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A Method for Learning Automated Driving Systems and Data Consistency Analysis

Erik Setterstal
Department of Physics
Chalmers University of Technology

Abstract

In this thesis a method for developing a deep learning network to predict signals in
automated driving systems is presented. The goal is to incorporate the network in a
tool aimed to find discrepancies in vehicle testing data. To this end, a neural network
was constructed and trained on simulations of vehicle dynamics with the purpose of
predicting the dynamics of a real test vehicle. A parallel goal was to compare the
properties of the network to a software for simulating vehicle dynamics. The thesis
was made in collaboration with Zenseact, an Al and software company developing
the complete software stack for automated driving and advanced driver-assistance
systems (ADS and ADAS). The network did predictions replicating a simulation
software’s Controllers, Vehicle model and the two combined. To evaluate which
type of training data gave the best result, three datasets with different driving
schemes were generated by the simulation software. On a test set constructed from
21 log files from real test drives, the network got the best results predicting the
Controllers and Vehicle model combined. In this case, for only predicting a vehicle’s
lateral motion, a training set consisting of constant longitudinal velocity generated
the best results. If both lateral and longitudinal quantities are desired, a dataset
with sinusoidally changing acceleration performed best overall. The other purpose
was to compare the time aspects of the network to the simulation software. This
was done by evaluating the time for data generation, training and prediction on the
"Constant” dataset used in this thesis. This dataset is comprised by 84,528 time
steps of ADS signals. Data generation took 8.5 to 9minutes over all tests. The
training time was consistently 61 to 62seconds in total and the prediction time on
the 84,495 batches was between 6 to 7 seconds, or an average of 75.9 jis per batch. It
was concluded that, apart for the intended goal of being a core in a data consistency
tool, the main use case for the network could be in applications where fast data
generation times are crucial, for example in near real time predictions during test
drives.

Keywords: Automated driving systems, Bicycle model, Data consistency analysis,
Long Short-Term Memory, Neural networks, Vehicle dynamics.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in

alphabetical order:

Adam
ADS
API
FF-layer
FFNN
GPU
HDF
KPI
LSTM
MAE
MSE
NMAE
NMSE
ReLU
RMS
RMSProp
RNN
SGD

Adaptive Moment Estimation
Automated Driving Systems
Application Programming Interface
Feed-forward layer

Feed-forward neural network
Graphical Processing Unit
Hierarchical Data Format

Key Performance Indicators
Long Short-Term Memory

Mean Absolute Error

Mean Squared Error

Normalized Mean Absolute Error
Normalized Mean Squared Error
Rectified Linear Unit

Root-Mean Square

Root-Mean Square Propagation
Recurrent neural network
Stochastic Gradient Descent
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices
1,7 Indices for input and output to neural network
t Index for time step

Variables - Machine learning

g(x) Activation function of a neuron

Ir,lry Learning rate and Initial learning rate

n Number of datapoints in prediction

0,0, Output (j) of a neural network or neuron

w; Weight from input ¢ to a neuron

W Weight between input ¢ and neuron j

T, Tiy T Input to a neural network (or neuron i) (to neuron j)
Yi Target ¢

Ui Prediction on y;

B, B Bias term in a neuron or neuron j

Variables - Vehicle dynamics

Gy Longitudinal acceleration
ay Lateral acceleration

Vg Longitudinal velocity

vy Lateral velocity

el
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Parameters

xii

Longitudinal direction in ego frame
Longitudinal direction in global frame
Lateral direction in ego frame

Lateral direction in global frame

Yaw angle or front wheel angle

Yaw rate

Small positive number, 1 > ¢ > 0

The mean of y
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1

Introduction

Zenseact is one of the companies within the fast moving world of autonomous ve-
hicles and ADS, or automated driving systems. One important part of evolving the
current capabilities in ADS is advanced simulation of vehicle dynamics [1]. To this
end, this thesis will focus on developing a deep learning network which will be the
core of a tool to help the evaluation of new software for automated driving. By
comparing real vehicle test data with modelled behavior, inconsistencies and faults
in the tested model can be identified. Finding these errors early in the development
process is crucial to improve system performance and make the workflow more effec-
tive. This comparison is currently mostly manual, where the developers are doing
a combination of evaluating KPIs, or key performance indicators, and generating
graphs where important aspects of the data can be examined.

Previous classical strategies for fault analysis have been investigated, for example
Dulmage-Mendelsohn decompositions [2] used in a toolbox [3] to calculate fault
isolability matrices. A fault isolability matrix is a table showing the relations be-
tween faults in a system [4]. With this method the equations of a system can be
organized depending on if they are under-, exactly-, or overdetermined [3]. This
toolbox has been used in [5] and to find Minimal Structurally Overdetermined sets
(MSO), which only contain the overdetermined part and can be used to find residual
generators [6]. A residual generator is a function whose output only should change
if a fault arises [7]. MSO calculations were put in practice by [8] and [9], where the
latter utilized Fault Driven Minimal Structurally Overdetermined sets (FMSO). The
main advantage with FMSO over MSO is that FMSO does not contain any empty
faults, which then reduces the number of sets to analyze and in turn makes it more
effective [10].

Methods leaning more towards data analysis and machine learning include use Gaus-
sian mixture models and support vector machines, both discussed for driving pattern
identification in [11], where neural networks are given as another option. Machine
learning is also brought up for fault detection and analysis of the isolability of a sys-
tem by open-set classification. This approach, utilizing Kullback-Leibler divergence
as a measure for dissimilarity, has been explored in [12]. The direction this thesis
will investigate is to train a neural network to predict signals in automated driving
systems. These predictions can then be compared to real test data to calculate KPIs
and evaluate performances in development faster than running and examining the
output of a simulation software.



1. Introduction

1.1 Research questions

The main goal with this thesis is to answer the question "What are the advantages
and disadvantages of instead of using a vehicle dynamics simulation software based
on classical methods, let a deep neural network predict the output of the important
parts of the software?”. These parts are 1) Controllers, 2) Vehicle dynamics model
and 3) the entire Closed loop. In practice 1) implies the task of predicting one
torque and one steering signal from a simulated road and desired acceleration, 2)
use the output of the Controllers to predict the physical dynamic properties of the
vehicle and lastly 3) both of them combined. Achieving this, especially 1) or 3),
would then make the network a central part in new software applications aimed to
detect discrepancies in vehicle dynamics between real test data and simulation.

One aspect of the question above to be investigated more thoroughly is for which
type of training data the neural network gives the best fitted predictions on a fixed
test set. Three different types are examined, all collections of log files generated by
the simulation software. The three training sets will contain different acceleration
and road profiles in order to examine which combinations allow for best performance
on a test set with dynamics from a real vehicle. By training on simulation data, the
network will learn the ideal, noise free behavior of the Closed loop. Its predictions
can then be compared to the real test data, which contain the faults to be identified.

1.2 Purpose of the study

There are two parallel purposes of this study. Firstly, to conduct research to answer
the associated research questions in section 1.1. Secondly, to develop a software
for Zenseact which, by near real time predictions of signals in automated driving
systems, can open opportunities for new tools. The two examples initially planned
for are to ease and hasten the current laborious task of finding discrepancies in a
large set of log files. The second is when doing real test drives. Meanwhile the
vehicle is controlled by new software, the network could run in parallel and alert
when it predicts that the simulation software would have behaved differently than
the vehicle. This in turn could make debugging and development of software more
efficient, enabling the company to reach their goal of zero traffic accidents faster.

1.3 Limitations

To predict the ADS signals, the neural network was trained and validated on datasets
generated by the simulation software during the thesis. This was done for two
reasons. Firstly, the real test data should be compared with noise- and fault-free
data to find the discrepancies between real world driving and simulation. Secondly,
to both ensure full replicability and complete knowledge of the used inputs. These
datasets had the following limitations. Parametrically, the longitudinal acceleration
was limited to constant or sinusoidal and the shape of the road to sinusoidal or as
a chirp wave. It was also decided that the size of the datasets and network would
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not be too large to prevent training locally.

Another limitation is the aspect of the thesis connected to data correctness. This
has two sides. The modelling of vehicle dynamics in the simulation software gives a
good approximation of how the real vehicle will behave from the inputs. However,
simulating vehicle dynamics is a hard problem (otherwise this thesis would never
have been written) and there are always a risk of errors. The same is valid for neural
networks. Training is stochastic and, especially in the case of the type of black box
model used in this thesis, the reasons for the outputs are unknown.

1.4 Ethical aspects

The Thesis’ main impact will be enabling the developers at Zenseact to automati-
cally analyze the log files, which will save a lot of time and make the development
process more efficient. This will faster advance the company towards its goal of zero
traffic collisions.

Recent studies [13] suggest that autonomous vehicles are involved in less accidents
than human driven ones. Because of the large amount of vehicles that will run
Zenseact’s software, less, or hopefully none of them, being in a collision could sig-
nificantly reduce the total number of traffic collisions [14]. This of course has many
positive effects, with the most direct one being that it will lead to a safer and more
efficient society. Even that there are beliefs of autonomous driving not being the
solution to reach ”Vision Zero” [15], it is still thought to be one way to reduce the
numbers of accidents [14]. Less collisions will, apart from less injuries, also imply
less traffic jams and less damage on roads and vehicles. These are all positive effects
that will consequently reduce emissions and environmental impacts, both in terms
of repairing damaged infrastructure and less need for new cars.

Except a safer society, the main ethical effect will be for the developers, not needing
to do the laborious task of analyzing the data manually. Although there still is a
need to use and interpret the tool, the aim is to give the users an understandable
overview and interpretation of the data.

There are however also possible negative aspects. All entities that are connected and
have computers, including vehicles, are potential targets of cyber attacks. Improved
software for autonomous driving will both increase the number of self driving vehicles
and imply that the software have access to controlling more vital parts of the car.
These are two aspects raising the incentive to develop new attacks and therefore con-
stitute a larger threat [16]. With more computers and more data also follows more
data management. A recent study [17] shows that the increased data management
in autonomous vehicles could imply considerable energy consumption.
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Theory

In order to describe and motivate the used methods and the obtained results, some
background information will first be presented. Starting with the underlying con-
cepts, used tools and common techniques in machine learning, section 2.1 gives the
reader all knowledge needed to follow the choices made in 3, the method chapter.
Afterwards section 2.2 provides information about the chosen programming tools,
before lastly explaining all knowledge needed for the parts of the thesis connected to
simulation of vehicle dynamics in section 2.3. Common concepts and the structure
of the simulation software will be described. This will be important to understand
what functions the neural network is supposed to replicate.



2. Theory

2.1 Neural networks

This section will summarize the basics, different cell types and techniques used in
this thesis within the broad field of neural networks and machine learning. Viewing
definitions of these topics in other publications, it was noted that many different
ones exist. Shaik et al. [18] explains it as a group of algorithms that simulates the
way the human brain works and Vyas et al. [19] gave the summary a neural popu-
lation constitutes a dynamical system that, through its temporal evolution, performs
a computation. Finally, closest to the author’s view of the topic and first seen by
the author in [20], is figure 2.1. It shows that neural networks in their core just are
equations and linear algebra on large scales fitted to even larger sets of data. To
give a more direct and specific definition, the following sections will explain how the
used types of neural network layers work.

THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LIRONG? )

JUST STIR THE PILE UNTIL
THEY START [OOKING RIGHT.

7

% j{[ ﬁmil;\uﬁ

Figure 2.1: From [21], first seen in [20] and used under a Creative Commons
Attribution-Non Commercial 2.5 License. The figure shows a satirical point of view
of neural networks and machine learning, with the point that despite how complex
and black-box the solution might be, it is just a large system of equations accom-
panied by an even larger amount of data.
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2.1.1 Feed-forward neural network

An artificial neuron, or McCulloch-Pitts neuron [22] is the foundation of artificial
neural networks. To explain this building block, a schematic of it can be seen in
figure 2.2 and the way its output is calculated will be made clear now. A single
neuron, also called a perceptron, from n inputs xq, ..., x,, calculates the output O as

O:g(z xiwi+6)v

i€[1,n]

where ¢ is the activation function and w; are the weights [20]. (3 is a number called
bias which, together with the weights, are the parameters that are changed when
the network is adjusted to a certain task [20]. Combining more neurons in parallel
creates a layer and different structures of combined neurons are called a network
[20]. The output of neuron j in a layer is calculated as [20]

Oj =dg ( Z xm-wm + 5J> . (21)

i€[1,n]

Note that ¢ € [1,n], but does not necessarily have to include all values. A neuron or
layer which inputs all outputs from the previous layer (i = 1,...,n) is called a dense
layer [23]. A feed-forward neural network, or FFNN, is a network characterized
by only passing the data to later layers [24]. An example of a FFNN with two
layers between the input and output (called hidden layers) can be seen in figure
2.3. A common use case for FFNN is classification tasks, where one input directly
corresponds to one output and the prediction does not have a connection to the
next, nor previous, input-output pair. As an example of this, the MNIST dataset
[25] consists of images of handwritten digits. Here one image (input) corresponds
to the number written on the image (output). A classification task for a network
could be to predict the number from the image [26]. Which number is written in
the image does not have any correlation to the next, or previous, image since all
input-output pairs are isolated.

€T
I
0o
W,
Ly

Figure 2.2: An artificial neuron with n inputs and one output. z; are inputs, w;
are corresponding weights, § is the bias term, g is the activation function and O is
the output. The activation function inputs the value of the expression in the neuron.
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Figure 2.3: Two layers of m artificial neurons, as the one in figure 2.2. xy,...,x,
are the inputs, w;k are the weight in layer ¢ between input ¢ and neuron j. Both
hidden layers have m neurons, all with individual bias terms 3}, where i is the layer
and j is the neuron. In each calculation of a neuron’s output, an activation function
g is applied. Note that the activation functions not necessarily have to be the same
for all neurons in a layer, or in all layers. There are n output neurons, Oy, ..., O,.
Their values are calculated in the same fashion as the neurons in the hidden layers,
with a weighted sum, bias term and activation function.

Training a network can be seen as a form of function fitting. A training session is
divided into epochs [20]. In each epoch the training set, or parts of it, is fed into the
network and the outputs are calculated. If the output does not match the target
associated with that input, the difference between the output and the target is used
to adjust the weights and bias term. This is what is called training the network,
since it each epoch should train the parameters to match the outputs to the targets.

The purpose of the activation function is to introduce non-linearity to the network,
which is crucial for it to learn more intricate patterns [23]. It is chosen depending
on the type of data that will be used in the network. Common choices, which also
will be used in this thesis, are the hyperbolic tangent function [27],

tanh(z) = i,
et + e "
the sigmoid function [28]
1

the rectified linear unit [27] and leaky rectified linear unit [28],

0, z<0
xz, x>0,

ReLU(z) = {

ar, x <0

Leaky ReLU(z) = { -0
r, x>0.

An illustrative comparison of these can be seen in figure 2.4.

8
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Four different activation functions

2097 —— ReLU 7
Leaky ReLU ,+*
L5 1 —— Tanh i

—— Sigmoid Py

Figure 2.4: Difference between the four activation functions described above for
input values = € [—2,2]. In this case & = 0.1 for the leaky ReLU.

2.1.2 Recurrent neural network

As opposed to the FFNN, in a recurrent neural network, or RNN, the data is not
only fed to latter layers, but also to previous ones, or back to the current one [20].
The most simple version of a single recurrent neuron is visualized in figure 2.5. For
this kind of a single-input-single-output RNN, the equation for the output is [20]

O; = g (zywy + Op_qwp, — fB) . (2.2)

Figure 2.5: Structure of a simple recurrent neuron with one input, x;, one output
O, and one feedback connection from the last output with weight w.

One common use case where RNNs excel is time series data, where each datapoint
corresponds to a time step and the relation between data points are important [29].
The RNN could then feed back its output from one time step and use that as an extra
input for the next one, giving it temporal information valuable for these kinds of
tasks [30]. An example is Kumari et al. [31] who leveraged the same types of RNNs
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as in this report for weather forecasting. The RNNs use of the current state gives
important information about the time evolution of the system. In a similar way to
how the forecast is dependent on previous weather, a vehicle cannot suddenly have a
heading, velocity or acceleration in whatever direction, it must evolve continuously
from earlier states. There are many different variations of a RNN, one common that
will be used in this report is Long Short-Term Memory, or LSTM for short.

One problem with the simple RNN is the vanishing gradient problem, which can be
understood from equation 2.2. The gradient of the weights (the derivative of the
weights during training) will, because of the chain rule, depend on all derivatives in
later layers. When minimizing the loss function with gradient descent, the weights
in the first layers will therefore hardly change [20]. The LSTM was created to be
more resistant to this problem [20] by learning longer term properties of the current
system dynamic [32]. A schematic of a LSTM cell can be seen in figure 2.6.

Layer Componentwise Copy Concatenate

Legend: P

Figure 2.6: Structure of a LSTM cell. The ¢;:s are the memory gates, h doubles as
a hidden state and output vector of the cell, x is the input vector and o is a sigmoid
activation function. CC BY-SA 4.0, [33].

2.1.3 Over- and underfitting

Two common problems when training neural networks are over- and underfitting
[34]. If a neural network is underfit, it has not learnt enough of the patterns in the
training data to give good predictions, neither for training nor validation data [34]. A
common cause of underfit predictions can be an incorrectly set up network, according
to [35]. Overfitting is the opposite problem, where the network has started to learn
the details in the training set rather than the trends shared with the validation set.
This can be noticed as a low training loss but high validation loss [36]. Instead of an
incorrectly set up network, overfitting can be caused by the network having too many
parameters to tune in relation to the amount of data [36]. A visual representation
of under-, good, and overfit predictions can be seen in figure 2.7. Two techniques to
prevent overfitting will be described below.
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Comparison of typical types of network performance

1.4 4 ° e Target data
L Good fit
Overfit

1.0 1 \ —+— Underfit
n

Output/target

Input /feature

Figure 2.7: Illustrative difference between a network being under-, good or overfit
to the data. The graphs show examples how the three cases could look on training
data.

2.1.4 Drop out layer

As mentioned about equation 2.1 in section 2.1.1, not all neurons in a layer (or
the network output) must have connections to all neurons in the previous layer.
Removing connections is another strategy to avoid overfitting and common way to
implement it is with a drop out layer [20]. Inserting a drop out layer will choose a set
fraction of the neurons in the previous layer to not be used during training. These
neurons are not included in either prediction or weight updates, but each epoch the
neurons are randomly selected [20]. At the end of the training, all neurons are used
[20]. Reducing the number of trainable parameters are also in line with the common
problem with overfitting stated by Ali et al. in [35].

2.1.5 Early stopping

When to stop the training of a network is also a crucial problem to prevent overfitting
[37]. To know when to stop training, the validation loss is tracked and the training
is aborted when the validation loss increases. This indicates that the network has
started to learn the specifics of the training set rather than the general trends shared
by the training and validation set [20]. A common behavior of the training and
validation loss can be seen in figure 2.8. Here the training loss keeps decreasing
even when the validation loss starts to increase. This is when the model will overfit
if the training is not aborted.
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Training and validation loss

—— Validation loss

—— Training loss

0 5 10 15 20 25 30
Epochs
Figure 2.8: Graph of how the training set and validation set losses commonly
behave during training. Overfitting will occur when the validation loss starts to
increase at the same time as the training loss keeps decreasing.

2.2 Programming languages, frameworks and for-
mats

This section gives a brief background for the most important systems used in the
thesis connected to programming and development.

2.2.1 Python

Python is a high-level programming language [38] and will be the main language
used in this thesis. Python has many advantages for these kinds of projects. Because
of its relatively simple syntax and ability to import modules for specific use cases,
it is faster to develop in than lower level languages, such as C++. For example,
one way to decrease the training time for a neural network is to move the training
to the GPU, or graphical processing unit [39]. This can be done with the module
Tensorflow, which will be described more below.

2.2.2 Tensorflow

Compatible with Python is the machine learning ecosystem Tensorflow [40]. It uses
the high-level Keras API, which is supposed to be simple, flexible and powerful [41].
Being built in Keras, Tensorflow enables fast development and the ability to change
large parts of the program, but at the same time also take control over details if
one would like [42]. Many useful tools often used with neural networks are already
implemented in Tensorflow, for example all the layers explained in section 2.1 [43].
Tensorflow also gives the possibility to save a trained model to be used for predictions
(or continue training) later [44].
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2.2.3 File formats

HDF5 is a file format enabling fast processing of structured data [45]. All log files
used in this thesis are .HDF5-files, both those acquired from the simulation software
described in section 2.3 and from real test drives. In Python .HDF5-files can be
read with the h5py module [46].

2.3 Simulating vehicle dynamics

This section will provide the important information about the simulation software
central to this thesis. The software is a closed-loop vehicle dynamics simulation
tool used by Zenseact. It consists of multiple parts, three of which are of interest
for this thesis and will be explained later. Here neither the full functionality nor
complete lists of inputs and output to each component will be given, but only what
is important for the thesis. What to investigate in this thesis is how well the network
can predict the output from 1) the Controllers, 2) the Vehicle model and 3) the two
combined, essentially predicting the output of the Closed loop from its inputs. A
schematic of the important parts of the software can be seen in figure 2.9.

Planner Longitudinal Vehicle model
and lateral
controllers

— — —— — —
Vehicle motion Longitudinal Total wheels Vehicle motion
state data acceleration torque request, state data
(Vgs Uy, G, ay, u), request, Front wheel (U, Vys Ay Ay /,/v)
Road shape Heading offset, angle request
Lateral offset,

Curvature

Figure 2.9: The important parts of the simulation software for this thesis, namely
the Planner, Controllers and Vehicle model.

When running a simulation, a user can control the behavior of the vehicle and shape
of the road from a set of configuration files. For example, the road can be set to have
the shape of a sine curve with a certain amplitude and frequency. In the way the
software will be used in this thesis, the relevant longitudinal parameters are initial
velocity and a request of how the acceleration should change during the simulation.
Laterally, the controls will be a path or simulated road that the Controllers will try
to keep the vehicle in the center of. After running the simulation, important data
as the inputs and outputs to the different parts of the software is stored in a .HDF5
file. This gives it the same structure as log files generated in real test drives, making
it seamless to switch between analyzing generated and real data.

2.3.1 Ego and global frame

When choosing coordinate system for objects in simulation, there are multiple
choices. Two of them, ego frame and global frame, will be explained here. Ego
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frame is defined by a positive x-axis parallel to the heading of the vehicle (the longi-
tudinal direction) [47]. The y-axis is orthogonal to the z-axis (the lateral direction)
so that the origin is at the vehicle’s rear axle. For the purpose of this thesis, only
two dimensions will be considered. While the position and heading of the vehicle
updates during the simulation, a coordinate system in ego frame moves along with
it. In ego frame the vehicle’s coordinates are therefore always (0,0). Global frame
is defined as a coordinate system fixed at a static origin [48]. Positive X-direction
is kept at the direction equaling the initial heading of the vehicle and positive Y-
direction orthogonal to the left, in order to keep positive orientation. When the
vehicle is simulated driving, the road keeps its coordinates, but both the coordi-
nates and heading of the vehicle changes. A visual comparison between global and
ego frame can be seen in figure 2.10.

YA Y

>X

Figure 2.10: Difference between ego frame and global frame. The smaller circles is
the coordinates of the vehicle’s center of mass over time. The global coordinate sys-
tem is constant in time, with the X- and Y-axes fixed and the vehicle’s coordinates
changing. Ego frame is the coordinate system fixed on the vehicle’s center of mass,
with positive z-direction pointing at the heading and positive y-axis orthogonal to
the left.

2.3.2 Planner

The first part of the software is the planner, which as the name suggests, calculates
the plan of how the vehicle should behave based on how it should drive in the near
future. To do this, it inputs the shape of the road ahead and the current vehicle
motion state data (the current dynamics of the vehicle, v, vy, as, a,, ¢) The output
is a longitudinal acceleration request and a list of quantities defining the vehicle’s
position in global frame. In this thesis, these are lateral offset, heading offset and
curvature. Lateral offset in global frame is defined as the distance in the y-direction
of the global coordinate system between the vehicle and road. Heading offset is
the angle between the heading of the vehicle and the road and lastly the curvature

defines how much the road currently is turning.
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2.3.3 Controllers

After the planner there are two Controllers, one longitudinal and one lateral. The
purpose with these are to convert the requests sent from the planner, together with
how the vehicle moves, to output the signals used by the next part, the Vehicle
model. One of the tasks for the network will be to replicate the output of the
Controllers from their inputs. Since the Controllers are after the planner, they input
the outputs from the Planner, i.e. the longitudinal acceleration request, curvature,
heading offset and lateral offset. The Controllers outputs a request of angle for the
front wheel (see section 2.3.4) and longitudinal torque request.

2.3.4 Vehicle model

There exist many models for simulating vehicle dynamics, one type of them being
Bicycle models [49]. Although there are many versions of bicycle models, the shared
property is the approximation of concatenating the front and rear wheels to instead
simulate, in practice, a bicycle [50]. An example of this can be seen in figure 2.11.
The two input signals deciding the time evolution of the model are the longitudinal
tire forces and front wheel angle [48]. In this report one type, the linear bicycle
model, will be used. Except for the shared approximation, the linear bicycle model
also assumes constant longitudinal velocity, or at least quasi-stationary velocity, and
small slip angles [51]. The equations for the velocities, accelerations, yaw rate and
5, the angle between the x-axis and v, are

Uy = v COS f3,

v, = vsin 3,

a="17,

b= lgsinﬂ,

£ = arctan b tan
n L+ 1 '

where 1) is the yaw angle, [, and [y are the distances from the center of gravity to
the rear and front axle, respectively [52],[53].

Uy

N
AV

Ux

Figure 2.11: Approximation of a four-wheeled vehicle with the front and rear
wheels each replaced by one single wheel at the line parallel with the vehicle’s heading
and intersecting the center of gravity. This way of modelling vehicle dynamics is
called bicycle models.
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The last part important for the thesis is the Vehicle model, which outputs the
physical quantities describing how the vehicle will behave depending on the previous
signals in the simulation. This is the other component that the network will try to
predict the outputs of. It consists of two parts, one longitudinal motion model and
one lateral. The longitudinal uses Newton’s second law to calculate the dynamics.
The lateral is on the other hand based on a linear bicycle model and therefore
inputs the longitudinal torque request and front wheel angle request sent out by
the Controllers. It outputs the vehicle motion state data. In the software it also
has the current vehicle motion state data as inputs, but not all of them will be
used for the network. However, since it is impossible to calculate velocity from a
torque (which is equivalent to an acceleration), the current longitudinal and lateral
velocities will also be used as inputs to the network. The reason why not all five
quantities (vy, vy, Ay, Gy, 1/)) were included was that tests performed showed that they
were not needed to get good predictions and therefore would lead to an unnecessary,
essentially, doubling of input data.
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Method

This section will explain how the theory and background which was reviewed in
the previous chapter was actualized in order to acquire the results which will be
presented later. The method chapter is split in two main sections, firstly the choices
made connected to the structure of the network and hyperparameters will be pre-
sented. Afterwards the method associated with the data generation and dataset
used will be disclosed.
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3.1 Constructing the network

In this part of the report the method for developing the network will be described.

3.1.1 Initial setup

After reviewing the landscape of possible options of programming languages and
ways to implement machine learning, the choice landed on Python since it is a high-
level language with many powerful modules, which makes it fast to develop in. For
developing the network, the machine learning ecosystem Tensorflow was used. In
Python it can be downloaded and accessed as a module. During the development
is was realized that the training times never became unreasonable due to the rather
small datasets used. It was therefore decided to keep the training local and the
laptop’s built in NVIDIA RTX A4000 8 GB was used. This also has the benefit of
making it easier for the Zenseact employees to the retrain the network in the future
without having to use a GPU-cluster.

3.1.2 Choosing network model and hyperparameters

Because of LSTMs known abilities to use temporal data to gain information of the
time evolution of the system, the main idea of the structure of the network was to
first feed the normalized inputs to one, or a series of, LSTM-layers. After those,
the output would be fed into one, or a couple of, FF-layers before the output.
The normalization was done on all features individually by subtracting the mean
and dividing by the standard deviation of the training set. One idea was also to
append parallel FF-layers as branches after the shared FF-layers. These would then
only be trained to predict one quantity each, with the predicted benefit of more
accuracy with the downside of longer training times. However, after some tests it
was concluded that the parallel layers gave worse prediction performance than just
larger shared FF-layers and were therefore not used.

The first idea was to use the Adam optimizer proposed by Kingma and Ba [54]. It
is based on stochastic gradient descent and uses adaptive learning rates based on
moments combined with RMSProp [55]. However, inspired by [20], a test was made
with a more classic stochastic gradient descent optimizer with Nesterov accelerated
gradient method, which is supposed to converge faster than regular gradient descent
[20], and about as fast as Adam [54]. This was observed, but SGD with Nesterov
and 0.9 momentum gave slightly lower loss than Adam and was therefore used.
It is already implemented in Tensorflow with the SGD Keras-layer and nesterov-
argument [56).

As described in section 6.5 in [20], there could be benefits of not having a static
learning rate. For example, smaller learning rates have a chance of getting stuck in a
local minima, while large learning rates might not converge. Because of this, the plan
was to use a custom dynamics learning rate. It was made based on exponential decay
and to further help breaking loose from local minimas, a stochastic parameter that
each epoch might cause the learning rate to reset to the initial one was implemented.
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However as will be reported in section 3.1.3, it was possible to use a relatively high
learning rate, leading to the stochastically peaking learning rates not being needed.
The exponential decay, on the other hand, was kept.

To prevent both the over- and underfitting problem explained in section 2.1.3, a
form of early stopping with patience was used. Instead of the more basic approach
explained in section 2.1.5, that immediately aborts the training when the validation
loss increases by an € : 1 > ¢ > 0, it started an epoch based patience timer. When
the network was trained, it calculates the linear trend in validation loss over the last
n epochs, where n is a number set when initializing the training. If the trend turned
positive, meaning that the validation loss was increasing, the training was stopped
and the weights corresponding to the best validation loss of the entire training session
was returned. The reason this more advanced algorithm was used is that sometimes
during the training, the validation loss could have points of increase, or almost
constant values, before starting to decrease again. Aborting at this point would
have led to a slightly underfit model. An example of this is shown later, in figure
4.14. During the training the validation loss increased many times but the trend was
negative. There was also a problem with increasing validation loss the first couple
of epochs before then starting to decrease in some training sessions. This was solved
by implementing a variable that decides the first epoch the validation loss patience
should start measuring from. Note that the validation losses were saved during
these first epochs as well, so the weights corresponding to the best validation loss
still were returned. Some test were made with drop out layers to prevent overfitting,
but none of those performed better than those without. This also correlates well
with the results in [54], showing that SGD with Nesterov performs worse with drop
out than without.

Depending on the task the network should accomplish, a basic hyperparameter
search was carried out by starting from small values and exponentially increasing
them until reaching degrading performance, or in the case of number of neurons and
layers, until training times became too long to be trained locally in a reasonable
time. With for example a GPU-cluster larger networks could be trained but using
such methods would oppose the purpose stated in section 1.2. For example, firstly
trying one LSTM layer with 8, 32, 128 and 512 neurons, each with a FFNN layer
with 8, 32, 128 and 512 neurons with an initial learning rate of 1 x 1072, 1 x 1073,
1 x107%, 1 x 107® and 1 x 107%. Then doing the same for two RNN layers and
two, three and four FF-layers, until a solid foundation of the different structures
performance and a choice of parameters could be made.

3.1.3 Final network model and hyperparameters

For all three tasks learned (Controllers, Vehicle model and Closed loop), the same
network structure was used. After testing different hyperparameters, it was con-
cluded that the best was a larger LSTM layer followed by double same sized dense
layers. A good choice based on testing was 128 LSTM neurons and then two fully
connected 32 neuron dense layers with Leaky ReLU activation functions before a
single output neuron per target. It was noted that even a relatively high initial
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learning rate of Irg = 1 x 1072 allowed converging. With this, an exponential decay
of Ir = lrge~"/% was used, where i is the epoch. The high learning rate consequently
made its stochastic reset unnecessary and this was therefore disabled. Each training
session lasted 100 epochs and the model with lowest validation loss was used for eval-
uation of prediction performance. For each dataset and prediction task, the training
and evaluation process was done ten times to ensure a transparent presentation of
the average performance.

3.1.4 Evaluation metrics

In the training process the normalized mean squared error, NMSE, was used as loss
function and normalized mean absolute error, NMAE, as extra metric. These can
both be calculated from their non-normalized forms, i.e.

1
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where y; was the ¢th target and g; was the ith prediction of that target. From this
the normalized metrics were acquired from dividing by the standard deviation of
the targets,
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where the standard deviation was calculated as
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1=1

where y was the mean of y, calculated per quantity. The choice of NMSE as loss and
NMAE for secondary metric was used to harder penalize large errors in training,
while also being able to monitor the mean differences. Both of these were evaluated
on the validation set during training and on the test set after predictions. From
every completed training, the gathered statistics for each quantity were total loss
(NMSE), individual losses (NMSE) and NMAE.
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3.2 Data collection

Since one of the main topics investigated was which type of training data was best
suitable to catch the most amount of vehicle dynamics, the data collection became
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an important part of the thesis. This section provides information about the types
of data generated and used, how it was structured for use as inputs to the network,
and the reasons behind the choices made.

3.2.1 Generation of training and validation data

Since the purpose of the network was to predict how the simulation software would
calculate the vehicle dynamics, the datasets used for training and validation were
generated with the simulation software. The parameters that were tuned in each
simulation were first and foremost the initial longitudinal velocity, scheme for how
the longitudinal acceleration should be changed in time and the path the vehicle
should follow. Parameters that on the other hand always kept constant initial values
were heading, position, lateral velocity and lateral acceleration, vy = x¢g = yg =
vg = ag = 0. Three datasets were used. Firstly, since one of the assumptions of
the bicycle model is zero longitudinal acceleration, this was the first way the inputs
were set up. As a first test, v was set to 60 km/h and the vehicle was simulated
for 65s. To excite the lateral dynamics in the simulation, the road was made a sine
wave. This was chosen to let the vehicle turn at chosen frequency and angles at
different velocities, delivering more data in each simulation. In this case, roads with
the lateral amplitudes and frequencies given in table 3.1 were used. The reason for
these values is that using higher frequency for the higher amplitudes gave too high
lateral accelerations (> 4.5m/s?) [57]. In the rest of the report, this will be referred
to as the "Constant” dataset. There was also an idea to generate data at different
velocities in order to give the network more information of the vehicle dynamics. In
this case the data was simulated at constant velocity from 10 km/h to 130 km/h with
20 km/h steps and the same sinusoidal roads. In the end, this dataset was not used

since it gave worse performance than the dataset only consisting of v, = 60 km /h.

Secondly, another dataset was made using a sinusoidally changing longitudinal accel-
eration of a, = 2sin(0.02¢)m/s?. Because of this, it got the name the ”Sine” dataset.
In this case two initial longitudinal velocities were used, 60 km/h and 120 km/h. The
used parameters for the sinusoidal road can be seen in table 3.2, again with some
excluded due to high lateral acceleration. The sine acceleration was chosen because
the vehicle would with it turn at a chosen frequency and angles at different velocities
in each simulation, delivering more information about its dynamics than at constant
velocity.

One downside with the sine road shape was that they only had one set frequency and
amplitude per simulation. Could more nuanced road shapes provide even more in-
formation of vehicle dynamics? To answer this, the third and final dataset therefore
kept the sinusoidal longitudinal acceleration, but also introduced roads in the form
of chirp-waves. Shortly, a chirp wave is as a sine wave, but with the frequency chang-
ing as a sine wave as well. Because of this road shape, the dataset will be identified
as the "Chirp” dataset. This made the vehicle both turn with different frequencies
and velocities in each simulation, with the hypothesis that this data would be more
dense with information about the vehicle dynamics. The downside with this ap-
proach was that the simulation time initially used for the previous tests (65s) was
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not enough for both chirp wave frequency to cover the desired span of frequencies
and for the vehicle to do at least two turns before the frequency changed to much.
The solution became to triple the simulation time to 200s. Between each simulation
the initial velocity was changed from 20km/h to 120km/h with 20km/h steps, a
longitudinal acceleration of a, = sin(0.05¢)m/s* and chirp frequency evolving from
0.01 Hz to 1 Hz.

Table 3.1: The chosen combinations of amplitudes and frequencies used in the
Constant dataset, i.e. data with the vehicle following a sinusoidal road at a constant
longitudinal velocity of 60 km /h.

Amplitude [m] | Frequency [Hz]
16 0.0625
16 0.031,25
4 0.0625
4 0.015,625
1 0.25
1 0.0625
1 0.015,625

0.25 0.5

0.25 0.125

0.25 0.031,25
0.0625 1
0.0625 0.25
0.0625 0.0625

3.2.2 Datasets used for training, validation and testing

In order to evaluate the performance of the network, both during training and for
overall performance, a layout with training, validation and test set was used. The
training and validation sets were derived from the data acquired from the generation
described in section 3.2.1. The test set was a collection of 21 log files from real
test drives, in order to evaluate how the network was performing on non-synthetic
data, since that is what the network is supposed to be used for. Each training
either the Constant, Sine or Chirp dataset was loaded, concatenated and batched.
The training and validation set were cut into 30 time steps long batches with 80 %
randomly selected for training and the other 20 % for validation. The test set was
also batched into 30 time step slices, but each batch was just moved over one time
step, leading to the network predicting all values (after the 30th time step) instead
of only the 30th value. This gave in total 48,617 batches of 30 time steps.

When using the Constant dataset, only the lateral quantities were used as targets.
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Table 3.2: The chosen combinations of amplitudes and frequencies used in the
Sine dataset, i.e. data with the vehicle following a sinusoidal road, starting with the
initial longitudinal velocities in the table and a sinusoidally changing longitudinal
acceleration of 2sin(0.02¢)m/s?.

v? = 60 km/h v? = 120km/h
Amplitude [m] | Frequency [Hz| | Amplitude [m] | Frequency [Hz]
16 0.0625 8 0.125

4 0.125 8 0.031,25
4 0.031,25 2 0.25
1 0.25 2 0.0625
1 0.0625 2 0.015,625
1 0.015,625 0.5 0.5
0.25 0.5 0.5 0.125
0.25 0.125 0.5 0.031,25
0.25 0.031,25 0.125 0.25
0.0625 1 0.125 0.0625
0.0625 0.25 0.125 0.015,625
0.0625 0.0625

This is because this dataset was generated with zero longitudinal acceleration and
constant longitudinal velocity and the network therefore had no data to learn the
longitudinal dynamics from. In practice this meant that current longitudinal velocity
was not used as input and the longitudinal velocity or acceleration as output for
predictions of the Closed loop and Vehicle model. For the Controllers, this implied

not having the total wheels torque request as output and instead only using the
front wheel angle request.
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Results and Discussion

In this chapter the results of the thesis will be given, starting of with how well
the network was able to predict the dynamics of the Closed loop, Controllers and
lastly Vehicle model. For all three tasks the network parameters used were one
LSTM layer with 128 neurons, followed by two dense layers with 32 neurons each
and lastly an output layer with one neuron for each target. The network was trained
with the Constant, Sine and Chirp datasets individually for 100 epochs each with
1 x 1072 initial learning rate. For definitions of these datasets see section 3.2.1.
The results in each section will first show three figures of the predictions of each
network on the test set for that prediction task. For each permutation of dataset
and prediction task the network was trained and evaluated ten times. From these
values 95 %-confidence intervals of the NMSE for each quantity were calculated and
their bounds will be presented in tables 4.1, 4.3 and 4.4 below. There will also be a
figure showing one of the training and validation NMSE and NMAE together with a
prediction on the validation set. In the first section, predicting the Closed loop, the
results from a bonus test will also be shown. In this case the Chirp dataset was used
for training, but all five quantities representing the current vehicle motion state as
inputs, instead of just the velocity.

In the figures showing predictions on the test set, for example figure 4.1, large spikes
in the predictions can be seen. In some occasions these spikes can be found at the
same time in multiple quantities. The reason for this originate from the way all the
log files in the test set first is concatenated and then split into batches. This will
lead to the start of the batch being the end of one log file and the end and target
being the start of the next file. Also note that these figures shows the real values
of all quantities, but all measurements on the performance of the network are on
normalized data.
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4.1 Learning and predicting the Closed loop

To have the neural network learn both the Controllers and Vehicle model together
was one of the main purposes of the thesis. In practice this implies predicting
the vehicle dynamics (vx,vy,agg,ayﬂb) from the longitudinal acceleration request,
curvature, heading offset, lateral offset and current velocity. The first result of this
can be seen in figure 4.1, where the network is trained on the Constant dataset.
As previously mentioned, the predictions made with this dataset are only on lateral
quantities, i.e. lateral velocity, acceleration and yaw rate in this case. As can be seen
in table 4.1, there is not a best choice of dataset for this task. The network trained on
the Constant dataset gave the best predictions lateral velocity, the Sine dataset was
best for longitudinal velocity and the Chirp for longitudinal acceleration, considering
the 95 %-confidence interval. In figure 4.2 an indication of the reason the metrics are
not lower will be made. This shows that the network has a good ability to predict
the pattern of the velocity, but less so with the amplitude. The acceleration and
yaw rate also has a somewhat correct shape, but is delayed compared to the targets.
In figure 4.3 and 4.4, the predictions of the network trained on the Sine and Chirp
dataset are shown, respectively. Since the vehicle has a longitudinal acceleration in
these datasets the longitudinal velocity and acceleration are also used as targets.

Predictions for Closed loop with network trained on the Constant dataset
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Figure 4.1: Predictions (red) made on the test set (blue) on the Closed loop.
The network was trained on the Constant dataset. Since the data does not contain
information about longitudinal vehicle dynamics, the longitudinal velocity and ac-
celeration are not used as targets. The NMSE loss of each quantity are written in
table 4.1.

26



4. Results and Discussion

Predictions for Closed loop with network trained on the Constant dataset
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Figure 4.2: Zoomed in version of 4.1. Here two patterns that separates predicting
from targets can be noted. The velocity, whose current state is an input, has a
shape similar to the target but with a slightly different amplitude. The acceleration
and yaw rate on the other hand has a shape roughly comparable to the target, but
translated forward in time.

Predictions for Closed loop with network trained on the Sine dataset
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Figure 4.3: Predictions (red) made on the test set (blue) on the Closed loop.
The network was trained on the Sine dataset. The NMSE loss of each quantity are
written in table 4.1.
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Predictions for Closed loop with network trained on the Chirp dataset
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Figure 4.4: Predictions (red) made on the test set (blue) on the Closed loop. The
network was trained on the Chirp dataset. The NMSE loss of each quantity are
written in table 4.1.

Table 4.1: Comparison with 95 %-confidence intervals of the losses for all individual
normalized quantities predicted by the network on the test set when trained on the
Constant, Sine and Chirp dataset respectively. Note that the Constant dataset can
not be used for predicting the longitudinal quantities.

Quantity Constant NMSE [1] | Sine NMSE [1] | Chirp NMSE [1]
Longitudinal velocity N/A [0.007, 0.012] [0.013, 0.017]
Longitudinal
& N/A [1.070, 1.120] | [0.988, 1.049)
acceleration

Lateral velocity

[0.008, 0.016]

[0.066, 0.079)

[0.176, 0.234]

Lateral acceleration

[0.064, 0.072]

[0.065, 0.068]

[0.074, 0.099]

Yaw rate

[0.150, 0.183]

[0.153, 0.198]

[0.674, 0.850]

Next is figure 4.5 showing the training and validation metrics during training to-
gether with a prediction on the validation set. For this the Chirp dataset was used.
What can be noticed is the phenomenon of increasing validation loss explained in
section 3.1.2. This is not a problem since the network will continue the entire 100
epochs, but at the end only return the weights resulting in the lowest validation loss.
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Figure 4.5: Training session with the Chirp dataset to predict the Closed loop.
Above is the training and validation losses (NMSE) and NMAE of all quantities
during the training. Below is an example of predictions on shuffled batches of the
validation data after the training. The blue graphs are the targets and the red ones
are the predictions.
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Figure 4.5 was the last result that will be included in all result sections connected
to prediction of a component. Here however a bonus result is also included, where
the Chirp-trained network had the knowledge of current vehicle motion extended to
also include the acceleration and yaw rate. These are inputs to the Controllers in
the simulation software, but for the results in the rest of the report they were not
included. How the predictions compare to the targets can be seen in figure 4.6.

Predictions for Closed loop with network trained on the Chirp dataset with all inputs
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Figure 4.6: Predictions (red) made on the test set (blue) for the Closed loop,
trained on Chirp data but with extra inputs. For this the current accelerations and
yaw rate were also used as inputs. The NMSE can be seen in table 4.2.

When doing predictions on the test set, the quantities corresponding to the lowest
losses in table 4.1 became the same or slightly worse. This would be both velocities
and the lateral acceleration. Predictions on the longitudinal acceleration and yaw
rate on the other had became much better, with both quantities upper bound of the
95 %-confidence intervals being about a third of the lower bounds of those in table
4.1. The list of confidence intervals for the losses acquired can be see in table 4.2.

Despite not being a part of the outlined method, this test contributed to the un-
derstanding of the capacity of the model. The previous predictions which only used
the longitudinal and lateral velocity as inputs in general also had good accuracy
for those two quantities. In this case however, it was expected that the predictions
for the accelerations and yaw rate would improve. Examining some of the predic-
tion plots, for example the lateral acceleration in figure 4.4, it could be argued that
the network captured the relations in between its predictions, i.e. it has the same
shape as the targets, but with incorrect amplitude. Using the accelerations as inputs
therefore was believed to mainly help the network to get closer to the amplitudes of
the targets, rather than the actual patterns. This seems to be a correct statement,
and examining the plots more closely it was observed that the amplitude was mostly
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4. Results and Discussion

Table 4.2: 95 %-confidence intervals of the losses for all individual normalized
losses from predicting the Closed loop using the Chirp dataset and complete current
vehicle motion state data as input.

. Chirp NMSE

Quantity .

with a,,a,, ¥ [1]

Longitudinal velocity [0.021, 0.033]
Longitudinal acceleration | [0.261, 0.305]
Lateral velocity [0.097, 0.141]
Lateral acceleration [0.045, 0.073]
Yaw rate [0.031, 0.052]

correct for these quantities, but still with a deficiency in the minor prediction de-
tails. This is interpreted as a saturation of the network capacity, more data does not
give an actual "better prediction” in the sense that the dynamics are captured. This
correlates well with section 3.2.1, explaining that the extended Constant dataset did
not generate lower losses either. Both of these conclusions strengthen the theory
above, that to get higher accuracy, multiple parts of the system will have to be
extended to improve the performance.

4.2 Learning and predicting the Controllers

Before the network had been trained to do any prediction, the hypothesis was that
predicting the output of the complete simulation could be challenging. This claim
originates from the knowledge of the magnitude of non-linearity and complexity
when comparing the Controllers against the Vehicle model. If that would have
been the case, predicting the Controllers were also interesting, both in a research
perspective and in the context of what it would bring to Zenseact.

As for predicting the Closed loop, the Constant dataset does not contain longitudinal
data useful for these kinds of predictions, so when training the network in this
dataset only the total wheels torque will be used as input. The result can be seen in
figure 4.7. With the network trained on the Sine (figure 4.8) and Chirp (figure 4.9)
dataset, both outputs of the Controllers were used as outputs on the network. The
compiled list of losses for the three prediction scenarios are disclosed in table 4.3.
The table shows that the Sine dataset gave slightly better prediction than the Chirp
on the total wheels torque request, but because the intervals overlap this cannot be
concluded with 95 %-confidence. For the angle request, the Chirp dataset gave the
best prediction.
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Predictions for Controllers with network trained on the Constant dataset
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Figure 4.7: Predictions (red) made on the test set (blue) on the Controllers.
The network was trained on the Constant dataset. Since the data does not contain
information about longitudinal vehicle dynamics, the total wheels torque is not used
as target. The NMSE loss for the front wheel angle request is written in table 4.3.

Predictions for Controllers with network trained on the Sine dataset
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Figure 4.8: Predictions (red) made on the test set (blue) on the Controllers. The
network was trained on the Sine dataset. The NMSE loss of the torque and angle
request are written in table 4.1.
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Predictions for Controllers with network trained on the Chirp dataset
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Figure 4.9: Predictions (red) made on the test set (blue) on the Controllers. The
network was trained on the Chirp dataset. The NMSE loss of the torque and angle
request are written in table 4.1.

Table 4.3: Comparison with 95 %-confidence intervals of the losses for all individual
normalized quantities predicted by the network on the test set when trained on the
Constant, Sine and Chirp dataset respectively. Note that the Constant dataset can
not be used for predicting the total wheels torque.

Quantity Constant NMSE [1] | Sine NMSE [1] | Chirp NMSE [1]
Total wheels

N/A [0.523, 0.581] [0.561, 0.628]
torque request

Front wheel
[1.480, 1.641] [0.731, 1.003] [0.226, 0.303]

angle request
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4. Results and Discussion

Lastly, a training session on the Chirp dataset can be examined in figure 4.10. This
shows the NMSE and NMAE loss for both quantities, total training and validation
loss for each epoch, together with a prediction on a part of the validation set.

Training loss and accuracy

—— Total wheels torque request MAE
Validation loss

—— Front wheel angle request MAE

—— Training loss

—— Total wheels torque request loss

— Front wheel angle request loss
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Predictions for Controllers with network trained on the Chirp dataset
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Figure 4.10: Training session with the Chirp dataset to predict the Controllers.
Above is the validation and training losses (NMSE) and NMAE during the training
and below is an example of predictions on shuffled batches of validation data after
the training. The blue graphs are the targets and the red ones are the predictions.
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4.3 Learning and predicting the Vehicle model

The third prediction task was learning the output of the Vehicle model, i.e. predict-
ing the vehicle dynamics v,, vy, a,, a, and ¢ from the total wheels torque request
and front wheel angle request. As explained in section 4.2, having a network doing
the same as the Vehicle model was the least important of the three tasks to learn in
the perspective of value for Zenseact, but still was considered an interesting task to
investigate.

As for predicting the Closed loop, the Constant dataset does not contain longitudinal
data and will not be used for predicting these either. The result of predicting the
other quantities can be seen in figure 4.11. With the network trained on the Sine
(figure 4.12) and Chirp (figure 4.13) dataset, both outputs of the Controllers were
used as output. How the training and validation metrics changed during a training
session with the Chirp dataset and a prediction on the validation set can be seen in
figure 4.14. The compiled list of losses for the three prediction scenarios are disclosed
in table 4.4. The table shows that there is not a best choice of dataset for predicting
the Vehicle model. The Sine dataset gave the network the best performance for
longitudinal velocity and yaw rate. The Constant gave the best predictions for
lateral velocity.

Predictions for Vehicle model with network trained on the Constant dataset
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Figure 4.11: Predictions (red) made on the test set (blue) on the Vehicle model.
The network was trained on the Constant dataset. Since the data does not contain
information about the longitudinal vehicle dynamics, the longitudinal velocity and
acceleration are not used as targets. The NMSE loss of each quantity are written

in table 4.4.
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Predictions for Vehicle model with network trained on the Sine dataset
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Figure 4.12: Predictions (red) made on the test set (blue) on the Vehicle model.
The network was trained on the Sine dataset. The NMSE loss of each quantity are
written in table 4.4.

Predictions for Vehicle model with network trained on the Chirp dataset
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Figure 4.13: Predictions (red) made on the test set (blue) on the Vehicle model.
The network was trained on the Chirp dataset. The NMSE loss of each quantity
are written in table 4.4.
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Figure 4.14: Training session with the Chirp dataset to predict the Vehicle model.

Above
during

is the training and validation losses (NMSE) and NMAE of all quantities
the training. Below is an example of prediction on shuffled batches of vali-

dation data after the training. The blue graphs are the targets and the red ones are
the predictions.
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Table 4.4: Comparison with 95 %-confidence intervals of the losses for all individual
normalized quantities predicted by the network on the test set when trained on the
Constant, Sine and Chirp dataset respectively. Note that the Constant dataset can
not be used for predicting the longitudinal quantities.

Quantity Constant NMSE [1] | Sine NMSE [1] | Chirp NMSE [1]
Longitudinal velocity N/A [0.0046, 0.0065] | [0.0104, 0.0218]

Longitudinal
N/A [0.9339, 0.9728] | [0.9482, 1.1291]

acceleration
Lateral velocity [0.0039, 0.0102] [0.0189, 0.0335] | [0.0384, 0.0776]
Lateral acceleration [0.2032, 0.2472] [0.2175, 0.2386] | [0.2436, 0.3218]
Yaw rate 0.9190, 1.0894] | [0.2365, 0.3365] | [0.4945, 0.6597]

4.4 Comparison to simulation software

In this section a comparison between the simulation software and the network will
be made. Starting of with the Constant dataset. It consists of twelve files with a
65s simulation on each. Doing the simulations took each time between 8 minutes
and 30seconds to 9minutes. This dataset consists of 84,528 time steps. When split
80—20 % for training and validation, this resulted in 2253 batches of 30 time steps
for training and 564 batches for validation. With the 128 LSTM neurons, double 32
neuron dense layers and training to predict the Closed loop, corresponded in total to
73,891 trainable parameters or 288.64 kB. The five times tested for generating these
results, the training took from 61—62 seconds. Since this is for the Constant dataset,
the longitudinal quantities were not included. The total input list was therefore the
curvature, heading offset, lateral offset and current lateral velocity. The outputs
were the lateral velocity, acceleration and yaw rate. Using this dataset as a test set
for prediction (which only was done for evaluating the time aspect), it was split to
84,495 batches of 30 time steps, each with four inputs and three outputs. The total
prediction times were all between 6—7 seconds, corresponding to 75.9 s on average
per batch.
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Conclusion

In section 4.1, 4.2 and 4.3 a neural network was trained on three different datasets
in order to predict the output from the Closed loop, the Controllers and the Vehicle
model, respectively. Three sets of data were used for training, the Constant (with
only lateral data), Sine and Chirp dataset. Comparing the three types of predictions
done, the two where the network had the task of predicting vehicle motion state
data, i.e. the Closed loop and the Vehicle model, had the best results, apart from
the longitudinal acceleration. Overall the datasets gave similar results in many cases
and there is not a best choice for all applications. There is however the possibility
that a dataset containing log files from different types of data could give even better
results. For example a dataset with both the Constant and Sine data might give the
network both useful longitudinal and lateral information, which then could transfer
to more correct predictions. Depending on how other datasets are formed, the
network structure and hyperparameters might benefit from a slight adjustment in
order to draw full benefit from them.

However, the predictions still have errors and some predictions leave more to be
desired. After trying many different methods, training sets and hyperparameters it
became clear that these kinds of predictions, as was stated in section 1.3 regarding
simulating vehicle dynamics, are hard problems. Even though there are several pos-
sibilities of which parts that should be changed for higher accuracy, some suggestions
can be made. Since the tools used to prevent overfitting, as drop out layers, gave
worse performance, this could tell that the number of parameters in the network is
not too large for the problem at hand. At the same time, adding parallel branches
of dense layers for each output did not help either, which would tell that the net-
work does not need more parameters either. So is the network structure perfect?
Most probably not, but since extensive searches of hyperparameters were made, this
might be a good layout in the context it was tested in. I instead believe that higher
accuracy could be achieved by generating diverse enough training data to give the
network the possibility to learn a more complete view of the vehicle dynamics. The
used datasets were generated in a way that would be easy and fast for Zenseact’s
engineers to recreate when the simulation software changes, but at the same time
information dense. In that regard, the datasets used are considered adequate. Only
containing a couple thousand data points, allowing the network to be trained in less
than 2minutes on a laptop graphics card, but still delivering good performance on
most tested quantities. In testing it was noticed that the network got low validation
loss early in the training sessions, for example as the one in figure 4.14. In the first
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5. Conclusion

couple of epochs there was a large decrease in the validation loss, likely correlated
with the high learning rate. These parameters worked well together and as a starting
route to follow would be a larger and more diverse dataset, potentially with a larger
network with lower learning rate. This would however most probably lead to longer
training times, which then would be a tradeoff compared to the current system.

Instead of the current layout with LSTM and FF-layers, other ways to continue the
development of the network were found. Depending on how the thesis was formed,
the plan from the beginning was to start with the black box version presented
in this report, and then compare it with another type of network. One idea was
transfer learning [58], which could have been structured either as a network trained
on simulation data and then on logs of real driving scenarios, or in the opposite,
firstly trained on low noise data from real test drives and secondly fine tuned with
simulation data, depending on the task it would have been used for. This could
have proved very useful if the training times would have been long, but for the
system developed which retrains in around less than 2minutes, this is less of an
argument. The other version that was discussed for this thesis was to compare
the black box with a grey box. Originating in the hypothesis that it would have
been hard to train a black box to do the Closed loop predictions and easier to
predict the Controllers, the idea with the grey box would have been a network doing
predictions for the Controllers and then feeding that input to the existing Vehicle
model, or for example a simpler bicycle model. However, due to the good results for
predicting the Closed loop and worse results for predicting the Controllers, this is
less promising for further development. Something on the other hand that could give
good results is a method proposed in [59], called Hybrid Backpropagation Parallel
Reservoir Networks. 1t shows an interesting structure based on another type of RNN
called Reservoir computing, which is supposed to outperform LSTM networks, both
in prediction accuracy and needed resources.

To conclude, this thesis demonstrates a method for investigating how a deep learning
network can be utilized for signal prediction in automated driving systems develop-
ment and consistency analysis. With a goal of being useful in development, three
datasets are generated to enable fast training and to be easy to replicate. The net-
work is constructed by a combination of LSTM- and FF-layers in order to capture
spatiotemporal vehicle dynamics and internal signals. Some errors do still exist in
the predictions and other network structures [59] or types of vehicle driving schemes
in the training data could be worth investigating in future work. Nevertheless, pre-
dictions of full Closed loop simulation are promising, both in prediction time and
accuracy. Also managing predictions near real time (75.9 us per batch), it has poten-
tial of being a core part in several tools where rapid predictions of vehicle dynamics
can be crucial. One proposition is predicting signals for data in log files of real
test drives to calculate KPIs and thereby identify discrepancies. Utilizing the same
methodology could allow for a similar tool for real time discrepancy notification
during test drives, or potentially to get direct response of how signals behave with
a new software, instead of doing a full simulation. All together, this thesis is hoped
to leverage the work for the engineers at Zenseact to develop software for a safer
society without traffic accidents.
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