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Abstract

With an ever-increasing need for high-quality training data for machine learning, photoreal-
istic simulations of digital twins are becoming more than just immersive visualization tools.
To validate the safety of autonomous vehicles, virtual replicas of real test tracks are often
created nowadays. In these virtual replicas, the systems can be tested under a variety of sce-
narios. While most existing research focuses on validation and generation of training data,
there is little work to synchronize such a digital twin with actual traf ¢ in real time. Using a
part of the A9 test track [Kra+19] as an example, a process is presented that shows how the
real world can be reproduced virtually with close attention to detail. It is also shown how
such a simulation can be connected to an existing detection pipeline to spawn vehicles in a
realistic manner. The resulting extension of the digital twin can now be used as a basis for
real-time visualization and data generation.

Zusammenfassung

Angesichts des standig steigenden Bedarfs an hochwertigen Trainingsdaten fir das maschinelle
Lernen werden fotorealistische Simulationen digitaler Zwillinge zu mehr als nur immer-
siven Visualisierungstools. Um die Sicherheit von autonomen Fahrzeugen zu uberprufen,
werden heutzutage oft virtuelle Nachbildungen von realen Teststrecken erstellt. In diesen
virtuellen Nachbauten kénnen die Systeme unter einer Vielzahl von Szenarien getestet wer-
den. Wahrend sich die meisten Forschungsarbeiten auf die Validierung und Generierung von
Trainingsdaten konzentrieren, gibt es bislang nur wenige Ansatze, um einen solchen digitalen
Zwilling in Echtzeit mit dem realen Verkehr zu synchronisieren. Am Beispiel eines Teils der
A9-Teststrecke [Kra+19] wird ein Verfahren vorgestellt, welches eine detailgenaue virtuelle
Nachbildung der realen Welt ermdglicht. AuRerdem wird gezeigt, wie eine solche Simulation
mit einer bestehenden Detektionspipeline verbunden werden kann, um Fahrzeuge auf realis-
tische Weise zu platzieren. Die so entstandene Erweiterung des digitalen Zwillings kann nun
als Basis fur die Echtzeit-Visualisierung und Datengenerierung genutzt werden.
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Chapter 1

Introduction

1.1 Providentia

“Providentia [Kra+19] is a research project that has been funded by the Federal
Ministry of Transport and Digital Infrastructure (BMVI) since early 2017. Since
early 2020, it has been continued under the name Providentia++ with the Chair
of Robotics, Arti cial Intelligence and Real-time Systems at the Technical Uni-
versity of Munich's Department of Informatics serving as consortium leader. The
project's goal is to research the ow of information between vehicles and infras-
tructure along the A9 highway extending into the urban area, to create a digital
twin of the current traf ¢ situation [...]“ [pro].

For this purpose, several masts and sign bridges are out tted with a multitude of sensors that
record the current road conditions. This sensor data is then used to detect and track objects
such as cars, pedestrians and cyclists so that their position can be transmitted to the Digital
Twin (DT).

Cameras North

e

T SR

Figure 1.1: Sensors mounted on the S110 gantry.
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1.2 Motivation

A 3D digital twin brings several advantages. Unlike a live stream from a real camera, that of
a digital twin does not contain any personal data and can therefore be streamed to everyone
with fewer restrictions. Furthermore, it is easier to collect training data in the virtual envi-
ronment because the simulation can also produce ground truth in addition to sensor data.
This eliminates the need for time-consuming labeling of the data. It is also possible to sim-
ulate situations that would pose a danger to everyone on the road in the real world, such
as disregarding traf ¢ rules or even accidents. To keep the so-called Reality Gap [JHH95]
to a minimum, the simulation must be as realistic as possible. As demonstrated in [Ric+16]
(images) and [Des+21] (LiDAR), synthetic training data created using computer game tech-
nology can signi cantly improve the training of machine learning models. The digital twin
can help other researchers through better visualization and provide them with novel perspec-
tives on their data. Other stakeholders and the public can also experience the research in a
more interactive and engaging way, which can lead to a better understanding of the research
accomplishments.

1.3 Contribution

At the moment two different visualization tools are used within the project. On the project's
website, the data of the digital twin is presented with the help of an application based on the
three.jslibrary. The rendering of the scene takes place on the client side, which reduces the
amount of data to be transferred. The other one is based on the driving simulator CARLA,
which in turn is based on the popular game engine Unreal Engine 4. It offers many exist-
ing high quality assets and therefore a high degree of realism. Furthermore, it can simulate
different sensors like cameras and LiDARs and generate ground truth e.g. for semantic seg-
mentation. Since the goal of this work is to create a digital twin with the highest possible
degree of realism, the CARLA-based simulator was chosen.

Static environment The rst part will show how the static environment of the A9 test eld
can be represented as accurately as possible within the game engine. This includes the
creation of the terrain model based on an existing HD map as well as the modeling of
buildings in the surrounding area.

Dynamic environment Some aspects of the environment like the light conditions and ground
textures are constantly changing. This part will explore how these changes can be re-
ected in CARLA.

Detected road objects The second part is about the better representation of dynamically
detected objects such as cars, trucks or pedestrians. This includes displaying them in
the correct color and size.

Panorama stream One disadvantage of the CARLA simulation is the high demand on the
required hardware and the necessity to install the simulation locally. Therefore this
project will demonstrate how a 360 degree panorama video of the simulation can be
produced and be streamed live.

Color detection To be able to display the colors of the vehicles, a color detection based on
[OzI18] was integrated into the existing detection pipeline. The classi er was trained
on the A9 dataset [Cre+22] and has been optimized for real-time detection. The clas-
si er can detect colors with an accuracy of 42.7%.
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Related Work

2.1 Digital Twins

The term Digital Twin (DT) refers to a virtual representation of a physical object or system
that can be used for a variety of purposes. While they are already becoming increasingly
prevalent in research [Liu+21] and industry [Wor22], there is still no agreed de nition of
what exactly constitutes a digital twin. Due to the focus of this thesis, this chapter will mainly
concentrate on the digital twins, which also have a virtual 3D representation of a real-world
location commonly based on an existing game engine. A far more in depth review and clas-
si cation of digital twins an be found in [Jon+20] and [VM21]. [Coe+21] provides an
overview of DTs focused on urban areas. It proposes a general architecture for DTs and illus-
trates some areas of application such as air quality monitoring or ood protection. The city
of Zurich provides 3D spatial data models of city features such as buildings to foster the de-
velopment of novel applications which are supposed to address problems such as population
growth [SH20].

With the help of NVIDIA, Deutsche Bahn is working on its own digital twin of its ralil
network based on existing HD maps and CAD models [Gey22]. This DT is supposed to be
used to improve the ef ciency of the existing network. The individual trains are connected to
the digital twin via 5G and can warn staff and each other if an unexpected obstacle has been
detected by one of the sensors in the trains. To improve this object detection, the DT is also
supposed be used to generate synthetic training data for the machine learning applications.
[Heg+22] shows the creation of a DT for a highway tunnel in the Netherlands. Based on
Unity, the application contains a complete 3D model of the tunnel and it's access control
system. The goal of the application is the validation of the control systems, which should
prevent too large vehicles from entering the tunnel. It is also proposed that the application
may be used for training as well.

In addition to video recordings from drones, the CitySim-Dataset [Zhe+22] also provides
high resolution 3D maps for the locations where the video was taken. This allow for fur-
ther testing and data generation using the CARLA simulator. A pipeline for creating a 3D
digital model of a university campus based on geodata is described in [Azf+22]. The goal
is to import terrain data and buildings into CARLA without much effort. Another pipeline
describing how different sources of open geospatial data such as aerial imagery and digital
terrain models can be integrated into a game engine was presented in [BZH22]. The paper
from [WBEZ22] introduces a pipeline for creating 3D virtual environments from different data
sources (OpenStreetMap, OpenDRIVE maps, CityGML, and digital terrain models) in an au-
tomated way. The low- delity models of building are enhanced by procedurally generating
additional details like windows and facade textures. The user study concluded that the best
way for participants to make connections between the real and the virtual environment was
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through an accurate road geometry. X presents a whole simulation stack for autonomous ve-
hicle using ROS, the Autoware Software Stack and CARLA. For this a small area of Ingolstadt
was created in RoadRunner based on data from OpenStreeMap and subsequently imported
into CARLA. The project SAVeNow also created a digital twin of Ingolstadt, which can be
seen in this vided® . The same area around Garching Hochbrick, which is the focus of this
thesis, was also modeled by [Cao+22] using only the outlines of the buildings provided by
OpenStreetMap.

2.2 Simulators

[Epi] Unreal Engine 4 The most widespread engine is the Unreal Engine 4 , which stands
out due to its realistic graphics and free availability. The newer version of this en-
gine, Unreal Engine 5, has been available for some time and offers much more realistic
graphics and better performance, but there is still no simulator based on this platform.

[Uni] Unity  Another popular engine is Unity, which is a bit more beginner friendly compared
to other engines. However, it is more dif cult to achieve photorealistic graphics, which
is why this engine has seen little adoption in the eld of digital twins.

[KHO04] Gazebo Gazebo is the primary simulation software used in combination with the
popular robotic framework ROS [Stal8]. Therefore it is very easy to use gazebo to test
applications that already use ROS. Due to the large community there are also a lot of
plugins that add more sensors or other functionality. As a primary rendering engine
gazebo uses OGRE3D [OGR], which also does not offer photorealistic graphics.

[UNI] UNIGINE 2 UNIGINE is a proprietary game engine developed primarily for applica-
tions such as simulations and digital twins. The engine offers photorealistic visuals,
simulation of various sensors and other features that are particularly useful for digital
twins. There is a free community version that can be used for academic and non-
commercial projects, but it does not offer the full functionality 3.

[NVI] NVIDIA Omniverse NVIDIA Omniverse is a 3D simulation software created by NVIDIA,
also focusing on digital twins and simulation. Due to the support of real-time ray trac-
ing, the graphics are very realistic. NVIDIA offers further solutions for special applica-
tion areas like NVIDIA DRIVE Sim which focuses on simulation of autonomous vehicles.
The Neural Reconstruction Enginebased on [MUil+22a], offers the possibility to gener-
ate 3D meshes of the environment based on simple videos.

[Fou] O3DE Open 3D Engine is a fully open source 3D game engine targeting video games
and simulations. The engine is still in an early stage of development and does not offer
all functionalities compared to established engines like Unity or Unreal. Nevertheless,
there are already plugins that provide a connection to ROS2, so that O3DE can already
be used as simulation software.

When choosing a simulator, two aspects should be considered. The rst is the availability of
virtual sensors and the ability to generate ground truth data. A short overview of of such in

open source simulation tools can be found in Table 2.1. The second aspect is the functionality
available through the API, such as the spawning of models at runtime or a dynamic change

https://savenow.de/
Zhttps:/iwww.youtube.com/watch?v=kQ_ns5JAX34&t=199s
3see comparison table at https://unigine.com/get-unigine/


https://savenow.de/
https://www.youtube.com/watch?v=kQ_ns5JAX34&t=199s

2.3 Related Games 5

of the weather. Another summary of simulators based on additional criteria can be found in
[Loc20].

Name Engine | RGB | LIDAR | 3D BB | Segm. | Depth | DVS | Flow | Source
CARLA UE4 %) %) D %) %) %] %) [Dos+17]
CiThruSs2 UE4 %] ? ? ? ? ? ? [GNV21]
AirSim UE4 %) D %) %) %) 1%} %) [Sha+17]
UnrealROX+ | UE4 %] X 1] %] %] X X [Mar+21]
UnrealCV UE4 1%} X X 1] 1%} X X [QY16]
NDDS UE4 %] ? 1] %) D ? ? [To+18]
Gazebo ogre2 | @ %] 1%} %] %] %] X [KHO4]
O3DE ROS2 | O3DE | @ %) ? X X X X [Rob]

Table 2.1: Comparison of offered virtual sensor in Open Source simulation platforms.

2.3 Related Games

While computer games are primarily designed to provide a fun gaming experience, some of
them also provide a realistic representation of the real world. Especially games from the
simulator genre are often developed to recreate real-life situations as detailed as possible.
One example of such a game that specializes in simulating traf ¢ scenarios is the Euro Truck
Simulator [SCS12]. In this game, players can drive their truck along individual European
highways that are roughly based on existing counterparts. Other games, such as Tram Sim-
ulator [Vie22] or CityDriver [Vie22], offer a truly detailed representation of the real world,
although on a much smaller scope. The two games mentioned above, for example, depict a
few selected places within the city of Munich. In stark contrast to this is the playable world of
Microsoft Flight Simulator, which spans across the entire globe. Instead of having the entire
game world built by human artists, most of the environment is automatically generated. This
is done by combining satellite imagery from Bing Maps and vector data from OpenStreetMap
to create an accurate three-dimensional representation of the world [Fue22]. Following the
de nition of a DT used in this chapter, the ight simulator can also be called a digital twin,
since it displays live data such as the weather or air traf ¢ data in real-time inside the game
(Figure A.7) [Dev21].

Furthermore, games can also be helpful in generating large datasets for machine learning
applications. For general object recognition models, any game with realistic graphics can be
used. [Ric+16] presents a way to generate ground truth data from the game GTA V and
shows that such synthetic data can signi cantly increase the accuracy of machine learning
models. Since such AAA games are often developed with very high budgets, the models and
textures they contain are of high quality. Other games like the Euro Truck Simulator have a
very active modding community that offers additional high quality vehicle models as a free
download [Ste].
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2.4 Environment modeling

Some semi-automatic pipelines for importing buildings based on aerial photographs have al-
ready been described above [Azf+22]. However, in the context of the A9 test stretch and this
thesis, these have several drawbacks, including outdated aerial imagery that does not con-
tain all the buildings and a poor level of detail found in aerial imagery. Thus some buildings
have to be created by hand in a 3D application like Blender. [Bral4] offers a comprehen-
sive overview on alternative applications that can be used as well to create a detailed LOD3
building model from an existing lower resolution LOD2 model. A speci cation of the different
levels of detail can be found in [BLS16]

>~ I

LoLo LOD/ LOD2

LOOD

Figure 2.1: The ve LODs of CityGML 2.0 from [BLS16].

2.5 Model scaling

In order to display the vehicles in the correct size, they have to be scaled at run time. If the
deviation between the size of the original model and the desired size is too large, signi cant
deformations could occur. This would be recognizable, for instance, by the tires, which
would no longer be circular. By analyzing the vulnerability of surfaces [Kra+08] builds
a protective grid around the model which allows for scaling of a complex model without
destroying important features. The expensive calculation of the vulnerability map has to be
done only once for each model, it can then be used for any scaling factors. More recent work
like [She+22] use a neural network to learn how much in uence a control point has over a
vertex in the model which should be scaled.

source

trivial
scaled

NeuralMLS

source trivial scaled NeuralMLS

Figure 2.3: Comparison between homogeneous scaling and NeuralMLS.
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Background

3.1 CARLA

CARLA is a free and open source simulation platform that allows users to create and test
autonomous vehicle systems in a virtual environment. CARLA builds on top of the Unreal En-
gine 4 [Epi] and provides additional functionality for simulating autonomous vehicles, such
as the ability to customize vehicle models and sensor con gurations and offers a selection of
high quality assets (cars, pedestrians, props etc.). It uses a client-server architecture, which
can be distributed across multiple computers.

Server The server runs the Unreal game and the simulation within. This includes the physics
calculations and rendering. Since this can be quite resource hungry, especially for a high
image quality, this component should be run on a powerful computer with suf cient
GPU performance.

Client One or more clients can control the simulation, such as spawning new objects in the
world or changing the weather parameters. The clients can receive the data from the
virtual sensors and process them further. There are of cial APIs for both Python and

C++.
commands =
Unreal Engine 4 " ] @ CARLA Clients
CARLA
Server
! A
cARtA b @CARLA Clients
commands =i

Figure 3.1: High-level overview of a system using CARLA.

3.2 Map Projections

In order to display geo-referenced data in a game engine, the coordinates, given in latitude
and longitude, must rst be converted into a Cartesian coordinate system. The problem is
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that the coordinates describe a point on a three dimensional spherical surface that must be
projected onto a two dimensional map. From a geometrical point of view there are three basic
types of projection surfaces ( g. 3.2): planes (accurate for polar regions), cones (distortions

are constant along parallels) and cylinders (accurate at the equator). Based on this, there
are many different map projections available, each with its own set of characteristics and
trade-offs.

Figure 3.2: Map projection surfaces [Map20]

Equidistant Cylindrical (Plate Carrée) A cylindrical projection in which angles are pre-
served, but surfaces and shapes are distorted. The Plate Carrée is often used in sci-
enti ¢ research and data visualization because of its simplicity and ease of use. It is
also utilized for 360-degree videos.

Transverse Mercator (Gauss-Kruger) A cylindrical projection in which shape and direction
are preserved, but areas are distorted. It is widely used in surveying, navigation, and

mapping.

UTM Divides the Earth into 60 zones, each 6 degrees of longitude wide. Each zone is based
on the Transverse Mercator projection and uses a different central meridian, ensuring
minimal distortion within that speci c zone.

[
N

‘-a N

W[l

(a) Equidistant Cylindrical (b) Transverse Mercator (c) UTM Zones

Figure 3.3: Comparison of map projection types [Graphics from https://proj.org/].

It is not possible to accurately represent the curved surface of the earth on a at surface
without distorting some aspect of the map, such as area, shape, distance, or direction. Since
there is no perfect solution for the choice of the projection, it is only important that all
programs within the project use the same projection.
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3.3 Vehicle Color Detection

The color classi cation algorithm introduced by [0zI18] uses histograms and the K-Nearest
Neighbors (KNN) algorithm to classify the primary color in an image. The algorithm starts
by clustering the image using K-Means to create a segmented image. Based on this image,
a histogram for each color channel is calculated, which represents the distribution of colors
within the image. The peak pixel values of these histograms are then used as features in the
KNN algorithm, which compares the histograms of the image to a set of histograms acquired
during training and assigns the color of its closest match.

o _ ] peak
original image segmented image histogram valuas
97,75, 86
- B - _' !
1|
L ‘

vote of nearest

training data .

& neighbors
20, 139, 240, Blue [ )
24, 161, 177, Blue . . @ @
10, 155, 98, Green ) @

202, 21, 34, Red
248, 55, 15, Red — o L4
202, 201, 24, ® ;

|
red

Figure 3.4: Color classi cation pipeline.







Chapter 4

Implementation Details

4.1 Static Environment Modeling

4.1.1 Full Pipeline
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Figure 4.1: Overview of the full creation pipeline.

The following chapter describes the creation process of the digital twin in detail. The goal
of the creation process for the DT is to recreate the real world on site as closely as possible
in a virtual environment. For this, a variety of tools come into play that can either process
information about the environment automatically or help a user to recreate the environment
manually. The top part of the diagram, concerning the creation of textures and building mod-
els based on the reference image, will be explained in Sections 4.1.2 and 4.1.3 respectively.
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The creation of the virtual environment based on an existing HD map, shown in the centre
of the diagram, will be dealt with in Section 4.1.4 for the map in general and Section 4.1.6

for the traf c island generation. The procedure for creating and rigging the vehicle models is
entirely based on the of cial instructions * and is not covered in this thesis. Neither will the
training of weights for use with NeuralMLS, which also simply follows the existing example
code in the of cial repository 2. At the end of this chapter, the training of the color recognition

and the runtime optimizations are discussed.

4.1.2 Texture Creation

Without textures, the game environments would look at and uninteresting, which would
make the game world look much less convincing. In addition, important details, such as the
writing on traf ¢ signs or the rough surface of the road would be completely missing. That is
why the use of high quality textures in games is essential.

Since all games are confronted with this problem, not every single texture had to be
created from scratch for this thesis. CARLA itself offers a good selection of important textures
and materials like road surface, grass or re ective window glass. There is also the Unreal
marketplaces and a big number of websites that offer further textures for download, some
of them completely free of charge. For this work some textures and assets (see Figure A.8)
from the site ambientcg3. were used, which are all available under the Creative Commons
CCO0 1.0 Universal License. However, some textures, such as the lettering of traf ¢ signs, are
very location-speci ¢ and had to be specially created for this work.

The rst step in this process is to take high resolution photos of the signs to be reproduced
later in the textures. Cloudy days are particularly suitable for this, as on these days the light-
ing is consistent and no harsh shadows are present. This simpli es the post-processing of the
images, since such lighting effects have to be removed from the images. Furthermore, care
should be taken to look as straight as possible at the signs in order to minimize perspective
distortions. Special attention should be paid to the protruding traf ¢ lights, which should not
obscure any writing or symbols. For the post-processing of the images, the free open source
graphics software GIMP was chosen, but the required functionality should be available in any
other commonly used program.

If there are several signs on one image, they should be cut out and processed individ-
ually. The next step is to correct the perspective deformation of the images, which can be
accomplished with the perspective tool (Shift+P) in GIMP. To do that, the grid lines must be
dragged to the edges of the sign (Figure A.9). The direction must also be set to Corrective
(Backward) in the tool options (Figure A.10a).

After applying the transformation, it is possible that the proportions in the image are not
quite correct. This can be checked with the help of the pictograms, which should be square.
They can be selected using the rectangle selection tool and their aspect ratio can then be seen
in the status bar. The image should then be scaled (Image -> Scale Image) to correct this
aspect ratio. The holes for the traf ¢ lights can be cut out using the Rectangle select tool,
the corners of which should be rounded accordingly (Figure A.10b). A layer mask can be
created from the holes, so that they will not be lled again in the subsequent steps. Now the
overhanging sunblinds of the traf c lights and their shadows have to be removed. For this
other areas of the image can be cut out and placed on top of it. As an alternative the clone
tool can be used to copy the texture from nearby places. As a last step, the white balance of
the texture can be corrected, if this should be necessary. An example can be seen in Figure 4.2

Yhitps://carla.readthedocs.io/en/0.9.14/tuto_content_authoring_vehicles/
Zhttps://github.com/MeitarShechter/NeuralMLS
3https://ambientcg.com/
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(b) Cropped input image (c) Perspective corrected

(d) Fixed aspect ratio (e) Removed traf c lights (f) Final texture

Figure 4.2: Steps of the texture creation process

4.1.3 Building Modelling

Similar to the textures, there are also some unique buildings in the area that should be
represented by the digital twin. For the modeling, there is a choice between the classic,
manual creation of the 3D models or the automatic creation with the help of aerial and
drone photography. Although a very detailed model can be created through such automatic
generation, the whole process is also much more complex. In order to render the models in
real-time in Unreal Engine 4, the created models would also have to be simpli ed to reduce
the number of polygons. Since the intended buildings all have a rather modern architectural
style, they consist mainly of simple geometric shapes with many straight lines. As such
buildings are still quite simple to create, it was decided for this work to create them manually.
If it is desired to create buildings with more details, like ornaments on facades within a city
center, processes like photogrammetry might be the better choice instead. More information
about this process will be provided in the outlook chapter.

It is neither possible nor intended to provide a detailed and all-encompassing guide to
the creation of such 3D models in this thesis. However, a rough process is described below,
which can be used as a possible starting point.

The process starts with the creation of images that show the entire building in one picture.
The image should also contain enough lines that are parallel in reality but converge in the
image itself. These lines are needed to reconstruct the camera's perspective later ifSpy’.
The perspective can then be controlled infSpy by moving the axes or one of the 3D guides.
The savedfSpy project can then be imported into the 3D software using the fSpy Blender
plugin. This sets the calculated camera perspective and inserts the image as a reference
image in Blender, which can be viewed by switching to the camera perspective. Since the
correct size cannot be calculated from a single image, some additional information is needed.
Fortunately, OpenStreetMaphas the correct outlines of most buildings that can be used as a
reference. The simplest way is to use theblender-osmto load all buildings in the area into
a Blender project and then copy the desired building into the project for the corresponding
building. If this is not possible because the building is not yet included in OpenStreetMapor
a different object than a building is to be modeled, a known length within the image can be

“https:/ffspy.io/
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used as a reference. The reference should then be moved in Blender until the actual edge
lengths match those in the reference image. For buildings with simple windows without much
decoration, it is suf cient to cut the recesses of the windows into the outline using loop cuts.
For more complex windows, the archi-meshplugin included in Blender can be used to create
detailed windows. Depending on the proximity of the building to the cameras in the digital
twin, further details of the building should then be modeled. A correct UV-unwrapping is
important to be able to put textures on the building correctly. Texturing does not necessarily
have to be done in Blender, but the different materials (e.g. wood, wall, glass) have to be
created as dummies in Blender to be able to assign the correct material to the corresponding
faces.

(a) Building created just using loop cuts (b) UV mapping of the building shown (¢) Dummy materials assigned to the
using a color grid texture faces

4.1.4 HD Map Conversion in RoadRunner

In this project, the conversion of the HD map into a 3D model was done with the help of
RoadRunner a commercial software from MathWorks °. It allows the automatic generation
of most of the map like the terrain, roads and traf ¢ signs. The interactive editor still offers
the possibility to correct errors that occur during the generation and to add additional details
that are not included in the HD map.

One such error that could be observed was the representation of directional arrows on
the ground, which all pointed to the left in RoadRunner(Figure 4.4a). These arrows were
pointing in the wrong direction, despite the information in the underlying high-de nition
map being correct. Other software, like the browser based ODR viewet, show the correct
arrows (Figure 4.4b). This error was solved by simply editing the affected arrows within the
vicinity of a relevant intersection (S110).

Furthermore, the mapping of object IDs in the HD map to textures was con gured incor-
rectly, which resulted in a number of places where traf ¢ signs were either completely missing
or American signs were being displayed. The mapping, which is used for the generation, can
be found under the menu item assets/asset mapping . The missing IDs, which were ob-
tained from the error messages during the generation, can be entered in the signals tab. Most
textures for German signs were already included in the used RoadRunner version and could
therefore be linked directly. Some more special variations of traf ¢ signs (e.g. variation of no
parking signs) had to be created rst, using the public domain graphics from Wikipedia.

The HD map lacked detailed information about the traf ¢ islands and green stripes be-
tween the driving lanes around the S110 intersection. These were then created manually
with the help of the traf ¢ islands tool in RoadRunner. Since these are not yet exported as a
mesh, an extra workaround had to be found, which will be explained in the next chapter.

Further parts that were added or edited manually:

Shttps://de.mathworks.com/products/roadrunner.html
Shttps://odrviewer.iof
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(a) Incorrect arrows displayed by RoadRunner (b) Correct arrows displayed using the ODR viewer

Figure 4.4: Ground arrows displayed in different programs.

» Ground markings at the pedestrian crossings

» Noise barriers and other height differences of the terrain, especially near the highway
and the bridge

 Bollards at the corners of buildings to be able to place the manually created models in
the right positions later.

(a) Ground markings at the northern end (b) Noise barrier next to an exit of the A9 (c) Bollards placed to mark the corners
of the S110 intersection highway of buildings

Figure 4.5: Map elements which were edited manually.

4.1.5 Map Import

In order to be able to transfer the model to CARLA, RoadRunner offers an extra option for
its export. In addition to the model in .fox format, a new HD map with the changes made
is also exported. These les can then be imported into the Unreal Engine project using the
import script described in the CARLA documentation’. However, when running this script,
there were some small problems that had to be solved in order to successfully import the map
into CARLA.

The rst of these were segmentation faults within the XODR parser of CARLA, which
is needed in several places during the import. These were due to apparently faulty nodes
in the HD map. The parser (LibCarla/source/carla/road/MapBuilder.cpp ) was then
modi ed in such a way that it skips the corresponding lanes, which do not have the expected
structure, during some steps. At a later point during the execution of the script, crashes due
to array out of bounds exceptions during the lookup of materials occurred. These could be
traced back to faulty materials in the FBX le of the map, which also occurred when opening

"https://carla.readthedocs.io/en/0.9.14/tuto_content_authoring_maps/#importing-your-road-network-into-carla


https://carla.readthedocs.io/en/0.9.14/tuto_content_authoring_maps/#importing-your-road-network-into-carla

16 4 Implementation Details

the le in other 3D programs such as Blender. Blender, however, could handle these broken
materials and simply removed them. For this reason a script fix_fox.py ) based on the
Python API of Blender was developed, which loads the FBX les into Blender and exports
them again without any further modi cations. This exported version then only contains
intact materials and can be imported into the Unreal Engine without any problems.

The last problem was the absence of some objects like lamp posts and street signs in the
imported variant of the map. Due to the previous step, a version of the map imported into
Blender already existed that still contained these objects. Another script filter_wanted.py )
based on the Blender API Itered out these desired objects, which were then saved in an extra
FBX and Blender le. The FBX le could then be imported via the normal import functionality
of the Unreal Engine and the objects can then be added to the world. The markers contained
in the Blender le for objects such as the gantries were also used for the correct placement of
their 3D models, which were then also added to the project via the normal import.

Figure 4.6: Models of the gantries with the markers showing the correct positions of e.g. signs (red), traf c lights
(cyan) or gantries (green).

When importing, it is important to ensure that a certain folder structure is adhered to in
order to obtain the correct semantic tags for the relevant sensors. For example, buildings
must be placed in the Static/Building folder (relative to the imported package) in order to
receive the building class during segmentation. The same applies to vehicles, whose skeletal
mesh must be stored e.g. under Static/Bus or Static/Car.

4.1.6 Traf c Island Generation

Since the creation of traf c islands in RoadRunner is still a very new feature, it is currently
not yet possible to export them directly from there as a mesh. However, they are included in
the exported HD map and can be created based on that. The traf c islands are objects within
a road element with the type trafficlsland and store the outline in road coordinates
(Figure 4.8a). These are transformed into global coordinates using the libOpenDRIVE library.
For each of these points on the ground, three more vertices are added to the model, forming
the upper and inner edges of the traf c island respectively ( g. 4.8b). These are shifted a
little towards the centre of the islands, which is controlled by the i1 and i2 parameters in


https://github.com/grepthat/libOpenDRIVE
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Figure 4.7: Excerpt of the folder structure within the UnrealEngine project

Equations 4.1 and 4.2.

001
iy
B,=(1 —=) A,+ @A 4.1
( JAnJ) + > (4.1)
01
C,=(1 i—z) An+@8A 4.2)
JAn h '
0 1
0
D,=C, @0 A (4.3)
0.05

They are added to the index array of the model in this order, so the points based on the
rst outline-point have a vertex index of 1-4 (vertex indices in the obj le format start with
1).

POINTS=[A,B;,C;,D1,A,,B,,C,, Dy, ..., An, By, Gy, D] 4.4)

The faces then simply connect the adjacent points to form the outer and upper surfaces.
The bottom of the island simply connects all the outline points, just as the inner patch (the
patch that is covered with vegetation in real life) connects the innermost points. The program
itself does not produce triangle faces, because the models have to be converted to a FBX
le anyway (again with the help of Blender). Furthermore, the triangulation can be done
automatically during this conversion.

fBase= [ 4iji < n] (4-5)
fmig = [ 4i + 3ji < n] (4.6)
Fouter = f[4i + 1,4i,4(i + 1),4(i + 1) + 1]ji < ng 4.7)

Frop= f[4i+ 1,4(i+ 1)+ 1,4(i + 1)+ 2,4i + 2]ji < ng (4.8)
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Finner = f[4i+ 2,4(1 + 1)+ 2,4(i + 1)+ 3,4i + 3]ji < ng (4.9)

Fail = ffgase fmia 9 [ Fouter [ FTop[ Finner (4.10)

In order to be able to put the correct stone and grass textures on the model later on, two
dummy materials are created and the faces are assigned accordingly. The resulting model
can then, like most other models, be imported with the help of the normal Unreal import
functionality. Once again, care must be taken to ensure that the folder structure is correct.

Fex_outer = ffease 9 [ Fouter FTop[ Finner (4.11)
Frex_grass™ ffmia0 (4.12)
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(a) Example outline points for a simple traf c island (b) Cross-section showing the vertices based on one point of
the outline

(c) 3D view of a traf c island

Figure 4.8: Visualization of an exemplary traf c island.
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4.1.7 Sensor Coordinates Systems

As mentioned in the introduction to map projections, it is important that all programs in-
volved in working with geo-referenced data use the same projection. By default, RoadRunner
uses aTransverse Mercatoprojection with the projection center placed on the middle of the
HD map. This minimizes the distortions that would grow with increasing distance from this
center. This could be the case, for example, if the conversion is done using the UTM system,
which would result in a signi cant deviation of the positions (Figure 4.9).

The exact parameters of the projection are included in the exported HD map and can be
used with the help of the open source library proj®. The positions of the sensors can then
be stored in geo-referenced coordinates (longitude and latitude) and can be converted into
in-game coordinates with the help of the appropriate projection. This allows for an accurate
calculation of the x and y coordinates within the CARLA map. For thez position, an offset of
2.78m is applied, obtained by comparing the intended and actual z position of the S110 base
station (more precisely, the elevation of the road there). Since the geo-referenced coordinates
and the measured rotations of the sensors are not always completely correct, there is also the
option of specifying a manual offset for the position and the rotations. This makes it possible
to calibrate the sensors in such a way that the resulting measurements are similar to those of
the real sensors.

— UTM
—— HD map center

200 4

—200 4

00000

—400 -

—600 -

00000

T T T T T T
—600 —400 —200 0 200 400

Figure 4.9: Deviation caused by different map projections.

4.1.8 Color Detection Training

Since every camera displays the color slightly different, the color recognition system should
also be trained for the cameras used in this project. Parts of the A9 dataset [Cre+22] already
contain labels for the correct colors of the labeled vehicles, so that these could then also be
used as a basis for the training. In the dataset, the colors black, blue, grey, green, red and
white were labeled, which was manually extended by the color yellow for the training set
(these vehicles were classi ed as other in the original dataset). With these colors, about 95%
of the vehicles that the system will get to encounter should be covered [21].

For the training, the pictures of the vehicles in the dataset are cropped and sorted into

8https://proj.org/
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different folders according to their color. Some pictures were removed manually, because,
among other things, their quality was too low or the assignment to a color was ambiguous.
The procedure described in Section 3.3 was then applied to each image in the training
set and the resulting RGB values are saved together with the label in acsv le. These
points are then used as the basis for the nearest neighbor algorithm at runtime. However,
due to the high number of data points, one for each of the up to 30,000 training images,
the performance of this procedure drops. To counteract this, the calculation for the runtime
is instead replaced by a suitable lookup table. This table contains the corresponding color
classi cation for each of the approximately 16.8 million RGB values contained in the 24-
bit RGB color space. This also enables an intuitive visualization of the training result by
displaying all points within the color space that are assigned to a certain class. For example,
the graphic in Figure 4.10 shows that a surprisingly large number of colors are classi ed as
black, because the windows and tires occupy a signi cant part of the image in many pictures.

(a) Colors classi ed as black in the RGB space (b) Colors classi ed as black in the HSV space

(c) Colors classi ed as red in the RGB space (d) Colors classi ed as red in the HSV space

Figure 4.10: Visualization of the color training
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4.2 Dynamic Behavior

4.2.1 Panorama Client

To create a panorama picture, several images have to be combined into a single image so that
it can be projected onto a sphere at the end. This is basically the same problem that is solved
by map projections, which is why these equations are also used for panorama pictures. The
selectedJavaScriptlibrary Pannellum[Pet19] for displaying panorama pictures best supports
the equirectangular projection, so that it is used in this thesis as well. The method for creat-
ing a single equirectangular image by merging multiple pictures is achieved by determining
the origin of each pixel in the nal image from the individual captured images. Since the
input images are purely synthetic and therefore the rotation is perfect and there are no other
distortions in the images, no blending is required. Instead, the projection of the pixel is made
for each camera and the rst return value, which is actually in the range of the captured
image, is selected. These calculations do not have to be made from scratch for each image,
since they only depend on the rotation, the eld of view and the resolution of the images.
Thus, at the start of the program (or even at compile time), the pixel whose color value is
to be copied can be calculated for each pixel in the output image. The images of the virtual
camera are all written to a one dimensional buffer, each offset byw;,4 hing 4. When creating
the projection map, only the index into this input array has to be stored, indicating which
pixel values should be read out regularly. This enables a frame rate of about 17 FPS.

In order to calculate these projections, the parameters (resolution and elds of view) of
all images rst must be known.

i=(wh,fov)!22z2 R (4.13)

Since the goal is to create a 360 degree panorama, 360x180 degrees is also chosen as the
eld of view for the output image. Of course, the eld of view for the input images should be
as large as possible in order to reduce the number of cameras and the associated performance
costs. With values of more than 90 degrees eld of view, however, visual defects occurred
frequently in CARLA, especially with shadows, which is why this limit value was chosen in
both dimensions. Thus, a total of six cameras, arranged according to the sides of a cube, are
needed to be able to cover the entire eld of view. for each of these cameras a projection
function can now be de ned which projects the position of a pixel in the equirectangular
image into its own image.

f((Xin, Yin)sipsic) 1 2% (Z®2 R) (Z®2 R)7!N? (4.14)

As a rst step, the image must rst be centered by moving the origin of the coordinates
to the middle of the image. Therefore, half of the width ( w,) or height (h,) of the panorama
image is subtracted from each of the coordinates.

w h
X1= Xin 7" V1= Vin ?" (4.15)

Then the yaw of the camera is reversed by shifting the image along the x-axis:

_ yaw mod 2

> Wy (4.16)

X9 = X3 X (mod wy) Yo=Y 4.17)
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With the help of the reverse projection equation for the equirectangular projection, the
latitude and longitude of the pixel can now be calculated. The radius of the sphere on which
the image is projected scales with the resolution of the output image. Since the image has
already been centred by the previous steps, most parameters like the central meridian ()
can be set to 0.

p
R= —= — 4.18
fov, 2 ( )
X X X
=—2 4+ ,=—2_+0=2 QS . (4.19)
Rcos' ; Rcos0 R R R 2

The resulting spherical coordinates must now be converted into the Cartesian coordinate
system for further calculation.

Xcart = SIN'  COS Yeart = COS' Zeart = SIN' cos (4.20)

These can now be rotated to incorporate the pitch of the camera. In this step it would
also be possible to take the roll of the camera into account, but this is not necessary with the
chosen camera con guration.

0 1 2 30 1
X3 1 0 0 Xcart

@y,A =40 coy pitch) sin( pitch)5 @y, A (4.21)
Z3 0 co9q pitch) sin pitch  z.p¢

Now the three dimensional point can be projected onto the two dimensional image plane.
The equations needed for this are adapted from thelibpano13? library.

q X atan2(r,,z3) x
I‘2 = Xg + y§ y: = % y::: (422)
4 —-— X tan X
= X2+ 2 5 =R 4 4.23
4t Ya Ys Y4 ( )

Finally, the coordinate must be correctly scaled and shifted so that the origin of the image
lies in the upper left corner, as usual.

W, W, h
= ¢ = + < = + == 4.24
S 2Wp tan foz\,C Xout X5 S 2 Yout Y5 S 2 ( )

A visualization of these steps and a result can bee seen in Figure 4.11.

4.2.2 \Weather

Having realistic lighting and weather conditions is important to enhance the overall accuracy
and realism of the digital twin. This is because the way light behaves in the real world
can have a signi cant impact on how objects appear and the overall atmosphere of a scene.

Shttps://panotools.sourceforge.net/
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Figure 4.11: Steps to create a panorama image (left, pitch=0, yaw=270) and example of a panorama image over
the S110 intersection (right).

Objects like street signs and the gantries throw distinct shadows on the ground which can
change the output of detection algorithms signi cantly (i.e. by adding additional hard edges
which would be detected by edge detection algorithms). So in order to be able to verify
and test such programs with virtual data, such factors must also be part of the virtual twin.
There are also many other characteristics of the camera such as white balance, lens distortion,
chromatic aberration etc. that can affect the nal image. However, these are not covered in
this thesis.

To replicate the direction and length of the shadows as realistically as possible, the correct
position of the sun at the desired time has to be calculated. More precisely, the azimuth
(between 0 and 360 degrees) and the altitude (between -90 and 90 degrees) angle of the
sun must be calculated, as the weather parameters of the CARLA API offer these values as a
parameter. For this purpose the Python library suncalc[Bar] is used, which in turn is based on
the JavaScriptlibrary of the same name [Aga23]. It offers the function get_position()  with
which the two required parameters can be calculated depending on the position (latitude and
longitude) and the time. Because of differences in the coordinate system, the azimuth angle
for CARLA has to be rotated by -90 degrees. A detailed explanation of the equations used for
the calculation can be found in [Str21]. However, only calculating the sun's position correctly
is not quite enough to be able to display the weather conditions accurately. CARLA offers a
few more options for setting the weather, such as the degree of cloudiness. There are also
precon gured presets such asClearNoon or WetNight that already set these parameters to
suitable values. In order to set this, a parameter called preset can be passed to the relevant
method (DynamicEnvironmentController.apply ), which is then used as a base preset.
This value could be adjusted based on real time weather data as well.

Figure 4.12: Comparison of the shadows between the real image (left) and an image generated with the CARLA
simulation (right)
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4.2.3 Dynamic Textures

Similar to light and weather conditions, the surfaces of the environment can also change
over time. These can be, for example, weather-related changes such as water and snow, or
dynamic traf ¢ signs. Puddles are already visualized by CARLA and can be set via the weather
parameters, which is why they do not need to be explained here. Since there are no dynamic
traf ¢ signs at the S110 intersection, the principle is explained using a clock that is located
on one of the buildings in the background.

The clock to be displayed is a large seven-segment display which can alternate between
showing the current time and the date. The clock has four digits with seven segments each,
a colon and a decimal point. Therefore there are 31 segments (the two parts of the colon can
be controlled separately) which can either be switched on or off. With the help of a seven-
segment graphic from wikipedia, the general layout of the clock can be created. Then each
of the segments can be exported as individual image in the active (red) and inactive (grey)
state. These images all have the size of full clock texture but just contain a single segment
with an otherwise transparent background. To create a texture at runtime, it is only necessary
to determine which segment is to be active and which is to be inactive for each digit. The
corresponding images are then simply summed up to obtain the nal texture. Using the
apply_float_color_texture _to_objects() function of CARLA, this texture can then be
transferred to the server. There, the created texture is then passed as a texture parameter to
the associated material of the clock model.

Figure 4.13: Clock on top of a building

This approach of calculating the texture completely in the client and then transferring it
offers a great deal of exibility, as any textures can be displayed without having to rebuild and
export the game every time. However, the transfer of a complete image is quite expensive,
since acarla.Color object has to be created for each pixel of the image. With higher
resolution textures, the creation and transfer of a texture may take several seconds. Another
disadvantage is that the client only has a fraction of the information that is available to a
material in the Unreal Engine. For example, the client has no access to the UV coordinates,
the normal vector or the absolute world coordinates of a pixel. Since these parameters are
very useful in the creation of a material, creating a texture on the client side is not always
the best idea.
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Nevertheless, theapply_color_texture_to_objects() function is not useless in these
cases, but can still be very useful in a slightly different way. Essentially, the function only
provides an interface to pass arbitrary data from the client to a material in the Unreal Engine.
The material that is applied to the ground and is supposed to depict snow also makes use of
this. However, instead of mixing the snow on the client side with the ground texture, only
a single oating point number between zero and one is transferred via the interface, which
represents the strength of the snow. For this purpose, a texture with only one pixel is created
on the client side, which contains the desired value in its red part. In the material this value
can then be used by sampling the value of a 2D parameter with the nameBaseColor at the
UV coordinate (0.5,0.5). To calculate the snow texture, this value is multiplied by a scaling
factor that controls the maximum amount of snow that can be on the ground. The result
is then multiplied with a perlin noise texture. This then serves as an alpha value for a lerp
between the actual ground texture and a completely white texture. This is of course only a
very simple way of applying snow, as the geometry of the object is not taken into account
here. The snow is applied to all sides of the object instead of just the top. However, as the
terrain is mostly at, this is still a useful demonstration of this feature.

Figure 4.14: Traf ¢ islands with different amounts of snow.

4.2.4 Vehicle Spawning

Since the calibration of the sensors and the recognition of the vehicles are not always one
hundred percent accurate, it can happen that vehicles collide with other objects when spawn-
ing in the world. This quickly becomes obvious especially with the road surface, in case a
vehicle is not spawned at the correct height. By itself, the Unreal Engine has a very powerful
physics system that could be used to place objects in the correct position. However, vehi-
cles spawned on a light slope would start rolling when the physics simulation is enabled for
them. Since vehicles should only be moved by the client based on the detection, using the
physics system is not a viable option, when accurate positions are required (e.g. when se-
mantic masks for real images should be generated.). To spawn vehicles at the correct height
anyway, a line-trace can be used. This sends a ray in a desired direction and returns the rst
position where this ray collides with an object. By sending a ray straight down at the desired
spawn position, the height of the ground at that point can be determined. But even with this
method, collisions can still occur, e.g. if the position of the vehicle is very close to the curb so
that the ray hits the street while the wheels would collide with the curb. Should the spawn
fail due to a collision, the position must be corrected slightly upwards and a new attempt to
spawn must be made.

The CARLA API provides all the required functionality to implement this on the client side.
The method ground_projection()  can perform the line-trace to determine the ground
height at the spawn location. In addition, this method also returns the semantic tag of the
hit object, which can be used to prevent vehicles from being spawned in certain locations,
e.g. on top of another vehicle. For spawning, the try_spawn_actor() function can be
used, which just returns Noneif the object cannot be spawned. This can then be called
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until the spawn either succeeds or a maximum upper bound is reached and the spawn is
aborted. If the spawn is successful, the physics for this actor is disabled immediately (by
calling the set_simulate_physics method() ). While this approach does work, it has the
disadvantage that it is very time-consuming. Since there is a remote procedure call (RPC)
behind each of these method calls, i.e. the client process has to communicate with the server
process, each of them also has a non-negligible runtime. It takes about 2.2 seconds to spawn
15 individual vehicles with this method, even if both processes are running on the same
computer. With 146 milliseconds per spawn, even a single new vehicle would be too for a live
system running at just 10 Hz, as each frame had to be processed in under 100 milliseconds.
CARLA offers the possibility to send some commands in batches, so that the overhead
for the call can be reduced. This is possible for spawning and deactivating the physics, but
not for the ground projections. There is also the additional problem that when the spawn
method is called asynchronously, it is not clear which vehicles could be spawned and which
failed. Due to these limitations, it was not possible to ensure that the live system would be
stable enough, so most of the logic had to be moved to the server side. For this purpose, the
spawn logic of vehicles in the VehicleFactory blueprint of CARLA was adapted accordingly.
With the help of the LineTraceByChannel block, a line trace can be executed at the desired
spawn position. As with the client-side implementation, this is then used as an initial value
and increased until the spawn actually works. The maximum number of attempts can be
passed by the client by setting the newly added attribute spawn_retries . If this attribute is
not set, the new spawn logic is completely skipped and the spawn works exactly as before.
With this modi cation, the client has to send only one batch command to the server, in which
the spawning of all desired vehicles is included. Since it takes time after the call until the next
detection frame is received anyway, this can be done asynchronously in order not to block the
client for an unnecessarily long time. When the processing of the new frame begins, all active
actors in CARLA are rst requested and then assigned to the internal objects. This works by
storing the internal tracking id, which comes from the detection pipeline, in the role_name
attribute of the blueprint that is to be spawned. If there is an internal object that is not active
in CARLA, its spawn has failed even after multiple attempts. After a certain amount of such
failures, the object is ignored for a short period of time to avoid wasting time on each failed
spawn attempt. This reduced the total time for each frame to about 80 milliseconds, which
is fast enough for a live system running rate at 10 hertz. Another change was to disable the
physic of an actor directly after spawning, so that no further method calls are needed.
Another problem that arises from disabling physics is properly adapting the z-position of
vehicles after they have moved. since there is a small height difference across the S110 in-
tersection, vehicles would either oat or drive into the ground after crossing the intersection.
in the client-only implementation, the vehicle had to be regularly removed and spawned
again to solve this problem, as the line trace would have hit the vehicle otherwise. Since
the server-side implementation invokes the Unreal Engine functions directly, there is a bet-
ter way to solve this problem. It is possible to restrict the line-tracing to certain objects, so
that the rays can pass through the vehicles or the gantries and only return collisions with
the ground. For this purpose a new TraceChannel with the name DrivableSurface was
created under the project settings. The default value for the collision response was set to
ignore, so that rays can y through all objects by default. Furthermore, a new preset was
created which sets the collision response within the newly created trace channel to block.
This was then applied to all static actors in the scene on which objects could be spawned
(terrain, roads, road markings, etc.) so that only these are hit by the rays. This means that
the vehicle does not have to be removed regularly as it is ignored by the line-traces and the
rays still hit the ground only. The implementation of this additional functionality was done
in the SetActorGlobalTransform which is called when the client wants to move an actor
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using the APl method set_transform() . Instead of simply setting the position, additional
line traces are executed here to keep the vehicle at the correct height. Unlike spawning, tele-
porting an object will not fail if it collides with another object at the new position. Therefore,
a single line-trace is no longer suf cient, as in a scenario like the one described above, the
vehicle would simply be pushed into the pavement. Instead, four line-traces are performed
at the respective corners of the bounding box and the highest z-value is taken. At this point,
it would also be possible to rotate the vehicle correctly instead of keeping it parallel to the
xy-plane as is currently the case. To avoid unnecessary calculations, this is not done with
every call but only if the object has moved a certain distance since the last line-tracing.

The entire functionality is also implemented for pedestrians, the only difference is that
the radius of the bounding has to be added to their z-position, since their origin is placed
differently.

Figure 4.15: Line-traces done at spawn (left) and after movement (right). The blue points in the right image show
the corners of the bounding box, the red ones the intersection with the ground and the white one the chosen
location.

4.2.5 Vehicle Sizes

Trivial Scaling

In order to change the scaling of a vehicle, the new parameterssize_x , size_y and size_z
were added, in which the desired size can be passed. These can then be used in the spawn
logic of the object to calculate the required scaling based on the bounding box of the object.
With props this is quite easy, as they only consist of a single static mesh and thus the size of
the bounding box can be obtained before spawning. The desired size along each axis can then
be divided by the actual size of the object to calculate the scaling factor. This can be entered
directly into the transform during spawning, so that these objects spawn with the correct
size right away. This is not so easy with vehicles, because they consist of several individual
parts such as the body and the individual wheels. Because of this, the nal size can only
be determined after the vehicle has been spawned, which is why the vehicle will rst spawn
unscaled for a short moment. After the vehicle has been spawned, however, the scaling can
then be calculated in the same way and applied with the help of the setSetActorScale3D()
function. As a result, the unscaled size is still used for the initial collision detection and
the scaling can slightly push the object into other objects. Only after the object has moved
enough and the logic explained in the last section takes effect, the scaled size is also taken
into account during the collision calculation.
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NeuralMLS

Since the method described above can lead to strong distortions when using larger scaling,
the scaling with the help of NeuralMLS[She+22] was also implemented. The implementation
is designed in such a way that models that are created by any method can be spawned. For
this, they only have to be saved as a validobj le. The path to this le can be speci ed in the
parameter mesh_pathwhen spawning any prop, which will replace its static mesh with the
mesh from the obj le. However, not all obj features are currently supported, e.g. normal
vectors and UV-coordinates are completely ignored at the moment. Extra materials de ned in
an extra.mtl are also not supported, but the materials body, glass, tire and metal can be set
if the faces in the obj use a material with the same name. In CARLA, these are replaced with
a corresponding material from the Unreal Engine. These limitations are due to the fact that
the parsing of obj les is currently done by a simple self-developed parser, which serves more
for demonstration purposes. To spawn the resulting mesh, the parser divides the vertices and
faces into four parts according to the materials, which are then used to create a single mesh
section.

In order to be able to use this functionality with NeuralMLS the scaled model has to be
created rst. For this purpose, the trained weights, keypoints and the original obj le for the
desired car model are needed. In thisobj le, the faces must already be assigned to the four
materials mentioned above. The keypoints can then be moved according to the desired size
and the procedure described in the NeuralMLS paper can be used to calculate the vertices
of the rescaled model. The points along with the faces from the original model are then
written to an obj le, which is sent to the CARLA server as described above. Due to the
limited materials, less functionality (e.g. missing lights that can be switched on and off), the
complicated preparation (for each model keypoints have to be selected and weights have to
be trained) and an increased runtime this method is currently not used for the developed
live system. It is still unclear whether the better scaling has an impact on trained data and
whether more work in this direction is justi ed.

4.2.6 Choosing Vehicles

Although there are many different sub-types of vehicles, the current detection pipeline does
not contain a detection of the exact vehicle model. In order to be able to spawn vehicles as
accurately as possible, the model that comes closest in size is selected for each recognized
vehicle. This also minimizes the distortions that can arise from trivial scaling of the models.

In order to avoid having to request the existing models and their sizes from the server each
time, this is done once and the result is saved in gjson le. Besides the bounding box, this
also contains other attributes about the vehicle that are necessary for a correct selection, such
as the exact vehicle type, whether the vehicle is an emergency vehicle or whether it has lights
that can be switched on. Based on this information, the vehicle model that best matches the
detection received can then be selected at run time.

4.2.7 Interpolation

As already mentioned in the previous chapters, the spawning of new actors in CARLA is
always associated with certain costs, which is why unnecessary spawns should be avoided.
For this reason, after an update, the vehicles that already existed in the last frame are only
moved instead of deleting and re-spawning everything. For this, the program has to keep
track of the vehicles and their velocities so that it can also predict new positions in the event
of short disruptions.
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As soon as a new detection frame has been received, the current state of the CARLA
simulation must rst be determined. To do this, all actors that are currently available are
queried with a single call, which again keeps the number of RPCcalls to a minimum. The
objects that are spawned by this program are all given a role name that starts with a triple
at-sign (@ @ & that they can be easily Itered. This Itered list can then be compared with
the internal desired state, based on the last frame, to establish a link between the internal
tracking IDs of the detected objects and the CARLA IDs of their corresponding actors. If there
are internal objects without an associated actor in CARLA, their spawn must have failed
due to collisions with other objects. The IDs of those objects are stored in a map to get
an overview of how many times the spawn of an object has already failed. After too many
consecutive failures, an object is ignored for a short time to avoid unnecessary increases
in runtime. Now that the correct current state has been determined, it is compared with
the desired state, which is based on the frame that has just been received. The rst step
is to decide which objects need to be either moved, removed or newly spawned. In special
cases, a vehicle must be respawned (i.e. both removed and newly spawned) in a frame,
for example, if its color or size changes signi cantly, which could result in a different car
model being selected. Objects that should be deleted are rst checked to see for how long
they have not been detected by checking their time-to-life (TTL) value. Since objects are
sometimes only absent for a few frames before being detected again, they are kept alive for
a short period of time. The positions of such objects in the current frame are then estimated
based on their last known position and velocity. The positions of the objects, for which both
the old and the new position are now known, can now be interpolated linearly between
these two points. This allows smooth movements to be displayed even with a low frequency
of detection. After these objects have reached the actual state of the current frame, their
velocities are recalculated based on the movement. Now the objects that are to be removed
are actually removed and the new objects are spawned. For this, rst the correct vehicle
models are selected as described in Section 4.2.6 and the spawn commands are assembled.
These commands are then transmitted asynchronously to the CARLA server in a single batch.

*6%1) *69%1)
+1X +1X
%GX$HVW %GX$VW

-RXI|REP

9THE|IXI

-RXI -RXI -RXI -RXI -RX

TSPI TSPI TSPI TSPI TSPH

(PIf7TE[R (P 7TE[R
% G X[ %G X|s vw Poor b %G X| % G X|s vw

IMIPH IMIPH ]MIPH [MIPH VIXYVR IMIPH JMIPH [MIPH [MIPH VIXYVR

Figure 4.16: Timeline of the actions. The interpolation and deletions in the rst frame are NOPs because there
are no previous actors.
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4.2.8 Physics Based Control

Although the procedure described in the last section offers the possibility to position vehicles
as accurately as possible at the detected positions, this is only possible at a fairly low fre-
quency. This means that the movements of the vehicles are not very smooth, which reduces
the perceived realism of the virtual livestream. Therefore another approach was attempted to
solve this problem by using a PID controller for each vehicle, which controls their speed and
steering angle. This controller then continuously tries to drive the vehicle to the last received
detection. The implementation is based on theVehiclePIDController ° of CARLA but had
to be modi ed to work in this context.The rst modi cation was that the controller applies

the brakes to the vehicle when the distance to the target is small enough. This causes vehicles
to properly stop at traf ¢ lights instead of circling around the detection. The second change is

a dynamic adjustment of the target speed based on the distance to the next waypoint instead
of the xed target speed of the CARLA controller.

The detections can now be received at lower frequencies, as the server will move the
vehicles based on the physics simulation. This will make the vehicles move smoothly and
physically correct. But in some cases this physical accuracy can lead to problems. As men-
tioned in the last section, it sometimes happens that vehicles spawn partially on the sidewalk
and then roll onto the road due to their physics. This causes the distance to the target position
to be too big and the controller tries to drive back to the desired position by executing a turn-
ing maneuver. By doing so, it drives across several lanes, which can lead to collisions with
other vehicles. Sometimes the vehicles also cut the corners, collide with signs and block the
road for oncoming vehicles. To use this variant in the live system, some further modi cations
are required, which will be explained in chapter 6.3.

(a) Gray vehicle in the center of the image trying to reach its (b) Van cutting the corner and crashing into a traf c island be-
target point (red) and crashing into another vehicle in the pro- cause its heading directly to the last received goal point (red).
cess.

Figure 4.17: Issues with the current PID control approach.

Ohttps://github.com/carla-simulator/carla/blob/master/PythonAPI/carla/agents/navigation/controller.py
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4.2.9 Memory Usage

Since the live system, which is designed to portray the digital twin in real-time, is expected to
run uninterrupted for a long time, special care must be taken to manage the use of resources.
It is particularly important that the memory usage does not increase too quickly, otherwise it
could Il up at some point. However, analyses of the rst versions of the program showed that
this was the case with this system. Two different issues could be identi ed where memory
was not released. The rst problem was the dictionaries in Python that store the relationship
between internal tracking IDs and CARLA actor IDs. Although all keys were always removed
correctly, the removal of keys did not clean up the internal hash table, which grew larger and
larger. To counteract the problem, this and other dictionaries have to be recreated from time
to time. The second problem was an internal cache of the CARLA client library, which cached
actors locally to avoid unnecessary requests to the server. Since CARLA is not necessarily
designed to run for a long time, objects are never removed from this cache. As a simple
solution for this project, this cache was adapted in such a way that all objects are just deleted
when the cache becomes too large. A better solution for this would certainly be a more
complex data structure such as aLRUcache, which rst removes the rarely used objects.






Chapter 5

Evaluation

5.1 Visual Comparison

The images in this chapter attempt to show the results of this work. Figure 5.1 shows a picture
of the southl camera at the S110 sensor station, where the labeled vehicles and pedestrians
have been spawned. It can be seen that the static environment has been reproduced quite
accurately. Smaller details, such as the manhole cover on the traf c island, the path in
the background or the textures on the traf ¢ signs are still missing and could be added in
further work. The dynamic objects are also close in appearance and position to their real life
counterparts. The taxi in the foreground is marked as white in the A9 dataset, which is why
it has been colored as such in CARLA. The position and rotation of the camera also match
the real image almost perfectly, even though no manual offset was necessary for this camera.
The small deviation of the positions can be seen even better in Figure 5.2. Most objects are a
bit too far down within the image, for example the traf c island or the lines of the pedestrian
crossing in the background. Other things like the shadow of the gantry bridge on the left
side, however, t much better.

What is still not quite right is the overall look of the image, which is probably mainly due
to the too perfect sharpness of the CARLA image and the different white balance (the real
image is a bit greenish in this case). This could be improved with better camera settings in
CARLA or additional post-processing, which will be discussed in the next chapter (Section
6.8 and 6.9).

Figure 5.1: Comparison of the CARLA image (left)j and the real camera image (right)
[s110_camera_basler_southl_8mm]
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Figure 5.2: Comparison of the real image (blue border) with the CARLA image (red border)

The other camera perspective (s110_camera_basler_south2_8mm) can be compared with
the real image in Figure 5.3. In this image, the replicated buildings in the background can
be seen well. A small detail which is also modeled incorrectly is the green strip between the
road and the sidewalk in the lower left corner. The positions of the vehicles show a slight
offset, which is probably caused by an inaccurate conversion from the sensor to the S110
base coordinate system. Unfortunately, the rotation of this camera is not as good as the other
one, at the moment the yaw angle is set to an offset of 11 degrees, which needs to be re ned
further.

Figure 5.3: Comparison of the CARLA image (lefty and the real camera image (right)
[s110_camera_basler_south2_8mm]

While the lighting is reasonably accurate in the previous daytime pictures, it is different in
the nighttime scenes (Figure 5.4 and Figure 5.5). In contrast to the real pictures, the CARLA
picture is still far too bright and the re ections from the wet ground are still too weak. In
addition, not all vehicles have lights that can be switched on and that could be re ected at all.
Likewise, static lights such as street lamps and lights on buildings are also missing. Figure 5.4
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demonstrates that special vehicles such as police cars can also be displayed in CARLA if they
are recognized as such.

Figure 5.4 Comparison of the CARLA image (left) and the real camera image (right)
[s110_camera_basler_southl_8mm]

Figure 5.5: Comparison of the CARLA image (left)j and the real camera image (right)
[s110_camera_basler_south2_8mm]

The possibility of further synthetic data such as semantic or instance masks is shown in
Figure 5.6 and Figure 5.7. Such data is especially interesting for the training of e.g. instance
segmentation, because the instance masks would not have to be labeled manually. Whether
and how well this data can improve such a training has to be evaluated in further work.

Figure 5.6: Comparison of the real image (left) and the synthetic images (from left to right: rgbh, semantic seg-
mentation, instance segmentation, depth image) [s110_camera_basler_southl_8mm]
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Figure 5.7: Comparison of the real image (left) and the synthetic images (from left to right: rgb, semantic seg-
mentation, instance segmentation, depth image) [s110_camera_basler_south2_8mm]

The textures that were created for the signs can be seen in Figure 5.8a and Figure 5.8b.
Figure 5.8b also shows vegetation that has been added in some places to give the world a
more vivid appearance. A more detailed look of one of the gantry bridges can be seen in
Figure 5.8d. However, not all properties of the real world can be completely replicated, for
example Figure 5.8d shows broken re ections, as these are sometimes dif cult to realise in
games engines.

(a) Gantries with accurate traf ¢ sign at the S110 intersection (b) Foliage at the ground near the S110 intersection

(c) Detailed look at the foot of a gantry bridge (d) Broken re ections

Figure 5.8: Details images of certain objects in CARLA

5.2 Point Cloud Similarity

Figure 5.9 shows that point clouds generated with CARLA can be similar to data acquired
from a real sensor. Some manual calibration was done ( , = 0.6, oy = 1, yaw =

7) to get the synthetic point clouds closer to the original but the yaw could be improved
further. The problem with offsets in the vehicle positions, which was already noticeable in
the pictures, is also visible here.
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(a) Top down view on the S110 intersection (top of the pictures (b) Closer look at the southern gantry bridge.
is south, left is east).

(c) Vehicles in the center of in the intersection. (d) Point cloud of a traf ¢ sign roughly 100m east of the S110
intersection

Figure 5.9: Comparison of the real point clouds (blue) with a synthetic one generated with CARLA (red)

5.3 Color Detection Accuracy

As already mentioned in the chapter about the color recognition training, many vehicles are
currently erroneously classi ed as black (Figure 5.10, Table A.1). In order to reduce the
in uence of the ground and tires, an additional option has been added to cut off parts of
the image border. this improves the accuracy from 37.4 to 42.7 percent, if 40 percent of the
border is cut off. For some colors, such as green and yellow, there are not enough images
to achieve a good result. Some of the vehicles that were falsely identi ed as red are images
from the rear, where the brake lights take up part of the image. Considering the rather poor
results of the current recognition, there is de nitely still a lot of potential for improvement

for future work.
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Figure 5.10: Color classi cations on the A9 dataset






Chapter 6

Outlook

6.1 Static pipeline

While the method of converting the HD map into a 3D model using RoadRunner shown in
this thesis works reasonably well, there are some disadvantages to this approach. One big
problem is the long development times that arise when an object in the map needs to be
edited. Depending on the problem, editing and exporting in roadrunner should be quite fast.
Importing the map into CARLA, however, can take several hours (about 4-5 hours for this
map), making even minor changes very time-consuming. After the new import of the map, all
other objects that were manually added to the level in the meantime must also be copied into
the newly created level. This might be solved by exporting the map in chunks, which could be
imported back into the Unreal Engine individually (using the Reimport Meshfeature) after
editing in RoadRunner. The initial import of such a separated world always failed with the
current map, which is why this approach was not pursued further so far. Another possibility
would be to generate the road models separately, e.g. with the help of the ODR-viewer or a
similar solution as described in x. Another possible improvement would be to use the native
terrain feature of the Unreal Engine instead of importing it as a static mesh. This landscape
feature is based on chunked height maps, in which the height of the terrain at each position
is stored. These can also be edited directly in the Unreal Engine editor, which eliminates the
need for time-consuming re-imports. They also bring other advantages, such as the reduction
of memory usage (static meshes can need up to 7 times the memory), smooth transitions
between levels-of-detail and more ef cient collision checks.

The situation is similar with the foliage, especially the trees. Again, the Unreal Engine
offers a more ef cient way to represent plants in the engine with its built-in foliage system.
When importing trees from RoadRunner, for example, a separate static mesh is created for
each tree, even if most of the trees are only copies of each other. This leads to a higher
consumption of memory and hard disk space because each copy has to be loaded. In the
exported game, the trees alone account for 2.4 of the 9.5 GB of les.

6.2 Photogrammetry and NeRFs

Photogrammetry is a technique that automatically creates 3D models from a large humber
of photographs, usually taken with the help of drones. It is an alternative method to tradi-
tional 3D modeling, where a 3D model is created based on drawings or individual reference
images. The great advantage of photogrammetry is the accuracy of the results. By using
high-resolution photographs and optional laser scans, a high level of detail can be achieved
in the 3D models. This is particularly advantageous for buildings with a lot of ne details or
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curves, as it takes a lot of time and experience to create them manually. For larger computer
games, this is usually done by teams of up to several hundreds of artists, which is not feasible
for most research projects.

However, there are also some disadvantages to using photogrammetry. One of the most
important disadvantages is that photographs used as a basis for a 3D model cannot be used
under certain conditions, such as bad weather or poor lighting conditions. Sometimes a lot
of effort has to be put into xing error and cleaning up the automatically created objects. It
is also not always possible to use only textures based on photographs as the surface material,
as for example windows need physically based materials to show re ections correctly. The
high accuracy of the generated 3d models can also be a disadvantage, because older engines
(like the Unreal Engine 4) cannot display unlimited high resolutions in real-time. Programs
that can be used to create such models include the proper solution RealityCapturé and the
open source software Meshroon.

A newer approach to create such models are so-called Neural Radiance Fields (NeRF)
[MUl+22b], where a machine learning application is trained to reconstruct a 3D scene from
a single image (or a small set of images). The advantage of this is that not all viewpoints have
to be captured, as the Al can Il in the gaps. The scenes are usually represented as volumetric
data, from which meshes can then be generated using e.g. Poisson Surface Reconstruction or
the Marching Cubes algorithm [Chi+20].

6.3 PID Controller

To use the PID controller approach in a meaningful way, it needs to be extended by a few
additional features. First of all, special handling should be introduced for vehicles that collide
with the environment or other vehicles. These vehicles could, for example, be teleported back
to their lane or destroyed immediately so that they do not interfere with the surrounding traf-

c. The problem with cutting the corners could be solved by a FIFO buffer for the waypoints.
Instead of always heading straight for the last received point, several points could be stored
and successively traversed. In the end, this approach should also be checked with regard to
its runtime and memory utilization.

6.4 Network Architecture

As already pointed out in section 4.2.4, the CARLA architecture is already reaching its limits at
around 10 Hz when vehicles should be spawned in real-time. If a higher frequency is desired,
either more tasks have to be handed over to the server or a solution to spawn vehicles that is
not handled by CARLA has to be found. If the vehicles should only move more uently but
the detections are still only updated with 10 Hz, then the interpolation of positions described
in section 4.2.7 could also be implemented on the server side. If this is not possible or
desired, it would also be an option to implement the spawning of vehicles with the help of
the multiplayer feature 3 of the Unreal Engine. This network stack is already optimized for
low-latency applications and is used in many popular multiplayer games.

Thitps://www.capturingreality.com/
2https://alicevision.org/#meshroom
3https://docs.unrealengine.com/4.26/en-US/InteractiveExperiences/Networking/
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6.5 Improved Detections

The detection pipeline, which runs before the CARLA visualization, could be extended with
a few more features that would improve the visualization. For example, the exact vehicle
type (SUV, sports car, coupe, etc.), the brand or even the complete vehicle model could be
recognized to improve the selection. There is also a lot of room for improvement in the color
recognition, such as the identi cation of the correct region of interest to ignore the wheels
and windows. Further pre-processing could be done to compensate for the white balance of
the cameras, for example, or to be able to function in poor lighting conditions. In addition,
a similar approach to the color recognition of vehicles could also be used to recognize the
current weather instead of only determining it based on the current date (and possibly data
from a weather API). This would allow, to automatically recognize and set the correct amount
of snow on the ground.

6.6 Unreal Engine 5

As already mentioned in some other sections, the Unreal Engine 4 is reaching its limits in
some areas, some of which are being solved by its successor, the Unreal Engine 5. An impor-
tant new feature is the Nanite renderer which is able to handle massive amounts of geometry
data while still providing real-time performance. This allows photogrammetry scans to be
loaded directly into the engine without the need for extensive cleaning. The new Lumen
illumination system can also display much more realistic lighting conditions and re ections.
The use of Unreal Engine 5 would be a big step towards a photorealistic simulation.

6.7 Virtual Reality in CARLA

To experience the digital twin in a more immersive way, it might be a good idea to add
virtual reality support. This would give the user the feeling of actually standing in or driving
through the test track. To make this really immersive, it would also be necessary to simulate
the ambient sound of the vehicles. With such a virtual environment, one could then research
the behavior of people in e.g. accident scenarios without having to expose them to any
danger. The simulator DReyeVR offers exactly these features based on CARLA. Further work
could therefore integrate the map created in this thesis into this simulator.

6.8 Intrinsic Camera Parameters

The current virtual camera images look quite awless compared to real images. If data is
used for training machine learning applications, this training may not be transferable to real

data. CARLA offers the possibility to adjust some internal parameters like the intensity of
chromatic aberration or the white balance of the camera. Future work could investigate how
far these can close the gap between virtual and real data.
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6.9 Style Transfer

Instead of adjusting the camera parameters and render settings to make the virtual image
look as real as possible, one could also use generative adversarial networks (GAN) for this
purpose. These can be trained to convert the synthetically generated image to have the same
style as the images from the training sets. A very promising implementation of this concept
can be found in [RAK21]. This work used synthetic data from the computer game GTA V
and generated images in the style of e.g. the cityscapes dataset (see Figure 6.1). The runtime
speci ed in the paper is about 0.5 seconds for an image, so this would not be realtime capable
yet.

Figure 6.1: Synthetic input image (left) and the corresponding result from [RAK21] (right)



Chapter 7

Conclusion

The pipeline outlined in this thesis provides a solid foundation for the creation and devel-
opment of realistic 3D digital twins. The steps show how essential objects such as buildings
and road signs can be digitally recreated with great detail using simple reference images. In
addition, the process to create an environment model based on a detailed HD map is illus-
trated. The described steps were applied to one part of the A9 test track, nhamely the area
surrounding the S110 intersection. Further work should investigate how the development
cycles can be shortened to iteratively add additional parts of the test track. In this context it
could be evaluated to what extent automated processes like photogrammetry can be helpful,
what kind of data is needed for such processes and how this can be gathered. It is important
to keep in mind that the resulting models still have to be rendered in real time by a game
engine and therefore the resource utilization should be considered as well.

For the dynamic behavior of traf c, it was shown how the data of the existing recognition
pipeline can be used to display the vehicles at the correct positions in a realistic fashion. In
addition to the position and rotation, further properties (size and color) of the traf ¢ objects
can now be displayed as a result of this work. The exact subtype of the vehicle is estimated
based on the size, by selecting the best tting vehicle model. Even properties of the environ-
ment itself, such as the current position of the sun or snow on the ground can be dynamically
adjusted. With the help of a clock model, it was also shown how textures can be created at
runtime and displayed in the digital twin. For the dynamic behavior, special attention was
given to the runtime of the programs in order to be able to continue executing the system in
real time. however, there is still a need for further development to be able to display smooth
traf c. Further potential for improvements can be found in the detection pipeline. On the one
hand, the color recognition introduced by this work can be further optimized to improve the
current accuracy of 42 percent and the runtime at higher resolutions. On the other hand, the
pipeline can be extended to determine more detailed information such as the manufacturer
or model of the vehicles.

To be able to experience the enhanced realism of the digital twin in a more immersive
way, it was also made possible to stream a 360 degree video of the simulation. This could
be followed by the introduction of virtual reality support, so that users can experience and
control the simulation by themselves.

To improve the realism of the simulation further, some metrics should be established,
which can serve as an orientation for further steps. These steps could include better con gu-
ration of the current virtual sensors, the use of a newer rendering engine, or post- processing
using generative adversarial networks
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A.1 Known issues

Z-Offset As stated in section 4.1.7, the x and y coordinates are calculated correctly with the
help of the projection details. However, the Z coordinate is increased by an extra offset
of 2.78 metres.

Hard-coded projection details  The projection details of the map are still hard-coded in the
le coordinate.py . Here it would be better to read them out of the current map at
runtime. For this the current HD map could be requested via the CARLA API to then
parse the projection details from it.

Hard-coded map position The coordinates of the map, which are necessary for the correct
calculation of the sun's position, are currently also hardcoded indyn_env.py. These
could also be read from the HD map as described above, or the geo references of the
sensors could be used.

Size of two-wheeled vehicles Two-wheeled vehicles (bicycles, motorcycles) return a actor
bounding box of (0, 0, 0) which prevents the scaling from being calculated correctly.
As a consequence, changing the size of these vehicles is deactivated at the moment

Size of pedestrians The scaling logic implemented for props and vehicles needs to be trans-
ferred to the pedestrian blueprint.

Correct position of traf c islands ~ The code to generate traf c islands contains an offset of
(x=-89.96, y=+25.19), which was acquired through manual alignment of the traf c
islands in the Unreal Engine. It is not known where this offset comes from and why the
position of the traf ¢ islands is otherwise calculated incorrectly

Hard-coded sensor frames The sensor frame which used to calculate the global position
within CARLA is currently hard-coded to S110_base It would be better to read this
information from the OpenLABEL le or the ROS message.

Special vehicles Special vehicles like police cars or retrucks are currently handled correctly
in the selection logic. The information about the vehicle is present in the vehicle_map.json
but not used at the moment.

Calls to get_map() A client currently crashes if get_map() method of a carla.World ob-
ject is called and the providentia_new map is loaded. The OpenDRIVE parser used
to import the HD Map into CARLA needed some tweaks to prevent nullptr accesses,
maybe a similar issue causes these crashes. Some API calls can be xed by changing
the CARLA library to just skip problematic lanes.
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Pedestrian navigation Trying to build the pedestrian navigation fails when the of cial tu-
torial * is followed. To x this, only the needed actors should be selected in the export
steps within the Unreal Engine. The pedestrians crossing across the S110 intersection
are also missing and would have to be created as described in the tutorial.

Bad UV mapping The UV map of the the kreuzmayr building was generated automatically
using the Smart UV projectfunction in Blender. This leads to sub-optimal UV-map which
has a visible seam on the side of the building (see Figure A.1).

Missing details Some rather important objects like the cameras on the S110 sensor station
or the sensor masts of other station are currently missing. These where available in
previous iterations of the map but have yet to be recreated for the current one (see
Figure A.2 and Figure A.3). A suitable 3D model for the camera can be found here
https://poly.pizza/m/a6J71DufQP.

Z-Fighting Some objects, like the blinds on the kreuzmayr building or lane markings, suffer
from z- ghting which causes ickering when viewed from certain angles.

State of the highway Because this works mainly focused on the recreation of the environ-
ment around the S110 intersection, little attention was given to the A9 parts of the
test eld (Figure A.4). This involves, among other things, missing sign bridges, green
middle sections and more appealing trees next to the highway.

Missing signs Only the signs mounted to the gantries where created as described in 4.1.2.
The other signs on test-stretch still need to be created to make the map complete.

Textures on traf c signs  Although most of the signs in RoadRunner have correct textures,
these are missing in CARLA (Figure A.5). It is still unclear at which step of the export
these textures got lost. Besides, the meshes exported from roadrunner do not seem to
be quite right yet, as round signs are still exported as squares.

Autopilot accidents  On this map, the CARLA autopilot often makes mistakes and runs into
obstacles. It is not clear whether these are problems with the map or with the autopilot.
However, the former seems to be the more plausible, as such accidents are not observed
on the of cial maps.

Dynamic meshes As only le paths are sent to the server for the spawning of dynamic
meshes, which was implemented for the tests with NeuralMLS, the sever and client
have to run on the same computer or both have to have access to the corresponding
path.

Truck/Trailer collisions  To avoid collisions between trucks and their trailers, the collision
boxes have been greatly reduced in size (see Figure A.6. However, when the physics are
activated, as is necessary for the PID controller, this leads to problems as these vehicles
can easily overturn. An improved handling of trucks as shown in https://github.com/
frankeng/CarlaSemiTruckTrailer would be bene cial here.

Dynamic weather The selection of a suitable weather preset is only implemented for some
weather types in OpenLABEL les. Currently no ROS-node for weather handling is
implemented.

Yhttps://carla.readthedocs.io/en/0.9.14/tuto_M_generate_pedestrian_navigation/
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A.2 Further Graphics

Figure A.1: UV-map issues causing a visible seam in the concrete texture

Figure A.2: Old version of the S110 gantry (left) with cameras which are not present in the current one (right).

Figure A.3: The 5G mast (left) and other sensor stations (right) in older versions of the CARLA map
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Figure A.4: Old version of the highway (left) compared to the new version (right).

Figure A.5: Traf ¢ sign with correct texture in RoadRunner (left) and without in CARLA (right).

Figure A.6: Reduced collision boxes for the truck (left) and the trailer (right)
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Figure A.7: The Microsoft Flight Simulator high-level architecture creates a digital twin
Patelout, CC BY-NC-SA 2.0].

(a) Bricks068 (b) Concrete012 (c) Concrete028
(e) Grass002 (f) Metal010 (9) Metal037
(i) MetalPlates005 () MetalPlates014 (k) Plaster001

(m) WoodSiding005

Figure A.8: Third-party textures used in the project

49

of the real world [Benoit

(d) Concrete026

(h) Metal046A

(0] Surfacelmperfec-
tions016
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Figure A.9: Correct positioning of the perspective tool grid

(a) Perspective tool settings (b) Example selection settings for cutting traf ¢ light holes

Figure A.10: Details of the texture creation process
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detected color

Blue Green White Red Yellow Gray Black

Blue 8 0 9 0 0 6 33

S Green| O 0 1 0 0 1 3
S White | 9 0 76 2 0 41 43
S Red 2 0 3 13 0 3 19
9 Yellow | 0 0 2 0 0 9 2
T Gray 3 0 15 1 0 21 40
Black 9 0 4 1 0 13 86

Table A.1: Full result of the color classi cation on the A9 color training set.
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A.3 Changed Blueprints

This section is intended to give an overview of the changes made to the blueprint in CARLA,
as these are very dif cult to track using common version management systems.

A.3.1 VehicleFactory

The VehicleFactory (/Game/Carla/Blueprints/Vehicles/VVehic leFactory) blueprint
is in charge of spawning the vehicles, which is why several changes had to be taken here.

Spawn Logic

The rst on is a new function within the same Blueprint with the name Try Spawning
which replaces the default spawn logic within the SpawnActor function. The parameters
spawn_retries and spawn_ray_debugare read from the actor's attributes and supplied
to the function call. Within the function, the value of the spawn_retries parameter is

checked. If is zero, the default spawn logic is used. Otherwise a line-trace is executed within
the DriveSurface channel to get an initial estimate for the correct spawn position. Then,

the SpawnActoris called withing a loop until the spawn succeeds or the maximum limit of

iteration based on the spawn_retries parameter is reached.

Vehicle Scaling

Another function called Set Size was added to perform the resizing of the actor, but this one
was added to the Base Vehicle Pawnclass. It is called at the very and of theSpawnActor
function. The parameters for the size are also read from the vehicle's attribute list. The
function computes the scaling factors for each dimension based on the target size and the
original bounding box size of the vehicle. After that, the physics is disables and the original
rotation of the spawn is restored. This is necessary, because sometimes the physics system
would already rotate the vehicle between spawning and disabling the physics.

A.3.2 WalkerFactory

Has the sameTry Spawningblock as for the vehicles. Changing size is currently not imple-
mented, but could be similar to the implementation in the VehicleFactory

A.3.3 ProceduralActor

The ProceduralActor (/Game/Carla/Blueprints/ProceduralActor.ProceduralActor) is a new
Blueprint added for the spawning of dynamic meshes, as needed by NeuralMLS integration.
It has a SetMeshfunction which receives the points and faces from the custom.obj parser
and creates mesh sections for the different parts of the vehicle.

A.3.4 PropFactory

The PropFactory (/Game/Carla/Blueprints/Props/PropFactory) is in charge of spawning
props and is also used for the newly added dynamic mesh feature.
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Resizing

Unlike vehicles, props consist of just a single static mesh, which is why the size can be de-
termined before spawning. The result of the scaling factor calculation can then be directly
included in the spawn transform of the SpawnActorblock.

Dynamic Meshes

in case the mesh__le attribute is set, the normal spawn logic will be bypassed and the actual
static mesh of the actor will be ignored. instead, the mesh le will be loaded, parsed and the
result will be passed to the SetMeshfunction mentioned above.
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