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PROJECT SUMMARY

Abstract- The purpose of this Thesis
is the creation of complex situations
for automated vehicles by means of
Machine Learning. To launch these
vehicles on to the market they need to
be tested in real-life traffic situations,
which is not only expensive but also
dangerous. The current tests are far
too simple, and with the objective of
avoiding them and creating better
ones, traffic situations must be filtered
according to their complexity.
Complexity is an ambiguous term that
has many interpretations and
definitions. Finding one definition that
suits traffic scenarios is one of the
objectives of the present work. In
addition, this measure for complexity
can be used to generate complex
situations in different scenarios. The
scenarios of choice occur in a three-
way highway following the German
regulations. There, some traffic
participants are included and using
machine learning in MATLAB,
specifically a double deep g-learning
algorithm for Reinforcement Learning.
First the parameters of the model are
inferred, and then the model or agent
is trained to obtain the most difficult
succession of events according to the
previous measure of complexity. The
trained agent is simulated in new
scenarios for it and the complexity

measure that it obtains in them is not
as good as the maximum value
possible. In parallel, another model is
trained in Python, showing that the
training in this programming language
is more efficient in terms of time of
training, even with lower
computational power. In conclusion,
the MATLAB agents show a poor
performance when simulated in
scenarios with added vehicles and the
Python approach seems more
adequate due to the reduced time to
train.

Keywords: automated  vehicles,
complexity, Machine Learning,
Reinforcement Learning, MATLAB,
Python.

i. Introduction

Nowadays, the automotive industry is
going through a period of continuous
changes, which are mainly related to the
need for electrification of the traditional
means of transport and to the search for
an automobile that is capable of driving
alone, without the supervision or the
interaction from the passengers with it.
These are the so-called autonomous
vehicles. Especially in the area of public
transport, be it with buses or taxis,
autonomous vehicles are bringing a
change in the traffic system.

In order to launch onto the market
automated driving vehicles, it is
necessary that they behave safely in a
constant way. Real time traffic situations
are always unpredictable, and they are
rarely repeated, since the conditions of
the different scenarios is not the same.
For this reason, it is impossible to test all
feasible situations that may arise in an
everyday drive, being some of them of a
really complex nature.



In addition to this, the usual real-life tests
that are performed to check the safety of
some of the systems that already exist,
like braking when a pedestrian crossing
in front of the vehicle is detected, are way
too simple and well proven.

Aiming to avoid testing the easy
scenarios, it is necessary to filter the
traffic  situations according to its
complexity, which is related to the
behavior of the surrounding traffic.
Therefore, a traffic complexity measure is
obliged. With this measure, it is possible
to find the most challenging conditions
that can occur in everyday driving and
simulate in them a self-driving vehicle
and control its performance.

ii. State of the art

Autonomous driving vehicles can be
classified according to the level of
automatization that they are making use
of. This classification is divided in six
levels, from level zero to level five, both
included [1]. The Ilowest level
corresponds to the driving as it is known
today, where the driver is in charge of
handling all the functionalites and
systems of the vehicle. In contrast, the
last level would be a fully automated
vehicle with no need for intervention of
the users. In the most recent
developments presented by Audi [2], the
automatization stands on the level 3 of
the autonomy scale. Another famous
brand in terms of autonomous driving is
Tesla, whose autonomous driving
system stays in the level 2 at the moment.

The difficulties that automated vehicles
(AV) involve, not only in the area of
technology, but also in the fields of
philosophy, = morality and  social
responsibility, fully autonomous vehicles
(level 5) will only be able to operate from
the year 2040 onwards according to
Altenburg [3].

Conducting the test in real life scenarios
is costly when not dangerous, so an
evaluation in a virtual environment is of
great use. One of the most powerful
methods to generate the most complex

scenarios that can be used is Machine
Learning, specifically Reinforcement
Learning.

Therefore, the subject of this Thesis is the
development of a measure for complexity
in traffic scenarios, with the aim to
generate difficult situations to test the
performance of the automated vehicles in
them. The model of the vehicles and the
development of the scenarios will be
carried out using Reinforcement Learning
in Matlab. A comparison with Python will
be also carried out, in order to check for
differences in means of training
performance.

First of all, the complexity term needs to
be studied and bounded taking into
account the problem that is tried to be
solved. Complexity is an ambiguous
term, which can potentially have many
different interpretations. Finding a
definiton of complexity that satisfies
everyone and every imaginable
application is practically impossible.

Starting with the complexity of physical
systems in general, it can be said that the
complexity of a system is given by its
disorder [4]. The entropy, defined as a
probability of actions that end in a certain
state, is used to measure this disorder.

Human behaviour is challenging to model
based on probabilities. For this reason,
other approaches that are related to
traffic situations are based on the
composition of the road, named Road
Semantic Complexity (RSC); and the
traffic participants, named the Traffic
Element Complexity (TEC). RSC groups
the environment complexity and includes
the road type, the scene type
(intersection, tunnel, etc), and the
challenging  conditions  (overtaking,
pedestrian, etc). Traffic participants
conform the TEC, which depends on the
distance from car to car and the angles
between them. Equation (1) shows the
assessment of the overall complexity C,
based on the RSC Crand the TEC Ck. [5]

C = /’{ICR +/’{2CE (1)

An example of a complex city scene,
where many vehicles difficult the vision of



the automated vehicle (AV) is shown in
Figure 1 [6].

Figure 0.Complex City scene. The recognition of
the lanes is difficulted by the close distances to
other traffic participants and the great number of
them [6].

Besides, the criticality of the traffic
situations can also have an impact on the
complexity of those scenarios, especially
when the driver is an automated vehicle.
The criticality can be assessed making
use of the time to collision (TTC) [7],
which evaluates the threat levels for a
self-driving vehicle based on the
calculation of the remaining time to
collide with the preceding vehicle in the
case that no action was performed. In this
Thesis, no action means driving with
constant velocity and no lane changes.
The time integrated to collision (TIT) is
obtained integrating over time the TTC.

Given some of the limitations of the
approach used and the factors of
influence that can be modified, the
complexity measure is based on the
number of actions of all vehicles that are
present in the environment, the number
of reactions of the autonomous vehicle,
and the TIT. Due to the fact that the
complexity to assess is the complexity of
the overall simulation and not of every
timestep, and the TIT makes sense only
once all the TTCs are collected, the
complexity measure will be evaluated at
the end of every episode in training
following equation (2).The absolute value
of the weights is equal to one. In the
beginning, w1 and w» are equal to 0.4,
and ws is equal to 0.2. The weight of the
TIT is positive due to the fact that an
increasing value of TIT would mean a
more critical scenario for the AV, hence
more complex. Besides, it is divided by 2
in order to reduce the importance of the
TIT in comparison with the importance of
the number actions and reactions for the
complexity.

Number of actions
C = [wi W, ws]|Number of reactions (2)
TIT,,

The measure of complexity can be
applied to find the most difficult situation
for different traffic situations. Starting
from a base scenario, Machine Learning
is implemented in order to find which
actions complicate the situation the most,
when are they performed, and which
traffic participant does them. Machine
Learning can be divided in three main
groups, depending on the knowledge that
is available of the inputs and outputs.

In Supervised Learning, the inputs and
desired outputs are known. The data is
divided in three sets: the training data, the
validation data, and the test data [8]. The
training data is used to infer a function to
relate inputs and outputs. Next, the
validation data tune the hyperparameters
(parameters  whose  values  are
established before the training begins
and have an impact on the speed and
performance of the process), choosing
the best model that has been trained.
This chosen model is evaluated using the
test dataset. The key objective of
Supervised Learning is to develop an
optimal algorithm that is capable of
classifying new data that it has never
seen [9].

Depending on the problem faced,
different algorithms from Supervised
Learning can be utilized. Nonetheless,
there is no one superior algorithm, and
every one of them has its own
advantages and disadvantages. One of
the most known algorithms are Neural
Networks, mainly utilized for image
recognition.

Neural Networks are an imitation of what
the network of an animal brain looks like.
A Neural Network is composed of nodes
called neuros that are connected
between them, being a group of networks
a layer. [10]

For this Thesis, the variation of Neural
Networks that play a major role are the
Convolutional Neural Networks (CNN)
[11]. The name is given as the core of
CNNs is the convolutional layer. A



convolution is an operation consisting of
a dot product between the array of inputs
and a two-dimensional set of weights
called filter or kernel. As a result, a
feature map is obtained, which
represents a filtering ofthe input. The
main problem of this approach is solved
using pooling layers that treat each
feature map independently. Besides,
non-linearity functions are added to the
network, so there are no negative values,
as for instance the Rectified Linear Units
(ReLU). Figure 2 [12] shows a full CNN
used for image recognition.

AAAAAAAAAAAAA

Figure 2. Example of a CNN applied to object
recognition [12]. There are convolutional and
RelLU layers combined before every pooling.

The next approach of Machine
Learning is Unsupervised Learning. This
approach is used when the desired
outputs are not known beforehand. In this
case, it is tried to discover the underlying
patterns that are present in the input data.
The most common uses are clustering,
anomalies detection, association mining,
and latent variable models. The
algorithms are Hierarchical Clustering, K-
means, Mixture Models, DBSCAN and
OPTICS, Principal Component Analysis
and the Method of Moments.

Reinforcement Learning is the approach
of choice from the three possible ones.
Reinforcement Learning (RL) is used
when the outputs are not known, but it is
possible to assess the quality of the
outputs. The principle of this model is
based on the interaction of a learning
agent with its environment to reach a
specific goal [13]. The agent does not
receive the actions that it has to perform
and their order, instead it tries to find out
which actions receive the greater reward.
To achieve this, the agent receives an
observation of the state of the
environment and then executes and
action according to it. Figure 3 represents
the interaction between an agent and the
environment.
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Figure 3. The agent-environment interaction.

The elements that compose a
Reinforcement Learning problem are the
environment, the policy (strategy that the
agent uses to choose the actions), the
reward function or return, and the value
function (estimates how good the actual
state is). [13]

There are different instances to describe
a RL problem. One of them is the Markov
Decision Process (MDP) [14], in which is
required that the environment has a finite
set of states and actions for each
possible state. The algorithm for MDPs
works in two steps. In the first step the
values are updated and in the second
one, the policy is updated. These steps
are repeated in order for all the states
until there are no more changes. Based
on this functioning, there are different
methods that can be applied to solve a
RL problem: Dynamic Programming,
Monte-Carlo Learning, and Temporal
Difference Learning. Considering the
nature of the problem, the method
chosen in this Thesis is Temporal
Difference Learning.

Temporal Difference (TD) [15] methods
learn from the interaction with the
environment or experience. One
advantage of this method is the utilization
of bootstrapping (estimating the value
function from estimates), so it is not
necessary that the episodes end before
learning.

TD(A) is a generalization of the TD or
TD(0) method. The main difference relies
in the way that the return is calculated.
SARSA is an on-policy method (the
algorithm is concerned about the policy
which yielded past decisions) while Q-
Learning is an off-policy method. As there
is no policy in the environments
proposed, the algorithm of choice is a
variation of Q-Learning, which also has
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some performance advantages when
compared to SARSA. [16]

The variant of Q-Learning is Deep Q-
Learning (DQN) [17], which improves the
performance of simple Q-Learning when
the state space is of a considerable size
introducing a CNN. As explained, CNNs
are used mainly in image recognition, but
as the input of the CNN is just an array of
values, the input could be anything. In
this case, the inputs are the observation
of the state of the environment and the
action chosen by the agent. The problem
with DQN is that it tends to overestimate
actions once it is chosen, hindering the
convergence of the algorithm. To solve
this issue, a double network is used,
creating a Double DQN (DDQN). One
network selects the actions and the other
one updates the value function. Copying
weights from the action network to the
target network keeps both networks
synchronized.

ii. Methodology

The environment that is going to be used
is a German highway of three lanes,
following German regulations [18]. Apart
from the road, the traffic participants are
modelled. There are three possible
vehicles: cars, trucks, and motorbikes.
The cars are 4.9 m long and 2 m wide,
the trucks have a length of 16.5 m and a
width of 2.5 m, and the motorbikes are 2
m long and 1 m wide. Besides, the
movement of the vehicles needs to be
designed. Apart from the automated
vehicles (that are programmed to drive
on their own and cannot be controlled by
the agent), every vehicle has the
possibility of performing four actions.
Accelerating and braking are made at
constant acceleration. For the lane
changes, apart from the direction of the
lane change (left and right), the lateral
displacement and acceleration are
needed.

The automated vehicle moves in a similar
way but alone and has some added rules
in order to perform correctly the
movements and to have a realistic

behavior. First of all, the AV tries to reach
a desired velocity given by the user. Next,
if there is an obstacle or other vehicle that
goes slower in front of him, the AV checks
if overtaking is possible. If it is, the AV
changes its lane to the left and performs
the overtake. If the overtake is not
possible, the AV brakes preserving a
certain security distance. If the AV finds
itself in any lane that is not the right one,
and is not overtaking, it tries to go to the
lane to its right (if its free of vehicles).

The three elements together (road,
vehicles, and the movement of the
vehicles) create the environment for the
training. The environment is simulated in
episodes, which at the same time are
divided into steps (timesteps of 0.1 s). In
every step, the agent chooses an action
to be performed. The actions of braking
and accelerating can be selected for only
one step, but the lane changes need to
be selected for around 24 steps, so the
movement is complete. Otherwise, the
vehicles that change their lanes could
end up in the middle of two lanes.
Besides to these actions for very vehicle
that is not the AV, an action O is created,
which implies do nothing (all vehicles just
drive straightforward).

The next step is to tune the
hyperparameters of the DDQN. To do it,
a base scenario is selected. In the base
scenario the AV drives in the left lane,
there are two cars in the middle lane, and
three trucks are driving in the right lane.

The hyperparameters to tune are the
learning rate, the number of neurons per
hidden layer, the number of hidden layers
of the network, the number of episodes to
average the reward, and the batch size.
After running multiple trainings with
different combinations of parameters, the
final values are:

e Number of episodes to
average the reward: 5.

e Number of neurons per
layer: 200.

e Learning rate a: le-4.

e Batch size: 1024 samples.



e The number of hidden layers is
three for the state, two for the
actions, and one for the common
path.

The final layout of the CNN of the
algorithm is the one showed in Figure 4.
In Figure 5, an example of the training
output is shown. The blue dots are the
reward of every episode run, the red ones
are the average reward of the last 5
episodes, and the green line represents
the expected reward for the agent when
every episode begins.

In addition to the MATLAB approach, the
problem is also addressed in Python. The
environment is the same as the one in
MATLAB, but the CNN that the agent
makes use of is different. This Python
approach is compared to the MATLAB
one in order to assess the performance
of both.
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Figure 4. CNN used for training the agent in
MATLAB.

iv. Results and
Conclusions

With the algorithms ready, the
agents are trained in an episode. Then,
the trained agent is simulated in the same
scenario to test if it is a valid one or not
(sometimes the training might be stopped
but the agent has not learned). If the
agent has learned, it can be used in other

scenarios to try to obtain the most
complex succession of events.

Episode Reward for MyAutobahnyersuch; with rIDQNAgent

isode Reward
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Figure 5. Training progress with a batch size of
1024 samples, 200 neurons and a learning rate of
le-4. The training is successful after 37 hours for a
total of 5611 episodes.

In the test scenario, the AV drives on the
right lane with a truck in front of him, and
there are two cars in the middle lane. In
this scenario, the most complex situation
is composed of many movements from
the two normal cars. The AV stays behind
the truck, keeping a safety distance.

Next, the trained agent it is tested in three
different scenarios. The first one adds to
the training scenario a third car driving
fast on the left lane. The reward in this
scenario is smaller than in the training
one, but the agent shows an acceptable
behavior. Next, a truck is added in front of
the first truck for the second scenario.
Here the agent performs worse and
makes the truck and one of the normal
cars collide, so the agent becomes a
negative reward. In the third scenario, the
truck and one of the normal cars
exchange their initial positions. The
simulation of the agent makes the other
car crash on the back of the truck, so
again it receives a negative reward.

In the comparison between MATLAB and
Python, it is only assessed the required
amount of time and the number of
episodes for a successful training. It can
be clearly seen that the Python approach
learns faster in terms of number of
episodes, but also in terms of total time.
This is caused partly because the
network is smaller and the training is

Vi



faster because of the smaller batch size,
Nonetheless, there is no precision lost.
Therefore, it can be said that Python
performs better.

In conclusion, the trained agent performs
good enough when the initial traffic
situation is not much different from the
one in which it was trained. Adding more
traffic participants or changing the initial
conditions has a negative impact on the
performance of the agent in the new
scenarios.
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RESUMEN DEL PROYECTO

Resumen- El objetivo de este trabajo
es la creacion de situaciones
complejas para vehiculos
automatizados mediante Machine
Learning. Para lanzar estos vehiculos
al mercado es necesario que sean
probados en situaciones de trafico
real, lo cual es caro y peligroso. Las
pruebas actuales son demasiado
simples y con el objetivo de evitarlas,
las situaciones del trafico han de ser
filtradas de acuerdo a su complejidad.
Complejidad es un término con
muchos significados y definiciones.
Encontrar una definicion que se
aplique al trafico es uno de los
objetivos de este trabajo. Ademas, la
medida de la complejidad puede ser
usada para generar escenarios
dificiles. Los escenarios elegidos
transcurren en una autopista que
sigue las normas alemanas para su
construccién. En ella se incluyen
algunos participantes del tréfico vy,
usando Machine Learning en MATLAB
(concretamente un algortimo double
deep g-learning para Reinforcement
Learning). En primer lugar, los
pardmetros del modelo son
obtenidos, y luego el modelo o agente
es entrenado paraobtener la sucesion
de eventos y acciones que producen
la situacién del trafico mas compleja
de acuerdo con la medida creada. El

agente entrenado es simulado en
nuevas situaciones y la medida de la
complejidad que obtiene no resulta
tan buena como el maximo valor
posible. Paralelamente, otro modelo
es entrenado en Python, demostrando
gue este lenguaje de programacion es
mas eficiente en términos de tiempo
necesario y episodios totales de
entrenamiento incluso usandolo en
un ordenador de peores
caracteristicas. En conclusion, los
agentes de MATLAB presentan un
desempefio peor cuando son
simulados en escenarios con mas
actores y el uso de Python parece mas
adecuado.

Palabras clave: vehiculos
automatizados, complejidad, Machine
Learning, Reinforcement Learning,
MATLAB, Python.

i. Introduccion

La industria automovilistica esta bajo un
proceso de continuos cambios que estan
principalmente relacionados con la
necesidad de electrificacion de los
medios de transporte tradicionales y con
la busqueda de un vehiculo capaz de
conducir por su cuenta sin la supervision
o la interaccion de los pasajeros. Son los
llamados coches auténomos.
Especialmente en el area del transporte
publico, ya sea con autobuses o taxis, los
vehiculos autbnomos traen un cambio en
el sistema de tréfico.

Para poder lanzar al mercado los
vehiculos automatizados, es necesario
que éstos se comporten de manera
segura constantemente. Las situaciones
reales de circulacion son siempre
impredecibles, raramente repetidas
debido a que las condiciones de las
mismas no son iguales. Por este motivo,
es imposible probar todos los posibles
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escenarios que pueden suceder en la
conduccion cotidiana, siendo algunas de
ellas realmente complejas.

Ademas, las pruebas realizadas para
comprobar la seguridad de algunos de
los sistemas que ya existen, como frenar
cuando se detecta un peaton que cruza
delante del vehiculo, son demasiado
simples.

Con el objetivo de evitar probar los
escenarios sencillos, es necesario filtrar
las situaciones del tréfico de acuerdo a
su complejidad, que esta relacionada con
el comportamiento del trafico alrededor.
Con esta medida, es posible encontrar
las condiciones mas desafiantes que
pueden suceder en la conduccion del dia
a dia y simularlas en un vehiculo
automatizado controlando su
desempefio.

ii. Estado del arte

Los vehiculos automatizados pueden ser
clasificados de acuerdo a su nivel de
automatizacion. Esta clasificacion esta
divida en seis niveles, del cero al 5,
ambos incluidos [1]. El nivel mas bajo se
corresponde con la conduccion tal y
como es conocida hoy en dia, donde es
el conductor el que se encarga de
realizar todas las funciones. Por el
contrario, el Gltimo nivel seria un vehiculo
completamente autbnomo que no tiene
la necesidad de intervencion de los
usuarios. Los Ultimos desarrollos
presentados por Audi [2], la
automatizacion se encuentra en el nivel
tres. Otra marca famosa por su
conducciéon automatizada es Tesla,
cuyos  sistemas se  encuentran
actualmente en el nivel 2.

Las dificultades que los vehiculos
automatizados presentan (AV) no sélo en
el apartado tecnolégico, sino también en
el filoséfico, moral y de responsabilidad
social, provoca que los vehiculos
completamente autonomos (nivel 5)
podran operar a partir de 2040 seguln
Altenburg [3].

Realizar las pruebas en situaciones de la
vida real es costoso cuando no peligroso,
por lo que la evaluacién en escenarios
virtuales es de gran utilidad. Uno de los
métodos mas potentes para generar los
escenarios mas dificiles que puede ser
usado es Machine Learning, en concreto
el Aprendizaje por Refuerzo
(Reinforcement Learning).

Por ello, el tema de esta Tesis es el
desarrollo de una medida de complejidad
en escenarios de trafico, con el objetivo
de generar situaciones dificiles para
probar el desempefio de los vehiculos
automatizados en ellos. El modelo de los
vehiculos y el desarrollo de los
escenarios sera realizado usando
Aprendizaje por Refuerzo en MATLAB.
Ademas, se realiza una comparacion con
Python para comprobar las diferencias
en términos de rendimiento del
entrenamiento.

En primer lugar, el término complejidad
tiene que ser estudiado y limitado
teniendo en cuenta el problema que se
esta intentado solucionar. Complejidad
es un término ambiguo que puede
potencialmente tener muchas
interpretaciones. Encontrar una
definicion que satisfaga a todo el mundo
y sea Uutil para toda aplicacion es
practicamente imposible.

Empezando por la complejidad de los
sistemas fisicos en general, se puede
decir que la complejidad viene dada por
su desorden [4]. La entropia, definida
como la probabilidad de que las acciones
realizadas acaben en un cierto estado,
se utiliza para medir el desorden.

El comportamiento  humano es
dificiimente modelable basado en
probabilidades. Por ello, otros enfoques
relacionados con escenarios de trafico
estan basados en la composicién de la
carretera, llamada Road Semantic
Complexity (RSC), y los participantes del
tréfico, denominados Traffic Element
Complexity (TEC). RSC agrupa la
complejidad del ambiente e incluye el
tipo de carretera, el tipo de escena
(interseccion, etc.), y las condiciones
desafiantes (adelantamientos, etc.). TEC
depende de la distancia y los angulos
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entre los vehiculos. La ecuacion (1)
muestra la valoracion de la complejidad
en general C, basada en el TEC Cey en
el RSC Cr. [5]

C = A]_CR+AzcE (1)

Un ejemplo de una escena de ciudad
compleja se muestra en la llustraciéon 1
[6], donde muchos vehiculos dificultan la
vision del coche.

llustracion 1. Escena de ciudad compleja. El
reconocimiento de los carriles se ve dificultado por
las cortas distancias entre vehiculos y el gran
numero de ellos [6].

Asimismo, la criticidad de las situaciones
de trafico puede tener un impacto en la
complejidad de las  situaciones,
especialmente cuando el conductor es
un AV. La criticidad puede ser evaluada
haciendo uso del tiempo para colision
(TTC) [7], que mide los niveles de
amenaza para un vehiculo automatizado
basado en el céalculo en el tiempo
restante para colisionar con el vehiculo
de delante en el caso de que ninguna
accion fuera realizada. En este trabajo,
no realizar acciones significa conducciéon
a velocidad constante sin cambios de
carril. El tiempo integrado para colisién
(TIT) se obtiene integrando sobre el
tiempo el TTC.

Dadas algunas de las limitaciones de los
factores que es posible modificar, la
medida de complejidad viene definida
por el numero de acciones de todos los
vehiculos presentes, el nimero de
reacciones del AV, y el TIT. Debido a que
la complejidad a valorar es la de la
situacion en general, y el TIT tiene
sentido una vez se han recogido todos
los TTC, la complejidad es evaluada solo
al final de cada episodio durante el
entrenamiento siguiendo la ecuacion (2).
El valor absoluto de los pesos suma 1. El
peso de las acciones y reacciones es 0.4
y el del TIT 0.2. El peso del TIT es
positivo por el hecho de que un
incremento del valor del TIT significa un

escenario mas critico, y por lo tanto
puede ser mas complejo.

Number of actions
C = [wi w; ws]|Number of reactions (2)
TIT,y

Esta medida de complejidad es aplicada
para encontrar la situacion de trafico mas
complicada posible. Empezando con un
escenario base, Machine Learning es
implementado para encontrar las
acciones que complican la situacion al
maximo y que actores de esta las
realizan. Machine Learning
generalmente es dividido en tres grupos
dependiendo del conocimiento que se
tiene sobre las entradas y las salidas.

En Supervised Learning (Aprendizaje
supervisado), las entradas y salidas
deseadas son conocidas. Los datos
estan divididos en tres grupos: el grupo
de entrenamiento, el de validacion y el de
prueba [8]. Los datos de entrenamiento
se usan para encontrar una funciéon que
relacione entradas con salidas. Luego,
los datos de validacion ajustan los hiper
parametros (pardmetros cuyos valores
son establecidos antes de empezar el
entrenamiento y tienen influencia en la
velocidad y rendimiento del proceso),
eligiendo el mejor modelo entrenado. El
modelo elegido se evalla con los datos
de prueba. El objetivo principal del
Aprendizaje supervisado is el desarrollo
un algoritmo Optimo capaz de clasificar
nuevos datos que nunca ha visto [9].

Dependiendo del problema enfrentado,
existen diferentes algoritmos que pueden
ser utilizados, cada uno de ellos con sus
ventajas y desventajas. Uno de los mas
conocidos son las Redes Neuronales.

Las Redes Neuronales son una imitacién
del cerebro de un animal. Esta
compuesta por nodos llamados
neuronas conectadas entre si, formando
grupos denominados capas. [10]

La variante utilizada de una Red
Neuronal es wuna Red Neuronal
Convolucional (CNN) [11]. ElI nombre
viene por la funcibn  principal
desarrollada por algunas de las capas de
esta red: la convolucion. La operacion
consiste en el producto escalar del vector
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de entrada a la capa y un conjunto de
pesos llamado filtro. El principal
problema de esta red se soluciona
utilizando capas de agrupacién (pooling
layers en inglés). Ademas, funciones de
no linealidad se afiaden a la red para no
obtener valores negativos. Un ejemplo
de estas funciones son las RelLU
(Rectified Linear Units). La llustracion 2
[12] muestra una CNN completa usada
para reconocimiento de imagenes.

FEATURE LEARNING CLASSIFICATION

llustracion 2. Ejemplo de CNN aplicada al
reconocimiento de objetos [12]. Delante de cada
capa de agrupacion hay una capa de convolucion
y una RelLU.

El segundo método de Machine Learning
es el Aprendizaje sin supervision. A
diferencia del supervisado, los valores
deseados de las salidas son
desconocidos. Se intentan descubrir los
patrones implicitos en los datos. Los
usos mas comunes son de agrupacion
(clustering), deteccion de anomalias,
minado de asociaciones, y modelos
variables latentes. Los algoritmos para
llevar a cabo estos usos son Hierarchical
Clustering, K-Means, Mixture Models,
Andlisis de Componentes Principales
(PCA) y el método de los momentos.

El Aprendizaje por refuerzo (RL) es el
enfoque elegido de los tres posibles.
Este es utilizado cuando las salidas
deseadas no son conocidas, pero se
pueden evaluar. El principio de este
modelo se basa en la interaccion de un
agente que aprende con su entorno para
alcanzar un objetivo especifico [13]. El
agente no recibe las acciones a realizar
ni el orden de éstas, sino que trata de
encontrar qué acciones reciben la mayor
recompensa. Para conseguirlo, el agente
recibe una observacion del estado del
entorno y después ejecuta una accion de
acuerdo al mismo. La llustracion 3
representa esta interaccion.

v

‘lrl AgenteI

St It at
lt+1

| ¢ Enomo Je

St+1

llustracion 3. Interaccion agente-entorno en RL.

Los elementos que componen un
problema de RL son el entorno, la politica
(estrategia que utiliza el agente para
elegir nuevas acciones), la funcién de
recompensa o retorno y la funcién de
valor (estima como de bueno es el
estado actual). [13]

Existen diferentes casos para describir
un problema de RL. Uno de ellos son los
Procesos de Decisién de Markov (MDP)
[14], en los que se requiere que el
entorno tenga un numero limitado de
estados y acciones. El algoritmo para los
MDPs funciona en dos pasos. En el
primero, los valores son actualizados; en
el segundo, la politica se actualiza. Estos
pasos son repetidos en orden para todos
los estados hasta que no hay mas
cambios. Hay diferentes métodos que
pueden ser usados para resolver este
tipo de problemas: Programacion
Dinamica, Aprendizaje Monte-Carlo y
Aprendizaje por Diferencia Temporal.

Los métodos de Diferencia Temporal
(TD) [15] aprenden de la interaccién con
el entorno o experiencia. Una de las
ventajas de estos métodos es la
utilizacion de bootstrapping (estimar la
funcién de valor de otras estimaciones),
por lo que no es necesario que cada
episodio termine antes de aprender.

TD(A) es la generalizacion de TD o TD(0).
La principal diferencia reside en la forma
en la que el retorno es calculado. SARSA
es un meétodo con politica (el algoritmo
tiene en cuenta la politica que produjo
pasadas decisiones) mientras que el
aprendizaje Q (Q-Learning) es un
método sin politica. Como en el entorno
de esta Tesis no hay una politica
predefinida, el método elegido es Q-
Learning, que ademds tiene algunas
ventajas de rendimiento comparado con
SARSA. [16]
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La variante de Q-Learning elegida es Q-
Learning profundo (Deep Q-Learning,
DQON) [17], que mejora el rendimiento del
Q-Learning cuando hay muchos posibles
estados, introduciendo una CNN. En este
caso, las entradas a la CNN son la
observacion del estado y la accion
realizada. El problema de DQN es que
tiene a sobreestimar una accion que ya
ha elegido, por lo que la exploracion se
ve comprometida y por tanto la
convergencia. Para solucionarlo se
introduce una segunda red, formando un
doble DQN (DDQN). Una red selecciona
las acciones y la otra se encarga de
actualizar la funcién de valor. Copiando
los pesos de la red de accién a la red de
objetivos se mantienen ambas redes
sincronizadas.

ii. Methodology

El entorno que va a ser usado es una
autopista alemana de tres carriles
siguiendo la normativa alemana [18]. La
llustracion 5 muestra las dimensiones de
ésta. Aparte de la carretera, los actores o
participantes son modelados. Hay tres
posibles vehiculos: camiones, coches y
motocicletas. Los coches miden 4.9 m de
largo y 2 m de ancho, los camiones 16.5
m de largo y 2.5 m de ancho, y las
motocicletas tienen una longitud de 2 m
y una anchura de 1 m. Ademas, el
movimiento de los vehiculos tiene que
ser disefiado. Sin tener en cuenta los
vehiculos automatizados, cada vehiculo
puede realizar cuatro acciones. Frenar y
acelerar se realizan con aceleracion
constante. Para cambiar de carril a la
derecha o a la izquierda, son necesarios
el desplazamiento y la aceleracion
laterales.

El vehiculo automatizado se mueve de
manera similar a los otros vehiculos,
pero no puede ser controlado por el
agente. Ademas, tiene ciertas reglas
impuestas para realizar los movimientos
de manera realista. En primer lugar, el
AV trata de alcanzar una velocidad
deseada impuesta por el usuario. Si
delante de él encuentra otro vehiculo que
circula mas lento, lo intentara adelantar.

Si realizar el adelantamiento es posible,
el AV cambia de carril a la izquierda y
realiza el adelantamiento. Si el carril a la
izquierda estd ocupado y el
adelantamiento no es posible, el AV
frena manteniendo una distancia de
seguridad predefinida. Si el AV se
encuentra en cualquier carril que no sea
el de la derecha y no esta adelantando,
tratara de volver al carril de su derecha
hasta acabar en el de mas a la derecha
posible del todo.

Los tres elementos conjuntos (vehiculos,
carretera y el movimiento de los
vehiculos) forman el entorno para el
entrenamiento. El entorno es simulado
en episodios, que a su vez se dividen en
pasos (pasos de tiempo de 0.1 s). En
cada paso, el agente elige qué accion
realizar. Las acciones de frenado y
aceleracion pueden ser seleccionadas
solo por un paso, pero los cambios de
carrii  son seleccionados de forma
consecutiva durante 24 pasos para poder
completar el movimiento. De otra forma,
los vehiculos podrian acabar en el medio
de dos carriles. También hay una accién
0 que implica no hacer nada (conduccion
recta con velocidad constante para todos
los vehiculos).

El siguiente paso es ajustar los hiper
parametros del DDQN. Para hacerlo, se
crea un escenario de partida en el que el
AV conduce por el carril izquierdo, dos
coches normales van por el carril de en
medio, y tres camiones circulan por el
derecho.

Los hiper pardmetros a ajustar son la
ratio de aprendizaje, el numero de
neuronas de cada capa oculta, el nimero
de capas ocultas de la red, el nimero de
episodios para hacer la media de la
recompensa, y el tamafio del lote de
muestras. Después de varias pruebas
con diferentes combinaciones de valores
de los anteriores hiper parametros, los
valores seleccionados son:

¢ Numero de episodios para
hacer la media de Ila
recompensa: 5.

e NUmero de neuronas por
capa: 200.
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¢ Ratio de aprendizaje a: le-
4.

e Tamafo del
muestras.

lote: 1024

e Elnumero de capas de la red son
tres para el estado, dos para las
acciones y una para el camino
comun.

La llustracion 4 muestra la disposicién
final de la CNN del algoritmo y la
llustracion 5, un ejemplo de la salida del
training. Los puntos azules son la
recompensa de cada episodio, los rojos
la recompensa media de los Ultimos 5
episodios, y los verdes representan la
recompensa esperada por el agente
cuando empieza cada episodio.

Paralelamente a MATLAB, también se
llevan a cabo entrenamientos en Python.
El entorno es el mismo que en MATLAB,
pero la CNN que usa el agente cambia.
Esta propuesta de Python se compara
con MATLAB para evaluar el desempefio
de ambos lenguajes.

Y “C‘SraI o
Gt ® o
ety i Setio
e hd e
! “C‘Srar Y Q""\?Ae;,o
e - e
c‘:;@kgug + Qi e,
) .
gy Slicgey,

*a
® O,

e,
”

*o, bw@ﬁx
Lo

llustracion 4. CNN utilizada para el entrenamiento
en MATLAB.

iv. Resultadosy
Conclusiones

Con los algoritmos preparados, los
agentes son entrenados en un escenario.
Luego, el agente entrenado es simulado
en el mismo escenario para comprobar si
es un agente valido (en ocasiones, el
entrenamiento acaba, pero el agente no
ha aprendido en realidad). Si el agente
ha aprendido, se puede utilizar en otros
escenarios para obtener la sucesion de
eventos mas compleja.

Py

Episode Reward for MyAutobahnyersuch; with rDQNAgent

—o— EpisoseReward
—#— AverageReward
30 EpisodeQ0

Episode Reward

1000 0 4000
Episode Number

llustracion 5. Progreso del entrenamiento con un
tamafio de muestra de 1024, 200 neuronas, y una
ratio de aprendizaje de le-4. El entrenamiento
termina con 5611 episodios tras 37 horas.

En el escenario de prueba, el AV
conduce en el carril derecho con un
camion delante y hay dos coches en el
carril central. La situacion mas compleja
se da cuando los dos coches del carril
central cambian varias veces sus
posiciones de derecha a izquierda. EI AV
por el contrario se mantiene siempre
detras del camién, manteniendo una
distancia de seguridad dada.

Luego, el agente entrenado es simulado
en tres situaciones distintas. La primera
afade al escenario de entrenamiento un
tercer coche que viaja por el carril
izquierdo. En esta situacion, el agente
obtiene una recompensa ligeramente
inferior a la del entrenamiento, pero
aceptable. En el segundo escenario de
simulacién, ademas se afiade a lo
anterior un segundo camién delante del
primero en el carril derecho. En este caso
el agente hace colisionar uno de los
coches normales con el segundo camién,
por lo que recibe una recompensa
negativa. El tercer escenario cambia la
posicion del camién y el segundo coche
del escenario de entrenamiento. En este
caso también hace colisionar uno de los
coches con el camién, por lo que de
nuevo recibe una recompensa negativa.

En la comparacion entren MATLAB y
Python, solo se tendra en cuenta el
tiempo total y el nimero de episodios
requeridos para realizar el
entrenamiento. Se puede observar
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claramente que Python aprende més
rapido en el nimero total de episodios,
pero también en tiempo total. En parte
esto es causado por el menor tamafio de
la red y el nUmero de muestras. Sin
embargo, no se pierde precision por lo
que se puede decir que Python es una
mejor implementacion.

En conclusion, el agente entrenado
funciona de manera correcta cuando la
situacion inicial de los nuevos escenarios
es parecida a la del escenario en el que
se le ha entrenado. Afadir mas
participantes o cambiarlos de posicion
afectan negativamente al desempefio del
agente.
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1. Introduction

Nowadays, the automotive industry is going through a period of continuous changes,
which are mainly related to the need for electrification of the traditional means of transport
and to the search for an automobile that is capable of driving alone, without the supervision
or the interaction from the passengers with it. These are the so-called autonomous
vehicles. Specially in the area of public transport, be it with buses or taxis, autonomous
vehicles are bringing a change in the traffic system.

In order to launch onto the market automated driving vehicles, it is necessary that they
behave safely in a constant way. Real time traffic situations are always unpredictable, and
they are rarely repeated, since the conditions of the different scenarios is not the same.
For this reason, it is impossible to test all feasible situations that may arise in an everyday
drive, being some of them of a really complex nature.

In addition to this, the usual real-life tests that are performed to check the safety of
some of the systems that already exist, like braking when a pedestrian crossing in front of
the vehicle is detected, are way too simple and well proven.

Aiming to avoid testing the easy scenarios, it is necessary to filter the traffic situations
according to its complexity, which is related to the behavior of the surrounding traffic.
Therefore, a traffic complexity measure is obliged. With this measure, it is possible to find
the most challenging conditions that can occur in everyday driving and simulate in them a
self-driving vehicle and control its performance.

Conducting the test in real life scenarios is costly when not dangerous, so an
evaluation in a virtual environment is of great use. One of the most powerful methods to
generate the most complex scenarios that can be used is Machine Learning, specifically
Reinforcement Learning.

Therefore, the subject of this Thesis is the development of a measure for complexity
in traffic scenarios, with the aim to generate difficult situations to test the performance of
the automated vehicles in them. The model of the vehicles and the development of the
scenarios will be carried out using Reinforcement Learning in Matlab. A comparison with
Python will be also carried out, in order to check for differences in means of training
performance.

1.1. Automated Vehicles

Autonomous driving vehicles can be classified according to the level of automatization
that they are making use of. This classification is divided in six levels, from level zero to
level five, both included [1]. The lowest level corresponds to the driving as it is known
today, where the driver is in charge of handling all the functionalities and systems of the
vehicle. In contrast, the last level would be a fully automated vehicle with no need for
intervention of the users. In the most recent developments presented by Audi [2], the
automatization stands on the level 3 of the autonomy scale. Another famous brand in terms
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of autonomous driving is Tesla, whose autonomous driving system stays in the level 2 at
the moment. In Table 1.1, the different stages and their characteristics are presented:

Table 1.1. Stages of Automatization in Vehicles according to SAE [1]

Increasing level of automatization according to SAE [1]

>
Level O Level 1 Level 2 Level 3 Level 4 Level 5
Driver Lateral and Lateral or Permanently Must not No driver is No driver
longitudinal longitudinal monitor permanent required for needed from
guidance guidance system ly monitor the specific start to
system case of finish
application
System Does not Takes over Lateral and Driver must Can  cope Driving task
intervene the function longitudinal be with all in every
that driver is guidance potentially situations in situation and
not able to take  specific road
performing over applications

The difficulties that automated vehicles (AV) involve, not only in the area of
technology, but also in the fields of philosophy, morality and social responsibility, fully
autonomous vehicles (level 5) will only be able to operate from the year 2040 onwards
according to Altenburg [3].

1.2. Objectives of own work

The generation of particularly challenging road traffic scenarios is to be implemented
mainly using MATLAB by means of Reinforcement Learning. The first part of the work
consists in developing a measure for the complexity of such traffic situations. The
formulation of the complexity evaluation can utilize some of the estimates or a mixture of
the estimates proposed in the section of state of the art. Since these estimates are limited
to an extent by the definition of the environment and the physical system that this Thesis
makes use of and taking into account the fact that the measure of complexity has to apply
for the whole scenario, some changes and additions are needed. It is important to remark
that the environment (such as the highway) and traffic elements and situations that are
going to be simulated should be as realistic as possible. Otherwise the real-life application
of the results would make no sense.

Once the complexity measure is formulated, the second task of this job begins. The
development of complex test scenarios is done in MATLAB. This program has its own
Reinforcement Learning packages and toolkits (version 2019a and later versions). The
predefined functions and environments will be modified to make be able to train agents
under the conditions of the traffic environments. Besides, the action space must be defined
in the environment. Finally, the agent will be trained and will obtain the most complex
scenarios and their associated complexity.



In order to compare the performance of the MATLAB implementation, Python will be
used too to carry out the training in the same traffic situations, using the same algorithms
that the ones utilized in MATLAB.

1.3. Work structure

The Thesis begins with the Introduction, which includes the presentation of the
automated vehicles and the objectives of this Thesis. Next, a chapter including the state
of the art for both the complexity measure and Machine Learning. Machine Learning is
divided into its three main methods of learning and for each method it is explained the most
relevant parts for this work. The methodology section first analyses the models used for
the highway and for the cars and their movements, following it with the implementation of
those models in MATLAB and Python. To end with, a discussion of the results obtained in
both programming languages and a comparison between the two is carried out. In Figure
1.1, the structure is presented as a scheme.

Introduction

» Complexity

Yy g
State of the art |

-l Machine Learning

Model (Environment)

Methodology

2

Matlab and Python

\ 4
Results and Conclusions

Figure 1.1. Work structure.






2. State of the Art

In this section, the different parts that play an important role in this Thesis are
presented. First of all, the complexity term will be studied and bounded taking into account
the problem that it is tried to be solved. Next, a short introduction to Machine Learning, its
different methods and algorithms will be presented.

2.1. Traffic Scenario Complexity

Complexity is an ambiguous term, which can potentially have many different
interpretations. Finding a definition of complexity that satisfies everyone and every
imaginable application is practically impossible.

2.1.1.Complexity in general

Trying to find a definition of complex physical systems is a good starting point, as
roads, vehicles and other traffic participants (such as pedestrians) are physical entities
which combined make up physical systems with many different configurations.

In physics and more concretely in thermodynamics, the most frequent measure used
to evaluate the complexity of a defined system is usually characterized as disorder or the
decrease of order. The determination of such lack of order or change in it is assessed
using the system’s entropy [4], [5]. The system entropy is defined as a probability of actions
or trajectories that end in a certain state. The higher the number of possible states, the
higher the disorder. Being A the disorder, Q the order, k the Boltzmann’s constant and p
the probability of actions, complexity " can be measured taking into account the system
entropy S and the maximum entropy that can be achieved in that system Smax as a
monotonically increasing measure of disorder equation (2.4). The coefficients a and 8 are
subjective weights given.

S= —kXpInp; (2.1)
S

A=— 2.2)

Q=1-A (2.3)

r=4%.Qf (2.4)

Taking into account that human behavior is challenging to model based on
probabilities, the complexity of a traffic situation would be better defined by the actual
disorder caused by actions, rather than be based on the probabilities of those actions.

Complexity is also linked with the number of parts of a system, but more importantly
with the correlations between these components that shape a system [6]. This approach
is related somehow to a traffic scenario, in the sense that the action of any actor present
in the situation would presumably influence the other participants, provoking their
(re)actions. This would show that both the action and the reaction are indeed correlated.



In addition, the correlation of the environment and the system is of great relevance for the
complexity of a given situation.

2.1.2.Complexity in traffic

Focusing in the problem of road complexity, the adversity of the situation usually
depends on the environment and the traffic participants of the scene. So, it is possible to
divide the complexity in two parts: the Road Semantic Complexity (RSC) and the Traffic
Element Complexity (TEC) [7]. RSC groups the environment complexity and includes the
road type, the scene type (intersection, tunnel, etc.), and the challenging conditions
(overtaking, pedestrian, etc.). The traffic participants conform the TEC, which depends on
the distance from car to car and the angles between them.

The RSC is calculated using the Support Vector Regression (SVR) [8] based on the
number of tasks in off-line testing N, the number of participants M, and the accuracy of the
prediction and recall F;®:

o)

(6 _ N M ij
Cpm = 1= Li J NMmax(F®) (2:5)

The TEC only depends on the eight possible actors surrounding the autonomous
vehicle, the distance D;to car j and the minimum angle A;to car j:

Cp = % YN qe~(*Pncostdn) 4 go=(ADnsin(An)) 2.6)
With these two measures and giving each one of them a relative weight A1 and A, it is
possible to evaluate the complexity (given that A; + A> = 1):

C == /11CR + AZCE (27)

Other approaches only make use of the RSC [9], using a Support Vector Machine that
makes use of Supervised Learning in order to calculate the complexity, maximizing the
output score of the SVM classifier. In addition to this, lane tracking [10] is difficulted when
the road is not continuous, i.e., where there happen to be sharp turns, lane changes,
atypical road geometries, etc. As the road is described using the lane width, the horizontal
and vertical curvatures, the lateral offset, and the own vehicle pitch, roll and yaw angles,
these discontinuities only make it more difficult for the self-driving vehicle to identify the
lanes. In Figure 2.1 [10], a complex traffic scene according to these definitions can be
observed. In the image, there are many vehicles that block the view of the automated
vehicle, making it more difficult to recognize the lanes.

On the other hand, data acquired from vehicles can be utilized to define the measure
for complexity [11]. The driving situation complexity (DSC) is calculated finding the
perplexity (how well a given sample is predicted by a probability distribution) and the
standard deviation of the data. In this particular case, perplexity is the average number of
contenders identified in the sensing area of the vehicle

DSC, = ATIM, (so2me ) (1 - 2)3M, (- 22L) 2.8)

Perplexity_mean o_mean



where M is the number of variables and A is a correlation factor independently selected.

Figure 2.1. Complex city scene [10]. The recognition of the lanes is difficulted by the close distances to other
traffic participants and the great number of them.

In addition to these approaches, the criticality of the traffic situations can also have an
impact on the complexity of those scenarios, especially when the driver is an automated
vehicle. The criticality can be assessed making use of the time to collision (TTC) [12],
which evaluates the threat levels for a self-driving vehicle based on the calculation of the
remaining time to collide with the preceding vehicle in the case that no action was
performed. In this Thesis, no action means driving with constant velocity and no lane
changes.

In addition to the TEC, sometimes it is also possible that the vehicles ahead the
leading vehicles (vehicles 3, 5, and 8 in Figure 2.2) have an impact on the behavior and
security of the autonomous vehicle. For instance, if the difference in speed between the
vehicle 5 and its preceding vehicle is large, vehicle 5 might need to change its lane in order
to avoid collision. Then, it can occur that the autonomous vehicle must change its lane.
So, the influence of the +1 vehicles in Figure 2.2 is explained.

Figure 2.2. Surrounding positions of the AV(EGO) that potentially have an impact on [44]..

2.2. Machine Learning

Machine Learning is a subgroup of Artificial Intelligence, that is based on the
implementation of algorithms and statistical methods with the aim of developing techniques
that allow machines (computers) to learn. It is said, that a machine learns when its
performance gets better with the experience it gathers. The general idea behind these
algorithms is the collection of data for the problem and use them to solve the task. The
main advantages against traditional optimization methods are the robustness in solving



complex tasks, the reliance on real-world data, and the capacity to adapt to new situations.
[13]

The different algorithms that constitute Machine Learning can be divided in three main
different groups: Supervised Learning, Unsupervised Learning, and Reinforcement
Learning, depending on how the machine performs the task of learning.

The formulation for all three approaches can be defined as a (complex) relation
between inputs and outputs. In short, it is tried to find the best output o to produce for each
input i. Although this objective is common for the three approaches, the information that is
available changes from one to another. If there is a set of data were the inputs and its
outputs are known, the problem can be solved using Supervised Learning. In other cases,
it is possible that only the inputs are available and therefore the most suitable tool would
be Unsupervised Learning. Reinforcement Learning is used when there is no direct
knowledge of the “best” output, but it is feasible to evaluate the quality of an output o when
an input i is observed [14].

2.2.1.Supervised Learning

As stated before, Supervised Learning maps a known set of inputs | with a set of
inputs O, which are known beforehand. This information is usually divided in three groups,
that have different functions. [14]

The first group is the training dataset, which is used to construct a function (or various
functions) or model inferring its parameters to relate inputs and outputs. The procedure
goes as follows: the functions are run with this dataset and their results are compared with
the output or target. The performance is evaluated and the parameters from the model are
adjusted based on the results of this evaluation. Depending on the learning algorithm, the
functions are conditional probability models or joint probability models. [14]

The second group of data is the validation dataset, which is used to tune the
hyperparameters (parameters whose values are established before the training begins
and have an impact on the speed and performance of that process) of the algorithm and
avoid overfitting (the model fits too tight the training data and cannot be used to predict as
the model cannot generalize from those data), choosing the best function/model trained
by evaluating its performance. In order to choose the best functions, there are two basic
approaches: empirical risk minimization (seeks the function that is better fitting the training
data) and structural risk minimization (controls the variance/bias [15] trade-off introducing
a penalty function).

Finally, the chosen function/algorithm is evaluated using the third dataset: the test
dataset. This dataset should be independent of the other two datasets, but its probability
distribution should be the same as the distribution in the training one. In this last step, the
evaluation of the characteristics of the algorithm is obtained, such as the accuracy or the
sensitivity. Accuracy is the ratio between correct predictions to the total number of inputs.
Sensitivity is the probability of getting a correct test result when given a correct positive
example. This process can be applied in early stopping, where the training is finished as
the error of the validation set grows and the previous model with smaller error is chosen.
[14]



While this procedure is common for all the algorithms and problems that are part of
Supervised Learning, the problems can be classified according to the data type that is
used as input/output. The problems are either categorical, meaning that the variables used
are non-numerical, or numerical ones. As an example, an image recognition algorithm that
identifies whether there is a dog or a cat in a picture is a categorical problem. To deal with
this kind of problems, it is possible to convert the categorical variables into numerical ones
using certain techniques of data pre-processing, such as one hot encoding [16].

One of the key objectives of Supervised Learning is to develop an optimal algorithm
that is capable of classifying new data that it has never seen. This calls for the learning
algorithm to be able to derive from the training data in an “acceptable” manner (Figure 2.3

[17]).
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Figure 2.3. Comparison between training and data sets fitting [17]. Blue dots represent the data from the training
and test sets, the orange and green lines represent models used to fit the data. X axis represent position and
Y axis represents speed.

In Figure 2.3, there is a representation of a training set and a test set (blue dots),
with two predictive models fitting each one of the sets (orange and green lines). While for
the training set, the orange model results in an MSE of 4 and the green of 9, in the test set
the MSE is 15 and 13 for the orange and green fits respectively. It can be concluded that
the orange model is worse than the green one, since the orange overfits the data when
compared to the green in terms of MSE.

A big range of Supervised Learning algorithms can be used, each with its own
advantages and disadvantages and, depending on the problem it is faced, some may work
better than others for that particular problem, but there is not one superior algorithm to the
others for all kinds of supervised learning problems. Some of the questions that must be
considered are the bias-variance dilemma [15], the complexity of the function and the
amount of training data, the dimensionality of the input space, noise in the output values,
and the heterogeneity, redundancy, and presence of interactions in the data.

Taking these factors into account, it is possible to determine for the problem at hand
which algorithm works best. Some of the algorithms used are:

e Support Vector Machines
e Linear/Logistic Regression

e Naive Bayes



e Linear discriminant analysis
e Decision trees
¢ Neural Networks

e K-nearest neighbours

2.2.1.1. Neural Networks

Neural Networks are the most known tool for Supervised Learning when it comes to
more complex and/or tasks that have high computational cost. The Neural Networks are
an imitation of what the network of an animal brain looks like. The Neural Network is
composed of nodes called neurons that are connected between them, and a group of
neurons that are in the same level is called a layer (Figure 2.4 [18]).

H'u_l{_]:‘ll
Layer

Input | J:
e

/ \Untv:ﬂ Neuron
[ B - )

The layers are called hidden layers due to
the fact that the user does not see what
happens there, only the inputs and outputs

A are reachable.

./ ’

\\..- J

Figure 2.4. Representation of a Neural Network [18] in which are shown the neurons from the layers, connecting
the inputs and the outputs

In the beginning, the functioning of the Neural Network was designed to solve
problems in the same way that a brain of a human would do. Nonetheless, the power and
applicability of this approach have increased and currently being used to solve problems
like, for instance, computer vision, playing video games (in combination with
Reinforcement Learning), or speech recognition. The way the algorithm works, can be
divided in two phases: propagation and weights update. The outputs y are a function of
the inputs x and the weights w that every node has: y = fn(w, X). There are certain formulas
needed for the gradient of the function of weights, that update them in order to get the
correct prediction; and for the propagation functions, which are functions used to transfer
values through all neurons of a Neural Network layer.

To start with, making use of the propagation functions, the inputs go through the
network generating the output value(s). Then, the error term (cost) is calculated and the
calculated outputs are propagated back through the network in order to obtain the deltas
(difference between the target and the achieved values) of all outputs and neurons of the
network [19]. An example of a quadratic error term or quadratic cost term is shown in
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equation (2.9). Ef is the desired output of neuron j of a training sample r and a" is the
activation value of that neuron j of the layer L.

C=05 E(a]L- — E[)? (2.9)
j

After, the weight’s output delta and input activation (the internal state of the neurons)
are multiplied to find the gradient of the weight. Finally, a percentage of the delta is
subtracted to the weight, updating it. This percentage is called the learning rate and it
determines how fast and precise the learning is. It is important to remark, that the sign of
the delta indicates whether the error grows directly or inversely to the weights. That is the
reason why the weight must be actualized in the contrary direction, descending the
gradient (gradient descent: an optimization algorithm that is used to find the minimum of a
function). Some variations can be made to this procedure in order to improve the precision
and/or the learning speed, avoid oscillations, and avoid getting stuck: the adaptive learning
rate [19] and introducing inertia, so the weights are updated taking into account the
previous change.

Another component that needs to be selected to train a Neural Network is the learning
mode. In stochastic learning [20] every input makes the weights to adjust. In contrast, batch
learning [21] adjust the weights from a batch of inputs, aggregating the errors over the
batch. The difference in terms of performance of both methods relies in that the batch
method produces a faster and more balanced descent to a local minimum, while the
stochastic method nearly avoids any chance of getting stuck in local minima. Since each
approach has an advantage that would be convenient to use a compromise between the
two can be achieved creating mini batches, which are batches of stochastically chosen
inputs.

2.2.1.2. Convolutional Neural Networks

As expected, the basic algorithm of Neural Networks has variants such as group
method of data handling, long short-term memaory or auto-encoders. Convolutional Neural
Networks (CNN) [22] are of unigue importance in this Thesis, since a CNN is applied in
combination with Reinforcement Learning.

As the name indicates, the core of CNNs is the convolutional layer, which at the same
time receives this name from the operation it performs: a convolution. In the framework of
CNNSs, a convolution consists of a dot product (also called a scalar product), multiplying
the array of inputs with a two-dimensional set of weights called a filter or kernel. The fact
that the kernel is smaller than the input data enables the same kernel to be multiplied by
the input array at different points on the input various times. More precisely, on each
overlapping part of the input array the kernel is applied. The result of these multiple scalar
products is a two-dimensional array called feature map made of the output values that
represent a filtering of the input. In Figure 2.5, this process is represented:
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Filter

Input

Feature Map

Figure 2.5. Example of how a filter (kernel) is applied to the inputs, ending in the feature map.

The main problem with this approach is that the feature maps are responsive to the
location of the features in the input, meaning that moving the position of the feature in the
inputs will result in a completely different feature map. To solve this issue, pooling layers
provide a solution based on down sampling, treating each feature map independently. As
a result, the layers within a CNN that are repeated are ordered and a new set of the same
number of pooled featured maps is created. There are two common pooling methods: max
pooling and average pooling. The first sums up the most activated presence and the
second the average presence of a feature. The usual size of the operation is a 2x2 pixel
applied with a stride of 2 pixels. Figure 2.6 [24] shows an example of both pooling methods.

The last element of CNNs are the non-linearity layers, that are applied to each element
of the feature map and do not change its size. Frequent functions are the sigmoid and the
hyperbolic tangent function. To avoid negative values, non-linearity functions are rectified
using the Rectified Linear Units (ReLU). For this reason, the non-linearity layers are often
referred to as ReLU layers. These layers are located after the feature maps and before the
pooling (Figure 2.7).

One of the main applications of CNNs is object recognition. Images can easily be
divided in pixels. The height and the width of an image measured in number of pixels in
addition to the RGB colour are the inputs to the CNN. Many times, the colour is reduced
to greys in order to reduce the dimensionality of the input. Another application of CNNs,
again in combination with Reinforcement Learning, is learning to play videogames, such
as Atari Breakout [23].
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Figure 2.6. Example of max and average pooling [24].
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Figure 2.7. Example of a CNN applied to object recognition [25]. There are convolutional and ReLU layers
combined before every pooling.

2.2.2.Unsupervised Learning

In contrast to Supervised Learning, in Unsupervised Learning the outputs are not
known. In this case, it is tried to discover the underlaying patterns that the inputs have. The
most common uses of this part of Machine Learning are clustering, anomalies detection,
association mining and latent variable models.

Clustering divides the dataset into groups according to similarities found by the
algorithm. This way, anomalies in the data can be detected. The main algorithms that can
be used for this purpose are Hierarchical Clustering, K-means, Mixture Models, DBSCAN,
and OPTICS algorithm, being Hierarchical Clustering and K-means the most utilized ones.
As an illustration, Figure 2.8 [26] shows a possible result of these algorithms. As it can be
observed, the result is very visual and can be easily used to categorize the data.

For anomaly detection the algorithm of Local Outlier Factor is also used and for
learning latent variable models, the most known algorithms are the Principal Component
Analysis (PCA) and the Method of Moments. The aim of PCA is to change a group of
variables that are possibly correlated into the principal components, a set of values of
linearly uncorrelated variables. Thus, the variability of the data is explained through the
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principal components, being the first component the one that explains the most of it. It is
important to note, that the succeeding components are orthogonal to the preceding
components, so the different components are indeed linearly uncorrelated.

Second Principal Component

Height

1“| —l
T T T T T T

- Il

First Principal Component Dendogram with 4 clusters

Figure 2.8. Hierarchical (right) and K-means (left) clustering [26]

The Method of Moments [27] tries to estimate the unknown parameters of the model
based on the relation between the parameters and the moments of the random variables.
The moments for each variable are its mean and its matrix of covariance. This method is
of particular interest when learning the parameters of latent variable models [28].

One of the main applications of CNNs is object recognition. Images can easily be
divided in pixels. The height and the width of an image measured in number of pixels in
addition to the RGB colour are the inputs to the CNN. Many times, the colour is reduced
to greys in order to reduce the dimensionality of the input. Another application of CNNs,
again in combination with Reinforcement Learning, is learning to play videogames, such
as Atari Breakout [23].

2.2.3.Reinforcement Learning

Reinforcement Learning (RL) is considered one of the best-known paradigms for
exploring learning. Basically, the principle of this model is based on the interaction of a
learning agent (the component that makes the decision of what action to take and learns)
with its environment (space where the agent makes its decisions) to reach a specific goal
[29]. The agent does not receive which actions, and in which order it should choose them,
instead it should try to find out which actions receive the greater reward. In many
occasions, the actions have not only an influence in an immediate reward but also in the
next rewards. The delayed reward together with the exploration in form of trial and error
are the most distinguishing features of Reinforcement Learning [29]. Related to them, the
biggest challenge of Reinforcement Learning emerges, as the agent has to receive a great
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number of rewards taking actions from past attempts that effectively generate rewards for
it, which is called exploitation. But it is also needed to discover the rewarded actions, so
the agent has to try actions that have not been tried before exploring all the possibilities.
So, a compromise between the two has to be achieved, but there is not a definite solution.
The overall challenge is called the Exploration-Exploitation Dilemma.

In comparison with Supervised and Unsupervised Learning, in Reinforcement
Learning is not known the best output for a given input, but the quality of the output can be
determined. In the situations where the agent cannot learn from some previous examples
given to it, such as the training dataset in Supervised Learning, the agent must be able to
learn from its own experience. Besides, a Reinforcement Learning agent does not
recognize patterns in data like an agent from Unsupervised Learning. Instead,
Reinforcement Learning tries to maximize a reward.

In Reinforcement Learning, the agent interacts with an environment. To do so, the
agent receives an observation of the state (possible circumstances of the environment) of
the environment and then executes an action according to it. This action results in a
change in the environment and has a reward associated with it [30]. In Figure 2.9 [29], a
representation of the interaction between an agent and the environment is presented.

»
>

Agent

State Reward Action

St It at
lt+1

A

Environment

A

St+1

Figure 2.9. The agent-environment interaction [29]

The factors that compose a Reinforcement Learning problem are the following:

e The environment, in which the agent performs its actions making use of the trial
and error principle. The agent must be able to observe the environment, so the better the
observation, the greater the influence of the true state of the environment on the choice of
actions [30]. The environment is represented by the state s; € S, the agent can do
determined actions a; € A(sy) as a function of the actual state. After the action has been
chosen in time t, the agent receives a reward r+1 € R and the environment is in a new state
Sw1. This state sw+1 depends on the previous state s; and the chosen action a; [31].

e The policy 1 is the strategy that the agent uses to choose the actions. It associates
every state with the probabilities of choosing any action that is possible in a certain state,
so 17(s,a) is the correct form of a policy. Finding the optimal policy that maximizes the
reward of the agent in the long run is the goal of RL. In general, the strategies to accomplish
it are stochastic. It is also possible that there is more than one optimal policy 7. A policy
T’ is better than other policy ™~ when the expected return values for all states in 7" is
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greater or equal to the ones in "~ [31]. A good policy is the one that makes the agent
reach a state with better results and to evaluate this, the value function Vi(s) (later
explained) is utilized. Considering what has been explained, the optimal policy is (2.10):

= argmax V,(s)Vs € S (2.10)

e The reward function or return R:. After every action, the agent receives a reward.
This reward acts as a signal for the agent, telling it which actions are good and which ones
are bad actions. The reward is decisive for choosing the optimal policy, since a low or
negative reward makes the agent change the policy [29]. To maximize the long-term
reward after the actual time t, the reward function is determined as in equation (2.11) [29]
for a finite case with ending time T.

Re =T F o+ Tps o+ 10 = Thops1 Tk (2.11)

It is also possible that there is not an ending time, then a discount factor y € [0,1] is
used (2.12) [29]. This way, future rewards have less importance than the actual reward.
The closer y gets to 1, the greater the influence of the future rewards. The agent then
becomes “far-sighted”. The equation (2.12) can be further developed as in (2.13), showing
that the returns in a time t depend on the returns of successive periods.

R =Tppq + Va2 + Vs + = im0V ikt (2.12)
Ri =11 +¥(Mes2 + Vg + ) = Ty + YR (2.13)

The equation (2.13) makes it easier to calculate returns, but it is not enough to
maximize the long-term return just to look at the current state s.. For this, the value function
is needed.

e The already mentioned value function V,(s) is used to estimate how good the
actual state is, and which actions should the agent choose. In short, the value function is
the expected return starting from state so = s and following policy 7 (equation 2.14). Thus,
the value function tells how good or bad it is to be in a certain state s.

V.(s) = E[R;|s,],Vs €S (2.14)

A variation from the value function is the so-called g-value function Qx(s,a) shown in
equation (2.15). The utility of this function is the same as the value function, with the added
feature of taking actions into account too.

Q.(s,a) = E[Ri|s,m a],Vs € S,Va € A(s) (2.15)

Similar to the relationship for the return R; and the future returns, the value function
can be described as a relationship between the value of the current state s and the next
state s’, called the Bellman Equation (2.16) [32]. The equation affirms that the value of the
starting state must be equal to the discounted value of the next state and the expected
reward. Being * the optimal policy, the value and g-value functions are represented as in
equations (2.16) and (2.17) respectively.
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Vn(S) = [E[Rt|5' T] = IE:[7't+1 + YRyials, ]

= zn(a|s)22p(s',T|S, a)[r+ )/IE[Rt+1|S’]]

a

= Za r(als) Zs’,r p(sl; rl|s,a)[r + )/Vn(S')] , VS €S (2.16)
V*(s) = max Vi (s),Vs €S (2.17)
Q*(s,a) = max Q,(s,a),Vs € S,Va € A(s) (2.18)

The optimal g-value function can be presented as a function of the optimal value
function as in equation(2.19):

Q*(s,a) = E[rpyq + vV (Se41)ls, al (2.19)

A good demonstration on how the value functions work can be produced with a 4x4
grid [30]. The agent can be in every square of the grid, each one representing one state.
The aim of the agent is to get to the top left or bottom right squares. There are four possible
movements: up, down, left, and right. For each movement that the agent makes, it receives
areward of -1. In Figure 2.10 (a), it is shown in each square the expected values of each
state following a random policy. For instance, when the agent starts in the second square
of the first row, it takes 14 actions to get to the objective squares. Figure 2.10 (b) shows
the optimal policy values, which needs to be approximated using suitable methods and in
Figure 2.10 (c) the optimal policy is represented.

(@ (b)

Figure 2.10. Random policy (a) and optimal policy (b) values [30]
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Figure 2.10. Optimal policy [30]

2.2.3.1. Markov Decision Process

There are many possibilities available to solve a RL problem. One instance to
describe those problems is the Markov Decision Process (MDP) [33, 34]. In an MDP it is
required that the environment has a finite set of states and actions for each possible state.
The MDPs need to satisfy the Markov Property (equation (2.21)): “the future is independent
of the past given the present”. That means, that a state s; is Markov if and only if the
previous states s: to St1 can be discarded:

Plsii1lse] = Plsir1lSq, o) Sel (2.20)

The simplest MDP is a Markov Process [34]. As said, the number of states is finite,
and all the probabilities of going from one state to another are grouped in rows forming a
State Transition Matrix. In these processes, there is not a goal or objective nor a reward
or value for being in a state. If they are added, the Markov process develops into a Markov
Reward Process, that also counts with a discount factor y and a reward function as in
equation (2.13). The value function can be used in the same way that it was explained
before, but without the policy 7. In the moment that the policy is added, the agent also
must make decisions, so now it is a Markov Decision Process.

The algorithm for MDPs works in two steps. In the first step the values are updated
and in the second one, the policy is updated. These steps are repeated in order for all the
states until there are no more changes. The most important variants to the algorithm of the
MDPs are the value iteration, where the policy function is not used, and it is calculated
within the value function combining the two steps into one; and the policy iteration, where
the first step is performed and the second one is repeated until it converges. After, step
one is repeated and so on. [34]

Based on this functioning, there are different methods that can be applied to solve a
Reinforcement Learning problem.

2.2.3.2. Dynamic Programming

Dynamic Programming [35] breaks complex problems down into smaller ones to solve
them. The two main requirements for Dynamic Programming are the optimal substructure
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and the overlapping sub-problems. Optimal substructure refers to the fact that the optimal
solution of the smaller problems can be utilized to solve the bigger problem. When breaking
down the problem, many sub-problems can occur many times (overlapping). Therefore,
solutions to sub-problems should be able to be saved and reused.

Besides, two kinds of problems can be distinguished. The prediction problem [36]
starts with a given policy, for which it is needed to find the value function. That means,
evaluate how good the given policy is. This process is called policy evaluation. In control
problems, the goal is to find the optimal policy and value function, i.e. find what is the best
thing to make (policy iteration).

¢ Policy evaluation bases on applying iteratively the Bellman Expectation backup.
For the given policy, the problem is started with a value function V1 with a value of 0. Next,
using the Bellman Equation, a new value function V; is calculated. The process is repeated
until the value function converges to V.. The use of synchronous backups allows to
consider all states at every step: if s is the current state and s’is a successor state, at each
iteration i+1 the policy Vi:1(s) is updated from Vi(s’), which has been calculated using the
Bellman Equation. The process is repeated until convergence to the value function of the
policy V5. Figure 2.10 (a) showed the result of starting with a random policy, which is far
away from the optimal policy values in Figure 2.10 (b).

¢ The solution to this problem is the policy iteration from MDPs, which consists
in applying the Bellman Equation to iterate the policy and acting greedily.

Using the before mentioned policy evaluation, the policy 1T is assessed. The policy
can be improved acting greedily: look one step ahead to find the action that gives the
maximum g-value function. Then, the policy is updated to a new policy 7. This process is
repeated till the convergence to the optimal policy 7*.

e Another approach of MDPs to solve control problems is value iteration. It serves
the same purpose as the policy iteration, but in this case the Bellman Optimality Equation
[37] is used. The principle of optimality states that any optimal policy reaches the optimal
value from a state s, V*(s), if and only if for any state s’that is a successor of s, the policy
m achieves the optimal value from s’, V*(s’). The approach is similar to the policy evaluation
making use of synchronous backups. Value iteration uses the value function instead of the
g-value function as in policy iteration. The difference between value iteration and policy
evaluation relies in that the policy iteration has the advantage that it has a stopping
condition (when the policy array does not change when applying step one to all states),
but it is slower when the number of possible states is large.

One of the conditions that are needed to solve Reinforcement Learning problems
using Dynamic Programming is that the environment is fully known. But this fact is not
always possible. Therefore, in problems were a model of the environment is not available
other methods must be used.

The principal methods for model free predictions are the Monte-Carlo Learning and
Temporal-Difference Learning.
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2.2.3.3. Monte-Carlo Learning.

Monte-Carlo Learning [38] learns directly from episodes of experience. These
episodes must be complete before learning. Another drawback in comparison to Dynamic
Programming is that Monte-Carlo does not use bootstrapping (use one or more estimated
values to update the same kind of estimated value). Monte-Carlo policy evaluation uses
the empirical mean return instead of expected return (equation (2.13)). There are two ways
of evaluating the value function of a policy. The First-Visit policy evaluation asses the value
of state s of a policy, which is given. The first time-step t that the state s is visited in an
episode, the counter of number of times visited of that state N(s) is incremented by 1. Next,
the total return of that state S(s) is incremented by R; (the return in time-step t) and the
value is estimated by the mean return, as in equation (2.21). As N(s) grows to infinity, V(s)
is closer to Vx(s).

V(s) = S(S)/N(S) (2.21)

The second approach to policy evaluation is the Every-Visit. It works exactly the same
as the First-Visit method except for the fact that the counter N(s) is updated in every visit
to that state s, instead of only in the first visit. In both of these methods is necessary to
keep record of the statistics of the algorithm, meaning that the value can only be obtained
after all episodes have been completed. This problem can be dealt with the incremental

mean equation (2.22) applied to the Monte-Carlo method in equation (2.23). i;, represents
the mean and xx the input.

1
K = MUg—1 T ;(xk — Ug—1) (2.22)
1

V(se) «V(sp) + NGsp)

(Re = V(sp)) (2.23)

Sometimes, it is not required to remember things that happened in the past. This
occurs with non-stationary problems. Equation (2.24) shows what is recommended to use:
a running average approach, being a the learning rate.

V(se) « V(sp) + a(R, —V(sp)) (2.24)

2.2.3.4. Temporal-Difference Learning

Temporal-Difference Learning methods [39] learn from the interaction with the
environment or experience. One advantage from this method in comparison with Monte-
Carlo Learning is the utilization from bootstrapping, so it is not necessary that the episodes
end before learning. A good example to illustrate the difference between the two models
is if we tried to estimate how long does it take to walk home from university. In Monte-
Carlo, the states would receive its value once we reached home (actual result). In contrast,
in Temporal-Difference the value would be updated along the way at each state based on
the impact that the next state has on the current one (estimated result).

The simplest Temporal-Difference algorithm is TD(0). TD(0) updates the value
function V(s;) to an estimated return in equation (2.25) instead of to the real return R..
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V(se) < V(se) + a[Rey1 + ¥V (Ser1) — V(] (2.25)

Rw1 + yV(sw1) is the TD target and when subtracting the actual value V(s;) the TD error
is obtained. While Temporal-Difference has low variance and some bias as the TD target
is calculated with one random action, transition and reward; Monte-Carlo has high variance
and no bias, since the target is the actual return Ry, which is calculated with a great number
of random actions. In conclusion, Monte-Carlo is less sensitive to the initial value and good
convergence characteristics while Temporal-Difference is generally more efficient but does
not always converge and it is more sensitive to the initial value.

In addition to the way of calculating the value of each state as presented in equation
(2.26), it is also feasible to do it taking a one-step look to all other possible states and
compute the value of the current state as an expected value (2.26). Furthermore, an n-
step Temporal-Difference learning can be used as a compromise between TD(0) and
Monte-Carlo. The value will be determined looking n-steps ahead and implemented in
Temporal-Difference algorithm (2.27).

V(sy) < E[Riyq + YV (Se41)] (2.26)
V(se) « V(so) + aR™ —V(s) (2.27)

The more advanced Temporal-Difference learning methods will now be explained, as
they present some advantages and other uses as the basic TD(0).

1. TD(A) is a more generic learning method than Temporal-Difference Learning or
TD(0). TD(0) is a TD(A) with A = 0. The difference is in the way that the return is calculated.
Instead of a n-step return R{" , a decaying weighted sum is utilized to combine all n-step
returns (2.28) and to calculate the actual return (2.29).

R} =1 -2 X2, A 1R™ (2.28)
V(se) « V(se) +a(RE —V(s) (2.29)

The forward view of equation (2.30) needs of complete episodes to update values. To
fix this issue, the backward view provides the mechanism to update the value from
incomplete episodes. The value is updated for every state s proportional to the TD error
in timestep t (&) and the eligibility trace E; (assigns more credit to most frequent and to
most recent states).

V(s) «V(s)+ ad.E.(s) (2.30)
E.(s) =yAE;_1(s) + 1| Ex(s) =0 (2.31)

2. An on-policy method (the algorithm is concerned about the policy which yielded
past decisions) from Temporal-Difference is SARSA which receives its hame from the
acronym of the state s;, the action a;, the reward r, the successor state sw1, and the
successor action a1 [40]. It's a control algorithm, so only the g-value function must be
optimized, as in the policy iteration method. The objective is to determine for all pairs of
states s and actions a the g-value function Qx(s,a) for the policy 7. Even though the
process is the same as in TD(0), instead of calculating the value taking into account
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transitions from one state to another, the transitions that are considered are from state and
action pair to another state and action pair. The update of the g-value function in equation
(2.32) is analogous to the update of the value function in TD(0) in equation (2.26).

Q(sear) <« Q(spyar) + alReyy + ¥Q(Sey1, Aryq) — Q(Se, ap)] (2.32)

The update rule in equation (2.32) is only used for non-terminal states. If the state S.1
is a terminal state, then the g-value function for that state and actions is zero. The SARSA
method acts according the e-greedy policy as an adjustment for the Exploration-
Exploitation Dilemma. With a probability of 1-¢, the agent chooses the best action possible
in the state following the greedy policy. With a probability of € a random action is chosen
by the agent. With this practice it is tried to ensure that the agent explores new possibilities
and accepts negative short-term rewards but achieving a better long-term return.

There is a variant of SARSA, called expected SARSA which uses the expected value
from the g-value function (2.33) instead of the actual value as in equation (2.32).

Q(spar) « Q(spyar) + alReyq + YE[Q(Sp41, Qpy1)|Se41] — Q(se ar)] (2.33)

3. Q-Learning in comparison with SARSA is an off-policy control method [41]. This
means, that the agent chooses an action a without following a policy but just in a greedy
way, taking the max of the g-value function over the action chosen. Comparing equations
(2.34) and (2.32), the difference relies on the max for the g-value.

Q(seyar) < Q(spar) + alRpyq + ymax,Q(Ses1,a) — Q(se, ap)] (2.34)

In general, Q-Learning performs better than SARSA and the expected SARSA. To
illustrate the difference between the three algorithms in terms of performance, an example
using the Taxi-v2 gym environment [42] is conducted. This problem consists of a taxi that
has to pick up a passenger at one of the four available locations and drop him in another.
The agent receives 20 points for a successful drop-off and loses 1 point for every step it
takes. It also includes penalties for illegal pick-ups and drop-offs.

The following values for the hyperparameters were used [43]:

e a=0.04
e y=0.999
e £=09

e Number of episodes = 2000

¢ Maximum number of steps per episode = 2500

In Figure 2.11 it can be seen that Q-Learning (green line) converges faster as SARSA
and the expected SARSA. Figure 2.12 shows the amount of time required for training the
agent.
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Figure 2.11. Convergence comparison of SARSA (orange), Q Learning (green), and Expected SARSA (blue)
(43]
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Figure 2.12. Comparison of time to complete the training between SARSA (dark blue), Q Learning (light blue),
and Expected SARSA (red)

2.2.3.4. Deep Q-Learning

Q-Learning still can be improved, as it shows some limitations when the state space
is of a considerable size, like in a videogame. In order to implement Q-Learning, it is
necessary that all possible states are visited. While the right solution can be found even
without visiting all states, as the state space grows it is more unlikely that this happens. To

solve this problem, a Convolutional Neural Network is introduced, creating de Deep Q-
Network (DQN) [44].
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As CNN are used mainly with images, the explanation on how DQNs work will be
given using the example of a videogame. In a videogame, our states will be each one of
the frames of it while it is running.

The first thing to do is to pre-process all the data. This step is key in order to reduce
the complexity of the state space, reducing the needed computation time for training the
agent. So, the frames are greyscaled (getting rid of colours and presenting the images in
black and white) as colours do not give important information in many cases. In the
videogames that it does, other approaches to pre-process data should be used. Thus, a
big step is made to reduce complexity, as the three channels of RGB colours are reduced
to only one of greyscale. Another improvement to reduce the size of the states is cropping
the images. For instance, in Atari Breakout [27] the upper, lower, and side pixels can be
deleted (marked in red in Figure 2.13).

Figure 2.13. Atari Breakout game [27]

Next, some consecutive frames need to be stacked. The reason for it is that with just
one frame as in the image above, it is not possible to deduce in which direction the ball is
moving, so creating a sequence of frames stacked is of great use.

Then, the array containing the number of pixels and its colour in greyscale, is
introduced in the CCN of the algorithm and the result is obtained. One characteristic of this
algorithm is that the DQN tends to overestimate Q-values of the actions in a given state.
The problem with this aspect of Deep Q-Learning is that not all the values are
overestimated equally and once one action becomes overestimated, the exploration of the
environment becomes harder, as it is more likely that the agent chooses the overestimated
action in the next iterations, and the algorithm never converges.

To deal with the issue of unequally overestimated actions, a double network can be
used. With the utilization of the double network, the action choice is decoupled from the
target g-value generation. One network will select the action and the other one will compute
the target g-value for that action. Copying weights from the action network to the target
network will keep the networks synchronized. This weight-copy is usually done once every
10k. steps. The g-value function update for the double DQN (DDQN) [44] changes with
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respect to the one for Q-Learning (2.34) in the TD target. Besides, as there are two
networks, there are two different g-value functions, one for the action network (2.35) and
another one for the target network (2.36).

Q*(se,ar) « QA(se, ap) + al[Resq + ¥QP (Seqr, argmaxqQ? (se1,@)) — Q4 (spa)]  (2.35)

QB(St' a) < QB(St' ag) + a[Rypq + VQA(5t+1; argmaxaQB(sH_l, a)) — QB(St; ay)] (2-36)
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3. Methodology

In this chapter is presented a procedure that allows to create complex traffic scenarios.
The previous approaches from chapter 2.1 regarding complexity are utilized here and new
ones are constructed aiming to develop a complexity measure that fits the problem that is
faced in this Thesis.

Next, the environment for Reinforcement Learning is presented. In this part is not also
included the model of the vehicles and the model of the road, but also the explanation of
the chosen Reinforcement Learning algorithm and its parameters. In this part is also
contained the previous complexity measure as part of the reward function needed.

The comparison of the implementation between MATLAB and Python is also
commented at the end.

3.1. Complexity measure development

In order to evaluate the complexity of a given traffic situation it is needed a measure
that can give some insight into the problem. As explained in chapter 2.1, creating a system
that is valid to assess the difficulty of any problem in the real world is practically impossible.
So, the measure proposed in this Thesis is only designed for the scope of traffic situations.

The planned approach is to define a vector of attributes for complexity. Each attribute
is weighted depending on the influence assumed and the possibilities of the model. The
formula to calculate the complexity C of a scenario is given by equation (3.1).

t al
C = ZWTdi, wl = [wy,...,wy], a; = [] 3.2)
ay

i=0

In equation (3.1) wTis the vector of attribute weights transposed, i are the different

discrete timesteps, t is the total episode time (duration of scenario), and @; is the
complexity attribute vector for every timestep. ). All the weights are normalized and sum
up 1, and N is the number of attributes.

Regarding the complexity of physical systems, it is made clear that the disorder is a
main driver of it. As in traffic scenarios it is difficult to estimate probabilities for the human
behavior [4] [5], the disorder for a driving situation is more visible when the number of
actions, such as changing lanes, is higher. For instance, a traffic jam does not seem like a
very complex situation, but a situation when a car cuts in front of another car to overtake
a third one, might be considered as more complex than the first one. So, even
acknowledging that the number of vehicles has an impact on complexity, there is a certain
number of vehicles in between no vehicles at all on the road and a traffic jam that makes
the situation more complex. For this reason and given that the model of the environment
always starts with the same number of vehicles for each training instance, there is no point
in including the total number of traffic participants in the vector of attributes.

Following the example of the traffic jam, the number of actions performed during the
episode is taken into account, counting actions from other vehicles as well as actions
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performed by the autonomous car. Moreover, since the actions from the other vehicles
have the potential of directly influencing the autonomous vehicle, the number of reactions
of the autonomous vehicles as a response to other vehicles actions is also included as an
attribute. For instance, if a vehicle cuts in front of the autonomous vehicle and the
autonomous vehicle is forced to brake or change its lane to avoid a collision, the action of
the AV would also be counted.

The actions that any vehicle can do are accelerating, braking, and changing the lane
to the left or the right, and the autonomous vehicle drives on its own. In the next section is
explained in detail how these actions are implemented into the model, but it is relevant to
comment, that some boundaries are needed in order to count the actions of breaking and
accelerating as actions themselves, since accelerating/braking for one timestep (between
0.1s and 0.04s) is not considered enough.

Schuldt [45] proposes a division in different layers for the representation of traffic
scenarios (Figure 3.1). In the model used in this work, the road-level is fixed (a highway
from Germany with three lanes) and there are no parameters related to the levels 2, 3 and
5 that can be modified. These factors are known as RSC [7] as presented in chapter 2.1.
As these factors cannot be customized in the model, they are not included in the complexity
measure.

Road-level (L1)

@ Traffic infrastructure (L2)

&&& Temporary manipulation (L3)

[]
Objects (L4)
I
- |- Environment (L5)
|

Figure 3.1. Road levels for traffic scenario representation [46]

The other factor influencing the complexity in traffic situations is the TEC [7]. The TEC
pays attention to the relative positions and angles between the actors, taking only into
account the surrounding actors in Figure 3.2. These actors can be cars, trucks, motorbikes,
obstacles, etc. and would be included in the level 4 of Figure 3.1.
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Direction of driving

Figure 3.2. Visualization of surrounding vehicles.

Sometimes it is also possible that the vehicles ahead the leading vehicles (vehicles 3,
5, and 8 in Figure 3.2) have an impact on the behavior and safety of the automated vehicle
[44]. For instance, if the difference in speed between the vehicle 5 and its preceding vehicle
is large, vehicle 5 might need to change its lane in order to avoid collision. Then, it can
occur that the autonomous vehicle must change its lane. So, the influence of the +1
vehicles in Figure 3.3 is explained.

Direction of driving

Figure 3.3. Surrounding vehicles with influence [44].

The positions of the other vehicles and angles is included in the calculations of the
time to collision (TTC [12]). Equation (3.2) shows how TTC is measured. Integrated over
time, the TTC transforms itself into the time integrated to collision (TIT, equation (3.3)) [47].
TTC* is the boundary value of TTC.

A —x; — (I, —
S ke Sk C k) (3.2)
Av v, — 1
TIT = [/[TTC* —TTC(t)]dt ¥ 0 < TTC(t) < TTC (3.3)

Besides, TIT and TTC include the differences in relative speed of the vehicles. Here,
a difference between criticality and complexity needs to be made. Critical situations are
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those in which an accident has a high potential of occurring. Some critical situations might
be complex or not, and some complex situations can be critical or not. To account for this
issue, the weighting of the TIT in the overall complexity measure will be smaller than the
rest of the factors of influence. The TIT evaluated is the one for the autonomous vehicle,
since it is the vehicle whose safety is crucial in this Thesis.

Another factor that is included into criticality and not complexity is the sudden
occurrence of an accident. Even though it can be argued whether an accident can cause
a complex scenario or accidents create just critical situations, accidents are maintained
out of the scope of this Thesis. During the training, accidents can happen, but they will not
be rewarded.

In summary, the complexity measure is based on the number of actions of all vehicles
that are present in the environment, the number of reactions of the autonomous vehicle,
and the TIT. Due to the fact that the complexity to assess is the complexity of the overall
simulation and not of every timestep, and the TIT makes sense only once all the TTCs are
collected, the complexity measure will be evaluated at the end of every episode in training
following equation (3.4). The absolute value of the weights is equal to one. In the
beginning, wi and w; are equal to 0.4, and ws is equal to 0.2. The weight of the TIT is
positive due to the fact that an increasing value of TIT would mean a more critical scenario
for the AV, hence more complex too in this approach. Besides, it is divided by 2 in order to
reduce the importance of the TIT in comparison with the importance of the number actions
and reactions for the complexity.

Number of actions
C = [Wwi Wy W3]|Number of reactions (3.4)
TIT,y

3.2. Development of the simulation environment

The simulation environment is divided in three parts. The first part is the definition of
the road itself, following the regulations from Germany for the highways. The second
element is the description of the vehicles and the actions they can make. In order to create
each vehicle some inputs are necessary depending on the type of vehicle. The actions
also depend on the vehicle type. The last element that unites the other two parts is
Reinforcement Learning itself, which at the same time can be divided in two sections: the
environment creation (as defined in RL) and the conception of the agent and the CNN for
DDQN training.

3.2.1.Base road

The basic road which is used in all simulations and all possible scenarios is a German
highway. This highway is depicted in Figure 3.4 and follows the German regulations [48]
for a three-way highway with the traffic for every lane in the same direction.
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36,00

Figure 3.4. Road dimensions [47].

For the simulations, the road starts directly on the 2.50 m mark, without taking into
account those extra 0.50 m. The width of the lanes from right to left is 3.75 m, 3.50 m, and
3.50 m respectively. The distance to the boundary of the road from the left lane is 0.75 m
and can be neglected in the simulation. The width of the road marks is 0.15 m. The highway
in the MATLAB implementation is plotted as in Figure 3.5 [49].

0 5 10 15 20 25 30 35 40 45
Distance travelled in m

Figure 3.5. Highway representation in MATLAB [48]

3.2.2. Vehicle characteristics

The vehicles should be represented in a realistic way in order to obtain practical results
that can be applied in real-life. The possible vehicles that can be included in the simulation
are autonomous cars, normal cars, trucks and motorbikes. For this reason, the width and
the length of every vehicle is included in its definition and the measures are taken from the
mean values of the different kinds of vehicles in Germany. As the environment is simulated
in two dimensions the height of the vehicles is irrelevant. For the cars (autonomous and
normal) the length is 4.90 m and the width is 2.00 m [50]. The trucks are 16.50 m long and
2.50 m wide [51]. Motorbikes measures are based on the most sold motorbike in Germany
for the year 2015 [52]. This motorbike has a length of approximately 2.20 m and a width of
0.92 m.

In addition to this, the initial positions of the vehicles in x and y directions (see Figure
3.5), i.e. in which position of the length of the road and in which lane, must be defined prior
to the beginning of every episode. Also, the orientation plays a role in the definition of cars,
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especially in case they are changing lanes to the left or right. The orientation of 0° is
directed forward in x direction.

There are also other characteristics that define the vehicles that are not needed at the
moment of the creation of each vehicle, but that are calculated through the simulation.
Some of them are the name of the lane in which the vehicle is, the name of the car in front,
TTC in general and for the lane change, the target lane, or the direction of the lane changes

3.2.3. Vehicle movements

Every vehicle can move in different ways and not only in the x direction with constant
velocity. Except the autonomous vehicle that drives independently following some actions
templates with rules, the other vehicles can move freely (what they do is operated by the
agent, but this is later in this chapter explained). The actions are performed in timesteps,
meaning that driving forward for two seconds is translated as going forward a certain
number of steps. For instance, if the timestep is 0.1 seconds, then the action of going
forward for two seconds takes 20 timesteps.

Regarding the actions of the normal vehicles, all of them can be performed no matter
what the vehicle type is. The basic action is drive forward with constant velocity. Also,
vehicles can brake and accelerate, with constant acceleration chosen by the user. The last
action that can be done by the vehicles is to change lane. The lane change can be to the
left or the right, and it needs to be provided with the absolute distance in x coordinate at
which it starts, the lateral displacement, the direction (left or right), and the lateral
acceleration. The pseudocode of this last function looks like:

CalculateChangeDistance=v*sqrt ( (LateralOffset*pi*pi)/ (2*))
If direction = right

Orientation is calculated as positive angle
If direction = left

Orientation is calculated as negative angle

As there is no forward movement, the lateral displacement must be preceded with a
driving forward instance every time.

In contrast, the movement of the autonomous vehicle is based on the Intelligent Driver
Model (IDM) and lane changes with added rules [53]. First of all, the AV has to check if it
has a vehicle in front of him, based on the safety parameters chosen by the user. These
parameters are the desired velocity and the time gap (time distance) to the leading vehicle.
If the leading vehicle is going slower than the desired velocity of the autonomous vehicle,
it checks the overtaking possibility. In addition to this, the AV tries to drive always on the
right lane of the road. If this is not possible, it will try to be on the middle lane, avoiding the
third. Finally, it stays on the lane to the left of the road if the other two are not reachable.
Checking if the lanes are free is made in order. If the AV is in the left lane, it will try to
change to the middle lane, not to the right one. Only when the AV is in the middle lane it
will check if the right lane is free in order to perform the lane change. The functioning is
shown below:
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Lane check #in which lane is the AV
OvertakeCheck (LeadingVehicle, DesiredV, DesiredGap)
If Overtake needed and possible
AVLaneChange (desiredLane)
If Overtake needed but not possible
AVBrake (BrakingAccel)
If lane exists to the right and it is free

AVLaneChange (desiredLane)

All the values for accelerations/decelerations have to be in an order of magnitude that
makes them realistic. Thus, some boundaries to select them are created [50] after studying
the maximum values of some of the most successful in terms of sales cars of Germany.
The boundary values are presented in Table 3.1:

Table 3.1. Boundary Values for accelerating and decelerating vehicles

Measure Min value Max value Used value
Acceleration 1.0 m/s? 8.0 m/s? 3 m/s?
Brake -4.0 m/s? -1.0 m/s? -3 m/s?

3.2.4. Automated Vehicle test

Before the training using Reinforcement Learning can begin, it is necessary to test the
behavior of the AV. The behavior should be according to the rules and functions described
in the previous section. To do so, two situations are created. The first one checks if the AV
breaks in case it cannot overtake the vehicle in front of him because its left lane is blocked.
There is an infinite truck which is blocking the middle lane, so the AV depicted in blue
cannot change lanes to the left when it encounters a slower vehicle in the right lane. The
situation is shown in Figure 3.6. In Figure 3.7 the AV velocity (after 5 seconds) is 23 m/s
and it started at 29 m/s.

) 10 20 30 40 50 60

Distance travelled in m

Figure 3.6.Test 1 AV starting position of the vehicles.
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Distance travelled in m
Figure 3.7. Test 1 AV end position of the vehicles.

The second test checks whether the AV is capable of overtaking vehicles and then
return to the right lane. Figure 3.8 to Figure 3.10. show the process in which the AV first
overtakes the car in the right lane after passing the truck (Figure 3.9), then overtakes the
car in the second lane changing to the third one (Figure 3.10), and lastly returns to the right
lane.

) 10 20 30 40 50

Distance travelled in m

Figure 3.8. Test 2 AV starting position of the vehicles.

Distance travelled in m
Figure 3.9. Test 2 AV Overtaking. First lane change of the AV completed.
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Figure 3.10. Test 2 AV Overtaking. Second lane change of the AV is performed

3.2.5. Reinforcement Learning environment

With the definitions of the road and the vehicles, when the algorithm for training is
chosen the environment for Reinforcement Learning is ready to be set up. The code for
this environment can be found in Appendix B.

To do so, the RL learning method is decided. As there is no policy predefined for the
scenarios, the algorithm must be an off-policy method. Besides, the high number of
possible movements and the fact that they can be performed in every timestep creates a
huge state space. If during the exploration, many states are left, the algorithm may not
work. Finally, the actions are discrete because they are performed using the movement
templates illustrated in chapter 3.2.3. There is no decision to be made of acceleration or
distance, only left or right, break or not with a fixed acceleration. It is true that actions with
different values of, for instance, acceleration can be implemented, but that would make the
action space unnecessarily big, at least for the first test and trainings. Taking all these
factors into account, the algorithm chosen is a DDQN.

Every Reinforcement Learning environment has three fundamental parts or functions.
Properties are the variables and objects that appear throughout the simulation of every
scenario. The step function performs, as its name says, a step when the algorithm tells the
environment to do it. And finally, the reset function, which puts all variables and objects in
their starting positions from the properties (sometimes it can also randomize them). As the
environment uses a discrete action space with a continuous state space, the environment
is a modification of the known Cart pole environment, both in MATLAB and Python.

The properties of the environment include those variables and objects whose values
need to be saved and they can be called from other functions inside the environment or
call other functions from the outside. In this case, outside called functions are those created
to move the vehicles. In the properties of the environment it is defined also the state vector
as an array of zeros and the reward/penalty for certain actions.

Next, the action space and the state space are created. As the actions are
deterministic, only one is chosen every step, and there are no physical properties of them
that are modified, they are described as numbers (from 0 to K, where K is the total number
of possible actions). The total number of actions K is calculated on equation (3.5)
depending on the number of traffic participants N. Because the AV is not controlled by the
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agent there is one actor less in the scenario. The +1 in equation (3.5) corresponds to action
0, that indicates the agent to do nothing and the vehicles just move forward.

K=4N—-1)+1 (3.5)

The state space needs to be related to the actions that are performed. The actions of
the vehicles influence directly their velocity and positions in x and y directions. For this
reason, the state space consists of three measures for every vehicle: x position, y position,
and the absolute velocity. So, size of the state array S is determined as in equation (3.6).
The number of different possible scenarios grows exponentially with the increase of the
sizes of the action and state spaces.

S =3(N-1) (3.6)

The step function advances the simulation one step every time it is called by the agent.
The number of steps is selected by the user. The general functioning of any step function
in Reinforcement Learning goes as follows. The first thing to do is to choose the action
from the action space. Next, the action is made, the results of the actions are calculated,
and the environment is observed, giving back to the agent the reward and the observed
state. If the episode (one episode is one run of the environment from the beginning till the
end) is not finished, another step is performed. Otherwise the agent resets the environment
and starts a new episode.

However, in the highway environment some modifications had to be made, in order to
simulate a realistic behavior. Every step that the agent takes is equivalent to 0.1s of
simulation. Simulating for 25s is equivalent to do 250 steps in each episode but crashing
two of the traffic participants makes the agent finish early the episode with a negative
reward. Some of the actions take more than one timestep, for instance changing lanes.
So, if the agent chooses to change the lane of one of the vehicles, the action remains the
same for a fixed number of steps in order to complete the action. The other actions (do
nothing, brake, and accelerate) can be done every step, they do not have a fixed number
of steps to be completed. This difference is caused by the fact, that letting the agent
change the action in every step made that the lane changes were not completed, ending
with vehicles that were between two lanes.

Once the action is finished, the agent can choose any other action. When the actions
are performed, the properties of the vehicles are updated. This part is of great significance
because the actions highly depend on the properties of every vehicle. For instance, if the
AV detects that the car that is in front of him brakes, it can also brake. But if the
characteristic related to the AV that tells it which its leading vehicle is was not updated, the
AV might crash.

If the action was a lane change, it is checked whether it has finished or not. If it is
finished, a flag indicating the end of it is raised, and the agent in the next step can choose
any other action. If the lane change is not finished when it is checked, then the action is
forced to be the same in the next steps of the environment, until it is finished.

After the chosen action is made, the environment checks for collisions and the
observation of the state of the environment is made. If there are no collisions and the total
time is smaller than the maximum time, the agent performs another step and the process
repeats. If there is a collision, the agent earns a negative reward and terminates the
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episode. If the episode reaches the maximum number of steps, the agent also terminates
the episode. As the complexity looked for is the one of the overall situations and not of
every timestep, every step receives a reward of 0 unless it is the ending step of the
episode, when it receives a reward following equation (3.4) if the episode was completed
without any crashes.

Every time that an episode terminates, if the agent is not finished learning it simulates
another episode. Before starting the episode, it is important to restart all variables and
vehicles to their initial values and positions. This is done through the reset function.
Besides, in this function the vehicles are created as an object and the initial conditions (the
initial state) are given to the agent.

The process is repeated until the agent learns. The discussion on the learning of the
agent is done in the next sections, but as a matter of fact, when the agent has learnt in
MATLAB can be chosen by the user. When the conditions imposed by the user are met,
the agent is saved and might be used to create other scenarios. The general pseudocode
of the environment is presented, as a summary of what above is explained.

Environment Highway
Properties:
TimeStep
Collision
VehiclesDimensions
Vehicles #as objects
TotalTime
Methods:
Highway:
StateSpace
ActionSpace
Function step:
SelectAction
if (action is not do nothing or brake or accelerate)
doAction for a predefined number of steps
else
doAction
GoForward (all vehicles)
UpdateProperties (all Vehicles)
CheckFinishedLaneChange
CheckCollisions
State #give back to the agent
If Collision or Time > TotalTime
getReward
end episode
Function reset:
CreateVehicles (Positions, Velocities, Orientation)
InitialState
Reset properties
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3.3. Reinforcement Learning algorithm

3.3.1. MATLAB

DDQN is the Reinforcement Learning algorithm of choice to solve the problem
addressed in this Thesis. In chapter 2.2.3.4. the way of working of this algorithm is shown.
DDQN uses a CNN between the inputs and the outputs. MATLAB has its own packages
and toolkits, with predefined options to create the networks, the agent and to train it. On
the other hand, all this is programmed by hand in Python, making use of some of the
functions included in TensorFlow.

First, the MATLAB approach is explained. The first thing to do in MATLAB is to reset
the environment (using the reset function explained in chapter 3.2.5). Then comes the
CNN. The inputs to the CNN are the state and the action. In MATLAB these inputs go
separated, so two paths are created for the CNN. The chosen parameters for the CNN are
200 neurons in each layer, and the chosen rectification layers are ReLU. As the state is
an array with more than one value, there are three hidden layers in that path, which are
named as CriticStateFCX in Figure 3.11. The action is only one, so there is also only two
hidden layers, which are called CriticActionFCX (also in Figure 3.11). At the end of the
CNN, both inputs merge together in the CommonPath and are rectified in the last ReLU
layer. This Neural Network is based on the networks used for the Cartpole and the Walking
Robot [54], with some more layers were added to improve the learning accuracy.
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Figure 3.11. CNN used in MATLAB.

The agent is created with an Adam Optimizer [55]. The Adam Optimizer is an
extension of the stochastic gradient descent used to update the network weights. Some of
the benefits of using this optimizer are that it is straightforward to implement, it is efficient
in terms of computation and has litle memory requirements, it is well suited for large
amount of data and parameters, and the hyper-parameters have intuitive interpretation.
Adam is also a combination of Adaptive Gradient Algorithm (AdaGrad) and Root Mean
Square Propagation (RMSProp). The advantages of combining those optimization
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methods are realized in Adam. For example, it uses both moments (mean and variance)
to adapt the learning rates instead of only the first moment as in RMSProp. The learn rate
for Adam is set to 1e-4.

Other parameters from the agent that can be tuned are the Gradient Threshold (how
much as a maximum can the weights vary in every step) and the regularization method
(used to create less complex models when a large number of features is present adding a
coefficient as penalty to the loss function) used is L2 (Ridge Regresion), with a factor of
le-5.

In addition to this, a double DQN is used as explained in chapter 2.2.3.4. The discount
factor y is set to 0.99, the minibatch size to 1024, and the experience buffer to 10 thousand
samples. These values are selected after trying many different combinations of
parameters, as it is shown in the results chapter. Table 3.2 summarizes these data.

Table 3.2. Summarization of the values used in the CNN of the MATLAB approach.

Variable Value
Learning Rate a le-4

L2 Regularization Factor le-5
Discount factor y 0.99
Batch size 1024
Experience Buffer 10000

The training is stopped when the agent meets some requirements from the user. Here
it is used the average reward from the last 5 episodes (as a running average). If the
average goes over a certain threshold, the training is stopped. The agent is saved following
the same criteria. Selecting the threshold is not trivial. Supposing the maximum reward
was of 100, selecting 100 as a threshold for the training may not lead to the most complex
scenario. Due to the definition of the TIT (equation 3.3) every negative value and every
value over the boundary TTC* is reduced to 0 and thus, neglected. If the AV stays away
from all other traffic participants, its TTC in every timestep will be large. This way, the TTC
is 0 and by extension, so will be the TIT. As it is added in equation (3.4), this means that
the large TIT does not affect the complexity of the scenario if it is 0, so the reward in the
example could be 100. But, if in another situation that is very similar, but the AV gets closer
enough to another so the TIT is not 0, the complexity will be greater than 100, being this
scenario more complex than the first one. Apart from reducing the threshold to a
reasonable level, the TTC* can also be increased so larger numbers of TTC are not
discarded, and the criticality is further taken into account and affects in a better way the
complexity measures.

3.3.2. Python

The Python approach uses the same algorithm as in MATLAB, but with some changes
in the parameters and the way it is programmed.
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To program in Python, the software used is ANACONDA and the Python version is
Python 3. The code used for this part is available in the annex section. The code is divided
in three parts. The first one is the creation of the class vehicle, which includes the same
movements for the vehicles as the Matlab vehicles script. The second part is the creation
of the CNN for Python and here are the main differences with the other approach. The
CNN is created using only two hidden layers with 200 neurons each. While in Matlab there
are many Ciritic layers (see Figure 3.11), in most applications in Python only two layers are
enough. Besides, increasing the number of hidden layers affects negatively the speed of
training with the resources available. Those are the reasons to select only two hidden
layers, since the same situations are learned faster with no loss of precision when using
smaller networks (see chapter 4). It is important to note that in this case, there is only one
path, where the inputs are the actions and the output is the state. This difference comes
from the way the MATLAB toolkits are programmed, which always require two paths(for
states and actions) instead of only one like in Python. The rectifier layers are tanh functions
instead of ReLU. The batch size is 64 and the learning rate stays the same at a value of
le-4. These values are shown in Table 3.3.

Table 3.3. Summarization of the values used for the CNN in Python.

Variable Value
Learning Rate a le-4

L2 Regularization Factor le-5
Discount factor y 0.99
Batch size 64

Experience Buffer 10000

The last part of the Python script is the programming of the training. Here it is selected
the total number of episodes for training and in which episodes the weights are copied
from one network to the other. In this case, every 50 episodes the weights are transferred
between the networks. The Python code for the DQN agents can be found in Appendix C.

3.4. Base Scenarios

3.4.1. Scenario for Hyperparameter Tuning.

With the developed simulation scenario, vehicle movements and characteristics, and
the creation of the learning algorithm it is possible to generate complex traffic scenarios.
To do so, a base scenario is created.

First of all, the number of vehicles has to be selected. If the number of vehicles is too
low, the complexity is reduced. This also happens if the number of vehicles is too high and
there are no possible movements for any vehicles, as if the situation was a traffic jam or
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just a situation where there is too much traffic, but the vehicles are not stopped. With a
highway of three lanes, the selected number of vehicles is six. From left to right, there are
three trucks on the right lane, which drive close to each other at a constant speed. In the
middle lane, two normal cars driving at some distance from one another, and in the left
lane the AV, which is going faster than the other three vehicles. There are no special
conditions in the road. The initial situation of the scenario can be seen in Figure 3.12.
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Figure 3.12. Starting situation of the environment for Hyperparameter tuning in MATLAB.

The initial velocities and positions of all vehicles are presented in Table 3.4. The
velocity values are realistic values for the highways that are considered safe. It is true that
in the German highways it is possible sometimes to go without speed limit, but in this case
the velocity of the AV is selected to be in a reasonable level. The boundary value for the
time to collision TTC* is set to 5 seconds.

Table 3.4. Starting positions and speed for the traffic participants of the base scenario.

Name Starting X Starting Lane Starting Speed
Position
Autonomous 5m Left Lane 30 m/s (126 km/h)
Vehicle
Carl 5m Middle Lane 25 m/s (90 km/h)
Car2 40 m Middle Lane 25 m/s (90 km/h)
Truckl 20m Right Lane 20 m/s (72 km/h)
Truck?2 40 m Right Lane 20 m/s (72 km/h)
Truck3 60 m Right Lane 20 m/s (72 km/h)

If no movements were made by the cars in the middle lane and the trucks in the right
lane, the automated vehicle goes to the right lane when it is free, making two movements.
So, the value of the complexity for the scenario with no movements, according to equation
(3.4)is 0.8.
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3.4.2. Training Scenario

In order to train the agent in a different situation, a new scenario is created. In this
scenario, the AV drives on the right lane with a truck that is going slower in front of him. In
the middle lane there are two normal vehicles driving. The left lane is free. Figure 3.13
depicts the initial situation of this training scenario. This scenario is going to be tested in
Python too.

0 10 20
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Figure 3.13. Starting situation of the training scenario. There are only four traffic participants in the whole
scenario. The truck is not allowed to leave the right lane and does not perform any actions.

In Table 3.5., the values for the initial positions and velocities of the vehicles is
presented.

Table 3.5. Starting values for positions and velocities of the different traffic participants in the training scenario.

Name Starting X Starting Lane Starting Speed
Position
Autonomous Om Right Lane 30 m/s (126 km/h)
Vehicle
Carl 5m Middle Lane 25 m/s (90 km/h)
Car2 40 m Middle Lane 25 m/s (90 km/h)
Truckl 40 m Right Lane 20 m/s (72 km/h)

3.4.3. Simulation Scenarios

The trained agent must be evaluated in other scenarios to check its performance and
applicability to create complex situations in other scenarios that it has never seen.

There are two scenarios proposed that are based on the training scenario. The first
one adds to the training initial situation a third car in the left lane driving faster (33 m/s) that
cannot be controlled by the agent and only drives straightforward. In the second simulation
scenario, the third car also appears and there is another truck in front of the first one. The
agent cannot control the third car that is placed in the left lane.
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Figure 3.14 shows the initial situation of the two scenarios (in the second one the
second truck is way ahead and does not appear in the image) and Table 3.6 the position
of the third vehicle and its velocity (for both simulations) and the positions and velocity of
the truck that only appears in the second one.

0 10 20 30 40 50
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Figure 3.14. Starting situation of the traffic participants for the simulation scenarios.

Table 3.6. Starting positions and velocity of the car added to the simulation scenarios.

Name Starting X Starting Lane Starting Speed
Position
Car3 5m Left Lane 33 m/s (119 km/h)
Truck2 80 m Right Lane 20 m/s (72 km/h)

A third scenario is created to avoid having the vehicles in the same positions than in
the training scenario, as this might influence the performance of the trained agent. So, the
truck is placed in the middle lane and the car2 is placed in the right lane. Their x starting
positions and velocities remain the same as in Table 3.5. There are no more added traffic
participants.

3.5. Hyperparameter tuning in MATLAB

Hyperparameter tuning are the activities conducted to find a combination of
parameters that allow the RL algorithm to learn in the best way consuming the minimum
time possible. Some hyperparameters allow for a more precise learning, but in exchange
the time it takes to complete the learning is higher. Other parameters speed up the learning
risking the probability of oscillating and never finding the minimum with the gradient
descent. So, a compromise must be reached. Besides, it is important to differentiate from
two ways of seeing the learning time. One is total time, and the other one is the total
number of episodes needed. The total number of episodes is given more importance in
this work but paying attention to the total time too.
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In this Thesis, the hyperparameters that are going to be tuned of choice are the
learning rate, the number of hidden layers, the number of neurons per layer, the number
of episodes to average the reward (as a running average), and the batch size. Other
parameters that can be tuned remain fixed. The discount factor y is set to 0.99, the
regularization factor for L2 is set to 1e-5, and the experience buffer length is fixed to 10000
samples. The experience buffer length can be understood as a table, in which the
experiences from the agent in terms of states, rewards and actions [27]. It is used by the
agent to take random samples from it in order to learn (apart from gaining more experience,
so there still exists exploration).

The advantage of experience replay for this specific application is that learning with
previous experience multiple times is a more efficient use of it. This is very useful when
gaining real-world experience is costly. The updates of the algorithm are slowly
converging, so performing multiple passes through the CNN with the data is beneficial.
This effect is increased when given the same state and action pair, the variance of the
outcome is low. [27]

The starting scenario is the one explained in chapter 3.4.1, but not all actions were
allowed at first to check if the environment worked properly. Besides, the influence of the
different hyperparameters is easier to monitor. The only actions allowed for the normal
cars were changing lanes to the right and left, and action of doing nothing (every traffic
participant just drives at constant velocity). Another difference is the reward function, which
was only based on the TIT (equation (3.7)). The penalty for crashing two vehicles is -100.
The threshold to finish learning is set to an average reward of 95.

C =100 —-TIT (3.7)

The first parameter to be tuned is the number of episodes to end the training based
on the running average of the reward of those episodes. Lower numbers of episodes (three
episodes) made the learning faster (Figure 3.15), but the simulation of the agent showed
that it did not learn. It was a matter of coincidence that the agent had performed those
actions. In contrast, using five episodes to average the reward the learning was slower,
but when it finished learning it performed correctly in the simulations. In the Figure 3.15,
the training progress is showed.

The blue points are the reward for every episode, the red ones are the average reward
of the last n episodes, and the green line is the expected reward for every episode given
the initial state. In ideally designed networks, the expected reward converges to the final
value of the reward, but this is not always possible.

Next, the number of hidden layers is adjusted. Starting with the network presented in
Figure 3.11, one more layer is added to each path (action, state, and common paths).
Figure 3.16 shows that increasing the number of hidden layers had a negative impact in
the exploration, and at the same time made the learning slower in terms of time, in
comparison with Figure 3.17, where the initial CNN was used.

As other parameters are not well adjusted when adjusting the first hyperparameters,
the training often does not end, as the objective reward over 5 episodes is not reached.
Nonetheless, the influence of the parameter that is tried to adjust can be seen. For
example, it is clearly seen that increasing the number of hidden layers of the network
affects negatively the training, not only in terms of required time per episode, but also in
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the exploration. The lower exploration also impacts the training time negatively. The CNN
with more layers makes 22000 episodes in 18 hours, while the original network can do
40000 episodes in 24 hours. So, there is an advantage when reducing the size of the CNN
up to certain point (in this case, maintaining the original network), even when the training
is neither finished (like in the Figure 3.15 and Figure 3.16) nor optimized.
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Figure 3.15. Training of the agent using 3 episodes to average the reward. The total time to train is 36 minutes,
ending with 666 episodes.
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Figure 3.16. Training with more hidden layers than the starting CNN. The training is manually stopped without
finishing after 22000 episodes (18 hours). Training is not completed.

To finish the creation a suitable CNN for the problem at hand, the number of neurons
for each layer of the network is chosen. As in every iteration of learning the inputs go
through all the neurons of the network (back and forth) to update the weights, the number
of neurons has great significance in the learning time. Higher number of neurons per layer
makes the training slower. In contrast, increasing the number of neurons has a positive
effect on the precision of training. In Figure 3.18, 24 neurons per layer were used. In that
example, 37565 episodes were tested in training for approximately 31.5 hours. That is
1189 episodes per hour. Besides, there are many oscillations in the expected reward
(green line) with values that are not possible to reach: the precision of training is low. On
the other hand, the training in Figure 3.19 shows no impossible values. The neurons used
in this case were 200. The training stopped after 36.5 hours with 40000 episodes, what is
around 1096 episodes per hour. As a result, 200 neurons are selected for each layer. The
number of neurons is no further increased, as the training time became too large.
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Figure 3.17. Training with the CNN presented in chapter 3.3.1. The training of 40000 episodes takes 24 hours.
Training is not completed.
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Figure 3.18. Training with 24 neurons per layer with the decided number of hidden layers. The training is
manually stopped after 31.5 hours. Training is not completed.
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The oscillations that are present can be further reduced increasing the precision of the
algorithm. To do so, the batch size is increased. Figure 3.19 used a batch size of 32, and
after trying many different batch sizes, the final selected batch size is 1024 samples. After
37 hours of training and only 5611 episodes, the training is finished (Figure 3.20) and the
simulation proves that the training is effective. The training is very slow in terms of total
time due to the big batch size. Increasing the number of actions (adding braking for both
vehicles), it is necessary to keep increasing the batch size to 2048 samples.

In addition to this, the learning rate interacts closely with the batch size. Rising the
batch size usually means that the learning rate can become larger. This way, a
compensation of the total training time should happen. In this problem, increasing the
learning rate only led to more oscillations, so it was fixed to a value of 1e-4.

In Figure 3.20, the expected reward is going upwards, in contrast to what happened
in the previous examples. This indicates that the CNN is much better defined in accordance
to the problem faced.

Besides, as said in chapter 3.3.1. the boundary TTC* has an influence in the rewards
and because of that, in the training. In all these examples a TTC* of 10 s is used. This high
number (well over the value of 1.5 s usually used as safety threshold [56]) means many
possible scenarios. If this boundary is reduced, the number of possible scenarios (in terms
of reward) reduces too, making the learning much easier.

Other meaningful realization while the hyperparameters were tuned, is the need of a
relation between the observation of the state of the environment and the actions
performed. If one action is added but has no effect on the observation given to the agent,
the algorithm performs much worse. For instance, if the state is constituted only by the
positions of the vehicles, adding the braking actions for the cars (that only affects their
velocity) reduces the effectivity of the training. If the velocity of the vehicles in the state of
the environment at the same time, the performance of the training is not affected too much,
and an increase in the batch size would be enough to compensate for the increase number
of possible states. This would be further commented and studied in the results chapter, as
well as the effect of the boundary for the time to collision.

In conclusion the hyperparameter values selected for the training are:
¢ Number of episodes to average the reward: 5.

¢ Number of neurons per layer: 200.

e Learning rate a: 1e-4.

e Batch size: 1024 samples.

e The number of hidden layers is three for the state, two for the actions, and one for
the common path (Figure 3.11).

The batch size and the learning rate can be further changed to improve the learning
when more actions are included, or the number of traffic participants is increased. Table
3.7 summarizes the values for the training.
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Figure 3.19. Training with 200 neurons per layer and a batch size of 32 samples. The total time is 36.5 hours
for a total of 40000 episodes.
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Figure 3.20. Training progress with a batch size of 1024 samples, 200 neurons and a learning rate of 1e-4. The
training is successful after 37 hours for a total of 5611 episodes.
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Table 3.7. Summarization of the values inferred for the training in the Hyperparameter tuning.

Variable Value
Learning Rate a le-4
Number of Neurons per Layer 200
Number of episodes to average reward 5
Batch size 1024
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4. Results

In this chapter, the results of training the agent in the scenario is assessed. The agent
trained is tested in other situations that has never seen to check whether they are useful
or not, and it is tried to extract some conclusions from them. In addition, a comparison
between MATLAB and Python is conducted to test the performance.

4.1. Training Scenario in MATLAB

The scenario in which the agent is trained is the one presented in chapter 3.4.2. In
this scenario, the AV drives on the right lane with a truck in front of it, driving slower. There
are also two normal cars driving slower than the AV in the middle lane. The truck never
moves from the right lane, and both cars have all possibilities of movement available.
Figure 3.13 shows the initial situation of this scenario.

In this scenario, the most complex situation achieves a total reward of 4.82 points.
First the two cars controlled are accelerated, and then the last car (car 1) changes of lane
to its left. The car 2 is accelerated and then also changes its lane to the left. After this, car
1 goes back to the middle lane and the car 2 is accelerated up to 28.9 m/s (104 km/h). The
car 1 goes to the right lane and then returns again to the middle one after driving on the
right for a bit of time. Next the car 2 changes its lane to the middle lane and its accelerated
up to 30.7 m/s (111 km/h). In Figure 4.1, Figure 4.2 and Figure 4.3 it is shown the behavior
of the AV, which only follows the truck at 20 m/s after braking to avoid the collision.

30 40 50 60 70

Figure 4.1. Position of the vehicles after 1 second in the most complex training scenario. Cars 1 and 2 are being
accelerated, while the AV brakes to avoid colliding with the truck.

b . 140 . 150 160 170 . 180 .
Figure 4.2. Position of the vehicles after 7 seconds. The AV falls back due to braking and car 1 is seen changing
to the left lane.
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Figure 4.3. Final position of the AV after 25 seconds. It maintains the security distance given with the truck
following it at 20 m/s.

4.2. Simulation Scenarios in MATLAB

First, the trained agent is validated in the training scenario. The trained agent receives
a reward of 4.02, which is below of the maximum of 4.82. The reason for this is the
threshold used during training to stop it. This issue is further discussed in chapter 5.

Next, the trained agent is simulated in the scenarios described in chapter 3.4.3. These
scenarios are the same than the training one, except for the fact that there are some added
traffic participants. In the first one, a fast travelling car is added to the third lane.

Simulating the agent in this scenario gives a reward of 4.02. The most complex
situation according to the agent occurs accelerating the leading car (named car 2) up to
40 m/s (144 km/h). Then, the last car (car 1) changes its lane to the right and ends in the
right lane. The car 2 changes its lane to the right and immediately after to the left again.
To end the episode, the car 1 returns to the middle lane. The AV behaves exactly in the
same way than in the most complex training scenario from section 4.1. This situation is the
same as in the validation from the trained agent with and added third car.

In the second scenario, in addition to the third car driving in the left lane it is added a
truck in front of the first truck present. In this scenario, a crash happens. Both vehicles
behave in the same way as in the previous one, but when car 1 changes its lane to the
right one, it collides with the new truck that was added. So, the reward for this simulation
is -100.

As it is seen, the scenarios are highly influenced by the training scenario, as the agent
chooses the same actions in both of them as the other vehicles added are not observable
by the agent. In chapter 5 an analysis of this question is conducted.

The third situation of chapter 3.4.3 is used to test the behavior of the agent in an
episode with no added vehicles but with some changes in the positions of the vehicles. In
this third episode where only the truck and the car 2 are at the beginning in other lanes,
the reward obtained by the agent is -100, i.e. makes the vehicles crash. The car 1 bumps
into the rear part of the truck, as it does not break.
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4.3. Scenarios in Python

The same scenarios are tested in Python in order to compare the performance of both
systems. First, to check if the hyperparameters of the Python approach (Table 3.3) are
good enough to train an agent in this environment, the same scenario used for tuning the
hyperparameters in MATLAB (chapter 3.4.1) is used here. As shown in Figure 4.4. Python
ends the training with the basic hyperparameters in around 150 episodes, which took
around 4 hours.

Running Average

100

60 -

201

-20 1

-60 4

- 100 T T T T T T T
0 50 100 150 200 250 300

Figure 4.4. Running average of 5 episodes in Python for the scenario created for hyperparameter tuning. The
training is successful in approximately 150 episodes.

The training of the agent is not stopped when reaching the objective value of the
average reward, to check the exploration mechanism of the agent.

To try something that is more demanding for this approach, the same training is
conducted using the last 100 episodes to average the reward. The threshold to consider
that the training is successful is placed on a lower average reward of -54. This means that
from those last 100 episodes, only three have a reward of -100 and the rest are 4.8 (which
is the maximum reward for that scenario according to the training in MATLAB). The training
is completed after around 1500 episodes as Figure 4.5 shows, for which it took 25 hours.
Again, the training is not stopped when reaching the objective value (it took 34 hours to
train 2000 episodes).

The CNN used in Python should be faster (as it happens) than the one used in
MATLAB. In contrast, given the parameters used, it should be less precise and take more
time to learn, or even not learn at all. But it happens the other way around. Trying the same
CNN in MATLAB, also with the same hyperparameter tuning scenario than in Figure 4.4,
does not allow the agent to learn (Figure 4.6, the training was stopped after 21 hours,
because the agent did not learn in a comparable time as to the scenario for
hyperparameter tuning).
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Figure 4.5. Running average in Python for the training scenario. It takes 25 hours and 1500 episodes to train.

The training in MATLAB and Python are conducted using the CPU of the computer.
MATLAB is conducted in a better computer than Python. Despite this, the Python approach
performs better, even with 100 episodes to average the reward. In chapter 5, some
conclusions are drawn from this fact. Table 4.1 shows the different specifications of the
computers used.

Table 4.1. Comparison of specifications of the computers used to train the agents in Python and MATLAB.

Specification MATLAB Computer Python Computer
RAM 16 GB 8 GB
Processor i7-3770 CPU @3.40 GHz  i7-5500U CPU @2.40 GHz
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Figure 4.6. Training in MATLAB using the CNN parameters of the Python approach. The agent does not learn,
and the exploration is not good enough. The training is stopped manually after 21 hours and 6500 episodes.
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5. Conclusions

In this chapter is conducted an analysis of the results obtained in chapter 4: the results
of the simulation of the training agent and the comparison between MATLAB and Python.
In addition, some future lines of research and development of the work presented in this
Thesis are proposed.

5.1. Discussion of Results

Starting from the hyperparameter tuning, , it was observed that having observations
of the state that are not related somehow to the actions performed affects negatively the
training. All the actions that are performed (braking, accelerating, and changing lanes)
change the observation parameters (positions in x and in y direction as well as the velocity)
of the vehicles controlled by the agent. Introducing in the state array the observation of
other vehicles that are not controlled by the agent made the training slower, as the
exploration mechanism suffered. Figure 5.1 and Figure 5.2 show the training of the same
scenario with the same state array observed. The difference relies in that Figure 5.1 the
agent does not have an action related to one of the observations and Figure 5.2 does have
it, so the exploration is better.
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Figure 5.1. Training of the agent with observations in the state array that are not modified by the actions of the
agent. The exploration mechanism does not perform as it is expected. The training never finished, and it was
manually stopped after 20 hours.
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Figure 5.2. Training of the agent with all parameters of the state being able to be modified by the agent. In
comparison with Figure 5.1, the exploration mechanism shows a better behavior.

Taking into account the results obtained in section 4.2 regarding the validation of the
agent in its own training environment, the most complex scenario had a complexity of 4.82
and the validation earned 4.02 points. As said, this is caused by the threshold used to stop
the training. In this Thesis, the agent identifies a training as successful when the average
reward of the last 5 episodes is above the 95% of the maximum of 4.82. That is 4.58 points
in complexity. The second highest value found by the agent is exactly that 4.02, and the
mean of four episodes with a reward of 4.82 and one with a reward of 4.02 is 4.66, which
is over the 95% threshold. This is the reason why the agent does not receive the maximum
reward in the validation episode.

Besides, it can be said that the number of traffic participants has an impact on the
creation and evaluation of complex traffic situations. Increasing the number of vehicles
present does not make the agent perform in the best way possible in terms of complexity.
There are two reasons for this to happen. One is that there exist a lower number of actions
that the agent can do without crashing the vehicles, so it is more difficult to select the
correct succession of actions to complete an episode. Next, there cannot be more
observed vehicles when simulating than in the training due to limitations on MATLAB. The
state array has to be of the same size in the training, so the third car and the second truck
do not affect the observation of the environment that the agent has. Related to this, the
vehicles in the simulating scenarios start on the same initial positions than in the training
one, and being the only observable ones, they are the only influence of the choice of
actions of the agent, since it does not know about the other vehicles that take part on the
environment.
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But in the third situation the agent also performs bad, crashing the vehicles. Looking
at the results obtained in the previous simulation scenarios and in this one, it could be said
that it would lead to better results to increase the size of the observation of the
environment, even though the exploration mechanism is worse off if no actions are added.
This results in a much slower training, but with the appropriate resources and time, it
should not be considered as a problem.

Regarding the comparison between MATLAB and Python, it is clearly seen in section
4.3 that Python performs better in the trainings in terms of total time even with less
computing power. In conclusion, Pythons is in general a better approach to Reinforcement
Learning when paying attention to computational performance, but there exist the same
limitations than in MATLAB regarding that the size of the state array is fixed by the agent
trained.

5.2. Future Lines of Research

The results obtained in the present Thesis have permitted to identify new lines of
research that might have some interest for future work. Due to the limitation on the scope
of the Thesis, some variations and issues have not been studied. This section has the
objective to summarize them and to spotlight their significance.

¢ A direct continuation of this Thesis would be the implementation of different road
configurations such as city roads, intersections, etc. to increase the applicability of the
complexity measure for the automated vehicles.

e The introduction of a stricter threshold value in training so the agent always
performs in the best way possible in the validation but being careful of not overfitting the
model.

¢ A better integration of the action templates of the vehicles in order to reduce the
computation time needed. In addition, increasing the number of observations of the
environment in order to improve the behavior of the trained agents in the simulated
scenarios.

¢ Introduce new variables in the complexity measure such as the number of possible
actions available for each vehicle to get more differentiated situations by the complexity
measure in the same scenario.

e Use of completely new scenarios for the simulations, training the agent with
variable initial situations. Varying the number of traffic participants in each episode for
training can have a positive impact on the performance of the agent too.

e Use of Python instead of MATLAB, as Python is a more flexible programming
language for Machine Learning and presents a better performance when compared with
MATLAB.
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6. Appendices

6.1. Appendix A
MATLAB code for the agent and the training

%create environment

env = MyAutobahn_Versuch_Sebastian_v2;

env.reset;

rng(0)
Ts = 0.1;
Tf = 25;

%creation of Agent

statePath = [
imageInputLayer([6 1 1], 'Normalization', 'none', 'Name', 'state")
fullyConnectedLayer (200, 'Name', 'CriticStateFCl')
reluLayer('Name', 'CriticRelul")
fullyConnectedLayer (200, 'Name', 'CriticStateFC2")
reluLayer('Name', 'CriticRelu2")
fullyConnectedLayer (200, 'Name', 'CriticStateFC3")
1

actionPath = [
imageInputLayer([1 1 1], 'Normalization', 'none', 'Name', 'action")
fullyConnectedLayer (200, 'Name', 'CriticActionFC1', 'BiasLearnRateFactor',0)
reluLayer('Name', 'CriticRelu3")
fullyConnectedLayer (200, 'Name', 'CriticActionFC2")
1

commonPath = [
additionLayer(2, 'Name', 'add")
reluLayer('Name', 'CriticCommonRelu")
fullyConnectedLayer(1, 'Name', "‘output')];

criticNetwork = layerGraph();

criticNetwork = addLayers(criticNetwork,statePath);

criticNetwork = addLayers(criticNetwork,actionPath);

criticNetwork = addLayers(criticNetwork,commonPath);

criticNetwork = connectlLayers(criticNetwork, ‘CriticStateFC3',"add/inl");

criticNetwork = connectLayers(criticNetwork, 'CriticActionFC2', "add/in2");

figure

plot(criticNetwork)
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%specify options for the critic
criticOptions = rlRepresentationOptions('Optimizer', "adam', 'LearnRate',le-4,

'GradientThreshold',1, 'L2RegularizationFactor',le-5, 'UseDevice',"cpu");

obsInfo
actInfo = getActionInfo(env)

getObservationInfo(env);

critic =
rlRepresentation(criticNetwork,obsInfo,actInfo, 'Observation’,{'state'}, "Action',{"actio

n'},criticOptions);

agentOptions = rlDQNAgentOptions(...
'SampleTime',Ts,...
'TargetSmoothFactor',le-3,...
'ExperienceBufferLength’', 100000, ...
'UseDoubleDQN',true,...
'DiscountFactor',0.99,

'MiniBatchSize',1024);

agent = rlDQNAgent(critic, agentOptions);

%training

trainingOptions = rlTrainingOptions(...
'MaxEpisodes', 1,
'MaxStepsPerEpisode’, 251,
'ScoreAveragingWindowlLength',5, ...
'Verbose',false,
'UseParallel’, false,
'Plots', 'training-progress’,...
'StopTrainingCriteria‘, 'AverageReward’,...
'StopTrainingValue',95,...
'SaveAgentCriteria’, 'EpisodeReward’,...
'SaveAgentValue',95);

doTraining = true;

if doTraining
% Train the agent.
trainingStats = train(agent,env,trainingOptions);
else
% Load pretrained agent for the example.
load('SimulinkPendulumDQN.mat"', 'agent');

end

%simulate
simOptions = rlSimulationOptions('MaxSteps',251);

experience = sim(env,agent,simOptions);
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6.2. Appendix B

MATLAB code for the environment of training

Properties (set properties' attributes accordingly)

properties
t = 0;
Coll = o;

deltaT=0.1;
totalT = 25;

LaneWidth = [];
LaneCentre = [];

LB _Truck = [16.5 2.5];

LB_Car = [4.9 2];

LB_Dummy = [1 1];

% AV Data

LB_AV = [4.9 2]; % [length width] [m]

StartV = 30; % Initial velocity [m/s]

DesireV = 35; % Desired speed [m/s]

StartX = 9; % Initial x-Coordinate [m]
TTC_LaneChange = 1.5; % From which TTC (to the target lane)
aq = 3; % Lateral acceleration [m/s”2]

t_Gap = 1.5; % Minimum time distance to the front vehicle
inTime = 0.1;

TimeStep = 1;

obj_Autonomous
obj_Carl
obj_Car2
obj_Truckl
obj_Truck2
obj_Truck3
obj_Dummy
Vehicles = []

number_steps = 0;

starting_step = -24; %to be able to repeat an actions
starting_action = 20; %to start in a non existing action

finished = 0; %flag raised when a lane change is finished
action_count = 0;

a = 0; %checks for invalid lane changes

% Penalty for any crash
PenaltyForCrashing = -100;
end

properties
State = zeros(6,1)
end

properties(Access = protected)
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IsDone = false

end

Necessary Methods

methods

% Contructor method creates an instance of the environment
% Change class name and constructor name accordingly
function this = MyAutobahn_Versuch_Sebastian_v3()

end

% Initialize Observation settings
ObservationInfo = rlNumericSpec([6 1]);

ObservationInfo.Name = 'Carl and Car2 Observations';
ObservationInfo.Description = 'x,y positions and velocities for Carl
and Car2';

% Initialize Action settings
ActionInfo = rlFiniteSetSpec([®@ 1 2 3 45 6 7 8]);
ActionInfo.Name = 'Actions’;

% The following line implements built-in functions of RL env
this = this@rl.env.MATLABEnvironment(ObservationInfo,ActionInfo);

% Initialize property values and pre-compute necessary values
updateActionInfo(this);

% Apply system dynamics and simulates the environment with the
% given action for one step.
function [Observation,Reward,IsDone,LoggedSignals] = step(this,Action)

LoggedSignals = [];
action = getAction(this,Action);
this.number_steps = this.number_steps +1;

if (action ~= @ && action ~= 3 && action ~= 6 && action ~= 7 &&
action ~= 8) && this.number_steps >= this.starting_step+24
this.finished = 0;
this.starting step = this.number_steps;
this.starting action = action;
disp(this.starting_step);
disp(this.starting_action);
this.action_count = this.action_count+1;
this.obj_Carl.StartLaneChange = this.State(1);
this.obj_Car2.StartLaneChange = this.State(3);
elseif (this.number_steps <= this.starting step+24) && this.finished
action = this.starting_action;
elseif (this.number_steps <= this.starting step+24) && this.finished

action = 0;
end

Autonomous (this.obj Autonomous,this.DesireV,this.TTC_LaneChange,th
is.aq, this.t_Gap, this.inTime, this.LaneCentre, this.TimeStep,
this.t, this.Vehicles);

%Actions for the Carl
StraightCruise(this.obj Carl, this.deltaT);
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if action == 1 %lane change to the right

LaneChangeAtPlace_Normal(this.obj_Carl,this.obj_Carl.StartLaneC

hange, 'right',3.563,3);

if(strcmp(this.obj_Carl.Lane, 'Lane2"))
this.obj_Carl.LaneChange21=1;

elseif (strcmp(this.obj_Carl.Lane, 'Lane3'))
this.obj_Carl.LaneChange32=1;

elseif (this.obj_Carl.PositionY <= 1.4)
this.a = 1;

end

disp(this.obj Carl.PositionY)
end

if action == 2 %lane change to the left

LaneChangeAtPlace_Normal(this.obj_Carl,this.obj_Carl.StartLaneC

hange, 'left',3.563,3);

if (strcmp(this.obj_Carl.Lane, 'Lane2'))
this.obj_Carl.LaneChange23 = 1;

elseif (strcmp(this.obj_Carl.Lane, 'Lanel'))
this.obj_Carl.LaneChangel2 = 1;

elseif (this.obj _Carl.PositionY >= 9.5)
this.a = 1;

end

end

if action == 3
Brake(this.obj Carl,3,this.deltaT);
end
if action ==
Accelerate(this.obj Carl,3,this.deltaT);
end

%Actions for Car2
StraightCruise(this.obj_Car2, this.deltaT);

if action == 4 %lane change to the right

LaneChangeAtPlace_Normal(this.obj_Car2,this.obj_Car2.StartLaneC

hange, 'right',3.563,3);

if(strcmp(this.obj_Car2.Lane, 'Lane2'))
this.obj_Car2.LaneChange21=1;

elseif (strcmp(this.obj_Car2.Lane, 'Lane3'))
this.obj_Car2.LaneChange32=1;

elseif (this.obj_Car2.PositionY <= 1.4)
this.a = 1;

end

disp(this.obj_Carl.PositionY)
end

if action == 5 %lane change to the left

LaneChangeAtPlace_Normal(this.obj_Car2,this.obj_Car2.StartLaneC

hange, 'left',3.563,3);

if (strcmp(this.obj Car2.Lane, 'Lane2'))
this.obj_Car2.LaneChange23 = 1;

elseif (strcmp(this.obj_Car2.Lane, 'Lanel'))
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this.obj_Car2.LaneChangel2 = 1;
elseif (this.obj_Car2.PositionY >= 9.5)
this.a = 1;
end
end

if action ==
Brake(this.obj_Car2,3,this.deltaT);
end
if action == 8
Accelerate(this.obj Car2,3,this.deltaT);
end

StraightCruise(this.obj_Truckl,this.deltaT);
StraightCruise(this.obj_ Dummy,this.deltaT);
%action that makes all stay the same
if action ==

%disp('Do nothing');
end

this.t = this.t+this.deltaT;

for iCar = this.Vehicles
UpdateProperties(iCar,this.Vehicles);
end

this.TimeStep=this.TimeStep+1;

for iCar = this.Vehicles
iCar.Values(this.TimeStep,this.t);
end

%check for collisions of autonomes auto

this.Coll = Kollision(this.obj_Autonomous,this.obj Carl) +...
Kollision(this.obj_Autonomous,this.obj _Car2)+...
Kollision(this.obj_Autonomous,this.obj Truckl)+...
Kollision(this.obj_Carl,this.obj_Car2)+...
Kollision(this.obj_Caril,this.obj_Truckl)+...
Kollision(this.obj_Car2,this.obj_Truckl);

Observation = [this.obj_Carl.PositionX; this.obj_Carl.PositionY;
this.obj_Carl.Velocity; this.obj_Car2.PositionX;

this.obj_Car2.PositionY; this.obj Car2.Velocity];
this.State = Observation;

if this.Coll == 1 || this.a == 1

c =1;

%disp('Crash!!');
else

c = 0;

end

%flags for finishing the movements
for iCar = this.Vehicles
if ~(strcmp(iCar.Name, 'AutonomousCar'))
%change from lane 2 to lane 3
if(iCar.PositionY >= this.LaneCentre(3)-0.05
iCar.LaneChange23 == 1)

&&
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iCar.LaneChange23 = 0;
this.finished = 1;
iCar.Orientation = 9;

%change from lane 3 to lane 2
elseif(iCar.PositionY <= this.LaneCentre(2)+0.05 &&
iCar.LaneChange32 == 1)

iCar.LaneChange32 = 0;

this.finished = 1;

iCar.Orientation = 0;

%change from lane 2 to lane 1
elseif(iCar.PositionY <= this.LaneCentre(1)+0.05 &&
iCar.LaneChange2l == 1)

iCar.LaneChange2l = 9;

this.finished = 1;

iCar.Orientation = 0;

%change from lane 1 to lane 2
elseif(iCar.PositionY >= this.LaneCentre(2)-0.05 &&
iCar.LaneChangel2 == 1)
iCar.LaneChangel2 = 0;
this.finished = 1;
iCar.Orientation = 0;
end
end
end

Tit = TIT(this.obj_Autonomous);

IsDone = this.t >= this.totalT || c == 1;
this.IsDone = IsDone;

% Get reward
Reward = getReward(this,c,Tit);
this.Coll = 0;
notifyEnvUpdated(this);

end

% Reset environment to initial state and output initial observation
function InitialObservation = reset(this)

this.t = 0;

this.Coll = 0;

this.LB Truck = [16.5 2.5];

this.LB_Car [4.9 2];

this.LB_Dummy = [1 1];

this.LaneWidth(10) = 2.5; % Emergency lane [m]

this.LaneWidth(1) = 3.75; % 1. Lane (Truck lane) [m]

this.LaneWidth(2) 3.5; % 2. Lane [m]

this.LaneWidth(3) = 3.5; % 3. Lane [m]

this.LaneWidth(11) = this.LaneWidth(1) + this.LaneWidth(2) +
this.LaneWidth(3); % Lane 1-3 added [m]

this.LaneCentre(1) = this.LaneWidth(1) / 2;

this.LaneCentre(2) = this.LaneWidth(2) / 2 + this.LaneWidth(1);
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this.LaneCentre(3) = this.LaneWidth(3) / 2 + this.LaneWidth(1) +

this.LaneWidth(2);
% AV Data
this.LB_AV = [4.9 2]; % [length width] [m]
this.StartV = 30; % Initial velocity [m/s]
this.DesireV = 35; % Desired speed [m/s]
this.StartX = 0; % Initial x-Coordinate [m]
this.TTC_LaneChange = 1.5; % From which TTC (to the target lane)
this.aq = 3; % Lateral acceleration [m/s”2]
this.t_Gap = 1.5; % Minimum time distance

this.inTime = 0.1;
this.TimeStep =

this.number_steps = 0;
this.starting_step = -24;
this.starting action = 20;
this.action_count=0;
this.finished =

this.a = 0;

this.obj_Autonomous =
Output_Vehicles v2('AutonomousCar',this.LB_AV(1),this.LB_AV(2), th1
s.StartV,this.StartX,this.LaneCentre(1),0);

this.obj_Carl =
Output_Vehicles v2('Carl',this.LB_Car(1),this.LB_Car(2),25,5,this.
LaneCentre(2),0);

this.obj_Car2 =
Output_Vehicles v2('Car2',this.LB_Car(1),this.LB_Car(2),25,40, thls
.LaneCentre(2),0);

this.obj_Truckl =
Output_Vehicles_v2('Truckl',this.LB_Truck(l),this.LB_Truck(2),20,4
0,this.LaneCentre(1),0);

this.obj_Dummy
Output_Vehicles_v2('Dummy’,this.LB_Dummy(1),this.LB_Dummy(2),100,5
00,this.LaneCentre(1),0);

% Fahrzeuge zusammenfassen

this.Vehicles = [this.obj_Autonomous, this.obj_Carl, this.obj_Car2,
this.obj_Truckl, this.obj_Dummy];

for iCar = this.Vehicles
iCar.ValueMatrix = cell((this.totalT/this.deltaT),12);
end
this.TimeStep =
for iCar = this.Vehicles
UpdateProperties(iCar, this.Vehicles);
iCar.Values(this.TimeStep,this.t);
end

InitialObservation = [5; this.LaneCentre(2); 25; 10;

this.LaneCentre(2); 25];
this.State = InitialObservation;
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% (optional) use notifyEnvUpdated to signal that the
% environment has been updated (e.g. to update visualization)
notifyEnvUpdated(this);
end
end

32

Optional Methods (set methods" attributes accordingly)

methods
function Reward = getReward(this,c,TIT)
if this.IsDone && c == 0
%disp('The reward is');

Reward 0.4*this.action_count
0.4*this. Obj Autonomous.NumActions -0.2*TIT;
elseif c == 1
Reward = this.PenaltyForCrashing;
else
Reward =
end

end
end
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6.3. Appendix C

Python Code for the DQN Agent.

class Hiddenlayer: #keeps track of params
def init (self, M1, M2, f=tf.nn.tanh, use bias=True):

self.W = tf.vVariable(tf.random normal (shape=(M1,M2)))

self.params = [self.W]

self.use bias = use bias

if use bias:
self.b = tf.Variable (np.zeros (M2) .astype (np.float32))
self.params.append (self.b)

self.f = £

def forward(self, X):
if self.use bias:
a = tf.matmul (X, self.W) + self.b
else:
a tf.matmul (X, self.W)
return self.f (a)

class DQN:
def init (self, D, K, hidden layer sizes, gamma, max experience
s=10000, min experiences=200,
batch sz= 128):
self.K = K #output actions

#create the graph
self.layers = []
M1l =D
for M2 in hidden layer sizes:
layer = HiddenLayer (M1, M2)
self.layers.append (layer)
M1l = M2
#final layer
layer = HiddenLayer (M1, K, lambda x: x)
self.layers.append(layer)

#collect params for copy

self.params = []

for layer in self.layers:
self.params += layer.params

#inputs and targets

self.X = tf.placeholder(tf.float32, shape=(None, D), name='X")

self.G = tf.placeholder(tf.float32, shape=(None,), name='G'")

self.actions = tf.placeholder (tf.int32, shape=(None,), name='a
ctions')

#calculation of output and cost
7 =

self.X
for layer in self.layers:
Z = layer.forward(Z)
Y hat = 2

self.predict op = Y hat
selected action values = tf.reduce sum(

Y hat * tf.one hot(self.actions, K),
reduction indices=[1]
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cost = tf.reduce sum(tf.square(self.G - selected action values
self.train op = tf.train.AdagradOptimizer (le-4).minimize (cost)

#create replay memory
self.experience = {'s': [],

'a': []1, 'r': [], 's2': [], 'done'
self.max experiences = max experiences

self.min experiences = min experiences

self.batch sz = batch sz

self.gamma = gamma

def set session(self, session):
self.session = session

def copy from(self, other):

#collect all the ops

ops = []

my params = self.params

other params = other.params

for p, g in zip(my params, other params) :
actual = self.session.run(q)
op = p.assign(actual)
ops.append (op)

self.session.run (ops)

def predict(self, X):
X = np.atleast 2d(X)
return self.session.run(self.predict op, feed dict={self.X: X}

def train(self, target network):

#sample a random batch from buffer, do an iteration of GD
if len(self.experience['s']) < self.min experiences:
#dont do anything with not enough experience

return

idx = np.random.choice(len(self.experience(['s']), size = self.
batch sz, replace=False)

states = [self.experience['s']

actions = [self.experience['a'

rewards = [self.experience['r' ] for i in idx]

next states = [self.experience['s2'][i] for i in idx]

next Q = np.max(target network.predict (next states), axis=l)

targets = [r + self.gamma*next g for r, next g in zip(rewards,

] for i in idx]

i] for i in idx]
i

i
[
[

—_—— —

next Q)]

#call optimizer
self.session.run(
self.train op,
feed dict={
self.X: states,
self.G: targets,
self.actions: actions

def add experience(self, s, a, r, s2):
if len(self.experience['s']) >= self.max experiences:
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self.experience['s'].pop (0)
self.experience['a'].pop (0)
self.experience['r'] .pop (0)
self.experience['s2'] .pop (0)
self.experience['s'].append(s)
self.experience['a'].append(a)
self.experience['r'].append(r)
self.experience['s2'] .append(s2)

def sample action(self, x, eps):
if np.random.random() < eps:
return np.random.choice (self.K)
else:
X = np.atleast 2d(x)
return np.argmax (self.predict (X) [0])
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