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Preface

This thesis represents my work at the Norwegian University of Science and Technology (NTNU)
as part of the study program Master of Science in Cybernetics and Robotics. The work has
been carried out under the supervision of Anastasios Lekkas during the spring semester of 2020,
which has been a great inspiration! This thesis aims to synthesize photo-realistic images from
a marine simulator via GANs to improve the training of detection algorithms in the marine en-
vironment. The project has been performed in cooperation with DNV GL, who provided me
with a marine simulator and drone footage of the autonomous ReVolt vessel. Martin Skaldebe
and Albert Sans at the Department of Marine Technology at NTNU have also contributed with
insightful discussion.

Some of the theory is taken from my project thesis, [1], and it is listed below.
» Subsection 3.1.1, except for the figures.
 Section 3.2, but the content has been changed, and figures added.

* From the beginning of section 3.3 till 3.3.1, but the content has been changed, and figures

added.

The following resources were utilized in this master thesis:

The ReVolt vessel Unity simulator by DNV GL.

Jun-Yan'’s cycleGAN implementation [2].

* Matterport’s Mask R-CNN implementation [3].

Arteaga’s LIME implementation [4].
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Google Colaboratory is providing single 12GB NVIDIA Tesla K80 GPU.

Google Disk for saving checkpoints.

Google forms to perform the "Visual Turing Test’.

Draw.IO to create figures.

All the implementations of this thesis are performed in Python, except the simulator scripts,

which utilizes C-sharp. The following Python libraries are utilized:
* Pandas for data manipulation.
* NumPy for manipulation and math functions for arrays and metrics.
e Matplotlib for creating plots.
* PyTorch for implementing cycleGAN.
* TensorFlow for implementing Mask R-CNN.
* Keras for implementing Mask R-CNN.
 Scikit-Learn for implementing LIME.
* Scikit-image for image processing.
* OpenCV for image and video processing.

Trondheim, 19-06-2020

Lone Marselia Werness Bekkeheien
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Abstract

Obtaining vast amounts of quality real-world data is expensive; therefore, it is reasonable to
train detection algorithms in a simulated environment. However, there is a difference between
simulated- and real-world environment referred to as the reality gap. Consequently, a vision-
based algorithm trained in a simulated environment could generate failure when transferring
its knowledge to real-life. Thus, this thesis aims to utilize the generative adversarial network
(GAN) to improve the data quality acquired by a marine simulator and make it more realistic to
achieve better detection algorithms in the marine environment. Cycle GAN (cycleGAN) is used
to generate photo-realistic images based on a simulator of the autonomous ReVolt vessel, fol-
lowed by training mask regional convolutional neural network (Mask R-CNN) in the simulated-
and generated environment. The resulting models are tested in the real-world environment,
and their predictions are explained by explainable artificial intelligence. The results show that
training Mask R-CNN in a cycleGAN generated environment generalizes better to the real-world
environment than the simulator trained model. Moreover, the explainable artificial intelligence
revealed that the model trained in the generated environment base its prediction on more cor-
rect features than the simulator trained model when tested in the real-world environment. Thus,
cycleGAN has proved its ability to improve the data quality acquired by a marine simulator and

achieve better Mask R-CNN predictions in the real-life.
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Sammendrag

Norwegian translation of the abstract.

Det er dyrt 4 skaffe enorme mengder data fra den virkelig verden. Derfor er det rimelig & trene
deteksjonsalgoritmer i et simulert miljo. Imidlertid er det en forskjell mellom simulert miljo og
den virkelige verden referert til som realitetsgapet. Folgelig kan en visjonsbasert algoritme trent
i et simulert miljo generere feil nar kunnskapen overfores til den virkelige verden. Dermed har
denne oppgaven som mal 4 bruke generative motsigende nettverk (GAN) til & forbedre datak-
valiteten anskaffet av en marin simulator og gjore den mer realistisk for & oppna bedre detek-
sjonsalgoritmer i det marine miljoet. Syklus GAN (cycleGAN) brukes til & generere fotorealistiske
bilder basert pd en simulator av det autonome ReVolt-fartoyet, etterfulgt av & trene et maske re-
gionalt innviklet nevralt nettverk (Mask R-CNN) i det simulerte- og genererte miljoet. De resul-
terende modellene blir testet i det virkelige miljoet, og deres prediksjoner blir forklart med fork-
larbar kunstig intelligens. Resultatene viser at trening av Mask R-CNN i et cycleGAN-generert
miljo generaliserer bedre til det virkelige miljget enn den simulator-trente modellen. Videre
avslorte forklarbar kunstig intelligens at modellen som ble trent i det genererte miljoet, baserer
sin prediksjon p& mer korrekte funksjoner enn den simulator-trente modellen nar den ble testet
i det virkelige miljoet. Dermed har cycleGAN bevist sin evne til & forbedre datakvaliteten anskaf-

fet aven marin simulator og oppnd bedre Mask R-CNN prediksjoner i det virkelige miljoet.

vii



viii



Contents

Preface
Acknowledgement
Abstract
Sammendrag

List of Figures

Table of Abbreviations
Table of Symbols

1 Introduction
1.1 Motivation . . . . . . o o e e e e e e e e e e e e e
1.2 Previous Work . . . . . . . . e e
1.3 Objectiveand Approach . . . . . . . . . . . . e
1.4 Contributions . . . . . . . . . e e e e e e e

1.5 Structureofthe Report . . . . . . . . . . . . e

2 Software and Equipment
2.1 Python . . . . . e
2.1.1 PyTorch. . . . . . ... e
2.1.2 Keras . . ... . . e e e

2.1.3 TensorFIow . . . . . . . . e e e e e e

ix

iii

vii

xvii



X CONTENTS

2.2 Google Colaboratory . . . . . ... ... e 12
2.3 Unity Real-Time Development Platform . ... ... ... ... . ... ........ 13
2.3.1 UnitySimulator . . . . .. ... .. e 13
232 C-Sharp . . . .. e 15

3 Theory 17
3.1 Introduction . . . . . .. . . . . e e 17
3.1.1 LearningAlgorithms . . . .. ... ... .. ... . ... . . 18

3.2 Neural Networks . . . . . .. .. . .. e 21
3.2.1 Deep Feedforward Networks . .. ... ... ... ... ... ......... 24
3.2.2 Convolutional Networks . . . . . .. .. ... ... . ... . . 28

3.3 Generative Adversarial Network (GAN) . . . . . . . . . . . . it 31
3.3.1 Conditional GAN . . . . . . . ... e 36
3.3.2 CycleGAN . . . . . e 38
3.3.3 Coupled GAN . . . . . e e 40
3.3.4 Simulated GAN . . . . . .. 43
3.3.5 Discussion . . . ... e e 44

3.4 Object Detection and Instance Segmentation . . ... ................. 45
3.4.1 R-CNN . . 46
3.4.2 FastR-CNN . . . . e 47
343 FasterR-CNN . . .. e 48
344 MaskR-CNN . . . .. 49
345 DISCUSSION . . . . . o e e e e 50

3.5 Explainable AL XAL) . . . . . . . . e 51
35.1 LIME . . . . e 51

4 System Design and Implementation 57
4.1 DataAcquisition . . . . . . . . . .. e e e e 57
4.1.1 ReVoltSimulationData . .. ... ... .... .. ... ... ... . ..... 58
4.1.2 ReVoltReal-WorldData . . ............. ... ... ......... 64

4.2 CycleGAN . . . . e e 64



CONTENTS

4.2.1 Architecture . . . . . . . . . . . e e e e

4.2.2 Dataset . . . . . . e e e e e e e e e

4.2.3 LossFunction . . . . . . . . . . @ i i i i e e e e

424 Implementation. . . .. .. .. ... ... ... . e

4.3 Mask R-CNN

44 LIME .. ..

5.1.1 Modell. . ... e e e e e e

5.1.2 Model2. . . . . . e e e

5.1.3 Model3 . . . . . e e e e e e

514 Modeld . . . . . . e e e e e e

5.1.5 DIiSCUSSION . . . . . v v o o e e e e e e e e e e e e e e

5.2 'Visual Turing Test’ . . . . . . . . . e

5.3 Mask R-CNN

5.3.1 Trained in Simulated- and Generated Environment . . . . .. .. .. .. ...

5.4 Validation with LIME . . . . . . . . . . . e

6 Conclusion and Further Work

6.1 Concludingremarks . . . . ... .. .. ... e

6.2 Further Work

Bibliography

Xi

65
67
67
68
71
71
74
74
76
76
77

79
79
80
82
85
87
90
93
96
99
104

109
109
111

113



xii CONTENTS



List of Figures

1.1 Block diagram of the system utilized to reach the main objective.. . . . . . ... .. 8
2.1 JavaScript command for Google Colaboratory to stay connected. . . . . . ... ... 12
2.2 Ascreenshot of the Unity Simulator utilized in thisthesis. . . . ... ... .. ... .. 13
2.3 Motion in six degrees of freedom (DOF) [5]. . .. .. .. ... ... .. ........ 15
3.1 Google trends worldwide on machine learning over the pastdecade. . . ... ... 18
3.2 Supervised learning algorithm. . . . .. .. ... ... ... . . Lo oL 19
3.3 Unsupervised learning algorithm. . . . . ... ... ... ... .. ... . ... ... 19
3.4 Reinforcementlearning algorithm. . . . . . .. ... . ... ... ..o oL 20
3.5 Biologicalneuron [6].. . . . . . . . ... e 21
3.6 Artificialneuron. . . ... ... 21
3.7 Neuralnetwork. . . . . ... .. .. . e 22
3.8 FrankRosenblatt [7]. . . .. ... ... .. ... 24
3.9 Rosenblatt’s perceptron [7]. . . . . . . . . . .. e 25
3.10 [anGoodfellow [8] . . . ... ... ... .. 31
3.11 Autoencoder diagram [9] . . . . . . . . .. 33
3.12 The layered architecture of the generator and discriminator of a GAN [10]. . . . . . 35
3.13 Example of paired and unpaired training data from [11]. . . . . . ... ... .. ... 36

3.14 Example results from a cGAN automatically detecting edges—shoes, compared to

ground truth [12]. . . . . . . oL 37
3.15 CycleGAN results achieved by [13]. . . . . . .. ... .. .. ... . .. 38
3.16 The architectureof aCycleGAN [13]. . . . . . . . . . . .. o i 39

xiii



Xiv LIST OF FIGURES

3.17 The architecture of a CoGAN [14]. . . . . . . . . . i i i i e e i e e e e 40

3.18 Resulting generated images of faces with different attributes utilizing CoGAN [14]. 41

3.19 The shared latent space assumption [15]. . . . . . .. ... ... ... ... ...... 42
3.20 Street scene image translationresults [15]. . . . ... .. ... ... .. ........ 43
3.21 The SimGAN architecture [16]. . . . . . . ... .. ... ... .. . ... 43
3.22 Different GANs for mapping labels to photos [13]. . . . . . . ... ... ... ..... 45
3.23 R-CNN architecture [17]. . . . .« o o v i e e e e e e e e e e e e e e e 46
3.24 Fast R-CNN architecture [18]. . . . . . . . . . ... it 47
3.25 Faster R-CNN’s RPN architecture [19]. . . . . . .. .. .. ... ... ... ...... 48
3.26 Mask R-CNN for instance segmentation [20].. . . . . . ... ... ... ... ..... 49
3.27 Comparison of models in the R-CNN family [21]. . .. ... ... ... ........ 50
3.28 Pseudocode for the LIME algorithm [22]. . . .. ... ... ... ... ......... 53
3.29 Toy example to present intuitionfor LIME. . . . ... .. ... .. ... ........ 54

3.30 Explaining an image classification prediction made by Google’s Inception NN. The

top 3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic Guitar” (p = 0.24)

and “Labrador” (p = 0.21) [22]. . . . . . . . i e 55
4.1 Snapshot from the OB]J file of the DNV GLsrevoltvessel. . . . ... .......... 58
4.2 Mixed reality of the OB]J file with both light- and dark blue background. . . . . . . . 59
4.3 Rendered image from the Unity simulator. . . ... ... ... ............. 59
4.4 Different Unity simulatorscenes. . . . . . .. ... ... ... .. .. .. ... ... 60
4.5 The min-max coordinates rendered from the Collider [23]. . ... .. ... ... .. 62
4.6 Avisualization of the bounding-box. . . . . . ... .. ... ... . o L L. 63
4.7 Avisualization of the bounding-boxwithlag. . ... ... ... ............ 63
4.8 Real-world images from drone footage with different factors of variation. . . . . . . 64
4.9 First part of the cycleGAN’s architecture. . . . . ... ... ... . ... ........ 65
4.10 Second part of the cycleGAN’s architecture. . .. ... ... ... ... ........ 66

4.11 Mask R-CNN trained in the generated environment tested in the real environment. 72
4.12 Mask R-CNN trained in the simulated environment tested in the real environment. 73

4.13 An overview of the LIME architecture. . . . . . .. .. .. ... .. .. . ... .... 76



LIST OF FIGURES XV

5.1 Model 1I’s test results from training over 30 epochs. . . . .. ... ... ... ..... 81
5.2 The OB]J file images for trainA and testAin Dataset 1. . . . . . ... ... ....... 81
5.3 Thereal-world images for all fourdatasets. . . . . ... ... .............. 82
5.4 Model 2’s test results from training for 38 epochs on Dataset2. . . . ... ... ... 82
5.5 Model 2’s result from testing on a Unity simulator image. . .. ............ 83

5.6 Shows the test image and generated result from Model 2 without any preprocessing 83

5.7 Comparing a real and a generate image of the ReVoltvessel . . . ... ... ..... 83
5.8 The edited OB]J file images for trainA and testA in Dataset2. . . . . . ... ... ... 84
5.9 Model 3’s test results from training for 25epochs. . . . . .. ... ... ... .. 85
5.10 Model 3’s test results saved during training after twoepochs. . . . .. ... .. ... 86
5.11 The simulator images for trainA and testAin Dataset3.. . . . . . ... ... .. ... 86
5.12 Model 4’s test results from training over 39 epochs on Dataset4. . .. ... .. ... 87
5.13 Model 4’s test results saved during training afteroneepoch. . . . . . ... ... ... 88
5.14 Model 4’s test results saved during training after29 epochs. . . . . .. ... .. ... 88
5.15 Model 4’s test results from training over 39 epochs on Dataset4. . ... .. ... .. 89
5.16 Model 2: simulator — real-world . . .. ... ... .. ... ... . ... ... 93

5.17 The generated images utilized in the 'Visual Turing Test’ in Table 5.1 labelled with

the percentage of 50 participants classifying the image as real. Model 4 generated

(a) and (b), while Model 2 generated (c)and (d). . . . . ... ... ........... 94
5.18 The real-world images utilized in the 'Visual Turing Test’ in Table 5.1 labelled with

the percentage of 50 participants classifying the image asfake. . . . ... ... ... 95
5.19 Mask R-CNN trained on the COCO-dataset applied on a simulator image. . .. .. 96
5.20 Mask R-CNN trained on the COCO-dataset applied on an image generated based

5.22 Mask R-CNN model trained in the simulated environment tested on Image 1 with
the boat class prediction of 0.986. . . . .. ... ... .. ... . ... . .. . . ... 100
5.23 Mask R-CNN model trained in the generated environment tested on Image 1 with

the boat class predictionof0.990. . . ... ... ... ... . ... ... . . .. ..., 100



LIST OF FIGURES

5.24 Mask R-CNN model trained in the simulated environment tested on Image 2 with
the boat class prediction of 0.977. . . . . . . .. ... .. ... . .
5.25 Mask R-CNN model trained in the generated environment tested on Image 2 with
the boat class prediction 0f0.998. . . . . . ... ... . ... .. o L.
5.26 Mask R-CNN model trained in the simulated environment tested on Image 3 with
the boat class prediction of 0.988. . . . . . ... ... .. ... .. .. . ... ... ..
5.27 Mask R-CNN model trained in the generated environment tested on Image 3 with
the boat class predictions 0f0.995and 0.788. . . . . . .. .. ... .. ... ......
5.28 LIME explanation of the Mask R-CNN simulator model’s prediction on Image 1. . .
5.29 LIME explanation of the Mask R-CNN generator model’s prediction on Image 1. . .
5.30 LIME explanation of the Mask R-CNN simulator model’s prediction on a cropped
versionof Image 2. . . . . . . . ... e e
5.31 LIME explanation of the Mask R-CNN generator model’s prediction on a cropped
versionofImage 2. . . . . . . . . ..
5.32 LIME explanation of the Mask R-CNN simulator model’s prediction on Image 3. . .

5.33 LIME explanation of the Mask R-CNN generator model’s prediction on Image 3. . .

105

106
107
108



Table of Abbreviations

Abbreviation Description

GAN Generative Adversarial Network

CycleGAN Cycle GAN

cGAN Conditional GAN

S+U Simulated + Unsupervised

CoGAN Coupled Generative Adversarial
Network

SimGAN Simulated Generative Adversarial
Network

VAE Variational Autoencoder

CIFAR10 Canadian Institute For Advanced
Research 10

ML Machine Learning

DP Dynamic Positioning

ROV Remotely Operated Underwater
Vehicle

RL Reinforcement Learning

DL Deep Learning

CNN Convolutional Neural Network

MC-lab Marine Cybernetics Laboratory

NTNU Norwegian University of Technol-

ogy and Science

xvii




xviii

Abbreviation Description

R-CNN Region-based CNN

MLP Multi-Layer Perceptron

PNG Portable Network Graphic

BN Batch Normalization

ReLU Rectified

Linear Unit

FCs Fully Connected Layers

FCN Fully Convolutional Networks

Rol Region of Interest

RPN Region Proposal Network

Al Artificial Intelligence

FAIR Facebook Al Research

SVM Support Vector Machine

XAI Explainable Al

LIME Local Interpretable Model-
agnostic Explaination

DOF Degrees of Freedom

CPU Central Processing Unit

FPN Feature Pyramid Network

LiDAR Light Detection and Ranging

GUI Graphical User Interface

SGD Stochastic Gradient Descent

NN Neural Network

ANN Artificial Neural Network

KKT Karush-Kuhn-Tucker

LTU Linear Threshold Unit

UDA Unsupervised Domain Adaption

LSGAN Least Square GAN

LIST OF FIGURES



Table of Symbols

Symbol Description

X Vector of input variables

t x’s corresponding target values

b (x) Basis function of input variables

w Vector of weights

y Predicted output based on x

b Bias parameter

J(@) Model dependent cost function

Pdata Actual data variables

Pmodel (Y1X) Model distribution

E(w) The negative logarithm of the like-
lihood function

g The activation function for a unit
in NN mapping from R™ to R"

f A function mapping from R” to R

z Is g(x) mapped by f

s(i, ) Convolution between a kernel and
an image, where i,j represents
rows and columns respectively

E Expected value

Xix




XX

Symbol Description

I An image

K A kernel, also called a filter

G Generator

D Discriminator

V(D,G) Value function of an iterative two-
player minmax game

Zlatent Latent space vector

PZiareint Input noise variables

Legan The cGAN'’s objective function

L L1 distance

Leye Cycle consistency loss

LGAN(G; DY) X; Y)

Objective function for G: X — Y
in cycleGAN

Lean(FE Dy, Y, X)

Objective function for F: Y — X in

cycleGAN

L(F, Dy, Y, X) CycleGAN’s objective function

gr LIME explanation model

Gr Class of interpretable models

Q(gr) A complexity measure of g1

z; Perturbed sample

zr Perturbed sample in the original
representation

Tx(21) Proximity measure between x and
<L

Z Dataset of preturbed samples and

labels

LIST OF FIGURES



LIST OF FIGURES

Symbol Description

< Fidelity functions

L(f,81,7x) Locality-aware loss

&(x) LIME explanation of input in-
stance x

Dy Distance

o Kernel width




xxii

LIST OF FIGURES



Chapter 1

Introduction

Section 1.1 presents the motivation for this master thesis. Previous work is presented in Section
1.2, followed by Section 1.3 presenting the main objective and the approach that is used to reach
the overall goal of the thesis. The contributions are presented in Section 1.4. Finally, Section 1.5

presents an overview of the report’s structure.

1.1 Motivation

The word autonomous comes from the Greek roots "autos" meaning self, and "nomos" mean-
ing law, and refers to a system functioning separately or independently. Today, many operations
are becoming, or already have come to a degree, autonomous. For offshore applications, for in-
stance, dynamic positioning (DP) has existed for decades and is used to automatically maintain
a vessel’s position and heading by using thrusters and propellers. Utilizing DP in remotely oper-
ated underwater vehicles (ROVs), for example, removes the sensitivity to human errors, which
is one of the advantages of autonomous operations. Another more modern application that has
recently received attention by both industry and academia is fully autonomous ships. The DNV
GLs ReVolt vessel is an ongoing project of a fully battery-powered and autonomous vessel for
transferring road freight volumes to waterways. Since the vessel is fully autonomous, it requires
no crew, which leads to higher vessel container capacity due to no accommodation deck. Trans-

portation of containers will, therefore, be more time- and cost-efficient. Besides the vessel itself,



2 CHAPTER 1. INTRODUCTION

automated cargo handling, automated shore-based charging, and automated mooring facilities
are also being developed in the ReVolt project [24].

Machine learning (ML) is expected to play a central part in the autonomous development. Deep
neural networks (NNs) can solve challenging tasks if enough labelled data is available. The data
for training an ML algorithm can be difficult and time-consuming to obtain manually because
heaps amounts of quality data are needed to train a successful model. To train an algorithm
for predicting when a vehicle is destroyed, for instance, would require a vast amount of data of
vehicles crashing, and it is impractical to crash many vehicles to gather data. It is, therefore,
better to use a simulator to collect the relevant data for training the model, since a simulator
can create heaps amounts of data in a short amount of time. On the other hand, it is difficult
to generate quality data with a simulator due to the difference in representation between the
simulated- and real-world environment, which is called the reality gap. Due to the reality gap,
a model for vision-based operations trained in a simulated environment could generate fail-
ure when transferring its knowledge to real-life. It is, therefore, of interest for operators in the
market to generate robust techniques for transferring knowledge between domains and reduc-
ing the reality gap. For instance, the navigation algorithm for the autonomous ReVolt vessel is
trained in a simulated environment. When the vessel is navigated with this trained model in the
fjord of Trondheim for autonomously transferring containers, it could potentially crash or navi-
gate to an incorrect port due to the reality gap. Therefore it makes sense to create more realistic
simulators to make the transfer learning less prone to errors to enable more systems to become
autonomous.

This master thesis explores the possibility of minimizing the reality gap by utilizing the tech-
nology of GANs. The network is applied to images extracted from a simulated environment of
the ReVolt vessel as well as actual images of the real-world environment. If an object detection
algorithm can detect the ReVolt Vessel with better accuracy after training on synthesized photo-
realistic images from the simulator via GANs than just in the simulated environment, it could
potentially help improve the autonomy of the ReVolt project and contribute in the shift towards

more autonomous systems in general.
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1.2 Previous Work

GANs were first introduced by Ian Goodfellow and other researchers at the University of Mon-
treal in 2014 [25]. GANSs consist of two neural networks, the generative and the discriminative,
which work as adversarials. A generative network aims to learn the actual data distribution of
the training data, and then use this distribution to generate new data that looks like it comes
from the same distribution. The discriminator aims to predict which data comes from the train-
ing dataset and which comes from the generated dataset. Thus, GAN aims to generate data
that looks like it is generated by the same set of rules as the training data. To reach this goal, an
unknown probabilistic distribution function that explains why some data are more likely to orig-
inate from the training dataset and others are not, is to be found. In [25] the authors proposed

extensions to the method like conditioning the generative model.

Conditional GANs (cGANs) have been utilized to perform image-to-image translation between
domains in [12]. In an unconditional GAN, only the generator is conditioned on an input im-
age. On the other hand, in a cGAN, both the generator and discriminator are conditioned on
the input image. Here the term conditioned means feeding the network extra information as
input that is used to learn from; that is, the additional information is conditioning the learning.
The paper has used cGAN to generate realistic street views from semantic labelled images and

photos from sketches, among other applications.

Another type of GAN, called the coupled GAN (coGAN), has been used to perform domain trans-
lation between a video game and reality by semantic labelling [26]. The authors achieved good
results in real-time, but it simply does not make sense to render high-quality images from the
video games, semantic labelling them, and then converting it to something else. Semantically
labelled images should be used directly instead. Therefore, having a simulator that provides
semantic images directly and then use this to turn it into photo-realistic images makes more

sense.

A cycled type of GAN called the cycleGAN has also been used to perform domain translation
between a video game and reality by utilizing semantic labelling [13]. The cycleGAN learns the

mapping from both domain 1 to domain 2 with a discriminator and generator network, and the
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inverse mapping from domain 2 back to domain 1 with another pair of generator and discrimi-
nator network. Due to the cycleGAN introducing the inverse mapping, it also introduces a cycle
consistency loss to enforce the two generators and discriminators to generate correct data be-
tween the two domains consistently. Even though rendering high-quality images from the video
game, semantic labelling them and converting it to something else does not make sense as men-
tioned above, the paper also achieves great results of mapping between domains like seasons,
aerial photos to Google Maps photos and semantic labels to street views.

The method of cycleGAN from [13] was also utilized in transfer learning for underwater opera-
tions in [27]. Two datasets of rendered and real images of a subsea panel are used in [27]. The
first dataset contains images of a subsea panel on the bottom of a marine cybernetics laboratory
(MC-lab) at NTNU. In contrast, the second dataset consists of images of a subsea panel on the
bottom of a fjord outside Trondheim. The real images are retrieved from a video stream filming
the subsea panel, while the rendered images are from a software blender. The second dataset is
more detailed and has more noise than the first dataset. In the results for the first dataset, the
panel in the output image changes position relative to the input image, that is, the annotation is
not preserved. The panel’s position does not change as drastically for the second dataset, which
could mean that more details are better for the CycleGAN. There is room for improvements in

the achieved results in this paper.

Apple has also developed a GAN method for reducing the reality gap between simulated- and
real-world environments, called simulated GAN (simGAN). Their resulting images have pre-
served the annotation and improved the realism of the synthetic images. They have also man-
aged to avoid generating new artifacts and make the training more stable. A more stable training
was achieved by updating the discriminator using a history of refined images rather than only
the ones from the current refiner network [16]. Even though this led to a more stable training, it
is also more computationally expensive, especially if the network is to run over several epochs
with huge batch size. Generating new artifacts is avoided by limiting the discriminator’s recep-

tive field to local fields instead of the whole image.

All of the papers presented above, except the cGAN, use unpaired data for training, which means

that the images in one domain do not have corresponding images in the other domain and vice
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versa. Some of the papers are researched more and compared in Section 3 to see if the methods
can be utilized in the implementation of this master thesis.
The different GANs mentioned above have been utilized in a wide range of applications due to

their generality and simplicity, and the most relevant applications are introduced below.

The cycleGAN has not only been utilized for transfer learning in underwater operations but
also in an attempt to address the reality gap between simulated and real-world environment for
robot learning [28]. Due to the complexity of setting up a real robot and calibrate the dynamics
across simulation and reality, the paper attempts to evaluate the method in two different sim-
ulated environments. The environments are both of a robotic arm that is to lift a cube, but the
backgrounds and the cubes are of different colors. One of the domains is a bit more "complex"
than the other due to a textured background. The paper achieves positive transfer results, but
it also notices how low resolution and data imbalance affect the generator negatively. By data
imbalance, the paper refers to having few images of the "complex" simulator and more of the
"simpler" simulator. Future work for this paper is to use cycleGAN to minimize the reality gap
between actual simulated- and real-world environment.

Robotic grasping is one of the fields affected by the fact that models trained purely on simu-
lated data often fails to generalize to the real-world. GraspGAN has been developed to address
the reality gap problem of deep robotic grasping in [29]. The paper reveals how the framework
reduces the number of needed real-world samples by up to 50 times to achieve a level of perfor-

mance.

LiDAR, which stands for Light Detection and Ranging, is a sensor utilized for environment per-
ception of automated driving vehicles. LiDAR is utilized in the DNV GLs autonomous ReVolt
vessel project. Heaps amount of sensor data is needed to train a Deep Learning model (DL) for
autonomously drive a vehicle, which is complex and expensive to obtain. Using a LiDAR simu-
lator to gather the data makes the process easier, but the trained model has trouble generalizing
in the real-world environment. CycleGAN is used in [30] to solve the sensor modelling problem
for LiDAR to produce realistic LIDAR from simulated LiDAR. The paper’s results illustrate a high

potential of the proposed approach.

Other than robotic applications, GANs have also been utilized in medical applications. The
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cGAN has been utilized to synthesize radiological images of the spine to be used in In Silico
Trial in [31]. In Silico Trial is an individualized computer simulation utilized in the development
of medicinal equipment and product. The first training dataset consists of paired data of se-
mantically labelled images of the spine and actual images of the spine. The resulting generative
framework created convincing synthetic planar X-rays. The second dataset consisted of paired
sagittal and coronal images of the same patient. At first glance, the GANs managed to gener-
ate acceptable X-ray sagittal images from the coronal images and vice versa. However, a closer

inspection of the generated images revealed several anatomical inaccuracies [31].

Other papers that have attempted to reduce the reality gap by utilizing GANSs are the following
[32, 33, 34]. Thus, GANs have been researched extensively, although it has not been utilized
to improve the data quality by a marine simulator to make it more realistic to achieve better

detection algorithms in the marine environment.
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1.3 Objective and Approach

Obtaining quality real-world data is expensive; therefore, it is reasonable to train detection al-
gorithms in a simulated environment. As mentioned in Section 1.1, there exists a reality gap
between the simulated- and real-world environment, which makes the transfer learning prone
to errors. The main objective of this work is thus to evaluate the possibility of utilizing GAN to
improve the data quality acquired by a marine simulator and make it more realistic to achieve
better detection algorithms in the marine environment.

A step-by-step approach is used to arrive at the final goal as follows.

1. Investigate different ways within GANs for minimizing the reality gap between simulated-
and real-world environments. Discuss the candidates and choose one to use in the sys-

tem. Step 1 is performed in Section 3.3, where cycleGAN is chosen.

2. Extract data from a marine simulator and obtain data from the real-world environment.
The simulator that is utilized in this master thesis is of DNV GL's autonomous ReVolt ves-
sel. The images of the real-world environment are retrieved from drone footage of the

vessel in the fjord of Trondheim.

3. Adapt and apply cycleGAN to the dataset from the simulated- and real-world environ-

ment.

4. Evaluate the added value of cycleGAN'’s generated images.
The evaluation is first performed by a 'Visual Turing Test’ where 50 participants are asked
to label images as real or fake. Secondly, evaluation is done by training Mask R-CNN in the
simulated- and generated environment. The performance of these two models trained in
different environments is tested in the real-world environment. These quantitative re-
sults are then validated by explainable Al, more specific, by the local interpretable model-

agnostic explanation (LIME).

Figure 1.1 presents an overview of the system utilized to reach the main objective of this the-
sis. Acquisition of both simulated and real-world data is performed in Section 4.1. CycleGAN is
trained on both the simulated- and real-world data to acquire generated data, described more

thoroughly in Section 4.2. Further, model 1 and 2 in Figure 1.1 is achieved by training Mask R-
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Real-world data
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Figure 1.1: Block diagram of the system utilized to reach the main objective.

CNN on simulated- and generated data, respectively, described in Section 4.3. Finally, model 1
and 2 is tested on real-world data, referred to as test 1 and test 2, respectively, which is also de-
scribed in Section 4.3. The overall objective is thus, to compare test 1 and test 2. The predictions
made in test 1 and test 2 are explained by LIME, resulting in explanation 1 and 2 in Figure 1.1

respectively. Section 4.4 describes how LIME is integrated in the system.

1.4 Contributions

The main contribution of this thesis is the applications of ML frameworks in marine environ-
ments. As mentioned in the above section, cycleGAN is utilized to evaluate the possibility of
improving the data quality acquired by a marine simulator and make it more realistic to achieve
better detection algorithms in the marine environment. The different contributions of this the-

sis are listed below.

* To the author’s best knowledge, this is the first time GAN is utilized to potentially improve

visual-based learning algorithms for an autonomous vessel.

* To the author’s best knowledge, this is also the first time GAN is used for synthesizing

photo-realistic images from a marine simulator at sea-level.
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* Mask R-CNN detected the ReVolt Vessel with better accuracy after training on synthesized
photo-realistic images from the simulator via GANs than just in the simulated environ-
ment, which could potentially help improve the autonomy of the ReVolt project and con-

tribute in the shift towards more autonomous systems in general.

1.5 Structure of the Report

The rest of the report is structured as follows:

The thesis starts by presenting the utilized software and equipment in Section 2. Theory about
ML, including NNs, GANs, object detection and XAl is written in Section 3. This section starts
with an introduction to ML, followed by a subsection on NNs. Next, different GANs and ob-
ject detection algorithms are introduced and discussed. Section 3 also states why cycleGAN
and Mask R-CNN is utilized in the system of this thesis. The design and implementation of the
system, consisting of data acquisition, cycleGAN, Mask R-CNN and LIME, are explained in Sec-
tion 4. The results are presented and discussed in Section 5, while Section 6 gives concluding

remarks as well as making suggestions for further work.
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Chapter 2

Software and Equipment

2.1 Python

The chosen frameworks for this thesis are implemented using Python, a high-level, general-
purpose programming language. Python includes many libraries, and some of them are de-
veloped specifically for Al applications. On the other hand, the Python language uses a large
amount of memory, which could be problematic for memory-intensive tasks. The execution of
Python is also considered to be slow. Even though there are some drawbacks, PyTorch, Keras,
and TensorFlow are libraries in the Python framework well suited for programming NNs and are

therefore utilized in the implementations of this thesis.

2.1.1 PyTorch

PyTorch can be seen as a Python front end to the Torch engine, which provides the ability to
define mathematical functions and compute their gradients [35]. The library is well suited for
experimenting with new DL architectures because the source code in PyTorch is intuitive with a

close correspondence with the mathematics in the networks.

11
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2.1.2 Keras

Keras is a high-level NN library written in Python [36]. Due to the library’s user-friendliness, it
enables easy and fast prototyping. Keras can also run on top of other lower-level libraries like

TensorFlow.

2.1.3 TensorFlow

TensorFlow is an interface for expressing machine learning algorithms and an implementation
for executing such algorithms [37]. The library is written in Python, C++, and CUDA. The system
of TensorFlow is flexible due to its comprehensive ecosystem of libraries, tools, and community

resources.

2.2 Google Colaboratory

Google Colaboratory is a free Jupyter notebook cloud service providing a single 12GB NVIDIA
Tesla K80 GPU. Since it is a Jupyter notebook environment, it supports Python programming
language. Google Colaboratory is utilized for training the implemented networks on online
GPU and RAM. This way, the computationally expensive code can run on a GPU in Google’s
cloud instead of running locally. Google Colaboratory is also very easy to integrate with Google
Disk, which is desirable to save checkpoints while training for hours. The free version of Google
Colaboratory (the only version available outside the United States) can run for 12 hours, and
it is, therefore, advisable to keep checkpoints to be able to continue the training after it has
stopped. The GPU in Google Colaboratory is not guaranteed and not unlimited. The DevTools
console command function displayed in Figure 2.1 is advisable for Google Colaboratory to stay

connected when running for hours.

Figure 2.1: JavaScript command for Google Colaboratory to stay connected.
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2.3 Unity Real-Time Development Platform

The cross-platform game engine, Unity, is developed by Unity Technologies [38]. The platform
can be used to create 3D virtual- and augmented reality games as well as simulations, among
other applications. The rendering of graphics in Unity’s game view uses the available processor
of the hosting device, which in this case, is a central processing unit (CPU). This thesis utilizes

the Unity platform for the simulations.

2.3.1 Unity Simulator

This master thesis uses a 3D simulator of DNV GLs autonomous ReVolt vessel. A screenshot of

the Unity engine simulator is visualized in Figure 2.2. It can be seen that the Unity platform
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Figure 2.2: A screenshot of the Unity Simulator utilized in this thesis.

has a Game view that is rendered from the camera in the game and is representative of the final
published game, which in this case, is the final simulation. Figure 2.2 also displays the plat-
form’s Scene view, which is the interactive view of the simulations that are created. The Scene
view is utilized to select and position cameras, lights, game objects, and scenery. Each game
object in Unity has its Inspector window as shown for the vessel, called Barco in this project,
to the right in Figure 2.2. The Inspector window displays information of the game object like
its attached components and their properties and scripts. This information can be modified to

change the object’s functionality. The Console window shows messages generated by Unity like
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errors, warnings, and debug logs. The figure also displays a script folder with C-sharp scripts

that can be attached to, for instance, game objects or cameras.
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Figure 2.3: Motion in six degrees of freedom (DOF) [5].

2.3.2 C-Sharp

C-sharp is an object-oriented, general-purpose, multi-paradigm, intuitive programming lan-
guage. C-sharp scripts can be added to the game object, the ReVolt vessel, in Unity to give it
physical movements in roll, pitch, yaw, heave, sway and surge, as illustrated in Figure 2.3. Due to
simplicity, the vessel only has two DOE which are sway and surge. The movements in two DOF
enables for rendering vast amounts of distinctive vessel images, which has been performed by

C-sharp scripts.
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Chapter 3

Theory

Parts of this section is taken from Section 3 and 4 in [1].

3.1 Introduction

A computer program is said to learn from experience E with respect to some task T and some per-
formance measure B, if its performance on T, as measured by P improves with experience E.

—Tom Mitchell, 1997 [39].

This master thesis concerns the problem of reducing the reality gap between a simulated en-
vironment and the real-world environment. Relating this problem to Mitchell’s definition of
ML, the problem itself is the task T, the measured performance, P, is how well the transforma-
tion between the different environment is, and the data or images of the real and simulated
environment used to train the algorithm is the experience, E.

Today ML is an important part of smart technologies that have a huge impact on human’s ev-
eryday lives. ML is, for example, used in spam filters for e-mail, applications like Uber for min-
imizing the costumers waiting time, Facebook for personalizing the user’s news feed, Google’s
search engine for finding what the user is looking for and the list goes on. The technology of ML
comes handy when the problem is too hard to program by hand. For instance, if a spam filter is

made without the use of ML, rules for what kind of e-mails that should be flagged as spam has

17



18 CHAPTER 3. THEORY

to be written explicitly, which is too time-consuming.

Google trends on machine learning

100 -

Popularity [0,100]

20 1

2010 2012 2014 2016 2018 2020
Date

Figure 3.1: Google trends worldwide on machine learning over the past decade.

Figure 3.1 illustrates how the popularity, on a scale from 0 to 100, in ML has increased worldwide
over the past decade. The data for the plot in Figure 3.1 is taken from Google Trends [40].

The learning algorithms for achieving the goal of ML described by Mitchell can be divided into

different categories.

3.1.1 LearningAlgorithms

The ML algorithms can be categorized into three main categories. The first category is based on

whether or not the correct answers to the problems are known in the training period.

Supervised learning

Supervised learning algorithms have both the input and output data available in the training set;
that is, the training data is labelled. Two typical types of supervised learning are classification
and regression. The e-mail spam filter is a typical classification example, where the training

data consists of different e-mails with corresponding labels classifying them as spam e-mails
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or not. After the training period, the spam filter should be able to recognize e-mails that are
spam and e-mails that are not spam. A typical regression task is to predict the price of a car
based on different kinds of features. The training data for this regression task consists of sets
of features for different cars with their corresponding price. The trained model should be able

to receive features of a certain car and output the predicted price of it. Figure 3.2 visualize how

. /' Supervised .
Data with Label —H'x Learning Model J_]—:" Mapping
. d

Figure 3.2: Supervised learning algorithm.

a supervised learning algorithm processes labelled data to predict the mapping. The mapping
can either be a class, as for a classification problem, or a value like a price, as for a regression

problem.

Unsupervised learning

Unsupervised learning algorithms take data without a label as input. Some important unsuper-
vised learning algorithms are clustering and visualization and dimensionality reduction. The
clustering algorithm is trying to group the input data in clusters based on similarity. For in-
stance, you can use a clustering algorithm to detect what kind of groups are visiting an online
newspaper, and at what times. This information can further be used to target specific readers
at different times. Visualization algorithms can be used to input data and get a graphical repre-
sentation as output. In unsupervised learning, the algorithms try to understand and learn from

the data without the solution given in the training data, as for supervised learning. Figure 3.3

. [ Usupervised
Data without Label —H Learning Model I—!l- Classes
\. J

Figure 3.3: Unsupervised learning algorithm.

illustrates how an unsupervised learning algorithm takes unlabeled data is input and predicts
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a class for this data. The algorithm discovers structures in the data and groups it. It is possi-
ble to make a hybrid of supervised- and unsupervised learning, which is called semi-supervised
learning. Algorithms like this have a dataset consisting of a mix between unlabeled- and labelled

data.

Reinforcement learning

Reinforcement learning (RL) algorithms learn based on rewards received on the last action per-
formed [39]. RL algorithms can also work in a changing environment, which is typically used for
an algorithm that plays a game. The player is then called an agent, the game is the environment,
and the player is selecting action based on rewards from previous actions, as displayed in figure

3.4. The algorithm plays a certain game until the optimal policy is reached.

.-"--- ; m‘ H-\.
State
Agent }
L] R } .---:_.l
Feward
Action

Environment

Figure 3.4: Reinforcement learning algorithm.

Supervised and unsupervised algorithms are used in the system of this thesis.

Today there exists more advanced branches in ML, and NNs is one of them. The field of NN
makes it possible to solve more complex tasks better, like for instance image recognition with
state of the art performance. The following section presents some main classification algorithms

in NN that is utilized in this thesis.
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3.2 Neural Networks

Parts of this subsection is taken from [1].

input

The artificial NNs (ANNs) have truly evolved

denc{_rues 1 ) axon terminals

from a collaboration between neuroscientists
and computer scientists, looking into what in-
telligence is [41]. Tomaso Paggio is a professor ~ ™cleus
at Massachusetts Institue of Technology and cell body output
started looking at the problem of intelligence Figure 3.5: Biological neuron [6].
around 1990 [41]. He was making computer

vision algorithms for detecting faces and people in street scenes. He started collaborating with
experimental neuroscientists about how the brain detects faces and people. Neuroscientists
have known that the brain’s visual system is built up by a hierarchy of areas since the 1960s [41].
Paggio tried to mimic the brain in his model for visual recognition. In Paggio’s model, the low
levels recognize edges and lines, and the higher ones could turn the edges and lines into object
parts and then objects.

The brain is built up by 100 billion neurons communicating [41]. Figure 3.5 illustrates a biologi-
cal neuron where dendrites receive the signals, the cell body processes the signals, and the axon
sends the signals to other neurons. The neurons in the brain are the ones doing the recognition,
and from communicating it among each other, the neurons in the highest level can detect the
objects. The word "neural" in NNs comes from the neurons in the brain. The NN is a set of algo-

rithms loosely modelled after the human brain. Figure 3.6 illustrates an artificial neuron from a

neural network, which looks quite similar to the biological neuron in Figure 3.5. An example of

Input —/ \ Qutput
Meuron | _—
body | T~ I

Figure 3.6: Artificial neuron.

a NN can be one for recognizing a person in an image, as what Paggio looked into. The overall



22 CHAPTER 3. THEORY

goal is to map the input which is an image with a person in it, to the output which is the recog-
nized person.

In 3.1, the ML algorithms acquired knowledge by extracting patterns from raw data. Features
for representing the task had to be decided and provided to the ML algorithm. Sometimes these
features might be hard to find. To make the algorithm recognize a face, one of the features to
look at is the nose. But it is quite hard to explain what a nose looks like. When designing the
features, it is also needed to separate the factors of variation that explain the observed data [42].
These factors can be looked at as abstractions that are needed to make sense of variability in the
data. For instance, when the algorithm is trying to recognize the face from the picture, factors
like the angle of the face and brightness of the sun are important. The pixel’s colors might look
a bit different than they are by night, for instance. Due to this, factors of variation that is impor-
tant for the specific task needs to be found and taken into consideration. The only problem is
that these factors might be quite difficult to extract, and therefore when looking at this as one
mapping, the task is very complex. By dividing this mapping into smaller, nested mappings, the
task is less complex. The process of division is exactly what Paggio did when he decided to build
his vision recognition model based on the brain’s hierarchy of areas. The mapping of input to
output is done by processing the input by a set of functions, and then pass the output to the next

layer.

Hidden Layer

Input Layer Qutput Layer

Figure 3.7: Neural network.
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Alayer, in a NN, represents the state of the computer’s memory after executing another set of in-
structions in parallel [42]. The very first layer of a NN is called the input layer, and the last layer is
called the output layer, while the layers in between are called hidden layers, visualized in Figure
3.7. The first layer’s task can be to identify edges by comparing the brightness of neighbouring
pixels. The output from the first layer is given to the second layer, and the second layer can look
for corners and extended contours. By using the second layers explanation of the image by cor-
ners and contours, the third layer can find specific collections of contours and corners, which
result in entire parts of objects. The fourth layer can use the third layer’s description of the image
by object parts to recognize the different objects in the image. The overall task of mapping the
input image to the output as a recognized object by dividing the mapping into smaller, nested
mappings are now solved. This is how NNs generally work by learning a concept at each layer
and communicating it to the other layers.

The difference between DL and NNs is the "deep" part, which means that DL has more learned
concepts or a greater amount of compositions than NNs [42]. The definition of how many
learned concepts or compositions that are needed to be a deep NN is a bit vague. DL is a branch
in ML which learns to represent the world by a nested hierarchy of concepts, where each con-
cept is represented by simpler concepts [42]. This way, DL achieves great power and flexibility.

The rest of Section 3.2 looks at deep feedforward- and convolutional networks.
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3.2.1 Deep Feedforward Networks

To explain what deep feedforward networks
are, this section starts by looking at what
a perceptron is. The perceptron was truly
invented by Frank Rosenblatt in 1957 [43],
and is one of the simplest ANN architec-
tures. Rosenblatt’s perceptron contributed to
the first popularity wave of ANN [39]. A visual
representation of Rosenblatt’s perceptron is
displayed in Figure 3.9. The neurons in a per-
ceptron has numbered inputs, xi,Xx2,...,Xn,
with weights, w;, w»,.., w,. A linear thresh-
old unit (LTU) sums the weighted inputs and
puts the result in a step function. b repre-
sents the bias, which is the offset to the ori-

gin. The step function is typically a Heaviside

function, where the output, y, is dependent

Figure 3.8: Frank Rosenblatt [7].

on the weighted sum of the inputs. Percep-

trons are based on linear models, which means that they cannot learn XOR functionality, for
instance. The XOR learning inability, among other limitations the perceptron has, is pointed
out by Marvin Minsky and Papert Seymour in the book Perceptrons: An Introduction to Compu-
tational Geometry [44].

When flaws like the ones mentioned in Minsky- and Seymour’s book where known, it backlashed
against the NN approach. Some of the perceptron’s limitations, like learning the XOR function-
ality, can be fixed by introducing the multi-layer perceptron (MLP). An MLP consists of stacked
perceptrons and is also called feedforward NN. The network is called feedforward because the
information flows from the input x, through the intermediate layers with the computations used
to define the approximated function f, and at the end, the information goes to the outputy. The
approximated function, f, is formed by each layer’s sub-function, where every layer’s function

uses the previous layer’s function. The layers between the input and the output layers are called
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Figure 3.9: Rosenblatt’s perceptron [7].

hidden layers because the input does not include a description of what each layer should do to
create the output. The hidden layers contain hidden units, and the output of every unit in one
layer is connected to the input of every unit in the next layer. Having this connection between
the units means that the feedforward network has fully connected layers. Figure 3.7 visualize a
fully connected feedforward network. The algorithm itself has to choose what each layer should
be to find the best-approximated function. The overall goal of a feedforward network is to ap-
proximate some function, f*, to generate the most accurate prediction of the output based on
the input.

y=fx0,w) =¢px0)"w, (3.1)

is a mathematical representation of the feedforward NN. The parameters 0 are used to learn the
hidden layer’s function, ¢. w is mapping the learned function, ¢(x), to the output, y. The hidden
layers functions can be called activation functions. The activation function computes the layer’s
values. In today’s NN, it is normally recommended to use the rectified linear unit (ReLU) as an
activation function. A ReLU computes a linear function of the inputs and outputs the result if it
is positive, and 0 otherwise [42]. For the feedforward network to be able to learn, the gradients
of complicated functions are needed. This is called gradient-based learning.

To train NN, iterative, gradient-based optimizers that derive the cost function to a low value
are usually used [42]. That is, the training algorithm is based on using the gradient to descend
the cost function for the feedforward NN. An efficient way of computing the gradient is built on
the mathematical chain-rule concept. This principle is called the back-propagation algorithm,

which was presented in 1986 by David E. Rumelhart and other researchers [45]. After this algo-
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rithm was introduced, NNs gained popularity and had a peak in the 1990s. Today’s feedforward
NN has approximately the same back-propagation and approach to gradient descend as in the
1980s. The feedforward NN itself does not use the back-propagation algorithm, but the back-
propagation algorithm uses the feedforward NN. The network is used to feed forward the values
from input to output, and then the back-propagation algorithm calculates the error and propa-
gates it back to the previous layers. That is, the algorithm goes through the network in reverse
to measure each layer’s error contribution from each connection. The gradient descend is used
after the back-propagation algorithm to adjust the weighted connections to reduce the overall
error. The error that propagates back is found by utilizing a cost function.

For NNs, the cost function is usually defined as the cross-entropy between the training data and
the model’s predictions plus a regularization term. The regularization term in the cost function
is used to make the model generalize well. That is, to make the model not only perform well on
the training data but also on new instances, avoiding overfitting. Due to this, the regularization
term in the loss function penalizes for large weights. One type of regularization that can be used
by a broad family of models is called dropout. This technique to avoid overfitting randomly ig-
nores or dropout some hidden units in a given layer.

Saying that the NNs are trained using the cross-entropy error is equivalent to the negative log-
likelihood. To be able to compensate for the error, the negative log-likelihood is minimized. The

minimization can be done by using a gradient descend algorithm.

J(0) = —Ey y~p 012 108 Prmoder (Y1X) (3.2)

Equation (3.2) is a general form of the cost function for a NN. The form of this cost function
depends on the model, indicated by p;04.;- The symbol E stands for expected value over the
subscript’s probability distribution.

It is desired to find the gradient, VJ(0), of the cost function with respect to the parameters. The
evaluation of the gradient is done by the back-propagation algorithm. Each layer has to change
its weights according to a back-propagated error message from the next layer and calculate an
error message for the previous layer. The error is calculated using the gradient, and this is done

efficiently with the back-propagation algorithm. For instance, if the input and output vectors
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x € R™ and y € R" respectively, and g maps from R to R", then g is the activation function
defined for each hidden unit. A function f maps from R” to R, y = g(x) and z = f(y). The chain

rule can then be used in the back-propagation algorithm to get the gradient as follows.

vze=2 v, (3.3)

Equation (3.3) shows that the gradient can be computed using the chain rule, which means that
the gradient of a variable x is computed by multiplying the Jacobian matrix g—i by the gradient
Vz for each node in the graph [42]. This technique is used to find V/(@). Normally the back-
propagation algorithm is applied to tensors rather than vectors, but the principle is the same as
in (3.3) by doing some rearranging in the tensor before running the algorithm.

The SGD is used to perform learning utilizing the gradient found by the back-propagation algo-
rithm. The SGD algorithm finds an estimate of the gradient by finding the average gradient on a
minibatch of m examples drawn independent and identical distributed from the data generat-
ing distribution [42]. The learning rate is a crucial part of the SGD, and it is gradually decreasing
throughout the algorithm until a certain iteration is reached. The iterations after the reached
iteration have a constant learning rate.

Batch Normalization (BN) is usually used in the gradient descend algorithm to optimize learn-
ing. BN addresses the problem that the distribution of each layer’s input changes during training
[39]. This happens because the parameters of the previous layers change. The BN operation is
done before the activation function in each layer. The operation includes scaling and shifting
of the layer’s input. BN makes it possible for the NNs to have a larger learning rate and make
them less sensitive to weight initialization. Without using the BN, the exploding gradient prob-
lem could occur, which can make the learning unstable. The gradient is found by looking at the
difference between the predicted values and the actual values, which means that if the error is
large, the gradient gets big and could "explode." The opposite of the exploding gradient is called
the vanishing gradient and occurs when the gradient is vanishingly small, which could prevent
the weights from changing its value. In the worst case, the network will stop training.

How the feedforward neural network operates and how it learns by using gradient-based learn-

ing has now been presented. The deep feedforward network is a fully connected network, and
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therefore it has many parameters to tune for complex data. The introduction of Section 3.2
mentions an example of recognizing a person in an image. This works fine with deep feedfor-
ward NN if the image is small, but with larger images, the network breaks down [39]. To perform
image recognition on larger images, a specialized kind of deep feedforward network called con-

volutional networks can be used.

3.2.2 Convolutional Networks

The human perception of differentiating objects seems effortless, but for a computer, this task
is extremely complex. The perception happens outside the human’s consciousness, within spe-
cialized visual, auditory, and other sensory modules in our brains [39]. This type of NNs, which
also goes under the name convolutional NN (CNNs), is specialized in processing data that has
a known grid-like topology [42]. The CNNs are typically used for processing images, which has
a 2D grid of pixels and has occurred from studying the visual cortex of the brain [39]. These
networks perform better on image recognition for large images than the deep feedforward NN
because it has partially connected layers. This way the CNN has fewer parameters to tune than
the feedforward NN. The CNNs also uses convolution instead of matrix multiplication, as the
deep feedforward NNs uses, in at least one of the layers. The neurons in the first convolutional
layer are not connected to every pixel in the input image. Instead, it is just connected to neurons
located in a small rectangle of the input image [39]. Every convolutional layer’s neurons in the
CNN is only connected to a small rectangle of the neurons in the previous layer. For a layer to
have the same height and width as the previous layer, zero padding is used around the input.

The input of a convolution in ML is usually a multidimensional array of data. The kernel is
usually a multidimensional array of parameters that the learning algorithm adapts. The kernel
represents the neuron’s weights, and can also be called a filter. A multidimensional array will,
from now on, be called a tensor. The discrete convolution between a filter and an image can be

represented as done below.

s, )= KD, j)=)_> I(i—m,j-nK(m,n) (3.4)
m n
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In (3.4), the input is the image I, and the kernel is also two-dimensional and is represented by
K. The convolution has a commutative property because the kernel in this example is flipped
relative to the input. This is a property that is not needed for the implementation of NNs. Due to
this, the term convolution is used, but the networks are normally using cross-correlation, which
is the same as convolution, except it does not do the flip operation. In this thesis, the same
convention is used, and it is specified if the kernel is flipped. A mathematical representation
of the convolution without a flipped kernel, the cross-correlation, is explicitly expressed as fol-

lows:

s(i, /)= K=*D(,j)=).) Ii+m,j+n)K@m,n). (3.5)

m n

This convolution is used in the layers to recognize patterns like edges, object parts, full objects,
along with others. The kernel is convolved with the input in the convolutional layer, and the
result, s(i, j), is the output that is given to the next layer. A layer of neurons using the same
filter provides a feature map where the pixels in the image that are similar to the filter are high-
lighted [39]. Multiple feature maps like this are stacked upon each other and compose a 3D
convolutional layer. The layer does multiple convolutions simultaneously to its input, where
each feature map has its weights and bias [39]. An image also consists of layers, which are called
channels, where a colored image has three layers. One layer for red, one for green and one for
blue.

To understand how this discrete convolution works in practice, it can be looked at as matrix

multiplication, where the matrix has certain constraints depending on the input.

The interaction between input and output in CNNs is referred to as sparse interactions or sparse
weights. Compared to traditional NNs where every input interacts with every output, convo-
lutional networks have a small kernel that only occupies some of the important pixels, which
improves the efficiency.

Another difference from traditional NNs is the concept of parameter sharing, which means that
each parameter can be used for more than one function in a model in convolutional networks.
As mentioned earlier, traditional NNs use matrix multiplication between the input matrix and

the weight matrix. This means that each element in the weight matrix is only multiplied with
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one of the input elements, which can be called tied weights. This means that a set of parameters
needs to be learned for every location. With CNNs, on the other hand, each parameter of the
kernel is used by every input parameter, with a few exceptions. By using this method, the net-
work only needs to learn one set of parameters, which reduces the storage.

The CNNs also have a equvariant representation, which means that if the input changes, the out-
put changes the same way. For example, if the input is shifted by time, the output is the same as
before but shifted the same amount of time as the input.

A convolutional layer typically consists of three stages. The first stage does the convolutions
in parallel and provides its output, a set of linear activation, to the next stage. Stage two feeds
the linear activation into a nonlinear activation function, sometimes called the detector stage.
In the last stage, a pooling function is used to for instance make the representation more robust
against small translations in the input, called invariance. This becomes handy when it is desired
to check if a feature is present rather than exactly where it is. Pooling can also be used to reduce
the size of the representation to speed up the computation and to make it possible to use input
of different sizes. Different pooling functions exist to make the wanted output for the specific
task. A typical pooling function can be max or mean. Say, for instance, the max pooling kernel
is of size 2 x 2, and the input is of size 4 x 4. When the pooling kernel moves over each quadruple
of pixels, it only keeps the maximum value. The pooling kernel that is sent to the next layer will,
therefore, consist of 4-pixel elements, where each represents the maximum of its quadruple in
the input. Seventy-five percent of the input is dropped in the output. The neurons in the pool-
ing layer do not have any weights. The pooling layer’s task is only to optimize the convolutional

layer. A clustering algorithm can, for example, be used to dynamically pool features together.

The NNs and basic ML algorithms, described in Section 3.1, go under the category of discrim-
inative modelling. A discriminative model can learn from labelled training data to predict the
label of new data. In the next subsection, generative modelling is introduced, and together with
discriminative modelling, it is possible to generate new data from a set of training data. This
type of algorithm utilizing generative- and discriminative modelling is called GAN and is used
in the system of this thesis. Different candidate GANs are also proposed and discussed in the

subsection below.
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3.3 Generative Adversarial Network (GAN)

As written in a paper by lan Goodfellow among others,

In the proposed adversarial nets framework, the generative model is pitted against an adversary:
a discriminative model that learns to determine whether a sample is from the model distribution
or the data distribution [25].

GANs were first introduced by Ian Goodfellow and other researchers at the University of Mon-
treal in 2014 [25]. Ian Goodfellow, shown in Figure 3.10, can, in some way, be looked at as the

father of GAN.

Generative Models

The input for a generative model is usually unlabeled, but it can also be labelled. The output
of the generative model is a set of pixels, for instance, that have a high chance of being pre-
dicted to belong to one of the classes in the training dataset. With generative modelling, it is
possible to figure out how the data was generated, and not only make predictions on it as with
discriminative models. The generative model is also probabilistic, which means that it does not
produce the same output every time. This is accomplished by introducing a random element.
A generative model aims are to learn the true data distribution of the training data, and then
use this distribution to generate new data that looks like it comes from the same distribution.
The Naive Bayes model builds on the naive assump-
tion that each feature is independent of every other fea-
ture [10]. This kind of model estimates the probability
of seeing each feature independently. The probability
of the Naive Bayes model to generate an observation is
calculated by multiplying the probability of the appear-
ance of each feature itself. This model can work well

as a generative model for features that are reasonable

to expect to be independent. The Naive Bayes model
does not work well on raw image data, however. This is Figure 3.10: Ian Goodfellow [8]

because the pixels, which are the features, are not independent of each other. Creating a genera-
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tive model for images involves DL for the model to find the features itself and learn the unknown
probabilistic distribution function for the features in the training dataset.

Representational learning is used in a generative model to represent an observation, for instance
an image, in a lower-dimensional latent space. The generator finds a function to map a pixel
point in the latent space to a point in the high-dimensional image [10]. Using a latent space
representation of the image instead of using raw pixels simplifies the problem and provides bet-
ter performance. Humans also use a latent space representation when playing the Catch Phrase
game, for instance. This is a word guessing game where the player wants their partners to guess
the word on the player’s card without saying the word itself. For instance, if the word is "apple,"
the player can describe "batches" of pixels like its shape, color among others, and assume the
partners have an idea of how these batches look like in pixels. The player’s partners are then
mapping the explanation in the latent space to pixels to generate an image of an apple. Latent
space also comes handy for manipulations of an image, which we can call latent arithmetic’s
[10]. For instance, it is possible to change the latent space vector of an image of a smiling person
to make the decoded image be the same person but sad. This same technique can be used to
morph between two faces. This way, complex problems can be solved by dividing it into smaller

and easier problems.
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Deep Generative Models

Variational autoencoders (VAE) is a famous

and fundamental generative DL model [10]. original input data

The VAE is explained by starting to look at a -

regular autoencoder. An autoencoder can be 6

used to do the mapping from a high dimen-

sional space to alow dimensional latent space autoencoder

and vice versa, as illustrated in Figure 3.11. .

An image can be encoded to a representation encoder

vector in the latent space, which again can [-20, -0.5] representation

vector

be decoded to an image in the high dimen-
sional space. When decoding back to the high /ﬁh

dimensional space, some information is lost,

which means that it is hard to reconstruct the
input image. An autoencoder network can be
trained to find weights that minimize this loss

of information. Comparing the autoencoder

) reconstruction of the input data
to known models, it can be seen that the de-

coder is a bit similar to the generative model, Figure 3.11: Autoencoder diagram [9]

and the encoder is a bit similar to the discriminative model. The implementation is also quite
the same. To create the autoencoder, a third model has to be implemented where the encoder
model’s output is taken as input in the decoder model. When this third model is created, it needs
to be compiled with an optimizer and loss function, just as for the NN in Section 3.2. The model
is fitted to a training dataset with corresponding labels. This model takes an image, passes it
through the encoder, and back through the decoder to reconstruct the image again. There are
some drawbacks with the autoencoder which can be solved with the VAE.

Each image is in the VAE mapped to a multi-rate normal distribution around a point in the la-
tent space instead of just being mapped to a point in the latent space, as was the case for the

autoencoder [10]. This introduces a randomness to the model, which results in a point in the

latent space that has not been seen by the decoder before to still be decoded to a well-formed
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image. VAE works fine as a generative model when a low dimensional latent space, for instance,
of two dimensions, can be used. With higher dimensions of the latent space, the VAE has trou-
ble performing well. VAE can be used to generate "fake" images of people based on a training
dataset with vast amounts of images of "real" people. The images have quite low quality and
resolution, but it is still possible to see that it is an image of a person. To generate images of

people with a higher resolution, GANs can be utilized.

A GAN consists of two networks, one called the generative network, and the other called the dis-
criminative network. These two networks are adversarial, thus the name GANs. The networks
are generative because they are probabilistic, which implies that the model does not produce
the same output every time. The generative network generates samples from random noise,
while the discriminative network takes both the actual data and the generated samples as input
and labels it as "fake" or "real." The generative network wants to generate adequately "fake" data
to "fool" the discriminative network to label it as "real," while the discriminative network does
not want to be "fooled." This is how the networks are adversarials. If enough data are available,
the GAN can converge. The goal is to find an unknown probabilistic distribution that explains
why some images are more likely to be found in the training dataset, and others a not [9].

An example of a GAN can be an iterative two-player minmax game with the value function
V(G, D), illustrated in 3.6 [25]. The generator, G, minimizes its loss when its generated sam-
ples from a latent space vector, z;4¢en:, get a probability of one from the discriminator, D, that
is D(G(zjqtent)) = 1. The discriminator, on the other hand, minimizes its loss when the proba-
bility is one for "real" data, D(x) = 1, and zero for the generated samples, D(G(z;4ten:)) =0. The
main principle of GAN is the alternating training of the discriminator and generator, and the
aim is to reach convergence. The convergence requires enough capacity, computation time and

data.
minmaxV(D, G) = Ex-pq, [10g(DCN] +Ezypyeni~ps,.... [108(1 = D(G(Z1atens))] (3.6)

In Equation (3.6), pga:q Stands for the actual data variables, and p,, ,,,, stands for the noise vari-

ables in the latent space.
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Figure 3.12: The layered architecture of the generator and discriminator of a GAN [10].

In the implementation, GANs are used for generating images GANs. The goal is to be able to
generate new sets of pixels that look like they have been generated by the same set of rules as
the pixel sets in the training data. The discriminator in the GAN is built with a convolutional
architecture, similarly as CNN in Section 3.2. That is, starting with an image, getting the feature
maps, and downsampling the image [25]. For the discriminator network, there is just one prob-
ability in the output. This probability is one if the discriminator labels the image as "real", and
zero if it is labelled as a generated sampled data.

The generative network is built on a transposed convolutional architecture, which is in a way
opposite to the convolutional architecture. The generative network does not start with an im-
age but with a latent vector and ends up with an image. Transposed convolutional layers are
used to increase the dimensionality from the dimensions of the latent vector to the dimensions
of the image to be generated. The layers of the generator and discriminator are illustrated in
Figure 3.12. The above figure reveals how the generator maps a vector to an image, and the
discriminator maps an image to a probability that the image is "real" or "fake" [10]. The gen-
erator generates the images only based on the vector, and not by using the training data. The
dimensions in 3.12 is for an example of a GANs implementation done for the Canadian Institute
For Advanced Research 10 (CIFAR10) dataset [10] and may differ a bit in the implementation in
Section 4, but the concept is the same. After GANs was introduced in 2014 [25], many different

types of GANs have been proposed.
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3.3.1 Conditional GAN

The cGAN is used for image-to-image translation in [12]. The paper is associated with a pix2pix
software, which has been used of a large number of internet users for experiments like, for in-
stance, art [46]. The cGAN is similar to the GAN explained above but in the conditional setting.
Meaning that cGAN learns a conditional generative model instead of just a generative model.
The cGAN represented in [12] learns a mapping from observed image x and random noise vec-
tor Zjarent t0 ¥, G {X, Zjarent} — ¥. This network requires paired training data, illustrated to the

left in Figure 3.13.

Unpaired

Figure 3.13: Example of paired and unpaired training data from [11].

The training of a cGAN consists of a generator, G, and a discriminator, D. Let’s look at an ex-
ample of mapping from the edged shoe domain, x, to the actual shoe domain, y, shown in the
paired training dataset in Figure 3.13, utilizing cGAN. The generator takes an edged image of a
shoe together with a random noise vector z;4:0,;, as input, and generates a synthesized image
G :{x,z14tent} — y- The discriminator takes both the image synthesized by the generator as well
as the edged image, x, as input to determine if the synthesized image is "real" or "fake." In an
unconditional GAN, only the discriminator sees the edged image. The discriminator also takes

the ground truth image of the shoe, y, as input together with x to determine if it is real or fake.
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The objective function for a cGAN can be expressed as

Legan(G, D) =Ey,y [logD(x, y)]| +Ex 2,10, [108(1 — D(x, G(X, Z1a1ent))) ] - 3.7

In Equation (3.7) it can be seen that the generator is conditioned by x in the last term.

L1 (G) = [Ex,y,zlmem [” ¥—G(X, Ziatent) ”1] . (3.8)

The L1 distance ! in Equation (3.8) is used together with (3.7), resulting in the following objective
function for the cGAN,

mGianachcAN(G, D)+ AL (G). (3.9

The generator’s job in a cGAN is not only to fool the discriminator, but also to be as near the
ground truth as possible. The L1 distance is therefore used to keep track and regulate how far

the generator is from the ground truth. Figure 3.14 illustrates how an edged input image of a

Ground truth Input ) Ground truth Output

Figure 3.14: Example results from a cGAN automatically detecting edges—shoes, compared to
ground truth [12].

shoe is mapped to a shoe that looks a lot like the ground truth.
If paired training data is available, cGAN among several other approaches [47, 48, 49] can be ap-
plied for image transformation. It is possible to create a paired dataset by semantically labelling

the ground truth image, and using the labelled image as input in the network, for instance. Se-

IThe L1 distance is the sum of the magnitudes of the vectors in a space.
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mantically labelling images is time-consuming and is, therefore, not an optimal choice. A net-
work that can process unpaired training data is thus desirable, which can be done in a cycle-

GAN.

3.3.2 Cycle GAN

CycleGAN is an approach to learn the mapping between an input image and an output im-
age using unpaired training data and is presented in [13]. An example of an unpaired training
dataset is illustrated to the right in Figure 3.13. For many tasks paired training data is not avail-
able, and for these tasks, CycleGAN could be a decent choice. It is possible to create a paired
training dataset of unpaired data, but this is time-consuming. CycleGAN can perform image-
to-image translation, that is, converting an image between different representations of a scene.

Resulting image translation between scenes done by CycleGAN is displayed in Figure 3.15. The

Monet 7_> Photos

Zas Corses Summer > Winter

zebra *) horse

bt

__horse —)zebra

Photograph Monet Van Gogh . Cezanne Ukiyo-e

Figure 3.15: CycleGAN results achieved by [13].

network can translate an image of zebras to an image of horses and vice versa, as illustrated
in Figure 3.15. CycleGAN manages to work around the paired dataset problem by introducing a
mapping function F in addition to the G. The architecture of this type of GAN with an additional
mapping function is displayed in Figure 3.16. The added mapping function F also introduces
an additional discriminator Dy, which is labeling y and G(x) as either fake or real. If G(x) is

labeled as fake, this function needs to become better at mapping images from domain X to Y.
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Figure 3.16: The architecture of a CycleGAN [13].

The same accounts for Dy, that is, Dy are labeling x and F(y) as either fake or real. If F(y) is
labeled as fake, then the mapping function F needs to improve its performance to be able to
"trick" Dx. Thus, by introducing a second mapping function, which indicates that a second
discriminator is also needed, CycleGAN manages to do image-to-image translation without the
need for paired training data. Sub figure (b) and (c) in 3.16 illustrates how a cycle-consistency
loss occurs between the mappings. This loss is pushing G and F to be consistent with each other.
The architecture in Figure 3.16 (b) results in the following objective function for G: X — Y and

its discriminator Dy,

LoaN(G, Dy, X, Y) = Eypyoraiy 108Dy ()] +Ex- pyracs [108(1 = Dy (G(x))] . (3.10)

The objective function for F: Y — X illustrated in 3.16 (c) and its discriminator Dy is,

LeaN(EDx, Y, X) = Ex~pyrac 108Dx ()] +Ey~pyya, (1081 = Dx (F(y)] . (3.11)

A cycle consistency loss is introduced to make the mapping functions cycle-consistent, and can

be expressed as follows:

Leye(G, F) = Exepyaraee | 1 F(GXD) =X 11 | + By pyracy [ | GED) =y 11 | (3.12)

If the mapping functions are cycle consistent then the cycle-consistency loss illustrated in (b)

and (c) in Figure 3.16 is zero. This means that x — G(x) — F(G(x)) = x displayed in (b) in 3.16.
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The same accounts for y, and is shown in (c) in 3.16. In Equation (3.12), | . ||; represents the L1
norm. The resulting objective function by taking Equation (3.10), (3.11) and (3.12) into account
is then

L(G)EDX!DY) = LGAN(G,DY,X, Y) +LGAN(EDX! Y)X) +/1LCJ/C(G’F)- (3'13)

The aim of the CycleGAN is to solve
IgilgllgnaDX L(G,EDx,Dy) = Lcan(G,Dy, X, Y) + Lgan(F,Dx, Y, X) + ALcyc (G, F). 3.14)
’ XYy

This is quite similar to the standard GAN represented in (3.6), but with some adjustments to
make it work with unpaired data. CycleGAN is not the only type of GAN that can work with

unpaired training data, and another type will be described in Section 3.3.3.

3.3.3 Coupled GAN

A coupled generative adversarial network (CoGAN) to tackle the unpaired setting by learning a
joint distribution of multi-domain images is introduced in [14]. The joint distribution is learned
by enforcing a weight-sharing that limits the network capacity. The authors reveals successful
image transformation with CoGAN between domains for color and depth images, and also on
face images with different attributes. Although the framework CoGAN can be used for multi-
image domains, the paper focuses on the case of two image domains. The network consists
of a pair of GAN, illustrated in Figure 3.17, where each network is responsible for synthesizing

images in one domain. The two GANs are forced to share weights during training, which re-

Generators Discriminators

GAN, 9.(2) f1(g1@)

z —  weight sharing

f2(922)

9,(2) ‘ O

GAN,

Figure 3.17: The architecture of a CoGAN [14].

sults in the GANs learning to synthesize pairs of corresponding images. Figure 3.17 illustrates
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how each of the two GANs, GAN; and GAN,, have a generator g(z) for synthesizing realistic
images in each domain, and a corresponding discriminator f(g(z)) for classifying if an image
is real or synthesized. The vector z is a random vector like the z;,;0,; described above. The
weights are tied for the first layers in the generators, which are the layers responsible for de-
coding high-level semantics, and the last layers in the discriminators responsible for encoding
high-level semantics. The joint distribution is learned through this weight-sharing, and it is how

the paired-training data setting is tackled. Figure 3.18 displays the resulting images from using

Figure 3.18: Resulting generated images of faces with different attributes utilizing CoGAN [14].

CoGAN. The generated images are pairs of corresponding faces from the same person with and
without an attribute. The different attributes represented in Figure 3.18 are pair face genera-
tion results for blond-hair and smiling from top to bottom. For every image pair, the first row
contains the images with the attribute, and the second is without it. The paper also shows that
CoGAN can be applied in the Unsupervised Domain Adaption (UDA), which concerns adapting
a classifier trained in one domain to classify samples in a new domain where there is no labelled

example in the new domain for re-training the classifier [14].
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An image-to-image translation based on the

CoGAN framework from [14] and an assump-

Z : shared latent space

tion of the existence of a shared latent-space
is proposed in [15]. The framework repre-
sented in [15] manages to work around the

paired training data issue by assuming a pair

of corresponding images (x1, x2) in two differ- Y
ent domains y; and y» can be mapped to the ’

same latent code z in a shared-latent space Z, Figure 3.19: The shared latent space assump-
shown in Figure 3.19. The encoding functions tion [13].

E) and E, are mapping the images to the latent code and two generator functions, G; and G,
maps the latent code back to the images. Representing an image in a latent space is simpler
than representing the images as the actual image. The features of the image are simpler to rep-
resent in the latent space than in the image space and are therefore also simpler to extract. The
authors illustrates how this shared-latent space assumption results in an image-to-image trans-
lation between domains without any paired training data, displayed in Figure 3.20. Even though
the paper reveals positive results, there were also two limitations discovered. The translation
model is unimodal due to the Gaussian latent space assumption, which means that there only
exists one correct answer. Possible unstable training due to the saddle point searching problem
is the second limitation of the proposed framework. The saddle point searching problem is the

issue of distinguishing saddle points from minimums and maximums. Another framework for

performing image-to-image translation between two different domains is the simGAN.
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Figure 3.20: Street scene image translation results [15].

3.3.4 Simulated GAN

Apple introduces a method for Simulated + Unsupervised (S+U) learning, which they term sim-
GAN [16].The task is to learn a model to improve the realism of a simulator’s output using un-
labeled real data while preserving the annotation information of the simulator [16]. The S+U
learning uses an adversarial network together with synthetic images from a simulator as input.
The annotation information should be preserved for the training of ML models. An example of
annotation information of an image of an eye is the gaze direction. Figure 3.21 illustrates an

overview of the architecture of a simGAN framework. The figure displays how synthetic images

Synthetic / | \ Refined

Refiner
R

Simulator g 't‘ }

Real vs Refined Dlscrlnl;lnator

Unlabeled real

Figure 3.21: The SimGAN architecture [16].
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are rendered from a simulator and are input to a refiner neural network, R, which are mini-
mizing the combination of local adversarial loss and a "self-regularization" term. The local ad-
versarial loss tries to "fool" the discriminator, D, that classifies an image as real or refined. The
self-regularization term is minimizing the difference between synthetic and refined images. The
adversarial loss that trains the refiner network is similar to the regular GANs [25] and should re-
sult in the refined images being quite similar to the real images. The refiner network aims to
generate refined images that the discriminator cannot distinguish from real images, while the
discriminator does not want to be "fooled" by the refiner network. This is how the adversarial
loss can train the refiner network and how the architecture in 3.21 is similar to GANs in [25]. The
training of the GAN framework is known to be unstable as well as to introduce artifacts [50]. Ap-
ple addresses the problem of unstable training by updating the discriminator using a history of
refined images instead of only the ones from the current refiner network. The discriminator’s re-
ceptive field is limited to local fields instead of the whole image to not introduce artifacts, which
means that each image has multiple local adversarial losses. The paper reveals state-of-the-art
results without any labelled data. The SImGAN has not been used to refine videos instead of

images, which are set as future work.

3.3.5 Discussion

The cGAN was tested with weight sharing, which worked fine on grey-scaled images but was out-
performed by the CoGAN. Testing cGAN with weight-sharing for color and depth image domains
turned out to not even be feasible [14]. Another drawback with cGAN is that paired training data
is needed, which is not naturally accessible for this thesis and is time-consuming to generate.
CoGAN, on the other hand, does not need paired training data and illustrated promising results
even though it had some drawbacks. SiImGAN does not need paired training data either, and the
results seemed positive. Comparing CoGAN with SimGAN, SimGAN has managed to stabilize
the training, where CoGAN could result in unstable training due to the saddle point problem, as
stated above. CycleGAN, as with coGAN and simGAN, does not need paired training data either.
The three GANs, simGAN, coGAN, and cycleGAN are, therefore, candidates for minimizing the
reality gap, which is the purpose of this master thesis.

A comparison of cycleGAN, coGAN, and simGAN, among others where the input is semantically
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labelled images is performed by [13]. Figure 3.22 displays how different GANs can generate pho-

tos that are closer to ground truth by taking semantically labelled images as input.

Input BiGAN CoGAN feature loss GAN SimGAN  CycleGAN 1X2pix Ground truth
= o}

- ;;A--¥ I.". --“ “

i ; -- "

Figure 3.22: Different GANs for mapping labels to photos [13].

Figure 3.22, indicates that the generated images performed by cycleGAN are closer to the ground
truth than the images generated by coGAN and simGAN; hence cycleGAN is utilized for this the-
sis although this comparison is not fair for the simGAN due to the input image. Figure 3.21, il-
lustrates that the simGAN performs well when the input image has more details and is closer to
the ground truth. A detailed simulator is accessible for this thesis, and simGAN could, therefore,
still be ubteresting to use for minimizing the reality gap.

Object detection and instance segmentation algorithms are utilized in this thesis to check if a
model trained on the generated images achieves better accuracy when tested on the real-world
images than a model trained on the actual simulator images. The next subsection presents and
discusses candidate detection algorithms, and one is chosen for the system. The chosen algo-

rithm is implemented in Section 4.3.

3.4 Object Detection and Instance Segmentation

Object detection is a more complex task than object classification, explained in Section 3.2, due
to the required accurate localization of objects. Various candidate object locations often called
"proposals,” must be processed, and these candidates must be refined to accomplish precise
localization. Solutions to finding accurate localization of objects often compromise speed, ac-
curacy or simplicity.

Instance segmentation requires the object detection part described above as well as accurately

segmenting each instance. In semantic segmentation, the goal is to classify each pixel into a
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fixed set of categories without differentiating object instances [20].

This section starts by looking into different models for object detection like R-CNN, Fast R-CNN,
and Faster R-CNN. Followed by reviewing a unified model between semantic segmentation and
Faster R-CNN called Mask R-CNN. At the end of this section, the different methods are com-

pared, and the final methodologies that are used in this thesis are stated.

3.4.1 R-CNN

A Region-based CNN (R-CNN) approach to bounding-box object detection is introduced in [17].
The R-CNN extracts a manageable amount of region proposals and then evaluate CNNs, de-
scribed in Section 3.2, independently on each region of interest (Rol). After computing the CNN
features, a class-specific linear support vector machine (SVM) 2, is utilized to classify each re-
gion. A visual representation of the R-CNN is illustrated in Figure 3.23, where the process is

divided into four steps. The first step is just the input image, and then this image is divided

warped region aeroplane? no.
Ip J g | ﬂl p: no. |

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Figure 3.23: R-CNN architecture [17].

into regions in step two. In step three, the CNN features for each Rol are computed, and on the
fourth step the different regions are classified. Although R-CNN achieves exemplary results, the
framework still has notable drawbacks like expensive training in space and time. The training
is a multi-stage pipeline, and the object detection itself is slow. The R-CNN framework was in-
troduced in 2014, a year later, Microsoft Research introduced an improved method called Fast

R-CNN.

2SVM is a supervised machine learning algorithm, which can be utilized for both classification and regression
problems. The algorithm is kernel based meaning that the input data does not need to be linearly separable.
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3.4.2 FastR-CNN

A Fast R-CNN for object detection is introduced in [18]. One of the improvements of Fast R-CNN
compared to R-CNN lies in the name itself; it is faster. Fast R-CNN also improves the algorithm’s
detection accuracy. Figure 3.24 displays the architecture of the Fast R-CNN algorithm. A fully
convolutional network takes an image as well as multiple object proposals, Rols, as input. The
whole image is first processed by several convolutional and max pooling layers to produce the
convolutional (conv) feature map. The Rols are then individually pooled by an Rol pooling layer
that utilizes max pooling, into a fixed-sized feature map. Fully connected layers (FCs) are then
utilized to map the fixed-size feature maps into Rol feature vectors. Each Rol has two output
vectors, that is, softmax class probabilities and per-class bounding-box regression offsets. These
two output vectors are obtained by feeding the Rol feature vector into a sequence of FCs. The

architecture in Figure 3.24 is trained end-to-end with a multi-task loss. Each training Rol is

Outputs: beX
—Deep softmax regressor
|ConvNet| | °
Rol FC FC
pooling
layer [ FCS
projection\\
Conv | Rol feature
feature map vector For each Rol

Figure 3.24: Fast R-CNN architecture [18].

labelled with a ground-truth class and bounding box regression target. The multi-task loss is
used on each Rol to train for classification and bounding-box regression jointly [18]. The multi-
task training makes it possible to avoid managing a pipeline of sequentially-trained tasks, as
for the R-CNN. Although Fast R-CNN is an improvement of the R-CNN, there is still room for
improvement. The region proposals are the computational bottleneck in the Fast R-CNN object

detection system.
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3.4.3 Faster R-CNN

A method thatimproves the Fast R-CNN by changing the way the region proposals are computed
is introduced in [19]. The method is called Faster R-CNN and is faster than the Fast R-CNN due
to the calculation of region proposals are performed with deep nets called Region Proposal Net-
works (RPNs). The framework uses the conv feature map used in the Fast R-CNN to generate
region proposals by constructing RPNs on top of these conv features. The RPNs are constructed
by adding one conv layer to encode every conv map position into a feature vector and another
layer that outputs an objectness score and regressed bounds for a number of region propos-
als for each conv map position. In the unification between RPNs and Fast R-CNN, a simple
training scheme is proposed. The training scheme alternates between fine-tuning for the region
proposal and then for the object detection, while the proposals are kept fixed. The conv fea-
tures are shared between the region proposal task and the object detection task in this training
scheme, and it converges quickly. By using RPNs, the Faster R-CNN manages to compute the

region proposals faster than Fast R-CNN. Figure 3.25 illustrates the RPN’s architecture, where a
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Figure 3.25: Faster R-CNN’s RPN architecture [19].

small network slides over the conv feature map to generate region proposals. This small network

is fully connected to a sliding window on the conv feature map. A lower dimension vector, 256-d
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in the figure, is mapped from each sliding window and is fed into two fully connected layers. The
two layers are a box-classification layer and a box-regression layer. The k anchor boxes in the
figure are rectangular object proposals. The fully-connected layers are shared across all spatial
locations due to the fact that the small network operates in a sliding-window fashion.

Even though Faster R-CNN is an improved version of the Fast R-CNN in many applications with
increased accuracy and decreased computational time, there is still room for extensions to the

model which has been done in the Mask R-CNN model.

3.4.4 Mask R-CNN

In 2018, Facebook Al Research (FAIR) presented a framework for object instance segmentation
that efficiently detects objects in an image while simultaneously generating high-quality seg-
mentation masks for each instance [20]. The Mask R-CNN framework achieves state-of-the-art
results on a range of tasks in the field of object detection. The researches merged two state-
of-the-art models together and played around with linear algebra. Mask R-CNN combines ele-
ments from the object detection task of classifying individual objects and using bounding boxes
to localize them and the semantic segmentation task of classifying each pixel into a fixed set
of categories without differentiating object instances. An example of Mask R-CNN for instance

segmentation done on an image of boys playing football can be seen in Figure 3.26.

g

RolAlign

Figure 3.26: Mask R-CNN for instance segmentation [20].

The figure displays an extension of the Faster R-CNN by adding a branch for predicting seg-
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mentation masks on each Rol in parallel with the Faster R-CNN’s existing branch for classifi-
cation and bounding box regression [20]. The predicting segmentation masks performed on
each Rol in a pixel-to-pixel manner consists of small, fully convolutional networks (FCN). The
mask branch only adds a small computational overhead to the Faster R-CNN, which results in
the Mask R-CNN being a fast system. The RolPool layer in the Faster R-CNN is replaced by
the quantization-free RolAlign layer to enable the Mask R-CNN'’s pixel-to-pixel alignment. The
RolAlign layer that can be seen in Figure 3.26, preserves the exact spatial locations and improves
the mask accuracy by relatively 40 percent [20]. The FCN has also been changed by decoupling
mask and class predictions, that is, predicting a mask for each class independently and relying

on the Rol classification branch for each small FCN to predict the category.

3.4.5 Discussion

Box offset || SVM object Box offset softmax Box offset softmax Box offset softmax Mask FCN
regressor classifier regressor classifier regressor classifier regressor classifier predictor
B 1 t
Independent
Joint Joint
Region CNN Region CNN Region CNN Region CNN
features features features features
g
RPN Rol pooling RPN RolAlign
Region Deep Region Deep
proposal CNN proposal CNN [ Deep CNN ] I Deep CNN ]

R-CNN Fast R-CNN Faster R-CNN Mask R-CNN

Figure 3.27: Comparison of models in the R-CNN family [21].

Figure 3.27 illustrates an architecture-based comparison between the models in the R-CNN
family. It can be seen that the difference between R-CNN and Fast R-CNN is the SVM object clas-
sifier in the R-CNN, which is replaced by the softmax classifier in the Fast R-CNN. Going from
Fast R-CNN to Faster R-CNN is achieved by removing the region proposal stage performed in
parallel with the CNN and adding an RPN stage in sequence with the CNN. Adding a mask FCN
predictor in parallel with the box offset regressor and the softmax classifier in the Faster R-CNN

architecture results in the Mask R-CNN architecture. It is known that the computational speed
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is increasing going from R-CNN to Faster R-CNN. The Mask R-CNN adds a small computational
overhead to the Faster R-CNN, which results in the Mask R-CNN still being a fast system. It is
also known that the accuracy is increasing in several applications going from R-CNN to Mask R-
CNN. Even though the Mask R-CNN is an extension of the Faster R-CNN, it is still simple to train
and it is easy to generalize to different tasks [20]. Due to the state-of-the-art results achieved
by the Mask R-CNN algorithm, it is utilized in this thesis for checking if the generated simulator
frames have added value compared to the original simulator frames.

The cycleGAN is chosen as the methodology for synthesizing photo-realistic images from the
ReVolt simulator. The methodology for evaluating the added value of synthesizing these photo-
realistic images with GANSs is performed by utilizing Mask R-CNN. XAl is utilized to check the
quality of the quantitative results from the Mask R-CNN, and its theory is described in the below

section.

3.5 Explainable Al (XAI)

Taking action in, for instance, the autonomous ReVolt vessel project based on a prediction, can-
not be done without understanding the model’s reason for making that prediction. If the model
bases its prediction on the incorrect features, it could in worst-case be lethal. Thus, the system
needs to assess frust to be deployed. In this master thesis, the explanation technique LIME is

utilized.

3.5.1 LIME

LIME can explain the prediction of any classifier, thus the model-agnostic part in the name. It
is often impossible to achieve a completely faithful explanation. An explanation must at least
be locally faithful to be meaningful, although it is important to note that local fidelity does not
imply global fidelity and vice versa. LIME learns an interpretable model locally around the pre-
diction. The overall goal of LIME is to identify an interpretable model over the interpretable
representation that is locally faithful to the classifier [22]. The interpretable explanations need
to be understandable for the user, regardless of the features utilized by the model.

The original representation of the instance being explained is denoted as, x € R4 and x’ € {0, l}d,
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is a binary vector for its corresponding interpretable representation. Further, an explanation
defined as a model in a class of potentially interpretable models is represented by g; € G;. The
subscript L is utilized to differentiate the symbols from similar symbols used above in this sec-
tion. Moreover gy € {0, 1} acts over absence or presence of the interpretable components. Since
g1 must be simple enough to be understood, a measure of the complexity of the interpretable
model is defined as Q(g).

The model that is to be explained is denoted f : R — R. The prediction made by Mask R-CNN
in this thesis, that is, the probability of a segment belonging to a certain class is defined by f(x).
Further, 7, (zy) is a proximity measure between the instances z; and x used to define a locality
around x. Finally, a function Z(f, g1, ) is a measure of how unfaithful g; is in approximating
f in the locality defined by 7., where £ represents the fidelity functions. The £(f, g, ) is
minimized while Q(gy) is kept low enough to be interpretable by the user, which ensures both

interpretability and local fidelity. Thus, LIME produce the following explanation:

¢(x)=argmin Z(f, gL, mx) +Q(gL)- (3.15)
gLEGL

To minimize the locality-aware loss Z(f, g1, ) while keeping the explainer model-agnostic,
the loss is approximated by drawing samples weighted by 7. A perturbed sample z; € {0, e,
contains a fraction of non-zero elements drawn from x’ uniformly at random. The perturbed
sample recovered in the original representation, z; € RY, is given as input to the classifier f.
The classified, f(zr), is then used as label for the explanation model. By repeating this process
for a certain amount of perturbed samples, a dataset Z, of perturbed samples with associated
labels is achieved. This dataset is utilized to optimize equation 3.15 and thus get the desired
explanation ¢(x).

In Equation (3.15), the explanation functions, G;, the fidelity functions, .Z, and the complexity
measures Q is to be chosen for the specific problem. LIME uses a class of sparse linear models
as explanation, such that g; (z;) = wg - z;, and performs the search using perturbations. Locally

weighted square loss is utilized for £, as defined in Equation (3.16).

L(fgLmd)= Y wlzn)(f(zr) - grlz)))? (3.16)

zL,z’LeZ
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The weight, 7 ,(z;) = exp(—Dy (x, z1)?/0?), is an exponential kernel defined on the L2 distance 3
function, Dy, with width o.

The explanation is ensured to be interpretable by letting it be a set of "super-pixels" (computed
using any standard algorithm), and by setting a limit K on the amount of these pixels such
that,

Q(gr) = ool [llwgllo > K]. 3.17)

The interpretable representation is thus a binary vector where 1 indicates the original super-
pixel and 0 indicates a greyed out super-pixel. Directly solving (3.16) with the chosen Q in Equa-
tion (3.17) is intractable. Thus, it is approximated by first selecting K features with Lasso regres-
sion 4 and then learning the weights via least squares (a procedure called K-Lasso in 3.28) [22].
Figure 3.28 is taken from the paper where the LIME algorithm is presented [22], where the sub-

script L is not needed to differentiate symbols. The complexity of the LIME algorithm depends

Algorithm 1 Sparse Linear Explanations using LIME

Require: Classifier f, Number of samples N
Require: Instance z, and its interpretable version z’
Require: Similarity kernel 7., Length of explanation K
Z  {}
forie {1,2,3,...,N} do
z! < sample_around(z'
Z +— ZU {2, f(z:),m=(2:))
end for
w < K-Lasso(Z, K) © with 2] as features, f(z) as target
return w

Figure 3.28: Pseudocode for the LIME algorithm [22].

on the time to compute the prediction f(x) and on the number of samples N. Finally, faithful-
ness of the explanation on Z is estimated, and present to the user.

Figure 3.29 presents the primary intuition behind the LIME algorithm. The figure shows the ac-
tual instance, x, to be explained, by a bold red cross. The sample instances, perturbations, are
illustrated by the other red crosses and blue circles. The samples in the vicinity of x have a high
weight due to 7, thus a more significant size in the figure, and vice versa. The red- and blue

colored areas in Figure 3.29 represents the global decision boundary which is unknown to the

3The L2 distance is the shortest distance between two points and is calculated as the square root of the sum of
the squared vector values.
“4Lasso regression is a type of linear regression that uses shrinkage.
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Figure 3.29: Toy example to present intuition for LIME.

LIME algorithm. The dotted line represent the linear explanation presented by LIME which is

locally faithful. The line is determined based on the weighted samples, and as the figure illus-
trates, it is a local decision boundary for the perturbations around the instance x.

The LIME algorithm can only explain the prediction of one class at a time, and Figure 3.30 il-
lustrates the explanation of the classes "Electric Guitar," "Acoustic Guitar" and "Labrador." The
resulting explanations show that LIME sets the super-pixels that the model used to make the
prediction as "active", and greys out the other pixels. Image (b) in 3.30 provides insight into why
an acoustic guitar is predicted to be an electric guitar. Thus, LIME enhances trust in the classi-

fier by showing that it is not acting unreasonably.

CycleGAN, Mask R-CNN and the LIME algorithm constitute the overall system of this thesis and

its design and implementation is described in Section 4.
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(a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar ~ (d) Explaining Labrador

Figure 3.30: Explaining an image classification prediction made by Google’s Inception NN.
The top 3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic Guitar” (p = 0.24) and
“Labrador” (p = 0.21) [22].



56

CHAPTER 3. THEORY



Chapter 4

System Design and Implementation

The cycleGAN, Mask R-CNN and LIME are the chosen algorithms for addressing the main objec-
tive of this thesis. The theory about these methods is in Section 3. This section presents the data
acquisition from the simulator- and the real-world environment, architecture, dataset structure

and the implementation of the system in connection with the overall goal of the thesis.

4.1 Data Acquisition

For this master thesis, two types of data are acquired, that is, rendered data of the ReVolt ves-
sel from a simulated environment and actual data of the vessel from the real-world environ-
ment. These types of data are retrieved in different ways described more thoroughly in this

section.

S57
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4.1.1 ReVolt Simulation Data

OB]J File

At the beginning of this thesis process, it was
not possible to get the DNV GL 3D simulator
of the autonomous ReVolt vessel, described in
Section 2, up and running due to lack of code.
As a result of this, it took some time to get the
simulator data, but it was possible to get an
OB]J file of the ReVolt vessel. OB]J is developed
by Wavefront Technologies and is a format for
storing 3D models. The file format contains
3D coordinates, texture, maps, and other ob-
ject information and can be opened by vari-

ous 3D image editing programs. This file in-

Figure 4.1: Snapshot from the OB]J file of the
DNV GLs revolt vessel.

cludes the vessel in 3D with possibilities of rotating it in three DOE that is, roll, pitch, and yaw

illustrated in Figure 2.3. The rotation in three DOF made it possible to retrieve distinctive images

from the OBJ file. The first images retrieved looked like the one in Figure 4.1. The OB] file was

then changed to make the vessel look more like the real-world environment, shown in Figure 22,

by making the vessel white and the background dark blue like the ocean. The function mixed

reality in Windows 3D viewer enabled for the above-mentioned changes, as shown in Figure 4.2.

The OBJ file images are all from footage taken of the OB]J file with the Windows Xbox game bar

while rotating the vessel in roll, pitch, and yaw. The footage is then processed in the open-source

portable cross-platform media player software VL.C Media Player to extract a certain amount of

images per second of footage. The rendered images, displayed in Figure 4.1 and 4.2, manages to

depict the vessel itself quite well, but they do not look very realistic.
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Figure 4.2: Mixed reality of the OB]J file with both light- and dark blue background.

Unity Simulator

The rendered images from the Unity simula-
tor looks more realistic than the one from the
OB]J file due to the vessel being submerged in
the ocean. Furthermore, the images have a
simulated sea and a visualization of the sky.
The simulator was also changed in different
ways, shown in Figure 4.4, to acquire more
distinctive images. The Unity simulator im-
ages are rendered through a C-sharp script at-
tached to a game object representing the ves-
sel. The code for rendering snapshots of the

simulator’s Camera view is written in Unity’s

Figure 4.3: Rendered image from the Unity sim-
ulator.

Update-function, which means that a snapshot is taken on every frame. The rendered images

are saved as PNG-files in a specified folder.
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(c) (d

Figure 4.4: Different Unity simulator scenes.

The game object needs to be able to move to render a vast amount of distinctive images. The
game object’s movement is enabled by implementing a graphical user interface (GUI) between
the arrow keys on the hosting computer’s keyboard and the Unity Simulator, referred to as the

controller.

Controller

The first controller implemented moved the vessel in a circle with a fixed radius for a certain
amount of seconds before it was translated a fixed distance and continued moving in circles.
This process was repeated while the images were rendered to get distinctive images of the ves-
sel. This approach does not introduce any randomization, and the network can easily detect a

pattern.
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Due to this, a manually operated forward- and sideways controller (sway and surge) is imple-
mented to introduce randomization in the vessels position. This way, the dataset will not have a
specific pattern. The controller is also implemented in Unity’s Update-function. The vessel can
be controlled manually through the key arrows on Unity’s hosting computer. The implementa-

tion is done in a C-sharp script and is attached to the game object representing the vessel.

Bounding Box Labels

Bounding box labels for each rendered simulator image is needed to train the object detection
algorithm. An area defined by two longitudes and two laterals is referred to as a bounding box.
Rendering bounding box coordinates is done through a fitted Unity Collider attached to the
vessel game object in the Unity simulator, and the Collider is rendered via a C-sharp script. A
Collider is a class in the Unity engine that inherits from Component, which is a base class for
everything attached to the game object.

The first bounding box labels were extracted by calculating the eight vertices of the Collider’s
bounds plus extents. These vertices were transformed from world space to viewport space, that
is, from 3D coordinates to the Camera’s 2D coordinates. This transformation was performed
with the Camera.WorldToViewportPoint(GameObject)-function in the same C-sharp script. To
enable for the transformed coordinates working in GUI-layout, the y-coordinates were also
changed as followed,

y=Screen.height—y. (4.1)

These transformed vertices are now in 2D in the GUI-layout. The maximum x and maximum
y were calculated by looping through the eight transformed vertices. A specified margin was
added to the minimum and maximum coordinates to make the bounding box embrace the en-
tire vessel. A rectangle was created using the MinMaxRect(xMin, yMin, xMax, yMax)-function,
and displayed in the Game view via the command GUL label(rectangle, textureToDisplay) in the
OnGUI(-function. These bounding box labels did not fit the vessel well; thus, the object detec-
tion predictions were not satisfactory.

Consequently, new bounding box labels were calculated by directly extracting the Collider’s

minimum and maximum bounds coordinates in x,y, and z. These coordinates were also trans-
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formed from world space to viewport space through the Camera.WorldToViewportPoint(GameObiject)-
function in the same C-sharp script. To make the coordinates work in GUI-layout the operation
in Equation 4.1 were performed. Those transformed minimum and maximum coordinates are
in the 2D GUI-layout, visualized in Figure 4.5, and can be used to create a rectangle around the

vessel.

xMin xMax

yMin

yMax

Figure 4.5: The min-max coordinates rendered from the Collider [23].

The rectangle, also referred to as the bounding box, is created by using Unity’s Rect(xMin, yMin,
width, height)-function. The xMin and yMin coordinates are already rendered, and the width
and height can be calculated by taking xMax — xMin and yMax — yMin respectively, which
can also be interpret from figure 4.5. The created bounding box is displayed in the Game view
via the command GUI Box(rectangle, °’) in the OnGUI()-function.

Figure 4.6 illustrates how the created rectangle is fitting the vessel. Since the coordinates for the
rectangle is rendered from the game object’s Collider, the bounding-box will follow as it moves
around in the 3D world space via the controller. Due to lag when changing the vessel’s position
with the controller and rendering the images, the bounding-box will not always be fitted per-
fectly around the vessel, as shown in Figure 4.7. As mentioned in Section 2, the Unity engine
utilizes the hosting computer’s CPU. The Unity simulator needs much processing power, and
lag can, therefore, be minimized by not running any other cumbersome processes simultane-

ously.
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Figure 4.6: A visualization of the bounding-box.

Figure 4.7: A visualization of the bounding-box with lag.
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When acquiring the images for the dataset, the bounding box in Figure 4.6 and 4.7 is invisible,
and only the transformed minimum and maximum coordinates of x and y are saved together

with the corresponding snapshot of the Game view.

4.1.2 ReVolt Real-World Data

The real images of the DNV GL ReVolt vessel are retrieved from drone footage taken in Trond-
heimsfjorden. As for the rendered images from the OB]J file mentioned above, the real-world im-
ages from the drone footage are also acquired by utilizing the VLC Media Player. Drone footage

with different factors of variation is utilized to acquire more distinctive real-world images.

(© (d)

Figure 4.8: Real-world images from drone footage with different factors of variation.

The simulator- and real-world images are utilized as input data to train a cycleGAN network.

4.2 CycleGAN

For the implementation of cycleGAN [2] is utilized. The code is adapted to the purpose of this

thesis, and run in Google Colaboratory, described in Section 2, to speed up the training pro-
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cess by running on a virtual GPU. To explain the cycleGAN utilized in this thesis, the overall
network architecture is described first, followed by a short description of the dataset’s structure
. The last subsections will go through the chosen loss function and the implementation of the

cycleGAN.

4.2.1 Architecture

[lustration of the architecture for the simulator- and real-world images, is done in two different
figures. Simulator images are referred to as Actual A, and the real-world images are referred
to as Actual B in the visualization. The first illustration, shown in Figure 4.9, takes a rendered
image, Actual A, as input and passes it to Discriminator A and Generator A2B. Discriminator A
is labelling Actual A as "real" or "fake," and for Discriminator A, it is desirable to label the real
Actual A image as "real." Generator A2B is generating the Generated B image, and it aims to
generate B so that it looks like it comes from the actual B data distribution. The Generated B
image is labelled as "real" or "fake" by Discriminator B, which aims to label it as "fake" since it
is a generated image. Generated B is also passed to the Generator B2A, aiming to generate the
cyclic A identical to the Actual A image. The difference between the Actual A- and Cyclic A image
is the cycle consistency loss, which is being minimized in cycleGAN’s objective function. This

objective function is written in Section 3 as Equation (3.13).

Actual A N Generator Generated B Generator

NG
\\A2B// \B2A/

Cyclic A

Discriminator Discriminator

Label
ReallFake

Label
ReallFake

Figure 4.9: First part of the cycleGAN'’s architecture.
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The illustration in Figure 4.10 starts with a real image of the ReVolt vessel, Actual B, which is
passed to Discriminator B and labelled as "real" or "fake." Discriminator B aims to recognize
Actual B as a real image and label it accordingly. Actual B is also passed to the Generator B2A
aiming to generate the image Generated A in a way that it looks like it comes from the same data
distribution as Actual A. Generated A is passed to Discriminator A, which aims to recognize this
image as generated and therefore label it as "fake." Generator A2B takes the Generated A image
as input and outputs the Cyclic B image, which is desired to be identical to the Actual B image.
The difference between the Actual B- and Cyclic B image is also a part of the cycle consistency

loss, which is minimized in the cycleGAN’s objective function.

Actual B Generator Generator CyclicB
\ B2A Generated A N A28
Discriminator Discriminator
B A

Label
Real/Fake

Label
Real/Fake

Figure 4.10: Second part of the cycleGAN’s architecture.

The process illustrated in Figure 4.9 and 4.10, is repeated for a great amount of images to achieve
trained generator networks. Since the aim of this thesis is to create a simulator that is closer to

the real-world environment, the trained Generator A2B is the one needed.
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4.2.2 Dataset

As mentioned in the theory Section 3, cycleGAN works with an unpaired dataset, that is, a
dataset where the same data is not available in both domains. The retrieval process of the im-
ages for the cycleGAN'’s dataset is described above in 4.1. Each dataset contains four folders as

follows,
e trainA: Containing simulator images in PNG format.
e trainB: Containing real-world images in PNG format.
e testA: Containing simulator images in PNG format.
e testB: Containing real-world images in PNG format.

The first two folders, trainA and trainB, is referred to as the train directory. The last two folders,
testA and testB, is referred to as the test directory. The images in the train directory will be
different from the images in the test directory. trainA and testA will contain distinctive images
from the simulated environment, while trainB and testB will contain distinctive images from the

real-world environment.

The first trainB directory contained a mix of real-world images with different factors of variation,
which confused the network because it is made for mapping from one domain to another. For
instance, cycleGAN can be used to map from a street view by day to the same street view by
night. Hence, it does not make sense to try making the network learn to map to different scenes.
The trainB directory, therefore, contains images with the same factors of variation.

The dataset’s path is specified in the command starting the training and testing.

4.2.3 Loss Function

The loss function utilized in the implementation is the least-squares loss function. The negative
log-likelihood objective in Equation (3.10) and (3.11) is replaced by the least-squares loss. This
replacement is done to achieve a more stable training and generate images with higher qual-

ity. The cycle consistency loss in Equation (3.12) remains unchanged. The aim for a GAN loss,
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Lgan(G,D, X,Y), is therefore as follows:

min Vean (D) = Ey-pyoran [(D0) = @] + Evepiyr0 (DG = D], 4.2)

and

min VeAn (G) = Ex-pqra [ (DGH) = ©)7]. (4.3)

In Equation (4.2), a and b represents the labels for real and fake images respectively. In the
implementation the real and fake labels will be represented by 1 and 0 respectively, which means
that a =1 and b = 0. The value that the generator G wants the discriminator D to believe for fake
images is represented by c in the above equation, which is 1. The goal of the training is hence
for the generator to minimize Ex-p,_,.(x) [(D(G(x)) - 1)2], and for the discriminators to minimize
Ey~puara (D) = D?] + Ex~py,00 [(D(G(x)))?]. This counts for both the sets of discriminator
and generator in the cycleGAN.

The architecture in Figure 3.16 (b) results in the following objective function for G42p: A — B

and its discriminator Dg,

L156AN(Ga2, DB, A B) =Ep~puim [((DB(B)?] +Ea-pyaran [(1 = DB(Gazp(A)?].  (4.4)

The objective function for Gp24 : B— A shown in 3.16 (c) and its discriminator D 4 is,

L1s6aN(GB24, D, B, A) =Ep-ppruin [((Da(A)?] +Ep~pyprai [(1 = Da(Gpoa(B)?]. (4.5

This choice of loss function means that the GAN mode of the cycleGAN model is set to least-

square GAN (LSGAN) [51] in the implementation.

4.2.4 Implementation

The cycleGAN is implemented in Python utilizing PyTorch, described in Section 2. Running
the code in Google Colaboratory, an environment is needed to be set up where different Python
libraries with specific versions are installed and imported. In Google Colab, GPU'’s are prioritized

for interactive users rather than long-running computations. This constrain is a problem when
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training cycleGAN since its training process is time-consuming. If the training stops after a few
hours for some reason, it is essential to be able to continue where it stopped. Checkpoints are
therefore saved every 1000 iteration to Google Disk. Images generated during training are also
saved to Google Disk every second epoch to be able to see if the network is mapping the most

important features.

The code from [2] is a general-purpose implementation and needs to be adapted to the purpose
of this thesis. Flags are implemented to enable changing model-specific parameters and adapt-
ing the code to a specific purpose. Parameters for training and testing can also be changed via
implemented flags. The network uses a default learning rate of 0.0002 as well as the A in Equa-
tion 3.13 set equal to 10. All the models use a batch size of 1, which means that one image
from the training dataset is utilized on every iteration. In the training script, the type of model
needs to be specified, which in this case is cycleGAN. The specified model’s objective functions,

optimizations, and network architecture are then loaded during training.

The discriminators utilize PatchGANs, which are looking at patches of the images to determine
if they are real or fake. In this thesis, the network looks at 70 x 70 overlapping patches of the
image at a time. PatchGANSs architecture enables the network to work on any image size. The
discriminator is also updated based on a history of 50 generated images instead of only the im-
ages produced by the latest generators, which reduce the oscillations in the model.

A residual network of 9 blocks is utilized for the generators. The generator networks also con-
tain two stride-2 convolutions and two fractionally strided convolutions with stride 0.5. The
model’s objective function is the least square GAN’s objective described in the above subsec-
tion. The dataset described above is unpaired, and the model’s dataset mode is therefore set to

unaligned.

There are no random noise vector z;,se,; in this implementation. When adding the random
noise, the output is not varying significantly as a function of z;4;.,; and is therefore not included
[2]. Since the generative model is conditioned on an input image, the random noise vector is not
needed as long as the input is adequately complex to play the role of noise. The mapping will be
deterministic if the input image is not complex enough, which can be subtle, depending on the

purpose of the generator.
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Controlling the autonomous ReVolt vessel in a photo-realistic environment created by a deter-
ministic generator, the same scene will be seen when going forward, turning, and going back to
the starting point. If the vessel is controlled in a probabilistic generated photo-realistic simula-
tor, the scene will be different going back to the starting point. Although the surrounding shore
will most likely not change in the real-world environment, the autonomous ReVolt vessel needs
to be prepared for meeting other marine crafts, but the introduced artifacts by the probabilistic
generator are random. Thus, it is better to improve the simulator by adding the desired objects

like other vessels and use a deterministic generator for making it more realistic.

The implementation also includes a prepossessing of the images. CycleGAN is memory-intensive
due to its need for two generators and two discriminators. The images are, therefore resized and
cropped. No matter what the resolution of the training images is, the load size is set to 286 x 286.
This way, all the images are loaded into the network with equal size, and then they are cropped

to a crop size set to 256 x 256.

After training the implemented cycleGAN, the Generator A2B will be utilized to generate photo-
realistic images based on the images from the simulated environment. Further, the generated
images, together with the simulated images, are utilized for training the Mask R-CNN algorithm,

described below.
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4.3 Mask R-CNN

After generating photo-realistic images based on the simulated environment by utilizing cycle-
GAN, an object detection algorithm is trained in the simulated- and generated environment.
The two models are then tested in a real-world environment. The acquisition of the different
images are described in Section 4.1. The generated images might look photo-realistic to the
naked eye, but performing object detection provides a more accurate indication of the differ-
ence between the simulated- and generated images. The method used for object detection is the
state-of-the-art Mask R-CNN described in Section 3. The performance of the models trained in
the simulated- and generated environment is measured by a segmentation mask as well as per-
cent wise object detection predictions on the real-world vessel.

This section will start by describing the architecture of the Mask R-CNN in connection with this
thesis, followed by a description of the dataset needed. The last subsection will present the im-

plementation of the Mask R-CNN.

4.3.1 Architecture

The architecture of the Mask R-CNN part of this thesis can be visualized by dividing it into two
figures. The first figure, 4.11, illustrates a model trained in the generated environment and
tested in the real-world environment. The simulator image, Actual A, is taken as input in the
pre-trained Generator A2B, where its training is visualized in Figure 4.9, which outputs the Gen-
erated B image. The generated image, together with its bounding box label extracted for the
Actual A image in the simulator described in Section 4.1, is first taken as input in the Deep CNN,
which extracts feature maps from the image. The Deep CNN block represents the backbone in
the network and cosists of FPN and a ResNet101. The RPN extracts region proposals. The feature
map and Rol are processed by the RolAlign and then taken as input in the Region CNN features
box, where convolutional layers further process it. The output is the Box offset regressor, Soft-
max classifier, and the Mask FCN predictor. The model is learning by comparing the images
corresponding bounding box labels with the predictions done by the network. This process is
repeated for many Actual A images. When the model is done training, it takes a real-world envi-

ronment image as input, Actual B, and makes a prediction on it, which results in the Predicted
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B image. The resulting image, Predicted B, shows a red segmentation mask fitting the vessel,
as well as a percent wise prediction in the upper left corner of the segmentation mask which is
quite small and might be difficult to see in the figure.

If the Generator A2B manages to generate the Generated B in a way that it looks like it comes
from the real-world data distribution, the Mask R-CNN model pre-trained on generated images

will perform well when tested in the real-world environment.

Actual B

Model trained in the generated environment

Actual A

Generator

Box offset
regressor
Softmax

Generated B P-.-1asK_FCN
predictor

RolAlign features

Predicted B

Figure 4.11: Mask R-CNN trained in the generated environment tested in the real environment.

Figure 4.12 shows the model trained in the simulated environment followed by testing in the

real-world environment. The process is the same as described above for Figure 4.11, expcept



4.3. MASK R-CNN 73

the Actual A is not processed by the generator, but rather taken directly as input by the Deep

CNN together with its corresponding bounding box label.

Actual B

Model trained in the simulated environment

Deep CNN

Actual A

Box offset
regressor
Softmax
classifier
Mask FCN
predictor

RolAlign features

Predicted B

Figure 4.12: Mask R-CNN trained in the simulated environment tested in the real environment.

The overall goal is that the Generator A2B manages to generate Generated B images that are
preserving the annotation of the boat in the image, that is, it is not changing the position of the
boat, and generating images looking like it comes from the Actual B data distribution. This way,
the model trained in the generated environment could potentially perform better when tested
in the real-world environment than the model trained in the simulated environment. If this is
achieved, the overall goal of this master thesis is reached.

The dataset for the training of Mask R-CNN is described in the following section.
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4.3.2 Dataset

The dataset needed for Mask R-CNN is first of all simulated images with bounding box labels.
Section 4.1 describes how the simulated images and the corresponding labels are acquired. The
simulated images, together with the bounding-box labels, are utilized to get a Mask R-CNN

model trained in a simulated environment.

The generated environment for training Mask R-CNN is rendered by giving the simulator im-
ages as input in the pre-trained generator described above in Section 4.2. The output images,
which we call the generated images, together with their corresponding labels which are the ones
extracted for the simulator images, is utilized for training a Mask R-CNN model in a generated

environment.

The real-world images acquired from the drone footage of the ReVolt vessel, also described in
Section 4.1, is utilized to test the pre-trained models. This test will reveal how well the models

generalize to the real-world environment.

4.3.3 Implementation

The implementation is done in Python utilizing Keras and TensorFlow, described in Section 2.
Itis based on [20, 3], and adapted and tuned to fit the dataset of this thesis. As for the cycleGAN,
the object detection also runs in Google Colaboratory, described in Section 2, to speed up the
training process by running on a virtual GPU. Mask R-CNN is designed for accuracy rather than
memory efficiency; thus, it is not a light-weight model. To make sure the GPU does not run
out of memory during training, it is recommended to have a GPU with 12GB or more [3]. As
mentioned in Section 2, Google Colaboratory provides a GPU of 12 GB which is adequate for
the algorithm. Running the code in Google Colaboratory, an environment is needed to be set
up where different Python libraries with specific versions are installed and imported. Moreover,
Google Colab only provides one GPU; thus, the workers in the model-file needs to be changed
to 1. Otherwise, an error will occur, Using a generator with ‘use multiprocessing=True, which

prevents the code from running.

To import the dataset of images and labels for training, a class called BoatDataset is imple-
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mented. A train set and a test set is created utilizing this class. A class function loading the
dataset is called for both instances, where the input is the path to the data folder as well as a
boolean variable isTrain set to true and false for creating the train- and test set respectively. The
loading process will split the data located in the specified folder into a train- and test set where
the split is specified depending on the amount of data. The split is also experimentally changed
to achieve the best possible model. The function checks if the isTrain is set to true or false and
creates the set accordingly. The next step in the process of loading the data is to extract the
bounding boxes and the resolution of the images. Masks are created based on the bounding
boxes extracted and are associated with the image by an image id. This id will be given to the
image itself and its belonging metadata like resolution, masks, along with others. The informa-
tion of the images is saved in a data structure and can easily be accessed by the image id. This
class will also add the class "boat" for the predictions and associate the created masks with their

corresponding class.

A configuration class is also created to enable for easily changing the configuration parameters
to get the desired trained model. Some of these parameters will not be changed while training
the models, and they are mentioned in this paragraph. The number of GPUs utilized and the
number of images per GPU are both set to 1. The amount of classes is set to 1 + 1, which rep-
resents the background- and the boat class. Setting a high learning rate speeds up the network,
but if it is too high the loss could "explode," thus the learning rate is set to 0.006. The learning
momentum is set to 0.9, and the weight decay regularization is 0.0001. The number of Rol is set
to 200, and the maximum number of instances is kept at 100, although this could be lower to

save memaory.

The implemented model can be loaded with the pre-trained weights from training on the COCO
dataset [52], pre-trained weights from training on the ImageNet [53], or without any pre-trained
weights. The code has to be changed accordingly to the desired initial weights. Ideally, it was
wanted to train the Mask R-CNN from scratch, but due to constraints in time and resources, this
was not possible. The other two options have, therefore, been used for weights initialization.
Using pre-trained weights means that the early layers are already trained to extract low-level

features. Which layers to train can also be chosen, but for this thesis, all the layers are trained.
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Training only the heads takes the least memory, and training all layers takes the most mem-

ory.

In the below section, LIME is utilized to assess credibility in the Mask R-CNN models’ predic-

tions by checking which features the predictions were based on.

4.4 LIME

For the overall system to achieve reliability, LIME is used to validate the predictions performed
by Mask R-CNN. The theory of LIME is described in Section 3.5.1. This section presents the

architecture of LIME, the needed data, and its implementation.

4.4.1 Architecture

Instance, x Super-pixels

Quick shift
—>» segmentation
algorithm

Create
perturbations

Explanation

Compute:
predictions |distances, weights and
coefficients to get the
most important super-

pixels

Pre-trained Mask
R-CNN model

Figure 4.13: An overview of the LIME architecture.

Figure 4.13 illustrates the architecture of the LIME algorithm in connection with the overall sys-
tem. An instance, x, is first given to a quick shift algorithm calculating the super-pixels for this
image. The super-pixels are needed to create a specified amount of perturbed images, that are
input to the pre-trained Mask R-CNN model, which makes predictions on each one of them.
The predictions, along with the super-pixels and x, are utilized to compute the distances be-
tween the instance and the perturbed images and the weights. Coefficients are retrieved from
fitting a linear regression model to the computed data. The essential super-pixels for the pre-
diction of the "boat" class are calculated and turned on in the resulting explanation image in

Figure 4.13 while the other super-pixels are turned off, that is, black.
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4.4.2 Implementation

The implementation of LIME is based on [22] and [4], and adapted to integrate well with the
Mask R-CNN classifier. The images are loaded and processed with Python’s Scikit-image! li-
brary. For the images to work with the Mask R-CNN classifier and the Scikit-image library, the

pixels need to be represented in unsigned 8-bit integer.

The first step in the implementation is to compute the instance, x’s, super-pixels using Scikit-
image’s quick shift segmentation algorithm, which segments the image using quick shift clus-
tering in Color-(x,y) space. The algorithm uses a Gaussian kernel with a width of four to smooth
the sample density, where larger kernel size corresponds to fewer super-pixels. The maximum
distance, which represents the cut-off point for data distances, is set to 200. Higher distance
also means fewer super-pixels. The algorithm’s ratio, a number between zero and one, balances

color-space- and image-space proximity. For this implementation, the ratio is set to 0.2.

After retrieving the super-pixels, 150 random perturbations are created, which are the original
image with super-pixels randomly turned on and off. The perturbations are randomly drawn

from a binomial distribution of the super-pixels using Python’s NumPy ? library.

Next, a prediction for each perturbed image is computed with the pre-trained Mask R-CNN
model. The LIME algorithm can only explain one class at a time; thus, a for-loop goes through
the predictions for each perturbed image and adds the prediction score for the class "boat" in
an array. Mask R-CNN can predict more than one boat in an image, but only the predicted boat
with the highest accuracy is added to the predictions array for each perturbed image. This step
is the most computationally expensive one and depends on the classifier and the number of

perturbed images.

The next step in the LIME implementation is to compute the distances between the original
image and each of the perturbed images. The distance is computed using the cosine distance,
which measures the cosine of the angle between two vectors and determines whether or not
they are pointing in the same direction. Further, the distances are mapped using a kernel func-

tion to a value between zero and one, which corresponds to the weights. The following function

1Scikit-image is a collection of algorithms for image processing.
2NumPy adds support for large, arrays and matrices, along with mathematical operations for the arrays.
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is utilized for calculating the weights,

my=1/exp(-D?/0?), (4.6)

where the distance is represented by D;, the kernel width by o = 0.25, and the weight is 7.

The perturbations, predictions and weights calculated above, is utilized to fit a weighted lin-
ear regression model. Each coefficient in this linear model corresponds to a super-pixel in the
perturbated image, and represents how important this super-pixel is for the prediction of the
"boat" class. The coefficients are then sorted to find the super-pixels with highest coefficients.
Finally, the resulting explanation is presented to the user by turning on the most important
super-pixels in the prediction of the "boat" class in the original image, and turn all the others

off.
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Results

As mentioned at the beginning of the thesis, the main objective of this work is to evaluate the
possibility of utilizing GAN to improve the data quality acquired by a marine simulator and make
it more realistic to achieve better detection algorithms in the marine environment. The below-
presented results will thus start by showing and explaining the different cycleGAN models ob-
tained during training and their corresponding generated images. The title of this thesis is Syn-
thesizing Photo-Realistic images from a Marine Simulator via Generative Adversarial Networks.
Thus, evaluating the achieved degree of photo-realism of the generated images is performed by
a 'Visual Turing Test’ in Section 5.2. Fifty participants have performed the test of classifying nine
generated- and real-world images as either real or fake. However, a more accurate measurement
can be achieved by utilizing Mask R-CNN as done in Section 5.3. Finally, the quantitative results
achieved by Mask R-CNN are validated with the LIME algorithm, and its results are displayed in

Section 5.4.

5.1 CycleGAN

Training cycleGAN is time-consuming, and achieving a good model is complex. Loss curves do
not reveal much information in training GANs, and cycleGAN is not an exception [9, 2]. The
generator is only graded against the current discriminator, and the discriminator is constantly

improving. Thus, the loss function evaluated at different points in the training process cannot

79
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be compared. Periodically generating images and analyzing them is, therefore necessary, and
has given rise to the models presented in this section.

The cycleGAN results are achieved by testing the pre-trained Generator A2B networks on a test
directory of images different from the images used for training. In the testing phase, the gen-
erator maps the rendered simulator images to the domain of the real-world images. A perfect
generator maps a rendered simulator image to an image that looks like it comes from the same
data distribution as the frames from the drone video of the ReVolt vessel. In the process of get-
ting satisfactory results, several different datasets are tested over a different amount of epochs
resulting in different models. However, only the main ones are presented below. All the below
datasets include the same real-world images, shown in Figure 5.3. An overall observation from
the training process is when training over more than 50 epochs, new artifacts are introduced in
the generated images. Thus, the presented models are trained for less than 50 epochs.

Below four different models are first presented, followed by a discussion at the end.

5.1.1 Model 1

Training over 30 epochs on Datasetl shown below, resulted in Model 1. The model was first
trained for five epochs, then stopped, and continued training for another 25 epochs. The test

results generated from 5.1a can be seen in Figure 5.1b.

Dataset 1

Dataset 1 contains OB] file images similar to the one in Figure 5.2, for both trainA and testA;
however, these two folders contain distinctive images. The real-world images in trainB and testB
for Dataset 1 comes from the same drone footage as the images in 5.3. During training, trainA

contains 904 OB]J file images, and trainB contains 300 real-world images.
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(a) Snapshot from OB]J file of the vessel. (b) Generated image based on 5.1a

Figure 5.1: Model 1’s test results from training over 30 epochs.
(b)

(©) (d)

(a)

|

Figure 5.2: The OB]J file images for trainA and testA in Dataset 1.
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(b)

Figure 5.3: The real-world images for all four datasets.

5.1.2 Model 2

Model 2 was achieved by training for 38 epochs on Dataset 2, described below. The model was
first trained for 24 epochs, then stopped, and trained for another 14 epochs. The test results
generated after 38 epochs were run, based on the simulator image shown in 5.4a, is illustrated

in 5.4b.

(a) Snapshot from OB]J file of the vessel. (b) Generated image based on 5.4a.

Figure 5.4: Model 2’s test results from training for 38 epochs on Dataset 2.

Model 2 was also tested on a Unity simulator image, shown in Figure 5.5a and the generated

result is displayed in 5.5b.
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(a) Snapshot from the Unity-file (b) Generated image based 5.5a.

Figure 5.5: Model 2’s result from testing on a Unity simulator image.

(a) Snapshot from the Unity-file (b) Generated image based on 5.6a

Figure 5.6: Shows the test image and generated result from Model 2 without any preprocessing

(a) Real image of the ReVolt vessel (b) Generated image based on 5.6a

Figure 5.7: Comparing a real and a generate image of the ReVolt vessel
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Dataset 2

Dataset 2 contains images from the edited OB]J file similar to the one in Figure 5.8, for both
trainA and testA; however, these two folders contain distinctive images. The real-world images
in trainB and testB for Dataset 2 comes from the same drone footage as the images in 5.3. During

training, trainA contains 845 edited OB]J file images, and trainB contains 300 real-world images.

(© (d)

Figure 5.8: The edited OB] file images for trainA and testA in Dataset 2.
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5.1.3 Model 3

Training the cycleGAN for 25 epochs straight, referred to as Model 3, results in the generated

image represented in 5.9b when testing on a simulator snapshot, shown in Figure 5.9a.

(a) Snapshot from the Unity simulator. (b) Generated image based on 5.9a

Figure 5.9: Model 3’s test results from training for 25 epochs.

A generated test image and its corresponding simulator image saved during training after epoch

two is displayed in Figure 5.10.
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(a) Snapshot from the Unity simulator. (b) Generated image based on 5.10a

Figure 5.10: Model 3’s test results saved during training after two epochs.

Dataset 3

Dataset 3 consists of Unity simulator images similar to the one in Figure 5.11, for both trainA and
testA; however, these two folders contain distinctive simulator images. The real-world images
in trainB and testB for Dataset 4 comes from the same drone footage as represented in Figure
5.3. During training, trainA contains 500 simulator images, and trainB contains 300 real-world

images.

Figure 5.11: The simulator images for trainA and testA in Dataset 3.
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5.1.4 Model 4

Model 4 was achieved by training for 39 epochs straight, on Dataset 4, described below. The
test results generated during training after 27 of the 39 epochs were run, based on the simulator

image shown in 5.12a, is shown in 5.12b.

(a) Snapshot from the Unity simulator. (b) Generated image based on 5.12a

Figure 5.12: Model 4’s test results from training over 39 epochs on Dataset 4.

A generated test image and its corresponding simulator image saved during training after epoch
one is displayed in Figure 5.13. The test results generated during training after 29 of the 39
epochs were run, based on the simulator image shown in 5.14a, is shown in 5.14b.

The test results generated after 39 epochs were run, based on the simulator image shown in

5.15a, is shown in 5.15b.
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Iy |
(a) Snapshot from the Unity simulator. (b) Generated image based on 5.13a

Figure 5.13: Model 4’s test results saved during training after one epoch.

(a) Snapshot from the Unity simulator. (b) Generated image based on 5.14a

Figure 5.14: Model 4’s test results saved during training after 29 epochs.



5.1. CYCLEGAN

(a) Snapshot from the Unity simulator. (b) Generated image based on 5.15a

Figure 5.15: Model 4’s test results from training over 39 epochs on Dataset 4.

89
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Dataset 4

Dataset 4 consists of Unity simulator images similar to the one in Figure 5.11, for both trainA and
testA; however, these two folders contain distinctive simulator images. The real-world images
in trainB and testB for Dataset 4 comes from the same drone footage as represented in Figure
5.3. During training, trainA contains 500 simulator images, and trainB contains 300 real-world

images. Thus, Dataset 4 is similar to Dataset 3.

5.1.5 Discussion

After training on the same dataset in different amounts of epochs, it was noticed that training,
for instance, 40 epochs all at once could generate less satisfactory results than training for 20
epochs, and then continue training for another 20 epochs. By looking into this issue, it seems
like the network is sensitive to initialization. The training should be restarted if high contrast
colors between the input- and generated image are observed in the images saved during train-
ing. Thus, some of the above models are trained for a certain number of epochs, stopped and

continued training.

Model 1 generates the texture of the sea quite well; it looks real, indicated by Figure 5.1. It has
even managed to get the reflection from the sky. On the other hand, the model has problems
generating the actual vessel based on the snapshot from the OB]J file. Model 1 does not manage
to differentiate between the ocean- and the white vessel’s texture since it seems like the network

has given the vessel in the generated image the texture of the ocean.

In an attempt to solve the problems with Model 1, the OB]J file was edited to be more representa-
tive of the real-world environment, as shown for Dataset 2. Model 2 manages to differentiate the
textures between the vessel and the ocean, displayed in Figure 5.4. Another problem that arises
is that the ocean looks less realistic in the generated image by Model 2 than it did for Model 1.
However, by testing Model 2 on a Unity simulator image, the generated image improved signifi-
cantly, as illustrated in Figure 5.5, although it is suffering from low resolution.

Different techniques were tested to get higher resolution on Model 2’s generated images. One
of them was to train the network over 80 epochs on the new simulator images, but this resulted

in artifacts being introduced in the generated images, as mentioned in this section’s introduc-



5.1. CYCLEGAN 91

tion. More images were added to the training dataset to check if the network was overtrained,
but the results did not improve. Finally, testing revealed that the low resolution was not due to
the dataset or the number of epochs the network was trained, but because of the pre-processing
described in Section 4.2. Information got lost because the output images were larger than the
input images, which resulted in poor resolution. Testing Model 2 again on a Unity simulator
image without doing any pre-processing resulted in the generated image with high resolution
illustrated in Figure 5.6. The quality of the generated image has increased drastically.

Although Model 2 is trained on a dataset containing snapshots of the OB]J file with relatively
poor quality and few details compared to the Unity simulator images, this model is the best one
achieved.

These results could indicate that the details in the simulator images for training is not as im-
portant as it is for the images for testing. As mentioned in the introduction of this section, a
perfect generator will map a rendered simulator image to an image that looks like it comes from
the same data distribution as the frames from the drone footage of the ReVolt vessel. Figure 5.7
illustrates that Model 2’s generated image looks more realistic compared to a real image of the

ReVolt vessel than the Unity simulator image in Figure 5.6a.

The OB]J file images in Dataset 2 have a slightly textured, one-colored background, a bit similar
to the ocean. The vessel is white, but itis not submerged. In an attempt to achieve an even better
model, cycleGAN was trained on Unity simulator images edited to have a plane, non-textured
background in a dark blue color where the vessel is white and submerged, illustrated in Figure
4.4d. However, the resulting generated images are not nearly as good as the ones for Model 2.
Thus, the texture in the OB]J file images for Dataset 2 might play a central role in achieving a

good generator model.

Since training cycleGAN on the poor quality and few detailed OB] file images resulted in the sat-
isfying Model 2, training cycleGAN on the detailed, high-quality Unity simulator images, 5.11,
should improve the model. However, different models, including Model 3 and 4, have been
trained on datasets with the high-quality Unity simulator images, but none of the models be-
came better than Model 2. Although Model 3 and Model 4’s results gives an interesting insight

into the process of training cycleGAN, and is thus still presented in this section.
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Model 3 gives an example of the consequences of not initializing the weights when high contrast
colors between the input- and generated image is observed. The generated images of the final
trained Model 3 have poor resolution, which is not due to pre-processing. However, by looking
at the generated image saved during training after epoch 2, displayed in Figure 5.13b, the vessel
has a high contrast colour compared to the vessel in the input image, displayed in Figure 5.10a.

Thus, the training should have been stopped and restarted already at epoch 2.

Model 4’s generated images, already from epoch one, is not mapping the correct features, and
by looking closely at Figure 5.13a, it can be seen that there is high contrast in the vessel’s color
between the input and output image. However, the generated images look like they come from
the same data distribution as the real-world images from the drone footage. Model 4’s generated
images are also the ones getting the best score in the 'Visual Turing Test’ in the section below.
Nevertheless, these generated images will not contribute in achieving the main objective, that
is, improve the data quality acquired by a simulator and make it more realistic to achieve better
detection algorithms, since it is not mapping the correct features. The results from Model 4

indicate that photo-realism comes at the expense of mapping the correct features.

Avideo based on the simulator is generated by Model 2, and the result from two different frames
in the video is shown in Figure 5.16. Subfigure 5.16a and 5.16b displays snapshots from the video
of the simulated environment, and 5.16c and 5.16d shows snapshots from the resulting video of
the generated environment.

As mentioned in Section 4.2.4, the implementation of this cycleGAN does not include the ran-
dom noise vector z;4¢0,; as input in the generators. The randomness is introduced through the
input image of the generator if it is sufficiently complex. The input simulator images in the
above video are not adequately complex, which results in a deterministic generator. Although,
when utilizing cycleGAN to create a real-time photo-realistic simulator, it is fine to have a deter-
ministic generator, justified in Section 4.2.4.

Evaluating the achieved degree of photo-realism of the generated images is first performed by a

"Visual Turing Test’ in the below section.
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(a) Input frame 1 (b) Input frame 2

(c) Output frame 1 (d) Output frame 2

Figure 5.16: Model 2: simulator — real-world

5.2 ’Visual Turing Test’

A’Visual Turing Test’ was created to evaluate the visual quality of the generated images quantita-
tively. The test consisted of nine questions where the participants were asked to classify images
as real or fake. The images were of the generated- and real-world environment, and they were

randomly ordered in the test.

% selected as real | % selected as fake
Real-world image 48 52
Generated image 30 70

Table 5.1: The average results in % from a "Visual Turing test" user study with 50 participants for
classifying generated vs real-world images.

The participants in the test consisted of 50 fellow students and professors at NTNU, family, and
others. The generated images utilized and the percentage of participants classifying each image
as real is displayed in Figure 5.17. The real-world images utilized and the percentage of partici-
pants classifying each image as fake is displayed in Figure 5.18. The average results in percentage
from the test is shown in Table 5.1. This table indicates that 48 percent of the real-world images
was in average classified as real, while 30 percent of the generated images were classified as
real. Although the generated images in Figure 5.17a and 5.17b achieved better accuracy of being

a real-world image, the generated images in Figure 5.17c and 5.17d are the ones mapping the
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correct features. The two last-mentioned subfigures are thus more qualified for improving the

performance of detection algorithms even though they appear less realistic.

The generated image’s quality can be measured by the naked eye as performed in this "Visual
Turing Test’. However, a more accurate measurement can be achieved by utilizing Mask R-CNN

as done in the section below.

(a) Real: 44% (b) Real: 36%

(c) Real: 26% (d) Real: 14%

Figure 5.17: The generated images utilized in the 'Visual Turing Test’ in Table 5.1 labelled with
the percentage of 50 participants classifying the image as real. Model 4 generated (a) and (b),
while Model 2 generated (c) and (d).
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(a) Fake: 6% (b) Fake: 56%

(c) Fake: 30% (d) Fake: 18%

(e) Fake: 62%

Figure 5.18: The real-world images utilized in the 'Visual Turing Test’ in Table 5.1 labelled with
the percentage of 50 participants classifying the image as fake.
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5.3 Mask R-CNN

Model 2 is utilized to generate images for the rest of this section.

Ideally, it was desirable to train the Mask R-CNN from scratch, but due to constraints in time and
resources, this was not possible. COCO- and ImageNet weights have, therefore, been used for
weights initialization. Using pre-trained weights means that the early layers are already trained
to extract low-level features. Which layers to train can also be chosen, and for this thesis all the
layers are trained. The trained model also depends on the number of epochs it is trained, how
well the bounding box coordinates extracted from the simulator fits the boat, if the generator
preserves the vessel’s position, the input image resolution, and the number of input images.
These factors are varied to get the desired models. The results from testing the models are de-
pendent on the real-world input image. Testing on images with different factors of variation

than the ones used for training the generator also affects how well the model performs.

Applying a Mask R-CNN model with the pre-trained COCO weights for object detection and
instance segmentation, without training on the dataset described in Section 4.3.2, on a ReVolt

vessel simulator image provides the result revealed in Figure 5.19.

battie 0.781

Figure 5.19: Mask R-CNN trained on the COCO-dataset applied on a simulator image.
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Figure 5.19 shows that the Mask R-CNN model detected a boat in the simulator image with an
accuracy of 0.981, which is quite high. When the detection for the simulator is already quite
high, it is not easy to increase the accuracy. Figure 5.20 displays the results of applying the
same Mask R-CNN model pre-trained on the COCO dataset on an image generated based on

the simulator image in Figure 5.19. Figure 5.20 shows that the model detected a boat in the

Figure 5.20: Mask R-CNN trained on the COCO-dataset applied on an image generated based
on>5.19.

image with an accuracy of 0.997. Meaning that the Model 2 presented above has increased the
detection accuracy by 1.16 percent! An increase of 1.16 percent when the accuracy is already

0.981 is satisfactory.

When applying the same pre-trained Mask R-CNN model on an actual image of the ReVolt vessel
from the drone footage, the accuracy is 0.998 as illustrated in Figure 5.21. The object detection
accuracy is 0.1 percent higher for the real image 5.21, than for the generated image 5.20.

These two images are not representing the same scene and this comparison is therefore not
valid. Another reason for this comparison not being valid is that the COCO dataset could be

biased.
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boat-G

_persdn 0.703

Figure 5.21: Mask R-CNN trained on the COCO-dataset applied on a real image of the ReVolt
vessel.

Training a Mask R-CNN model on simulator images, and another on the generated images, fol-
lowed by testing both the models on real-world images of the ReVolt vessel is a more accurate

way of checking if the generated images have added value.
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5.3.1 Trained in Simulated- and Generated Environment

The two Mask R-CNN models were achieved by training all the layers for ten epochs on 607
simulator- and generator images with a resolution of 1024 x 768. The simulator images are from
the Unity simulator, similar to the ones in Dataset 3 and 4 shown in Figure 5.11, and the gen-
erated images are generated from these simulator images by Model 2 from above. The Mask
R-CNN model’s weights were initialized with the weights pre-trained on the Imagenet dataset.
It is important to note that the real-world images used for testing the models are different from
the images used to train the generative model. The drone footage that the Mask R-CNN test
images are taken from is shot on different days with different weather conditions than the real-
world images used for training Model 2, shown in Dataset 2 earlier in this section. The same
two Mask R-CNN models are utilized for the rest of this section, and tested on three different

real-world images, referred to as Image 1, Image 2, and Image 3, shown below.
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Image 1

The results from testing the models on the first real-world image of the ReVolt vessel referred to

as Image 1, are shown in Figure 5.22 and 5.23.

Figure 5.22: Mask R-CNN model trained in the simulated environment tested on Image 1 with
the boat class prediction of 0.986.

Figure 5.23: Mask R-CNN model trained in the generated environment tested on Image 1 with
the boat class prediction of 0.990.
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Image 2

The results from testing the models on the second real-world image of the ReVolt vessel referred

to as Image 2, are shown in Figure 5.24 and 5.25.

Predictions

Figure 5.24: Mask R-CNN model trained in the simulated environment tested on Image 2 with
the boat class prediction of 0.977.

Predictions

Figure 5.25: Mask R-CNN model trained in the generated environment tested on Image 2 with
the boat class prediction of 0.998.
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Image 3

The results from testing the models on the third real-world image of the ReVolt vessel referred

to as Image 3, are shown in Figure 5.26 and 5.27.

Figure 5.26: Mask R-CNN model trained in the simulated environment tested on Image 3 with
the boat class prediction of 0.988.

Figure 5.27: Mask R-CNN model trained in the generated environment tested on Image 3 with
the boat class predictions of 0.995 and 0.788.
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) Mask R-CNN models’ prediction of the boat class
Real-world test images

Trained in simulated environment | Trained in generated environment
Image 1 0.986 0.990
Image 2 0.977 0.998
Image 3 0.988 0.995 and 0.778

Table 5.2: Overview of the Mask R-CNN models’ predictions on the three real-world test images.

Table 5.2 gives an overview of the predictions performed by the two models, trained in the
generated- and simulated environment, on the three real-world images. The results indicates
that the model trained in the generated environment generalizes better to the real-world en-
vironment than the model trained in the simulated environment. To validate the quantitative
results achieved by the Mask R-CNN models, the XAI algorithm, LIME, is utilized in the below

section.
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5.4 Validation with LIME

This section gives an explanation for the Mask R-CNN models’ predictions on Image 1, Image

2 and Image 3 by utilizing the LIME algorithm. The LIME explanation for the simulator- and

(a) Prediction: 0.986. (b) The super-pixels.

(c) A preturbed image. (d) The explanation.

Figure 5.28: LIME explanation of the Mask R-CNN simulator model’s prediction on Image 1.

generator trained Mask R-CNN model’s prediction on image 1, is illustrated in Figure 5.28 and
5.29. The simulator trained model appears to base its prediction of the boat on super-pixels of
the sky, as illustrated in Figure 5.28d. The generator trained model, on the other hand, bases its
prediction on a larger super-pixel of the vessel as well as some super-pixels of the sky, shown in

Figure 5.29d.
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(a) Prediction: boat 0.990. (b) The super-pixels.

(c) A preturbed image. (d) The explanation.

Figure 5.29: LIME explanation of the Mask R-CNN generator model’s prediction on Image 1.

(c) A preturbed image. (d) The explanation.

Figure 5.30: LIME explanation of the Mask R-CNN simulator model’s prediction on a cropped
version of Image 2.
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(a) Prediction: boat 0.994. (b) The super-pixels.

(c) A preturbed image. (d) The explanation.

Figure 5.31: LIME explanation of the Mask R-CNN generator model’s prediction on a cropped
version of Image 2.

The LIME explanation for the simulator- and generator trained Mask R-CNN model’s predic-
tion on a cropped version of Image 2, is illustrated in Figure 5.30 and 5.31 respectively. The
explanations reveal that the simulator trained model use more super-pixels of the ocean when

predicting the vessel in the image than the generator trained model.

The explanations of the predictions performed on Image 3 for both the simulator- and generator
model, shown in Figure 5.32 and 5.33 respectively, are quite similar. Both models base its predic-
tions on a super-pixel of the vessel and some super-pixels of the ocean. However, the prediction

accuracy is higher for the generator trained model, although it is detecting two boats.

The LIME explanations, together with the Mask R-CNN predictions on the three different im-
ages, reveals that the model trained in the generated environment generalizes better than the
simulator model. Moreover, although the model trained in the simulated environment detects
the boat with quite a high accuracy, it mainly bases the prediction on the sky and the ocean
instead of the vessel. The model trained in the generated environment, on the other hand, use

more of the correct features when predicting the vessel.
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(a) Prediction: boat 0.988. (b) The super-pixels.

(c) A preturbed image. (d) The explanation.

Figure 5.32: LIME explanation of the Mask R-CNN simulator model’s prediction on Image 3.
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(a) Prediction: boat 0.995, boat: 0.788. (b) The super-pixels.

(c) A preturbed image. (d) The explanation.

Figure 5.33: LIME explanation of the Mask R-CNN generator model’s prediction on Image 3.
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Conclusion and Further Work

6.1 Concluding remarks

The presented thesis has developed a complete system to synthesize photo-realistic images
from a marine simulator via cycleGAN. The needed data is acquired from the ReVolt simula-
tor as well as an OB] file, and drone footage of the vessel in Trondheimsfjorden. Moreover, the
system evaluates the generated image’s added value with Mask R-CNN and data from the real-
world environment. A ’Visual Turing Test’ also evaluates the generated images. Furthermore,
the thesis has presented several results of cycleGAN that helped in forming a self-critical dis-
cussion. The results showed that even though cycleGAN can create photo-realistic images at
a high degree, photo-realism comes at the expense of mapping the correct features. Thus, the
cycleGAN Model 2 managed to generate images more photo-realistic than the corresponding
simulator images, but not as realistic as model 4’s generated images that did not map the cor-
rect features. Consequently, Model 4’s generated images got a higher accuracy of being real in
the 'Visual Turing Test’ than the Model 2 generated images. Since this thesis aims to minimize
the reality gap to achieve better detection algorithms, mapping the correct features is essential.
Thus, Model 2 was utilized to create the generated environment for training Mask R-CNN.

The results indicate that the Mask R-CNN model trained in the generated environment general-
izes better to the real-world environment than the model trained in the simulated environment.

Furthermore, although the model trained in the simulated environment detects the boat with

109
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quite a high accuracy, it bases the prediction on the incorrect features. The model trained in the
generated environment, on the other hand, use more of the correct features when predicting
the vessel. Thus, cycleGAN has improved the data quality acquired by the ReVolt vessel simu-
lator and achieved a sufficient Mask R-CNN model. Hence, cycleGAN shows great promise in
potentially improving the autonomy of the ReVolt project and contribute in the shift towards
more autonomous systems in general. Nevertheless, improvements can be made to the system,

which is stated in the subsection below.
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6.2 Further Work

This master thesis was carried out over five months in the spring of 2020. Spending this much

time on a problem brings several ideas of improving and extending the system.

Ideally, it was wanted to train the Mask R-CNN from scratch, but due to constraints in time
and resources, this was not possible. Pre-trained weights had to be used, which resulted in an
improvement that is not as great as desired. As mentioned in Section 3.3.4, Apple Inc. has sug-
gested simGAN to address the problem of the reality gap, which implies that huge companies
having great resources are trying to tackle these problems, and they are thus difficult to tackle

with the scale of this thesis.

After training the network for more than 50 epochs, new artifacts were introduced, as men-
tioned in Section 5. The artifacts are random and not looking like any realistic known objects.
Being able to choose what artifacts should be generated would enable more realistic generated
images. Since it is not possible to choose generated artifacts, a more detailed simulator could be
ideal for making the generated environment more realistic. For instance, introducing different
marine crafts with their automated controller script, as well as enable for changing the weather

in the simulator could be done in further work.

The usage of Google Colaboratory’s GPU is time- and usage limited unless a premium account
is purchased. Unfortunately, today, it is only possible to use the premium version of Google
Colaboratory in the United States. Training and testing the model in this thesis was, therefore
constrained. For further work, the GPU power needed should be gained from somewhere else

where unlimited access is available.

In this thesis, cycleGAN was utilized to generate photo-realistic images that could be used to
close the reality gap. As stated in 3.3.5, coGAN and simGAN were also potential candidates to
reach the goal of this thesis. CycleGAN was chosen by comparing results from another paper

testing different GANSs, illustrated in Figure 3.22. The comparison is based on a mapping be-
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tween different domains than the ones in this thesis. The results from utilizing the different
GANSs for the issue of this thesis could, therefore, be different. For further work on closing the

reality gap for the simulator of the autonomous ReVolt vessel, coGAN and simGAN could im-

prove the system.
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