that includes data about the light exposure of different
parts of the geometry.

– Areas exposed to high levels of light appear light gray, resulting in highlights
in the color texture.

– Areas exposed to lower levels of light appear dark gray, manifesting as shadows
in the color texture.

• Light color: An RGB color texture that contains data about the light color that hit
the geometry at different spots.

• UV texture area: A simple binary texture indicating which parts of the color texture
map to the model geometry (white) and which do not (black). While this data has
little visual impact, it helps indicate seams in the color texture and identifies which
parts of the color texture can be ignored, as they do not affect the 3D model’s
appearance. Since the UV texture area is known from the 3D model, generating
this input texture is trivial and requires no significant additional effort.
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• Ambient Occlusion: A grayscale image representing the amount of ambient light
reaching each point on the surface, accounting for occlusion caused by the object’s
geometry.

To provide a clearer illustration, a 3D model of a marble bust [14] was utilized as an
example. The 3D model was placed into a simple example scene in Blender, which
included a sunlight and a basic room-like structure surrounding the object, with a window
in front allowing the sunlight to enter. The surrounding room geometry, window, and
the marble bust itself were all illuminated by the sunlight, resulting in simulated lighting
effects such as shadows and highlights on the 3D model within the scene. Figure 4.1
presents a camera render depicting the marble bust in this scene. The additional textures
that can be generated using Blender are displayed in Figure 4.2.

4.2. Generation of Training Data

To train and evaluate the de-lighter models, a dataset of textures from various 3D models
is required. The initial dataset comprises 3D models without any illumination baked into
their diffuse color textures. These models can be manually crafted using 3D modeling
software. A significant portion of the 3D models has been sourced from Poly Haven [31]
and Sketchfab [59], which are repositories for 3D assets. The selection of 3D models for
the dataset adheres to the following criteria:

• Diffuse Textures: The models should have diffuse color textures that are free from
baked illumination or lighting effects. This ensures that the textures represent the
true color of the materials and can be used as ground truth.

• Variety: The dataset should encompass a diverse range of materials and color
schemes, including but not limited to wood, metal, stone, fabric, and plastic. This
diversity is crucial for training the de-lighting models to generalize effectively across
various material types and colors.

• Resolution: The textures should have a sufficiently high resolution to capture fine
details and patterns. This ensures that the de-lighting models can accurately process
and reconstruct fine-grained texture information.

• Licensing: The selected 3D models should have appropriate licensing terms that
permit their use for research and development purposes.

Prior to processing 3D models for texture generation in a dataset, several preprocessing
steps may be required to ensure consistency and compatibility with the dataset generation
pipeline. These steps are crucial for creating a homogeneous set of textures that can
be efficiently processed in the training pipelines of de-lighting models. When dealing
with complex 3D models consisting of multiple meshes, simplification can be achieved by
merging multiple meshes into a single mesh where applicable. Additionally, unnecessary
meshes that are not meant to be the focus of the training dataset can be removed.
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Figure 4.1.: Camera render of the marble bust 3D model [14].

Input color texture UV texture area

Lightmap Light color map Ambient occlusion

Figure 4.2.: Input textures for the de-lighter models.
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This simplification process may also involve merging multiple shader materials of a 3D
model into a single material, which includes combining diffuse, roughness, normal map,
and other textures of the model. Furthermore, updating the UV mapping of the merged
materials may be necessary to ensure proper texture alignment. In cases where a 3D
model or scene contains multiple complex meshes representing separate visual objects, it
may be beneficial to split these objects into separate Blender scenes. Each scene would
then represent a stand-alone 3D model for generating input textures for the de-lighter
model.

After completing the essential preprocessing steps for each individual 3D model, the
models are imported into separate Blender scenes. These scenes are configured to facilitate
the generation of the required textures, which includes the addition of at least one light
source. The light source is used to bake illumination into the model’s color texture and
to generate the supplementary textures. To maintain a focused and manageable work
environment, the training dataset creation process employs a simplified scene setup. This
setup consists of a sunlight and a room-like geometry encapsulating the object. The room
features a window through which the sunlight enters and illuminates the 3D model being
processed. This setup is similar to the example showcasing a marble bust 3D model from
the previous section, which is depicted in Figure 4.1. The illumination of a scene, i.e.,
sunlight, is baked into the color texture of the 3D model, resulting in a representation of
the input color texture that is analogous to what would be obtained from a digitization
process of a real-world object. Correspondingly, the light environment is baked into
additional generated textures like the lightmap and light color textures. These textures
are generated using Blender’s physically-based path tracer engine, Cycles.

The Blender Python API [23] has been utilized to automate the generation of these
textures with various light setups in the scene, such as sunlight from different angles and
varying light color. Throughout the different experiments that have been made during the
development of this work, diverse approaches for varying light setups have been employed,
ranging from a range of sunlight direction and light color hues to randomly selected
light color hue, intensity, and other properties. By leveraging the Blender Python API,
scripts have been developed to automate the process of adjusting light parameters and
subsequently invoking the rendering pipeline to generate the corresponding textures. The
automated texture generation pipeline described herein enables the configuration of a
consistent, uniform resolution for all generated textures. For instance, the pipeline can be
configured to generate textures with a resolution of 256× 256 pixels, 512× 512 pixels, or
any other resolution to be specified. This ensures that the resulting textures maintain
a standardized size and quality throughout the entire generation process and can be
used for further processing in the training pipelines of the de-lighter models without the
necessity to individually resize them to potential texture resolution requirements imposed
by the different de-lighting approaches.
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4.3. Color Space for Image Data

In the field of image processing, color spaces are fundamental as they define the way
colors are represented and manipulated digitally. Machine learning models that process
color images require an understanding of these color spaces to effectively interpret and
modify image data.

Before going into more details of each color space, it is essential to describe an important
characteristic of a color space that is desired for the task of de-lighting. The characteristic
of perceptual uniformity is beneficial for a color space to be used in the processing
of de-lighting color textures. Perceptual uniformity refers to the attribute of a color
space wherein numerical differences between color values correspond proportionally to
the perceived differences in color by the human eye. This characteristic is particularly
significant in de-lighting tasks, as the outcomes are intended for human perception,
whether in the context of rendering 3D models with the processed color textures or
direct inspection of the de-lighting results in the texture itself. Given that human color
perception is non-linear, a color space that adapts to the nuances of human visual
perception is advantageous. The benefits of perceptual uniformity become evident when
contrasted with non-uniform color spaces. For instance, in a perceptually non-uniform
color space, a fully saturated blue may appear inherently darker than a fully saturated
green. Consequently, applying a fixed-step linear change to both colors would result in
disparate perceived changes in color and lightness. This non-linearity would necessitate
additional complexity in the de-lighting model, requiring it to learn and compensate
for the color space’s non-uniform characteristics. By utilizing a perceptually uniform
color space, the de-lighting process can operate more efficiently and accurately, as the
model can rely on a consistent relationship between numerical color changes and human
perception.

As a general note, irrespective of the color space employed, when processing image
data with the machine learning model, the color data values are normalized to the range
of [−1.0, 1.0] relative to the corresponding possible value range of each color space. The
purpose of this normalization is twofold: firstly, to prevent color properties with a larger
possible value range from dominating smaller scale color properties; and secondly, to
match the range of commonly used activation functions, such as the hyperbolic tangent
(tanh), which also produce outputs within the range of [−1.0, 1.0].

The following sections discuss various commonly used color spaces, namely sRGB, HSV,
HSL, CIELAB, and Oklab, with respect to their definitions, properties, value ranges,
strengths, weaknesses, and potential use-cases, particularly focusing on their behavior in
calculations and their suitability for machine learning applications.

4.3.1. sRGB

The sRGB color space, which stands for Standard Red Green Blue, is a standard RGB
color space created cooperatively by Hewlett-Packard and Microsoft in 1996 for use on
monitors, printers, and the Internet [6]. It was designed to approximate the gamut of
the average cathode-ray tube (CRT) monitor of that time, making it a common choice
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for software, hardware, and web content and is the most widely used color space for
digital images. It is an additive color model where colors are represented as combinations
of red, green, and blue color channels. Each color channel has a value range from 0
to 255, where 0 represents the minimum intensity (no contribution of that color) and
255 represents the maximum intensity of the color, with (0, 0, 0) representing black and
(255, 255, 255) representing white. This 8-bit per channel format allows for 16,777,216
possible color combinations. sRGB is a device-dependent color space, meaning that the
colors represented are subject to the characteristics of the device displaying them.

Despite its widespread adoption, the sRGB color space exhibits a perceptually non-
uniform characteristic, which has implications for color management and image processing.
It uses the D65 whitepoint, which corresponds to average daylight illumination, and has a
gamma curve (usual gamma value is 2.2) to encode luminance (brightness) values [6]. This
gamma curve was initially specified for the use of CRT monitors, where the double amount
of voltage did not return the double amount of brightness output. Therefore a gamma
correction factor of 2.2 has been commonly used to compensate for this non-linearity.
The perceptually non-uniform characteristic of sRGB means that linear calculations, e.g.,
blending colors, directly in the sRGB space can lead to inaccurate results. For accurate
color manipulation, it is often recommended to convert sRGB to a linear color space,
perform the necessary calculations, and then convert back to sRGB for display or output.
This process ensures more precise control over color adjustments and transformations.

4.3.2. HSV

The HSV (Hue, Saturation, Value) color space is a cylindrical-coordinate representation
of colors, which was introduced in the late 1970s as an alternative representation to the
RGB color space [60, 40]. It is designed to be orienting to the human user, being more
intuitive and perceptually relevant than the RGB model [8]. In the HSV color space, hue
(H) represents the color’s position on the color wheel, with values ranging from 0◦ to
360◦. Red is at 0◦, green at 120◦, and blue at 240◦. Saturation (S) describes the purity
or intensity of the color, with 0 % being gray and 100 % being fully saturated. Value (V)
represents the brightness, with 0 % being black and 100 % being the brightest version of
the color.

One strength of the HSV color space is its ability to separate color hue information
from brightness, making it easier to perform color-based operations like thresholding and
segmentation or in the case of this work the adaptation of the lightness or brightness
of a given color. However, the HSV color space is not perceptually uniform, which can
lead to issues when performing color comparisons or applying certain image processing
techniques.

4.3.3. HSL

The HSL (Hue, Saturation, Lightness) color space is another cylindrical-coordinate
representation of colors, similar to HSV. It also separates color information (hue and
saturation) from lightness, but defines lightness differently than the value component
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in HSV [40]. In the HSL color space, the hue and saturation components maintain
comparable semantic meanings and ranges to those in the HSV color space. However,
the HSL model employs a distinct approach to specifying lightness. In this system, a
lightness value of 0% corresponds to black, 50% represents the pure, fully saturated
color, and 100 % denotes white. In this model, the fully saturated colors are located in a
plane midway between black and white, rather than at the top of the hexcone as in HSV.
This mapping scheme aims to provide a more intuitive and user-friendly representation of
colors [40].

Similar to the previously described HSV color space, the HSL color space also has the
advantage of modeling a color’s lightness in a separate value. This gives a promising color
property for color-based operations like the adjustment of the lightness of a color when
processing the color data in the de-lighting pipeline. Nevertheless the HSL color space is
also not perceptually uniform, which can potentially reduce the quality of the results.

The aforementioned property renders both color spaces more intuitive and easier to
control from a user’s perspective compared to the (s)RGB color space in many cases.
However, these color spaces are potentially less suitable for certain computations proposed
in this work.

4.3.4. CIELAB

The CIELAB color space, also known as LAB, is a color space defined by the Interna-
tional Commission on Illumination (CIE) in 1976 [62]. It is designed to be perceptually
uniform, meaning that the numerical differences between colors in the CIELAB color
space correspond to the perceived differences by the human eye. This property makes
CIELAB particularly useful for color management, color manipulation, and color differ-
ence calculations in various applications, including image processing and computer vision.
The CIELAB color space is a three-dimensional color space that represents colors using
three values: L*, a*, and b*. The L* value represents the lightness of the color, ranging
from 0 (black) to 100 (white). The a* value represents the green-red component, with
negative values indicating green and positive values indicating red, with a typical value
range of [−128, 127]. The b* value represents the blue-yellow component, with negative
values indicating blue and positive values indicating yellow. Similar to the a* value, the
b* value has a typical range of [−128, 127].

One of the most significant properties of the CIELAB color space is its attempt to be
perceptually uniform. This property allows for more accurate color difference calculations
and color manipulations that align with human perception. CIELAB is particularly useful
for tasks such as color correction, color grading, and color matching, where preserving
the perceived color relationships is crucial. It is worth noting that although the CIELAB
color space strives for perceptual uniformity, it does not achieve perfect uniformity across
the entire color space. In particular, the prediction of blue hues can suffer from a lack
of precision [52]. Another advantage of CIELAB is its device independence. CIELAB
colors can be consistently reproduced across different devices and media, making it an
ideal choice for color communication and color management workflows.
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4.3.5. Oklab

The Oklab color space, proposed by Björn Ottoson in 2020 [52], is also a perceptually
uniform color space designed to improve upon the limitations of existing color spaces,
especially the perceptual properties of the CIELAB color space. Similar to the CIELAB
color space, Oklab is an opponent color space using three values: “L”, “a” and “b”.
Lightness (L) represents the perceived lightness of a color, ranging from 0.0 (black) to
1.0 (white). The coordinate “a” represents the balance between green and red colors.
Negative values indicate a shift towards green, while positive values indicate a shift
towards red. The coordinate “b” represents the balance between blue and yellow colors.
Negative values indicate a shift towards blue, while positive values indicate a shift towards
yellow. Although the theoretical ranges of the “a” and “b” coordinates are unlimited,
practical considerations typically constrain their values to a range that encompasses the
full gamut of human color perception. When using the sRGB color space as a reference,
which represents a smaller subset of the visible color gamut, the necessary range to fully
represent its colors would be approximately [−0.233, 0.276] for the “a” coordinate and
[−0.311, 0.198] for the “b” coordinate.

The described characteristics of the Oklab color space show that it has the same
advantages as the CIELAB color space in terms of color data processing. Figure 4.3

Oklab color gradient with varying hue and constant lightness and chroma

HSV color gradient with varying hue and constant

value and saturation (HSV using the sRGB color space)

Figure 4.3.: Comparing Oklab to HSV as shown in [52].

compares a color gradient with varying hue using the Oklab and HSV color spaces. As
can be seen, the HSV gradient is uneven compared to the Oklab gradient [52]. Some
areas in the HSV color gradient are perceived to be darker or lighter than others, which
is not the case in the Oklab color gradient. This demonstrates the improved perceptual
uniformity of the Oklab color space compared to HSV. Figure 4.4 shows a color blend
between white and a blue color using the three color spaces CIELAB, Oklab and HSV.
This comparison visualizes the lack of precision of the CIELAB and HSV color spaces.
In specifics the example with a blue color is picked, because it highlights the limitations
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CIELAB Oklab HSV

Figure 4.4.: Color blend between white and blue as shown in [52].

of precision of the CIELAB color space especially with blue color hues [52]. While the
color blend using the Oklab color space shows an even transition from white to blue, the
CIELAB and HSV color spaces introduce a noticeable shift in hue into a slight purple
during the transition.

4.4. Image-Based Architecture

This section explores an image-based machine learning approach for removing illumination
baked into the color texture of a 3D model. This treats the input color texture and its
supplementary textures as a single entity, processing the entire image simultaneously.
The proposed method employs a CGAN training architecture, which has been shown to
be effective in learning a mapping from an input image to an output image [38]. CGANs
are a variant of generative adversarial networks (GAN) that allow for additional control
over the generated output by conditioning the generator on supplementary information,
such as additional images. This characteristic makes CGANs particularly suitable for a
task like the de-lighting color textures in 3D models. In the context of de-lighting color
textures, the initial input to the generator, in this work named de-lighter model, is the
color texture of the 3D model. To enhance the performance and control over the output,
additional data is generated and utilized, including a lightmap, a light color map, an
ambient occlusion texture and a UV texture area map.

In the current implementation, the lightmap and light color textures have been main-
tained as separate entities. This design decision was based on the observation that utilizing
a single-channel grayscale value provides a more straightforward and manageable approach
for representing the spectrum of light intensity, ranging from low to high illumination
levels, compared to employing a three-channel RGB color representation. The usage of a
color space that maps a color’s brightness to a specific property, such as the lightness
property in Oklab, can minimize the need for a separate grayscale lightmap texture. This
approach could lead to the possibility of merging the information from the illumination
environment in the grayscale lightmap and the colored light color map into a single,
colored, light environment map. However, since the proposed approach also aims to
compare the usage of different color spaces, including color spaces that use RGB color
channels and do not map a value to a color’s brightness, the grayscale lightmap is kept
as a separate input. Further details on the performance of the various de-lighter model
input configurations are provided in the later Chapter 5.
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The generator and discriminator neural networks employed in this work follow the
architecture described by Isola et al. [38]. This means that the generator is a modified
U-Net consisting of an encoder and decoder. The encoder is a series of Convolution -
Batch normalization - ReLu layers, with the exception of the first layer, which does not
apply batch normalization. The detailed architecture of the layers of the generator is
shown in Figure 4.5. Conversely, the decoder consists of Transposed convolution - Batch
normalization - Dropout - ReLu layers, with dropout applied only to the first three layers.
Skip connections, as in the original U-Net architecture [56], are established between
corresponding layers of the encoder and decoder.

The discriminator utilizes a convolutional PatchGAN architecture to classify patches
of the input image data. Its layer structure resembles that of the generator’s encoder,
consisting of Convolution - Batch Normalization - ReLU layers. A detailed overview of
the discriminator’s layers can be seen in Figure 4.6.

The generator loss is computed as a combination of two components. The first compon-
ent is the feedback from the discriminator, meaning the binary cross-entropy between the
discriminator output and an array of ones with the same shape. A discriminator output
of one for a given image means that the discriminator classified the given image as a real,
genuine image. The second component is the L1 loss, calculated as the mean absolute
error between the generator output and the ground truth image from the dataset.

The discriminator loss is composed of two distinct components. The first component is
the binary cross-entropy between the discriminator’s output when provided with the “real”
images containing the ground truth color texture and an array of ones with an identical
shape. The second component is the binary cross-entropy between the discriminator’s
output when given the “fake” images, which include the synthesized color texture of the
generator, and an array of zeros. By comparing the discriminator’s output with the ground
truth labels (ones for real images and zeros for fake images), the loss function effectively
measures the discriminator’s ability to distinguish between genuine and generated images.
Minimizing this loss encourages the discriminator to accurately classify the images, thus
providing valuable feedback to the generator during the training process.

During the training the generator is fed with the input textures obtained from the
training dataset and tasked to output an illumination-free “fake” color texture. The
generated output is then given to the discriminator, which then tries to recognize it as
“fake” or “real” which is the feedback that is then given back to the generator as one
component of its loss function. The training iteration loop and competition between
generator and discriminator is employed as described in Chapter 2.2 and shown in
Figure 2.1.

The development and implementation of the described approach relied on several
key technologies. The primary machine learning library used was TensorFlow, which
provided the necessary tools for creating, training, and running the models. TensorFlow’s
extensive collection of pre-built functions and classes greatly facilitated the construction
and manipulation of the neural network architectures, as well as the management of the
training process. The Python programming language served as the primary language for
orchestrating the overall process structure and interacting with the TensorFlow library.
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color texture
with light input: [(None, 512, 512, 3)]

InputLayer output [(None, 512, 512, 3)]

ambient
occlusion input: [(None, 512, 512, 1)]

InputLayer output: [(None, 512, 512, 1)]

light color input: [(None, 512, 512, 3)]

InputLayer output: [(None, 512, 512, 3)]

uv texture
area input: [(None, 512, 512, 1)]

InputLayer output: [(None, 512, 512, 1)]

concatenate input: [(None, 512, 512, 3), (None, 512, 512, 1), (None, 512, 512, 3),
(None, 512, 512, 1), (None, 512, 512, 1)]

Concatenate output: [(None, 512, 512, 9)]

sequential_2 input: [(None, 512, 512, 9)]
Sequential output: [(None, 256, 256, 64)]

sequential_3 input: [(None, 256, 256, 64)]
Sequential output: [(None, 128, 128, 128)]

sequential_4 input: [(None, 128, 128, 128)]
Sequential output: [(None, 64, 64, 256)]

sequential_5 input: [(None, 64, 64, 256)]
Sequential output: [(None, 32, 32, 512)]

sequential_6 input: [(None, 32, 32, 512)]
Sequential output: [(None, 16, 16, 512)]

sequential_7 input: [(None, 16, 16, 512)]
Sequential output: [(None, 8, 8, 512)]

sequential_8 input: [(None, 8, 8, 512)]
Sequential output: [(None, 4, 4, 512)]

sequential_9 input: [(None, 4, 4, 512)]
Sequential output: [(None, 2, 2, 512)]

sequential_10 input: [(None, 2, 2, 512)]
Sequential output: [(None, 4, 4, 512)]

sequential_11 input: [(None, 4, 4, 1024)]
Sequential output: [(None, 8, 8, 512)]

sequential_12 input: [(None, 8, 8, 1024)]
Sequential output: [(None, 16, 16, 512)]

sequential_13 input: [(None, 16, 16, 1024)]
Sequential output: [(None, 32, 32, 512)]

sequential_14 input: [(None, 32, 32, 1024)]
Sequential output: [(None, 64, 64, 256)]

sequential_15 input: [(None, 64, 64, 512)]
Sequential output: [(None, 128, 128, 128)]

concatenate_6 input: [(None, 128, 128, 128), (None, 128, 128, 128)]
Concatenate output: [(None, 128, 128, 256)]

concatenate_5 input: [(None, 64, 64, 256), (None, 64, 64, 256)]
Concatenate output: [(None, 64, 64, 512)]

concatenate_4 input: [(None, 32, 32, 512), (None, 32, 32, 512)]
Concatenate output: [(None, 32, 32, 1024)]

concatenate_3 input: [(None, 16, 16, 512), (None, 16, 16, 512)]
Concatenate output: [(None, 16, 16, 1024)]

concatenate_2 input: [(None, 8, 8, 512), (None, 8, 8, 512)]
Concatenate output: [(None, 8, 8, 1024)]

concatenate_1 input: [(None, 4, 4, 512), (None, 4, 4, 512)]
Concatenate output: [(None, 4, 4, 1024)]

sequential_16 input: [(None, 128, 128, 256)]
Sequential output: [(None, 256, 256, 64)]

concatenate_7 input: [(None, 256, 256, 64), (None, 256, 256, 64)]
Concatenate output: [(None, 256, 256, 128)]

conv2d_transpose_8 input: [(None, 256, 256, 128)]
Conv2DTranspose output: [(None, 512, 512, 3)]

Input

Output

lightmap input: [(None, 512, 512, 1)]

InputLayer output [(None, 512, 512, 1)]

Figure 4.5.: Detailed architecture of the image-based de-lighter model (CGAN generator).
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Output

Input

color texture
with light input: [(None, 512, 512, 3)]

InputLayer output [(None, 512, 512, 3)]

ambient
occlusion input: [(None, 512, 512, 1)]

InputLayer output: [(None, 512, 512, 1)]

light color input: [(None, 512, 512, 3)]

InputLayer output: [(None, 512, 512, 3)]

lightmap input: [(None, 512, 512, 1)]

InputLayer output [(None, 512, 512, 1)]

uv texture
area input: [(None, 512, 512, 1)]

InputLayer output: [(None, 512, 512, 1)]

concatenate_8 input: [(None, 512, 512, 3), (None, 512, 512, 1), (None, 512, 512, 3),
(None, 512, 512, 1), (None, 512, 512, 1)]

Concatenate output: [(None, 512, 512, 9)]

target
image input: [(None, 512, 512, 3)]

InputLayer output [(None, 512, 512, 3)]

concatenate_9 input: [(None, 512, 512, 9),
(None,, 512, 512, 3)]

Concatenate output: [(None, 512, 512, 12)]

sequential_17 input: [(None, 512, 512, 12)]
Sequential output: [(None, 256, 256, 64)]

sequential_18 input: [(None, 256, 256, 64)]
Sequential output: [(None, 128, 128, 128)]

sequential_19 input: [(None, 128, 128, 128)]
Sequential output: [(None, 64, 64, 256)]

zero_padding2d input: [(None, 64, 64, 256)]
ZeroPadding2D output: [(None, 66, 66, 256)]

conv2d_12 input: [(None, 66, 66, 256)]
Conv2D output: [(None, 63, 63, 512)]

batch_normalization_18 input: [(None, 63, 63, 512)]
BatchNormalization output: [(None, 63, 63, 512)]

leaky_re_lu_12 input: [(None, 63, 63, 512)]
LeakyReLU output: [(None, 63, 63, 512)]

zero_padding2d_1 input: [(None, 63, 63, 512)]
ZeroPadding2D output: [(None, 65, 65, 512)]

conv2d_13 input: [(None, 65, 65, 512)]
Conv2D output: [(None, 62, 62, 1)]

Figure 4.6.: Detailed architecture of the discriminator.
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The majority of the Python logic was organized and executed within Jupyter Notebooks,
which provided an interactive and user-friendly environment for developing, testing, and
documenting the code. In addition to Python, the Rust programming language was
utilized to handle various preprocessing tasks and data manipulations. The functionality
written in Rust was primarily focused on loading image data from disk, preprocessing the
data into the appropriate formats required by the machine learning model, and performing
color space conversions and normalizations. This functionality is being used in Python
through the use of a Python library that wraps that Rust code, allowing for a direct
integration in the overall workflow.

Overall about 5 to 20 3D models were utilized for the dataset generation throughout
the development of this work. For this image-based approach, 10× 10 image pairs were
generated per 3D model, consisting of 10 different sunlight directions and 10 varying
sunlight color hue combinations, resulting in a total of 100 image pairs per model.
Consequently, the dataset contains a total of up to 2000 image pairs. Given the selected
configuration, a training dataset for the image-based de-lighting model necessitates the
computation of five textures, including the input color texture with baked illumination,
UV texture area map, lightmap, light color map and ambient occlusion. Since the 3D
models used for the generation of the training dataset have color textures that are free
from illumination effects, their original color textures are used as ground truth textures as
is. This requirement of requiring to compute five additional textures for a single training
step of this model significantly increases the computational effort for dataset generation.
To reduce this effort and maintain a practical iteration time, lower texture resolutions
were considered during the dataset generation process. Throughout the development
phase, texture resolutions of 256× 256, 512× 512, and 1024× 1024 pixels were utilized.
As a compromise between computational efficiency and output quality, a resolution of
512× 512 pixels was chosen for the final iteration and results.

4.5. Pixel-Based Architecture

In contrast to the previously described image-based approach, this section presents an
alternative de-lighting model architecture that processes input image data on a per-pixel
basis. Rather than treating the input color texture and supplementary textures as a
single entity, this model iterates over each pixel in the input textures and feeds the data
for every pixel into the de-lighting model individually.

The proposed approach leverages the PyTorch machine learning library, specifically
its C++ API known as LibTorch, for implementing and training the machine learning
models. The Rust programming language is used for all custom logic, including data
loading, preprocessing, and manipulation. The integration between Rust and LibTorch
is achieved through the tch Rust crate, which provides Rust bindings to the LibTorch
library. As opposed to the previously proposed image-based approach, which utilized
the TensorFlow machine learning library and a combination of Python and Rust, this
approach streamlines the development process by using LibTorch and Rust exclusively.
Python is no longer used to orchestrate calls to the machine learning library, all custom
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logic is implemented in Rust instead. This change simplifies the codebase and reduces
the overhead of integrating multiple programming languages.

It is worth noting that the development of the pixel-based approach started later than
the development of the image-based approach. The decision to use PyTorch here instead
of TensorFlow again was made solely to explore the different available machine learning
libraries. It is not expected that the choice between PyTorch and TensorFlow will bring a
significant advantage in terms of the quality of the de-lighting results of the respective
solutions.

For a given 3D model, the proposed pixel-based method utilizes a selected set of texture
inputs: the color texture with embedded lighting, a UV texture area map, and a light color
map. This choice is grounded in the exploration of various color spaces, which ultimately
led to the adoption of the Oklab color space for further development. The Oklab color
space is particularly advantageous because it incorporates a lightness component, which
conveys the brightness of colors. Consequently, the grayscale lightmap texture was deemed
redundant and thus omitted, as its information is encapsulated within the light color map.
Similarly, the ambient occlusion map was set aside, since investigations into different
combinations of image data suggested that including the ambient occlusion texture did
not significantly enhance the results. A more comprehensive discussion on this topic will
be presented in the subsequent Chapter 5.

When iterating over each individual pixel of the image data, the first step is to evaluate
the corresponding pixel of the UV area map. If the UV area map pixel is black, it
indicates that the pixels of the textures do not map to any part of the geometry of the
3D model. In this case, the de-lighter logic can skip this pixel and proceed to the next
one. However, if the UV area map pixel is white, the corresponding pixels of the other
textures, namely the input color and the light color map, are retrieved. Since the colored
images are typically stored on disk as standard image files, the color data of those two
images is in the sRGB color space. Therefore, the sRGB color data needs to be converted
into the chosen color space, which in this case is Oklab. Additionally, the Oklab color
values are then normalized to a range of [−1.0, 1.0] to match the input format required
by the de-lighter model. As described in the earlier section about the Oklab color space
(see Section 4.3.5), the “a” and “b” values of an Oklab color theoretically have no bounds.
However, since the color data from the image files is originally in the sRGB color space,
the possible color range of sRGB has been adapted to Oklab with the value bounds as
stated in Section 4.3.5. The normalized color data is then fed into the de-lighter model
logic, which concatenates the six values of the pixels from the two input textures, i.e., the
color texture and the light color map, into a single tensor and passes it to the de-lighter
neural network. The network returns three output values, which represent the normalized
color values of the processed pixel, ideally free from illumination effects. These values are
then de-normalized back to the corresponding Oklab color values and converted to the
sRGB color space. The resulting output color data is stored in an image buffer that was
initialized with all black pixels and is overwritten where necessary according to the UV
area map. Once the iteration is complete, the image data in the output image buffer is
written back to a file, which can be used as the color texture for the 3D model.
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To complement the description of the process, a code snippet containing Rust code that
demonstrates the processing steps can be found in Listing A.1. This code snippet should
be considered as a simplified version of the actual implementation, providing a better over-
view of the general data processing flow. Aspects such as batching pixel data for batched
calls to the de-lighter model, reconstructing an image from the batched output data, color
space conversion, and normalization specifics have been encapsulated away in function
calls for clarity. The provided example code in Listing A.1 demonstrates the usage of two
generic types, ModelType and ColorSpace, in the function run_pixel_de_lighting. The
ModelType type is required to implement the PixelDelighterModel trait, which encapsu-
lates the logic for the de-lighter model. This trait is essential during both the training of the
neural network and the actual de-lighting process. The trait mandates the implementation
of methods such as loss and get_optimizer, which specify the loss function and optimizer
used for training. Additionally, the forward method, used to apply the neural network to
a given input tensor, is also required. This method is utilized in the provided code snippet
(Listing A.1) through the call to the model’s delight method. The PixelDelighterModel
trait defines additional functionality requirements and provides general logic that is consist-
ent across all implementing models, thereby reducing code duplication. The ColorSpace
type is required to implement the ColorSpacePixel trait, which specifies the necessary
logic for handling a specific color space. This includes converting sRGB color data into
normalized values of the given color space and de-normalizing the output color values
of the de-lighter model back into the corresponding color space values before further
converting them to sRGB. The method calls convert_rgb_to_normalized_color_space
and convert_normalized_color_space_to_rgb in the provided code snippet utilize this
functionality.

The use of generic types that require the implementation of specific traits allows for the
creation of multiple different concrete types for color spaces and de-lighter models. This
approach enables the interchangeable selection of the desired implementation to be used
in the training process of the de-lighter model and its subsequent usage for de-lighting
functionality. As a result, different ColorSpace trait implementations for color spaces
such as sRGB, HSV, HSL, CIELAB and Oklab have been added. Additionally, various
interchangeable PixelDelighterModel trait implementations for different neural network
approaches, including diverse architectures with various layers and activation functions,
have been explored during development. As a result, the layer architecture depicted in
Figure 4.7 was found to yield the best results.
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Figure 4.7.: Detailed architecture of the pixel-based de-lighter model.
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The architecture of the pixel-based de-lighter model is as follows:

• Input layer: Accepts the input data with the appropriate dimensions.

• Linear layers: A series of linear layers with varying dimensions are employed to
learn the necessary transformations. The dimensions of these layers are determined
based on the complexity of the task and the size of the input data.

• Activation function: Each linear layer is followed by a tanh activation function,
which introduces non-linearity into the model and enables it to learn complex
patterns and relationships in the data.

• Output layer: The combination of the final linear layer and the tanh activation
function generates the model’s output, which constitutes the illumination-free
representation of the corresponding pixel from the input image.

The simplicity of this architecture, combined with the appropriate choice of layer dimen-
sions and activation functions, has shown to be a good fit in achieving accurate results
for the pixel-based de-lighter model when evaluated against the dataset’s ground truth
images.

The training of this neural network requires only a single pixel of the input textures for
each training step. With input color textures and their supplementary generated textures
at a resolution of 256× 256 pixels, this results in a maximum of 65,536 possible training
steps from a single texture. However, this maximum assumes a complete white texture as
the UV area map, which would include every pixel of the texture in the processing. In
practice, the content of textures for many 3D models does not map to the geometry of the
model to an extent of 100 %, meaning the number of pixels used for training per texture
varies depending on the specific 3D model and its UV mapping. During the exploration
of different neural network architectures and other tweaks, various texture resolutions
were used for the training dataset, including 256× 256, 512× 512, and 1024× 1024 pixels.
Ultimately, a texture resolution of 256 × 256 pixels was preferred for several reasons.
Firstly, a single texture at this resolution already encompasses a substantial number of
pixels and therefore training steps, which are sufficient to meet the required training steps
for the neural network to effectively learn from a single given input texture. Secondly,
the lower resolution of 256× 256 pixels offers an advantage in terms of dataset diversity.
By opting for this resolution, it becomes possible to include a greater number of distinct
textures sourced from a wider array of 3D models and varying light environments. This
increased diversity in the training dataset is beneficial for effectively training the neural
network to handle a broad spectrum of scenarios and conditions. By exposing the network
to a rich variety of textures and lighting conditions, it is expected to develop a more
robust and adaptable understanding of the underlying patterns and features, enabling it
to generalize better to novel situations.
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For the training dataset generation, a total of 30 3D models were used. For this
pixel-based approach 20 image pairs were generated per 3D model. These image pairs
consisted of 10 distinct sunlight directions, with each direction being rendered twice: once
using a relatively neutral white sunlight color and once using a randomly selected light
color. This process resulted in the creation of a training dataset including 600 image
pairs, each with a resolution of 256× 256 pixels.

4.6. Light Environment Estimation

When given a 3D model, one of the first steps in the de-lighting process involves setting up
the light environment in the 3D scene to generate the additional light data input textures
required by the de-lighter model. To achieve this, the 3D model is loaded into an empty
Blender scene, and light sources are added to represent the original light environment
that existed during the digitization of the real-world object. In cases where no additional
data about the scene illumination has been recorded, such as a light probe to capture the
environment and ambient light or the specification of artificial light sources like LED light
boxes, the only source of information about the light environment is the color texture of
the 3D model itself, which has the illumination baked in.

Reconstructing the light setup in the scene involves estimating the number, position or
direction, strength, and color of the light sources. When a real-world object has been
processed in a simple light environment, such as a clear sunny day with the sun as the
predominant light source casting distinct shadows with clear-cut edges, the estimation for
reconstructing the light environment in the Blender scene can be attempted based on
the clear shadows baked into the color texture of the 3D model. By adding a sunlight
source to the scene and adjusting its properties, such as light direction, strength, and
color, until the light rendered in Blender matches the shadows in the color texture, the
light environment in the Blender scene can be approximated. However, estimating the
light environment based on the color texture information is not always straightforward
and can be challenging in more complex lighting scenarios. A light environment with
multiple individual light sources, each with different light properties, can make the initial
estimation process more difficult and may require additional information about the light
setup.

To improve the accuracy of the manual light environment estimation process, an
optimization process has been developed that takes an initial manual estimation of the
light environment as input and then attempts to improve this approximation to more
closely match the actual light scene present during the digitization of the real-world
object. This optimization process is tasked with estimating a light source’s properties,
such as position or direction, strength, and color. It is an iterative process that alternately
adjusts the individual light source properties and compares the resulting light environment
with the light environment baked into the 3D model’s color texture. For this iterative
optimization task, a key metric to describe the difference between the estimated light
scene and the actual light environment baked into the color texture must be defined. This
metric is used as a cost function that is minimized by the optimization process.

39



4. Methodology

The optimization process is split into multiple stages. First, the position or light
direction, depending on the light source type, and strength of the light source are
estimated. To provide a cost function as a metric to minimize for this iterative process,
the sRGB color data from the 3D model’s color texture is converted into a color space
that separates the color’s brightness property from its hue values, such as HSL, HSV,
CIELAB, or Oklab. The lightness color property is then used as an approximation of the
strength of light hitting each pixel of the model’s color texture. At each iteration step of
the optimization process, a lightmap is created that reflects the intensity of light hitting
each pixel of the model’s color texture with grayscale color data. The grayscale pixel data
of the lightmap is then compared to the lightness value of the corresponding pixel in the
model’s color texture, forming a difference between the generated lightmap representing
the estimated light environment in this iteration and the original light environment baked
into the 3D model’s color texture. Given this metric as a cost function to be minimized,
an optimization method is applied to iteratively adjust the light source position or light
direction and strength, attempting to achieve the best estimation of these properties with
a minimal cost function value.

With an approximation of the light’s position (or direction) and strength, a similar
process is performed to estimate the light color. Instead of relying on the lightness value
of the 3D model’s color texture, the color hue properties, such as the “a” and “b” values
in the Oklab color space for example, are considered. In this case, the light is baked into
the input color texture that already includes the original illumination. As a metric for
defining the cost function for the optimization process for the light source’s color, the hue
difference, i.e., the difference of the “a” and “b” values, between the original and newly
baked color textures is computed. Assuming that baking the same light source with the
same light color again will primarily affect the color’s brightness while preserving the
hue, the hue difference can be used as a cost function to be minimized. With the cost
function for the light source’s color defined, the iterative optimization process can be run
similarly to the previous step for estimating the light source’s position or light direction
and its strength, leading to a full approximation of the given light environment properties,
including light source position or direction, strength, and color.

As a result, the approximated light scene in Blender can then be used to generate the
required light data textures, i.e., lightmap and light color map, for the de-lighter model
to process the color texture of the 3D model.
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This chapter presents the evaluation of the proposed de-lighting methods for color textures
of 3D models. First, the different color spaces mentioned in the previous chapter are
compared regarding their performance in the de-lighting process. Then, the two different
model architectures, the image-based and the pixel-based approach, are evaluated.

As a general performance measurement metric, the peak signal-to-noise ratio (PSNR)
is used to quantify the quality of the de-lighted textures during the training process.
By calculating the PSNR, the difference between the original illumination-free color
texture, i.e., ground truth, and the de-lighted texture output from the de-lighter model is
computed, providing insights into the effectiveness of the de-lighter models. As a basis for
the calculation of the PSNR, six different 3D models have been selected as a test dataset.
Each of the six models has been rendered in an individual pre-defined light environment,
including a sun light source with a specific angle and color, resulting in six individual
de-lighting benchmark cases.

To evaluate the progress of the training of a de-lighter model, the performance of the
model in its current state at a given training step is measured as follows. During the
training of a de-lighter model, the model is tasked with de-lighting the color textures
of the given six 3D models in the test dataset at a given rate of training steps, e.g.,
compute the PSNR for each of the six test 3D models after every 100 training steps. The
individual PSNR values for each of the test 3D models are then averaged to receive an
average performance of the de-lighter model at a given training step. The averaged PSNR
values at their given training steps are then plotted and provided in figures for better
comparison.

The training processes of both de-lighter model approaches also contain a part of
randomization to reduce overfitting of the model to the provided training dataset. This
includes random selection of training textures for both approaches, as well as random
flipping and reorganization of the pixels in the images for the image-based model and
randomized pixel ordering for the dataset of the pixel-based model. To enable running
multiple training runs with different configurations, i.e., the usage of different color spaces
for the image data or different model architectures, and still obtain comparable results,
a benchmark training process has been created. This process includes the generation
of a static training dataset that is used for all training runs in a specific benchmark
comparison. This means the randomized parts, such as randomly flipped images for
the image-based approach or random pixel ordering for the pixel-based approach, are
generated once and stored in a benchmark data file that specifies all properties for the
input data of a specific training step. This benchmark data file is then used for all
training runs in a specific benchmark comparison, enabling a comparable training data
environment for the different training runs. In addition to utilizing static benchmark
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training and test datasets, the machine learning frameworks employed, namely TensorFlow
and PyTorch, have been configured to minimize randomness and enhance reproducibility
of the training process. This configuration facilitates more accurate comparisons between
different benchmark runs. The measures implemented include specifying a fixed random
seed to ensure consistent randomization across all training runs, such as setting identical
initial weights for the de-lighter model to guarantee that each model begins from the
same starting point. Furthermore, the use of deterministic operations has been configured
where feasible to further reduce variability.

The light environment estimation process is also evaluated, as it is crucial for generating
reliable input data for the de-lighter models. Finally, the limitations of the proposed
methods are discussed, and potential areas for future work are identified.

5.1. Color Space Comparison

To assess the impact of different color spaces on the performance of the de-lighter models,
both the image-based and pixel-based approaches were evaluated using various color
spaces. By comparing the evolution of the PSNR values for each color space, insights can
be gained into the potential benefits and limitations of each color space in the context of
de-lighting.

As previously described, the PSNR metric is used to evaluate the performance of the
de-lighter model at different training steps. Since the different color spaces vary in their
specification of describing a given color using different properties, the same visual color
change can result in different pixel value changes in the different color spaces, which then
results in different numeric differences when comparing color values in different color
spaces. To mitigate this discrepancy, the de-lighter models are trained and used using
the individually specified color space of choice, but when comparing the de-lighter output
image with the ground truth image to calculate the PSNR metric, the image data is
always handled in the sRGB color space for this color space comparison.

As a first comparison use case, the pixel-based model was trained using the sRGB,
HSV, HSL, CIELAB, and Oklab color spaces. The pixel-based model architecture used
in this evaluation benchmark uses the pixel values of the color texture and light color
map texture as input and outputs the de-lighted texture. This architecture resembles
the same input and output values as described in detail in the previous chapter in the
corresponding Section 4.5. Since this architecture does not contain the grayscale lightmap
that represents the light intensity in a single grayscale value, but only the colored pixel
values of the light color map as light data, this architecture is a fitting benchmark to test
whether the de-lighter model is able to recognize light intensity imbalances in the input
color texture and also correct them where necessary when provided with input color data
in the different color spaces. This scenario is especially interesting regarding the properties
of some color spaces like HSV, HSL as well as CIELAB and Oklab, which are designed to
represent the color’s lightness property in a designated channel. The sRGB color space,
on the other hand, does not separate the lightness property. Figure 5.1 presents the
PSNR values obtained during the training of the pixel-based models using the sRGB,
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Figure 5.1.: Comparison of averaged PSNR values during training of the pixel-based
model using different color spaces.

HSV, HSL, CIELAB, and Oklab color spaces. The experimental results demonstrate that
the usage of the Oklab color space yields superior PSNR values during the majority of
training iterations, followed by the CIELAB color space as the second-best. Conversely,
the sRGB, HSV, and HSL color spaces demonstrate lower PSNR values, indicating a worse
de-lighting performance. Among the evaluated color spaces, sRGB demonstrates the
poorest performance, suggesting its limited capacity to accurately represent essential color
properties for de-lighting applications, such as color lightness. This limitation impairs
the de-lighter model’s ability to effectively remove illumination effects. The HSV and
HSL color spaces show improvements compared to sRGB, yet their performance remains
inferior to that of CIELAB and Oklab. Despite incorporating dedicated channels for
color lightness / brightness, which enhances their performance relative to sRGB, these
color spaces lack crucial characteristics such as perceptual uniformity. Consequently, their
effectiveness in de-lighting tasks falls short of the results achieved with CIELAB and
Oklab color spaces.

As a second comparison, the image-based model was trained similarly using the sRGB,
HSV, HSL, CIELAB, and Oklab color spaces. In contrast to the previous benchmark
with the pixel-based model, the image-based model architecture used in this evaluation
benchmark uses all available input textures, i.e., the illuminated color texture, lightmap,
light color map, and ambient occlusion texture, to output the de-lighted texture, as
mentioned in the previous Section 4.4. The PSNR values observed during the individual
training steps of the image-based model, utilizing various color spaces, are illustrated
in Figure 5.2. Consistent with the results obtained from the pixel-based model, the
image-based model trained with the Oklab color space consistently demonstrates superior
performance compared to other color spaces, with the CIELAB color space following as the
second-best performer. The sRGB, HSV, and HSL color spaces consistently demonstrate
lower PSNR values. In this scenario, where the grayscale lightmap specifically represents
light intensity information in the input data independently of color space values, the
HSV and HSL color spaces do not maintain the same level of advantage over sRGB as
observed in the pixel-based model’s benchmark. Nevertheless, the Oklab and CIELAB
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Figure 5.2.: Comparison of averaged PSNR values during training of the image-based
model using different color spaces.

color spaces outperform the sRGB, HSV, and HSL color spaces. Despite the presence
of dedicated channels for color lightness / brightness in HSV and HSL, the Oklab and
CIELAB color spaces demonstrate superior performance. This can be attributed to their
perceptual uniformity and enhanced numerical linear characteristics, which contribute to
more effective representation and processing of color information in the context of this
image-based model.

These findings highlight the importance of selecting an appropriate color space for the
de-lighting task. The perceptual uniformity and separation of lightness information in color
spaces like Oklab and CIELAB appear to be beneficial for accurately removing illumination
effects while preserving the underlying color information. The superior performance of
Oklab over CIELAB can be attributed to its improved perceptual uniformity, particularly
in the blue hue range. Based on these results, the Oklab color space is used when handling
image color data in all further evaluation of the de-lighting process, running with the
image-based as well as pixel-based architectures.

5.2. Image-Based Architecture

During the development of the image-based de-lighter model various tweaks and adjust-
ments were implemented and evaluated to improve the results of the de-lighting process.
A critical aspect of this evaluation was the utilization of various input textures for the
de-lighter model. Besides the 3D model’s color texture with illumination baked in, various
combinations of the available supplementary input textures, including the lightmap, light
color map, ambient occlusion texture and UV texture area map have been explored.
Their impact on the de-lighting process was assessed using a methodology akin to the
approach used in the color space comparison outlined in Section 5.1, which involved
comparing PSNR values of de-lighting results from a test dataset during model training.
Figure 5.3 presents the PSNR values obtained during the training of the image-based
de-lighter model. The results demonstrate an improvement in image quality as the training
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Figure 5.3.: PSNR values during training of the image-based de-lighter model comparing
the different input combinations using the lightmap, light color map, and
ambient occlusion textures.

progresses, with the PSNR values converging towards a satisfactory level. These findings
validate the effectiveness of the image-based approach in removing illumination effects and
preserving the underlying color information. While the results of different input texture
combinations do not reveal a clear superior option in terms of PSNR values, the model
trained with all available input textures (lightmap, light color map, ambient occlusion,
and UV texture area map) demonstrates slightly more consistent performance compared
to models with alternative input texture combinations. The two variants incorporating
all input textures (green) and all input textures except the grayscale lightmap (yellow)
demonstrate comparable performance. This similarity suggests that the de-lighter model
effectively learns to utilize color lightness information from the Oklab color space in the
light color map to correct illumination effects in the color texture. Consequently, the
grayscale lightmap becomes less critical when the appropriate color space is employed.

During the development, the inclusion of ambient occlusion information as an additional
input texture was a later enhancement to further improve the image-based approach’s
performance. The benchmarks indicate that incorporating ambient occlusion leads to
a modest improvement in de-lighted texture quality. This additional information aids
the model in better comprehending spatial relationships and local shading variations,
resulting in more precise removal of illumination effects. However, the improvement is
relatively minor, suggesting that the model can effectively learn and compensate for most
illumination effects even without explicit ambient occlusion data.

Based on these benchmark results and manual observations made during the develop-
ment process, the image-based model is configured to utilize all available input textures.
This includes all supplementary textures (lightmap, light color map, ambient occlusion,
and UV texture area map) in addition to the 3D model’s color texture with illumination
baked in. This chosen input architecture aligns with the description provided in the
previous chapter, Section 4.4.
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The image-based approach, utilizing a CGAN architecture, has demonstrated several
strengths and weaknesses in the context of de-lighting color textures. One of the primary
strengths of the image-based approach is its ability to capture and learn global context
and spatial relationships within the input textures. By processing the entire image
simultaneously, the model can effectively identify and remove illumination effects while
preserving the overall structure and coherence of the texture. This is particularly advant-
ageous for textures with complex patterns or fine details, as the model can leverage the
contextual information to produce visually consistent results. However, the image-based
approach also presents some challenges and limitations. The computational requirements
for training are relatively high, as each training step involves processing a full-resolution
image. This can lead to longer training times and increased resource utilization compared
to pixel-based approaches. Another limitation of the image-based approach is its missing
flexibility to input texture resolution. Since the model is trained on a fixed image size, it
struggles to handle textures with different resolutions. One potential workaround is to
train the model on high-resolution textures, e.g., 8K, and pad smaller textures with black
pixels to match the expected input size. However, training on such high resolutions is
computationally intensive and time-consuming, making it impractical for the scope of
this work.

An alternative attempt to enable flexible input texture resolution involved splitting
the input textures into multiple evenly cut smaller images that can then be processed
individually by the de-lighter model. For instance, input textures with a resolution
of 4096 × 4096, such as input color, lightmap, light color map, and ambient occlusion,
could be individually split into 64 smaller 512 × 512 textures. These smaller textures
can then be individually processed by the de-lighter model which is designed to work
with 512 × 512 input images. The output of the de-lighter model would consist of 64
smaller 512× 512 textures that can be reassembled into the original 4096× 4096 texture.
This approach was tested during the exploratory development phase of the image-based
de-lighter model. Figure 5.4 illustrates an example output of the de-lighter model when
splitting the input textures into smaller textures and reassembling the output. Although
this experimental trial utilized a less developed image-based de-lighter model at the
time, the results still provide a good indication of the drawbacks of this approach. The
image-based model, comprising its encoder and decoder layers, processes the entire input
image simultaneously. This approach can lead to inconsistencies in the output, such as
an overall darker appearance when a single smaller input texture contains a darker color
tone, while another smaller texture patch may display a brighter overall color tone. This
results in visible seams in the reassembled output texture where the individual smaller
textures have been stitched together. Further post-processing steps, such as blurring the
areas around the seams, could be applied to the reassembled output texture to reduce the
visibility of the seams. However, this would not address the underlying issue of varying
color tones in the individual smaller patches. Due to the estimated unsatisfactory results
of further developing this approach to enable input texture flexibility, this attempt for
the image-based model was not investigated further in this work.
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Reassembled generated output Ground truth

Figure 5.4.: Example output of splitting a bigger texture into smaller textures and reas-
sembling the output of the de-lighter model.

5.3. Pixel-Based Architecture

The pixel-based de-lighter model, as described in the previous chapter in Section 4.5,
utilizes only the initial color texture with illumination and the light color map as sources
of the single input pixels. While the UV texture area map is also required as input for the
de-lighting process to determine which pixels of the input textures to process, it is not
provided as specific input data for the de-lighter model itself. Similar to the image-based
approach, various possible additional input data besides the color texture have been
explored, including the lightmap, the light color map, and the ambient occlusion texture.
To evaluate the effectiveness of various combinations of input data for the pixel-based
de-lighter model, multiple training runs have been conducted with different input data
combinations, computing the averaged PSNR metric of the six 3D model benchmark test
cases. The results, presented in Figure 5.5, show a noticeable difference between two
groups of input combinations. The first group includes a de-lighter model trained with
all possible additional input data, i.e., the light color map, ambient occlusion, and the
lightmap data (green), together with another model trained with the light color map and
ambient occlusion data (yellow). The second group includes a de-lighter model trained
with only the light color map data (blue) and another model trained with the light color
map and the lightmap data (red).

The results indicate two key findings. First, the group with more input data performs
worse than the group using less input textures, suggesting that simply increasing the input
data does not necessarily improve the output result. This leads to the assumption that
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Figure 5.5.: PSNR values during training of the pixel-based de-lighter model comparing
the different input combinations using the lightmap, light color map, and
ambient occlusion textures.

some input features are more important than others and that the model might not learn
as much from the additional input data, or worse, the additional input data may introduce
noise to the more important input features, thus reducing the de-lighting performance.
Second, the de-lighter model with only the light color map as input performed as well
as the model trained with the light color map and the lightmap data combined. This
indicates that the additional grayscale lightmap data does not provide more beneficial
information to the model for the de-lighting process. This supports the results from the
color space comparison in Section 5.1, showing that the Oklab color space used for the
light color map color data already includes the light intensity information in its lightness
property. Therefore, the light intensity information is no longer needed as an additional
lightmap input texture. Based on these observations, the light color map is the only
additional input texture used for the pixel-based de-lighter model.

The pixel-based architecture for de-lighting color textures offers several advantages and
unique characteristics compared to the image-based approach. One of the key strengths of
the pixel-based architecture is its flexibility and efficiency in handling training data. Since
the model operates on individual pixels, a single low-resolution texture, e.g., 256× 256,
can provide a large number of training samples. For instance, a 256× 256 texture can
yield up to 65,536 training steps, assuming a fully white UV area map, meaning that
all pixels of the texture are relevant for the 3D model. This abundance of training
data from a single image results in the requirement of only a small training dataset,
which also keeps the computational effort for generating this training dataset low. When
using low-resolution textures for the training dataset, the generation and processing of
a more diverse training dataset, including a greater variety of 3D models with different
color schemes in their color texture as well as varying illumination conditions, is more
feasible within the computational constraints of this work. Another advantage of the
pixel-based approach is its adaptability to different input texture resolutions. As the
model processes each pixel independently, it can seamlessly handle textures of various
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sizes without the need for resizing or padding. This flexibility enables the model to be
applied to a wide range of texture resolutions, from low-resolution textures, e.g., 256×256,
to high-resolution textures, e.g., 8192 × 8192, without any modifications to the model
architecture.

5.4. Model Architecture Comparison

In this section, the two proposed de-lighter model architectures, i.e., image-based and
pixel-based, for processing color textures of 3D models are compared.

The pixel-based model has several advantages over the image-based approach. Firstly,
it requires significantly fewer images for training data, resulting in lower computational
effort for creating the training dataset with Blender. This is particularly beneficial when
resources are limited or when the dataset needs to be created quickly. Secondly, the
pixel-based model can handle different input texture resolutions without the need for
resizing or padding. This flexibility allows for the processing of textures with varying
dimensions, making it more adaptable to different scenarios. Thirdly, the pixel-based
model tends to provide visually better-looking output compared to the image-based
approach. The resulting textures appear more detailed and less washed out. However, it is
important to note that the image-based approach in this work is currently constrained by
computational limitations, restricting its application to textures of lower resolution. While
increasing the texture resolution for the image-based architecture mitigates this limitation
to some extent, the loss of certain textural details persists due to the downsampling and
upsampling processes inherent in the encoder and decoder layers. Figure 5.6 illustrates the

Input color texture Image-based Ground truth Pixel-based

Figure 5.6.: Comparison of de-lighting results using the image-based and pixel-based
de-lighter models with textures of 512× 512 resolution.

de-lighting results of the image-based and pixel-based de-lighter models when processing a
3D model’s color texture with illumination baked in using Blender with a texture resolution
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of 512× 512. To provide a clearer view of the results, the individual color textures have
been applied to the material of the 3D model, displaying only the plain diffuse color of
the textures without any additional shading or lighting effects. The de-lighted result from
the image-based model appears to better preserve the overall color tone of the original
texture compared to the pixel-based model. However, the pixel-based model retains more
details of the original texture’s structure, while the image-based model result displays a
more washed-out appearance. Figure 5.7 presents a similar comparison using the same

Input color texture Pixel-based Ground truth

Figure 5.7.: Showing of de-lighting result using the pixel-based de-lighter model with
textures of 2048× 2048 resolution.

3D model and texture but with a higher resolution of 2048 × 2048. This comparison
solely showcases the pixel-based de-lighter model’s result, as the image-based model is
unable to process textures of this resolution due to previously described limitations in
the scope of this work. This example with a higher texture resolution demonstrates
the pixel-based model’s capability to handle higher texture resolutions and successfully
maintain the details of the original texture structure, while removing the illumination
effects. It is crucial to acknowledge that while this result appears highly promising, it
represents a best-case example for the proposed de-lighter models’ use case. The given
color texture with illumination baked in has been rendered in Blender with the light
environment known in detail, ensuring that the supplementary light data input textures,
such as the light color map, perfectly match the light conditions of the rendered color
texture. Nevertheless, it serves as an example to showcase the potential of the proposed
de-lighter models when a precise definition of the light environment is available.
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While the training of the image-based architecture requires more data and is more
computationally expensive, the de-lighting process itself is faster than the pixel-based
approach when processing high-resolution textures. This is because the encoder-decoder
architecture of the image-based approach downsamples and upsamples the input textures
in their respective encoding and decoding layers, resulting in a faster de-light processing
of the given data. In contrast, the pixel-based de-lighter model has to process every
single pixel individually, which results in a longer processing time for high-resolution
textures. It is worth noting that due to previously stated texture resolution restrictions,
the processing times of the image-based approach for high-resolution textures, such as
8K, have not been evaluated in this work and are based on observations made during
exploration. As a comparison of the processing times of the de-lighter models, the time
taken for the de-lighting process of the 512 × 512 texture that is shown in Figure 5.6
has been measured. While the pixel-based model required on average 24.5 seconds to
process the given 512 × 512 texture, the image-based model only took 7.3 seconds. It
is worth noting that the individual pixels are processed sequentially by the pixel-based
de-lighter model. The individual processing of the pixels lends itself to parallelized
processing. This could increase the processing speed of the pixel-based model to more
closely match the processing times of the image-based model. Since the focus of this work
is on achieving satisfactory results in terms of good images and not on low processing
times, the parallelization of pixel processing with the pixel-based model using multiple
threads was not prioritized and stands as potential performance improvement. Another
advantage of the image-based approach is its ability to include the surrounding pixels
or whole patches of the input texture in the de-lighting process. This allows for the
possibility of gaining additional insight into overall color patterns in a color texture. The
pixel-based approach, on the other hand, only processes single pixels of the input textures
and does not consider the context of the surrounding pixels.

In summary, both the pixel-based and image-based approaches have their strengths
and weaknesses. The pixel-based model requires less training data, can handle different
texture resolutions, and provides visually more detailed output. However, the image-
based approach can be faster for processing high-resolution textures and can consider the
context of surrounding pixels, potentially providing additional insights into color patterns.
In the environment of this work, the pixel-based approach has been preferred due to
its advantages in handling varying and higher input texture resolutions, and therefore
providing visually better output results.

5.5. Light Environment Estimation

In the process of de-lighting a 3D model, one of the initial and crucial steps involves
the estimation and reconstruction of the light environment present during the object’s
digitization. This step is fundamental for generating the supplementary light data input
textures for the de-lighter model. The procedure typically begins with loading the 3D
model into an empty Blender scene, followed by the addition of light sources that aim to
replicate the original illumination conditions. In ideal scenarios, additional data regarding
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the scene illumination, such as light probe captures of the environment and ambient
light, or specifications of artificial light sources (e.g., LED light box positions and colors),
would be available. However, in many cases, the color texture of the 3D model itself,
which inherently contains baked-in illumination information, serves as the sole source of
lighting data. The task of reconstructing the light setup in the scene involves estimating
several key parameters of the light sources, including their number, position or direction,
intensity, and color. For objects digitized under simple lighting conditions, such as a clear
sunny day with the sun as the predominant light source casting distinct shadows with
sharp edges, the estimation process can be initiated based on the shadows baked into
the model’s color texture. By introducing a sunlight source in the Blender scene and
iteratively adjusting its properties to match the observed shadows, an approximation of
the light environment can be achieved. However, the complexity of this estimation process
increases significantly in more complex lighting scenarios. Environments with multiple
light sources, each possessing unique properties, present a considerable challenge and may
necessitate additional information about the light setup for accurate reconstruction.

To enhance the accuracy of the manual light environment estimation process, an
estimation optimization method has been developed. This approach takes an initial manual
estimation as input and tries to iteratively refine it to more closely approximate the actual
light conditions present during the object’s digitization. The optimization process focuses
on estimating the properties of light sources, including their position or direction, intensity,
and color. The optimization procedure operates iteratively, alternating adjustments to
individual light source properties and comparing the resulting light environment with that
baked into the 3D model’s color texture. A crucial aspect of this process is the definition
of a key metric that quantifies the difference between the estimated light scene and the
actual light environment. This metric serves as a cost function to be minimized during
the optimization process.

The optimization is structured in multiple stages. Initially, the position (or direction)
and intensity of the light source are estimated. To establish a cost function for this
process, the sRGB color data from the 3D model’s color texture is converted into a color
space that separates brightness from hue values. Based on the comparative analysis
of color spaces presented earlier, the Oklab color space has been selected as the most
suitable option for this application. In each iteration of the optimization process, a
lightmap is generated, representing the intensity of light on each pixel of the model’s color
texture using grayscale values. This lightmap is then compared to the lightness value of
corresponding pixels in the model’s color texture, yielding a difference metric between the
estimated light environment and the original baked-in lighting. This difference serves as
the cost function to be minimized. To optimize the light source properties, three different
optimization methods have been explored: Nelder-Mead, Particle Swarm, and Simulated
Annealing. Each of these methods were evaluated for its effectiveness in estimating
light source parameters. Figure 5.8 provides a comparison of the performance of various
optimization methods for lightmap estimation. The graph depicts the temporal evolution
of each method’s performance, with the x-axis representing elapsed time in minutes. It is
worth noting that the horizontal axis measures elapsed time rather than optimization
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Figure 5.8.: Comparing light map estimation results using different optimization methods.

iteration count. This choice is motivated by the fact that individual iteration steps can
exhibit varying computational effort and duration across different optimization methods.
Consequently, iteration count is not a reliable metric for comparing the “effort required”
by each optimization method. By using elapsed time, the computational efficiency of each
method can be assessed, providing a more meaningful comparison of their performance.
The vertical axis represents the performance of the resulting estimated light environment
configuration, calculated as the absolute difference between the properties of the original
light environment configuration and the estimated one. For a sunlight source, the
configuration difference refers to the difference between the light’s direction and strength
values. This metric was chosen for the evaluation to provide a more intuitive comparison
of the resulting light configurations. However, it is essential to note that the optimization
methods still rely on the cost function based on the difference between the estimated
lightmap and the lightness values of the color texture, as previously described.

The presented data shows that the Simulated Annealing method returns the most rapid
convergence and achieves the lowest cost value, resulting in a configuration difference of
35.93. The Particle Swarm method converges to its best result in an adequate duration
of time, but with higher and therefore worse difference values, yielding a configuration
difference of 188.83. In contrast, the Nelder-Mead method starts with better results than
the Particle Swarm method but plateaus at a higher difference value at a relatively early
iteration stage, resulting in the worst results of the three optimization methods, with
a configuration difference of 271.57. Given that the initial manual light environment
configuration estimation resulted in a configuration difference of approximately 42, the
Simulated Annealing method is the only optimization method that achieves a further
improvement over the initial estimation in this evaluation test run. Following the
estimation of the light source’s position (or direction) and intensity, a similar process is
employed to estimate the light color. In this phase, instead of relying solely on lightness
values, the color hue properties, specifically the “a” and “b” values of the Oklab color
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Figure 5.9.: Comparing light color map estimation results using different optimization
methods.

space, are considered. The light is baked into the input color texture that already includes
the original illumination. The cost function for this stage of optimization is based on
the hue difference between the original and newly baked color textures. Figures 5.9
and 5.10 present the results of the light color map estimation process. Figure 5.9 provides
an overview of all three optimization methods, while Figure 5.10 offers a zoomed-in
comparison of the Simulated Annealing and Particle Swarm methods. The data in these
figures corroborate the findings from the lightmap optimization. Simulated Annealing
consistently outperforms the other methods, achieving the lowest difference value of 86.39
and exhibiting the most stable convergence, while Particle Swarm optimization shows
competitive performance with the lowest difference value of 93.07. The Nelder-Mead
method, while showing initial rapid improvement, fails to achieve the low difference values
of the other two methods, plateauing at a difference value of 536.89. With the initial
manual light color estimation resulting in a difference value of 94, the Simulated Annealing
method still provides some improvement, while the Particle Swarm method results in a
rather negligible improvement over the initial estimation. In contrast, the Nelder-Mead
method fails to achieve a satisfactory result. The characteristic of Simulated Annealing to
escape local optima through its probabilistic acceptance of worse solutions, which allows
it to explore the solution space more thoroughly, is expected to contribute to its good
performance in the task of light environment estimation.

Overall, the presented estimation optimization process can be used to improve already
manually estimated light environments in Blender. Depending on the accuracy of the
initial manual estimation, the optimization process can further refine the light source’s
properties to some extent. Upon completion of the optimization process, the approximated
light scene in Blender can be utilized to generate the required light data textures, namely
the lightmap and light color map, for subsequent processing by the de-lighter model.
It is important to note that the current implementation of this estimation process has
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Figure 5.10.: Comparing light map estimation results zoomed to compare the results using
simulated annealing and particle swarm methods.

been constrained to simpler light environments, such as those dominated by a single
primary light source (e.g., the sun on a clear day) with distinct shadow patterns. This
limitation was imposed to maintain a manageable scope for the present work. Although the
developed methodology demonstrates possible improvements for simple lighting scenarios,
its accuracy, and therefore usability, for more complex light environments is expected to
be limited due to the complexity of extracting light environment configuration properties
from the color texture as the sole source of information.

5.6. Limitations

The proposed de-lighting methods for color textures of 3D models have several limitations
that need to be considered. The main development of the varying prototypes have been
done in a controlled environment using Blender for the creation of training as well as test
and evaluation datasets. Therefore, existing 3D models have been used to bake effects
of light in their previously illumination-free color textures to obtain images resembling
the case as if a digital 3D model would be obtained from a process such as 3D scanning
of a real-world object. This approach was beneficial in terms of having a controlled
environment for the creation of a larger and standardized dataset to be processed by the
de-lighter models. However, this approach also results in the given 3D geometry data
that can be used for further processing, like the generation of the additional light data
textures, i.e., grayscale lightmap, light color map, or ambient occlusion, being the exact
same 3D geometry data that existed during the time of the baking of the light effects
into the color texture.

In a scenario where a real-world object is scanned and the obtained 3D model is
used for the de-lighting process, the dataset that has been obtained from the previously
described controlled environment would require that the geometry data of the digitized
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3D model and its real-world equivalent have to be exactly the same to be able to generate
supplementary light data textures that match the illumination effects that have been baked
into the color texture during the production of the digitized 3D model. This requirement
is difficult to achieve in practice, as the correct digitization of real-world objects and
their accurate representation of 3D geometry is a challenging task and is not easily done
with perfect details. There are multiple reasons for this. Difficult lighting conditions
could, for example, result in dark surfaces of the real-world object, which may lead to
reduced details in the generated digitized representation. Small and complex structures of
a real-world object are also difficult to capture with technologies such as photogrammetry.
Given the example of a tree with many small branches and leaves, it can be a very tedious
or even unfeasible task to capture every single detail of the tree by capturing images of
every single branch and leaf from every required angle. Additionally, structures that are
not completely static and potentially move during the capturing process can also impose
a challenge to correctly digitize the real-world object. These potential challenges in the
digitization process of real-world objects result in 3D models with limited accuracy in
their geometry data, leading to virtual 3D models that do not resemble the real-world
object with 100% fidelity. In the example of a tree, this can include missing branches
or leaves, or additional geometry that did not exist in the real world as artifacts of the
digitization process. This discrepancy between the real-world object and the digitized 3D
model therefore also results in a discrepancy between the light data textures that can
be additionally generated with the available geometry of the digitized 3D model and the
illumination effects from sunlight or other light sources that existed in the real world
during the time of the scan of the real-world object. This disparity in available data in
the color texture containing illumination effects of a real-world object and the generated
light data textures leads to mismatching input data for the de-lighter model and therefore
to a reduced performance of the de-lighter model in removing the illumination effects
from the color texture. This could result in shadows not being removed by the de-lighter
model since the generated light data textures do not include the shadow information that
was present in the real-world scene, or conversely, shadows being removed from the color
texture that were not present in the real-world scene. An example of this limitation can
be observed in the digitization of the Krzyztopor Castle [61], a historic site with many
details. An overview of the complete 3D model can be seen in Figure 5.11. Due to the
complexity and size of the castle’s structure and its surrounding area, and the limitations
of the digitization process, in this case photogrammetry, the resulting 3D model lacked
fine details present in the real-world object. It is important to acknowledge that the
provided examples of limitations in detail and geometric inconsistencies are not intended
as a critique of the specific model’s quality. Instead, they serve to highlight the challenges
and constraints associated with the digitization process as a whole. The complexity of
the task, coupled with the limitations of current technologies, inevitably leads to some
degree of detail loss and geometric approximations in the final digital representation.
Figure 5.12 shows a tree within the digitized 3D model of Krzyztopor Castle. Due to the
extensive size and coverage area of the complete model, the fine details of the individual
tree branches are not fully captured in this representation.
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Figure 5.11.: A 3D model of the Krzyztopor Castle obtained via photogrammetry [61].

Original color texture Processed color texture Rendered light

Figure 5.12.: A detailed view of a tree object in the Krzyztopor Castle model and its
processed result.
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However, the precise shadow cast by the tree is baked into the color texture. The absence
of comprehensive data in the 3D geometry results in a less detailed shadow of the tree
within the Blender light scene. Consequently, the de-lighter model, lacking the necessary
information in the light data textures, is unable to accurately remove the tree’s shadow
from the color texture. Figure 5.13 illustrates another example, displaying a grass-covered

Original color texture Processed color texture

Rendered light

Figure 5.13.: A detailed view of a grass region in the Krzyztopor Castle model and its
processed result.

region in the digitized 3D model of Krzyztopor Castle. The grass-covered slope on the
left, which is casting a shadow, is nicely captured in the geometry data and thus can
be processed with good results. However, the de-lighting process does not yield entirely
error-free results for the fine details of the grass, such as small bumps, or the thin railings
on the stone wall in the bottom center of the image, as these elements are not fully
captured in the 3D model. Considering the overall context and scale of the model, the
absence of precise details in smaller objects is less noticeable and does not significantly
detract from the model’s intended purpose. Rather than emphasizing the fine details of
individual small objects, the model aims to provide a holistic representation of the site.
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Original color texture Processed color texture

Rendered light 3D mesh

Figure 5.14.: A detailed view of a railing geometry that includes errors in the digitized
geometry leading to de-lighting errors in the Krzyztopor Castle model.
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Incorrectly added geometry data that introduces additional volume, potentially casting
unwanted shadows, is another source of de-lighting errors, complementing the issue of
missing geometry that fails to cast required shadows for light data texture rendering, as
described in the previous examples. This problem is illustrated in Figure 5.14, specifically
on the right side of the railing. In the area highlighted in red, the captured model’s
geometry data includes an additional volume that does not correspond to the real-world
object, resulting in an inaccurately rendered light environment in Blender. A portion of
this added volume extends beyond the shadow region cast by the roof of the building
on the right, exposing it to sunlight in the scene. This exposure is subsequently baked
into the light data textures as a region with high light intensity, which the de-lighter
model must adjust by darkening. As a result, the de-lighter model incorrectly adjusts the
brightness of this part of the color texture, producing an undesirable dark region in the
de-lighter model’s output.

These described cases of geometry data inaccuracy lead to discrepancies between the
generated light data textures and the actual illumination effects captured in the color
texture of the digitized model, reducing the overall quality of the de-lighter model’s
output. This shows that the quality of the processed output texture also relies on the
quality of the geometry data of the 3D model that is processed.

Another limitation of the proposed de-lighting methods is the reliance on the generation
of the light data textures via the physically-based path tracer engine Cycles of Blender.
While this technology is very capable of simulating realistic-looking light effects, it is not
100 % physically accurate and therefore cannot perfectly resemble the light effects of the
real world given the limited data provided. In combination with possibly very complex
real-world scenes, the imitation of the given scene illumination in Blender can be very
complex and difficult to achieve, which is required to generate the light data textures that
are used as input data for the de-lighter models. As a consequence, this work has been
focusing on the processing of 3D models with a relatively simple light setup, e.g., a sun
as the primary light source, to ensure relatively straightforward illumination effects in the
textures, such as strong shadows with a clear edge as in the case of a sunny day with a
clear sky. A scene with cloudy daylight or multiple light sources with diffuse light leads
to more complexity in the estimation and imitation, and therefore requires more effort to
generate the light data textures accurately.

In addition to the challenges posed by complex lighting environments, the current
de-lighting methods that have been evaluated in this work also have been reduced to rather
simple 3D model surface properties such as the diffuse color or roughness property as these
are also more commonly found with digitized virtual 3D models. Other surface material
properties such as translucency or highly reflective surfaces have not been evaluated in
depth as the material data is also not commonly provided in the 3D models that have
been obtained via 3D laser scanners or photogrammetry techniques for example. These
material properties can significantly influence how light interacts with the object and
how it is captured in the color texture. Accurately modeling and separating these effects
from the underlying diffuse color of the object represents a challenge that has not been
addressed in this work.
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5.7. Further Research

The proposed methodology relies on generating additional light data textures, such as
lightmaps or light color maps, as input for the de-lighter models. Consequently, the quality
of the processed output is highly dependent on the accuracy of these light data textures.
Estimating the light source or multiple light sources in the scene during the digitization of
the real-world object is challenging, given only the 3D geometry data and the color texture
with illumination effects. As a result, the accuracy of the light configuration estimation is
limited. Currently, the methodology is constrained to relatively simple lighting scenarios,
such as a clear sunny day with the sun as the predominant light source or a single point
light source. To address more complex lighting setups and enhance the robustness of
the light environment estimation technique, further research and development will be
essential. Future enhancements may include implementing machine learning algorithms
to more accurately estimate complex light behavior and interactions in environments with
multiple light sources. Additionally, integrating supplementary data capture methods
during the digitization process, such as the utilization of light probes, could enhance the
accuracy of light environment estimation.

The digitized object’s surface properties can influence how light interacts with the
object and how it is captured in the color texture. Many digitization techniques primarily
include captured 3D geometry data and a color texture, but often lack information about
surface material properties such as specularity or transparency. This limitation leads
to less accurate rendering in Blender for the generation of supplementary light data
textures. Furthermore, inaccuracies in the 3D geometry data obtained from scanning
real-world objects can result in imprecise light data textures. To improve the quality of
the de-lighting process, it is beneficial to enable better imitation of the real-world light
environment and its interaction with the object. This can be achieved by providing more
details about the surface material or more accurate 3D geometry data, which in turn
helps generate more precise light data textures.

In case of the specific limitation of a maximum texture resolution to be processed by
the image-based de-lighter model, further development could focus on utilizing more
hardware resources to enable processing of higher texture resolutions. This includes more
computational resources for generating high-resolution training images in a reasonable
time, as well as increased memory capacity, particularly VRAM for GPU-based execution,
to accommodate larger high-resolution textures and model data such as weights.
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6. Conclusion

This thesis has presented methods for de-lighting color textures of 3D models to remove
illumination effects like shadows, highlights and color tints that are baked into the textures
during the digitization process of real-world objects. Two main approaches have been
developed and evaluated: an image-based method using a CGAN architecture, and a
pixel-based method using a simpler neural network architecture that processes the input
textures on a per-pixel basis.

Extensive experiments were conducted to determine the optimal configuration and
input data for each approach. The Oklab color space was found to provide the best
results for representing the color data for the given task. For the image-based CGAN
approach, using all available supplementary textures including a lightmap, light color
map, ambient occlusion map and UV texture area map yielded the highest quality output.
The pixel-based approach performed best using just the light color map as additional
input.

Comparing the two approaches, the pixel-based method demonstrated several advant-
ages. It requires significantly less training data, can flexibly handle different input texture
resolutions, and produces visually superior results with more preserved detail. The main
drawbacks are slower processing of high resolution textures compared to the image-based
approach as well as its inability to recognize and capture global structure and color tone
present in the complete color texture.

A light estimation optimization process was also developed to automatically refine a
manually provided initial guess of the lighting environment. This improves recreation
of the lighting in Blender to generate the supplementary input textures. The Simulated
Annealing optimization method was found most effective for this task.

The proposed methods were able to successfully remove illumination effects and shadows
from color textures in a controlled test environment. However, some limitations remain
when applying the techniques to real-world 3D scans. Inaccuracies and missing data
in the captured 3D geometry can lead to discrepancies between the actual illumination
in the color texture and the lighting information in the generated supplementary input
textures. This reduces the quality of the de-lighting result. Complex real-world lighting
environments are also challenging to estimate and simulate in Blender.

In summary, this thesis has demonstrated the feasibility and potential of neural network
based techniques for automatically de-lighting color textures of 3D models. The developed
methods can already handle simpler controlled cases well. To be robustly applicable to
arbitrary real-world scans, future work should focus on improving geometry capture to
provide complete, detailed 3D surfaces, and investigate enhanced techniques for estimating
and simulating complex lighting environments. With such improvements, the proposed
de-lighting approaches can be a valuable tool to enhance 3D digitization pipelines.
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A. Appendix

1 use crate ::{
2 color_processing :: color_space_pixel :: ColorSpacePixel ,
3 data_loader :: data_image_pair :: DataImagePair ,
4 model ::{ PixelDelighterModel , SavedModelFilePath},
5 };
6

7 pub fn run_pixel_de_lighting <
8 ModelType: PixelDelighterModel ,
9 ColorSpace: ColorSpacePixel ,

10 >(
11 data_image_pair: DataImagePair ,
12 ) {
13 // Load the de -lighter model.
14 let mut model = ModelType ::new(
15 "./ my_model_directory/de_light_model.safetensors",
16 );
17

18 // Load input image data.
19 // The image data is stored as RGB data on disk.
20 let color_input_image =
21 image::open(data_image_pair.get_color_image_path ())
22 .unwrap ()
23 .to_rgb8 ();
24

25 let light_color_input_image =
26 image::open(data_image_pair.get_light_color_image_path ())
27 .unwrap ()
28 .to_rgb8 ();
29

30 let uv_are_map_image =
31 image::open(data_image_pair.get_uv_area_image_path ())
32 .unwrap ()
33 .to_luma8 ();
34

35 let height = color_input_image.height ();
36 let width = color_input_image.width();
37

38 // Create an all black output image that will
39 // be filled with the processed pixels.
40 let mut processed_output_image =
41 image:: ImageBuffer :: from_fn(width , height , |_x , _y| {
42 image::Rgb([0, 0, 0])
43 });
44

45
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46 // Iterate over every single pixel in the images.
47 for y in 0.. height {
48 for x in 0.. width {
49 let uv_area_map_pixel = uv_are_map_image.get_pixel(x, y);
50 // This pixel is white in the UV area map and therefore
51 // the pixel of the color texture is mapped to
52 // geometry of the 3D model.
53 // -> Run de -lighter model on it.
54 // Ignore all black pixels in the UV area map.
55 if uv_area_map_pixel [0] > 0 {
56 let color_pixel = color_input_image.get_pixel(x, y);
57 let light_color_pixel =
58 light_color_input_image.get_pixel(x, y);
59

60 // Convert the RGB pixel data to the given color
61 // space and normalize the values to the range
62 // of [-1.0, 1.0].
63 let color_pixel =
64 ColorSpace :: convert_rgb_to_normalized_color_space(
65 color_pixel ,
66 );
67 let light_color_pixel =
68 ColorSpace :: convert_rgb_to_normalized_color_space(
69 light_color_pixel ,
70 );
71

72 // The de -lighter model outputs the processed pixel in
73 // the same normalized range of [-1.0, 1.0] as the
74 // input pixels.
75 let processed_normalized_pixel =
76 model.delight (& color_pixel , &light_color_pixel);
77

78 // Convert the processed pixel back to RGB color space
79 // by de -normalizing the color data again and converting
80 // the used ‘ColorSpace ‘, e.g., Oklab , back to RGB
81 // to write the pixel to the output image.
82 let processed_de_normalized_pixel =
83 ColorSpace :: convert_normalized_color_space_to_rgb(
84 &processed_normalized_pixel ,
85 );
86 processed_output_image.put_pixel(x, y,
87 processed_de_normalized_pixel);
88 }
89 }
90 }
91

92 // Save the processed output image to disk.
93 processed_output_image
94 .save("./ my_output_directory/output.png")
95 .unwrap ();
96 }

Listing A.1: General image pixel data iteration process of the pixel-based de-lighter model.
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