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Abstract

Synthesis, capture and analysis of a highly complex 3D terrain structure are essential for critical
applications such as river/flood modelling, disaster mitigation planning, landslide modelling and flight
simulation. On the other hand, synthesis of natural-looking 3D terrains finds its applications in the
entertainment industry such as computer gaming and VEX. This thesis explores novel learning-based
techniques for the generation of immersive and realistic 3D virtual environments, catering to the needs
of the aforementioned applications. The generation of virtual worlds involves multiple components,
including terrain, vegetation, and other objects. We primarily focus on three key aspects for virtual world
generation: 1) develop novel Al-enabled 3D terrain authoring solutions based on real-world satellite and
aerial data using a learning-based framework, 2) L-systems grammar-based 3D tree generation and 3)

rendering techniques that are used to create high-quality visualizations of the generated world.

Terrain generation is a critical component of 3D virtual world generation, as it provides the founda-
tional structure for the environment. Traditional techniques for 3D terrain generation involve procedural
generation, which relies on mathematical algorithms to generate landscapes. However, deep learning
techniques have shown promise in generating more realistic terrain, as they can learn from real-world
data to produce new, varied, and realistic landscapes. In this thesis, we explore the use of deep learn-
ing techniques for 3D terrain generation, which can produce realistic and varied terrains with high
visual fidelity. Specifically, we propose two learning-based novel frameworks for Interactive 3D Ter-
rain Authoring & Manipulation and Adaptive Multi-Resolution Infinite Terrain Generation. In addition
to terrain generation, vegetation is another important component of virtual world generation. Trees and
other plants provide visual interest and can help create a more immersive environment. L-systems are a
popular technique for generating realistic vegetation, as they are capable of generating complex struc-
tures that resemble real-world plants. In this thesis, we propose a variant of the L-systems for 3D tree
generation and compare the results to traditional procedural generation techniques. Finally, rendering
is a critical component of 3D virtual world generation, as it is responsible for creating the final visual
output that users will see. In addition to terrain and tree generation, this thesis also covers rendering
techniques used to visualize the generated virtual world. We explore the use of real-time rendering tech-
niques in conjunction with terrain generation to achieve high-quality visual results while maintaining

performance.

vi
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Overall, the research presented in this thesis aims to advance the state-of-the-art in virtual world
generation and contribute to the development of more realistic and immersive virtual environments. We
performed extensive empirical evaluation on publicly available datasets to report details qualitative and
quantitative results demonstrating the superiority of the proposed methods over existing solutions in the

literature.
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Chapter 1

Introduction

Virtual world creation has been a topic of research for several decades, with signi cant advance-
ments in technology leading to more realistic and immersive environments as shown in Figure 1.1. The
synthesis, capture, and analysis of intricate 3D terrain structures play a crucial role in various vital
endeavors. These include river/ ood modeling, disaster mitigation planning, landslide modeling, and
ight simulation. Simultaneously, the creation of realistic-looking 3D terrains nds its practical utility
in the entertainment sector, speci cally in computer gaming and VFX.

In this thesis, we explore novel learning-based techniques for the generation of immersive and real-
istic 3D virtual environments, catering to the needs of the aforementioned applications. The generation
of virtual worlds involves multiple components, including terrain, vegetation, and other objects. Our
primary focus is on two key aspects of virtual world generation: 3D terrain authoring solutions based
on real-world satellite and aerial data using a learning-based framework and L-systems grammar-based
3D tree generation. Additionally, we also discuss rendering techniques used to create high-quality visu-
alizations of the generated world.

Terrain generation is a critical component of 3D virtual world generation, as it provides the foun-
dational structure for the environment. Traditional techniques [75] for 3D terrain generation involve
procedural generation, which relies on mathematical algorithms to generate landscapes. However, deep
learning technigues have shown promise in generating more realistic terrain, as they can learn from real-
world data to produce new, varied, and realistic landscapes. This thesis delves into the application of
deep learning techniques in the eld of 3D terrain generation. These technigues enable the creation of
diverse terrains. Our research focuses on two innovative framewaorks: Interactive 3D Terrain Authoring
& Manipulation and Adaptive Multi-Resolution In nite Terrain Generation.

In addition to terrain generation, vegetation is another important component of virtual world gener-
ation. Trees and other plants provide visual interest and can help create a more immersive environment.
L-systems are a popular technique for generating realistic vegetation, as they are capable of generat-
ing complex structures that resemble real-world plants. This thesis introduces a modi ed version of
L-systems designed for generating 3D trees, and evaluates its performance by comparing it to conven-
tional procedural generation methods.



Finally, rendering is a critical component of 3D virtual world generation, as it is responsible for
creating the nal visual output that users will see. In addition to terrain and tree generation, this thesis
also covers rendering techniques used to visualize the generated virtual world. We explore the use
of real-time rendering technigues in conjunction with terrain generation to achieve high-quality visual
results while maintaining performance.

The main objective of this thesis is to advance the state-of-the-art in virtual world generation and
contribute to the development of more realistic and immersive virtual environments. We performed
extensive empirical evaluation on publicly available datasets to report details qualitative and quantitative
results demonstrating the superiority of the proposed methods over existing solutions in the literature.
In the next chapters, we discuss the details of our proposed frameworks for 3D terrain authoring, 3D tree
generation, and rendering technigues used to create high-quality visualizations of the generated virtual
world.

Figure 1.1: A view of southwest US in VBS4 [6] featuring a vast virtual environment with terrain and

trees.

1.1 Motivation

Virtual world generation has become an increasingly important area of research in computer vision,
computer graphics, mixed reality and simulation. Virtual worlds are used in various applications such
as entertainment, education, and training, and they provide a platform for exploring and experiencing
different environments. However, creating realistic virtual environments is a challenging task that re-



quires expertise in multiple domains, including computer graphics, vision, simulation, GIS and arti cial
intelligence.

One of the critical aspects of creating realistic virtual environments is generating the terrain and
vegetation that make up the environment. Traditional methods for generating terrain and vegetation
often require signi cant manual effort and expertise, as well as complex algorithms and techniques.
Recent advances in deep learning have made it possible to generate realistic and diverse terrain and
vegetation along with opening possibilities for incorporating rendering algorithms seamlessly.

The potential impact of our work is signi cant. By reducing the time and effort required to cre-
ate virtual environments, we can lower the barrier to entry for creating immersive and realistic virtual
worlds. This, in turn, can enable a wider range of applications for virtual environments. Furthermore,
our work can also have applications in game development, where virtual environments are critical for
creating immersive gameplay experiences. By generating diverse and realistic virtual environments, we
can enable game developers to create more engaging and captivating worlds that keep players coming
back for more.

In this thesis, we will focus on the development of algorithms for terrain and tree generation in vir-
tual worlds, while also ensuring ef cient rendering. Our objective is to create virtual environments that
realistically mimic real-world landscapes and offer an immersive and engaging user experience. We will
investigate state-of-the-art techniques for terrain and tree generation, examine effective methods for ren-
dering them, and propose novel algorithms to overcome the challenges faced in this area. Furthermore,
we will evaluate the effectiveness of our algorithms using user studies and compare our ndings with
existing techniques. Ultimately, this thesis will advance the creation of virtual worlds and have diverse
applications across various elds.

1.2 Problem Statement

Synthesis, capture and analysis of a highly complex terrain structure (as shown in Figure 1.2) is
essential for critical applications such as river/ ood modeling, disaster mitigation planning, landslide
modeling and ight simulation [17]. These applications demand high resolution details on terrain. Ter-
rain are commonly represented as Digital Elevation Models (DEM), which is a digital le that contains
elevation data for each point on the Earth's terrain and employed in GIS, cartography, engineering, and
environmental studies. DEMs extracted from remotely sensed data are available at coarser resolution
for majority of the planet while only ner resolution is available for limited areas due to challenges in
acquisition and cost implications (e.g., LIDAR and SfM/Stereo).

On the other hand, synthesis of a natural looking terrain as Digital Surface Model (DSM) nds
its applications in entertainment industry such as computer gaming, science ction and fantasy genre
cinematography. The DSMs synthesized with simulation based models include high resolution DEMs
and vegetation layer [5] on top of it to enhance the realism of natural scenes and to further augment



Figure 1.2: Terrain surface represented as (a) Digital Elevation Model, (b), (c) Aerial Image, (d) Hill
shade Model. It consists of complex structural information such as high mountainous region, dense

vegetation, heavy snowfall, : and bare land.

the probes such as trees, plants, grass, etc. However, these DSMs often lack realism as the simulation
models typically do not learn from real world terrain data.

We aim to develop novel Al-enabled terrain authoring solutions with high degree of user control
based on real-world satellite and aerial data using a learning based framework. This would enable
generation of high resolution DEMs and respective vegetation layers. The literature in this direction is
fairly at nascent stage where the state-of-the-art methods either enhances the resolution details of the
captured low-resolution DEMs using multiple modalities such as aerial images [3, 45, 46] or synthesize
the natural looking terrain [23, 4] with limited user control. However, the existing methods limits the
user control and lacks the realism of natural looking terrain when accessed at different scales.

Some of our goals are (1) Using sketches and level-set as inputs, generate realistic looking low
resolution DEM as illustrated in Figure 1.3. Enhance the resolution of a DEM in order to add low level
details and get high resolution DEM. (2) Add user control mechanism to edit the existing sketch and
level sets to artistically change the DEMSs for user speci ¢ requirements maintaining realism in modi ed



Figure 1.3: Converting user drawn sketch to terrain gives high degree of control to the user.

DEM. (3) Generate arich library which contains diverse 3D tree and grass models using real-world data
of 2D image samples. Render the vegetation layer using the library and integrate it with high resolution
DEM to get fully synthesized digital surface model. (4) Rendering of thousands of trees on a large
terrain surface is a computationally challenging for a real-time navigation applications. We would like
to explore the multi-resolution representation of rendering details. A high level overview of the problem
statement is shown in Figure 1.4.

1.3 Application areas

Virtual worlds have diverse applications ranging from gaming and simulations to education and
tourism. Below, we will explore some of these applications.



Figure 1.4: A high level overview of the problem statement.

1. Gaming: Virtual worlds have become a popular medium for entertainment and gaming (Fig-
ure 1.5), providing players with immersive experiences through realistic terrain and vegetation.
Game developers leverage virtual world creation techniques to generate diverse environments that
align with the game's theme and storyline. For instance, they can design lifelike landscapes for
survival games or craft fantasy worlds for role-playing games. A notable example is Minecratft,
which employs a terrain generation algorithm that combines various noise functions to produce
a range of biomes, landscapes, and natural features, including mountains, caves, and rivers. This
approach yields a broad range of environments for players to explore and interact with. Addition-
ally, Minecraft's tree generation algorithms use speci ¢ rules based on the type of biome, tree,
and availability of light and space to randomly generate trees in various biomes.

2. Films: Animated Ims bene t greatly from virtual environments (Figure 1.6) that offer immersive
settings for characters to engage with. Using terrain and tree generation techniques, creators can
design highly realistic and detailed backgrounds that provide a natural and believable environment
for characters to inhabit. This results in an enhanced viewing experience where the virtual world
feels seamless and integrated with the story.

3. Flight simulation: Terrain generation is a critical component of ight simulations, as it provides
a realistic and immersive experience for pilots and trainees as shown in Figure 1.7. One popular
application of terrain generation in ight simulations is the creation of virtual environments and
rendering them in real-time that simulate real-world conditions, allowing pilots to train in different
scenarios and environments.



(a) Minecraft [64] (b) Elder Scrolls V: Skyrim [87]

Figure 1.5: Terrain and trees in games.

Figure 1.6: A shot from the IniThe Lion King[41] with terrain and vegetation in the background

4. Emergency Response TrainingVirtual worlds are also used in emergency response training to
simulate realistic scenarios without endangering the lives of emergency responders. Terrain and
tree generation techniques can help create realistic landscapes that replicate real-world environ-
ments, providing trainees with an immersive and effective learning experience.

5. Architecture and Landscape Design Virtual worlds can be used in architecture and landscape
design to simulate different building and landscape designs. Terrain and tree generation tech-
niques can help create realistic models of the environment, allowing architects and designers to
visualize the impact of their designs on the surrounding environment like Figure 1.8. This can aid
in sustainable design practices and in creating buildings and landscapes that are in harmony with
the natural environment.

6. Education: Virtual worlds are increasingly being used in education to provide interactive and
engaging learning experiences. Terrain and tree generation techniques can help create educa-



10.

Figure 1.7: Vast terrain and detailed treedicrosoft Flight Simulatof63].

tional virtual environments that simulate different ecosystems, enabling students to learn about
geography, geology, and ecology in an immersive and interactive way.

Tourism: Virtual worlds can be used in tourism to provide a preview of potential travel destina-
tions. Terrain and tree generation techniques can help create realistic virtual environments that
allow tourists to explore and experience a destination before they actually travel there. For exam-
ple, virtual reality tours of natural landmarks and tourist destinations can be created using virtual
world creation techniques.

Environmental Studies and Conservation Virtual worlds can be used to simulate different
ecosystems and their dynamics, enabling researchers to study environmental changes and their
impact on ora and fauna. Terrain and tree generation techniques can help create realistic mod-
els of ecosystems, allowing researchers to study the impact of climate change, natural disasters,
and human activities on different environments. This can aid in conservation efforts and help in
creating sustainable solutions.

. Art and Design: Virtual worlds can be used in art and design to create virtual sculptures, instal-

lations, and other artworks that are inspired by natural landscapes. Terrain and tree generation
techniques can help create realistic models of different environments, allowing artists to create

immersive and interactive artworks that replicate natural landscapes. This can create new oppor-
tunities for artists to explore and experiment with different forms of art and design.

Real Estate and Property DevelopmentVirtual worlds can be used in real estate and property
development to simulate different types of properties and their impact on the environment. Ter-



Figure 1.8: Virtual trees covering ti@entral Vista Projectdesign [11].

rain and tree generation techniques can help create realistic models of the environment, allowing
property developers to visualize the impact of their developments on the surrounding landscape.
This can aid in sustainable property development practices and in creating properties that are in
harmony with the natural environment.

Despite the progress that has been made in virtual world creation, there are still challenges that need
to be addressed. For example, generating realistic vegetation can be computationally expensive, and
there is a need for more ef cient algorithms that can generate vegetation in real-time. Additionally,
the ability to generate dynamic and interactive landscapes that respond to user input and environmental
factors is an area of active research.

Overall, our thesis aims to contribute to the growing eld of virtual world generation using deep
learning techniques, with the potential to impact various applications and elds. We believe that our
work can help advance the state-of-the-art in virtual world generation, enabling designers and developers
to create more immersive and realistic virtual environments.

1.4 Research Landscape

1.4.1 Computer Vision Landscape

Computer vision techniques such as image generation and super-resolution can be used in the cre-
ation of virtual worlds, particularly for generating realistic terrain. For example, image generation



techniques can be used to synthesize new terrain height-maps and features based on real-world exam-
ples or other references (chapter 2, chapter 3, chapter 5), while super-resolution techniques can be used
to enhance the resolution and detail of existing terrain data (chapter 3, chapter 5). These techniques
can help create more immersive and visually appealing virtual worlds for various applications, such as
gaming, simulation, and training.

1.4.1.1 Generation

Generative modeling is a sub eld of machine learning that focuses on building models that can gen-
erate new data samples that are similar to the data that they were trained on. Generative models are
particularly useful in a variety of applications such as terrain generation, terrain completion (inpaint-
ing/outpainting) and terrain super-resolution.

Three popular generative models are Generative Adversarial Networks (GANs) [21] (chapter 2, chap-
ter 5), Variational Autoencoders (VAES) [44] (chapter 2), and Diffusion Models [69, 13] (chapter 3).
Each of these models has its own strengths and weaknesses, and understanding the differences between
them is important for choosing the right model for a particular application.

Generative Adversarial Networks (GANS) are a type of generative model that involves training two
neural networks: a generator network and a discriminator network. The generator network takes as
input a random noise vector and generates a sample that is intended to look like it came from the
training data. The discriminator network takes as input a sample, and tries to classify whether it is
a real training sample or a fake sample generated by the generator network. The two networks are
trained simultaneously, with the generator network trying to fool the discriminator network, and the
discriminator network trying to correctly classify the samples. The training process can be represented
by the following objective function:

minmaxV(D;G) = Ex py (0[109D(X)]+ E; p,(»llog(l  D(G(2)))] (1.1)

whereG is the generator network) is the discriminator networkg is a sample from the training
data distributiorpgata, Z is a noise vector sampled from a prior distributipn andG(z) is the output
of the generator network when given input

Variational Autoencoders (VAES) are another popular type of generative model that involves training
an encoder network and a decoder network. The encoder network takes as input a sample from the
training data, and outputs a distribution over a lower-dimensional latent space. The decoder network
takes a sample from the latent space and generates a sample that is intended to look like it came from
the training data. The training process involves maximizing a lower bound on the log-likelihood of the
training data, and can be represented by the following objective function:

Lvae = Eq @inllogp (xj2)] + KL (q (zjx)jip(2)) (1.2)
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whereq (zjx) is the encoder networlg, (xjz) is the decoder network, is a latent variable sampled
from a prior distributionp(z), x is a sample from the training data distribution, afd denotes the
Kullback-Leibler divergence between two distributions.

The diffusion models are another class of generative models introduced in the seminal work by [90].
These models were further improved by [30, 69, 13] until recently when they eventually beat GANs on
image synthesis task. They involve modeling the process of diffusion, or the gradual smoothing out of
sharp features in a signal. The diffusion process is modeled using a sequence of stochastic differential
equations, and the generative process involves inverting this diffusion process to generate samples. The
training process involves minimizing the negative log-likelihood of the training data. The diffusion
process involves iteratively adding Gaussian noise to the signal, and then applying a transformation to
the signal to smooth out the noise. The generative process involves inverting this diffusion process to
generate new samples that are similar to the training data.

Overall, GANs, VAEs, and Diffusion Models are all powerful generative models that can be used for
a variety of applications. GANs are particularly effective at generating realistic-looking images, while
VAEs are well-suited for generating structured data such as text and music. Diffusion Models have
shown promise in generating high-quality images and other types of signals.

In summary, generative modeling is a sub eld of machine learning that focuses on building models
that can generate new data samples that are similar to the data that they were trained on. GANs, VAES,
and Diffusion Models are all popular generative models that each have their own strengths and weak-
nesses. By understanding the differences between these models, researchers can choose the right model
for a particular application and achieve high-quality generative results.

1.4.1.2 Super-resolution

Super-resolution refers to the process of increasing the spatial resolution of an image beyond the limit
imposed by the physical sensor or imaging system. We employ super-resolution for terrain enhancement
in chapter 3 and chapter 5.

One of the most popular approaches for super-resolution is based on the use of convolutional neural
networks (CNNs). In this approach, a CNN is trained to learn the mapping between low-resolution and
high-resolution images. The CNN takes a low-resolution image as input and outputs a high-resolution
image that is as close as possible to the ground-truth high-resolution image. The training is typically
done using pairs of low-resolution and high-resolution images, with the aim of minimizing the difference
between the output of the CNN and the ground-truth high-resolution image.

Mathematically, super-resolution can be formulated as follows.xUs the low-resolution signal,

y be the high-resolution signal, ahtl be the up-sampling operator that map® y. Then, the super-
resolution problem can be written as:

x = argminjiy Hxjj? (1.3)
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Various methods have been proposed for solving the super-resolution problem, including bicubic
interpolation, iterative algorithms, and deep learning based approaches. The deep learning based ap-
proaches have shown state of the art performance in recent years, achieving high quality super resolution
results on a wide range of images.

Overall, super-resolution is an important topic in image processing and computer vision, with appli-
cations in elds such as remote sensing, microscopy, and medical imaging.

1.4.2 Computer Graphics Landscape

Computer graphics techniques play a critical role in virtual world creation by enabling the generation
and rendering of realistic and visually appealing environments. Some of the common computer graphics
techniques used in virtual world creation include 3D modeling, texturing, lighting, and rendering. 3D
modeling involves creating digital representations of objects such as trees, while texturing adds details
and surface characteristics to these models. Lighting is used to simulate realistic lighting conditions in
the virtual environment, while rendering produces the nal image or animation by processing the 3D
models with textures and lighting. These techniques are used in various applications, including video
game development, virtual reality experiences, and architectural visualization, to create engaging and
immersive virtual worlds.

1.4.2.1 Rendering

Rendering refers to the process of generating an image from a 3D model or scene by simulating the
behavior of light and other physical phenomena. It is a crucial component of computer graphics, and is
used in a wide range of applications including video games, Im and television, architecture and design,
and scienti c visualization.

Rendering typically involves several stages, including modeling, texturing, lighting, and shading
[101]. During the modeling stage, the 3D geometry of the objects in the scene is created or imported
from a le. Texturing involves applying 2D images to the surfaces of the 3D models in order to give
them color and detail.

Lighting [52] is one of the most important aspects of rendering, as it determines how the objects in
the scene will be illuminated. Different types of lighting can be used, including directional lights, point
lights, and ambient lighting. In addition to lighting, shading is used to determine how light interacts
with the surfaces of the objects in the scene, taking into account factors such as re ection, refraction,
and absorption.

Once all of the components of the scene have been created and con gured, the rendering engine
calculates how light interacts with each object in the scene, and generates an image that represents
what the camera would see if it were positioned in the scene. This image can be further processed or
post-processed in various ways to create the nal output.
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One of the most important factors in rendering is the choice of rendering algorithm. Different al-
gorithms have different strengths and weaknesses, and the choice of algorithm will depend on factors
such as the desired level of realism, the size and complexity of the scene, and the available hardware
resources. For example, real-time rendering algorithms such as rasterization [104] are optimized for
speed and interactivity, while of ine rendering algorithms such as ray tracing [105] and path tracing
[103] are optimized for accuracy and realism.

Overall, rendering is a complex process that requires a combination of artistic skill and technical
knowledge. Advances in rendering technology have enabled increasingly realistic and immersive virtual
environments, and have opened up new possibilities for creative expression and scienti ¢ visualization.

1.4.2.2 Shaders

Shaders [53] are an essential part of computer graphics, providing the means to de ne how light
interacts with surfaces and creating the visual effects that bring digital images and animations to life.
They are small programs written in specialized languages that run on the graphics processing unit (GPU)
of a computer, and they can be used to create a wide range of visual effects, from realistic lighting and
shadows to abstract shapes and patterns.

There are several types of shaders used in computer graphics, each with its own speci ¢ purpose.
Vertex shaders are used to manipulate the geometry of 3D objects by transforming their vertices. Frag-
ment shaders, also known as pixel shaders, control how the color and other properties of individual
pixels are computed. Geometry shaders [51] operate on entire primitives, such as triangles or lines, and
can be used to generate new primitives or modify existing ones. Tessellation shaders [54] are a relatively
new type of shader that can be used to dynamically subdivide geometry into ner detail, allowing for
more detailed and organic shapes. Tessellation shaders can be used to create highly detailed organic
shapes, such as landscapes or human faces, that would be dif cult or impossible to create using tradi-
tional polygonal modeling techniques. Compute shaders [50] are a more general-purpose type of shader
that can perform complex calculations on data without necessarily generating any visible graphics.

Shaders are typically written in specialized languages such as OpenGL Shading Language (GLSL)
[39]. These languages are designed to be highly optimized for use on GPUs and to allow developers to
write code that can run in parallel on multiple cores.

In summary, shaders are a crucial component of modern computer graphics, providing the means to
create a wide range of visual effects and simulations. They require specialized knowledge and tools to
develop, but can be used to create stunning and realistic graphics that would be impossible to achieve
with traditional rendering techniques.

1.4.2.3 Tools Used

OpenGL OpenGL is a cross-platform graphics API (Application Programming Interface) that provides
developers with a set of functions to create interactive 2D and 3D graphics applications. OpenGL
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is widely used in video games, scienti ¢ visualization, CAD, and virtual reality applications. It

is also supported on a variety of platforms, including Windows, Linux, and macOS. Some of the
key features of OpenGL include support for advanced lighting and shading techniques, hardware-
accelerated rendering, and the ability to render large models in real-time.

Blender Blender is a 3D computer graphics software that is used for creating animated Ims, visual
effects, 3D models, and video games. It is an open-source software that is available for free
and is supported on Windows, Linux, and macOS. Blender features a powerful set of tools for
modeling, sculpting, texturing, and animating 3D objects. It also has a built-in game engine
that allows developers to create interactive 3D games. Other notable features of Blender include
support for a variety of le formats, GPU rendering, and the ability to create simulations such as
uid and smoke simulations.

Terragen Terragen is a landscape generator and rendering software that is used for creating photorealis-
tic landscapes and natural environments. Terragen is often used in Im and television productions,
as well as in video games and architectural visualization. Terragen can generate a wide range of
natural environments, including mountains, deserts, forests, and oceans. It also features a vari-
ety of tools for terrain sculpting, vegetation placement, and atmospheric effects such as clouds
and fog. Other notable features of Terragen include support for advanced lighting and shading
techniques, GPU rendering, and the ability to create large-scale landscapes.

1.4.3 GIS Landscape

Geographic Information Systems (GIS) [100] is a powerful tool that can be used to create virtual
worlds that simulate real-world landscapes and environments. Two key components of GIS that are
essential for virtual world creation are Digital Elevation Models (DEMs) and satellite imagery.

A Digital Elevation Model (DEM)[99] is a representation of the topography of a landscape. It is
a digital dataset that describes the elevation of points on the surface of the earth, typically at regular
intervals (e.g., every 30 meters or every 1 arc-second). TINs, on the other hand, are made up of a set of
non-overlapping triangles, each with its own set of vertices and elevation values. Other data structures
like point clouds and level sets are also used for terrain representation. Terrain data can be captured
through various methods, including LiDAR, photogrammetry, and ground surveying.

Airborne lidar [102] is a popular method for capturing DEM data because it provides high spatial
resolution and accuracy. Lidar uses laser pulses to measure the distance between the sensor and the
ground, creating a point cloud that can be used to generate a DEM. Ground-based surveying involves
physically measuring elevation at various points on the ground, which can be time-consuming and ex-
pensive. Satellite-based radar is another method for capturing DEM data, but it typically has lower
resolution and accuracy compared to lidar.

Satellite imagery is another important component of GIS for virtual world creation. Satellite imagery
can be used to create realistic textures and colors for virtual landscapes. There are a variety of satellite
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sensors that capture imagery at different spatial and spectral resolutions. For example, Landsat satellites
capture imagery at 30-meter spatial resolution, while high-resolution commercial satellites can capture
imagery at resolutions as ne as 30 centimeters.

TheUS Geological Survey (USGE] is a key provider of DEM and satellite imagery data for GIS
applications. The USGS provides a web-based portal for accessing and downloading a variety of GIS
data, including DEMs and satellite imagery. The USGS provides free and open access to Landsat im-
agery. In addition, the USGS provides a variety of other GIS data, such as hydrography, transportation,
and land cover.

Other related topics that may be relevant for virtual world creation using GIS include geospatial
analysis, 3D modeling, and spatial data management. Geospatial analysis involves using GIS tools to
analyze and manipulate geospatial data, such as creating slope or aspect maps from DEM data. 3D
modeling involves using GIS data to create realistic 3D visualizations of virtual landscapes. Spatial
data management [22] involves organizing and storing geospatial data in a way that facilitates ef cient
analysis and visualization.

Overall, GIS is a critical tool for virtual world creation, and DEMs and satellite imagery are two
key components of GIS that are essential for creating realistic virtual landscapes. The USGS is a key
provider of GIS data for virtual world creation, including DEMs and satellite imagery. Other related
topics, such as geospatial analysis, 3D modeling, and spatial data management, may also be important
for creating high-quality virtual worlds using GIS.

1.5 Background and Related Work

1.5.1 Terrain Generation

Terrain generation can broadly be categorised into traditional and learning based approaches. We can
further subdivide traditional approaches into noise-based, example-based and simulation-based tech-
niques. On the other hand, we divide learning based methods based on the applications and techniques
they use.

Noise based approaches are among the most commonly used methods due to their simplicity. Noise
based functions are mainly of two types, value noise in which we interpolate between random values
at xed grid points and gradient noise in which we interpolate between random gradients in xed grid
points. Examples of noise based approaches are Perlin Noise [75, 76], Simplex Noise [24] or diamond
square algorithm [15]. Perlin noise is a type of gradient noise and has been used extensively to generate
terrains [72, 56] due to its ef ciency and simplicity. Perlin noise uses random gradient values at grid
points. For any point within the square grid, we calculate the dot product of the directional vector from
the grid corner to the point with the random gradient vector on the grid. We then smoothly interpolate
between the dot products to determine the elevation value at the given point. Let us denote Perlin noise
by noiséx;y), such that we get an elevation value at samptgd2 R?. We use fractional Brownian
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Figure 1.9: lllustration of fractal Perlin Noise along with its octaves. For this rendifiprs 2:0,

ap =0:5andN, = 3.

motion (fBm) [62, 74] to fuse multiple frequencies of Perlin noise. Let us denote the frequency of fBm
for Perlin noise by, 2 [1;1 ), persistence,, 2 [0; 1] and the number of octavesig 2 [1;1 ). Then
fractal Perlin noise is given by,

o

p Y (1.4)

b noise(fg) X f

i=1

Figure 1.9 renders a terrain corresponding to Equation 1.4. Figure 1.9 (b), (c) and (d) correspond to
the sum terms far=1,2 and 3 called octaves, o, andog of Perlin noise respectively whereas Figure 1.9
(a) is the fBm summation of those terms as given by Equation 1.4. This equation relies on the fractal
property of terrains, that is terrains exist as self-repeating structures at different scales and frequencies.

Simulation based methods consist of erosion tools [67, 8, 9], such that given a terrain, an erosion
process is simulated over it to produce natural terrain patterns. Whereas example based methods use
examples or sketches of terrains to generate terrains [117, 29].

Learning based methods for terrain generation were primarily dominated by GAN [20, 65, 35] and
VAE [43] based methods. Conditional GANs [65] are an extension of GAN which learn a conditional
distribution. Pip2Pix [35] is a conditional GAN image to image network which have been employed by
[23] to convert user inputs such as ridges and valley into terrain. Similarly, [116] used an adversarial
loss to amplify terrain with style components.

Image completion inpainting, and outpainting have gained attention in recent years due to the
advancements in deep learning techniques. Image completion [34] and inpainting [73, 108] involve
lling in missing parts of an image. It is a challenging task as the missing parts of the image can be
irregular in shape and texture. Outpainting [109] involves generating new content beyond the boundaries
of the input image that can be used to generate high-resolution images from low-resolution inputs, as
well as to create panoramic images from a single image.

1.5.2 Terrain Enhancement

Terrain enhancement involves adding details to the terrain. Traditionally, this has been achieved
through the use of simulation erosion models [67, 106] on top of generated terrain, which can be time-
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consuming despite adhering to physical laws. In recent years, deep learning methods have become
popular for terrain enhancement, with techniques such as [23] seeking to learn erosion features to ac-
celerate the process.

Terrain enhancement can be framed as a terrain super-resolution problem, wherein low-resolution
terrain DEM is converted to a higher resolution. Methods such as [3, 46] employ ortho-photo and depth
map pairs to super-resolve low-resolution terrain patches using techniques such as attention feedback
networks. Other methods, such as [47, 36] use only the depth map to super-resolve terrain. Other
enhancement techniques such as [116] enhance while incorporating style embeddings.

Progressive super-resolutiorj48, 49, 97] is a type of image super-resolution technique that involves
creating a series of intermediate images with increasing resolution until the desired nal resolution is
achieved. This intermediate image is used as input to generate another image with a higher resolution,
and the process is repeated until the nal desired resolution is achieved. The advantage of this approach
is that it can produce high-quality images with much higher resolution than the original input image.

1.5.3 Tree Generation

There exist many classes of methods to model trees. Some of the classes are parametric methods,
image-based methods, modelling through 3D reconstruction, learning-based methods, grammar-based
methods, etc.

Parametric methods are often much harder to understand and work with. Weber and Penn [98]
introduced a system to model trees using a parametric approach. Their method is implemented in
blender as a famous plug8apling Tree Gen98] also proposed additional use cases in their work such
as pruning of trees, wind sway, vertical attraction and tropism in trees, etc.

Image-based modelling techniques [95, 26, 78] are used to model the most realistic trees but cannot
t many use cases because of lack of scalability. Some methods such as [89] lie at an intersection of
image based approaches and grammar based approaches to model trees.

[95] proposed a model using an image-based approach. Their method used structure from motion and
other post-processing techniques to model trees. Other methods exist such as single image approaches
[26] and multiple image approaches [84], [78]. Methods of 3D reconstruction such as [110] use an
exemplar database consisting of real trees reconstructed from scanned 3D data. This approach similarly
lacks scalability due to the dif culty in the acquisition of data. Additionally, in use cases like modelling
forests, these methods will not work because a single set of 20 to 30 images produces a single tree and
these models lack stochasticity to produce variations in those trees. Producing a forest may require a big
database of images and computational needs can be too expensive. More importantly, the stem structure
information might be incomplete due to occlusion of leaves and hence it is not easy to animate such
reconstructed trees.

Learning-based methods have been proposed to model trees. One such strategy is inverse procedu-
ral modelling [111], [80], [92], [91] in which the parameters of grammar-based models or parametric
models are estimated given the data such as tree models. Other learning-based approaches such as [2]
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take images as input but mainly focus on 2D trees, though they have a limited extension to 3D. Further
work on Interactive procedural modelling like [60] provided for manual interaction for the 3D artist
reducing their design process. Whereas [12], [38] optimise procedural modelling approaches at scale
to ef ciently generate forest for virtual world creation at reduced time and memory requirements. On
the other hand, [40] presented a visually optimised method to make tree generation and rendering more
suitable for applications in VR/AR.

Grammar-based approaches, such as the proposed work is based on the interpretation of the grammar
provided by the user. Different methods of interpretation vary the expressibility and the number of
species that can be modelled. L-system and its extensions [57] are popular grammar-based method
to model trees. In [57], the grammar is rst expanded and then interpreted to give results. Another
grammar-based approach was proposed by [93]. Their model is easy for a user to understand thereby
giving the user bigger exibility to model trees but is not able to model a wide variety of trees. The
limitation on the variety of trees is because all of their geometric parameters are set globally, i.e., it is
the same for all types of stems. This makes it harder to model local variations present in trees. The
proposed model overcomes this limitation by allowing the user to specify local variations in the tree
structure.

1.5.4 Terrain Rendering

Terrain rendering refers to the process of creating a visual representation of a three-dimensional
terrain. There exist many terrain rendering techniques in the literature [71, 31, 112, 59], with some
popular ones being ROAM [14], Geometrical MipMapping [10], Geometry Clipmaps [61] and quad-
tree based.

The ROAM algorithm [14] is a technique used for real-time mesh adaptation that maintains contin-
uous triangulations with the aid of priority queues. It utilizes pre-processed bintree triangles to enhance
its performance. Geometrical MipMapping [10] is a block-based terrain rendering algorithm that re-
duces CPU processing time by dividing the terrain into grid-based tiles. The algorithm is designed to
focus on GPU hardware-based rendering and minimize CPU overhead. Geometry Clipmap [61], is an-
other ef cient algorithm for caching terrain in nested regular grids around the viewer, providing visual
continuity, uniform frame rate, and graceful degradation.

Quadtree-based terrain rendering[70, 113, 107, 83] is a another popular approach for rendering
large-scale terrains. A quadtree is a hierarchical data structure that recursively divides a 2D space into
four equal-sized quadrants. The basic idea behind quadtree-based terrain rendering is to divide a large
terrain into a set of smaller tiles, each of which is represented by a node in a quadtree data structure. The
terrain is initially represented by a single node at the highest level of the tree. This node is recursively
subdivided into four child nodes, each of which represents a quadrant of the terrain. This process is
repeated recursively for each child node until a desired level of detail is reached. Quadtree-based terrain
rendering also allows for ef cient culling of non-visible portions of the terrain, since each quad can be
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individually culled. During rendering, the quadtree is traversed starting from the root node, and tiles
that are visible in the current view frustum are recursively subdivided and rendered.

1.6 Thesis contribution

(a) Generated terrain (b) Generated trees

Figure 1.10: Terrain and trees generated using our methods.

The primary focus of this thesis is to address the challenges of generating terrain and vegetation
components of virtual worlds as shown in Figure 1.10. Speci cally, this thesis will explore the use
of learning-based generative approaches for terrain generation and L-systems for tree generation. The
goal is to develop ef cient and effective methods to generate visually realistic and varied terrain and
vegetation. Furthermore, this thesis also aims to address the challenge of real-time rendering of virtual
worlds. Achieving real-time rendering of complex virtual environments is computationally demanding.
Therefore, this thesis aims to investigate novel rendering technigues which can be seamlessly integrated
with generative algorithms and achieve real-time performance while maintaining high visual delity.

The expected outcomes of this thesis are to develop a system for generating and rendering virtual
worlds that can be used in various applications, such as gaming, simulation, education, and training. The
system should be ef cient, scalable, and able to handle different types of terrain and trees. The system
should also be exible, allowing for customization and modi cation by users. By addressing these
challenges, this thesis aims to contribute to the development of more ef cient and effective techniques
for creating virtual worlds. The chapter-wise enumeration of our contributions are as follows:

1. Deep Generative Framework for Interactive 3D Terrain Authoring and Manipulation [68]

« Proposal of a novel terrain authoring framework that utilizes a combination of VAE and
conditional GAN model to generate multiple variants of terrain from a single input.

» Learns a latent space from a real-world terrain dataset.
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< Presents an interactive tool that enables users to generate diverse terrains.

2. Adaptive & Multi-Resolution Procedural In nite Terrain Generation with Diffusion Models
and Perlin Noise[36]

< A novel adaptive multi-resolution framework for generating terrains that combines a diffu-
sion based generative network and frequency-separated terrain features.

» SOTA terrain super-resolution for enhancing generated terrain patches.

* Novel kernel-based blending method for generating in nite terrain with realistic terrain fea-
tures using Perlin noise.

3. Automated Tree Generation Using Grammar & Particle System[37]

« Grammar-based solution for 3D tree generation that can model a wide range of species
improving the interpretability and expressibility of L-systems.

» Adopts a particle system approach for foliage, models the tree growth variations, changes in
foliage across seasons, and leaf structure.

» Blender add-on developed for use, which can be used for ef cient 3D tree generation along
with a library of Indian and Western tree species.

4. Real-Time Terrain Generation and Rendering

A learning based framework for in nite terrain generation and level of detailing.
« Arendering algorithm seamlessly integrated with the generative framework.

» Application developed using OpenGL and GLSL with quad-tree based data management,
added with botanical trees for aesthetics and user immersion.

1.7 Thesis organisation

This thesis is structured into several chapters that address different aspects of creating a virtual world.
Chapter 1 established the problem and motivation for the research, as well as provided a background
overview of the necessary topics. Chapter 2 focuses on generating and manipulating terrain patches,
which form the basis of the virtual world. Chapter 3 extends this concept to create in nite terrains
through an adaptive and multi-resolution approach. Chapter 4 covers the generation of trees, which
enhances the realism of the virtual world by improving the interpretability and expressibility of L-
systems. Chapter 5 builds upon the previous chapters to create a fully realized virtual world, complete
with generated terrain and trees, rendered through a seamlessly integrated algorithm. The concluding
chapter, Chapter 6, provides a summary of the research and discusses potential future directions for
further study.
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Chapter 2

Deep Generative Framework for Interactive 3D Terrain Authoring and

Manipulation

2.1 Introduction

In the previous chapter we introduced the problem and goals. In this chapter, we continue our
discussion by introducing the generation and manipulation of the fundamental building blocks of our
virtual world - terrain patches. 3D Terrain modelling aims to create a digital representation of the real-
world topography and is useful in both scienti ¢ applications surrounding land surface processes like
ooding, soil erosion, as well as virtual terrain rendering in graphics and computer vision applications.

It is also most sought for by the multimedia applications like Virtual Reality (VR) models and gaming.
The real-world terrains undergo a range of natural transformations such as erosion, weathering, and
landslides over the years, leading to the formation of complex topographies such as hills, mountain
ranges, canyons, plateaus, and plains. This makes 3D terrain generation and authoring a challenging
task. Existing 3D terrain authoring and modelling techniques have addressed some of these and can be
broadly categorised ggocedural modelling, simulation methacagndexample-based metho(tefer to

[18] for a detailed survey).

Recent advancements in deep learning have enabled us to learn diverse terrain features for tasks
like terrain ampli cation [46], modi cations [85], etc. In the context of deep learning-based automated
3D terrain authoring, the literature is very sparse. One of the most relevant example-based 3D terrain
authoring methods referred to in this workie&ynthNef25], trains a conditional Generative Adversarial
Network (cGAN) on a large set of real-world terrain data to generate realistic virtual terrains from hand-
drawn user inputs. However, they provide limited user control and generate a single terrain for a given
input. Additionally, their method allows the use of either drawing of level-sets or ridge/valley strokes
(with altitude cues). However, these two representations are complementary and jointly provide richer
information for terrain authoring tasks.

In this chapter, we propose a novel realistic 3D terrain authoring framework powered by a combina-
tion of Variational Auto-encoder (VAE) [44], and conditional GAN model. Our framework attempts to
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Figure 2.1: Generation of multiple variants of terrain from a single input topographic map sketch.

overcome the limitations of TSynthNet by learning a latent space from a real-world terrain dataset. This
latent space allows us to generate multiple variants of terrain from a single input (as depicted in Fig-
ure 2.1) as well as interpolate between terrains while keeping the generated terrains close to real-world
data distribution (Figure 2.2).

We also design a novel VAE loss function to exploit sparse topographic features like ridge/valley
lines. Finally, we developed an interactive tool that lets the user model diverse 3D terrains with minimal
inputs. We perform a thorough qualitative and quantitative analysis and provide a comparison with
TSynthNet to show the superiority of our method over SOTA methods. Our codebageproject
pagé are publicly accessible.

2.2 Methodology

We propose a two-stage framework to learn the topographical structure of real-world terrains from
existing datasets and generate plausible DEM from input sketches that can be thougbpogesphic
mapsprimarily consisting of DEM level-sets and ridge/valley lines representing underlying abstract
topological features of the terrain. Learning such a latent space enables two key use-cases of the pro-
posed method, namely, automated generation of multiple variants of terrain from a single user input
sketch and interpolating between two terrains while keeping the generated virtual terrains closer to a

https://github.com/Shanthika/TerrainAuthoring-Pytorch
2https://shanthika.github.io/terrain_authoring/
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Figure 2.2: Terrain generation, interpolation and sampling by the proposed framework.

Figure 2.3: The architecture of the proposed two-stage deep generative framework.
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real-world dataset consisting of realistic topographical features. Figure 2.3 provides an overview of the
proposed two-stage framework.

2.2.1 Stage 1: Latent Space Learning

In the rst stage, we aim to learn a generative latent space for topographic maps using a Variational
Auto-encoder (VAE) model from a real-world terrain dataset. We extract ground truth topographic
maps from real-world terrain data (see Section 2.3.1) and autoregress using VAE to learn the latent
space. Leflinp be our (hand-drawn) input sketches representing a rough topographic map. VAE learns
to approximate a distributiog(z) and learns the parametersaand , from which the latent vectar is
sampled using the re-parameterization trick as + , Where is sampled from a Standard Normal
distribution. This sampled vector is fed to the decoder, which pretijgtsthat is the reconstruction of
original inputTinp .

We propose a novel auto-regressive reconstructionlaggns between VAE inpufli,, and output
Trec by modifying the traditional Binary Cross Entropy (BCE) loss to emphasize the ridge/valley lines
in the topographic map.

We propose to give higher weightage to the loss on red and blue channels to give more importance to
ridge and valley lines/strokes in the topographic map sketches. Additionally, a traditional KL divergence
lossLk, ensure that the probability distribution of latent veczdpllows a Standard Normal distribu-
tion. Thus, the nal VAE losd.y ae is a combination of reconstructidnecons and KL divergence loss

Lvae = Lrecons *+ Lk (2-1)

The parameter in Eq.2.1 is the weighting of the latent lbogs which is set to 0.65.

2.2.2 Stage 2: DEM Generation

The second stage consists of a conditional Generative Adversarial Network (cGAN) (Pix2pix [35])
model that generates plausible DEM output. This stage aims to generate the DEM given user topo-
graphic map sketch or, in our case, generated sketch from the previous stage.

The overall network is trained such that both gener@and discriminatoD reach a Nash equi-
librium by playing a two-player minimax game while optimizing the value functid&; D )[35]. We
use L1 loss for reconstruction from the generator, Ld.(G). So the nal loss for cGAN training is
givenin Eqg. 2.2.

L = rgin rBax [V(D;G) + L1(G)] (2.2)
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Table 2.1: Comparison with baseline and TSynthNet [25].

Method RMSE# | PSNR"
TSynthNet [25] 5.391 | 31.875
Baseline (VAE) 9.229 7.322
Our model (VAE+cGAN) 4.743 | 34.189

2.3 Experiment Details

2.3.1 Dataset

We use a popular DEM dataset used by other relevant works in the literature, e.g., [3, 47] which
is part of DEMs of mountain ranges named Pyrenees [33] and Tyrol [86], respectively. DEM patches
with a resolution of 2m/pixel have been used as ground truth elevation maps. Original DEM tiles were
split into 200200 pixels. We randomly sample 3000 image patches for training and 878 image patches
for testing. More details about the dataset can be referred from [47]. We prepare the training dataset
by extracting the topographic map input sketches as RGB images from DEMs. Here the Green channel
is dedicated to representing the elevation in the form vel-sets while the Red(/Orange) and Blue
channels are used to represent ridge and valley lines, respectively.

2.3.2 Implementation Details

Our VAE model is a 12 layer network with 6 layers in the encoder and 6 layers in the decoder. The
latent space dimension is set to 128. All the layers consist of a 3x3 convolution with a stride of 2 and
padding of 1, followed by Batch Normalization and using Leaky ReLU non-linearity. Adam optimizer
was used to update the parameters with a learning ra@06fL and an exponential scheduler with
gamma set t@:95 while training the VAE.

Our conditional GAN generator is a U-net inspired Pix2pix architecture [35]. This model was trained
using Adam optimizer with a learning rate @002 ; set to0:5and , as0:999for both Generator
and Discriminator. All our experiments were performed on a single Nvidia GTX 1080Ti.

2.3.3 Results

We provide quantitative evaluation results in Table 2.1. We can observe that we obtained superior
performance with RMSE of:743 and PSNR 0f34:189 from our model (VAE+cGAN) and beat the
SOTA TSynthNet. We also demonstrate the results with the Baseline model (i.e., single-stage VAE
based DEM generation) also performs inferior to our model, justifying need for a two-stage frame-
work. Figure 2.4 shows the qualitative results where the rst column shows the input and the VAE
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Figure 2.4: Rendering of generated and ground truth terrains for qualitative comparison.

Figure 2.5: Qualitative comparison with TSynthNet [25].
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Figure 2.6: Terrain interpolation results for varyingparameters.

reconstructed topographic maps. The second column gives a comparison between the ground truth and
generated DEMs. The last column shows the 3D rendering of these DEMs overlaid with the associated
satellite image. Moreover, Figure 2.10 gives illustrates samples from our framework along with their
3D rendering.

We also provide a qualitative comparison of our method with TSynthNet in Figure 2.5. The red
circles depict the region where TSynthNet deviates from ground truth terrain while our method (green
circles) stick closer to the ground truth. Additionally, our method also enables terrain interpolation and
variant generation using the learnt VAE latent space.

Generating Terrain Variants: We utilise the latent space created by VAE to generate different
samples from the same input. Different terrains generated from the latent space encoding of the same
input topographic map are shown in Figure 2.1. We can observe the generated terrains have realistic
but slightly different topographical features from that of input terrain. This provides the user with the
exibility to generate multiple terrain DEMs and use them for large scale generation of virtual terrain
maps. Furthermore, we can observe the variations in terrain structure for the same input in Figure 2.7
and for different input in Figure 2.8.

Terrain Interpolation: The latent space can also be used for automated fusion of topographic fea-
tures across two terrains. Given two input DEMs we extract associated topographic map sketches and
generate a new terrain by linear interpolation of the respective feature embezridamgig,) in the VAE
latent space. More speci cally, we combine them using the forrauta z1+(1 ) z» while
generating respective novel DEM using our framework. Figure 2.6 shows an example interpolation of
two input terrains in the latent space for different values giarameter.

2.3.4 User Study

We performed a user study involvittgusers. We presented users with a set of generated and ground
truth terrain pairs overlaid with satellite images. The users were unable to decisively differentiate the
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Figure 2.7: Variations in terrain generated for different input by the proposed framework.

Figure 2.8: Variations in terrain generated for same input by the proposed framework.

Figure 2.9: The Ul developed for user study.

28



Table 2.2: User study experiment 2 results where the cells contain the percentage of people who re-

sponded with a score to our questions.

Questions Score 5| Score 4| Score 3| Score 2| Score 1
Is the interface and application intuitive? | 33.3% | 66.7% | 0% 0% 0%
Does the generated terrain follow the input80% 50% 0% 0% 0%
Was the Ul fast and reactive? 100% | 0% 0% 0% 0%
Is it easy to express ones intent? 50% 0% 16.7% | 33.3% | 0%

generated and ground truth terrains and choose the real terraiB@lgf the time. TotaB3:3% of the
users agreed that the terrains generated are very realistic, 48 said that it is fairly realistic.

In the second experiment, we provide the user with a simple interface to draw input sketches. We
provide the option to vary brush thickness so that the dense level-sets can be drawn with only a few
strokes. The user interface and the DEM generated for a hand draw user input is shown in Figure 2.9.
The input can also be interactively edited to get desired output. We asked the users several questions
regarding the interface and the application. The results of the study are shown in Table 2.2 where the
users had to rate from 1(lowest) to 5(highest). We observed that the users were able to generate DEMs
with ease after a couple of attempts.

2.4 Conclusion

We proposed a novel realistic terrain authoring framework powered by a combination of VAE and
conditional GAN model. Our framework learns a generative latent space from real world terrain dataset.
This latent space allows us to generate multiple variants of terrain from a single input as well as interpo-
late between terrains, while keeping the generated terrains close to real world data distribution. While
a preliminary interactive tool has been developed and used here, we further intend to provide user con-
trol to generate the terrain variants and interpolated terrains. The thorough qualitative and quantitative
analysis and comparison with other SOTA methods support the superior outcome of our approach. In
the next chapter, we continue the discussion of terrain generation by extending the idea of patches to
generate in nite terrain.
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Figure 2.10: Terrain generated by the proposed framework along with 3D rendering of top and side

view.
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Chapter 3

Adaptive & Multi-Resolution Procedural In nite Terrain Generation

with Diffusion Models and Perlin Noise

Figure 3.1: Rendition of a terrain generated using the proposed method.

3.1 Introduction

We continue our discussion in this chapter by extending the concepts of the previous chapter to
generate in nite terrain. 3D Terrain generation is a classical use-case in the computer graphics commu-
nity (dates back to four decades [16]) largely driven by gaming and simulation applications. Procedural
and artist-driven 3D terrain generation are two popular lines of thought explored in the existing literature
[82]. In procedural 3D terrain generation, we aim to algorithmically generate height maps of landmasses
such as mountains or deserts. Many domains such as digital gaming, animated movies and architectural
models adopt this approach, e.g., popular "open-world” games subhneeraft and No Man's Sky
need to render in nitely large 3D terrains and hence employ procedural generation techniques. Further-
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more, due to the large variation in hardware capability at the gamer's end, it is desired to have a solution
with the ability to adaptively generated terrains of varying quality (i.e., multi-resolution terrains).

Traditionally, 3D terrain generation has been attempted using functions like Perlin [75] or Simplex
[24] noise. This is to date a popular technique in digital gaming. However, these techniques provide
minimal control largely restricted to choosing noise parameters and hence lack real-world terrain fea-
tures. The real-world terrains are captured traditionally using microwave imaging (typically sensor over
satellites) or recently using LiDAR-based sensing [66]. These digitized terrains are thus represented
and stored as Digitial Elevation Models (DEMs) where a raster grid stores per pixel elevation of the
discretized terrain.

With the advent of deep learning technology, many generative modelling approaches such as Genera-
tive Adversarial Networks (GAN) [20] and Variational Auto Encoders (VAE) [43] have been employed
for the task of 3D terrain generation [23, 116] by learning over the real world DEM data. Their key
advantage over traditional noise modelling techniques is that they enable learning from a large set of
publicly available realistic terrain data [32, 19]. This brings realism to generated terrains. Nevertheless,
their usage has been largely limited to producing limited 8ies/patchof terrain at a single resolution
[68], which greatly limits their applications to open-world games and simulations where large-scale
continuous in nite terrain generation is desired. Another related use-case of terrain enhancement/super-
resolution is also well attempted with deep learning framework [47]. In regard to deep generative
models, recently diffusion-based technique is getting popular where an iterative Markov modelling is
proposed for learning data distribution and employed for the task of generating realistic images. The
diffusion-based formalism is claimed to outperform other existing generative techniques [13].

In this chapter, we propose a framework to generate in nite 3D terrains at multiple resolutions adap-
tively. Our framework combines diffusion-based generative network [69, 13] and novel frequency sep-
arated 3D terrain features along with learnable terrain super-resolution equipped enhancement followed
by novel Kernel-based Blending that uses Perlin noise [75] to generate in nite terrain with realistic ter-
rain features. More speci cally, our framework consists of training and inference phases. As part of the
training phase, we propose to separate multiple spatial frequencies of 3D terrain features extracted from
real-world data and independently employ diffusion model based learning of respective data distribu-
tions (at associated spatial frequency). Additionally, we also learn a 3D terrain super-resolution model
over the same dataset in this phase. In the inference phase, we propose to adaptively sample learnt
data distribution from diffusion models (at respective spatial frequencies) and perform fusion to obtain
a new terrain patch. Subsequently, we enhance this patch using the trained super-resolution model to
enhance realistic 3d terrain features into the patch. Finally, we combine multiple patches using novel
kernel blending where Perlin noise help achieve seamless blending near patch boundaries enabling the
generation of large and continuous realistic 3D terrains. Figure 3.1 shows a realistic 3D terrain gener-
ated with the proposed framework. We provide a comprehensive quantitative and qualitative evaluation.
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Figure 3.2: Overview of the proposed framework consisting of the training and inference phases.

Additional details and video resources can be found on our project'pdge code and model weights
are publicly accessibfe3.

The key contributions of our work are: 1) A novel adaptive and multi-resolution framework for
generating realistic 3d terrains. 2) Diffusion-based generative modelling of 3d terrains. 3) Generating
in nitely large 3d terrain in a learning-based framework. 4) State-of-the-art 3d terrain super-resolution
technique.

3.2 Method

3.2.1 Overview & Notations

Our dataset consists of terrain represented as a Digital Elevation Model (DEM). The DEM is usually
large and hence divided into a set of smaller patches for easy processing.

Figure 3.2 gives an overview of the proposed framework divided into two phases. In the training
phase, we assume the availability of DEM dataset where we divide large DEMs into multiple smaller
uniform size patches; and the set of all patches obtained from the dataset is represerRedSabse-
quently, we separate each patgh2 P into N of its constituent spatial frequencies, ::: n; using
Fourier transform such thag, 2 ;8i. Hence, ;j is the set containing all patches of frequenand
N is a hyper-parameter of the framework. Furthermore, we resize the patches:in  such that the
size of the patches increases from 1 to N. Finally, we thaiseparate diffusion model3; : : : Dy with

117 N, respectively. We also train a separate super-resolution n¥delP to enhance generated
patches.

https://3dcomputervision.github.io/publications/inf_terrain_generation.html|
2https://github.com/aryamaanjain/trcan
Shttps://github.com/aryamaanjain/perlin_noise
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Figure 3.3: Separation of a patch into its constituent frequencies. The patch dimer&s6n i256and
N = 3. The Gaussian kernel is of variance 8 and the Gaussians in the DoG kernel are of the variance

are given in their parameters.

As part of the inference phase, we adaptively sample patches from theditision models, where
0 k N. We can increask adaptively upon the need for more details in the terrain, thereby pro-
viding a multi-resolution adaptive output. The sampled set of patclﬂes: (k’i are further employed
with bicubic up-sampling to be brought to the same size and fused together with fractional Brownian
motion (fBm) [62] to generate patcHf. The generated patch is further enhanced by employing the
trained super-resolution moded) to yield patch ?SR . Finally, for a smooth transition between the
generated patche€SR ; 88R ;. 11, we combine fractal Perlin noise with the generated patches using a

derived kernels. The detailed description of relevant modules in our framework is presented below.

3.2.2 Frequency Separation

We separate each patch2 P into itsN constituent frequencies, ::: ,; using Discrete Fourier
Transform (DFT) as show in Figure 3.3. DFT is an image processing method used to convert an image
from spatial to frequency domain. We speci cally use the Fast Fourier Transform (FFT) algorithm [7]

F for our tasks. Given an input patch 2 P of sizeM M in the spatial domain, we convert it into
the frequency domaiR of the same size d&s = F ( ;) given by,
oIk 1 . v
F(uv) = (xye 12 (i ir) (3.1)
x=0 y=0

Figure 3.4 illustrates the patchand the corresponding log amplitude of its DFT. After we obtain the
frequency domain representatibnof the patch ;, we apply a set of kernels to separate its frequencies
at varying levels. We use a Gaussian kernel for the lowest frequency and Difference of Gaussian (DoG)
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Figure 3.4: (a) Patch (b) Corresponding log amplitude of the DFT of the patch.

Figure 3.5: The working of a diffusion model for terrainsrepresents the timestep of the diffusion

process. Here we adopt linear schedule witharying between 0.001 and 0.02.

kernels for higher frequencies as illustrated in Figure 3.3. These kernelsfmaskGaussian F or

DoG F where represents the Hadamard product which aids in separation of the frequencies. After
applying the kernels, we convert the resultant patches back to the spatial domain using Invefse'FFT
giving us the constituent patches at successively increasing spatial frequencies ;. Separating

a patch into its constituent spatial frequencies will aid in providing a multi-resolution and adaptive
framework for producing terrains. One can observe that the extracted spatial frequency patches (shown
in Figure 3.3) are conceptually very similar to the octaves depicted in Figure 1.9.

3.2.3 Diffusion Models

Diffusion models generate samples from a distribution by learning successive denoising starting from
from a noisy sample at timestd@p Particularly, each sample in the orde}*’r; JT Lo 11 jo is closer
to the desired distribution, where the superscript gives the timestep of the diffusion process. We adapt
our model from [13] which consists of a forward proce&s}j Jt 1) which adds noise to the given

sample and a reverse procgs$ Jt 4 }) which learn to denoise the sample. The reverse process is
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Figure 3.6: Architectural diagram of the proposed terrain super-resolution model TRCAN.

parameterized by which is learnt. For a given terrain frequency distribution samﬁ?le i, we
de ne the forward process as,

ki 0 * ti t 1 * P— 1
al i )= al jij )= NC 1 ¢ 5 ) (3.2)
t=1 t=1

Here isincreased as per a linear or cosine schedule in our experiments. Since we iteratively scale
and sample from a Normal distribution as illustrated in Equation 3.2, we get an isotropic Gaussian
sample at timestep. We de ne the reverse process as:,

PO D=NMCEY (i) (3.3)

At each time step, we predict the mean and covariance of the previous timestep using the parameter-
ized functions M and  parameterized by. We sample from a Normal distribution with the predicted
mean and covariance iteratively until times@&pvhich gives us a sample from the desired terrain fre-
quency distribution. We speci cally predict the noise added, optimizing fotL.thaorm of the true and
predicted noisé&[jj ( jt;t)jj 2], where is the true added noise andis a parameterized function
predicting the noise added. We use a UNet architecture.

We trainN diffusion modelsD;, i 2 [1;N] with ;. Each successive model is trained on a larger
patch size, that is, the size of the patch produced by the niydeli. In particular, we keepl = 3 in
our experiments with the patch sizes varyinggds 64, 128 128and256 256for D1;D, andD3
respectively. Decreasing the patch size with decreasing frequency aids in adaptive sampling discussed
in the sections to follow. We use diffusion models for learning the distribution of terrains because of
their superior quality in terrain generation compared to other methods, as discussed in the section 3.3.
An illustration of the process of terrain patch generation with diffusion model is provided in Figure 3.5.

3.2.4 Terrain Super-Resolution

Modelling: We propose to adapt RCAN [114] model initially proposed for image super-resolution
for the task of terrain enhancement. Henceforth, we will refer to this network as Terrain Residual
Channel Attention Network (TRCAN). Figure 3.6 provides an overview of the architecture of TRCAN.
This network uses a residual in residual structure which helps in making very deep networks avoiding
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vanishing gradients and increasing the receptive eld. The input to TRCAN model while training is a
low-resolution patch g and the output is the super-resolved patgh corresponding to the ground
truth high-resolution patchyg .

The key difference between our method compared with RCAN [114] is the head and tail convolu-
tional blocks in the network. Whereas RCAN proposes to pass the image in its low-resolution dimension
through the network and upsample towards the end, we cannot employ the same for the task of terrain
super-resolution. This difference primarily arises due to the difference in the ways of the processing of
the datasets where terrains need the input and output to be of the same dimensions to nd low-resolution
and high-resolution patch correspondences. We subsequently modify the head and the tail convolutional
blocks to account for the same.

We use Adam optimizer [42] along with; loss to optimize the parameters of the network given by,

Li( )= nr  srii1 (3.4)

Post-Processing: As compared to regular RGB images, DEMs are often large in resolutions, for
example, Cimavertana region in our dataset 8280 3900raster. Thus, the large DEMs are split
into smaller patches for easy processing with typical sizes lying in the 28fjje 256. In the simplest
form, all the patches are split without any overlap, enhanced independently and put together side by
side without overlap to obtain the nal super-resolved DEM. [47] observed that this was not the optimal
way to obtain the nal DEM and proposed to split the patches with some overlap along the edges (25%
in their case), super-resolve and then average them along the edges. We observed that the scope of
improving the results is not limited to just the patch boundaries but throughout the patch and therefore
propose a new stride-based post-processing technique. We extract patches from the larger DEM at
strides ofs, which is a hyperparameter. We super-resolve all the patches extracted as stnidgool
their values at the overlapping regions to obtain the nal result. This acts as an implicit ensemble thereby
improving the RMSE of the super-resolved DEM. This can be seen as a generalization of the method
proposed by [47], with a 25% overlap corresponding to a stride of 192286a 256tile. We call this
model TRCAN+.

3.2.5 Adaptive Sampling, Fusion & Enhancement

We aim to produce a multi-resolution and adaptive framework to generate terrairivédapgproach
for generating terrains would be to learn the DEM pa&ctiistribution rather than the distributions of its
constituent frequencies; . In this approach, we would need to learn the patches at a constant resolution,
and generate those patches at the same resolution regardless of any constraints. This might be wasteful
of resources because high levels of detail for far away terrains may be unnecessary in a real-time setting.
For example, in a rst person view, we would like terrains close by to be of higher quality than areas of
terrains far away. We would also like the details on the terrain to increase as we move closer begging a
multi-resolution solution. Similarly, we would want an algorithm that could function on computational
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constraints, that is work on PCs with lower speci cations too. Therefore, we desire a solution which is
adaptive, multi-resolution and realistic.

Firstly, we achieve adaptive sampling by varying the number of models we sample for generating a
patch. Particularly, we sample N diffusion models to produce§::: 8. For example, in a rst
person view, we would sét high for a nearby point and keep it low for a far away point interpreting it
as a technique for Continuous Levels of Detail (CLOD) in terrains. Another use case would be to set an
upper-limit fork to respect computational constraints, wktket to O for the slowest PCs corresponding
to just Perlin Noise which has ef cient implementations available. Since for lower frequencies, the
models are learnt on lower resolutions, sampling them would be faster. Once we o@)tatn fk’,
we perform bi-cubic interpolation to bring all of the generated frequency separated patches to the same
resolution and then fuse them using fBm, a method which is inspired by Perlin noise. Let the persistence
of generated patches be denotedaby? [0; 1] which scales down higher frequency details, the fBm
fusion equation would be given by,

0= a © (3.5)

This is possible only because we have samples at different frequencies and would not be possible if
we used techniques incorporating mipmapping. We can compare this equation with Equation 1.4. Note
that Equation 3.5 can be computed in an online manner, that is, as we desire more details, we only have
to sample model®; such thai > k and update the previously produced patch. Equation 3.5 would
thereby enable us to produce multi-resolution terrain patchas discussed in subsection 3.3.2

We further deal with step-size resizing in our trained diffusion models to improve our framework
adaptivity. Given that we have diffusion models trainedlosteps, while sampling we can reduce the
number of steps t& T [69]. For this,K linearly spaced integers betwegmandT can be used as
the input to the diffusion model. This improves the sampling speed of our model by decreasing the time
to sample linearly withK . Alas, this comes at the cost of quality. This adds as another use-case for
adaptive terrain sampling, which can adjust to computation constraints. An illustration and discussion
on this is provided in subsection 3.3.2.

Finally, we use our enhancement module to add details to the generated terrairPp&tmri cally,
the super-resolution modsltakes the unre ned patch’and adds details to produc%R = S( 9.

3.2.6 Kernel Blending

One of the last challenges in producing in nitely large terrains is a smooth transition among the
patches gRi we generated in the previous steps. Simply placing the tiles produced in a grid gives rise
to discontinuities along the patch boundary, as illustrated in Figure 3.7 (a) highlighted in red. This is
because the terrain tiles are produced independently and their edges do not line up with each other. On
the other hand, Perlin noise function is inherently continuouR4rbecause it smoothly interpolates
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Figure 3.7: (a) Tiled terrain patches (b) Fractal Perlin noise (c) Kernel blended terrain.

between pseudo-random gradients at xed intervals at tile vertices. Whereas, as we can observe in
Figure 3.7 (b), Perlin noise does not possess real terrain features and hence its divergence from the
distribution of terrain is high. We propose to take the best of both, a learnt distribution from diffusion
models (Figure 3.7 (a)) and the in nite continuity of Perlin noise (Figure 3.7 (b)) by blending them using
a kernel to produce in nite terrains with learnt details as illustrated in Figure 3.7 (c). The difference in
details are highlighted in comparison of (b) and (c), with (b) showing a much smoother surface lacking
real world detail. We do not observe boundary artifacts in (c) which were present in (a).

Let g be a 1-D kernel and 2 [0; 1] represent the domain of the kernel such th@) 2 [0; 1] is
the range. We want the kernel to satisfy conditighsg{t = 0) = 0 and(2) g4t = 1) = 0 for the
continuity along the end-points given that we will tile this kern@) g(t = 0) = 0 and(4) g(t =
1) = 0 to make sure that fractal Perlin noise is dominant at the tile edges to provide continuity and
5) gt = %) = 1 such that the sampled terrain is dominant where continuity is not a concern. We
require an order four polynomial to satisfy the ve conditions. Qét) = i4:0 ait' be the template
polynomial. Upon simplifying with constraints (1) to (5), we get the linear system of equations,

2 32 3 2 3
1 11 a4 0

94 3 Z8ab=908 (36)
1 2 4 & 16

The solution of this gives us the kerng(t) = 16t* 32t? + 16t2, the corresponding graph is
plotted in Figure 3.8. This kernel resembles a Gaussian but upon experiments with a Gaussian kernel,
we observed edge artifacts due to the tails of Gaussian being non-zero. We take the outer product of the
kernel with itself which gives us the 2-D kern@l= g g. We blend gR and fractal Perlin noise fpn
for the desired domain as,
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