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Abstract

As the usage of Autonomous Vehicles continues to grow rapidly, concerns about their
e ectiveness and safety have rightfully emerged. Simulation is currently not the preferred
method for gathering data on driverless vehicles even though there are less safety and cost
considerations. This is because of a signi cant gap between the simulation used for training
and the reality that it is intended for. This study aims to analyze the reality gap in object
detection speci cally related to pedestrian recognition across various simulations. Given
the complexity involved in understanding the causes of this di erence, multiple simulation
methods are explored to gain insight into the current state of this gap in learning platforms
for autonomous driving within an abstract environment. To enable this research, three
comprehensive and meticulously annotated datasets were created, enabling us to get an
insight into the present state of pedestrian detection. By comparing the implementation of
simulation methods and their accuracy in capturing real-world scenarios, conclusions about
their e ectiveness and suitability for simulation-to-reality training can be drawn.
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CHAPTER 1

Introduction

Autonomous Driving Vehicles have made enormous progress in the last few years, to the point of
mass availability for consumers [1]. Because human drivers cause an unbelievably large amount
of accidents whilst driving, the push for non-human drivers has been increasing rapidly. The
expectation is that these machines will be better, because they can always pay attention, don't
get tired or drive recklessly. However, proving this statistically has so far been a challenge due
to the dierence in data between human and non-human driven miles, making it di cult to
guanti ably demonstrate this risk reduction, relative to humans [2].

To drive without human interaction many problems are needed to be solved, like lane-
following, localisation, environmental modelling and high-level safe decision makingHowever, [Claim, so
this thesis will focus on pedestrian detection , which is a problem that has had quite some™{give cita-
development over the years, but still hasn't reached its full potential. Aside from assisting in |tion
autonomous driving this problem is also relevant to numerous other real-world applications, like
video surveillance [3], action recognition and tracking [4].

Pedestrian detection has historically been a popular problem to tackle as it stems from the
classic problem from computer vision: Object Detection. The basic detection of a singular person
in most environments was never the true problem to solve. The problem has never been getting
good at pedestrian detection, but truly mastering it [5]. In recent years the advancement has been
tackled by looking at speci ¢ scenario's where detections would fail. When pedestrians were near,
detections would fall apart, often due to a large overlap causing predictions to be fused together
[6]{[8]. Pedestrians who were partially occluded were also causing problems, also especially when
in large crowds of people [3], [9]. In these weak areas small incremental improvements have been
achieved and have had an impact on pedestrian detection as a whole. However, when looking at
the development and expectation from years ago [10] in comparison to today the mastery still
has not been achieved [11]. Even the state of the art still has trouble when the domain shifts
even slightly, because they have become tailored for target datasets and their design re ects this

by being less generalizable [4]. Only on
page 20-21
. examples
1. 1 Reallty Gap of your ex-
periments

To train models for detecting pedestrians in dynamic complex environments, large real-world
datasets are almost always used. The reason for not using simulated data is the di erence in
domain realism, which is often referred to as the reality gap. This di erence can be visual, but
also physical. Getting this gap as small as possible could enable training in simulation which
can be a large time and monetary improvement. With simulation also comes the advantage of
using automatic labelling of data, which is also a very large optimisation to the entire process of
gathering training data.

It is possible to decrease this gap by changing the training process or the simulation. One
of the most common ways to decrease the gap is using domain randomisation, which is a simple
technique for training models on simulated images by partly randomising the visual [12] and or

are given.
Give a pre-
view in
your Intro-
duction.
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physical [13] domain. The thought behind domain randomisation is that with enough variability
in the simulator, the real world, with all its very speci ¢ but hard to de ne peculiarities, might
be seen as just another variation. The result is a model that is a lot more environment invariant.

Another method that is seen as an alternative to domain randomisation is domain adaptation,
which means trying to get the domain to be as close to reality as possible. This is often done by
making simulations more realistic and detailed. Another approach is by using image-to-image
translations to approximate the di erence between simulation and reality. This translation can
then be applied to new images to make them more realistic at a way lower cost than upgrading or
improving an entire simulation [14], [15]. This same method has been shown to convert synthetic
images from a video game to a very realistic looking image [16]. However, it did su er from
tting too closely to the dataset it was trained on, changing large parts of the image outright
instead of only improving the visual delity.

Even with no adaptation to reality some have been able to get state-of-the-art results with
completely synthetic dataset [17]. With a large enough dataset the domain randomisation was
obtained through the large variety in di erent environments used.

1.2 DuckieTown

To analyse autonomous driving concepts and problems in a more abstract and simpli ed envi-
ronment, many educational platforms have been created to allow for a lower barrier of entry
when entering this area of research [18]. One of these platforms is DuckieTown [19], which is a
platform with this speci ¢ purpose in mind. It has a supported simulation and also an equiv-
alent platform for real-world testing, which makes it an ideal platform for testing the transfer
from simulation to reality. It provides a world for a small robot (DuckieBot) to drive round an
abstract world (DuckieTown) with rubber duckies to simulate pedestrians. The simulation this
platform provides is very basic, visually and physically, which creates problems when porting a
simulation trained vehicle to the real world. Any trained model in this simulation will be trained
to perform actions only within the domain on which it has trained. The real-world, even though
it is somewhat similar, learnings often won't transfer directly.

(&) The second edition of Al-
DO took place at the 2019 Inter-  (b) Two images side by side indicating the lack of visual clarity
national Conference on Robotics in the DuckieTown platform between reality and simulation. The

and Automation (ICRA), with - di erence noticed by models trained in simulation between these is
nals held in Monteal, Canada, in the simulation-to-reality gap.
May 2019.

There was an attempt made of porting trained Machine Learning algorithms from the Duck-
ieTown sim to reality whilst trying to close the reality gap [20]. The attempt was unsuccessful
referencing the gap between simulation and reality to be too large as one of the problems.
However, others were successful crossing this gap using a Proximal Policy Optimization (PPO)
method [21] for Reinforcement Learning. The latter was able to get an in DuckieTown simulation
trained car to drive around a real-world track. Even here the author cited that a faster driven
model still had troubles crossing the gap from simulation to reality.

Though it is known that there is gap to bridge when using Simulators like DuckieTown, how-
ever to what extent there exists a gap is not known. As this is hard to quantify absolutely |
will look at it from a relative perspective. Comparing multiple simulations with one common
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technique. Object Detection is used as a standardised test to perform. It is a common computer
vision problem to solve with arti cial intelligence, which also su ers from the reality gap.

In this thesis | will look at the gap of several simulations often used for learning algorithms
and general research purposes. By comparing the performance of di erent simulations, insight
into how they compare to reality and to each other can be gained. This analysis will help
understand how accurately simulations can replicate real-world scenarios, and which simulations
are the most e ective for training object detection models.

This study will look speci cally at the current state of pedestrian detection using simulated
data and create an abstraction to allow future research to experiment with a lower barrier of
entry for trying to tackle this problem. The approach is three-pronged: a standardised abstracted
environment is created, which is applicable to any simulation; multiple datasets are collected and
annotated with the intent of detecting objects; nally, a comparative analysis of performance
metrics is conducted using the collected data, aiming to gain valuable insights into the current
state of pedestrian detection and its challenges.

13
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CHAPTER 2

Method

2.1 Duckietown

Duckietown® [19], [22] is a modular robotics and Al ecosystem with many tightly integrated
components designed for learning experiences. The aim of DuckieTown is to provide an easy
to use standardised platform for testing autonomous driving implementations. The abstraction
of the self driving problem is as follows: a small robot, called a DuckieBot, drives a round a
road layout created from a standard tilemap which is known as the DuckieTown. Around the
track Duckies can be placed and used for object-detection tasks. The DuckieBot, Duckietown
and Duckies are constant between simulation and real-world implementations, which allows for
comparisons to be drawn between multiple environments whilst reducing the complexity of the
problem dramatically.

2.1.1 Hardware

Duckiebot is a minimal autonomy platform that al-
lows to investigate complex behaviours, learn about real
world challenges, and do research. It's designed to drive
on a road layer, which is a tilemap of road segments that
can be connected. Aside from a road layer it also has
the ability to interact with a signal layer to receive infor-
mation regarding tra c signs and road infrastructure.
The only relevant piece of hardware for this thesis is the
camera?, which is a 5 Mega Pixel 1080p camera with a
eld of view of 160 . As this is quite wide, the camera
can capture a large area to the left and right of itself,
but does give a large distortion to objects close to the
camera. Due to a problem with the DuckieBot, which
was made available to me, the robot isn't able to move.
However, this isn't a problem for my application as the only thing that is needed is its camera
and the DuckieTown layout.

Figure 2.1: A DuckieBot driving around
a DuckieTown in the real world

Lhttps://www.Duckietown.org/platform
2https://docs.duckietown.com/daffy/opmanual-duckiebot/preliminaries_hardware/get_hardware/
index.html#camera

15



2.1.2 Software

Instead of running Duckiebot on a real track, it's
also possible to do the same in simulation. Us-
ing the Duckietown Simulator [23] many of the
same problems can be tested without needing to
build a road. The simulation used by Ducki-
etown is based on the Open Al gym [24], which
is a Python library that standardises the com-
munication between learning algorithms and envi-
ronments. Its main use is reinforcement learn-
ing, but it has become more widely applicable.
Figure 2.2: The camera view of driving To maintain a wide application both the Gym's
around a DuckieTown world in the Gym and the Duckietown's implementation is fairly ba-
sic, with its uniform lighting and lack of physics en-
gine.

simulation

2.1.3 Tilemap

DuckieTown de nes multiple layers, which can be seen as a level of extra detail. This can entail
tra c lights, signs, street names, but most importantly the tilemap layer which de nes the road
network. These tiles are made up of foam with coloured tape laying out di erent parts of the
road. There are many types of tiles that can be created, but for this research the only necessary
ones are the straight and curved pieces. Each tile type has speci ¢ instructions for its creation
to keep tracks reproducible, which is illustrated in gure 2.3

Figure 2.3: Building instructions for creating a straight and curved images, showing the exact
measurements for laying out the tiles for the DuckieTown tilemap layer

3

2.2 Adapting DuckieTown to other Simulations

The environment used by DuckieTown is a great abstraction to use for testing across multiple
Simulations. By porting the environment pieces, mainly the road tiles from the tilemap and the
Duckies we can simulate the same environment wherever. These are the only things that can
be somewhat simulation agnostic. The rest, which constitutes of things like random camera and

Shttps://docs.duckietown.com/daffy/opmanual-duckietown/assembly/tilemap/index.html
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ducky placement and lighting con guration, is speci c to each simulation and not possible to
standardise.

However, with the provided scanned items and a reasonable understanding of any simulation
it should be transferable to anywhere. With this portability any simulation or environment could
be used as a way of recreating and adding to this research. If it allows importing models and
has some kind of randomisation system, it can be used. To demonstrate further how this process
should occur, these steps will be run through in detail for the Unity simulation.

2.2.1 Unity

Unity [25] is a state of the art Game Engine. It provides many features like a physics simulation,
but most importantly it allows for a large amount of customisation called packages. With a
package like the Unity Perception Package [26] we can extend the engine to work for us. This
speci ¢ package enables us to automatically label images that we capture with automatic anno-
tations calculated from the position of the camera and the position and dimensions of objects
within the simulation.

2.3 Object Detection

Object detection [27] is collection of tasks that solves the popular problem from computer vision
that aims to detect all instances of an object in an image. The result that a working object
detection algorithm will produce is a 2D bounding box drawn around where it thinks an object
is located. These networks are often trained on labelled data, which means that a human is
required to draw each bounding box as a reference for evaluating the training and testing.

2.3.1 YOLO: You Only Look Once

YOLO [28] is a family of object recognition models that use a single neural network to predict
both bounding boxes and class labels. It is known for its speed and ability to run in real
time. With YOLOvVS8 being the latest in the family, it provides great improvement to the classic
YOLOV5 object detector and allows for localising and tracking persons and objects[29]. The
name comes from its di ering approach to how it handles the input of images. In comparison to
other implementations it doesn't go over the image multiple times, it only looks once.

The basics of the inner workings are that YOLO divides its input image into a nite grid. For
each grid cell of the image it produces multiple bounding boxes with con dence scores and class
predictions using a Convolutional Neural Network (CNN) backbone. It then uses Non-Maximum
Suppression (NMS) to fuse highly overlapping or duplicate bounding boxes. Based on the class
predictions a class is selected for each bounding box. The result is a list of bounding boxes
with a corresponding con dence score. During training it uses classi cation and regression loss
functions to optimise both the bounding boxes and the class predictions.

2.3.2 Metrics

YOLO has multiple metrics for determining the performance of the models train with it. Each
metric covers a di erent, but important part factor in how well a model is functioning.

Average Precision
Recall

Recall calculates the proportion of correctly identi ed objects, true positives, to the sum of true
positives and false negatives, which indicates the algorithm's ability to nd all the objects of
interest in the image. Higher recall values indicate that the algorithm has a lower rate of false
negatives, meaning it doesn't miss any important objects in the scene. For pedestrian detection
this is very important as not detecting a pedestrian could result in causing them serious harm
when used in real world scenario's.

17



Precision

Precision measures the accuracy of the positive predictions made by the model. It indicates the
proportion of correctly identi ed objects among all the predicted objects. A higher precision
means fewer false positives, which shows the reliability of the model. This is an important
metric for pedestrian detection as false positives can result in incorrect behaviour in autonomous
vehicles.

2.4 Prepare simulations

object and To have our simulations be as consistent as possible, we use the same environment and
object for our training and testing purposes. The environment is taken from the Duckietown
world and simulated in each simulation, that will be tested with. As the DuckieTown Gym
based simulation already has everything built in, this process will only be necessary for the
Unity Engine. However, as this same process could later be applied to di erent simulations a
general description will also be given. When replicating this part of the research, it is important

to note that the o cial rules for DuckieTown building was used. This consists of exact measures
for lines and rules about track layout requirements. For the exact speci cations of how | got
these items from physical to digital can be found in section 3.2.

The main part of the setup consists of four parts: setting up the track; setting up the
randomised Duckies; setting up the camera randomisation; and lastly, con guring the camera
settings. For the road, only two pieces are needed. With a straight and a curved road, all non-
complex layouts can be recreated. The object that will be used for detecting will be a rubber
ducky. The usage of Duckies for Pedestrian Detection is also taken from the DuckieTown world
as an abstraction of pedestrians and/or other road user. These components will be scanned-in
as an .obj le and placed in each respective simulation.

2.4.1 Camera speci cations

As described in section 2.1.1, the DuckieBot has a camera with very unique speci cations. To
match the real world as closely as possible, these settings should be used when con guring the
robot within simulation. The exact settings that should be used are as follows. The resolution of
the images produced by the camera are 640x480 pixels. The camera is a wide angled lens, with
the exact angle being 160.

2.5 Gathering the dataset

The question of this thesis surrounds the problem of porting a simulation trained arti cial intel-
ligence to the real world. The training data will be the data from the simulation and the testing
data will be from the real world. In the real world the process of data gathering will be very
manual as the platform itself doesn't provide a way to capture a dataset or images for a purpose
like this. Each simulation will also have a tailor made method for capturing images, which will
be much easier to automate.

2.5.1 Dataset speci cations

For each simulation data gathering will be performed twice. One with the duckies included and

randomised and once without any duckies. The same amount of data will be gathered for with
and without duckies to ensure about a 50/50 split of ducky images and null images. This ensures
that each model will also be able to correctly handle the lack of duckies, which is bene cial to not

detect other yellowish objects that are present in the scene like the centre-line and background
objects.
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2.5.2 Simulation data

In each simulation the world layout will be created using the tilemap with a semi-random place-
ment of Duckies near the track. The camera will than either move past the Duckies to capture
multiple angles and distances to the camera or random ducky placements and road layouts will be
created to capture multiple locations. So its either random driving or placement for the camera
and always ducky placement as random as possible. The placement of duckies does not have to
random for each image if a moving robot is used as the change in position of the camera creates
enough random perspectives if the capturing interval isn't too low.

2.5.3 Real-world data

Very similar to the data gathering in the simulation, the real-world data is captured on a couple

tilemap layouts with Duckies placed randomly on the surface of the tiles. From the camera,
images will be taken at an interval whilst the DuckieBot is pushed at a constant speed to capture
multiple angles and distances of Duckies near the track and camera. To create variability in
the data multiple lighting environments will be used whilst recording, which can be controlled

through blinds and/or putting the track in the shadow or direct sunlight.

Many things like, the rotation and position relative to windows determines a lot about how
the camera and its internal sensor will react. The dataset that will be gathered for the real world
data should be as broad as possible to capture many di erent scenario's as to emulate how real
world pedestrian detection should also be widely applicable. If not enough variety is present in
the dataset, the performance of other models on the data won't be determined by how well they
adapt, but how well they happen to match the same exact circumstances.

2.6 Label all the data

After all images have been gathered the data needs to be labelled. In the Unity Game Engine
this can be automated, but in the DuckieTown Gym this isn't possible as with real world data.
Using Robo ow, an online platform providing a wide range of tools for machine learning related
problems, each image can be annotated with a class. Because the dataset only contains Duckies,
there is only one class necessary.

2.7 Train the object-detection

YOLO is used to train a model on each datatset. Each dataset is split into three sections, with
each their own purpose. The training part will be used as data to improve the model. In batches
the model is shown a set of images to improve slightly with. The results is then checked after
each epoch against the validation dataset. Here some hyper-parameters are tweaked to allow for
the next training steps to be as successful as possible. After all the data has been processed the
data is then checked against the testing part of the dataset, which it has never seen before. The
result on the test set is therefore as unbiased as it could be and illustrates the performance the
model will likely have on other data it has never seen before.

The parameters of each training session are slightly varied for each dataset to see if any
change will make a very signi cant change in its performance. After multiple models have been
trained and analysed a set of arguments is chosen and will stay consistent throughout each test.
These tests are not essential for the main research question and will therefore be placed as an
addition to the thesis in section 7.2

2.8 Evaluate the object-detection on the real-world data

When each dataset has a trained model with the same parameters for training, the models can
be used for testing. Firstly, all models will be evaluated on their own testing data, which will
illustrate how closely tted it is to its own data. Each model will then also be run on the same
part of real world data, the testing split. From this we will get the performance of each model
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on their own and the real worlds test data. From this we will be able to quantify the reality gap
through multiple performance metrics.

2.8.1 Compare data through Metrics

We take the following criteria that are popular with pedestrian detection as measures for their
performance: Averaged Precision (AP), Precision and Recall. More information about their
inner workings is explained in section 2.3.2.
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