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Abstract

The development of information technology has brought significant improvements

to people’s daily lives. This leads to an increasing number of people engaging in the

virtual world instead of the physical realm. The virtual urban environment has played

an essential role in many fields like urban or region planning preview in 2D, and city

modelling in games or Virtual Reality applications in 3D. Deep Learning technologies,

which have advanced in various scientific research fields at an extremely high speed, have

brought new possibilities to generate the virtual urban environment.

Our research is concentrated on generating virtual urban environments of infinite size

both in 2D and 3D by Deep Learning in a more efficient and user-friendly manner. We

demonstrate our research results by two pipelines and a generative model.

For 2D virtual environment generation, we propose SSS (Seamless Satellite-image

Synthesis), a novel neural architecture to create scale-and-space continuous satellite tex-

tures from cartographic data. Our approach generates seamless textures over arbitrarily

large spatial extents which are consistent through scale-space. We also show applications

to texturing procedurally generated maps and interactive satellite image manipulation.

Turning to the domain of 3D generation, NeuroSculpt (Neural Sculptor) is a pipeline

that learns to sculpt 3D models of massive urban environments. We train 2D neural net-

works to deform a theoretically infinite 3D plane to a large-scale 3D surface of the urban

environment in order to avoid high memory costs limited in scale with 3D deep learning

architectures. By starting with coarse features and progressing to fine details we are able

to synthesize highly detailed, concave, large scale models..

Finally, we propose VoxNeRF, which is a generative model that uses novel neural

rendering techniques for urban building geometries rendering. It takes 3D geometry data

as input and generates the corresponding 3D rendering result.

We evaluated our methods both qualitatively and quantitatively. By utilising the power

of Deep Learning, we have been able to develop novel, data-driven, and user-friendly

methods for creating virtual cityscapes of unlimited size.
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Chapter 1

Introduction

1.1 Motivation

The virtual urban environment is closely intertwined with human's work, life, and enter-

tainment nowadays. Whether it is for the map in video games or real city/regional plan-

ning, 2D virtual urban images which demand the same quality of high-resolution satellite

images play an important role. Apart from the signi�cance of 3D virtual environments in

gaming, the �lm industry, and the evolving domain of VR (Virtual Reality), these tech-

nologies enhance people's lives and entertainment, adding vibrancy and diversity. We

show 2D and 3D virtual environment examples in Figure 1.1.

Figure 1.1: Examples of 2D and 3D virtual urban environments.

The left image in this �gure is a satellite image (2D virtual environment); the right one is a ren-
dered image from a 3D virtual environment.

However, obtaining realistic environmental data for these purposes can be a challeng-

ing task. The highest quality of them is usually the result of a massive time and effort

1
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