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Perblhyh

Ta teleutaba qrinia, h Baji” M"jhsh égei anaptugjeb ragdaba kai égei sumb’lei shma-
ntik™ sthn exélixh thc 'Orashc Upologist,n. Omobwc, api thn emf nish twn Paragwgik,n
Antiparajetik,n DiktOwn (Generative Adversarial Networks, GANS), o toméac thc Para-
gwgik ¢ Tegnht ¢ NohmosOnhc égei uposteD rizikéc allagéc. T&RANs ePnai mia oikogéneia
montélwn pou mporoOn na majaPnoun motbba api up“rqonta dedomeéna, ipwc eikinec kePmeno,
kai sth sunéegeia na par"goun néo perieqimeno me entupwsiak™ apotelésmata. H apotele-
smatikithta twn GANSs éqei prokalései meg’lo endiaféeron dbnontac aform gia polléc néec
proseggbseic kai efarmogéc, kaj,c ilo kai perissiterh éreuna afier netai gOrw api aut’.

'Ena tétoio ereunhtiki jema ebnai h met™frash api eikina se eikina, to antikebmeno tou meta-
sghmatismoQ eikinwn api éna pedbo étsi ,ste na éqoun to Ofoc ta garakthristik™ eikinwn
enic “llou pedbou. H metfrash api eikina se eikina mporeb na efarmosteb gia th metafor”
kallitegqnikoO Ofouc (p.g. gia th metatrop miac fwtografbac ste na moi“zei me ton pPnaka
enic di"'shmou zwgrfou) akimh kai gia th gefOrwsh tou g"smatoc metaxO sunjetik_n

kai pragmatik.,n eikinwn. Aut h diatrib epikentr netai sto teleutabo kai aposkopeb sth
metatrop eikinwn tou paignidioOGrand Theft Auto V (GTA V) ste na moi"zoun me reali-
stikéc eikinec astik_n periog,n, efarmizontac sOggronec mejidouc met'frashc eikinac se
eikina. Pio sugkekriména, ekpaideOthkan téssera montéla mh epiblepimenhc m’jhshc basi-
smeéna se5ANSs gia thn enDsqush tou realismoO twn eikinwn toGTA V . Oi metafrasménec
eikinec axiolog jhkan me th gr sh koin,n metrwn axiolighshc twn GANSs, kaj,c kai mésw

thc epPdoshc sth shmasiologik kat'tmhsh. Ta apotelésmata upodeiknOoun iti ta montéla
pou basbzontai sth mjhsh thc kuklik ¢ sunépeiac (cycle-consistency learning)mporoOn
na diathr soun kalOtera tic leptomerebc gewmetrbec, en, ta montéla pou basPzontai sthn
antifatik mjhsh  (contrastive learning) ekteloOn pio epijetikéc allagéc me apotélesma
na k™ noun perissitera |'jh, ipwc na gembzoun ton ourani me déntra pou den up“rqoun. H
axiolighsh thc poiithtac twn eikinwn mesw thc shmasiologik ¢ kat"tmhshc apodebgjhke

pio axiipisth se tétoiec peript,seic, kaj,c metrikec ipwc h  Fechet Inception Distance
(FID) den mporoOn na anigneOsoun tétoiec anantistoigbec sth dom touc.

Lexeic Kleidi”

Met'frash api eikina se eikina, baji” m’jhsh, upologistik irash, paragwgik™ anti-
parajetik” dbktua, shmasiologik kat'tmhsh.
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Abstract

Over the past years, Deep Learning has grown rapidly and has contributed signi ca-
ntly to the development of Computer Vision. Similarly, since the emergence of Generative
Adversarial Networks (GANS), the eld of Generative Atrti cial Intelligence has been re-
volutionized. GANs are a family of models, a framework, that can learn patterns from
existing data, such as images or text, and then generate new content with impressive re-
sults. The e ectiveness of GANs has sparked a lot of interest giving rise to many new
approaches and applications as more and more research is devoted around them. One
such research topic is image-to-image translation, the task of transforming images from
one domain so that they have the style or characteristics of images from another domain.
Image-to-image translation can be applied to transfer artistic style (e.g. to transform a
photo to look like a painting of a famous painter) or even to bridge the gap between sy-
nthetic and real images. This thesis focuses on the latter and aims to transform images
of the open-world game Grand Theft Auto V (GTA V) to look like realistic urban scenes
by applying state-of-the-art image-to-image translation methods. Speci cally, four unsu-
pervised models based on GANs were trained to enhance the realism of GTA V images.
The translated images were evaluated with the use of common GAN evaluation measures
as well as through the performance in semantic segmentation. The results suggest that
models based on cycle-consistency learning can better preserve detailed geometries, while
models based on contrastive learning perform more aggressive changes resulting in mo-
re mistakes, like populating the sky with trees that do not exist. The evaluation of the
quality of the images through semantic segmentation proved to be more reliable in such
cases, as metrics like Fechet Inception Distance (FID) cannot detect such mismatched
scene structures.

Keywords

Image-to-image translation, deep learning, computer vision, generative adversarial ne-
tworks, semantic segmentation.






Eugaristbec

Euqarist, ton epibléponta kajhght thc diplwmatik ¢ mou ergasbac, k. Andréa-Ge,rgio
Stafulop“th, gia thn eukairba pou mou édwse na epiléxw eleOjera kai na asqolhj, me éna
jéema pou me endiéfere idiaitérwc, kaj,c kai ton k. Ge,rgio Siila, gia thn kajod ghs tou
kai th sumbouleutik tou parousba.

Téloc, ja jela na euqarist sw thn oikogenei™ mou, kai prwtbstwc touc gonebc mou gia
thn anidiotel upostrix touc, ipwc epbshc kai touc fBlouc mou, gia th strixh kai thn
upomon touc kaj ilh th di‘rkeia tou teleutabou dOskolou étouc.
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Chapter 1

Introduction

1.1 Motivation

With the advent of deep learning, a substantial amount of progress has been made
in various computer vision tasks such as image classi cation, object detection, semantic
segmentation, face recognition and human pose estimation. The recent advances of gen-
erative methods and especially Generative Adversarial Networks (GANSs) have sparked a
huge interest in Generative Arti cial Intelligence (Al). Generative Al is a technology that
allows the creation of new content such as images, text and audio by learning underlying
patterns of existing content. This eld of Al o ers many di erent use cases from simple
content generation [27, 16] to more complicated tasks like sketch colorization [48], face ag-
ing [1], super-resolution [29], text-to-image synthesis [47], text-to-speech [28] and symbolic
music generation [14].

Image-to-image translation, which falls under the category of Generative Al, is a class
of vision and graphics problems where the goal is to transform images from one domain so
that they have the style or characteristics of images from another domain. The techniques
used to perform image-to-image translation are mostly based on GANs and can be used
for tasks like artistic style transfer (e.g. photos to paintings) or to bridge the gap between
synthetic and real images.

The rendering of realistic visual content is one of the most de ning goals of computer
graphics. Deep learning methods such as image-to-image translation could be used in the
future to assist realistic graphics rendering as a post-processing step [37]. Photorealism is
something many video games strive for and Grand Theft Auto V (GTA V) is one of them.
GTA V is a 2013 action-adventure game developed by Rockstar North and published by
Rockstar Games. It features a realistic open-world design that lets players freely roam
and drive in the open countryside and the ctional city of Los Santos, which is based on
Los Angeles. The photorealistic enhancement of GTA V graphics is something that the
modding community also strives for by creating mods (short for \modi cations") to alter
various aspects of the game so that it looks and feels more realistic.

Another application of image-to-image translation is in the context of domain adap-

13



14 Chapter 1. Introduction

tation [22]. Domain adaptation is a eld of computer vision and machine learning which
aims to solve tasks in a target domain that has a di erent, but related distribution to the
source domain data on which a model was trained. Therefore, the goal is to reduce the
shift between the two distributions by aligning the two representations (e.g. in feature
space). For example, a model that allows self-driving cars to recognize driving areas may
perform badly on snowy or foggy roads if the dataset which it was trained on did not cap-
ture such conditions. Therefore, the model should be adapted to new weather conditions
or even to new driving scenarios in cities with di erent layouts.

Domain adaptation can also be used as a solution to small annotated datasets, with not
enough data to train e ectively a deep learning model. In the case of semantic segmenta-
tion, which is the task of classifying each pixel of an image into a category (e.g. road, car,
person etc.) the annotation of training data is extremely time-consuming as it is usually
performed manually. As a result, the creation of semantic segmentation datasets is very
expensive leading to smaller amounts of available data. SYNTHIA [39], is an example of
a commonly used dataset in the context of domain adaptation. Even though it consists of
synthetic annotated images simulating driving scenarios in a virtual city, it can be used
in order to adapt a model for semantic segmentation and scene understanding problems
in real-world data. Similarly, annotated images from the game GTA V can be used for
domain adaptation as that too simulates realistic driving scenarios.

1.2 Goals

The goal of this thesis is to apply and evaluate state-of-the-art methods in order to
transform GTA V images into realistic urban scenes. These methods could later be used
as the core of frameworks to improve the realism of game graphics or the performance of
semantic segmentation through domain adaptation. For that purpose, this work aims to
o er the following:

" Translations of GTA V images to two real-world datasets with di erent styles.

"~ Qualitative comparison of the visual results of four image-to-image translation mod-
els that are based on two di erent learning methods: cycle consistency and con-
trastive learning.

~ Quantitative evaluation of the translated images using common GAN metrics as well
as semantic segmentation.

1.3 Thesis Outline

This thesis is structured as follows:

Chapter 2 introduces the reader to the task of image-to-image translation. First, it
provides the theoretical background of generative adversarial networks (GANSs), as well
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as their deep convolutional and conditional versions. The models tested in this thesis are
strongly based on those methods. Next, the di erent types of image-to-image translation
settings are presented with a few representative models and applications for each. Finally,
two related works are introduced which use image-to-image translation on GTA V im-
ages for two di erent tasks: photo-realistic enhancement of GTA V graphics and domain
adaptation for semantic segmentation.

Chapter 3 introduces the datasets, pre-processing, and models used to translate GTA
V images to real urban scenes. Speci cally, four models for unsupervised image-to-image
translation are analyzed and applied to translate GTA V images to two di erent real-world
datasets. Additionally, the methods followed to evaluate the results are presented. These
include the use of common GAN metrics as well as semantic segmentation.

Chapter 4 presents the nal qualitative and quantitative results. It compares the
performance of the image-to-image translation models both visually and with the use of
metrics that evaluate the quality of the generated images.

Chapter 5 concludes this thesis by listing some nal remarks related to the performance
of the models and evaluation methods and it proposes potential future directions.

Appendices are also provided with additional visual results to complement chapter 4
without overcrowding the main body of the thesis.






Chapter 2

Image-to-Image Translation Using
GANSs

This chapter rst provides a basic theoretical background on Generative Adversarial
Networks (GANs), which is the main machine learning method used by the models tested
in this thesis. Additionally, it introduces the types of di erent image-to-image translation
tasks and most commonly adopted methods based on GANs. Finally, it presents related
applications that speci cally involve translating GTA V images to real-world images.

2.1 Theoretical Background

2.1.1 Generative Adversarial Networks (GANS)

Generative Adversarial Networks (GANSs) are an approach to generative modeling that
was introduced by Goodfellow et al. [15] in 2014. The goal is to capture the distribution of
the training data and discover its patterns so that the model can be used to generate new
data by sampling from the learned distribution. In order to do this, the GAN framework
uses two neural networks: the generator and the discriminator. In the original form of the
framework (Vanilla GAN) these networks, also known as adversarial nets, are multilayer
perceptrons (MLP). During training, the generator is constantly trying to outsmart the
discriminator by generating better fake samples, while the discriminator is trying to decide
whether a particular sample is real, meaning that it comes from the original dataset, or is
fake and was produced by the generator. This process is called adversarial training and
is based on game theory, where the generator competes against an adversary (i.e. the
discriminator). Speci cally, the GAN framework corresponds to a minimax two-player
game where the discriminatorD tries to maximize the probability it correctly classi es
real and fake data, and the generatorG tries to minimize the probability that D will
predict its outputs are fake. The GAN loss function is formulated as:

min maxV (D;G) = Ex pyq 00l0gD(X)I+ E; pmllog DGE@N. (1)

17



18 Chapter 2. Image-to-Image Translation Using GANs

Figure 2.1: lllustration of the framework and learning process of Generative Adversarial
Networks. Source:tinyurl.com/9v9tém2c

G(2z) represents the generator function which maps a random noise vectar to data-space
and G tries to estimate the distribution pgata that the training data come from so it can
generate fake samples from the estimated distributionpg. p(z) is a prior on input noise
variables. D(x) is the scalar output of the discriminator and represents the probability
that x came from the data rather than pg. D (G(z)) is the scalar probability that the
output of the generator G is real. D is trained to maximize logD(x) and simultaneously
G is trained to minimize log(1 D (G(z))).

Figure 2.1 illustrates the process of training GANs. During each training step a mini-

discriminator tries to identify real from fake data and based on the outcome both networks
update their parameters alternately through backpropagation and the ow of gradients.
Speci cally, the discriminator is updated by ascending its stochastic gradient:

1)(nh i

oy logD x® +log 1 D G z® (2.2)
i=1

and the generator is updated by descending its stochastic gradient:

1 X0 .
ry— log1l D G z® (2.3)
i=1

In theory, the solution to the minimax game is where pg = Pgata, Which means that
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neither the generator nor the discriminator can improve further as the discriminator is
unable to di erentiate between real and fake data, i.e. D(x) = % In practice, however,
models do not always train to this point. Moreover, the training of GANs is usually quite
di cult and unstable and may su er from problems like the vanishing gradients and the
mode collapse [2]. The vanishing gradient problem occurs in GANs when the discriminator
learns to perfectly di erentiate between real and fake data and as a result, it does not
provide reliable gradient information to train the generator. Indeed, it is often an easier
problem to distinguish real from fake data than to generate realistic samples. The mode
collapse problem occurs when the generator tries to fool the discriminator with a few
patterns or examples and only generates this small subset of outputs resulting in a limited

variety of produced data.

2.1.2 Deep Convolutional GANs

The use of multilayer perceptrons as generators and discriminators restricts the per-
formance and applications of GANs, especially in deep learning tasks such as image, text,
or sound generation. Radford et al. [36] extended the previous work by introducing deep
convolutional generative adversarial networks (DCGANS), which use convolutional neural
networks (CNNs) for the generator and discriminator. This framework serves as a strong
baseline for many other works that use GANSs for deep generative modeling. The proposed
architectural guidelines for the training of stable DCGANSs are the following:

Replace any pooling layers with strided convolutions (discriminator) and fractional-
strided convolutions (generator).

Use batchnorm in both the generator and the discriminator.

Use ReLU activation in the generator for all layers except for the output, which uses
Tanh.

Use LeakyReLU activation in the discriminator for all layers.

Additionally, the authors initialize the weights of the networks from a zero-centered Normal
distribution with a standard deviation of 0.02. They also use the Adam optimizer with a
learning rate of 0.0002 instead of the usual 0.001 and change the momentum term from
the default 0.9 to 0.5 to improve the training process.

The authors applied the DCGAN framework to image generation in their work. The
discriminator of DCGAN is basically a CNN for image classi cation which tries to dis-
tinguish between real and fake images. What may be more interesting is the generator,
which is comprised of fractional-strided convolutions, also known as transposed convo-
lutions, instead of traditional convolutions. The standard convolutional layers typically
reduce (downsample) the spatial dimensions (height and width) of the input, or keep them
unchanged. On the other hand, transposed convolutions increase (upsample) the spatial
dimensions of intermediate feature maps. As shown in gure 2.2, the input noise vector
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Figure 2.2: The convolutional generator of the DCGAN proposed in [36].

z of the generator is rst projected and reshaped to 1029404, and then with a series of
transposed convolutions, it goes to 64064 which is the generated output image.

2.1.3 Conditional GANs

Traditional GANs can only generate samples randomly from the distribution they have
learned and there is no control over the output. Therefore, Mirza et al. [31] introduced
the conditional version of GANs. The conditioning can be performed by simply feeding
some extra informationy into both the generator and discriminator as an additional input
layer. The conditional variable y can be any type of information. For example, in the case
of image-to-image translation,y is an entire image and more than one conditional variable
can also be used.

The authors used conditional GANs (cGANS) to control the generated images accord-
ing to their class labels. As shown in gure 2.3, the input of the generator is not only the
noise vectorz but also the class labelsy. As a result, the generator produces only images
of the desired classes. Additionally, the discriminator's evaluation is done not only on the
similarity between fake and real images but also on the correspondence of the fake images
to its input labels. In this case, the objective function of the two-player minimax game is
modi ed to:

minmaxV(D;G) = Ex py, (0[l0gD (X JY)I+ E; p,»)llog(l  D(G(zjyN)- (24)
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Figure 2.3: The conditional GAN proposed in [31].

2.2 Image-to-Image Translation Types

2.2.1 Supervised Translation

Image-to-image translation is the task of transforming images from one domain so that
they have the style or characteristics of images from another domain while preserving the
content representations. A good way to think of image-to-image translation is as a special
case of the Conditional GAN. However, in this case, the generator is conditioned on a
complete image (rather than just a class) and the networks are CNN variations based on
DCGAN. When the ground truth of the transformation is available in the form of training
image pairs from the source and target domains then the task is called supervised or paired
image-to-image translation. For example, if we have many aligned image pairs of the same
locations captured both day and night, then it is possible to train a deep learning model
to translate photos from day to night.

Pix2pix [23] is one of the strongest baselines that allow this kind of transformation
using aligned data. It includes the training of a generative adversarial network that aims to
generate synthetic images indistinguishable from real-world images deploying an additional
L, pixel-wise regression loss between the translated image and its ground truth pair.
Figure 2.4 shows an example of pix2pix applications.

Pix2pixHD [46] and later SPADE [34] introduced many improvements to the pix2pix
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Figure 2.4: Example applications of supervised image-to-image translation using pix2pix.
Source: [23]

model in order to synthesize more realistic and high-resolution images from semantic label
maps. Figure 2.5 shows an example usage of NVIDIA Canvas (also known as GauGAN)
which is a desktop application based on SPADE. It allows the generation of realistic-

looking landscapes out of simple brushstrokes which represent semantic label maps.

Figure 2.5: Example application of NVIDIA Canvas which is based on SPADE. Source:
https://www.nvidia.com/en-us/studio/canvas/

2.2.2 Unsupervised Translation

The applications where the supervised setting of image-to-image translation can be
applied are quite limited due to the di culty of obtaining a large amount of paired data.
For example, if the task were to translate photos from summer to winter, it would be
much easier to create a dataset consisting of photos from random locations instead of the
same locations during summer and winter. Another application would be translating real
photos to have the style of a famous artist's paintings. It would be nearly impossible to
create a paired dataset in this case, especially if the artist is not in life anymore.

Zhou et al. [50] introduced CycleGAN, which allows performing image-to-image trans-
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lation even when training on unpaired data. Similar to pix2pix it is based on conditional
GANSs, but it uses two pairs of generators and discriminators. Each pair translates images
from one domain to another and its key feature is the cycle-consistency loss, which ensures
that the translations are reversible. Figure 2.6 shows some applications of CycleGAN in
an unsupervised setting. This model, along with other approaches that introduce various
improvements, are tested in this thesis and described in more detail in Chapter 3.

Figure 2.6: Example applications of unsupervised image-to-image translation using Cy-
cleGAN. Source: [50]

2.2.3 Multi-Domain Unsupervised Translation

CycleGAN and other similar models are restricted in translating only one domain to
another. For example, if the task were to translate a person's face to show three di erent
emotions (e.g. angry, happy and fearful) CycleGAN should be trained three times, one for
each domain of images. This would not be practical, especially when translating to even
more domains.

StarGAN [11] extends CycleGAN, in order to train a single network for multi-domain
unsupervised translation. Speci cally, StarGAN can apply di erent translations on an
input image by providing the target domain label. Figure 2.7, shows an example of
applying StarGAN on the facial attribute transfer and facial expression synthesis tasks.
Each output is synthesized given the input image and the corresponding domain label.

StarGAN v2 [12] improves the diversity of StarGAN's synthesized images across do-
mains, by providing style codes of a speci ¢ domain instead of prede ned labels. Style
codes are extracted from a style encoder and represent di erent styles for a speci ¢ do-
main. For example, if the domains are based on the gender of a person the style codes
could represent di erent hairstyles or facial hair. Figure 2.8 shows example applications
of StarGAN v2.
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Figure 2.7: Example of multi-domain translations on the facial attribute transfer and
facial expression synthesis tasks using StarGAN. Source: [11]

Figure 2.8: Example applications of diverse translations across domains using StarGAN
v2. Source: [12]

2.3 Related Work Using GTA V Images

Richter et al. [37] propose in their work, \Enhancing photorealism enhancement",
a framework to connect the deep learning approaches for image-to-image translation to
the rendering pipelines of computer games. The key ingredient of their model is the use
of G-bu ers, which are intermediate rendering bu ers produced by game engines dur-
ing the rendering process. Specically, they designed a network to modulate features
from a rendered image according to representations extracted from G-bu ers that pro-
vide information about geometric structure (surface normals, depth), materials (shader
IDs, albedo, specular intensity, glossiness, transparency), and lighting (approximate irra-
diance and emission, sky, bloom). They train their model using an LPIPS loss [49] which
penalizes large structural di erences between input and output images and a perceptual
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discriminator that consists of a robust semantic segmentation network, a perceptual fea-
ture extraction network, and multiple discriminator networks. After an ablation study of
such training and architectural choices, they created a model that manages to improve
the photorealistic enhancement of GTA V images and reduce artifacts compared to gen-
eral image-to-image translation models that are trained only using the source and target
domain images.

Ho man et al. proposed CyCADA [22], an adversarial domain adaptation model that
is based on the CycleGAN image-to-image translation model. In the case of GTA V, they
use CyCADA for the semantic segmentation adaptation of the synthetic images to real-
world imagery. This way they manage to recover approximately 40% of the performance
on semantic segmentation lost to domain shift. CyCADA adapts representations at both
pixel-level and feature-level and uses the cycle consistency together with a semantic con-
sistency loss to guide the mapping from one domain to another. The cycle consistency
loss, as introduced by CycleGAN, ensures that the translations from one domain to the
other are reversible. The semantic consistency is enforced through a pre-trained source
task model which is used as a noisy labeler to encourage an image to be classi ed in the
same way after translation as it was before translation.






Chapter 3

Methodology

This chapter describes the datasets used in this work, along with their preprocessing,
as well as the architectures and theoretical background of the di erent models that were
tested. Finally, it analyzes the methods that were followed to evaluate and compare the
performance of the models.

3.1 Datasets

This section presents the datasets used for the image-to-image translation task that is
explored. Speci cally, a single dataset consisting of GTA V images represents the source
domain and two real-world datasets are used as target domains. Therefore, two di erent
kinds of translations are produced in this thesis, each with its own style.

3.1.1 GTAV

The motivation behind collecting the GTA V images in [38] is to create a very large
dataset with pixel-accurate semantic labels. GTA V is an open-world game that o ers a
highly realistic environment and driving scenarios, therefore the performance of segmenta-
tion models could bene t from such data. As mentioned in Chapter 1, such a task is very
challenging due to the amount of human e ort required to trace accurate object bound-
aries and as a result, the annotation of a single image requires 60 and 90 minutes for the
CamVid [5] and Cityscapes [13] datasets respectively. The authors, however, extracted
25 thousand images from GTA V and successfully annotated them automatically in only
49 hours. Annotating this dataset manually following the approach used for CamVid or
Cityscapes would take 12 person-years.

GTA V, however, is not an open-source game, which means that the source code is
not available. As a result, the creation of semantic labels is not very straightforward and
the authors apply a technique called detouring [6] using an o -the-shelf graphics debug-
ging tool called RenderDoc [26]. Speci cally, they create a wrapper around the game's
graphics library (i.e. Direct3D 11) and they use it to intercept communication with the
graphics hardware to gain access to the game's resources and save all information needed
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