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Abstract — Lane change decision-making is an important challenge for automated
vehicles, urging the need for high performance algorithms that are able to handle
complex traffic situations. Deep reinforcement learning (DRL), a machine learning
method based on artificial neural networks, has recently become a popular choice for
modelling the lane change decision-making process, outperforming various traditional
rule-based models. So far, performance has often been expressed in terms of achieved
average speed, absence of collisions or merging success rate. However, no studies have
investigated how humans will react to the resulting behavior as potential occupants.
This study addresses this research gap by validating a self-developed DRL-based
lane changing model (trained using proximal policy optimization) from a technology
acceptance perspective through an online crowdsourcing experiment. Participants (N =
1085) viewed a random subset of 32 out of 120 videos of an automated vehicle driving
on a three-lane highway with varying traffic densities featuring our proposed model or
a baseline policy (i.e. a state-of-the-art rule-based model, MOBIL). They were tasked to
press a response key if the decision-making was deemed undesirable and subsequently
rated the vehicle’s behavior along four acceptance constructs (performance expectancy;,
safety, human-likeness and reliability) on a scale of 1 to 5. Results showed that
the proposed model caused a significantly lower amount of disagreements and was
rated significantly higher on all four acceptance constructs compared to the baseline
policy. Moreover, considerable differences between individual disagreement rates were
observed for both models. Our findings offer prospects for the practical application of
DRL-based lane change models in a use-case scenario, depending on the user. Further
research is necessary to examine whether these observations hold in other (more
complex) traffic situations. Additionally, we recommend combining DRL with other
modelling techniques that allow for personalization of behavioral parameters, such as
imitation learning.

Keywords — automated lane changing, automated vehicles, deep reinforcement learn-
ing, artificial neural networks, proximal policy optimization (PPO), technology accep-
tance, crowdsourcing, MOBIL
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INTRODUCTION

1.1 background and motivation

With the rapid development of automated vehicle ( AV) technology, the automotive
transportation sector is expected to undergo a fundamental transformation in the next
decades. Vehicle automation holds a signi cant potential in the improvement of mobility,
as it is expected to make driving more comfortable and sustainable while improving
traf c safety and efciency [ 1, 2]. We can already see the implementation of semi-
automated features in consumer cars, with some self-driving systems being able to
drive under limited conditions with human supervision ( SAE level 2). To ful Il higher
levels of autonomy ( SAE level 3+), intelligent vehicles need to learn how to make correct
decisions in a safe and timely manner in order to reach human-like reliability [ 3].

Automated lane change decision-making on highways is one relevant area that has
become one of the most thoroughly studied topics of automated driving. Improper lane
changes and merges account for about5% of crashes and0.5% of road fatalities, making
it a highly safety relevant topic [ 4].

A large number of studies have been conducted on automated lane changing with
different approaches towards modelling the decision-making process. Traditional rule-
based models, such as the lane change model by Gipps[5], the MOBIL model by Kesting
et al. [6] and the potential eld-based model by Ji et al. [7] follow a set of prede ned
rules which are applied to speci c traf ¢ situations or states. As this fundamentally
requires that the correct outcome to each situation has to be explicitly de ned, it means
that rule-based models lack the capacity to deal with unde ned situations. In a complex
and interactive situation such as a traf ¢ environment - where humans may behave
unpredictably or even irrationally - more robust, ef cient, and adaptive algorithms are
essential.

An alternative approach is the use of machine learning ( ML) methods. Deep reinforce-
ment learning (DRL), is a branch of ML that utilizes deep neural networks to learn
behavior through trial-and-error and interaction with the environment, without the
need for human driving data. Recently, the use of DRL has led to breakthroughs in
different elds of Al, solving complex decision-making problems such as surpassing the
performance of human professional players in Atari [ 8], beating a world champion in Go
[9], performing movement tasks in robotics [ 10, 11] or achieving human-like locomotion
in 3D simulation [ 12]. Research has shown thatDRL can be used effectively in the
domain of automated lane changing as well, with promising results.



1.2 related work

In general, there are two main approaches towards implementing a DRL-based lane
change modelling framework: end-to-end learning or split hierarchical control.

In end-to-end learning the model is responsible for all aspects of the lane change
maneuver, including environment perception, planning, decision making and executing
the movement [13-15]. Hence, this increases the task complexity as the model is also
responsible for the operational control of the vehicle (i.e. steering and velocity control).
Even though end-to-end learning is praised for its holistic concept, it has various
shortcomings [16]. Firstly, it requires a relatively large amount of training data due to
the task complexity, meaning it is computationally heavy and takes a long time to train.
This is especially cumbersome if the model has to be modi ed and the training process
has to be redone. Secondly, the necessary neural network size, black box nature of the
system and resulting amount of inputs-output pairs make adaptions and validation
dif cult. More speci cally, generalizing an end-to-end model to the real world would
result in limited performance if the fundamental data distribution and physics are not
suf ciently captured in the simulated environment. Lastly, the task complexity may
simply be too high for the neural network to capture.

An alternative approach that is widely applied is splitting the framework into several sub-
sequent control-layers. Such a hierarchical structure consists of a high-level DRL-based
decision-making module that delegates the operational execution to one or multiple
lower-level control layer(s). In that case, the policy only has to learn high-level interactive
lane change behavior, simplifying the problem. This makes modi cation considerably
more accessible, and by extension, allows for integration of control systems that have
already been proven to work in the real world. Lee and Choi [17] proposed a system
where rule-based models were responsible for car-following, lane change trajectory
generation and steering. In a more elaborate approach by Duan et al. [18] and Shi et al.
[19], the low-level control layers were also based on neural networks, which were trained
using separate reward functions and test episodes. A split approach also provides design
freedom. For example, in a study by Jiang et al. [20], a separate recurrent neural network
was used to infer the probability of surrounding vehicles being cooperative, which was
then used an input in the DRL-based decision-making model.

1.2.1 Modelling variations to accelerate training

A considerable body of literature contributed by combining DRL with other modelling
techniques with the intention to accelerate the training process. Li et al. [21] combined
DRL with an evolutionary learning algorithm. Zhang et al. [22] guided exploration
during training by deriving a surprise-based intrinsic reward relative to the expected
model behavior. Liu et al. [23] applied the technique of 'behavioral cloning' by adding
several episodes of human demonstration to assist the training process.

Yet one of the most popular and effective measures is the incorporation of so-called safety
veri cation: explicitly de ned restrictions that disallow the model from performing

actions that are irrelevant or unsafe. One of the challenges that speci cally arise in DRL
is the trade-off between exploration and exploitation [ 24]. Especially in the beginning
of the training phase, the agent is still learning the consequences of all its choices and
considerable time may be wasted trying to unnecessarily explore irrelevant actions (e.g.



driving off the road or performing a lane change when a neighbouring vehicle is too
close). Several works used safety veri cation in their methods [ 21-23, 25-28], where it is
also called safety checking or safe exploration.

1.2.2 Evaluation of DRL-based lane change models

Various performance metrics have been used to evaluate DRL-based lane change models.
Most commonly, studies reported average velocities, percentage or number of collisions,
number of lane changes or reward signal plots [ 17-23, 26, 28-3(]. Other studies reported
success rates for speci ¢ traf ¢ scenarios such as mandatory merging [ 27, 31] or the
macroscopic effect on trafc ow [ 32].

Some studies directly compared DRL to rule-based methods. In an exploratory study,

Alizadeh et al. [33] compared the MOBIL model against a trained DRL agent in lane
change scenarios where Gaussian noise (%, 5% and 15%) was applied on the observed
input states and found DRL to have a higher average reward score with fewer collisions.
In a study by Hoel et al. [34], it was found that a DRL based agent maintained a
higher average speed compared to a rule-based reference model IOBIL and IDM) in

an overtaking task. Wang et al. [25] proposed a DRL-based decision-making module
with rule-based trajectory constraints and found higher average speed and safety rate

(proportion of episodes without collision) values compared to a rule-based policy.

1.3 research gap

Collectively, the cited literature so far suggests that DRL is a promising technique for
modelling lane change decision-making in AV's. Above all, numerous contributions
have been made regarding the improvement of the training process. Nevertheless, no
studies so far have investigated whether human occupants would react positively to the

resulting lane change behavior.

As a matter of fact, researchers have long regarded the concept of user acceptance as an
important factor in the development process of AV s. Using theoretical models such as
Technology Acceptance Model (TAM) [35] or Uni ed Theory of Acceptance and Use of
Technology (UTAUT ) [36] as a baseline, researchers have developed conceptual models
in the context of AV acceptance B7—40] or conducted eld- and survey-based studies
[41-46] to explain people's intention to use various types of AVs. According to Osswald
et al. [37], "being able to predict user acceptance would be helpful in the development
process to build appropriate systems and avoid issues that affect the acceptance of a
system.”

Considering the fact that its fundamental working principles are based on the mathemat-
ical optimization of a numerical reward that indirectly re ects drivers' goals as opposed

to other methods which directly utilize human driving data (e.g. rule-based methods,
supervised learning, imitation learning, etc.), the resulting policy may potentially be

to the dislike of users or other traf ¢ participants. For this reason, we argue it is espe-
cially interesting to evaluate DRL-based lane changing models from a user acceptance
perspective.



1.4 aim of this research

The aim of this research is two-fold. The rst aim is to design, develop and successfully
train a lane changing model using DRL. A three-lane highway environment is built using
Unity, a 3D engine, where the spatiotemporal traf ¢ distribution is randomly generated
every episode based on real traf c ow data of the A 4 highway in the Netherlands. The
lane change model follows a hierarchical approach, where the high-level decision-making
policy is based on a neural network along with a low-level vehicle control module. A
safety veri cation module is also added using a discrete action mask. The network
policy is trained using Proximal Policy Optimization (PPO) [ 47].

The second aim, which is our novel contribution, is to investigate whether people
agree with the decision-making and how they rate the proposed model based on four
acceptance constructs from literature. Our proposed model is statistically compared to
the rule-based model MOBIL [6], which is regarded as a baseline. Through an online
crowdsourcing experiment, we let respondents view a random series of 32 one-minute
long video demonstrations of both models from a rst-person perspective in two different
weather conditions. In spite of the difference between models being the main point of
examination, we included the two different weather conditions (clear sunny weather and
misty weather with bad visibility) to investigate the robustness of acceptance ratings
in a wider range of possible weather conditions. During each video, the respondents
were tasked to press a response key whenever they did not agree with the vehicle's
decision-making, followed by a questionnaire in which they rated the vehicle behavior's
effectiveness, safety, human-likeness and reliability on a ve-point Likert scale. It is
assumed that the amount of disagreements and four acceptance ratings as measured in
this study provide a reliable estimation regarding the respondents' general acceptance
of each model.

1.5 overview

The remainder of this work is organized as follows. In Chapter 2, several theoretical
foundations and empirical evidence with respect to the proposed model and acceptance
assessment will be provided. This includes a driver behavior modelling framework, an in-
depth description of MOBIL, a detailed description of (deep) reinforcement learning, the
working principles of PPOand an empirical review of the four acceptance constructs used
in this study. Chapter 3 showcases the process behind the design of the simulator in Unity
(i.e. the environment in which the lane changing agent is trained), speci cally focusing
on traf ¢ generation and highway design. Chapter 4 describes the working elements of
the lane changing agent, including the overall algorithm structure, observation space,
action space, reward function and separate vehicle control module (which is part of
every vehicle). Chapter 5 and Chapter 6 describe the experiment method and results,
respectively. Finally, the results are discussed and future research recommendations are
provided in Chapter 7.



THEORETICAL FOUNDATION

2.1 driver behavior modeling framework

Driver behavior modelling is a complex task that has primarily emerged to "predict
driving maneuvers, driver intent, vehicle and driver state, and environmental factors, to
improve transportation safety and the driving experience as a whole” [ 48]. One such
model that is used as a reference framework in this study is that of Michon [49], which
classi es driving behavior on time-scale levels. He argues that there are three levels of
skill and control while driving a vehicle:

1. The strategical (planning) level de nes the general planning of a trip including
destination planning, route planning, modal choice, time management and eval-
uation of costs and risks. Being the top level of control, it has the highest time
constant varying from minutes to hours.

2. The tactical (maneuvering) level consists of maneuvers such as obstacle avoidance,
turning, overtaking or lane changing. Time constants in this level are typically in
seconds.

3. The operational (control) level which consists of near instantaneous actions such
as pushing the gas pedal, steering or shifting gears and are executed in sequences.
This level has the shortest time constant, typically measured in milliseconds.

A comprehensive understanding of Michon's model takes into account the various
levels of control, the ow of information between those levels and the in uence of
the outside environment. As Figure 2.1 shows, there is a top-down ow of decision
making, meaning that the performed maneuvers at the tactical level serve to complete
the driving task(s) set at the upper strategical level. Likewise, maneuvers at the tactical
level are composed of action sequences at the operational level. There are also feedback
loops: based on the outcome of certain events or decisions, the driver may decide to
rede ne decisions at either the same, or upper levels. Lastly, there is the surrounding
environment, constraining decision-making across all levels.

What this model implies is that all levels should be re ected in the lane change model.
To elaborate, lane changes should be safe and comfortable, but also improve ef ciency
and traf c ow. These goals are discussed in-depth later, in Section 4.4.

2.1.1 A rule-based lane changing model: MOBIL

Even though traditional rule-based methods have their limitations, they are based on the
decision-making process of human drivers and therefore they provide valuable insights
when it comes to designing another model. One such model that is well-documented is
MOBIL [6]. Consider the situation in Figure 2.2, where v and a; represent the velocity



Figure 2.1: The hierarchical information ow structure according to Michon [ 49.

and acceleration of the ego-vehicle c that is planning a lane change to the left, respectively.
The neighbouring are denoted o and n, representing the 'old' successive vehicle in the
original lane and the 'new' successive vehicle in the target lane, respectively. The tilde

represents any variable in case a lane change occurs. The model's working principles
are based on two distinct and independent criteria (i.e. rules): a safety criterion and

incentive criterion. If both criteria are satis ed, a lane change is initiated.

safety criterion The safety criterion checks whether a lane change is feasible in
terms of safety by considering the effect on the longitudinal acceleration of the successive
vehicle in the target lane:

gln bsafe (2-1)

where bg4te is the safety limit. This ensures that the deceleration of successive vehicle in
the target lane will not exceed a given threshold as a result of a lane change.

incentive criterion The incentive criterion determines whether a lane change
results in the improvement of the ego-vehicle's traf ¢ situation:

& a+tp(@ a+d a)> Da (22)

where p 2 [0, 1] is the politeness factor and Day, is the switching threshold. The rst part
calculates the advantage from an egocentric point of view (i.e. the gain in ego-vehicle
acceleration) whereas the second part determines the gain (or loss) of the two vehicles
that are directly affected, weighted by a factor p. In essence, a lane change is only
viable if the egocentric acceleration gain minus the weighted sum of the losses of the old
(i.e. original lane) and new (i.e. target lane) successive vehicles is larger than a given
threshold value, provided a lane change were to occur. Note that this rule is valid for
symmetric passing rules (e.g. roads in the United States). The asymmetric variant, where



Figure 2.2: MOBIL traf ¢ situation [ 6]. The ego-vehicle is denoted by c, whereas o and n denote
the successive vehicles in the 'old' and 'new' lane, respectively.

a 'keep right' policy is prevalent and overtakes in the right-hand lane(s) are forbidden
(e.g. roads in most of Europe), works as follows:

left ! right: & a+ p(& @) > Dan Dapias (2.3)

right ! left: & &+ p(& a)) > Dap + Dayjas (2.9)

where aﬁ - min (ac, &) if ve >. Viead > Verit (2.5)
ac otherwise

where Dayjys is a set parameter which should be larger than Day, [6] and & is determined
using the passing rule. The passing rule in uences the acceleration in the right-hand
lane only if there is no uncongested traf ¢ ( Vieaq > Verit) and the ego-vehicle is faster
than the leading vehicle in the left-hand lane ( V¢ > Vieaq). A suitable value for vt is 60
km/h [ 6].

It should be noted that all values are calculated using a car-following model, whereas
MOBIL is only responsible for taking lane change decisions.

2.2 reinforcement learning

Reinforcement learning (RL) is a method in which software agents learn by means of
nding an optimal behavioral policy that maximizes the expected value of a cumulative
reward [ 24, 50]. In essence, the learner is not explicitly told what to do, but instead
must discover policy online through interacting with the environment and nd out what
actions yield the highest reward. In an iterative fashion, the agent takes an action based
on the current state, which affects not only the immediate reward, but also the next state
and, through that, all subsequent rewards.

In any RL problem, the learner and decision-maker is referred to as the agent All things

the agent interacts with is the environment which happens in a sequence of discrete
time-stepst = 0,1,2,3.. At each time step t, the agent goes through a cycle called
an experienceit rst perceives the environment's stateS; 2 S, then performs an action
At 2 A (S) which subsequently results in a rewardR;+1 2 R~ R® and the new state

One can useR; or Ry, 1 to denote the next reward due to A;. Unfortunately, both conventions are widely
used in literature. In this work, R4+ is used to emphasize that the next reward and state are jointly
determined from A;.



Si+1. Here S is the set of possible states (i.e.state spageA (S;) the set of actions available
(i.e. action spacein state S; and R R the set of all possible rewards. See Figure?2.3.
This cycle gives rise to a sequence called arajectory.

t = So, A0, R1, 51, A1, R2, S, A2, R, . 2.6)

At some point, the trajectory ends at a nal time step T, where itis in the terminal state
Trajectories that start at the initial state and end in the terminal state (i.e. t = 0,...,T)
are called episodesNaturally, most agent-environment interactions can be broken down
in episodes. In these so-calledepisodic taskghere can always be different outcomes -
where T is a random variable that varies from episode to episode - but all episodes end
in the terminal state and begin independently of how the previous episode ended. In the
special case of T = ¥, the agent-environment interaction can not naturally be broken
down in identi able episodes, at which point they are called continuing tasks

Figure 2.3: The agent-environment feedback framework in reinforcement learning [ 24].

2.2.1 Markov decision process

Typically, an RL problem is formally de ned as a Markov decision process ( MDP). If
the state and action spaces are nite, which is often the case for RL problems, then it
is called a nite Markov decision process. An MDP follows the assumption that the
next state only depends on the current state and action representation, i.e. it satis es
the 'Markov property' [ 24, 50]. Therefore, given any state s2 S and action a2 A, the
probability of transitioning into a next state s°2 S withreward r 2R R is denoted

as’

p(Crjsa=Pr S41= LR41=1jS=5A = a (2.7)

For a nite state set S, the transition function can be described by a matrix P. If the
reward function R is described as

Ri = R(S At 1) (2.8)

then a nite MDP is a 4-tuple hS,A,P,Ri.

2 The notations s, aand r are general representations of state, action and reward regardless of time step't.



The policy p maps the probabilities of the agent selecting each possible action a based
on its observation of the environment state s. More speci cally, p(as) describes the
probability distribution of selecting action A; = afor state S; = s, i.e. it effectively
de nes the behavior of the agent at t. The distribution is de ned as

p(ajs)= PrfAi=ajS=sg ! [0,1] (2.9

2.2.2 Optimization objective

As is stated in the introduction of this section, the objective of RL isto nd an optimal
policy p that maximizes the expected cumulative reward, which is mathematically
formalized in this subsection. In general, the goal is to maximize the return G;:

Gt= Ri+1+ Res2+ Rirzt+ ..+ Ry (2.10

However, this de nition is problematic in the case of continuing tasks where T = ¥ . For
this, the concept of discounting is introduced. The discounted returns de ned as the
sum of future discounted rewards:

o
Gt = Ru1+ gRu2+ g%Russ+ ... = a gth+k+1 (211
k=0

where g 2 [0, 1] is a set parameter, called thediscount rate Sometimes, a state may yield a
low immediate award, but is followed by other states that subsequently yield a long-term
high award. The discount rate determines the present value of future rewards: as g
approaches 0, the agent will tend to consider immediate rewards like Ri.1. Conversely,
if the value is closer to 1, the agent will consider future rewards more strongly; it will
become more farsighted. Notice that as long asg 6 1, G; will always have a nite value
incaseT = ¥.

The expected return(p) is de ned as

"

z . #

‘](p) = p(t J p)Gt = Et p [Gt] = Et p é_ gth+k+1 (2.12)
k=0

where E; p[ ] denotes the expected value of a variable given that the trajectories t are
sampled while following policy p. This nally leads to the mathematical de nition of
the RL optimization problenwhich is to be solved:

p = argmax Jp) (2.13

where p is the optimal policy that is aimed to be obtained by altering the policy such
that the expected return is maximized. Note that the terms expected cumulative reward
and expected return are often used interchangeably.



10

2.2.3 Value functions

The value functionVP determines the value of a state sunder policy p, which is informally
de ned as the expected return when starting in state s and successfully following policy
p thereafter. Formally, it is de ned as

" #

]
VP(8)= Et p[GijS=8=Et p Q 0*Riser S= s (2.14)
k=0

The reward function can be regarded as the primary basis for altering the policy; without
rewards, there can be no value and value is estimated using rewards. However, the value
function is arguably as important. The agent performs actions based on the amount of
value, not the immediate reward, because these actions obtain the highest reward in the
long term [ 24].

Similarly, there is the action-value functiorQP, which depends on both the state and the
action. It returns the expected return starting from s, taking the action a and thereafter
following policy p:

IIT #

Q(sa)= Et p[GijS=sA=a=E p @ 0Ruw1 S=SA=a (215
k=0

Another way of interpreting QP is that is determines the 'quality’ of an action while in a
particular state.

2.2.4 Optimization methods

So far, it is assumed that the value functions can be estimated by computing expectations
over the whole state-space and storing them in state-action pair tables. The policy
can then be updated accordingly. However, this 'brute force' method is expensive and
generally impractical unless the MDP is nite and small [ 24]. For this reason, most RL
methods involve function approximation in order to optimize the policy.

In general, there are two main categories for policy optimization: 1) value-based optimiza-

tion and, 2) policy-based optimizatiofb0].

Value-based optimization: Q-learning

Value-based optimization algorithms are focused on optimizing the value functions,
usually Q(s, a). One of the most important and signi cant algorithms in this category is
Q-learning which is often also the term used when talking about this category [ 24, 51].
Through the de nition in Equation 2.13, we can de ne the optimal action-value function

Q (s,a) as

Q (s a)= manEt p[Gt] S = s A= 4d

T # (2.16)

o]
_ K _ _
= m‘?xEt p A 9 R+kr1 S=SA=a
k=0



which returns the expected return starting in state s, taking action a and thereafter
following the optimal policy p . Put simply, the optimal action a at state sis the action
athat returns the highest Q-value:

a = arg mng (s,@) (2.17)

In Q-learning, the Q-value function is updated every transition from a non-terminal
state s:

Q(sa) Q(sa+a r+gmaxQ(sia) Q(sa) (2.18)

where a is a set parameter, thelearning-rate determining the relative weight of the new
update. It is important to note that the experience generated is 'off' (not following) the
target policy, which is why these methods are often referred to as off-policymethods
[24, 51]. Off-policy methods allow reusing past experiences during learning which is
often done by storing experiences in a replay buffer D.

Policy-based optimization: Policy gradient

Policy-based methods focus on optimizing the policy directly without approximating or
learning an action-value function (e.g. Q) [52]. This is why these methods are labelled
as on-policyalgorithms. Given the de nition in Equation  2.12, the general goal is to
optimize p in order to maximize J(pg) for some policy with parameters g, which is often
done using gradient-based (a.k.a. policy gradient methods.

Policy gradient methods attempt to estimate the gradient r 4J(p) using a variant of an
estimator with the general form
_h [

§g=E r glogpg(ajs)Yt (219

which is obtained by differentiating the loss function

h i
LPS(d) = E logpq(ajs)Y: (220

Here g indicates the policy parameters and Y. is a function dependent on the speci ¢
method. Examples vary from the cumulative reward of the trajectory, a state-action value
function QP or an advantage function AP. The optimization problem can be solved
using gradient ascent, i.e. adjusting q in the direction of r 4J(p). The policy is updated
according to the following step:

g g+ar qJpg) (2.21)

where a is the previously introduced learning rate, indicating the strength of the gradient
ascent update. Unlike off-policy methods, on-policy do not store past experiences in a
replay buffer and discards a batch of experiences once it has been used in a gradient
update.

11
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Figure 2.4: A single-output neural network. Figure 2.5: A multiple-output neural network.

2.3 deep reinforcement learning

One way of approximating value functions or policies is through the use of deep
neural networks, which is called deep reinforcement learning ( DRL) and this enables
optimization through gradient-based methods. Usually, the neural network parameters
of a policy are denoted by g whereas those of a value function by f .

2.3.1 Arti cial neural networks

An arti cial neural network ( ANN ), as the names suggests, consists of a network of
neurons(sometimes called nodes), as an abstract representation of a real brain. A neuron
is formalized with numerical input(s) and output(s).

Working principles of a single neuron

Consider one neuron with n inputs Xy, Xo, ...,Xn (See Figure2.4). The signals being passed
through the inputs are aggregated as in

n
Z= WiXg+ WoXo+ ...+ Wpxn+ b= § wixj+ b (2.22)
i=1

where w; represent the weightswhich determine the importance of a speci ¢ input
signal and b is the biaswhich shifts the output of the neuron. Each neuron contains an
activation function f(z), which determines the output value: if the aggregated signal
that is passed through the activation function is strong enough, then the neuron will

output a high output value. Otherwise, the output will be a low value.

(Multiple) neuron layers

A fully connected layer with n inputs and m outputs is called a densdayer and commonly
represented by a matrix multiplication:
2 3 2 32 3 2
Z1 W11 ... Wip 1
§:6=9: - :£8:4+98

Zm Wmi ... Wmn n Bm

3
X b]_
: 6 (2.23)
X



or

y=Wx+b (2.24)

where W 2 R™ " is a matrix representing the weights and z2 R™, x2 R",b 2 R™ are
vectors representing the output, input and bias respectively.

Multilayer perceptron

In addition to multiple inputs and outputs, one can add layers of neurons between the
input and output layers called hidden layers. Models with such added hidden layers,
called multilayer perceptronsare able to t more complex data compared to a single dense
layer and therefore have a stronger learning capability [ 53]. For DRL, the input layer
represents the perceived state variables whereas the output layer represents the agent's
action probabilities (discrete action space), action magnitude (continuous action space)
or the Q-values per action, depending on the method (see Section 2.2.4). The amount of
hidden layers and their corresponding sizes are set parameters. The neural network'’s

parameters q or f determine all layer's weights and biases and are suspect to change
during training.

Figure 2.6: A multilayer perceptron with two hidden layers.

2.3.2 Proximal Policy Optimization (PPO)

PPO[47] is a state-of-the-art policy gradient ascent method for DRL. It was developed
as an algorithm seeking to attain the data ef ciency and reliability of another algorithm
called trust region policy optimization ( TPRO) [54], while retaining simplicity and ease
of use.

PPO and TPRO are based on the following gradient estimator:
h .

|
g=E¢ 1 glogpg(Atj S)At (2.25)

where A, represents an estimator of the advantage functiorat time step t. For TPRO and
PPO, the advantage is estimated using the truncated generalized advantage estimator
(GAE) [55):
Ac=c+(gh)der+ .+ (gl)T Fldr 4 (2.26)
where d = Re+ (gl )VPu(S+1) V(S) (2.27)

13
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where VPi(s) is a value-function estimator with parameters f which is constantly
updated during training, | 2 [0, 1] is a smoothingparameter and T is the time-horizon
parameter which is much smaller than the episode length. Note that both time-horizon
and the time step of a terminal state are conventionally denoted by T. The index t in
this case represents the time index in [0, T], within a given length- T trajectory segment.
The incorporation of T ensures that GAE is a nite-horizon estimator that does not look
beyond T time steps back. Similarly to g, | contributes to a bias-variance tradeoff and
indicates how much the estimator should rely on estimated versus actual values (see
Equation 2.26) [55].

In basic words, A calculates how much better or worse a chosen action is compared to
what was expected at time step t. However, as this advantage function is often a noisy
estimate, there is a high probability of destroying the policy if one keeps performing
gradient ascent on a batch of experiences with a large a, while a small a on the other
hand, may be too conservative and prevent learning [ 54].

As opposed to the log p4(A¢ j S) function, TPRO uses the following (surrogate) loss
function:

po(Al] S) h ‘

LCPY(q) = Eq m'&t = Et (0 A (2.28

However, without a constraint, L' would lead to an excessively large policy update if
an action is much more probable under p 4 compared to the old policy pg,,, resulting in

the proposed clipped surrogate loss function in PPO [ 47]:
" #

LCYP(q) = E; min Ii(q) A, clip 1i(q),1 e 1+ e A (2.29

where e is a parameter. The rst term retains the surrogate loss function from TPRO
as described in Equation 2.28 whereas second term prevents potentially large policy
updates (which could ruin the policy) by clipping the probability ratio  1;(q) between the
bounds [1 e, 1+ €]. Finally, a minimum of the clipped and unclipped loss functions is
taken, resulting in a nal lower bound on the unclipped objective.

The PPO algorithm is summarized in Algorithm  2.1.

2.4 relevant factors affecting user acceptance

This section provides some background information regarding the acceptance assessment
experiment, supported by a brief analysis of existing research. As stated before, AV
acceptance has been studied extensively in the past, with results ranging from the
development of theoretical models speci cally focusing on AV s [37-40], to several eld-
and survey-based studies [41-46].

The model that is used as the underlying foundation for our analysis is the multi-level
model of automated vehicle acceptance (MAVA ) by Nordhoff et al. [39], which in turn
is based on two other proven models: UTAUT [36] and Car Technology Acceptance
Model (CTAM) [37]. MAVA is empirically supported by 124 studies and speci cally
designed for highly automated vehicles ( SAE levels 4 and 5). It presents a process-
oriented view on AV acceptance, where it is modelled as a sequential decision-making
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Algorithm 2.1: PPO

Hyperparameters: epsilon e, minibatch size M, time-horizon T, epochsK
Input: initial policy parameters q, initial value function parameters f o

for k= 0,1,2,...do

2 Collect set of trajectories Dy = ft;g by running policy px = p(g) on the
environment for T time steps.

Compute discounted rewards Ry, ...,Rt.

4 | Compute advantage estimates Ay, ..., At based on Ve,

5 | Update policy by maximizing the surrogate loss function L C“'P(q):

[

;
a amin LA, clip (d),1 el+e A
tZDkt:O

G = AGMAX 7

typically via K of steps minibatch M stochastic gradient descent with Adam
[56].
6 Fit value function by regression mean-squared error:

T 2
DT aa v R
. g

. [*]
fr1 = arg mfln
2D t=0

typically via K steps of stochastic descent.

process. Given the nature of this study (i.e. the assessment of aDRL-based AV highway
system), we will focus on the second stage, namely the "favourable or unfavourable
attitude towards AV s on the basis of the evaluation of the instrumental domain-speci c,
symbolic-affective and moral-normative characteristics of AVs” [ 39].

As becomes apparent from reading literature, there are numerous documented (and
possibly undocumented) acceptance construdits this stage. As this research is focused
on evaluating the behavioral functionality of a DRL lane changing model and not on AV
acceptance in general, only some relevant factors are explored in this work. That is, only
constructs that are directly in uenced by the model's functional behavior are discussed
and later assessed in the experiment, although the authors acknowledge the importance
of all remaining factors.

performance expectancy Performance expectancy, otherwise often referred to as
perceived usefulness, is de ned as the degree to which a person believes that using the
system will provide bene ts in task performance [ 36, 39]. According to Venkatesh et al.
[3€], this construct is the strongest predictor of intention to use a product. Both Nordhoff
et al. [41] and Choi and Ji [46] found a signi cant correlation between performance
expectancy and the participants' intention to use an AV. Jing et al. [40] state that " AV
acceptance is intensely predicted by perceived usefulness”, as re ected in all literature
that was collected in their analysis. In this work, the 'task’ is assumed to be reaching a
destination as fast and safely as possible, i.e. performance expectancy will be measured
by how ef cient the agent is at performing its task.
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perceived safety Perceived safety, like performance expectancy, is also a domain-
speci ¢ characteristic of AV's and another key determinant of AV acceptance B9. While
it is assumed to be unlikely that developers will be able to establish AV's to be fully
safe before their public release [57], several eld studies suggest that safety is of high
importance for drivers. Castritius et al. [45] evaluated an automated truck platooning
system and report that safety concerns predominated in pre-test drive interviews whereas
safety was highlighted as the main advantage of the system in post-test drive interviews.
Both Xu et al. [43] and Cho et al. [58] report signi cant correlations between perceived
safety and intention to use an AV. One should note that this factor is of subjective nature
as opposed to objective safety.

trust Trust, indicated by how trust-able, reliable and dependable a system is, was
not valued in early acceptance models. Yet, it is a fundamental factor affecting human-
machine interaction [ 59, 60]. It is important to note that trust not only directly predicts
acceptance, but also indirectly affects it through the other constructs perceived usefulness,
perceived ease of use or perceived safety fi0, 43, 46].

human-likeness Human-likeness in AV s has often been linked with increased user
trust and acceptance [61-64]. Research conducted by Griesche et al[65 showed that
drivers prefer an automated vehicle driving style that is similar to their own. In
fact, human-likeness is a subject of a larger debate that questions how automated
vehicles should behave, as AV s that are too 'perfectly’ designed may not align with
the expectations of (other) road users [66]. Oliveira et al. [67] investigated the effect
of human-like driving behavior on user trust and acceptance but found no signi cant
differences between a human-like and machine-like driving style. They recommend a
balanced approach and argue that automated vehicles should be designed with both
human- and machine-like behavioral features in order to harness the advantages of
automation while still retaining a degree of user comfort due to familiarity. Since
DRL utilizes no (naturalistic) driving data for optimization, it is arguably important to
investigate the degree of human-likeness in the agent's nal behavior.



ENVIRONMENT DESIGN

This chapter provides an overview of the simulator environment in which the agent
operates and further highlights the process behind constructing the environment, specif-
ically focusing on how the surrounding traf c state is measured and generated. Several
metrics and notations are introduced to describe the individual state of vehicles and the
average state of traf c as a whole in Section 3.1. Through the use of real measurement
traf ¢ data (see Section 3.2) in combination with pseudo-random number generators, a
function to randomly generate the spatiotemporal distribution of the traf ¢ per (training)
episode is discussed in Section3.3. Finally, Section 3.4 explains the concept of simulation
episodes, the fundamental structure behind the environment simulator.

A three lane, 5 km long straight highway is designed in Unity using free assets. Each
lane is 3.5 m wide and clearly marked. The road boundaries have 2 m wide shoulders
for clearance in addition to either a metal guardrail or concrete wall. Other arbitrary
surrounding elements such as trees, buildings or other roads are purely for aesthetic
purposes and have no effect on the agent or other traf c. Figure 3.1 shows an impression
of the environment.

Unity's standard coordinate system is a left-handed Cartesian coordinate system mea-
sured in meters where the x-axis corresponds to the lateral direction, the z-axis to the
longitudinal direction and the y-axis to the vertical direction. To preserve consistency,
this coordinate system will also be used in the remainder of this study. Lanes will be
denoted by index k. Furthermore, the index a will be used to denote a vehicle, where
a 1ldenotes a leading/preceding vehicle and a+ 1 a successive/lagging vehicle.

Figure 3.1: An impression of the 3D simulator environment. The agent is shown performing a
lane change towards the middle lane.

17
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3.1 traffic flow modelling

The behavior of all surrounding traf ¢ has a direct impact on the agent environment.
This section considers all the variables with respect to the ow of traf ¢ in the simulator
that are used to build a realistic traf ¢ situation. Both microscopic- and macroscopic
parameters will be introduced in this section.

3.1.1 Microscopic parameters

Microscopic parameters describe the behavior of individual vehicles and how they inter-
act with surrounding traf c. Realize that these variables are also especially important
for the vehicle control module that is discussed later in this work in Section 4.5.

Following the vehicle index notation described above, X, and z, are used to denote a
vehicle's position whereas v, and a; are used to denote the longitudinal velocity and
acceleration of vehicle a, respectively. Note that position is globally de ned in the world
frame, while velocity and acceleration are in the longitudinal direction of the local vehicle
frame.

For vehicle a, the time headwayor just headway Dt, is de ned as the time difference
between the front bumpers of vehicles aand a 1. From that, we can de ne the
microscopic spatial quantities distance headway

da = VaDta (3.1)

and distance gaffor just gap

Sa=da la1 (3.2

where |, 1 denotes the length of vehicle a 1. See Figure3.2. Likewise, the time-gapis
the time difference between the front bumper of vehicle a and rear bumper of vehicle
a 1.

Figure 3.2: Environment coordinate system, index notation and microscopic traf ¢ quantities.

3.1.2 Macroscopic parameters

Whereas microscopic parameters describe the states of individual vehicles, macroscopic
parameters describe average state of traf c. There are three macroscopic metrics of
importance in this work: mean speed V, trafc ow Q and density r.



The traf c ow (or intensity) is de ned as the number of vehicles DN passing through a

point within a time interval Dt:

DN
t

Qzt) = 5 (3.3)

Usually, it is given in units of vehicles per hour (veh/h). It should be noted that the
inverse of traf c ow is the time mean of the headwali,, the average time headway
between DN vehicles:

1
Q(z1)

Dty = (3.4)

The mean speeis the average speed of the number of vehicles DN that passes through
the point during a time interval Dt:

_ 1 g DN
V(z,t) = va = ma a Va (3.5
k a=ag

Here V(z,t) is used to denote macroscopic speed in order to distinguish it from the
microscopic speed v, of single vehicles. The traf ¢ density expresses the amount of
vehicles per unit length and can simply be estimated from the previous two metrics:

Q(z1)
V(z,1t)

r(z,t) = (3.6)

3.2 highway data

As a means of constructing a realistic traf ¢ template, actual highway traf ¢ data is
used as a reference. The Dutch National Traf c Database NDW [68] collects nationwide
traf c data across the Dutch road system including the highway section used in this
study, which is made available as open data. The data of four separate sensors along a
three-lane highway are chosen to be included in this study. Over the span of 2019 the
hourly mean speed V and trafc ow Q are obtained, which are plotted in Figure 3.3.
The raw data and the exact locations of the sensors (A4 highway, Netherlands) can be
found in Appendix A. It should be noted that the legal speed limit was  120km/h during
the time in which the measurements were taken as opposed to the limit of 100km/h at
the time of writing this thesis.

Based on the traf c data, three templates of varying traf c ow are de ned and used

in this study (see Table 3.1). Note that the traf c data gives no insight into traf c ow

of each individual lane. In order to simulate fewer and faster vehicles on left lanes
and vice-versa, we have taken the liberty to dene V and r per lane separately. The
parameters of the total highway sample are still in reference with the traf c ow data.
The mean speed distributions have a standard deviation of 2.5in lane 1 and 5in lanes 2
and 3. Furthermore, lane 1 contains 20% of all highway traf c, lane 2 contains 35% and
lane 3 453%.
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Figure 3.3: Hourly mean speed and traf ¢ intensity across 4 measurement points on the A4
highway. The transparent boundaries represent the standard deviations.

Table 3.1: Traf c templates

Template 1 Template 2 Template 3

(Q = 1500) @ = 2500) @ = 3500)

V(SD) r V(SD) r V(SD) r

Lane 1 120(2.5) 3 120(2.5) 5 120(2.5) 6
Lane 2 114(5) 5 110(5) 8 100(5) 12
Lane 3 110(5) 7 105(5) 11 90 (5) 18
Total 114(-) 15 110(-) 24 100(-) 36

3.3 initial traffic state generation

Using the traf ¢ ow templates and pseudo-random number generators, we can generate
each vehicle's initial longitudinal position and their initial and desired speeds at the
start of a simulation episode. The stochastic element of each initial state helps the agent
explore a wide range of states, contributing to a higher degree of generalization. It
should be noted that traf ¢ ow is assumed to be uncongested in this study, as congested
traf ¢ behaves signi cantly different in term of traf ¢ ow and speed [ 69, 70Q].

speed distribution The speed distribution determines the initial and desired speed
of each vehicle. A common assumption in traf ¢ ow theory is that speed distribution
on a highway can be modelled according to a normal distribution, as long as the traf c
ow is uncongested [ 71, 72]. Moreover, Helbing et al. [ 73] and Treiber and Kesting [ 70]
provide empirical evidence that the speed distribution in each lane has a distinct normal
distribution with possible differences in mean speed between lanes.



As such, the speed distribution in this work is modelled as a 3-dimensional multivariate
normal distribution. The distributions are assumed to be uncorrelated, i.e. the speeds in
an arbitrary lane do not in uence the speeds in other lanes.

headway distribution For random, uncongested traf ¢ ow, it turns out that time
headways can be represented by an exponential distribution [ 69, 74]. By taking the
product of time headway Dt, and speed v, of a vehicle, the distance headway d, can
be calculated and through that, a spatial distribution of all cars on the highway is
determined.

traffic generation function The eventual function for generating the spatiotem-
poral traf ¢ distribution is highlighted in Algorithm 3.1. All the input metrics are either
a set constant or de ned in the traf ¢ templates as de ned in Table 3.1. For each lane,
the mean time headway Dt, and lane density r, are rst determined from the lane traf ¢
ow Q. Using Gaussian and exponential random number generators, each vehicle's
velocity and time headway is then generated, from which the initial position is then also
calculated in a cumulative fashion, as shown in line 9. Note that the exponential random
number generator has a minimum output Dt , Which is set to 2 s in this work, based
on the well-known recommendation of ‘holding a 2-second gap to the leading vehicle'.
As shown in line 3, a random distance between 0 and 20 m (uniformly distributed) is
added to the rst vehicle's initial position in order to prevent all rst vehicles from
starting next to each other.

It should be noted that the used probability distributions are statistical approximations
of traf ¢ situations that were speci cally measured in the cited studies and are by no
means an accurate representation of the many possible traf ¢ situations that occur on
real life highways. Yet, we do argue that this method is suf cient enough for generating
a varied traf c environment in the scope of this study.

Algorithm 3.1: GenerateTra c
Input: per lane mean speedV, standard deviation sy, lane traf c density r,
lane trafc ow Q, minimum time headway Dtmn
Output: initial position vector z;, and speed vector vj,

1 for k= 0Oto 3do
Dta = 36005
z random.Uniforr0, 20

2
3

4 v random.GaussiafVy, Si)

5 | Dt random.ExponentigDta, Dtmin)

6 for a= 0torydo
/I Add initial position and velocity to the respective vectors

7 zin[a] = z
8 Vin[a] = v
/I Determine new values
9 z=z+ Dt
10 v random.GaussiafVy, Si)
11 Dt random.ExponentigDta, Dtmin)
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3.4 simulation episodes

As explained in Section 2.2, RL agents accumulate experiences in so-called trajectories or
episodes: simulation loops that start from initial states and end at the time step T of a
terminal state. All highway environment traf ¢ simulations follow this episode-based
structure.

At the start of each episode, an array containing the initial traf c states are generated
according to the function described before in Algorithm  3.1. The agent is then 'spawned'
in the middle lane as either the second, third or fourth car on the highway at the
speci ed initial speed. All other surrounding traf ¢ is then spawned in a similar fashion.
Thesepassive vehiclegature a static policy that prevents the execution of lane changes.
Simply put, a policy that continuously outputs a lane keeping action, regardless of state.
Furthermore, they attempt to reach a desired speed vges that is identical to the initial
speed. After the episode is initialized, it is simulated until a terminal state occurs, which
happens when one of the following criteria is satis ed:

The agent reaches the end of the highway, i.e. z = 500Q For agent training
episodes, a different 8 km long highway environment was used (explanations for
this follow later in Section 5.2).

The agent collides with other vehicles or road boundaries, i.e. the metal guardrails
or concrete walls.

The episode time limit is reached, provided it is set. Normally, this limit only exists
in training episodes where it has a speci ¢ purpose. Details and explanations for
this follow later in Section 5.2.

Due to the highway environment having a nite length, all passive vehicles that manage
to reach the physical end of the highway before the episode is terminated will be
instantaneously moved to the starting position of the highway (i.e. z = 0) where it will
have the same velocity. If one or more passive vehicle collide, the vehicles in question
will simply be removed for the remainder of the episode, although this did not occur
unless the lane change agent was involved.



AGENT DESIGN

This chapter discusses the relevant design elements within the context of a DRL mod-
elling framework. The overall framework is described in Section 4.1. Whereas, as stated
before, the 3D environment is developed in Unity, the DRL agent is implemented using
Unity's machine learning toolkit, ML-agents * [75]. All the following RL elements are
discussed in-depth: environment state observation (Section 4.2), the policy action space
(Section4.3) and the reward function (Section 4.4). In addition, Section 4.5 describes the
operational vehicle control module that is responsible for steering, velocity control and
lane change trajectory generation. As stated before, this is part of every vehicle in the
simulator, but it is included in this chapter for better readability.

4.1 overall agent modelling framework

As stated before, a hierarchical approach is adopted where the neural network policy is
solely responsible for environment perception and high-level decision-making whereas
a so-called vehicle control moduls delegated responsibility for operational control (i.e.
steering, throttle control and trajectory generation). The overall framework structure
is described in Figure 4.1. Note that the gure is similar to Figure 2.3, but that the
vehicle control module is displayed as a separate block in order to emphasize that the
policy is only responsible for the decision-making and that it can not (directly) alter the
environment. Instead, the vehicle control module is directed by the chosen action A
and subsequently creates the next stateS;, ;. Furthermore, the agent can force a new
episode which resets the environment (as previously described in Section 3.4). This cycle
is evaluated every time step Dt.

4.1.1 Updating frequency

Unity computes (physics) calculations in the FixedUpdate()function, which by default, is
called at 50 Hz, i.e. every 0.02 seconds. However, using the function provided by Unity
ML-agents, RequestDecision()the DRL agent experience cycle (as depicted in Figure 2.3)
can be evaluated at a different rate. In this work, an experience (i.e. a sequence of
[St, At, S+ 1, Re+ 1]) is evaluated every time step Dt = 0.1s if the agent is lane keeping.
The reasoning behind this is as follows:

Choosing a lower frequency reduces the amount of experience arrays to be pro-
cessed per unit of physical time, thereby reducing the computational cost to process
a training episode at the expense of a lower resolution. This is especially advanta-
geous with complex algorithms such as PPO, which performs expensive gradient
ascent/descent two times per update (Algorithm  2.1).

1 https://github.com/Unity-Technologies/ml-agents
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Not evaluating an experience cycle during a lane change prevents the agent from
choosing another action, thereby preventing the agent from aborting a lane change
once it is initiated, which is by design.

There is evidence of DRL algorithms collapsing in environments where Dt is close
to zero [76].

It would be dif cult to capture the long-term consequences of strategic lane change
decisions if trajectories are computed within a time horizon that provides little to
no new information. In slower paced control tasks, such as strategy games, it was
found a larger time step resulted in higher performance, presumably due to agents
then "having a greater capacity to learn associations between more temporally
distant states and action” [ 77]. In this work, it is assumed that the environment
state will not drastically change (i.e. provide no new information) at a rate of 50
Hz and that a lower value is needed to capture the strategic value of ef cient lane
change decision-making.

A policy solution may be found that relies on a system being able to control at
such a high frequency. Realistically, it may simply be unnecessary to evaluate a
lane change decision at such a fast rate.

Figure 4.1: The overall structure of the DRL lane change modelling framework.

4.2 observed state

As is the case with many automated vehicle technologies, the state of the environment
that the agent can observe is dependent on the integrated sensors. That is, only mea-
surements within the agent's range dmeas are observed, making the state in this problem
partially observable. The observed state S; = [s;...517] 2 S consists of both ego-vehicle
as well as surrounding vehicle information. The full input observation state vector
including descriptions is summarized in Table 4.1.
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agent speed The agent's speeds,, is normalized between the minimum and maxi-
mum speeds Vmax and vimin kKm/h respectively. In this work, we set  vpin = 80km/h and
Vmax = 120 km/h.

current lane Statess, 4 describe the agent's current lane and are elements in an
enumeration encoded in the one-hotstyle. If the agent is in a lane, a value of 1 (which
can be interpreted as True) is used to represent the state corresponding to that lane.
Otherwise, it is simply 0 (or False. Note that since the environment consists of three
lanes, this enumeration is also three elements long.

observation grid Statesss_ 15 describe the surrounding vehicles' relative positions
and velocities, mapped in a grid-like formation. The grid is comprised of the leading
vehicle in the left-hand lane, followed by the successive vehicle in the left-hand lane,
the leading and successive vehicles in the current lane and the leading and successive
vehicles in the right-hand lane respectively. In order to mimic the typical scanning range
of a LIDAR sensor, all vehicles within a range of dmeas = 200 meters will be included
[78]. Relative distances are normalized between 0 and this 200 meter limit whereas the
relative velocities are normalized between the minimum and maximum speeds vmin, and
Vmax respectively. If a vehicle is outside of the measuring range, it will be classi ed as
a vehicle driving at this range with no speed difference, i.e. the values 1 and 0 will be
assigned to relative position and velocity respectively.

warning to go right State s,7 indicates whether the agent has space to return to
a slower right-hand lane if it is driving in the left-most overtake lane. The value is a
boolean that is True if there is both space in front and behind in the right-hand lane,
otherwise it is False. Having space in front is de ned as the time gap to the preceding
vehicle being at least 3 seconds and the time-to-collision (TTC) being more than 20
seconds (provided it is positive). Conversely, having space behind is de ned as the space
gap to the successive vehicle being more than60% of that vehicle's spacing policy, i.e.
Sa+1 > 0.654es. Note that these parameters are arbitrarily chosen through trial-and-error
and can easily be changed for more aggressive or conservative behavior.

As can be seen, all states are either normalized oats or booleans, as is recommended
for faster convergence during training. If any state exceeds its boundaries, it is clamped
to either [0,1] or [ 1, 1], depending on the state.

Table 4.1: Input observation state vector S; of the neural network

State Description
St normalized speed _Vi Vmin
Vmax  Vmin
.4 current lane True/False
relative longitudinal
S5 position of vehicle a 1 Dz,
inlane k 1 Omeas
relative velocity of Dv,
S16 . . -~ ¢
vehicle a+ 1inlane k+ 1 y Ve
: max min
S17 move to right True/False
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4.3 action space

Since the neural network is used for lane change decision-making, a discrete action space
is used in this work. Hence, each action refers to a different set of lateral and longitudinal
control references that is then executed through the vehicle control module. Some works
such as that by Liu et al. [23] use two separate action space branches where the lateral-
and longitudinal dimensions are regulated independently. In this work however, only
one branch is used that controls both dimensions simultaneously. The three possible
actions are described in Table 4.2 and correspond to left lane change, keep lane and right
lane change respectively where the leading vehicle in the target lane is designated as the
following target. The agent is designed to always pursuit a desired speed of 120km/h,

i.€. Vges = Vmax-

4.3.1 Discrete action masking

When using a discrete action space, it is possible to prevent certain actions from being
chosen for the next decision. In Unity ML-agents, this mechanism is called action masking
As previously discussed in Chapter 1, several works successfully used comparable
techniques in their methods to prevent unsafe or irrelevant actions in order to accelerate
training, where it is commonly called safety veri cation/checkingr safe exploratiof21—
23, 25-29].

Action masking not only bene ts the agent during training. Additionally, due to the
nature of DRL, there is always a possibility where a fully trained agent still chooses to
engage in dangerous behavior. This is especially possible when the inference environ-
ment is different compared to the training environment. This risk can additionally be
mitigated through the use of action masking even after the model has been trained.

Two action masks are implemented in this work:

1. If the agent is in the left-most lane, then a; is unavailable. Similarly, if the agent is
in the right-most lane, then ag is unavailable. This prevents the agent from driving
off the highway.

2. If either the TTC falls below 1 second or the space gap with any car in an adjacent
lane falls below 2 meters, then a lane change towards that lane is unavailable.
Note that these values are arbitrarily chosen (with trial-and-error) in order to
accelerate learning and are by no means considered hard-constraints on what is
widely considered safe or unsafe. Colliding and/or dangerous behaviour is still
possible.

Table 4.2: Output action space for the neural network

action longitudinal lateral
- follow vehicle a 1  left lane change to
inlane k 1 k 1
a follow vehicle a1 keep current lane k
in lane k
o follow vehicle a 1 right lane change to

inlane k+ 1 k+ 1




4.4 reward function

Since the goal of RL is to generate the policy that maximizes the reward, the reward
function has a signi cant effect on the resulting behavior. For this reason, it is supposed
to re ect the following driver goals:

1. Drive safely.

2. Drive as fast as possible.
3. Drive ef ciently.

4. Drive socially.

The reward function is de ned as follows:

(
1 if collided
R = if colli .e 1)
0.0Irye + 0.05, 0.0Irg 0.0l 0.05ganger Otherwise

where
el = —— " 2 [0,1] (4.20)
max  Vmin
1 if i
o= | overtakfng from the I(.aft (4.2b)
1 if overtaking from the right
1 if unnecessarily driving on overtake lane
Mg = . y 9 (42C)
( 0 otherwise
1 iflane changin
e = changing (4.2d)
( 0 otherwise
1 if tailgating or cutting off
r = 4.2e
danger 0 otherwise ( )

Even though it is previously stated that the agent manages a different update frequency
compared to the Unity simulator, the reward is evaluated every Unity update loop
(i.,e. every 0.002s). This is done to capture important events during lane changes
such as tailgating. The numerical reward values are then simply summarized until
they are added to the next experience. In summary, the agent can collect the optimal
reward through driving as fast and right-sided as possible with minimum lane changing,
dangerous driving and colliding with other cars or the environment. The reward function
was designed according to the following reasoning:

By normalizing the velocity reward, zero positive rewards are collected when the
agent drives at the minimum velocity and consequently the maximum value when
driving at the desired (i.e. maximum) velocity.

The negative reward for lane changing is to discourage unnecessary lane changing,
forcing the agent to only perform lane changes when it estimates it could lead to a
potential future reward (i.e. an overtake leading to an increase in speed).

Similarly, a negative reward is assigned for dangerous behavior. In this work,
tailgating is de ned as the space gap s, to the preceding vehicle being lower than
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60% of the desired spacing sqes (See Equation 4.5). Furthermore, if a following
vehicle has to emergency brake (de ned as a braking torque of 500N/m or higher)
or the gap is lower than 60% of the spacing as a result of an agent lane change,
then the behavior is classi ed as cutting off.

Social driving is accomplished by an overtaking reward and left driving penalty.
Overtaking is positively rewarded if it is done on a left lane, whereas overtaking
from the right results in an equal negative reward. Driving on the left is only
classi ed as unnecessarily if s;7 = True (see Section4.2). This approach is slightly
similar to that of [ 29, 30], except that this study utilizes TTC instead of time-gap in
order to account for both relative distance and velocity.

The choice of all reward weights were determined using mostly trial-and-error, as there
is no standardized method for designing the reward function apart from some best
practice rules.

45 vehicle control module

By default, vehicles in Unity are controlled through three inputs: motor torque, braking
torque and steering angle. The so-called vehicle control module is responsible for
regulating inputs and consists of three distinct features: longitudinal velocity control
using ACC, trajectory generation and trajectory tracking control. As previously stated,
all vehicles in the simulator possess this module, including the agent.

4.5.1 Velocity control

Similar to a real traf ¢ scenario on a highway, each vehicle is supposed to adjust its
velocity to the surrounding traf ¢. This (longitudinal) velocity control can be achieved
using an Adaptive Cruise Control ( ACC) system or a car-following model, enabling the
(automated) maintenance of a desired velocity vges as well as a desired following gap
Sges Of vehicle a with respect to a preceding vehicle a 1.

Since acceleration is proportional to motor torque in the wheels [ 79], a torque based
model that is similar to the acceleration based model of van Arem et al. [80] can be used
in this work. Imagine the situation in Figure 3.2. In every update loop, two different

torque signals are computed: a reference torque signal T,es and a gap-control torque
signal Tqc. The reference torque is designed to reach a de ned desired velocity Vges as in

Tref = Kr (Vdes  Va) (4.3

where k; is a constant speed error factor. The gap-control torque is designed to preserve
a de ned inter-vehicle distance (or gap) Sges between the ego-vehicle and preceding
vehicle and is based on the preceding vehicle's torque, relative velocity and inter-vehicle
gap error. It is de ned as

Tge = ktTa 1+ ky (Va1 Va)* Kg(Sa  Sges) if za 1 Za  Omeas (4.4)
where Kk, ky and ky are constants. If a preceding vehicle is not within a pre-de ned

measuring distance dmeas, then Tgc will have no value as a means of limiting the compu-
tational cost.



The desired gap Sqes is determined through the spacing policy. Zhou and Peng [8]]
formulated a velocity-based spacing policy based on human driving data which will be
used in this work. It is de ned as

Sges = 3+ 0.001%, + 0.0448/2 (4.5)

The torque is then determined by selecting the most restrictive torque signal:

Ta = mln Tref, Tgc (46)

The input motor- and braking torques are then determined from T, and simultaneously
clipped using the set parameters Tmax,motor @Nd Trax brake &S in:

Tmotor = Clip (Ta, 0, Tmax,motor ) 4.7)
Torake = clip (Ta, Trnax,brake: 0) (4.8)

preventing the system from exhibiting unstable and/or unrealistic behavior. Note that
when T, is negative the vehicle brakes whereas a positive value leads to acceleration;
simultaneous braking and acceleration is impossible.

4.5.2 Lane change trajectory

Typically, lane change trajectories can be modelled with mathematical equations, i.e.
'ideal trajectories' [ 82]. Examples vary from sinusoidal [ 83] or (quintic) polynomial [ 84]
functions to more advanced dynamic mathematical systems like the approach used by
Xu et al. [85]. Some works also opted to t a curve to a large set of collected human
driving data [ 86-88].

For the sake of preserving simplicity, a quintic polynomial function is used to model
the (spatial) lane change trajectory. Since a quintic polynomial is twice continuously
differentiable, it holds the advantage of having a continuous curvature pro le, resulting

in smooth steering without the need for sudden adjustments [ 84, 89]. Consider a road
vehicle on a lane of width w where z represents the longitudinal direction and x(z) is
the lateral position expressed as a function of z, as in

X(2) = ag+ az+ @z’ + &z’ + azt+ a2’ (4.9)

If a lane change maneuver has a length z. and width x. (i.e. the lane width w), the
unknown constants in Equation 4.9 can be solved by introducing the following boundary
conditions:

2
2 5=0 %2090 az=o
dz dz2 (4.10)
-gx—x d—X—O@—O atz=z
T gz T T dz2 T T e
Solving this boundary condition problem results in the trajectory
" 3 4 5#
z z z
x(z) = X 10 — 15 — +6 — 411
( ) Ic Zic Zc Zic ( )
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Figure 4.2: The lateral position and curvature during a 100m long lane change maneuver on 3.5
m wide lane(s). Here, x = 0 corresponds to the center of the original lane.

Furthermore, the curvature k(z) [90] is de ned as

d?x/d z?

k(z) = (4.12)

, 312
1+ (dx/d 2)

To illustrate, both the resulting lateral trajectory and curvature ofa 100m long, 3.5 m
wide lane change are plotted against longitudinal position in Figure 4.2. Given that the
constraints are met, the trajectory can be applied to any lane change segment with an
arbitrary starting location and orientation in the simulator by transforming from the
coordinate frame shown in Figure 4.2. Naturally, a trajectory towards the right lane can
simply be obtained by multiplying Equation 4.11with 1.

To prevent a constant lane change length z. for all situations, the lane change length will
be de ned as a function of lane change duration t; which is a constant and the velocity
at the time of initiating the lane change maneuver v:

Zic = licVie (4.13

45.3 Trajectory tracking module

With the trajectories for lane changing and lane keeping (i.e. a straight line in the middle
of the lane) de ned, the car follows these reference trajectories using the Stanley method
[91]. Referring to the situation in Figure 4.3, the Stanley method is a nonlinear steering
control method that considers the the cross track error e; measured laterally from the
center of the front axle of the vehicle to the trajectory point (xp,z,) and the heading
error ge of the vehicle with respect to the path. The control law is given as

d= g+ arctan Keu (419

Va
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