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Highway Autopilot using Robust Model Predictive Control with a
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Abstract
In this thesis, the area of robust trajectory planning through model predictive con-
trol in combination with trajectory predictions is explored. The combination is used
to obtain an autopilot algorithm controlling a truck that is operating in a simulation
of a highway scenario with surrounding traffic. A novel transformer-based observer
has been developed to address the problem of generating trajectory predictions for
the robust model predictive controller. The observer is also capable of expressing
uncertainty through the Monte Carlo dropout methodology. Further, the model
predictive controller extends its collision avoidance constraints based on these un-
certainties to increase the robustness of the solution. The results of the developed
observer showed that it was capable of giving more accurate multi-modal predictions
compared to a constant velocity baseline, in terms of ADE and FDE. Indications for
a more robust solution in terms of safety were observed for the robust model pre-
dictive controller combined with the developed trajectory predictor. However, the
robustness of the new combination came at the cost of reduced drivability perfor-
mance caused by overcompensation for future trajectory predictions of surrounding
vehicles. It was concluded that the results signify the usefulness of the developed
combination in safety-critical scenarios and that a foundation for future work has
been provided.

Keywords: deep machine learning, model predictive control, optimal control, robust
optimal control, transformer, trajectory prediction, trajectory planning, autopilot.
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Nomenclature

Below is the nomenclature of indices, parameters, variables, sets and functions that
have been used throughout this thesis. Selected mathematical notation:

• Vectors are bold lower case letters, "x"
• Matrices are bold upper case letters, "G"
• Sets are in blackboard-bold letters, "S"
• Predictions are marked by ∧ and time derivatives by •

Indices

(i) Reference for vehicle i surrounding the ego vehicle
e Ego vehicle reference
t Time step index
n Discrete time steps in optimization horizon
(l) Reference for leading vehicle l in front of ego vehi-

cle
ν Reference index for left lane change and right lane

change controllers
κ Reference index for trailing, left and right lane

change controllers
k Index for head in multi-headed attention
R Reference index for robust implementation
q Index of trajectory prediction mode

Parameters

L Length
smin Minimum value of state limitations on the truck
smax Maximum value of state limitations on the truck
umin Minimum value of control actions for the truck
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umax Maximum value of control actions for the truck
amax,x Maximum longitudinal acceleration of surrounding

vehicle
γ Acceleration exponent
vref,x Desired speed
bd Desired deceleration
Ts Time headway needed to be safe for surrounding

vehicle
d0 Minimum allowed longitudinal distance between

vehicles
pa Politeness factor
asafe Maximum allowed deceleration
∆athresh,x Acceleration threshold for when to initialize a lane

change
kp Proportional gain in PI controller
kI Integral gain in PI controller
kn Proportional gain corresponding to close target in

PI controller
kf Proportional gain corresponding to far away target

in PI controller
Tpred Last value time step in the prediction horizon
T Time headway needed to be safe for ego vehicle
w Maximum lateral span of truck
d Desired minimum distance to vehicle in front
Qs State cost
R Control cost
Pf Terminal state cost
a1 Scaling parameter for controller cost
a2 Scaling parameter for cost of changing controller

decision
Tobs First observed historical time step
N Number of vehicles surrounding the ego vehicle
A Number of vectors in the input sequence in a self

attention module
dmodel Design parameter in transformer
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IO Linear projection matrix of learnable parameters
for the concatenated output of multiheaded atten-
tion

IQ Linear projection matrix of learnable parameters
for the Queries of multiheaded attention

IK Linear projection matrix of learnable parameters
for the Keys of multiheaded attention

IV Linear projection matrix of learnable parameters
for the Values of multiheaded attention

ts Sampling time
tf Maximum simulation time
dmax Maximum allowed distance
Ns Total number of simulations
mx Size of x quantified positional grid surrounding the

ego vehicle
my Size of y quantified positional grid surrounding the

ego vehicle
mẋ Size of x quantified velocity grid
mẏ Size of y quantified velocity grid
Nm Number of predicted modes in TOT-MC
τ Number of heads in multi-headed attention mod-

ule
ϕ Scaling parameter for extending constraint based

on uncertainty

Variables

x Longitudinal position
y Lateral position
s State vector
u Control vector
vx Longitudinal velocity
θ Vehicle angle in internal frame
δ Steering angle
ax Longitudinal acceleration
∆vx Longitudinal velocity difference between two vehi-

cles
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dx Longitudinal distance between two vehicles
afr,x Acceleration on free road
adec,x Deceleration due to vehicle in front
∆acur,x Change in longitudinal acceleration for current fol-

lowing vehicle
∆anew,x Change in longitudinal acceleration for new follow-

ing vehicle
∆ad,x Change in longitudinal acceleration for a vehicle

conducting a lane change
λ Direction of target
ϵ1 Longitudinal constraint scaling variable
ϵ2 Longitudinal constraint scaling variable
l Scene context information
sref State reference vector
uref Control reference vector
Jκ,tot Cost that lie as a basis for which controller to

choose in the baseline MPC
K Keys in transformer
Q Queries in transformer
V Values in transformer
C Compatibility value of all data points in a sequence
W Compatibility value of all data points in a sequence

run through a SoftMax function
E New embedding for Queries, Keys and Value com-

bination
h Head in multihead-attention mechanism
M Multihead-attention function
p Grid points for state space quantization
gobs Labeled observed historical positions
Eobs dmodel higher dimensional representation for la-

beled positions from gobs

Zscene Latent variable representation produced by scene-
encoder

Zsingle Latent variable representation produced by single-
encoder

ġGT Labeled ground truth future velocities
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ĖGT dmodel higher dimensional representation for la-
beled velocities from ġGT

ζ Slack variable for constraints
αx Uncertainty in predicted x positions from the

TOT-MC model
αy Uncertainty in predicted y positions from the

TOT-MC model
µ Design parameter for positional encoding resolu-

tion
Jκ,tot,R Cost that lie as a basis for which controller to

choose in the Robust MPC

Sets

Pobs The set containing all agents historical x and y
coordinates from time step Tobs to current time
step, i.e. {(x(i),y(i))}Ni=1

Ppred The set containing all predicted positions, i.e
{(x̂(i), ŷ(i))}Ni=1

Lobs The set containing all previous agents observed
scene information, i.e. {l(i)}Ni=1

Ppos The set which contains the grid point coordinates
of the quantified area surrounding the ego vehicle

Vκ The set of vehicles i considered by the controller κ
Pvel The set which contains the quantified combina-

tions of x and y velocities

Functions

ρ(vx,∆vx) Allowed minimum distance between the vehicle in
consideration and the vehicle in front

ϵ
(i)
0 (ŷ(i)) Lateral constraint scaling
ϵ

(i)
3 (ŷ, ye) Shifts constraint laterally
heκ(seκ,ueκ, x̂(i), ŷ(i)) MPC baseline constraints including physical con-

straint on the ego vehicles
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Jκ (seinit,ueκ(t : t+ Tpred − 1|t)) Cost function for optimization
Πψ(x, y) Trajectory predictor with parameters ψ
g(s(t),u(t)) Plant model
p({(x(i),y(i))}Ni=1,Ppos) Euclidian distance label assignment function for

positional quantization
f({g(i)

obs}Ni=1,mx,my) Embedding function for higher dimensional repre-
sentation

o({(ẋ(i)
GT, ẏ

(i)
GT)}Ni=1,Pvel) Euclidian distance label assignment function for

velocity quantization
heκ,R(seκ,ueκ, x̂(i), ŷ(i), α(i)

x , α
(i)
y , ζ

(i)) Robust MPC constraint function including physi-
cal constraints on the ego vehicle
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1
Introduction

More than one million people die in traffic accidents every year [1]. Rarely, these
accidents have a root cause, which has a basis in the complexity of the driving sce-
narios. Although, human factors such as inattention are identified as the cause of the
majority of traffic accidents [2]. Developing safe autonomous vehicles that mitigate
dangerous human behaviors is key to reducing the number of traffic accidents. The
main challenge of autonomous vehicles is decision-making in complex environments
such as changing lane on a highway or crossing an intersection. With increased au-
tomation and companies, such as Volvo Group, working towards zero accidents [2], it
is of the utmost importance to develop cutting-edge trajectory planning algorithms
that can guarantee safe operation.

1.1 Background

From the perspective of autonomous driving and trajectory planning algorithms, the
capabilities of accurately predicting other objects’ future states such as pedestrians,
traffic flow and surrounding vehicles, can help improve the performance of decision-
making [3]. It is important in trajectory predictions to not only model the object’s
own properties but also how it interacts with and affects its environment. This
could include contextual information (city environment, highway scenario) and scene
information, such as social interaction between other surrounding vehicles.
In terms of one prediction model to rule them all, there is none, and several strate-
gies exist on the market today. The prediction model domain spans wide from older
models that try to incorporate physics with examples of Newton’s law to model
future motion to models built by learning from data via supervised learning. Nar-
rowing down the perspective to predicting future trajectories of vehicles and objects
such as pedestrians, several prominent supervised and unsupervised learning-based
models exist [4, 5]. Supervised learning can be summarized as the process of learn-
ing from data where input is matched toward the correct output. One example of
this is to produce a prediction of a future trajectory by conditioning on previous
observations. The model then tries to predict this trajectory and then optimize its
variables depending on how erroneous it was compared to the truth. For unsuper-
vised learning such as reinforcement learning (RL), the training is often performed
through active environment learning and the maximization of a predefined reward
function.
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Before 2017 models based on long short-term memory (LSTM) [6], gated recurrent
unit (GRU) [7], convolution neural networks (CNN) [8] and graph neural networks
(GNN) [9] were regarded as state-of-the-art for sequence modeling, especially for
trajectory predictions. In 2017 a new way of modeling sequential data was intro-
duced for natural language processing (NLP) tasks, the transformer network [10].
What the transformer mainly differs from previous models is that it is based on
self-attention. The self-attention mechanism in the transformer structure results
in a new way of processing that moves away from a sequential perspective, to re-
viewing the whole input directly. Attention mechanisms increase the capabilities of
capturing long-term dependencies which allows for a higher degree of parallel train-
ing. This facilitates possibilities for producing faster and more accurate tools for
trajectory forecasting with better deployment of graphics processing units (GPU)
[10].
The predictions of the surrounding environment lie as a base for how an autonomous
vehicle should act. Thus, good predictions are a necessity for safe autonomous
decision-making. What is important to note and raise among these supervised Deep
learning (supervised DL) and unsupervised RL models is how to guarantee safety if
applied to an autonomous vehicle environment. Purely learning-based approaches
have achieved promising results in terms of decision-making in complex environ-
ments but often lack robust safety constraints [11]. One idea here is to incorporate
and fuse the strengths of learning-based models’ capabilities of modeling complex
environments with optimization-based models to guarantee safety constraints. One
of these optimization-based models is the model predictive controller (MPC). By
utilizing the strengths of the MPC’s optimal decision-making and robust constraint
modeling together with a learning-based observer for trajectory predictions the hy-
pothesis is that it can generate a multi-sided agent that can take robust decisions
and optimal actions.

1.2 Aim
This thesis aims at combining these two approaches and make use of their individ-
ual strengths implemented in a highway scenario for a truck. To achieve this, the
objective is to develop a cutting-edge learning-based observer for environment anal-
ysis surrounding the ego vehicle and construct future predictions of these vehicles’
trajectories as a base for decision-making. Following the predicted trajectories an
MPC will provide optimal control decisions with robust consideration to the sur-
rounding vehicles. With the development of this combined approach, the project
aims at presenting results for this relatively unexplored area and evaluating its future
potential.
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1.3 Limitations
Given the aforementioned aim of the thesis to generate an autopilot for a high-
way scenario based on the combination of a learning-based observer together with
a model predictive controller, certain limitations are considered. The specified
learning-based observer will be based on supervised learning and mainly focus on
models based on this strategy. This demarcation will therefore reduce the thesis
focus on unsupervised learning models such as RL, which will not be explored.
Moving to the trajectory planning algorithm, the project will not aim a developing
an MPC from scratch. It will rather focus on extending the robustness of an already
implemented trajectory planning algorithm. Therefore, an in depth review of MPC
will not be provided, and the interested reader is referred to the sources presented
in the thesis. The project environment for data generation and testing is based on
supervisor Erik Börve’s implementation of SUMO [12] driving environment models.
A version of this environment can be accessed via his publicly available GitHub
repository: [13]. The selection to use this environment is deemed essential in the
perspective of time resources to enable the project scope of conducting research on
model predictive control and supervised learning combinations. Using this envi-
ronment puts limitations towards only using a bird’s eye view (BEV) environment,
thus taking a step away from real-world implementations. The thesis is based on
a relatively unexplored research area and will focus on investigating potential im-
plementation without the perspective of real-world applications. This limitation is
further extended into the perspective of real-world computing times for the imple-
mented solutions, which will not be considered in this thesis due to its conceptual
focus. Important to note is though that the data may not be real-world comparable,
driver models and agents interactions are constructed towards mimicking real-world
interactions and actions.

1.4 Research questions
The established research questions that are to be investigated during the project are

• Is the developed observer able to capture the behavior of surrounding vehicles
in a highway scenario and to what extent?

• How can a learning-based observer and MPC be combined to increase robust-
ness in a trajectory planning algorithm for an autonomous truck in a highway
scenario?

• What are the main benefits that can be gained by using the aforementioned
combination from the perspective of drivability and safety?
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1.5 Thesis overview
Chapter 2 presents the specific problem that is to be investigated together with the
basis of the simulation environment in which the research is conducted in. The nec-
essary theoretical background for the thesis is presented in chapter 3. The method-
ology for the developed trajectory prediction algorithm, i.e. observer, is presented in
chapter 4 and the robust trajectory planner in chapter 5. Results for the evaluation
of the observer and the robust controller are located in chapter 6. Discussions and
recommendations for future work are presented in chapter 7 with final conclusions
in chapter 8.

4



2
Vehicle modeling and problem

formulations

The simulation environment used in this thesis is based on a simulation environment
called Simulation of Urban Mobility (SUMO) [12], which is an open-source multi-
modal simulation environment designed for the training and testing of autonomous
vehicle implementations. A version of the simulation environment and the baseline
ego vehicle controller used in this thesis can be viewed in our supervisor Erik Börve’s
GitHub repository [13]. The environment is a three-lane highway with the ego
vehicle, surrounded by 5 other passenger vehicles. A typical simulation can be seen
in Figure 2.1.

Figure 2.1: Simulation environment with four visible surrounding vehicles (red,
blue and green) and truck and trailer combination as the ego vehicle (teal). The
y-axis represents the lateral distance in meters and points upwards while the x-axis
represents the longitudinal distance in meters and points in the right direction. The
lane markings are represented by red solid lines, the planned trajectory for the ego
vehicle is represented by the dashed black line, and the mixed color dots in front of
the surrounding traffic represents their upcoming lane.

In the sections below is the functionality of this simulation environment presented.
In section 2.1 the two vehicle models for the surrounding traffic and ego vehicle
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are presented. The driver model for traffic around the ego vehicle is presented in
section 2.2. The chapter also presents a description of the used trajectory planning
algorithm for the ego vehicle and its problem statement in section 2.3. Following
this statement, an introduction to the problem statement of predicting surrounding
vehicles’ trajectories is presented in section 2.4.

2.1 Vehicle models
A bicycle model is used to model the vehicles surrounding the ego vehicle. A
schematic view of the model can be seen in Figure 2.2.

Figure 2.2: Vehicle model for the surrounding traffic where superscript (i) refers to
which vehicle, L is the length, x(i) and y(i) are coordinates represented in the middle
of the rear axis, θ(i) is the angle of the vehicle in regards to the internal frame and
δ(i) is the steering angle.

The corresponding state representation of each vehicle, ṡ(i), is described by

ṡ(i) =



ẋ(i)

ẏ(i)

v̇(i)

θ̇(i)



=



v(i)
x

v(i)
x tan(θ(i))

a(i)
x cos(θ(i))

v(i)
x

tan(δ(i))
L cos(θ(i))



(2.1)

where x(i) and y(i) are coordinates represented in the middle of the front axis for
vehicle i. v(i)

x is the longitudinal speed, a(i)
x is the acceleration along the global x-

axis, θ(i) is the angle of the vehicle in regards to the internal frame, and δ(i) is the
steering angle. The length of the vehicle is given by L, which is the same for all
surrounding vehicles. The controllable states are the steering angle, δ(i), for lateral
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control and the acceleration, a(i)
x , for longitudinal control. The control vector for

each vehicle is therefore

u(i) =
 u(i)

lat

u
(i)
long

 =
δ(i)

a(i)
x

 (2.2)

where u(i)
lat and u

(i)
long represents lateral and longitudinal control respectively.

The ego vehicle is a tractor with a trailer combination. It is modeled by an extension
of the proposed bicycle model in (2.1) to give an accurate representation of the ego
vehicle. A schematic view of the model for the tractor-trailer combination can be
seen in Figure 2.3

Figure 2.3: The ego vehicle tractor-trailer combination model where superscript e
refers to the ego vehicle, Ltractor and Ltrailer corresponds to the length of the tractor
and the trailer, xe and ye represent coordinates in the joint of the tractor and the
trailer in the internal frame, θtractor and θtrailer represent the angles of the tractor
and trailer and δtractor is the steering angle of the tractor.

The state representation for the ego vehicle, ṡe, can be seen below

ṡe =



ẋe

ẏe

v̇ex

θ̇tractor

θ̇trailer



=



vex

vex tan(θtractor)

aex cos(θtrailer)

vex
tan(δtractor)

Ltractor cos(θtractor)

vex
sin(θtractor−θtrailer)
Ltrailer cos(θtractor)



(2.3)
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where xe and ye represent coordinates in the joint of the tractor and the trailer in the
internal frame. vex represents the longitudinal velocity. θtractor and θtrailer represent
the angles of the tractor and trailer respectively seen from the internal frame. Ltractor

and Ltrailer corresponds to the length of the tractor and the trailer and δtractor is the
steering angle of the tractor. The controllable states for the ego vehicle are

ue =
 uelat

uelong

 =
δtractor

aex

 (2.4)

where uelat and uelong represent lateral and longitudinal control respectively for the
ego vehicle. The limitations on the truck, trailer, and inputs are represented as box
constraints

semin ≤ se ≤ semax (2.5a)
uemin ≤ ue ≤ uemax (2.5b)

Where semin and semin are the lower limits and semax and uemax are the upper limits for
the ego vehicle.

2.2 Driver model of surrounding vehicles
Three different models are used to simulate the drivers in the surrounding traffic
around the ego vehicle. One is for controlling the longitudinal speed, one for lat-
eral control, and one that decides upon lane change. The superscript notation to
represent each vehicle i is omitted in this section for brevity in the equations.
To control the longitudinal speed of the surrounding vehicles, the model Intelligent
Driver Model (IDM) is used [14]. The idea is to use their acceleration function to
control the speed. IDM assumes that the acceleration of the vehicle is a constant
function with respect to the velocity, the distance, and the difference in velocity
between the vehicle in consideration and the vehicle in front of it. The equation for
the acceleration is formulated as

ax = amax,x

(
1 − (vx)

vref,x

γ

− ρ(vx,∆vx)
dx

2)
(2.6)

where amax,x refers to the maximum allowed longitudinal acceleration, ax is the cur-
rent longitudinal acceleration, vx is the vehicle speed, ∆vx is the velocity difference
between the vehicles, dx is the distance between the vehicles, vref,x corresponds to
the desired speed and γ is the acceleration exponent. The two last-mentioned pa-
rameters are tunable. Equation (2.6) can be explained by the interpolation of two
components, acceleration with no vehicle in front of it

afr,x = amax,x

(
1 − (vx)

vref,x

γ)
(2.7)

and the deceleration, adec,x, which represents a deceleration due to the leading vehicle
being closer than what is desired
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adec,x =
(

−amax,x
ρ(vx,∆vx)

dx

2)
. (2.8)

The equation for the allowed minimum distance between the vehicle in consideration
and the vehicle in front, ρ(vx,∆vx), is

ρ(vx,∆vx) = vx∆vx
2
√
amax,xbd

+ vxTs + d0 (2.9)

where bd is the desired deceleration, Ts is the time headway needed to be safe and
d0 is the minimum allowed longitudinal distance between the vehicles. All these
parameters are tunable.
The model Minimize Overall Breaking Induced by lane change (MOBIL) [15] is used
to commence lane changes for the surrounding vehicles. The change in acceleration of
the surrounding vehicles is approximated using the aforementioned IDM. A threshold
of gained acceleration is defined to motivate a lane change if the estimated change
in acceleration exceeds it. This leads to an incentive condition that is used to define
when lane change should be initiated

∆athresh,x < pa (∆acur,x + ∆anew,x) + ∆ad,x (2.10)

where ∆athresh,x defines a threshold for gained acceleration when to initialize the lane
change, ∆acur,x and ∆anew,x is the change in acceleration for the current and new
follower of the vehicle pending a lane change respectively and ∆ad,x is the change
in acceleration for the vehicle conducting a lane change. pa represents a politeness
factor of the closest neighboring vehicles stating to what extent the following vehicles
should impact the lane change. A politeness factor of 0 means that the driver
deciding on a lane change does not care at all about surrounding traffic when deciding
upon lane change. Moreover, another measure is taken to minimize the risk of
collision by defining the maximum allowed deceleration of the vehicles, asafe, which
is a tunable parameter. A lane change will commence if the criterion (2.10) is fulfilled
and the deceleration of the vehicles all considered vehicles is greater than asafe.
To control the vehicles laterally, a two-point visual control model derived from a PI
controller is used as defined in [16]. The central factor of this model is that it can
obtain stable control of the steering wheel angle by utilizing observed targets both
close to and far away from the controlled vehicle. The equation for the PI controller
can be defined as,

δ = kpλ+ kI

∫
λ dt (2.11)

where λ is the direction of the target, kp and kI is the proportional and integral
gain. Applying the derivative to (2.11) and extending it with the dual targets gives,

δ̇ = knλ̇n + kf λ̇f + kIλn (2.12)
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where λ̇n and λ̇f describe the change in the direction of both the close-by target
and the far away target respectively, λn symbolizes the direction to the close target.
Euler’s method is used to discretize (2.12) and obtain the steering wheel angle for
the controlled vehicle.

2.3 Problem formulation for trajectory planning
In the past two decades, MPC has shown prominent results when dealing with the
control of complex dynamical systems [17]. The popularity of the MPC comes from
its ability to cope with complicated dynamics, multiple inputs and outputs, and its
profound potential to perform optimal control actions given a set of constraints on
inputs and states [18]. As a consequence, literature has shown that it is an effective
tool to plan trajectories for autonomous vehicles [19, 20].
Model predictive control uses a model of the system to predict its future states de-
pending on an applied control signal throughout a prediction horizon. Utilizing a
user-defined cost function J , MPC aims to minimize it along the entire prediction
horizon (Tpred), while satisfying a set of constraints. In terms of trajectory planning,
these constraints can be physical limitations on the ego vehicle or constrained posi-
tions for surrounding vehicles. A specific MPC trajectory planning algorithm for a
highway scenario can be seen in Figure 2.4.

Figure 2.4: Highway autopilot consisting of a trajectory planning algorithm with
three separate model predictive controllers for trailing and lane change trajectories.
The trajectory planner utilizes a trajectory predictor for predicting trajectories of
surrounding vehicles. The optimal cost-minimizing trajectory for the ego vehicle is
chosen by a Decision Master

In Figure 2.4 one can see that the controller architecture uses a predictor, three
controllers, and a Decision Master (DM) to plan a future trajectory. The predictor
is used to predict the positions of surrounding vehicles throughout the prediction
horizon to be able to form collision avoidance constraints. Based on the predictions,
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three different MPC trajectory plans are generated where two are considered for
lane change (left and right) and one is considered for a trailing trajectory. The
trajectories are then compared to each other in terms of cost via a DM. The DM
returns a safe cost-minimizing solution, whether it is to change lanes or continue
trailing the vehicle in front. The algorithm is carried out at every time instance,
thus forming a receding horizon control that inherently provides some robustness
to prediction inaccuracies [21]. This specific algorithm follows similar applications
as in the papers [22] and [23] and is implemented in our supervisor Erik Börve’s
GitHub repository [13]. The specific components will be further explained in the
coming sections.

2.3.1 Constraint formulation
In order to obtain feasible solutions, constraints are constructed for the surround-
ing vehicles. The constraints are based on calculated trajectories from each model
predictive controller at each time step. Through the prediction horizon, Tpred, the
positions of the surrounding vehicles need to be estimated so that the constraints
could be formed therein. In the baseline version, a constant velocity (CV) model is
used to estimate surrounding vehicles’ future x positions

x̂(i)(t+ 1) = x̂(i)(t) + ẋ(i)(0)ts, x̂(i)(0) = x(i)(0), (2.13)

x̂(i)(t + 1) is the predicted x position for time step t + 1 given previous prediction
x̂(i)(t). Note that the prediction starts from the current position x̂(i)(0) = x(i)(0)
and that the velocity, ẋ(i)(0), is kept constant for all predictions thus forming a
constant velocity model. The y position for each vehicle is assumed to be constant
during the prediction horizon. The predicted positions of the vehicles are used to
form constraints that dismiss MPC solutions leading to a collision. Two different
structures of constraints are used, one for the trailing MPC and one for the two
lane-change MPCs. Note that in the collision avoidance constraints, t has been
omitted for brevity.
Firstly, for the trailing MPC, the constraints constitute of holding a specified safe
longitudinal distance from the vehicle ahead of the truck in the same lane

ctrail(xe, x̂(l), v̂(l)
x ) = d+ Ltractor + T v̂(l)

x + xe − x̂(l) < 0 (2.14)

where e is a reference for the ego vehicle, l reference for the leading vehicle, xe
is the longitudinal positions of the ego vehicle and x̂(l) is the predicted x position
of the leading vehicle. T represents the minimum required headway in time for a
possible deceleration and d represents the desired minimum longitudinal distance
to the vehicle in front in the same lane. Furthermore, the trailing MPC solution is
also constrained laterally by the lane markings and the maximum lateral span of
the truck, w, to avoid solutions deviating too much into adjoining lanes. A scenario
where the MPC trailing constraint is present can be seen in Figure 2.5.
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Figure 2.5: Trailing constraint where the ego-vehicle is depicted in red and the
leading vehicle is depicted in blue. The longitudinal constraint, depicted in orange,
is determined by holding a specified safety distance that is dependent on the length
of the tractor Ltractor, the time headway T , the predicted velocity of the leading
vehicle v̂(l)

x , and a required minimum longitudinal distance to the vehicle in front
d. The ego vehicle is constrained laterally by the lane markings including a safety
distance of maximal lateral span of the truck w/2.

In the case of the two lane-change MPCs, the distances to surrounding vehicles are
constrained both laterally and longitudinally. The boundaries of the constraints are
formulated as tanh-functions in a continuous form

b(i)(xe, ye, x̂(i), ŷ(i)) = ξ1(ξ2 + ξ3) + ξ4 (2.15a)

ξ1 = ϵ
(i)
0 (ŷ(i))

2 (2.15b)

ξ2 = tanh(xe − x̂(i) + ϵ
(i)
1 ) (2.15c)

ξ3 = tanh(x̂(i) − xe + ϵ
(i)
2 ) (2.15d)

ξ4 = ϵ
(i)
3 (ye, ŷ(i)) (2.15e)

where the constraints are laterally scaled by the parameter ϵ(i)
0 which depends on

the planned y-position of the ego vehicle including its maximum lateral span and
safety margin and the predicted y-position of the surrounding vehicle i including its
width. Furthermore, scaling the constraints in the longitudinal direction is done by
the parameters ϵ(i)

1 and ϵ
(i)
2 , for vehicle i and incorporates a defined safety margin

and its length. ϵ(i)
3 places the constraint laterally based on the predicted y position

of vehicle i and the planned y position of the ego vehicle. F (i)
ν ∈ {−1, 1} mirrors

the constraints pending on which lane the ego vehicle is located and which vehicle is
observed. It also considers which controller is being optimized, referenced as index
ν = {left change, right change}. Consequently, the lane change collision avoidance
constraints are
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cν(xe, ye, x̂(i), ŷ(i)) = F (i)
ν

(
b(i)(·) − ye + w

)
< 0 (2.16)

where the dependency variables in b(i) has been omitted for a more clear represen-
tation. The constraints (2.16) are assembled around all surrounding vehicles, i, for
all time steps in the prediction horizon. Two scenarios where the constraints for one
time step are visualized for left and right lane change MPCs can be seen in Figures
2.6a and 2.6b respectively.

(a) Left lane change constraints.

(b) Right lane change constraints.

Figure 2.6: Lane change constrains where the ego-vehicle is depicted in red and
the surrounding vehicles are depicted in blue. The constraint, depicted in orange
for vehicle i is defined by a continuous tanh function that is scaled longitudinally
by ϵ(i)

1 and ϵ(i)
2 . ϵ(i)

0 scales the constraint laterally and ϵ(i)
3 shifts the constraint to the

correct lateral position on the highway.
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2.3.2 Formulation of the optimization and definition of de-
cision master

The different MPCs have the same objective, to track a lateral position and a longi-
tudinal speed reference. Another goal is to lessen the needed control input. As the
defined objective is the same for the different MPCs, the same cost function is used.

J(se,ue) = Lf (se(Tpred)) +
Tpred−1∑
t=0

(se(t) − seref(t))TQs(se(t) − seref(t))

+
Tpred−1∑
t=0

(ue(t) − ueref(t))TR(ue(t) − ueref(t))
(2.17)

where Lf (se(Tpred)) is equal to the terminal state cost

Lf (se(Tpred)) = (se(Tpred) − seref(Tpred))T Pf (se(Tpred) − seref(Tpred)) (2.18)

and Qs and R are weighting matrices that penalize deviation from the state and
control reference respectively

Qs =



0 0 0 0 0
0 40 0 0 0
0 0 300 0 0
0 0 0 5 0
0 0 0 0 5


, R =

 5 0
0 5

 . (2.19)

Pf is the positive definite terminal cost matrix. The terminal cost matrix is acquired
by the usage of an infinite horizon linear quadratic regulator and solving the discrete-
time Ricatti equation for linearized dynamics around the current references for the
ego vehicle. The reader is referred to [24] for more detailed information regarding
the computation of the terminal cost matrix. Since the goal of the MPCs is to track
a lateral reference position and a reference longitudinal speed while lowering the
control input, the reference vectors can be written as.

seref,κ =



0
yeref,κ

vex,ref

0
0


,ueref =

 0
0

 (2.20)

where yeref,κ is one of the three highway lane centers, depending on which controller,
κ = {trail, left change, right change} the cost is calculated for and vex,ref is defined as
longitudinal reference speed.
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General constraints for the optimization of each controller can be formulated by
considering the constraints based on which controller is being optimized for and the
surrounding vehicles’ future predicted positions (2.14) and (2.16) together with the
physical limitations on the ego vehicle (2.5)

heκ(seκ,ueκ, x̂(i), ŷ(i)) ≤ 0, ∀i ∈ Vκ (2.21)

where heκ is the general constraint function and Vκ is the set of vehicles i considered
by the controller κ, i.e only leading vehicle when κ = trail and all vehicles otherwise.
With the cost function defined in (2.17) the MPC optimization can be formulated

min
ue

κ(t:t+Tpred−1|t)
Jκ (seinit, ueκ(t : t+ Tpred − 1|t))

s.t. seκ(t+ n+ 1|t) = g(seκ(t+ n|t),ueκ(t+ n|t))
(x̂(i)(t+ n|t), ŷ(i)(t+ n|t)) = ΠCV(x(i)(t|t), y(i)(t|t)), ∀i ∈ Vκ

heκ(seκ(t+ n|t),ueκ(t+ n|t), x̂(i)(t+ n|t), ŷ(i)(t+ n|t)) ≤ 0
seκ(t|t) = seinit

∀ n ∈ {0, . . . , Tpred − 1}

(2.22)

where ΠCV is the constant velocity trajectory predictor for the surrounding vehicles
positions through out the prediction horizon and g(·) is the plant model for the ego
vehicle. Furthermore, the terminal state at timestep Tpred also needs to conform to
the inequality constraints stated in the optimization. The optimization formulation
is solved using the Interior Point Optimizer (IPOPT), implemented in the Casadi
framework [25]. To be able to choose the optimal cost-minimizing control input
a DM is implemented, as developed in [22]. The control input for the different
controllers is calculated as in (2.22). Thereafter the DM chooses the controller that
minimizes the following equation

Jκ,tot = a1Jκ + a2Jchange (2.23)

where Jchange is the cost of changing between the active controller. a1−>2 are scaling
parameter that weighs the importance of each cost. The decision master is more
thoroughly explained in [22], for the interested reader.
One part that becomes apparent while observing the optimization formulation in
(2.22), is the need for an observer to predict surrounding vehicles’ trajectories to
generate the constraints involved in the optimization. Important to highlight, is that
the trajectories of the surrounding vehicles in the optimization are predictions. Since
these are predictions there will be an included uncertainty present in the trajectory
planner. Another identified problem also extends to the notion of how can these
prediction uncertainties be involved in the optimization to formulate a more robust
controller.
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2. Vehicle modeling and problem formulations

2.4 Problem statement for predicting surround-
ing vehicles’ future trajectories

A trajectory can be defined as the curve that an object travels through in space.
Extending this further to the notion of prediction the problem definition changes to
estimating how an will object travel through space. One way to solve this problem is
to look at the object’s previous states and use a model to predict the future position

(x̂(t+ 1), ŷ(t+ 1)) = Πψ(s(t)) (2.24)

where Πψ represents a predictor function based on parameters ψ that uses previous
state information s(t) ∈ RD where D can represent any number of features (position,
velocity, heading, etc.) to predict one time steps position into the future, namely
(x̂(t + 1), ŷ(t + 1)). The feature inclusion for s can be designed for the required
problem to solve, e.g. input previous velocity and position and then output position
or position and velocity. For brevity in this chapter the input to the predictor
function Πψ will be selected as x- and y-positions with identical states for output.
Continuing on the I/O relations the problem can further be extended towards a
time series prediction problem where the function should not be limited by only
predicting one time step into the future.

(x̂, ŷ) = Πψ(x, y) (2.25)

where (x, y) represents previous state information from historical time Tobs up to
the current time step and (x̂, ŷ) represent the predicted trajectory up to time step
Tpred.
Continuing on the notion of trajectory prediction, not only the object’s current
state in terms of x- and y-coordinates are interesting to involve. An important
feature that can also be involved, especially for trajectory prediction in a vehicle
environment, is the notion of scene context. An example of this from a traffic
scenario is the information from traffic signs, lanes, sidewalks, etc. The model
for the trajectory prediction should therefore consider, or condition on, prior and
current state information together with the scene context information to perform
the prediction. Therefore (2.25) can be updated with the inclusion of the scene,

(x̂, ŷ) = Πψ(x, y, l) (2.26)
where l represent previous scenes context from Tobs to current time step.
In the trajectory prediction problem two perspectives can be identified, scene and
agent perspective. From an agent perspective, the problem can be defined as pre-
dicting the trajectory for one agent, a car for example, based on the surrounding
scene context information. This then becomes an iterative approach where each
agent’s trajectory is computed separately to produce a prediction for all vehicles.
An agent perspective model can therefore be formulated as

(x̂(i), ŷ(i)) = Πψ(x(i),y(i), l(i)), i = 1, 2, ..., N (2.27)
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for N agents. Furthermore, the scene perspective can be seen as a model that
includes all agents’ information and produces a trajectory prediction for the whole
scene at once, thus computing trajectories for all cars directly

Ppred = Πψ(Pobs,Lobs) (2.28)

where the set Pobs = {(x(i),y(i))}Ni=1 represent the set containing all previous agents
positional information and its observed scene information Lobs = {l(i)}Ni=1. Ppred is
the set containing all predicted positions, i.e {(x̂(i), ŷ(i))}Ni=1, for all the surrounding
vehicles. Depending on the conditions of the problem formulation either approach
can be beneficial since they will produce the same output in the end.
The objective of the trajectory prediction problem is to minimize the prediction
error with respect to some model parameters ψ

min
ψ

|Πψ(·) − (xGT,yGT)| (2.29)

where (xGT,yGT) represents the ground truth, GT, for future positions up to time
step Tpred. Two common error metrics are often used in the evaluation of the perfor-
mance: average displacement error (ADE) and final displacement error (FDE) for
x and y prediction errors respectively. The ADE focuses on a holistic perspective
over the whole prediction horizon where it computes the average prediction error

ADE =
∑N
i=1

∑Tpred
t=0

√
((x̂(i)(t), ŷ(i)(t)) − (x(i)

GT(t), y(i)
GT(t)))2

NTpred
(2.30)

thus giving an average prediction error for all agents and all time steps into the
future. The FDE metric is defined by

FDE =
∑N
i=1

√
((x̂(i)(Tpred), ŷ(i)(Tpred)) − (x(i)

GT(Tpred), y(i)
GT(Tpred)))2

N
(2.31)

which only focuses on the last predicted state in the computation of the error metric.
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3
Background theory on robust
model predictive control and

trajectory prediction

The theoretical background chapter aims at presenting the necessary and applied
background to the theory used in the thesis. The chapter is divided into a trajectory
planning part consisting of robust MPC, followed by previous work in the field.
The section continues with a focus into trajectory predictions, with an overview of
transformers. The section concludes with previous work in the area of trajectory
prediction and techniques for modeling uncertianty in predictions.

3.1 Robust model predictive control
For real world systems or systems that exhibit uncertainties and inaccuracies, nom-
inal models can only give an approximation of the dynamics of the system. As
explained in earlier chapters, the receding horizon technique of the MPC provides
some robustness to these inaccuracies through its iterative approach. Although, it is
not possible to beforehand state if this controller is stable or not given uncertainties
in the system [26]. Robust MPC (RMPC) aims to maintain a stable control policy
for all feasible realizations of states in the model, subjected to bounded uncertain-
ties. Two common ways to approach RMPC, are min-max MPC [27] and tube-based
MPC [24]. Min-max MPC aims to minimize a defined cost function based on the
worst outcome realization of states. Although, since the approach cannot overlook
any realization in the optimization, meaning that many constraints will be formed, it
is computationally heavy. Since tube-based MPC is less intensively computationally
heavy a similar approach is applicable in this thesis.
Tube-based MPC is a way to include model uncertainty in the problem specification.
In other words, the objective is to make a robust control policy for a system that
exhibits bounded uncertainties in its modeling.

se(t+ 1) = g(se(t),ue(t),w(t)) (3.1)

where w(t) is the propagated bounded uncertainty at time step t. Since there is
uncertainty present in the dynamics of the system, a multitude of states will be viable
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at every sample time. Robust tube-based MPC aims to keep all viable states inside
the defined constraints in the optimization and is done by forming a region/tube
around the reference trajectory based on the uncertainty of the nominal system. A
representation of the approach can be seen in Figure 3.1.

Figure 3.1: Tube-constrained MPC scenario where the red rectangle is the ego
vehicle and the blue rectangles are surrounding traffic with corresponding constraints
in orange. Multiple state realizations are generated due to uncertainty in the model
of the ego vehicle and are depicted as red lines. The yellow 2D surface corresponds
to all possible state realizations and must conform to the surrounding constraints.

There are multiple viable options of trajectories coming from the ego vehicle in
Figure 3.1 which are dependent on the nature of the uncertainty the mathematical
model is subject to. A 2D region is formed that surrounds all possible trajectories
from the ego vehicle. In this example, the yellow surfaces, which represent all
possible trajectories, must conform with the collision avoidance constraints, depicted
in orange lines surrounding the other vehicles.

3.1.1 Previous work in trajectory planning using robust and
stochastic model predictive control

In the field of robust and stochastic model predictive control (RMPC, SMPC),
there are some publications that show significant benefits of using uncertainties and
a probabilistic setting in the problem formulation. In [28], a grid-based SMPC is
used for the trajectory planning. The surrounding environment is divided into grids
with assigned probabilistic values of a vehicle occupying it. The trajectory plan-
ner can thus include the stochastic nature of the surrounding vehicles allowing for
increased robustness in the MPC. Further, [29] presents an SMPC in combination
with a fail-safe trajectory planner. This enables an efficiently planned trajectory
in a non-deterministic environment whilst ensuring that safety constraints are met.
The SMPC is formed by using chance constraints, letting the optimal control prob-
lem account for uncertainties by including a modeling risk factor. The fail-safe
trajectory planning is then used as a backup, considering the worst-case uncertainty
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comprehension. Accordingly, the SMPC is used to plan efficient paths whilst the
pessimistic fail-safe trajectory planner ensures that the vehicle is kept in a feasible
state.
The research field of combining learning-based prediction approaches with model
predictive control for optimal trajectory planning is not widely explored. However,
there is one paper that highlights the interesting benefits of the proposed method.
In [3], lane-change maneuver control based on model predictive control and neu-
ral networks is proposed. More specifically, a framework that coordinates optimal
control inputs from a MPC with predicted driver intentions generated from a gener-
ative adversarial network (GAN) is presented. The method applies adaptive safety
boundaries to improve performance in practice. Notably, for some metrics such as
maximum acceleration the simulation results show that the suggested method does
not outperform a Game tree method. However, in terms of smoothness in trajec-
tory planning, robustness to traffic density, and number of infeasible simulations,
the proposed method shows prominent results.

3.2 Transformer
Transformers (TF), similar to Recurrent neural networks (RNN), are outlined to
facilitate sequential data with tasks including natural language processing (NLP).
RNNs use sequential processing to incorporate an expression of the state up to
the current data point with the information of all previous data points to form a
new state expression. However, the vanishing gradient problem [30] diminishes the
usefulness of the approach, as vanishing gradients limit the preciseness of the infor-
mation of the prior data points. Further, as the data points are handled sequentially,
training can be seen to be ineffective for long sequences. TFs have the capability to
handle all the data simultaneously which allows for faster training times due to the
possibility for parallelization [10]. This is made possible by utilizing a mathematical
technique called self-attention which allows for obtaining knowledge from any state
in the prior sequence. The base architecture of a transformer model can be seen in
Figure 3.2.
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Figure 3.2: Transformer architecture based on encoder-decoder structure. The
encoder, seen in the left part of the figure, transforms the input into a latent rep-
resentation and identifies important aspects of the data. The decoder, seen in the
right part of the figure, receives as input the latent variable representation from the
encoder and its own input to produce its output.

Encoders and decoders are used to process the data in a transformer network. The
encoder part of the TF transforms the input into a latent representation and identi-
fies important aspects of the data which consequently is passed to the decoder. The
decoder of the TF combines the output from the encoder and its own input to pro-
duce an output. The number of encoders and decoders layers in the TF is a design
parameter that can be changed depending on the requirements of the problem at
hand. While the first model was created for NLP, it has been found an interesting
tool to handle time series problems such as trajectory predictions. This is mainly
due to its possibility to capture long-term dependencies in a time series [31].

3.2.1 The self-attention mechanism
Self-attention mechanism serves as a remedy to the problem of vanishing gradients as
it has the capability to identify relationships between all data points in a sequence,
not only in a sequential manner. The idea of attention is to focus on the parts of the
input that are relevant to the objective in mind. Much like the human’s analytical
behavior to attend only to important parts of a message, attention mechanisms let
models disregard insignificant data points. The result is an effective model that
can focus its processing abilities on relevant data. An attention function can be
identified using three components, Queries(Q), Keys(K), and Values (V) which are
all matrices [10]. Each vector in the value matrix, V, is given a specific weight that
captures its importance. The weight is computed by using a compatibility function
for the query with the analogous key. The output is obtained by considering the
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weighted sum of the values. The Keys, Queries, and Values can be written in a
vector notation seen below,

kj = Ikrj (3.2a)

qj = Iqrj (3.2b)

vj = Ivrj (3.2c)

where kj, qj and vj are the jth vector in the key, query and value matrices re-
spectively. rj corresponds to one input vector, here vector j, in the set of input
vectors and Ik, Iq and Iv are matrices of trainable parameters. For every Query and
Key pair, a corresponding normalized C value representing their compatibility is
calculated

Ci,j =
kTi qj√
dmodel

(3.3)

where i, j ∈ 1, . . . , A and A is the number of vectors in the input sequence. Ci,j is
the compatibility for key vector i and query vector j and dmodel is the number of
features in one input vector.
To obtain the weights, W , that are positive and sum up to one for the corresponding
values, the compatibility value is propagated through a SoftMax function.

[W1,j, . . . ,WA,j] = softmax(C1,j, . . . , CA,j) (3.4)

The new embedding or as called in [10], "the attention function" is obtained by
summing all values against the corresponding weights.

[e1,j, . . . , eA,j] = [
A∑
j=0

vjW1,j, . . . ,
A∑
j=0

vjWA,j] (3.5)

where [e1,j, . . . , eA,j] is the new embedding representing the attention for input vec-
tors 1 to A connected to input vector j.
To get a more dense representation, (3.3) can be written on matrix notation.

C = KTQ√
dmodel

(3.6a)

K = [k1, . . . ,kA] (3.6b)

Q = [q1, . . . ,qA] (3.6c)

where C is the compatibility for all input vectors. Following the matrix notation,
(3.4) and (3.5) can be written in a more condensed form
´

W = softmax(C) (3.7a)
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E = VW (3.7b)

where

V = [v1, . . . ,vA] (3.8)

and E is the new embedding for all input vectors. This particular method of cal-
culating the attention function is called Scaled dot-product attention. A figurative
representation of the attention mechanism can be observed in Figure 3.3.

Figure 3.3: Single head attention mechanism and how the Queries (Q), Keys (K),
and Values (V) get processed.

3.2.2 Multi head-attention
Alternatively to using a single attention mechanism shown in (3.7), one can project
the keys, values and queries to perform multi-head attention [10]. By doing this,
several different aspects of the input data can be captured in each separate head.
The Multi-headed attention mechanism can be seen in Figure 3.4.
Each attention head, h, is computed as seen in Figure 3.3, which is a linear projection
of the input as queries, keys and values. Based on the Q, K and V the attention
function is performed τ times capturing unique aspects of the input data. Thereafter,
the outputs are concatenated and linearly projected to a predefined size. As the Q,
K and V´s are randomly initialized, the multi-head attention mechanism lets the
model catch information from different sub-spaces, allowing it to learn connecting
information from the different spaces. The equations below describe the multi-
headed attention mechanism
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Figure 3.4: Multihead-attention module that is built upon multiple singe head
attention mechanisms, where their outputs are concatenated, with the purpose to
catch information form different sub-spaces.

M = concat(h1, . . . , hτ )IO (3.9a)

hk = headk = softmax
(

(QIQk )(KIKk )T√
dmodel

)
VIVk , k = 1, . . . , τ. (3.9b)

In the above equation IO, IQ, IK and IV correspond to linear projection matrices
for the queries, keys and values and are learnable parameters. Together with the
aforementioned mechanism, an optimization strategy for the learnable parameters
and the structure in figure 3.2, a multi-sided DL model capable of numerous tasks can
be created. For the interested reader, a more detailed explanation of the transformer
structure is outlined in [10].

3.2.3 Positional encoding
Using transformers allows for whole sequences to be processed simultaneously. Al-
though, as no recurrence is present compared to RNN models, the transformer can-
not monitor the position of individual features in the sequence by itself. Thus, there
is a need to supply the model with instructions about the relative position of each
data point in the sequence. This is not a novel problem identification that sprung
from this project and is clearly recognized in the first transformer paper [10]. Posi-
tional encoding implementation can take many forms but a distinction can be made
between learned and fixed positional encoding. The learned positional encoding is
an encoding that is modified during training. A fixed encoding is in contrast not
altered during training. Similar performance of the different encoding procedures
has been shown in [10]. A common and frequently used positional encoding is the
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fixed sine/cosine positional encoding procedure

PEpos,2i = sin( pos
β2b/dmodel

) (3.10a)

PEpos,2µ+1 = cos( pos
β(2µ+1)/dmodel

) (3.10b)

where pos represents the index of which element in the input sequence, β a design
parameter often set to the maximum length of the sequence input in order to get
a reasonable resolution for the encoding and µ an index reference towards which
value in the dmodel dimensional embedded input sequence. PEpos,2b acts on even µ
and PEpos,2µ+1 on odd µ. Together with the varying parameters pos it can generate
unique values for each of the input features in the sequence. The encoding in (3.10)
then adds to the input sequence to give a fixed bias that the model can utilize and
learn its dependency.

3.3 Previous work in trajectory prediction
The literature review focuses on different methods for trajectory predictions. Firstly,
common prediction methods using sequential processing is investigated in section
3.3.1. This is followed by an investigation into the transformer approach for predic-
tions in section 3.3.2.

3.3.1 Motion prediction through sequential processing
Before the big era of utilizing DL, statistical models were mainly used for trajectory
prediction [32]. Among these statistical models is the Kalman filter which simply
is explained as a model to predict unobservable state trajectories by utilizing state
space modeling. The neural network-based deep machine learning models have in
the recent decade extinguished themselves as state-of-the-art models for trajectory
predictions in complex vehicle environments. The use of sequential DL models such
as RNN has shown good results in trajectory predictions due to its capabilities of
capturing and modeling sequential data [33, 34]. RNN models process data sequen-
tially where the information from each time step is propagated through the network
[35]. The information is then stored from previous propagations through the model
via a hidden state for future input. A weakness of the RNN is that it has problems
modeling long-term dependencies during processes that have long sequences. The
problem expresses itself mainly through the vanishing/exploding gradient problem
first introduced in [30]. The problem arises during the gradient descent optimiza-
tion where computing of gradients may have exponential decrease/increase during
backpropagation. This decrease/increase may result in the updating of the param-
eters being either too large or too small leading to a model that doesn’t learn. One
approach to addressing this issue is through a modification of the RNN by imple-
menting a long-short-term memory (LSTM) module. The motivation for utilizing
an LSTM model improves the capabilities of modeling long-term dependencies.
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LSTM models have been used in multiple application domains [36, 37] and showed
great abilities in predicting sequential dependencies. One aspect of the sequential
pattern that some of these models did not consider was the notion of social in-
teractions. Object’s single trajectories can be modeled but it is important to also
weigh in the reasoning of how these objects are affected by each other in a more
complex environment with multiple interactions. It can be identified that there is
a social aspect also to be considered in these environments which in [38] is consid-
ered by the authors Social-LSTM. The Social-LSTM incorporates a social pooling
mechanism that fuses information from single predicted trajectories of objects into a
pooling mechanism for spatially close LSTM trajectories for predictions. The model
was considered a big stepping stone for the incorporation of sequential and social
modeling for trajectory forecasting. Refinements of solving the trajectory prediction
problem have been conducted by modifications in the inclusion of the social aspects.
One example of this is shown in [39] where the Social-BiGAT model incorporates
the social modeling through a graph attention network combined with recurrent
generative adversarial training. Further models based on LSTM to model temporal
dependencies have emerged where the social context modeling comprises of different
strategies [40, 34].

3.3.2 Transformer based approaches
With the creation of the transformer model in [10] a new approach towards solving
sequential tasks emerged. By the use of multiple encoder-decoder structures, the
multi-head transformer model was able to obtain superior results on NLP tasks.
Clear strengths identified with the transformer are the possibility of modeling long-
term dependencies and predicting trajectories through a non-sequential fashion which
enables greater possibilities to fully capitalize on the strength of parallel computing
and graphics processing unit (GPU) training. The field of transformers is somewhat
limited in its exploration of trajectory prediction applications due to its tender age.
However, there are some interesting results in terms of multi-trajectory predictions
in the application area of both humans and vehicles. In [41] the problem of multi-
trajectory prediction is separated into two sub-problems: sequence modeling and
social+context modeling. Previous approaches have tried to tackle these problems
by a two-model integration approach where one model is used for the social modeling,
for example, a GNN structure, and one is used for the sequential data, RNN-based
model. Instead of this traditional approach, the authors present the approach of
simply predicting individual trajectories with a vanilla transformer motivated by
its capabilities of capturing non-linear sequential data through its attention mecha-
nism. In conjunction with applying a vanilla transformer they also investigated the
Bidirectional Encoder Representations from Transformers (BERT) [42]. The basic
transformer displayed promising results on the challenging TrajNet [43] compared
to models without a transformer base [39, 4, 44].
Interesting to note about the transformer is its capability of modeling spatial and
social interactions without constituting a mechanism specifically designed for the
task such as graph-based methods. In [45] the authors present the hypothesis that
the lack of spatial modeling components in the transformer structure is actually its

27



3. Background theory on robust model predictive control and trajectory prediction

strength. This strength is identified via the perspective that the transformer be-
comes a relatively simple construction and therefore facilitates better interpretabil-
ity and explainability. Whether or not this statement is true in reality is up for
debate. Nevertheless, the overall size and complexity of modules to be involved in
an "only transformer" based structure can be argued to be simpler than mixing dif-
ferent networks such as CNN, GNN and RNN into one complex model. In [46] the
combination of using transformer modules for both vision and trajectory encoding
are utilized in a regressive and future-aware transformer model. Motivated by this
fact the transformers appear to be a structure capable of capturing both temporal
and spatial relations.
Even though the transformer and its self-attention mechanism show promising re-
sults in application towards individual trajectory predictions the problem still re-
mains at how to fully exploit and involve the social context and spatial relations. In
[47] claims are stated that the two modular approaches of separate network struc-
tures for social and temporal relations is suboptimal. This is motivated by the
fact that there could be a loss of information by this separation and a model to
involve both would be beneficial. The authors therefore use their transformer based
AgentFormer to incorporate both problems. The base constitutes from the original
transformer [10] with multiple conditional variational autoencoders (CVAE) mod-
ules. The main novelty of the model is their agent-aware attention to remove index
dependency that can occur during input embedding to enable a permutation invari-
ant model for the agents. The AgentFormer is assessed on a data set constituted
of both pedestrian and autonomous driving data with substantial improvements
compared to models based on separate social and temporal modeling.
Methods for multi-trajectory predictions can also be viewed from the perspective
of two method approaches: feature-based and proposal-based approaches [48]. The
two approaches distinguish themselves where feature approaches try to model envi-
ronmental impacts such as past position and velocities to predict future trajectories.
However, this approach is claimed to lack strength in modeling multiple predictions
for each time frame i.e. a shortfall of multi-modal predictions. The proposal-based
approach instead focuses on generating multiple candidate trajectories which are
then reduced towards achieving final proposals. Identified weaknesses in this ap-
proach however is the loss of latent features that can be overlooked and discarded
during the proposal generation. To tackle this problem the multi-modal transformer
presented in [48] tries to combine both feature and proposal approaches to reduce
the shortcomings of both approaches. Claims towards the strength of their model
are that they are able to capture the multi-modality of the problem through a region-
based training strategy while still involving latent features in the proposals. The
mmTransformer display promising results on the BEV dataset Argoverse [49].
Clear motivations together with results for transformer based networks are presented
in the reviewed literature. However, it is important to emphasize the question of
whether some claims in the articles about explainable and motivated implementa-
tion actually coincide with the truth. This involves some arguments and statements
where certain implementations and extensions of the transformer network "actually
do what they say they do?". Interpretability is an area of weakness of machine learn-
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ing models and is especially applied to complex problems [50]. This characteristic
is still a property of the transformer model which makes it somewhat questionable
for applications in safety-critical environments. Following this it is still important
to look at the actual results which speak and motivates an investigation towards the
possibilities of applying transformer based networks for trajectory prediction.

3.4 Uncertainty modeling in Machine Learning
What is important in the development of machine learning algorithms is the notion
of uncertainty in prediction, i.e. how certain is the model. Attacking uncertainty
modeling from a probabilistic and statistical perspective is one way to approach
uncertainty modeling. However, it is important to note that this modeling technique
fails at distinguishing and capturing what the uncertainty is based on [51]. Section
3.4.1 introduces different types of uncertainties followed by techniques of uncertainty
modeling for deep machine learning in section 3.4.2.

3.4.1 Cause of uncertainty
Uncertainty in deep machine learning development can be separated into two cate-
gories: aleatoric and epistemic uncertainty. For aleatoric, the uncertainty is condi-
tioned on uncertainty from the data that the model receives. Aleatoric uncertainty
becomes apparent when real-world data is used in for example sensor measurements
where there is randomness in the data. Aleatoric uncertainty can be referred to as
stochastic uncertainty where for example a sensor measurement of the position of
a vehicle can differ while the actual ground truth position is the same for different
measurements [51].
In connection to the aleatoric uncertainty, epistemic uncertainty focuses on the
model itself, i.e. its parameters, and how uncertain it is in its predictions. In other
words, it is an uncertainty measure expressed by how certain the model is for the
data. Characterizing which of these uncertainties is analyzed can be done through
the question if they can be reduced. For example in the aleatoric case which refers to
stochastic uncertainty the performance cannot be reduced due to the deterministic
nature of the I/O relation [51]. However, for the epistemic uncertainty, the problem
is more defined towards how certain the model is compared to a perfect prediction.
This epistemic uncertainty can often be reduced by means of an increase in the
amount of training data. It is important to note that this separation of definition
is not included in terms of its causality. An example of this presented in [51] is
that a reduction of aleatoric uncertainty can be achieved by the projection of the
input data to a higher dimensional space which actually may increase the epistemic
uncertainty. Clearly, the two uncertainty definitions are interlinked.
In terms of representing epistemic uncertainty, one goal during inference of the
model is to produce how uncertain it is about its predictions. The model will always
produce a result given an input, but it can also be beneficial to produce a result on
how certain the prediction by the model is. An epistemic uncertainty measure can be
regarded as a movement for increasing a DL model’s interpretability by expressing
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its certainty during inference. This movement towards uncertainty measures is a
highly south-after characteristic for machine learning models, especially for real-
time usage in safety-critical situations [52]. Three fields for uncertainty expression
are further analyzed in section 3.4.2: Bayesian Neural Networks [53], Deep Ensemble
Learning [54] and Monte Carlo Dropout [55].

3.4.2 Techniques for uncertainty modeling
What the three different strategies try to achieve during inference time is a way
to express a notion of certainty on its prediction. The Bayesian Neural network
(BNN) model can be summarized by an extension from deterministic values of the
parameters, and weights, of the model to a non-deterministic representation [53].
This can be achieved by regarding the parameters as probability distributions that
are sampled during training. The BNN uses a probabilistic representation for the
parameters which can be utilized for uncertainty measures in the model’s predictive
capabilities. Instead of utilizing and extending the model through non-deterministic
parameters Deep Ensemble learning uses several deterministic models to produce
several point estimates instead of a probability distribution [54]. Important to note
here is that the ensemble of models are the same instances but with differently
initialized parameters before training and trained independently. What this results
in are that each separate model will be optimized slightly differently than the others
due to the stochastic nature given by the training algorithm, thus producing different
predictions.
The Monte Carlo Dropout method can be seen as an approximation of the Bayesian
strategy. The dropout functionality has mostly been regarded as a dynamic and
adaptive regularization technique for preventing over-fitting during training [56].
However, in [55] Monte Carlo Dropout is introduced as a measure to reduce the
computational increase of implementing BNNs with promising results. Applying a
Monte Carlo method is relatively straightforward since it involves simply applying
a dropout functionality on the model parameters and performing multiple predic-
tions for each input. These multiple predictions are then averaged to a selected
representation to result in an estimate of the model’s uncertainty.
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Initially, the transformer was designed for NLP tasks with examples of text trans-
lation, text summarization, and sentence generation. Clearly, the problem that is
presented in this thesis does not directly apply as an NLP problem. Based on the in-
formation about the foundation regarding the transformer structure an appropriate
I/O structure had to be selected and generated. The problem of trajectory prediction
can be seen as a multivariate time series problem where a model capable of regres-
sion can directly be applied. This is one approach that has shown some promising
results for pedestrian predictions [41]. However, since the transformer structure is
initially developed for NLP and classification tasks the decision was made to utilize
this fact, i.e. adapt the data for a classification problem. Variations of a trajectory
prediction model using a transformer base have been using some sort of classification
approach. This includes applications of a K-means algorithm on the velocity states
for quantization [41], using a trajectory proposal for multi-modality classification
[48] or classification over joint modal prediction combinations [57]. Based on the
foundation of the transformer model for classification tasks together with promising
results in this domain the data for the predictions therefore needed to be quantified
from its continuous representation towards application in a classification problem.
Successful models from literature have mostly been focused on the incorporation of
a multitude of focus areas in their trajectory prediction tasks. Examples of focus ar-
eas are modeling of agent-relational information, scene incorporation, the likeliness
of plausible future, temporal feature history, etc. Often there is one single or several
encoding module/modules in the models which represent these areas of interest in a
latent variable representation. These latent variables are then combined for decod-
ing plausible future trajectories. By combining the classification formulation and
involvement of multiple encoding and decoding modules a novel transformer-based
architecture was created named Trajectory Observer Transformer (TOT) which can
produce predictions for multiple surrounding vehicles. The TOT was developed with
the open source deep machine learning framework PyTorch [58].
The chapter initiates with an overview of the TOT model and brief introduction to
its modular components. Section 4.2 presents the data generation setup which was
used to acquire the necessary data to train the supervised learning model. In sections
4.3 the details of the input embedding and process of the encoders are presented and
similar for the decoders in section 4.4. The chapter continues in the description of the
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steps used during implementation together with the selected method for expressing
uncertainty during inference. The chapter finishes with section 4.6, which presents
the outline for the result generation that the evaluation of the observer was based
on.

4.1 Trajectory observer transformer structure
Figure 4.1 is an illustration of the full encoder/decoder structure of the TOT model
presented during implementation and inference. The green dashed lines represent
the previous embedded positions of surrounding vehicles, the red dashed dots repre-
sents the last embedded velocity of the surrounding vehicles and the orange dashed
lines are the predicted future positions of each surrounding vehicle. In Figure 4.1 the
strategy for producing predictions is also displayed by separating the encoding/de-
coding into N iterations, i.e one for each agent while still considering the whole scene
and repeating Tpred times for rolling out future positions.

Figure 4.1: The model encodes observed embedded positions in both the scene-
encoder for representation of the current scene and in the respective single-encoder
for the surrounding vehicles. The decoding constitutes of a combination of the last
observed velocity together with the encoded latent variable representation from the
encoders. The ego vehicle is represented by the red rectangles and surrounding
traffic by blue rectangles.
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Details for the individual modules for the different encoders and decoders are pre-
sented in Table 4.1. It can be viewed that the same number of attention heads,
number of repeated layers of each module and feed forward dimension are the same
for each of the separate modules. The selected size of dmodel which can be seen as a
baseline size for the TOT is 256.

Table 4.1: The number of heads, layers and dimensions of feed forward network
defined for the separate encoder and decoder modules.

Module # Heads # Layers Dim. feed forward

scene-encoder 4 4 512
single-encoder 4 4 512
scene-decoder 4 4 512
single-decoder 4 4 512

4.2 Data generation
The surrounding traffic was modeled as in section 2.1 and initiated and controlled
by the description in section 2.2. There are some parameters that needed to be
defined to customize the generation of data. Firstly, the politeness factor of each
surrounding vehicle, posed in equation (2.10), had to be defined. There are three
settings that can be applied: passive, normal, or aggressive. These settings are
highly correlated with the number of lane changes the surrounding vehicles will
do during a simulation, where an aggressive driver will likely perform more lane
changes than a passive driver. Further, the starting position and initial velocity of
each vehicle needed to be defined. The number of surrounding vehicles was 5 and
their initial states can be seen in Table 4.2.

Table 4.2: Simulation setup for surround vehicles, where politeness, relative veloc-
ity compared to the ego vehicle, longitudinal position and the initial lane is defined
for each of the 5 surrounding vehicles.

Vehicle Politeness Relative velocity Longitudinal Position[m] Lane

1 Normal 90% 30 middle
2 Passive 80% 45 right
3 Normal 85% -65 left
4 Aggressive 140% 130 middle
5 Aggressive 120% 40 left

Most of the drivers were stated as aggressive or normal. The reason for this was to
generate more lane changes for the observer to train on. The relative velocity was
based on the initial reference velocity of the ego vehicle which was 50 km/h. The
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reference velocity after an initial settling period for the ego vehicle was 60 km/h.
Motivated by generating more lane changes, aggressive drivers are set at a higher
initial velocity than the reference velocity due to their inherent nature to change
lanes more often.
The surrounding vehicles are often moving faster or slower than the ego vehicle which
results in that the distance between them grows with time. Surrounding traffic that
are far away from the ego vehicle are not of interest for the MPC solution. Therefore,
vehicles that were further than +/-200 meters longitudinally were subjected to a
respawn function that spawns the vehicles either behind or in front of the ego vehicle
and in a random lane. The speed of the respawned vehicles is uniformly distributed
around the reference velocity. If the speed was greater than the reference velocity,
they were spawned behind, otherwise in front.The politeness was kept the same as
initialized in the simulation.
The ego vehicle was modeled as described in subsection 2.1 and controlled by the
MPC solution described in section 2.3. The prediction horizon was set to Tpred = 30
with a sampling interval of ts = 0.2 seconds. The initial ego vehicle setup is presented
in Table 4.3.

Table 4.3: Simultation setup for the ego vehicle, which is controlled by model
predictive controller structure presented in 2.3.2.

Vehicle Control Velocity [km/h] Longitudinal Position [m] Lane

EGO MPC 50 0 middle

When a simulation either reached the maximum allowed time, tf = 1000 or the
maximum allowed distance dmax = 600 m the surrounding traffic was reset in a
random lane and longitudinal position around the ego vehicle. The vehicles were
spawned with a uniformly distributed velocity around the reference velocity. The
politeness factor was the same as initialized. The ego vehicle never re-spawned
during a simulation. However, at the end of a simulation it was reinitialized with
the same settings as in Table 4.3. The total number of simulations carried out was
Ns = 1000 where states such as position and velocity of each vehicle were recorded
every 0.2 seconds.

4.2.1 Data pre-processing
The observer is required to produce predictions of length Tpred for all N agents given
each time step during inference. The selected input to the model is the previous
historical positions of all surrounding vehicles given the current time step. This I/O
relationship can be described by

{(x̂(i), ŷ(i))}Ni=1 = Πψ({(x(i),y(i))}Ni=1) (4.1)

In Table 4.4 the selected sampling time, observed information for input to the model,
and prediction length is presented. The prediction horizon of Tpred was selected
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with the motivation that the implemented baseline MPC needs this horizon length
to comfortably complete a full decision toward a lane change. During empirical
investigations, shorter prediction horizons resulted in the MPC being strongly biased
towards trailing decisions which resulted in a non-dynamical environment with no
lane changes for the ego vehicle. The sampling time of ts=0.2 seconds was the same
used original data generation and kept for simplistic reasons and removing the need
for any up- or down-sampling operations.

Table 4.4: Tobs is the number of discrete time steps from observed information
to include into the model predictions. Furthermore Tpred is the prediction horizon
length of the model output.

# Samples Sampling time [s]

Tobs 15 0.2
Tpred 30 0.2

Since the designed model is a supervised machine learning model, data needed to
be processed in order to acquire accurate data for both historical and future posi-
tions. Pre-processing was mainly concerned with generating complete and meaning-
ful scenes where each vehicle surrounding the ego vehicle needed to have a continuous
historical and future trajectory. One example of scenes that were removed was if
the future trajectory of some surrounding vehicle had a transition into a re-spawn as
described in section 4.2 and therefore not had a full historical and future trajectory.
The second step of the pre-processing consisted of generating an ego vehicle centered
coordinate frame for the x-positions of the surrounding vehicles. This step was
necessary in order to remove any bias toward how far the vehicles had traveled on
the highway. The field of view for the ego vehicles observer predictions for vehicles
to include in the simulation was also reduced to an interval of [-200, 200] meters in
x-position relative to the ego vehicle. This strategy was used to mimic a scenario
where the ego vehicle can not view the whole highway at once. However, in order
to keep representation for the lanes, y-positions were not related to an ego vehicle
centered coordinate system since these are static values due to the straight driving
direction of the highway.
Following the requirements for continuous scenes the pre-processing resulted in 52529
scenes with 5 surrounding vehicles’ historical and future states. All data points of
all sequences in the dataset for the model can be seen in Figure 4.2a. To further
gain insights into the balance of the dataset a distribution of all x-position values
and y-position values can be seen in Figures 4.2b and 4.2c.
At first glance of observing Figure 4.2a, the dataset looks balanced over the highway
with almost all positions occupied in the field of view for the ego vehicle. However,
when analyzing Figure 4.2c it can be clearly stated that most of the data points in the
dataset for training are placed in the middle of the three lanes. This is a reasonable
result for a dataset that constitutes of simulations for highway driving, i.e. that
vehicles drive mostly straight on highways. In Table 4.5 the scenes and sequences
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(a) All coordinates from the pre-
processed ego vehicle coordinate frame
centered sequences unveil at first
glance a relatively balanced dataset.
However, the number of coordinates
in regions with y-coordinates of ei-
ther 9.75, 3.25 and -3.25 are far over-
represented due to the highway behav-
ior of surrounding vehicles

(b) The distribution of x-coordinates
from (a) for the pre-processed ego ve-
hicle centered coordinate frame dis-
plays a normally distributed behav-
ior. There is a higher likeliness of
removal during pre-processing for se-
quences from the original dataset that
contains x-coordinates closer to the
ego vehicle field of view limits thus ex-
plaining the distribution.

(c) The distribution of y-coordinates
from (a) for the pre-processed ego vehi-
cle centered coordinate frame exposes
the unbalance of the dataset in relation
towards positions other than the cen-
ter of lanes located at 9.75, 3.25 and
-3.25.

Figure 4.2: The resulting distribution of ego vehicle centered coordinate frame
sequences after pre-processing displays an imbalance towards coordinates located
in the center of the lanes. The result is deemed reasonable due to the behavior of
highway driving, i.e vehicles mostly drive straight

of the dataset are analyzed. This analysis is based on displaying occurrences of y-
position variations through both simple y-position variations and full lane changes
in the sequences.
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Table 4.5: Analysis of the dataset is presented in two motion categories with further
details of their occurrences in percentages of both the total number of sequences and
scenes which contains a motion category. The result presents an imbalance towards
a low frequency of y-position variations in the sequences

Motion category Of all sequences Of all scenes

Full lane change 2.6% 12.7%
Vehicle lane variation 10.6% 43.8%

From Table 4.5 the unbalance of the total number of lane changes can be viewed.
In all sequences of all scenes only 2.6% contains a full lane change and 12.7% of the
scenes contain at least one vehicle that performs a lane change. The few amount
of lane changes for the model to train on is problematic since these are of high
importance in the trajectory planning algorithm.

4.3 Encoders
The selected input to the model’s encoders are 2D Cartesian coordinates (x, y posi-
tions) which needed to be quantified. Inspiration for the quantization of the positions
was taken from [41] K-means approach, but in order for good resolution together
with a controlled cluster generation the ego vehicle centered area was split into a
grid. The process for the positional grid generation was to first divide both the x-
and y- defined ranges into evenly spaced points. The x-positions were divided into
spaces of 0.4 meters and y-positions into 0.2 meters, giving two vectors of evenly
spaced out points of size mx for the x grid points and my for the y grid points.
Inspired by [41], in order to give some stochastic behavior in the evenly spaced grid
assignment a normally distributed noise was applied to each element in the vectors

px = p̃x + N (0, 0.2) (4.2a)

py = p̃y + N (0, 0.2) (4.2b)

where p̃x and p̃y are the evenly spaced out points without noise and px and py are
the points with the added noise. By combining each resulting element of (4.2a) with
(4.2b) and assigning each combination an integer label, a set of size (mx ×my) grid
points with respective coordinates could be constructed giving the set Ppos.
All data points, i.e positions of the vehicles, were assigned a label based on the
closest grid point

{g(i)
obs}Ni=1 = p({(x(i),y(i))}Ni=1,Ppos) (4.3)

where p computes the euclidean distance (L2) separately for each observed position
for all N agents towards all the grid labeled coordinate combinations in the set Ppos
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and labels each position based on the minimum distance grid point. This operation
resulted in a labeled representation for each observed position for all N agents,
{g(i)

obs}Ni=1. The labeled observed historical positions for each vehicle, g(i), is of size
Tobs elements. Important to highlight is that each element only consists of an integer
label and not a 2D Cartesian coordinate.
In order to give the encoders more parameters to work with than the integer labeled
position grid representation, each assigned label was embedded onto a higher di-
mensional space. The operation of the embedding can be represented by a look-up
table embedding function conditioned on the size of Ppos, i.e (mx ×my)

{E(i)
obs}Ni=1 = f({g(i)

obs}Ni=1,mx,my) (4.4)

where the embedding function f takes each labeled position in {g(i)
obs}Ni=1 and trans-

forms it to a unique higher dimensional representation of size dmodel. The size of
each agents observed historical positions therefore goes from a size of Tobs in (4.3) to
(Tobs, dmodel) in E(i)

obs. For better performance and faster convergence during training
all values in {E(i)

obs}Ni=1 were normalized to the range of [0, 1].

4.3.1 Encoder process

The strategic foundation for the encoding modules of the developed model is com-
posed of two encoders referred to as scene- and single-encoder. The scene encoding
utilizes a scenic perspective where it encodes the scene, meaning the previous po-
sitional history of all agents and encodes this information into a latent variable
representation. The input to the scene-encoder, {E(i)

obs}Ni=1 from equation (4.4), was
transformed into a 3D representation of size (N, Tobs, dmodel). Sine/cosine positional
encoding according to (3.10) was applied to give the model information about the
temporal ordering. The scene-encoder was constructed in accordance with the same
encoder structure presented in section 3.2. The embedded and positional encoded
input was flattened and propagated through the scene-encoder to result in a latent
variable representation Zscene with a dimension of (N × Tobs, dmodel).
The single-encoder is constructed in a similar fashion compared to the scene-encoder.
The same higher dimensional embedding from (4.4) and positional encoding (3.10)
strategy was applied. The main difference in the single-encoder is that it encodes
each embedded trajectory separately. Meaning that input to the single-encoder is of
dimension (N, Tobs, dmodel) but each agents trajectory is encoded separately from
each other thus resulting in an output latent variable representation, {Z(i)

single}Ni=1, of
the same size (Tobs, dmodel) for the N surrounding agents.
By utilizing this two-module encoding strategy the idea is to both capture informa-
tion and represent the scenes’ previous and current evolution together with a focus
on each separate vehicle’s previous behavior. Separating into two modules lets each
encoder focus on transforming the input into an appropriate representation for its
specific encoding.
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4.4 Decoders
The TOT model is constructed to predict one velocity at a time and then use
previously predicted velocities for the next prediction. Since this was the approach
for generating predictions during inference the training had to match this process.
This is where one of the transformer structure strengths and mainly its self-attention
mechanism shines. If the model would have been a sequential processing model such
as RNN or LSTM, the training would have been significantly slower. This is since
for each prediction of a sequence each element would have had to be fed through
the network sequentially. The transformer can instead process all the predictions
of the whole sequence at once without the need for sequential processing. This
non-sequential approach can be achieved by using a combination of teacher forcing
approach [59] and masks for the input to the decoders. The idea of the mask for
the prediction can be viewed in Figure 4.3.

Figure 4.3: Teacher forcing training applied to sequential multi-step time series
prediction can be structured by combining one step predictions (red) conditioned on
observed information (yellow), ground truth future predictions (blue) and masking
out information not to consider (white).

The grid represents time steps of given information for input to the decoder where
moving from left to right means increasing time. One row in the grid represents one
full future sequence and each row is this same sequence but with different masks.
The red squares represent the time step for which to predict and the white squares
represent ignored time steps for input. Both the red and the white squares are
masked out to simulate a teacher forcing training. The blue squares in the figure are
the actual GT future velocities and the yellow squares represent the last observed
velocity, both of which are not masked. By utilizing the strategy of giving the
transformer the last observed velocity and different numbers of the correct GT in
blue to predict the next time step a training strategy capable of processing and
generating multi step sequences was created. Since the transformer is also capable
of non-sequential processing and does not need to update hidden states a faster
training process could be achieved. All the predictions in the red squares were saved
for computation of the total loss for the parameter optimization via an optimizer.
To summarize the aforementioned approach, the decoder part receives the future
GT velocities and utilizing a masking approach it can achieve a one step predictive
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process. This process is different during inference since only the first row of figure
4.3 is available, but repeating each step and inputting all previous predictions back
into the model will finally roll out and generate predictions for all time steps.
The input to the decoders is in contrast to the input to the encoders, velocities of the
future trajectories during training. The process for the velocity grid generation is
similar to the position grid generation. The first step was to compute the minimum
and maximum velocity measured for the vehicles in the dataset. The maximum and
minimum values for both x- and y-velocities were used as limits towards a range
that was split into intervals of 0.01 meters per time step for x- and 0.008 meters per
time step for y-velocities. The result was two vectors of size mẋ for x velocities and
mẏ for y velocities. A normally distributed noise was applied to each element of the
vectors

pẋ = p̃ẋ + N (0, 0.002) (4.5a)
pẏ = p̃ẏ + N (0, 0.0002) (4.5b)

where p̃ẋ and p̃ẏ are the evenly spaced out velocity grid points without noise and
pẋ and pẏ are with the added noise. Each element of both (4.5a) were combined
with each element of (4.5b) and was assigned an integer label which resulted in a
set of size (mẋ ×mẏ) referenced as Pvel.
Each future velocity of every surrounding agent was given an label

{ġ(i)
GT}Ni=1 = o({(ẋ(i)

GT, ẏ
(i)
GT)}Ni=1,Pvel) (4.6)

where o computes the L2 distance for all observed velocities for all N agents towards
the grid labeled velocity set Pvel and selects the minimum distance. The new integer
labeled velocities results in {ġ(i)

GT}Ni=1. For the higher dimensional space embedding
the same function e presented in (4.4) was used

{Ė(i)
GT}Ni=1 = f({ġ(i)

GT}Ni=1,mẋ,mẏ) (4.7)

where {Ė(i)
GT}Ni=1 is the higher dimensional representation. This works since the

function f conditions on the size of the total number of combinations to create unique
vectors of dmodel for each integer label. All values of {Ė(i)

GT}Ni=1 were also normalised
to the range of [0, 1] with the aforementioned motivation for faster convergence.

4.4.1 Decoder process
Following the encoder, the decoding part of the TOT comprises of two specific
decoder modules: scene-decoder and single-decoder. What differentiates these two
modules is mainly what is included from which encoder and how they are connected.
The main idea of a transformer decoder is to receive two inputs: one latent variable
representation from an encoder, often referred to as memory, and one separate em-
bedded input. The decoding structure follows a two step iterative approach for each
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surrounding agent of the ego vehicle. The first step is the scene-decoder which re-
ceives Zscene for memory and inputs an embedded velocity representation according
to (4.7) for one agent with dimension (Tobs, dmodel). The output from the scene-
decoder is of the same dimension as the embedded velocity input (Tpred, dmodel).
The second decoder, the single-decoder, receives the output from the scene-decoder
as input. The memory for the single-decoder is the specific surrounding vehicle’s
observed embedded latent variable representation, Z(i)

single, of the dimension of size
(Tobs, dmodel). Important to highlight is that the expected output from the trans-
former model is a matrix containing the probabilities of which class from the set
Pvel for each time step up to Tpred. Therefore, the output from the single-decoder
gets passed through a linear layer to transform from dimension (Tpred, dmodel) to
(Tpred, SPvel) where SPvel is the size of the set Pvel. This process was repeated for
each surrounding vehicle which finally resulted in an output of size (N, Tpred, SPvel)
from the model.
Since the output from the model is a probability distribution of class labels of the
velocity grid, a multi class loss function could be applied in order to get a loss for
the gradient descent optimization of the parameters. If the model is instead used
during inference the most probable velocities get selected at each iteration to produce
a prediction of required length Tpred. During inference time and implementation, the
respective predicted velocities were also combined with the last observed position to
generate future positions of the surrounding vehicles.

4.5 Uncertainty modeling

The selected method for uncertainty expression during inference was the Monte
Carlo Dropout method [55]. Presented in section 3.4.2 there exist a number of
strategies to express uncertainty from DL models. What differentiates the Monte
Carlo Dropout method is the avoidance of having to substantially increase the num-
ber of optimization parameters. Utilizing a BNN strategy results in an increase in
the number of parameters if for example each parameter was expressed as a distribu-
tion defined by a mean and variance. Applying a Deep Ensemble learning strategy
would instead force to produce several model instances increasing the number of pa-
rameters. Since the size and number of parameters for transformer-based models are
fairly large, limiting options for uncertainty modeling strategies, the Monte Carlo
method was deemed a favorable option. What the Monte Carlo dropout method
will produce is several different predicted modes during inference. The difference
between the predicted modes will be a measure of the uncertainty of the scene evo-
lution, meaning that if all modes produce the same trajectory the model is certain
and vice versa. The selected number of modes during the inference evaluation of
the observer was 10 modes.
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4.6 Implementation and Evaluation of observer
The observer was trained for 23 epochs using the Adam optimizer [60] with a learning
rate of 0.001. The learning rate was scheduled for the decay of 90% of the previous
epoch’s learning rate after 10 epochs. A linear warm-up learning rate of the first
3 epochs was utilized to reduce early over-fitting of the highly unbalanced dataset.
The learning rate curve can be seen in Figure 4.4. The loss was computed with a
cross-entropy function which compares the predicted probabilities of which velocity
in Pvel to GT velocities. Train/Validation/Test split was selected to 80/10/10 by
the fact that this partition was needed in order to give the validation and test set a
similar distribution of scene variations compared to the training data. The training
process used an NVIDIA Quadro T1000 with 4GB of RAM GPU with a batch size
of 3, i.e. 3 scenes with 5 surrounding vehicles in each scene.

Figure 4.4: The selected learning rates for training constitute of an initial learning
rate warm-up phase of 3 epochs. The initial learning rates are followed by a constant
learning rate until epoch 10 where a 10% decrease in the previous epoch’s learning
rate is implemented until the end of training. The learning rate is plotted on a
log-based scale.

With the development of an uncertainty aware DL model, the option of creating
two instances for implementation together with the model predictive controller was
possible. One that is a deterministic model that utilizes no Monte Carlo dropout
method, referenced as TOT, and one multi-modal and uncertainty expressing model,
referenced as TOT-MC. Important to highlight is that the only difference between
the deterministic and the uncertainty-expressing model is how the inference process
is generated. The TOT-MC applies dropout functionality and mode iterations to
predict several outcomes. However, both the TOT and the TOT-MC are instances
of the same trained model.
The two variations of the TOT model with and without the Monte Carlo Dropout
method were evaluated against an extension of the baseline CV prediction model.
The extended CV model also incorporates a constant heading for y-positions changes
in its trajectory prediction. This extension produces a more accurate prediction re-
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sult, i.e. a more difficult baseline for comparison. In order to produce a comparison
between the models, the TOT-MC error metrics were compared as the mean of each
time step of all predicted modes. The analysis was performed through two areas of
interest. The first focused on a quantitative analysis of the testing dataset. This
was performed through the respective model’s ADE and FDE metrics together with
a time-step error investigation. The second part focused on a qualitative study
through case investigations. The cases were selected to display the intricate be-
havior of the different models during interesting scenes and how their predictions
differentiate from each other.

43



4. Predicting surrounding vehicles’ trajectories

44



5
Trajectory planning using robust

model predictive control

The robust MPC architecture for the highway autopilot primarily adopts the same
structure as described for the baseline version from section 2.3. That is, plan an
optimal trajectory of states and belonging control actions by utilizing three separate
MPCs and a DM to choose the cost-minimizing trajectory based on (2.23). How-
ever, in this case, the trajectories of the surrounding vehicles were not assumed to
be deterministic, therefore their uncertainties had to be taken into account in the
optimization.

5.1 Constraint formulation

Instead of using the constant velocity model shown in (2.13) to estimate the positions
of the surrounding vehicles, the output from the TOT-MC model was used. Here,
the prediction of the future trajectories of the surrounding vehicles is the mean
of all modes from the TOT-MC. The purpose of the vehicle trajectory predictions
is the same as for the baseline, to be able to properly confine the constraints to
the surrounding vehicles during the prediction horizon of Tpred. However, since
the trajectory predictions of the surrounding vehicles coming from the TOT-MC
are non-deterministic, the formulation of the constraints differs. Furthermore, to
extend the analysis of robustness, slack variables were included in the constraints
and optimization. Slack variables are used to soften collision avoidance constraints
in order to always obtain feasible solutions, even if a trajectory plan lies inside one of
these constraints. A schematic view of the trajectory predictions of the surrounding
vehicles can be seen in Figure 5.1.
Similar to the idea with the tube-based MPC approach, where modeling uncertain-
ties of the ego vehicle are accounted for in the optimization problem, the approach
used in this RMPC instead accounts for prediction uncertainties of the surrounding
vehicles. In Figure 5.1, 2D regions are formed around all trajectory modes provided
by the TOT-MC model and represent the uncertainty of the predictions. These
uncertainty regions were accounted for in the RMPC solution by modifying the
collision avoidance constraints accordingly. For the collision avoidance constraint
equations, t has been omitted for brevity but is included in the cost function and
final optimization formulation for completeness.
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Figure 5.1: Blue lines correspond to uncertain trajectory predictions of the sur-
rounding vehicles from the TOT-MC model, yellow 2D areas around the predictions
are the corresponding uncertainty measures in x- and y directions. The red rectangle
corresponds to the ego vehicle and the blue rectangles are the surrounding vehicles.

For the trailing RMPC, as in the case of the deterministic MPC, the constraint is
determined by holding a specified distance to the vehicle in front. Additionally, an
extension parameter was added to the constraint for the purpose of including the
uncertainty from the TOT-MC model. The modified robust constraint including
the slack variable can be seen in the equation below

ctrail,R(xe, x̂(l), v̂(l)
x , α

(l)
x , ζ

(l)) = ζ(l) + d+ Ltractor + T v̂(l)
x + ϕα(l)

x + xe − x̂(l) < 0 (5.1)

where subscript R is a reference towards the robust constraint. The variables in (5.1)
that differ from the constraint in (2.14) is ϕα(l)

x , which represents the uncertainty in
the predicted x-position of the leading vehicle. ϕ is a scaling parameter defining how
much the RMPC trusts the uncertainty from the TOT-MC during the prediction.
The uncertainty parameter for a vehicle i was obtained by computing the standard
deviation of all modes in every time step

α(i)
x =

√√√√√∑Nm
q=0

(
x̂(i) − x̂

(i)
q

)2

Nm − 1 (5.2)

where x̂(i)
q is the predicted x-position of mode q of vehicle i, x̂(i) is the average over

all predicted modes of vehicle i at time step t and Nm is the total number of modes.
A scenario where the modified constraint is visualized can be seen in Figure 5.2.
In the case of the two lane change RMPCs, the constraints were modified in a
similar manner as for the trailing RMPC. The structure of the constraint is the
same as in (5.3), however, prediction uncertainties from the TOT-MC model are
added to extend the constraints of the surrounding vehicles. The following equation
represents the modified robust constraints
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Figure 5.2: Robust trailing constraint where the ego-vehicle is depicted in red
and the leading vehicle is depicted in blue. The longitudinal constraint, depicted
in orange, is determined by holding a specified safety distance that is dependent on
the length of the tractor Ltractor, the safe time headway T , the predicted velocity
of the leading vehicle v̂(l)

x , a required minimum longitudinal distance to the vehicle
in front d and prediction uncertainty parameter ϕα(l)

x that defines the uncertainty
of the predicted x-position of the leading vehicle. The ego vehicle is constrained
laterally by the lane markings including a safety distance of the maximum lateral
span of the truck, w.

b
(i)
R (xe, ye, x̂(i), ŷ(i), α(i)

x , α
(i)
y ) = ξ1,R(ξ2,R + ξ3,R) + ξ4,R (5.3a)

ξ1,R =
ϵ

(i)
0 (ŷ(i), α(i)

y )
2 (5.3b)

ξ2,R = tanh(xe − x̂(i) + ϵ
(i)
1 + ϕα(i)

x ) (5.3c)

ξ3,R = tanh(x̂(i) − xe + ϵ
(i)
2 + ϕα(i)

x ) (5.3d)

ξ4,R = ϵ
(i)
3 (ye, ŷ(i)) (5.3e)

where α(i)
y is introduced as uncertainty in y positions of vehicle i at time step t

α(i)
y =

√√√√√∑Nm
q=0

(
ŷ(i) − ŷ

(i)
q

)2

Nm − 1 (5.4)

and is used to scale the constraint laterally where ŷ(i)
q is the predicted y-position of

mode q of the vehicle i and ŷ(i) is the average over all predicted modes of the vehicle
i at time step t. The robust lane change constraint can be formulated as

cν,R(xe, ye, x̂(i), ŷ(i), α(i)
x , α

(i)
y , ζ

(i)) = F (i)
ν

(
b

(i)
R (·) − ye + w + ζ(i)

)
< 0 (5.5)

where cν,R represents the robust lane change constraints. A scenario where the robust
lane change collision avoidance constraints are visualized can be seen in Figure 5.3.
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Figure 5.3: Robust lane change constraint where the ego-vehicle is depicted in red
and the surrounding vehicle is depicted in blue. The constraint, depicted in orange,
for vehicle i is defined by a continuous tanh-function that is scaled longitudinally
by ϵ(i)

1 and ϵ(i)
2 . ϵ(i)

0 scales the constraint laterally and ϵ(i)
3 shifts the constraint to the

correct lateral position on the highway. Furthermore, uncertainty from the TOT-
MC model scales the constraint longitudinally and laterally by the variables ϕα(i)

x

and ϕα(i)
y respectively.

5.2 Robust optimization formulation

The robust optimization formulation to a large extent follows the method used in
subsection 2.3.2. Although, drivability metrics and slack were added to the base-
line MPC cost function in order to have a larger variety of comparison measures.
Consequently, the adapted cost function for each controller can be expressed as

JR(se,ue) = Lf (se(Tpred)) + qζζ(Tpred)Tζ(Tpred)

+
Tpred−1∑
t=0

(se(t) − seref(t))TQs,R(se(t) − seref(t)) + qζζ(t)Tζ(t)

+
Tpred−1∑
t=0

(ue(t) − ueref(t))TR(ue(t) − ueref(t))

+
Tpred−2∑
t=0

(ue(t+ 1) − ue(t))TRc(ue(t+ 1) − ue(t)).

(5.6)

The state deviation penalty was updated by removing penalties for deviating from
the reference angles, while the control and terminal state penalty matrix were kept
the same. This was a motivated change in order to give further incentive for the ego
vehicle to perform lane changes.
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Qs,R =



0 0 0 0 0
0 40 0 0 0
0 0 300 0 0
0 0 0 0 0
0 0 0 0 0


,R =

 5 0
0 5

 (5.7)

The reference vectors are equal to those found in (2.20). The drivability metrics,
referred to as jerk, are included as the change in control input between two time
steps and have a penalty matrix defined as

Rc =
 107 0

0 105

 (5.8)

The slack variable ζ represents how much the collision avoidance constraints have
to be loosened in order to obtain feasible solutions from the MPCs at every time
step. The cost of slack, qζ = 1010, was chosen to this value so that optimization
would not benefit from slacking the constraints if it was not forced to.
General constraints for each robust controller can be formulated by combining the
physical limitations on the ego vehicle (2.5) together with the robust constraints in
(5.1) and (5.5)

heκ,R(seκ,ueκ, x̂(i), ŷ(i), α(i)
x , α

(i)
y , ζ

(i)) ≤ 0, ∀i ∈ Vκ (5.9)
where heκ,R is the constraint function for the robust MPCs. With the cost func-
tion defined in (5.6) and the constraints (5.9), the robust optimization could be
formulated

min
ue

κ(t:t+Tpred−1|t)
Jκ,R (seinit, ueκ(t : t+ Tpred − 1|t))

s.t. seκ(t+ n+ 1|t) = g(seκ(t+ n|t),ueκ(t+ n|t))
(x̂(i), ŷ(i),α(i)

x ,α
(i)
y ) = ΠTOT-MC({x(k),y(k)}Nk=1), ∀i ∈ Vκ

heκ,R(seκ(t+ n|t),ueκ(t+ n|t), x̂(i)(t+ n|t), ŷ(i)(t+ n|t),
α(i)
x (t+ n|t), α(i)

y (t+ n|t), ζ(i)(t+ n|t)) ≤ 0
seκ(t|t) = seinit

∀ n ∈ {0, . . . , Tpred − 1}

(5.10)

where ΠTOT-MC corresponds to the TOT-MC predictor, which predicts surrounding
vehicles’ positions throughout the prediction horizon and produces prediction un-
certainties. The TOT-MC model receives as input all surrounding vehicles observed
positions to produce the trajectory predictions for vehicles currently of interest for
controller κ. Furthermore, the terminal state at time step Tpred also needs to conform
to the inequality constraints stated in the optimization.

49



5. Trajectory planning using robust model predictive control

To choose the cost-minimizing trajectory out of the three robust MPCs an equivalent
DM to the one defined in (2.23) was used but with the robust cost function

Jκ,tot,R = a1Jκ,R + a2Jchange. (5.11)

5.3 Evaluation of robust MPC
To evaluate the robust MPC, two baseline MPC versions were used for comparison.
The first baseline constitutes of the MPC described in section 2.3, with the additional
cost function elements for slack and jerk. The other baseline uses the optimization
formulation as in (2.22) with the additional cost function elements, although, instead
of using the CV-model in (2.13), it uses deterministic TOT-predictions. Regarding
the evaluation of the robust MPC, one sigma level uncertainty, i.e ϕ=1 in (5.1) and
(5.3), was applied during the entire prediction horizon.
The comparison between the different controllers was made in terms of the total cost,
constraint violation, and drivability through jerk. The first method of comparison
was to simulate each controller over 40 episodes for quantitative analysis. These
simulation scenarios represented normal driving scenarios, similar to those the TOT
model had been trained on. All controllers were evaluated on the same simulations.
Regarding the total cost, the cost function (5.6) was post-computed but only for the
first time-step in every optimization. This method was selected in order to be able
to analyze the actual outcome of decisions made from each controller

JT = (se(t) − seref(t))TQs(se(t) − seref(t)) + qζζ(t)Tζ(t)
+(ue(t) − ueref(t))TR(ue(t) − ueref(t))

+(ue(t+ 1) − ue(t))TRc(ue(t+ 1) − ue(t))
(5.12)

where JT corresponds to the total cost at time-step t. These costs were summed up
into a total cost for all simulations. Constraint violation is highly correlated with
the safety of the trajectory since violation of a constraint might lead to a crash. The
cost of violating constraints was determined by observing the slack cost based on the
deterministic collision avoidance constraints posed in (2.14) and (2.16). A positive
slack cost means that the solution at a specific time step is violating a constraint.
The cost of slack was obtained by extracting the specific term of slack from the cost
function

Js = qζζ(t)Tζ(t) (5.13)

where Js corresponds to the slack cost at time-step t. The drivability cost was
obtained by

Jjk = (ue(t+ 1) − ue(t))T Rc (ue(t+ 1) − ue(t)) (5.14)
where Jjk corresponds to the jerk cost at time-step t. For each controller, the
individual state and control deviation costs were stored for comparison.
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The second method of comparison was done by a qualitative study of a more chal-
lenging scenario where the importance of a good observer should be prominent. The
scenario for the case study was selected with inspiration from the Volvo Trucks safety
report 2017 [2]. From this report, common crash scenarios that could be mimicked
in a highway scenario were further looked into.
The first case of interest is noted as case B4 in [2]. In case B4, the truck crashes
into a slower-moving car that is traveling in the same direction. The report states
that the collision is caused by the truck and that the common reasons for it to occur
is inattention, low visibility, or that the other vehicle is not noticed by the truck
driver. The other safety-critical case of interest is case B8. This is a case where a
collision is imminent due to a surrounding vehicle or the truck itself is merging into
another lane. Most often the fault lies on the truck driver, but it can also lie on the
driver of the surrounding vehicle. Similar to case B4, the cause of this scenario is
often a lack of attention, low visibility or too much swerving.
A situation was created such that the ego vehicle would approach a scenario where B4
and B8 were present after an initial settling period. The ego vehicle was initialized
in the middle lane, with a passive vehicle with the same velocity close in front of
it. An aggressive vehicle was initialized slightly in front of the ego vehicle in the
left-most lane, with a lower velocity. A slow vehicle was initialized far ahead in
the leftmost lane so that the aggressive vehicle would be forced to merge into the
middle lane- initializing a merging scenario where the passive vehicle in front of the
ego needs to heavily break, causing a safety-critical situation. An illustration of the
safety critical scenario can be seen in Figure 5.4.

Figure 5.4: Case scenario created with inspiration from safety scenarios B4 and B8
from Volvos safety report. The aggressive orange vehicle in the left lane is merging
into the adjacent lane in front of the green vehicle in the middle lane. This invokes
a heavy break, which the ego vehicle, depicted as a red rectangle, has to respond to.

The controllers were analyzed and compared towards each other for the above men-
tioned case in terms of the total cost, slack cost, and drivability as seen in (5.12),
(5.13) and (5.14). Although, as these are safety-critical situations where crashes of-
ten happen, the main focus area of comparison was the slack cost. Furthermore, the
jerk cost was analyzed to deem whether the lane change could be captured earlier
using the transformer-based observer.
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6
Results and analysis of developed

observer and robust controller

In this chapter, the obtained results through the used methodologies from chapters
4 and 5 are presented. Firstly, the qualitative and quantitative results for the TOT
and TOT-MC models compared to the baseline CV are presented in section 6.1.
Thereafter, the robust MPC results are presented in section 6.2.

6.1 Observer
The result for training the TOT model on the training data set with evaluation on
the validation data set for every epoch is displayed in Figure 6.1. In Figure 6.1a
the training result can be seen for all the epochs. Clearly, the model has a slow
start in optimizing the parameters for the first 3 epochs which is explained by the
learning rate warm-up phase. After the first epochs, the learning rate is increased
which significantly impacts the minimization of the loss. From Figure 6.1b it can
be viewed that at epoch 19 a separation between the training loss and validation
loss starts to occur. Training loss continues to decrease while the validation loss
stagnates thus motivating to select the model from epoch 19 to remove the risk of
overfitting. The model from epoch 19 is quantitatively evaluated on the test data
in section 6.1.1 and qualitatively evaluated through specifically selected cases from
the test data in 6.1.2.

6.1.1 Quantitative analysis
In Table 6.1 the ADE and FDE values for the three different models are presented.
At first glance, it can be viewed that the TOT and TOT-MC models outperform
the CV model in terms of ADE and FDE. The TOT and TOT-MC have slight
variations in their performance where the model using the Monte Carlo dropout
method performs slightly better for FDE error metrics. This could be interpreted
as a result of the mean of the multiple modes. In scenarios where the TOT predicts
erroneously the TOT-MC may also predict this for one mode but the other modes
may coincide with the future GT. This may therefore minimize the final error for
time steps far into the future. The better performance for the TOT-MC in longer
horizons can also be seen in Figure 6.2 where the average root mean square error
(RMSE) over each time step in the prediction horizon is displayed. Once again both
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(a) The learning rate warm-up phase for
the first epochs limits the training of the
parameters in the model and thus the
minimization of the loss. From epoch 3
the loss quickly converges towards lower
values for both the training and valida-
tion loss.

(b) Indications towards potential overfit-
ting and increase of variance start occur-
ring from epoch 19 which motivates to
select the model from epoch 19 for im-
plementation. This is further motivated
by the fact that the validation converges
while the training loss continues to de-
crease.

Figure 6.1: The training and validation loss during optimization of the developed
model.

the TOT and TOT-MC models outperform the CV baseline model in terms of errors
in predictions over the horizon. Interesting to note is that the CV model increases
its error faster over the horizon compared to the TOT and TOT-MC. This could
further give motivation for the developed models that they may be more appropriate
for usage in prediction horizons longer than what is investigated.

Table 6.1: The evaluation of the test data shows that the developed models per-
forms better than the selected CV baseline model in terms of ADE and FDE metrics.

Model ADE (x/y) [m] FDE (x/y) [m]

Constant Velocity 0.673/0.084 1.779/0.231
TOT 0.319/0.056 0.808/0.145
TOT-MC 0.293/0.059 0.702/0.139

All models have an equal performance from an RMSE perspective for the first time
steps in the prediction horizon. Instead of looking at the RMSE of the error, the
distribution of error at each time step can be analyzed to observe how the error
progresses through the prediction horizon. In Figures 6.3 and 6.4 the error distri-
butions for the TOT and TOT-MC are presented against the error distribution of
the CV model for time steps 1, 15 and 30 in the prediction horizon for x-positions.
In the first time step error comparisons in Figures 6.3a and 6.4a is the behavior
of all models relatively equal and achieve almost no error. Moving towards later
time steps in the prediction horizon, all models prediction errors start to increase.
However, it is interesting to also look at the distribution of the error in Figures
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(a) RMSE error for x positions for each
discrete time step n with a sampling time
of 0.2 seconds in the prediction horizon.

(b) RMSE error for y positions for each
discrete time step n with a sampling time
of 0.2 seconds in the prediction horizon.

Figure 6.2: The RMSE computed errors for the evaluated models shows favorable
results for the developed TOT and the TOT-MC models over the prediction horizon.

6.3c and 6.4c where the TOT and TOT-MC distributions are more centered around
zero. The CV baseline error distribution displays a result with a balance toward
predicting more negative errors. These negative errors are results that show that
the CV model is more likely to overshoot predictions, i.e. predicts larger x-positions
compared to GT future.

(a) Time step 1 error distribution (b) Time step 15 error distribution

(c) Time step 30 error distribution

Figure 6.3: Time step error distribution for time steps 1, 15 and 30 for the TOT
model compared to the CV baseline model.
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(a) Time step 1 error distribution (b) Time step 15 error distribution

(c) Time step 30 error distribution

Figure 6.4: Error distribution for time steps 1, 15 and 30 in the prediction horizon
for the TOT-MC model compared to the CV baseline model.

Important to note is that in the Table 6.1 the results correspond to the evaluation
of the entire test dataset. Previously mentioned is the notion of the high unbalance
in the dataset towards straight driving. The displayed result above can therefore
be interpreted as a result in terms of the models’ predictive performance during
straight highway driving since these scenarios highly impact the average prediction
error computations. Table 6.2 displays the ADE and FDE results for the models’
performance for predicting sequences of surrounding vehicles in scenes where at least
one vehicle is performing a lane-changing maneuver. The lane-changing maneuvers
are classified as a shift in y-position during the whole prediction horizon of more
than 3.25 meters.
The result indicates a different outcome compared to the result in Table 6.1 where
the CV model was outperformed in terms of minimization of the metrics. In table
6.2 the CV model is better at predicting x-positions compared to the TOT and the
TOT-MC models. However, it is important to note that the prediction performance
for y-positions is substantially better, especially considering FDE, for both the TOT
and the TOT-MC compared to the CV model.
The RMSE time step errors for lane changing sequences for all models are further
presented in Figure 6.5. The result emphasizes that the CV baseline model is better
for x-position predictions while the TOT and TOT-MC outperform in terms of y-
position errors. A clear motivation for this is that the TOT and TOT-MC are
better at predicting difficult scenarios of lane-changing maneuvers. These results
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are further strengthened in the case study presented in sections 6.1.2.

Table 6.2: Test data evaluation with ADE and FDE on scenes containing at least
one lane-changing sequence.

Model ADE (x/y) [m] FDE (x/y) [m]

Constant Velocity 1.610/1.062 4.395/2.850
TOT 1.744/0.647 4.663/1.811
TOT-MC 1.858/0.781 4.709/2.042

(a) RMSE error for x positions for each
discrete time step n with a sampling time
of 0.2 seconds in the prediction horizon.

(b) RMSE error for y positions for each
discrete time step n with a sampling time
of 0.2 seconds in the prediction horizon.

Figure 6.5: The RMSE time step comparison showcase that x position errors are
relatively equal for lane-changing sequences. However, for y positions the TOT and
TOT-MC are still achieving a lower RMSE error than the CV model.

6.1.2 Qualitative analysis
The case study aims to further give insight into the predictive capabilities of the
models. It also aims to further extend the analysis of what the previously presented
errors may look like in a driving scenario. The selected cases aims at displaying
scenarios that focus on:

• Figure 6.6: Scene where there are multiple plausible future options for sur-
rounding vehicle trajectories.

• Figure 6.7: Displays the common straight driving scenario on the highway.
• Figure 6.8: Scene where no lane change is present but TOT-MC suggests lane

change.
• Figure 6.9: Scene that presents poor performances from the TOT and TOT-

MC.
• Figure 6.10: Lane-changing scene where the TOT and TOT-MC are certain

and accurate about the future trajectory.
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The cases presented in Figures 6.6-6.10 all follow the same design where colors
represent separate surrounding vehicles with their observed positions in dashed lines
and GT future trajectories by individual markers. An important thing to highlight
is that the prediction length, Tpred, is 30 discrete time steps of 0.2 second intervals
and the markers only display every third future time step. The observed positions
of each surrounding vehicle are represented as a continuous dashed line, however,
the actual values are not continuous. These design choices are selected since the
idea of the case study is to give insight into the behavior of the predictions in a clear
manner and not an error metric comparison. The solid lines are predictions from
the models and the plus sign depicts the current ego vehicle position for when the
trajectory predictions are performed. It can be noted that in Figures 6.6c-6.10c there
are multiple solid lines for the predictions of the surrounding vehicles. These are the
different predicted modes of the TOT-MC model. In scenes where the TOT-MC is
certain about the outcome, the modes collapse into the same prediction. The mode
converging scenarios are common in cases of straight highway driving presented in
Figure 6.7c. On the other hand, when the TOT-MC is uncertain about the future,
multiple different modes are predicted as in Figure 6.6c.
One important property regarding a non-deterministic model is that the suggested
multi-modal predictions are connected to a reasonable future. Whether these multi-
modal predictions are reasonable can be cumbersome to establish with error metrics
since a suggested prediction may be far from the ground truth. One interesting case
suggesting that the developed TOT-MC model achieves this property is presented
in case 6.6c where the model suggests two plausible future lane changes. Another
example of this multi-modal reasonable future prediction is also presented in Figure
6.8c.
It is important to highlight that the developed models are not perfect and that there
exist cases where both the TOT and the predicted different future trajectories of
the TOT-MC do not capture the future evolution of the scene. One of these cases
is presented in Figure 6.9b and 6.9c. In these uncertain scenarios, the TOT-MC
expresses high uncertainty about the future evolution of the scene by predicting
modes with significant differences. These modes may express high uncertainty in
some cases, but the model can still miss expressing uncertainty in cases where it
is not accurate such as in the predictions for the yellow vehicle in Figure 6.9c. It
is important that the model is not always expressing high uncertainty in the rare
lane-change scenarios if it is certain. One of these examples can be seen in the
lane-changing maneuver scene in Figure 6.10, where the TOT-MC expresses high
certainty with correct prediction compared to the GT future.
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(a) CV

(b) TOT

(c) TOT-MC

Figure 6.6: The scene displays one of the weaknesses of the CV model in terms of its
inability to change prediction direction during a future state evolution. Interesting
to highlight is the variations in the different modes predicted by the TOT-MC. Even
though a left lane change is the correct GT future state evolution, a right lane change
is still a reasonable trajectory to predict.
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(a) CV

(b) TOT

(c) TOT MC

Figure 6.7: Straight driving is one of the most frequently occurring scenes on the
highway. It is therefore important for the models to be accurate in these scenarios
together with that the TOT-MC should not express uncertainty in these certain
scenarios. In this case, all three models predict future positions that correspond to
the ground truth.
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(a) CV

(b) TOT

(c) TOT MC

Figure 6.8: The scene displays a straight observed positional history with a GT
future of straight driving for all vehicles. What is interesting to note is the suggestion
from the TOT-MC regarding a potential lane change for some of the predicted
modes. Even though this is incorrect compared to GT, the possibility of a lane
change with a slower-moving vehicle in front is not an unreasonable trajectory to
predict.
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(a) CV

(b) TOT

(c) TOT-MC

Figure 6.9: Important to remark is that the TOT-MC is not perfect and that there
are cases where not even a single mode is capturing the correct GT future as for the
yellow car in Figure c). In this case, neither the CV-model nor the TOT models
accurately predict the ground truth.
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(a) CV

(b) TOT

(c) TOT-MC

Figure 6.10: Even though lane changes are of low frequency, it is important to still
be able to not always portray a measure of uncertainty in cases where the model is
certain about the intentions of a surrounding vehicle. In this case, all modes collapse
into one mode for the TOT-MC model, which corresponds to the ground truth. The
TOT model also produces a prediction that corresponds to the ground truth while
the prediction from the CV model does not correspond to the ground truth.

63



6. Results and analysis of developed observer and robust controller

6.2 Observer and Model Predictive controller
The result for the three different observer and controller combinations are presented
in two separate sections. Section 6.2.1 presents the results and analysis for the quan-
titative analysis, i.e. evaluation of running the different combinations in highway
scenarios similar to what the observer was developed for. In section 6.2.2 the per-
formance of the combinations in the enforced safety-critical situation is presented.

6.2.1 Quantitative analysis
In Table 6.3 the results for the cost function evaluation are presented for the different
controllers. In order to facilitate a more clear comparison all values in the table are
normalized towards the total cost of the baseline CV model. The CV model combi-
nation has better performance from a total cost perspective compared to the TOT
at 1.91 and TOT-MC at 1.43. It is important when doing cost function optimization
to look at the total cost result for evaluation of best performance. However, it is
interesting to identify how the different combinations solve the problem and what
the main contributions to the resulting total cost are. The main contribution of why
the TOT and TOT-MC models’ total cost is higher than for the CV baseline is that
they exhibit a significantly larger contribution of jerk. For the CV model, the jerk
cost constitutes 54% of the total cost while for the TOT and TOT-MC this fraction
is 76% and 68% respectively.

Table 6.3: Cost function evaluation that displays total cost and the separate costs
state, control, jerk and slack cost for the three models. All values are normalized
towards the baseline constant velocity total cost for the optimization over all time
steps

Model Total cost State Control Jerk Slack

CV 1.0 0.46 7.98e-5 0.54 2.93e-8
TOT 1.91 0.46 1.05e-4 1.45 9.62e-25
TOT-MC 1.43 0.46 8.42e-5 0.97 3.60e-24

In Figure 6.11 the jerk costs for all simulation time steps are presented as one long
time series. There is a tendency for higher usage of jerk with higher frequency for
the TOT and the TOT-MC models in Figures 6.11b and 6.11c. This behavior can
be seen as reasonable since the predictions from the developed observers have a
higher chance of changing their prediction for surrounding vehicles between time
steps. One example of this is that in time step t the prediction for surrounding
vehicles is to not change lane. Then in the next instance, t + 1, the models can
predict a lane change for a vehicle in an adjacent lane to once again predict straight
in time step t+ 2. This change of predicted trajectory between time steps can then
be overcompensated in the controller resulting in a jerk. It is a though balance from
the perspective of safety to compensate with breaking which indicates jerk when
lane changes may happen. Small compensations, even if they are correct or not, will
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induce more jerk in the final result.

(a) CV (b) TOT

(c) TOT-MC

Figure 6.11: Drivability analysis shows a more frequent use of jerk with the TOT-
models compared to the CV-model. The values are plotted on a log-based scale.

In Figure 6.12 the result from Table 6.4 are further analyzed through the perspective
of slack cost by a display of all values for all discrete time steps with a sampling
time of 0.2 seconds during the simulations. From the perspective of total cost, slack
only contributes with a small fraction of the cost. However, there is a behavior
of significantly larger peaks of slack for the CV model compared to the TOT and
TOT-MC models. As previously mentioned, the simulation scenarios evaluated
in the quantitative study are common highway driving scenarios, i.e. no forced
safety-critical situations and the expected results should be no slack. However,
there is a clear behavior from the baseline CV model that peaks of slack are needed
during the optimization. Consequences of this initial behavior of using slack become
more apparent in the qualitative study in section 6.2.2 where a forced safety critical
scenario result is analyzed.
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Figure 6.12: Slack cost evaluation shows that the constant velocity model is forced
to slack the constraints in multiple simulations in order to obtain feasible solutions
while the TOT-models do not. The costs are plotted on a log-based scale

6.2.2 Qualitative analysis
In Table 6.4 the total cost and individual cost components for the baseline CV and
TOT-MC combinations are presented. The result of the qualitative study for the
TOT combination was that it resulted in a collision for the specific scenario. An ex-
planatory factor for this is that the TOT model is unable to express any uncertainty
in its predictions which results in that the MPC algorithm is not compensating for
uncertain scenarios. In contrast to the TOT, the TOT-MC model can compensate
for uncertain scenarios and influence the controller’s optimized trajectory, thus not
resulting in a crash even though it may be uncertain about the predicted trajectories.
Initial analysis of Table 6.4 displays that the CV baseline combination performance
is better from a total cost function perspective. Similar to the results in Table 6.3,
the jerk cost for the TOT-MC is the main contribution towards the difference in total
cost. However, it can be noted that this difference is slightly smaller compared to
the quantitative results. Though smaller in magnitude, the main cost contribution
for both components is from the jerk. This is an expected result since this is a
safety-critical situation where heavy braking is to be expected.
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Table 6.4: Case study cost function evaluation that displays total cost and the
state, control, jerk and slack cost for the CV and the TOT-MC models. All values
are normalized towards the baseline constant velocity total cost for the optimization
over all time steps.

Model Total cost State Control Jerk Slack

CV 1.0 0.17 1.00e-4 0.82 1.15e-3
TOT-MC 1.28 0.19 1.00e-4 1.09 1.11e-29

Even though the total cost of jerk is of smaller magnitude for the CV baseline model
compared to the TOT-MC the realization of how and when this jerk cost arises differs
significantly. The change of longitudinal acceleration and steering angle expressed
in jerk cost for each time step in the simulation case for the CV and TOT-MC
model is displayed in Figure 6.13. What is interesting to note is that the TOT-MC
model starts to break around 3.6 seconds earlier than the CV model combination.
The TOT-MC model applies several instances of breaking thus evoking more peaks
of jerk cost. In contrast to this, the CV model applies one large breaking instance
which manifests in one large peak of jerk cost. Even though the total cost for the CV
combination is lower, it is interesting to remark that the usage of the control signal
in the critical time step location for the peak of the jerk is 83% of the maximum
possible deceleration. For the TOT-MC model, the deceleration is instead 56% of
the hard constraint value for maximum possible deceleration.

Figure 6.13: Jerk cost evaluation in the case study shows that using the constant
velocity model as a predictor results in breaking later and harder, obtaining a higher
peak in jerk compared to using the TOT-MC model.
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In Figure 6.14 the slack cost from Table 6.4 is given for all discrete time steps t
with a sampling time of 0.2 seconds of the simulation. Here the resulting action of
breaking too late for the CV baseline model results in that it has to utilize slack,
while the TOT-MC model does not. The need for using slack then clearly becomes
apparent as a consequence of the lack of predictive capabilities in the baseline model.

Figure 6.14: Slack cost evaluation in the case study shows that using the CV-
model as a predictor results in the need to slack constraints in order to obtain
feasible solutions, while no constraint violations are present while using the TOT-
MC model as a predictor. The costs are plotted on a log-based scale.
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Discussion

In this chapter, critical discussions about the used methodology and the results
obtained in this thesis are held. A discussion about the data generation method is
raised in section 7.1, followed by a discussion about using a transformer base for tra-
jectory predictions in section 7.2 and the selected method for uncertainty modeling
in the robust model predictive controller in section 7.3. The result discussion mainly
concerns how drivability and safety are balanced against each other and is treated
in section 7.4. The chapter concludes with possible future work where opportunities
for both the predictor and the planner are outlined in section 7.5

7.1 Consequences of data generation method

The selected methodology for model learning in this project has been to construct
a supervised learning model. One aspect of supervised learning and in general for
machine learning development is the question if the data is "good". Clearly, the data
can be regarded as "good" in this project since it contains accurate measurements
due to the simulation environment. However, it is interesting to lift the issue of
"good/bad" data from the perspective of bias toward the baseline model.
The aim of the observer is to learn from the previous behavior of surrounding vehicles
given historical scenes to produce a predicted future. It becomes apparent that the
history of the scene has always to some degree been influenced by the ego vehicle’s
previous trajectory and intentions. This relation of influence for observed behavior
follows into the future positions which are directly influenced by how the ego vehicle
will plan its future trajectory and intentions. Clearly, it becomes impossible for the
selected data generation method to generate data that is free from influence from
the baseline model.
The problem becomes apparent when the combination of the developed observer
and MPC is to be tested during new simulation scenarios. Are then the predicted
trajectories of surrounding vehicles based on that the ego vehicle will act in a learned
way? One could approach the problem through a different methodology which is
to learn the surrounding vehicles’ behavior without the influence of an ego vehicle.
This could be achieved by removing the ego vehicle from the scene and observe the
surrounding traffic. This would remove the influence of bias but may reduce the
ego vehicle perspective too much. Removing the ego vehicle from the scene will
put limitations on how surrounding vehicles will act conditioned on the specific ego
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vehicle. Surrounding traffic will most likely act differently if there is a truck in the
adjacent lane intending to do a lane change compared to a normal passenger car.
This then motivates that an ego vehicle present data generation method may be
preferable.
The selected data generation method could also result in a reduction of compara-
tive evaluation to other algorithms. Preferably, trajectory prediction algorithms are
trained and evaluated on datasets that are publicly available for usage and com-
monly used for evaluation. In this thesis, a self-made dataset has been used for
both training and evaluation. This reduces the possibilities of comparisons to other
algorithms, but there is always the possibility to implement and train other algo-
rithms on our dataset. However, this approach may not be considered optimal since
adaptations of other algorithms towards a self-made dataset is not always a plug-
and-play operation. With this in mind, it is important to lift the aim of the thesis
which is to conduct research and investigate the future potential in this relatively
unexplored area of supervised machine learning and MPC combination which the
method still provides.

7.2 Transformer for trajectory predictions
The developed observer was constructed with a quantized state space for both the
embedding of positions and velocities surrounding the ego vehicle. In combination
with this, the selected loss function during the training of the model is a cross-
entropy loss function. Following this methodology it is important to highlight the
fact that a model developed in this way can never be better than its quantized
state space. Further breaking down this statement with an example is that even
though the model performs optimal in terms of classification toward the generated
quantized state space it can still never be better than the quantized state space.
This problem was identified early in the selected method for the construction of the
transformer-based model via an increase of resolution for the state space quantiza-
tion. This increase in resolution gave better results for the predictions since it could
predict more accurately. One problem with increasing resolution is that the classi-
fication problem can become more difficult to solve. However, transformer models
are developed to be able to handle a large number of classification categories in NLP
tasks thus making it possible to use a high resolution for the quantized state-space.
There exist other methods than the quantized state space classification approach
presented in this thesis. One of these approaches is to reformulate the problem into
a regression-based prediction strategy. Using a regression-based predictor facilitates
a continuous prediction strategy and the problem of not being able to be better
than the quantization can be removed. A regression strategy was however examined
during the project together with a transformer-based structure without success.
Why adopting a regression-based prediction strategy was unsuccessful could simply
be because the field hasn’t been fully explored or the transformer isn’t originally
designed for regression problems. Forcing a model towards something it wasn’t
originally intended for could be a difficult process and there is definitely an area of
future interest for continued investigations.
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Even though the transformer utilizes a classification-based approach to the problem
the results show promising performance compared to the baseline model. Deep
machine learning development is a process that constitutes of a lot of trial and
error with creativity being a large part of the process to find what is functional.
This thesis has presented one novel strategy for how the prediction problem can
be approached. There may be other models or alterations of the developed models
that achieve more promising results. The suggested methodology is meant to act as
a base for further investigations and motivations toward a continued investigation
into applying transformers for the trajectory prediction problem.

7.3 Implemented uncertainty consideration in the
robust model predictive controller

As previously mentioned in this thesis, the MPC relies on accurate predictions of
surrounding vehicle to form constraints that mitigate the chance of collisions. An
extension in this project has also been to involve uncertainty in these predictions
through applying a Monte Carlo dropout method. It becomes interesting to follow
if the extensions of the constraints is representable for the differently predicted
trajectories. The method to fuse these uncertainties from the observer with the
trajectory planner has been to use a mode mean approach. The uncertainty is then
expressed through a statistical fashion via standard deviations from the mean of
the modes. One problem that can be identified here is the notion of representing
different modes into one mode. The different modes showcase different properties
and simply averaging them into one mode may be a somewhat questionable method.
One example of this is when the TOT-MC model predicts a left lane change and a
right lane change for a vehicle in front. Even though the model is predicting left and
right changing trajectories a mode mean would result in a mean of corresponding
to straight driving. However, one strength of the aforementioned method is that in
this case, it also provides a large uncertainty to the prediction, meaning that the
MPC is subjected to a smaller set of feasible states.
Another interesting note to look at is the used scaling factor. The selected scaling
parameter used was kept constant during the entire prediction horizon, meaning
that the MPC fully trusts the uncertainties equally the observer displays at every
time step. This is however up to debate whether scaling the constraint in this way
is accurate. One could argue that the constraints should not be extended equally
as much for the uncertainty further away in the prediction horizon. The reason for
this is that, even if the MPC obtains a faulty trajectory prediction far away into
the prediction horizon, it would still be able to update its own trajectory in one
of the next time steps, avoiding a potential collision. Since this is not the case for
prediction at the beginning of the prediction horizon, reasonably, the MPC should
heavily trust the uncertainty. This could in turn lead to a less conservative MPC
which may obtain less jerk. However, it is also important to consider the weight of
safety compared to a lesser jerk which will be discussed in the following section.

71



7. Discussion

7.4 Drivability vs Safety

In terms of combining a transformer-based observer with a robust MPC, compared
to the use of a constant velocity model, the outcome varies. In normal driving sce-
narios, i.e no heavy breaking or acceleration on a highway, the constant velocity in
combination with a MPC performs better than the developed models in terms of
drivability and total cost. The main cost component apparent in the total cost is
the higher jerk cost while using the TOT model as a predictor. The reason for this
discrepancy comes from the variations in the TOT-model predictions between time
steps, while the CV-model predictions are smoother. Notably, it is interesting that
a simple model like a CV model can perform better as a predictor for the developed
MPC than a complex transformer-based observer. Although, as previously men-
tioned, during normal highway truck driving surrounding vehicles most likely keep
their speed, hence CV is a very accurate baseline model and difficult to compete
with. Observing the constraint violation in normal driving scenarios indicates a
small improvement using the TOT and TOT-MC models, however, the cost of slack
using the CV model is still marginal. The need for a robust MPC for a highway
autopilot can thus be questioned in normal driving scenarios. This comes from the
fact of the results indicating that the natural robustness using the baseline MPC
might be sufficient for safe operation.
On the other hand, in safety-critical situations, the need for an observer that can
capture interactions becomes apparent. Results show that a simple observer, like the
CV model, fails to provide predictions that are good enough to keep the ego vehicle
from violating the constraints. On the contrary, the TOT-MC provides predictions
with uncertainty that allows for the controller to take action earlier, ensuring safe
operation. Even if the TOT-MC does not provide an accurate prediction at a certain
time step, including uncertainties in the predictions allows for a more conservative
trajectory plan, which is preferable in these kinds of situations. One interesting
factor to look at in the evaluated safety-critical situation using the CV model is
that breaking is almost of the max amplitude of what is allowed by the constraints
while using the TOT-MC model nearly halves that value. Not only might the lower
level of braking lead to an improvement in the comfort for the driver in the truck,
but it might also divert a potential crash if the truck was loaded heavier. This comes
from the possibility to break earlier using the TOT-MC model, which would have
been needed if the breaking capacity of the truck would be impaired.
Noted in the discussion above, the concept of safe operation does not always have
a positive correlation to drivability, rather the opposite is true. Utilizing a complex
transformer-based observer including uncertainty that has the possibility to capture
driving interactions leads to less constraint violation. Although, this comes at the
cost of persevering more jerk in the optimized solution compared to using a CV
model. This behavior is similar to that obtained in [3], where safety came at the
cost of higher maximum acceleration. In a perfect situation, the predictions from
the TOT-model would correspond to the ground truth at every time instance in the
prediction horizon. However, considering the stochastic nature of human behavior,
strengthened by the results in this thesis, multiple outcomes will be viable in different
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situations. Thus, the manner of altering predictions between time steps is hard to
get rid of. Ultimately, there is a balance between obtaining an autopilot that is able
to take safe decisions while still maintaining advantageous drivability.

7.5 Future Work
Two main areas have been recognized in the thesis as the next step for the robust
controller to further conduct research within. What differentiates them is mainly
that one focuses on the next step in the observer development, in section 7.5.1, and
an identified development area in the trailing controller of the MPC in section 7.5.2.

7.5.1 Extensions towards the next interaction aware trajec-
tory planner

What is accompanied in deep machine learning development is the question of: can
the model be further improved? Initial approaches are to continue with increasing
the amount of training data and more variations of training data, i.e. more scenarios
that the model has not previously experienced. Other ways of improvement can be
further tuning of hyperparameters or even an extension of the number of parameters
in the model itself. However, even if all of these suggestions are interesting to
apply there is one future work that should be emphasized: a transition from a
non-interaction-aware observer to an interaction-aware observer.
What is referenced here is the involvement of interaction awareness in the model,
simply put as "If I intend to do this what will you do?". This next step could be
achieved by the addition of the planned ego vehicle trajectory into the observer
input. One idea can be to use the planned trajectory from the previous time step
and consider it in the observer for future predictions. The idea behind this is that
interaction-awareness could play a crucial role in reducing jerk since different inten-
tions from the ego vehicle could potentially reduce the difference between the multi-
modal predictions for surrounding vehicles. The observer currently only considers
how other vehicles will act excluding its own planned trajectory. The hypothesis is
that if the ego vehicle can involve its own intentions in the prediction the predictions
can further be conditioned on the whole scene with the ego vehicle in mind.

7.5.2 Future development for trailing controller to fully uti-
lize trajectory predictions

Presented in the description of this section is the statement of being able to utilize the
predictions fully. This statement is mainly based on the current trailing controller
which does not consider a change of lead vehicle during the optimization horizon.
The current trailing controller only considers one lead vehicle at the current time
step. The problem with this formulation is that if an adjacent vehicle is to change
lanes to a position of becoming a new lead vehicle during the optimization horizon,
it will not be considered. A vehicle will therefore only be considered a lead vehicle,
which the trailing controller considers, if it is in the same lane as the ego vehicle
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in the current time step. Therefore, it becomes apparent that a scenario where a
lane-changing maneuver prediction by an observer into a new lead vehicle during an
optimization horizon might lead to problematic situations.
Important to note is that a predicted lane-changing maneuver into a new lead vehicle
in front of the ego vehicle by an adjacent vehicle is always considered in the left and
right lane change controller. Thus, a scenario could play out that a trailing decision
based on a lead vehicle, which is to change during the horizon but not considered by
the trailing controller, may result in a lower cost than a lane-changing decision. This
lower cost for trailing could therefore give a bias towards continued trailing, even if
perhaps the best decision would actually be to perform a lane change. Clearly, there
are areas of improvement for fully utilizing prediction in the autopilot algorithm that
could further enhance performance in safety-critical situations.
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Conclusion

The purpose of the thesis was to investigate and research the combinations of a
supervised learning algorithm and a model predictive controller. This has been
performed by the development of a transformer-based observer for generation of
trajectory predictions of surrounding vehicles with uncertainty estimation. The
predicted trajectories together with uncertainties have been combined with the ego
vehicle’s MPC for increased robustness. The identified research questions from the
aim of the thesis read:

• Is the developed observer able to capture the behavior of surrounding vehicles
in a highway scenario and to what extent?

• How can a learning-based observer and MPC be combined to increase robust-
ness in a trajectory planning algorithm for an autonomous truck in a highway
scenario?

• What are the main benefits that can be gained by using the aforementioned
combination from the perspective of drivability and safety?

From the perspective of capturing behaviour of surrounding vehicles in the trajectory
prediction it can be concluded that the observer is capable of producing accurate
predictions for the highway scenario. Furthermore, it is also able to produce pre-
dictions to the extent of reasonable suggestions in a multi-modal fashion of future
surrounding vehicle trajectories to enhance safe trajectory planning.
The combination of the observer and MPC was performed through prediction uncer-
tainty estimation involvement in the constraint formulation of the trajectory planner.
Robustness in this combination was proven to be successful, especially in a safety-
critical situation where predictions combined with uncertainty estimation produced
a more safe planning.
From a drivability perspective measured in jerk the developed observer and tra-
jectory planning algorithm produced a worse result than the baseline autopilot.
However, this result was to be expected due natural properties of predicting for
safe trajectories with implied compensation. The main benefits comes from the fact
that the autopilot now can predict a safer trajectory by considering multi-modal
prediction of surrounding vehicles and avoid dangerous situations.
It can be concluded that the combination of advanced machine learning algorithms
for situation analysis together with an MPC can produce properties for extending the
robustness of a highway autopilot. Further research will need to be produced before
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inclusion into real-world scenarios, but the results presented in this thesis provide a
good foundation for further exploration in the field of MPC in combination with a
transformer-based observer.
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