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Abstract

2getthere specialises in autonomous people transport through their GRT vehicle, used for
transporting people at the airport from the parking to the terminal to ensure the GRT can
operate comfortably and safely in a mixed traffic environment. The vehicle needs to plan a
smooth and collision-free path. An essential aspect of a safe path is to predict the motion
of the surrounding vehicles of the GRT to guarantee a smooth adaption to the constantly
changing traffic scenario. The smooth adaption to the changing traffic scenario is essential
for the GRT. The GRT cannot brake with the same magnitude as surrounding traffic due to
standing people inside the vehicle. The importance of the smooth adaption to the traffic sce-
nario resulted in the following problem statement; is it possible to create a motion prediction
model for the surrounding vehicles of the ego vehicle to allow for pro-active velocity planning
of the ego vehicle itself. From the literature, motion prediction models can be divided into
physics-based motion models, manoeuvre-based motion models, and interaction-aware motion
models. Each level has a certain amount of building blocks, with each level being an extra
addition of situation awareness to the previous level.

An interaction-aware motion model is the most advanced prediction model taking the infras-
tructure and interaction between the vehicles in the traffic scene into account. Therefore this
principle of motion prediction is chosen for the motion prediction of the surrounding vehicles
of the GRT. First, all possible state and route information of the surrounding vehicles are
gathered. Secondly, a tree is created based on the vehicles’ routes in the traffic situation, with
the unique combination of manoeuvres known as a single branch of the scenario tree. Here-
after, the possible conflict areas between the individual manoeuvres are determined based on
the desired trajectories for a specific route. The first vehicle passing the conflict area will in-
fluence the second vehicle’s trajectory for passing the same conflict area, which will influence
the third vehicle’s trajectory and so on. Each vehicle can avoid a collision by passing in front
or behind the previous vehicle(s) at the conflict area. Evaluating all passing possibilities will
result in the velocity trajectory with the lowest cost, constrained by comfort. The sum of all
costs for each branch of manoeuvres is used as a metric to determine the possible velocity
profiles for each vehicle in the current traffic situation, resulting in a better understanding of
the traffic scenario and ensuring a comfortable adaption to a changing traffic scenario. This
thesis will evaluate several methods found in the literature to built a motion prediction model
suitable for the application at 2getthere. The chosen motion model will be evaluated by two
scenarios in a T-junction intersection.
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Chapter 1

Introduction

2getthere specialises in autonomous people transport through their GRT vehicle, used for
transporting people at the airport from the parking to the terminal. To ensure the GRT can
operate comfortably and safely in a mixed traffic environment, the vehicle needs to plan a
smooth and collision-free path. An essential aspect of a safe route is to predict the motion of
the surrounding cars of the GRT to guarantee a smooth adaption to the constantly changing
traffic scenario. The smooth adaptation to the changing traffic scenario is essential for the
GRT because the GRT cannot brake with the same magnitude as surrounding traffic due
to standing people inside the vehicle. Currently the GRT uses an Adaptive Cruise Control
(ACC) with emergency braking. The emergency braking will be activated if the distance to
the leading vehicle becomes to small, resulting in a heavy braking. In all circumstances it is
desired not to activate the emergency braking, because it will brake with maximum braking
force resulting in a very unpleasant drive for the passengers.

Figure 1-1: The Group Rapid Transit of 2getthere for Brussels Airport

1-1 Motion prediction: motion prediction levels

The concept of predicting the motion of the surrounding vehicles has been broadly researched
in the literature, resulting in three general levels of motion prediction [28]. The three levels
will each be explained using a simple traffic scenario seen in the Figures 1-2, 1-3 & 1-4. This
traffic scenario contains a blue vehicle approaching a T-junction, with a black vehicle ap-
proaching from the right. According to the traffic rules, the blue vehicle will have to give way
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2 Introduction

to the black vehicle to avoid a collision. The prediction models will predict the motion of the
blue vehicle in the traffic scenario. Each image in the figures below is a separate timestamp
of the scenario.

The first level is a physics-based motion model, taking only the vehicle kinematics and dy-
namics of each vehicle into account. This way, the actor will be addressed as a moving object
without any dependencies or interactions to the surrounding environment (vehicles and in-
frastructure). Figure 1-2 depicts a graphical overview of such a motion model in the simple
T-junction scenario described above. The physics-based motion model will extract the nec-
essary data (e.g. position, velocity) of the blue vehicle at the left image of the figure. For
instance, if the car is driving at 30 km/h with zero acceleration, the motion model predicts
that the blue car will continue its path with 30 km/h over the predefined time horizon. If
at the next state update, the vehicle is driving 25 km/h with an acceleration of -1 m/s?, the
physics-based model will predict that the blue car will continue decelerating with the same
rate of -1 m/s? till the next state update. The most common type of physics-based motion
model is a constant acceleration model. The slow adaption to the traffic scenario without
taking the infrastructure and surrounding vehicles into account will result in a collision, as
seen in the picture on the right of Figure 1-2.

Figure 1-2: A graphical representation of a physics-based motion model in a T-junction scenario
with the ego vehicle represented as the blue car [28]

A manoeuvre-based motion model is the second level of motion prediction models. Figure
1-3, depicts a graphical overview of such a prediction model in the same traffic scenario as in
Figure 1-2. The essence of a manoeuvre-based motion is defined as follows; "Maneuver-based
motion models represent vehicles as independent maneuvering entities, i.e. they assume that
the motion of a vehicle on the road network corresponds to a series of maneuvers executed
independently from the other vehicles.” [28]. In other words, it means that the state informa-
tion and the infrastructure’s layout are taken into account for the motion model. In the left
picture of Figure 1-3 the vehicle state of the blue vehicle (e.g.position, velocity and accelera~
tion) and the surrounding infrastructure is captured. Therefore the manoeuvre-based motion
model knows that the blue car is approaching a T-junction, where it will have to execute a
turn (right or left). The vehicle’s predicted motion will be adapted accordingly, knowing it
is approaching a T-junction. In the case of Figure 1-3 the blue actor drives with 30 km/h
with zero acceleration while approaching the intersection. Although the blue vehicle has not
started decelerating yet, the manoeuvre-based motion model still predicts a motion model
for both a turn left and right. As the traffic scenario progresses (from left to right), the blue
vehicle will execute a turn left. However, it will still collide with the black car because there
is no information about traffic rules or surrounding vehicles taken into account.
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1-2 Motion prediction: block overview 3

Figure 1-3: A graphical representation of a manoeuvre-based motion model in a T-junction
scenario with the ego vehicle represented as the blue car[28]

The final level, known as an interaction-aware motion model, is an addition to the previous
manoeuvre-based motion model by taking surrounding traffic into account. Figure 1-4 shows
such a motion model in the T-junction scenario described at the beginning of this section. The
motion model will know that the blue car is approaching a give-way intersection by taking
the traffic rules and interaction into account. The motion model needs information about the
surrounding actors approaching the T-junction to create the appropriate motion prediction for
the blue vehicle. Therefore, the motion model will also gather the black car’s data (position
and velocity) approaching the intersection. By extracting the data of surrounding vehicles,
it can calculate the arrival time at the conflict point and how long a car will occupy the
intersection. As an example, the scenario depicted in Figure 1-4 shows that the blue vehicle
will stop at the T-junction to let the black car pass the traffic scenario avoiding a collision.
Therefore, the interaction-aware motion model is the most advanced and is closest to humans’
actual driving behaviour.

Figure 1-4: A graphical representation of an interaction-aware motion model in a T-junction
scenario with the ego vehicle represented as the blue car [28]

1-2 Motion prediction: block overview

By reading and comparing papers from the literature about motion prediction models, each
model uses the same building blocks to create a motion prediction for the relevant vehicles
shown in Figure 1-5. Therefore, this thesis is divided into these individual steps to ensure a
clear overview of the chosen approach. The amount of building blocks is different for each
of the three levels mentioned in the previous Section 1-1. The first block, measurements,
is used in all motion predictions. The measurement block determines the relevant vehicle’s
current state (e.g. position and velocity). The model only gathers the ego vehicle’s state
information for the physics-based and manoeuvre-based motion models. In contrast, the
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4 Introduction

model collects all surrounding vehicles’ states for the interaction-aware motion models. Sec-
ondly, the block route information is only used in manoeuvre-based and interaction-aware
motion models shown in Figure 1-5. The route information gathers the infrastructure layout
for the ego vehicle’s immediate surroundings to understand the traffic scenario based on the
infrastructure. The motion model will determine the possible manoeuvres for each relevant
vehicle. A route option is a designation for a specific type of action, taking a left/right turn
or merging between two cars, it does not say anything about the execution of such a ma-
noeuvre. The third building block is the interaction determination, which is only present
in the interaction-aware motion model due to advanced understanding of the traffic scenario
and surrounding vehicles. The interaction determination will decide how a particular traffic
scenario will progress using traffic rules and surrounding traffic. In other words, it deter-
mines which vehicles have the right of way and which have to give way. The fourth building
block comes into play by combining the three previously mentioned steps to calculate each
relevant vehicle’s predicted trajectory in the traffic scene. A trajectory estimates how a spe-
cific manoeuvre is executed by finding the corresponding velocity/acceleration profile based
on the state information and manoeuvre type. The trajectory planning is a vast topic in
the literature. The literature study will address several methods for trajectory calculation.
Finally, the manoeuvre estimation will estimate the probability between the possible manoeu-
vres for each relevant vehicle. This block is not used for the physics-based motion models
because it will only create one trajectory at each time instant. There will be an estimation
between the different possible trajectories for the manoeuvres-based and interaction-aware
motion model. The literature study addresses several methods for calculating the probability
estimation between the possible manoeuvres instantly.

Levels of motion prediction models

PhYSiCS_based

Measurements Measurements Measurements

Route information Route information

Steps

Interaction determination
Trajectory planning Trajectory planning Trajectory planning
Maneuver estimation Manoeuvre estimation

Figure 1-5: Overview of the building blocks for motion prediction

Figures 1-2, 1-3 & 1-4 are addressed in this section to create a better understanding of the
building blocks. The measurement block will determine the state of the blue vehicle, which
can consist of position, velocity and acceleration. The route intention block will determine
that the vehicle is approaching an intersection and has two options, turn left or turn right.
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1-3 Scope & limitations 5

In the interaction determination block, the model gathers the black car’s information for
approaching this junction from the right. Therefore stopping at the stop line is added to the
set of manoeuvres for the blue car. The manoeuvres set is now extended to three manoeuvres;
turn left, turn right and stop at the stop-line. The trajectory prediction block will determine
a set of trajectory hypotheses for each manoeuvre in the set of manoeuvres. The manoeuvre
estimation block uses the predicted trajectories to create a probability between the several
manoeuvres (e.g. turn left, turn right and stop).

1-3 Scope & limitations

This thesis aims to develop a motion prediction model for the surrounding vehicles of the ego
vehicle to allow for pro-active velocity planning of the ego vehicle itself. To reach this goal
the motion model is tested on a predefined map of the Zaventem airport.

The choice for a maximum of four actors is due to the limitations on the sensors of the GRT.
The GRT is equipped with a specific amount of sensors, and they are limited in the number
of vehicles they can see due to their line of sight. Moreover, these sensors cannot detect
and measure the acceleration and yaw rate of the surrounding vehicles. Therefore, the state
variables used for the surrounding cars are limited to the velocity’s position, magnitude, and
direction.

Furthermore, as the main focus lies in the intersection domain, the vehicles are assumed to
follow the centerline of a lane. Moreover, overtaking behaviour is not considered, and vehicles
will comply with the maximum velocity for each road section. The top speed of a straight
road section will be 14m/s, while for turns, their radius constrains the maximum.

Moreover, the scenarios are created by the driving simulator toolbox in MATLAB. The tool-
box determines the velocity profile of a vehicle based on the drawn waypoints. The waypoints
hold information about velocity and position of vehicle. The toolbox will linearly create a
velocity profile between the waypoints, resulting in step function for the acceleration profiles.

The created motion model is mainly focused on creating a framework for motion prediction.
It is not focused on creating the best tuned motion prediction model, but more on creating a
modular prediction model that could be used in all type of scenarios and future work.

1-4 Thesis outline

The upcoming chapters of this thesis are structured as follows. Chapter 2 reviews the existing
state-of-the-art for each building block mentioned in Section 1-2 found in the literature. The
most suitable and common methods will be introduced and briefly explained for each building
block. Hereafter, Chapter 3 will highlight the chosen methods for each building block and
how these preferred methods are used in the final model. Chapter 4 will first introduce the
set-up for both scenarios. Hereafter, the chapter shows the results of the model and will
discuss these results. Moreover, the results will show the predicted velocity profiles of the
lead vehicle and the ego vehicle with their corresponding probabilities based on the motion
prediction of the surrounding vehicles. Lastly, in Chapter 5, conclusions on the developed
model are drawn, and the thesis is closed by recommendations for further research on this
topic.
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Chapter 2

State of the motion prediction
literature

This chapter gives an insight on the current state of the art found in the literature, using
the building blocks described in Chapter 1. The literature’s commonly used methods are
addressed and briefly explained in the coming chapter. Firstly, the measurement block gathers
the individual state information for each vehicle. Hereafter, Section 2-2 will introduce several
methods for collecting the route possibilities (also known as manoeuvres) for each actor.
Third, the various methods for interaction determination between the vehicles in the traffic
scenario are introduced. Fourthly, the possible ways for determining the trajectory for each
manoeuvre of the actors in the scenario are briefly explained. Section 2-5 will introduce the
methods for manoeuvre estimation. Finally, a summary of this chapter will be given.

2-1 Block 1: Measurements

This section is dedicated to the first building block, known as measurements. The mea-
surement block is present in all levels of motion prediction shown in Figure 1-5. Inside the
measurement block, the needed states are collected for the motion prediction of the relevant
vehicle(s) (e.g. position and velocity). Each motion model in the literature uses different
state variables. This section will mention the most common variables used in the literature.
In [8, 17, 21, 23, 40, 44, 48] sufficient information is established if only the available position
and velocity are collected. Besides these papers, there are also two papers in the interaction
domain that use an additional variable; the orientation of a vehicle [15, 27]. Due to the vehi-
cle’s nonholonomic properties, the car’s orientation is equal to the available velocity direction.
Some papers use the vehicle’s acceleration as input, seen in [4, 30]. Besides the models adding
acceleration, there are methods in the literature which use additional information. For in-
stance, in [14, 37, 38, 43], these models create their motion predictions based on position,
velocity, acceleration, and yaw rate. Measuring the yaw rate of vehicles is very complex with
sensors, and calculating the yaw rate increases the computational burden of the model.
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8 State of the motion prediction literature

2-2 Block 2: Route possibilities

Route information determines the possible routes an individual vehicle can execute in the
upcoming traffic scenario up to a specified prediction horizon. In many papers, the route
possibilities of a vehicle are known as the route information of that particular vehicle. For
instance, when a vehicle is approaching a T-junction, as shown in Figure 1-3 & 1-4, the blue
car will have two route possibilities; turn left or turn right. In highway driving, a vehicle
will always have the possibility to keep its lane or make a lane change to the left or right if
these lanes exist. For an intersection scenario, the connection between specific lanes needs
to be specified to determine the route possibilities. The block route information is only used
in manoeuvre-based and interaction-aware models, as shown in Figure 1-5, by adding the
route information to the prediction model, the situation awareness increases, resulting in
improved long-term predictions. Differences can be found in how these route possibilities
are determined in the literature. This section will describe several methods for determining
the route possibilities found in the literature. At first, the breadth-first method determines
the route possibilities by slowly increasing the prediction horizon. Secondly, the use of a
network will be described by addressing the Bayesian network of [36]. Finally, the papers
using predefined route information are addressed.

2-2-1 Breadth-first method

The breadth-first is used in [39, 40], where the route possibilities are determined for inter-
section scenarios. The breadth-first method determines the route possibilities up to a certain
specified distance horizon Iz, by slowly increasing the horizon while checking for the successor
lanes at each defined predecessor. As the name suggests, the method first searches in breadth
before going in-depth. The meaning breadth-first means that the method will first determine
all possibilities for the next step before going a step further into depth. Figure 2-1 depicts
the principle of a breadth-first method.

K K

I Left | |5traight| I Right I l Left I |Straight| I Right I

| Straight | I Straight I | Straight |

Figure 2-1: A graphical visualisation of the breadth-first method

A visual representation of this method in a traffic scenario is depicted in Figure 2-2, where the
route possibilities at each step are shown in green. The method first determines the current
lane the vehicle is driving on. Hereafter, the method determines the successor lanes of the
current lane, resulting in three independent manoeuvres; straight, left and right. Finally, each
manoeuvre has its successor lane shown in the most right picture. The figure shows that the
breadth-first method eventually will find three route possibilities in this 4-way traffic scenario
for this vehicle.
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2-2 Block 2: Route possibilities 9

o
P

1
B ()

Figure 2-2: The breadth-first method used at an intersection, with the possible routes shown in
green

2-2-2  Networks

In the literature, several networks are used to determine the route possibilities. These net-
works can be divided into three concepts; (Dynamic) Bayesian networks (DBN) and Hidden
Markov Models (HMM), and neural networks (NN). The difference between these networks is
mainly found in determining the probabilities between the manoeuvres, known as manoeuvre
estimation. Therefore this chapter will only highlight the Bayesian network as an example of
how the route possibilities for a network are found. In Chapter 2-5 also the application of a
neural network will be mentioned to highlight the difference in manoeuvre estimation.

Bayesian networks

"The Dynamic Bayesian Networks are Bayesian networks for modelling time series data. In
time-series data an event can cause another event in the future, but not vice-versa" [9]. This
results in a simplified design of a Bayesian network. Also, Hidden Markov Models fall in
the same class as dynamic Bayesian networks [9]. These type of network models are used
in [10, 17, 21, 23, 26, 27, 37, 40], where a predefined network is compared to the situation
context at each time iteration. A Bayesian network is represented by a directed acyclic
graph that contains a set of nodes and links, where the links present the relationship between
the nodes. The nodes represent random variables, and the edges represent the relationship
between the nodes. A conditional probability table represents the distributions to determine
the uncertainty of an event occurring based on each random variable’s conditional probability
distribution. A large data set is necessary to determine these conditional probabilities. If the
probability table can be determined, the concept of a Bayesian network can be used for motion
prediction. The concept of a Bayesian network is explained by the Bayesian network used in
[36, 37]. The network is described as a dynamic Bayesian network because it determines the
possible routes for every iteration. In Figure 2-3 can be seen that the network contains three
separate layers (causal evidence layer, diagnostic evidence layer and the manoeuvre layer) and
four different coloured circles; causal evidence (CE), diagnostic evidence (DE), helper nodes
(HN) and manoeuvre nodes (MN)) [37].

Each layer and node have their purpose. First, the causal evidence layer determines the
requirements for a specific manoeuvre by checking if there is, for example, a turn existence
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10 State of the motion prediction literature

to the left or right [37]. Secondly, the diagnostic evidence layer models the consequence of
a specific manoeuvre by their measurable physical states [37]. Finally, the manoeuvre layer
will determine possible manoeuvres based on the given evidence [37]. The helper nodes are
introduced to simplify the parametrization by using lateral and longitudinal motion [36]. The
network will use the CE, DE and HN to determine if a particular manoeuvre in the MN layer
is possible, based on the gathered evidence. It will output a set of possible manoeuvres from
the Maneuver Node layer, determining the optimal trajectory for each possible manoeuvre in
Section 2-4.

Variable Type Explanation

T CE Time-to-Turning

OE CE Front object existence
TE CE Turn existence
Vrel CE Relative velocity to object infront
TO CE Time-to-front object
TU MN Turn to left/right —
2% MN Follow vehicle ——
FR MN Follow road
B MN Target brake
LAT HN Lateral motion
LON HN Longitudinal motion
Qion DE Longitudinal acceleration
LAT LON

19he|
dIUSBPIAS |Besne)

J9he|
auAnaouepy

Viar DE Lateral velocity
Qar DE Lateral acceleration

1a

19he|
22U3PIAS J13sousel

Figure 2-3: An overview of the visual representation of the Bayesian network inspired by [37]

2-2-3 Predefined set of route possibilities

Besides models determining the route possibilities, many papers consider the route infor-
mation as given because the vehicle is only tested in a small set of traffic scenarios. For
instance, in [8, 12, 12, 17, 18, 21, 23, 24, 30| the possible manoeuvres of surrounding vehicles
are given. A predefined set of manoeuvres is most common for highway driving scenarios.
Another method to gather the route information is considered in [43, 44|, where the vehicle
route possibilities are compared with GPS data. In [48] the motion prediction is applied on a
non-structured road network. Therefore, a set of possible manoeuvres is not defined because
the vehicle is free to move in any direction.

2-3 Block 3: Interaction determination

The block interaction determination is only used in interaction-aware motion models, as shown
in Figure 1-5. The interaction model no longer describes a vehicle as an individual moving
object but as an object with dependencies with other traffic participants [28]. Therefore the
vehicles’” motion is assumed to be influenced by the action of different actors in the traffic
scene. Besides incorporating the dependencies between individual vehicles, resulting in a
better understanding of the traffic scene and more reliable predictions [28]. Despite this,
there are only a few interaction-aware motion models in the literature [28]. This chapter will
mention how different interaction-aware motion models tackle the interaction between the
individual vehicles, starting with an Occupancy Grid Map, followed by two models using the
conflict area differently.
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2-3 Block 3: Interaction determination 11

2-3-1 Occupancy grid map

This section will give a brief explanation of the principle of the Occupancy Grid Map (OGM)
found in the literature ([6, 15, 21, 32, 42]). An OGM presents the space around the ego-
vehicle as individual cells which are free or occupied. The input sensor data determines
the state of the cells. The OGM mainly focuses on static objects and therefore performs
insufficient in dynamic environments. Planning based on the OGM results in uncomfortable
planning requiring frequent correction [31]. The insufficient path planning is due to poor
object detection in a dynamic environment. To ensure the proper object detection Dynamic
Occupancy Grid Maps (DOGMs) are introduced, representing each cell with their occupancy
information combined with their velocity estimates. So each cell contains the probabilistic
occupancy, and velocity estimates [11]. Proper object detection needs to be present to produce
a sufficient grid map to create DOGMs [46]. A DOGM is created in two steps; First, a classical
occupancy grid map is created based on the sensor data. Second, the spatial occupancy and
velocity distribution are estimated by a filter for each cell independently. The output of the
DOGMs is applied to neural networks, mentioned in Section 2-5, as shown in [3, 11, 467 ].
Two advantages of the DOGM avoids the feeding of raw data into the network: First, DOGM
provides a spatial occupancy and velocity distribution based on a velocity covariance matrix
for each cell. Second, the output of a DOGM is not dependent on the type of sensors and
their setup.

2-3-2 Conflict area

Besides the occupancy filter, the most popular method for determining any interaction be-
tween the vehicles is by constructing the possible conflict area between the individual cars
used in [17, 40]. By comparing each vehicle’s set of possible manoeuvres, the conflict area
between the vehicles can be specified. Identifying specific routes intersecting with each other
is based on their centerlines or polygon shapes. The choice between the centerlines and the
polygon shapes depends on the available data. By choosing the polygon intersection, the
model will better understand when inevitable conflict may occur because it will determine
when a lane conflicts with another lane. Whereas the centerline only determines the conflict
between the single centerlines. Figure 2-4 shows a visual representation of both methods in
finding these conflict areas for a 4-way intersection, where yellow shows the conflict areas.
As shown in the figure, the only non-conflict area occurs when vehicle A will turn right.
Otherwise, there will always be some conflict between vehicle A & B.
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Centerlines Polygon shapes

Figure 2-4: a) The left image shows the centerline method. b) The right image shows the
polygon method. The conflict areas are shown in yellow

Once the conflict area is determined, the interaction between the vehicles can be determined
using one of the following methods. The formation tree describes a traffic scenario utilising
the formation of the vehicles in the traffic situation and the expansion by building a formation
tree [39]. While in [17] the interaction is determined by assuming a constant velocity for the
surrounding vehicles in the traffic scenario.

Formation tree

Once the conflict areas are known, the vehicles’ formation at the conflict area is constructed.
The formation of the traffic participants is built based on the distance between the cars or the
vehicle’s distance to the intersection [40]. Figure 2-5 shows an example of such a formation
in a highway-like scenario.

@ Formation
--------------------------------------- —
) @)

Figure 2-5: Determination of the formation in an intersection scenario

Once the current formation is established, the next step is determining the formation tree.
The concept of the formation tree is explained by addressing the highway-like scenario from
Figure 2-5. The formation is constructed by expanding the initial formation based on the
three options for each vehicle; go left, go straight and go right. "These actions do not represent
continuous motion but changes in the relative order” [39]. The expansion of the formation is
checked for their legitimacy following the trimming conditions mentioned in [39]. The expan-
sion repeats itself till the termination formation conditions are satisfied. The two terminate
formation conditions are; all vehicles with different driving directions have passed each other,
and all vehicles are on a lane with their correct driving direction [39]. As can be seen in Fig-
ure 2-6, the expansion using the trimming conditions resulted in three possible termination
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manoeuvres: [}, vehicle B will stay behind A. F5, vehicle B will overtake A when vehicle C
has passed. Fj3, vehicle B will overtake A before vehicle C passes.

Figure 2-6: Full formation tree for a highway scenario [39]

Constant velocity

The last method for considering the interaction between vehicles is considered in [17, 18],
where the possible conflict with other cars influences the ego vehicle’s motion. The model
only determines the conflict of the ego vehicle route with the possible routes of the surrounding
vehicles. Figure 2-7 shows the possible conflict points between the ego vehicle and vehicle 1.
The only data gathered from the other vehicles is the distance to the conflict areas and the
current velocity. So for the scenario of Figure 2-7 the surrounding vehicle has two distances
to the two conflict areas (A & B). The arrival times of car one are calculated assuming a
constant velocity. Therefore the arrival time for car 1 at the conflict points is arrivaltime =
%' Based on the known arrival time of the ego vehicle itself at these conflict
point, the ego vehicle can determine if the vehicles will conflict or not. If the vehicles do
conflict, the trajectory of the ego vehicle will be adjusted. Section 2-4 describes how the
potential conflict areas influence the final trajectory of the ego vehicle.

Figure 2-7: Visual representation of a scenario where the constant velocity model is applied
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2-4 Block 4: Trajectory planning

Trajectory prediction is used to create a trajectory for each possible manoeuvre. The possible
manoeuvres of each car were determined in the previous Sections 2-2 and 2-3. The output
of these sections is a set of possible manoeuvres without any information on how a specific
manoeuvre is executed. Trajectory planning is a vast and complicated subject. To restrict
the search area for the trajectory planner, the planner needs to be quick, smooth and does
not have to be very accurate because the planner only makes a predicted path. By keeping
this constraint in mind, the following trajectory planners are found in the literature; At first,
the Constant Yaw Rate and Acceleration model [14], where the future position of a vehicle is
calculated by assuming that the yaw rate and acceleration remain constant during an itera-
tion, while not considering the infrastructure layout. Secondly, creating a path based on the
longitudinal and lateral jerk optimisation in the Frénet-Frame [51]. Followed by the methods
using the principle of separating the longitudinal and lateral components to determine the
total cost function by optimising the cost function based on the control inputs and deviation
to the desired velocities and position [39]. Fourth, the path-velocity decomposition (PVD)
is explained [16]. The PVD assumes a vehicle will follow the centerline and determine the
velocity profile. Finally, a constrained acceleration model is introduced, determining the ac-
celeration boundaries at each iteration, assuming the vehicle will follow the centerline [40].
The output is combined to determine the probabilities between the manoeuvres of each actor.

2-4-1 Constant yaw rate and acceleration

Constant yaw rate and acceleration (CYRA, also known as CTRA) is used in physics-based
motion models [14]. Therefore the model does not consider the map information for the
motion prediction. So the vehicle is represented as a dynamic object, using dynamic and
kinematic models. "The prediction is completed by linking the control inputs (e.g. yaw rate,
acceleration), car properties (e.g. length of the vehicle) and external conditions (e.g. friction
with the road surface) to predict the future state of the vehicle (e.g. wvelocity, heading and
position)"[28]. The future state of the vehicle is determined as follows, with the state vector

described as Z(t) = ( x y 0 v a w )T, with x & y being the world coordinates, 6
the heading, v the velocity, a the acceleration, w the yaw rate and 7' the time step. These
state variables determine the future position in x— & y—coordinates as follows; Ax(T) =
é[(v(t}w + awT)sin(0(t) + wT) + acos((t) + wT) — v(t)wsin O(t) — acosO(t)] and Ay(T) =
H(—v(t)w — awT) cos(0(t) + wT') + asin(f(t) + wT) + v(t)w cos O(t) — asin 6(t)] [13, 14]. As
shown in the equations, does the CYRA prediction model assume that the yaw rate and
acceleration of the vehicle remain constant during one time step T. Due to the variables

staying constant, the CYRA model is only suitable for physics-based motion models.

2-4-2 Trajectory planning in the Frenét-Frame

A trajectory planner which can quickly calculate a consistent, smooth trajectory (no over-
shoot) within a short time is crucial for a motion prediction model. A smooth trajectory needs
to be jerk optimal because the jerk directly affects the comfort of a trajectory. In [45] was
determined that a quintic polynomial will create a jerk-optimal connection between the start
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and end state of a certain trajectory, the polynomial is 2(t) = ag+a1t+ast?+ast+ast* +ast®
and y(t) = by + byt + bat® + bt + byt? + b5t5. Based on the quintic polynomials, the papers
[50, 51] introduced a new method for determining a trajectory within a short iteration time.
The method will determine the optimal trajectory in the Frénet-Frame (shown in Figure 2-8).
A Frenét-Frame is a special form of the Euclidean group. Instead of using the Cartesian co-
ordinates for formulating the trajectory, the model will change to a dynamic reference frame
and generates a one-dimensional trajectory for both the longitudinal and lateral position [33].
As a result, the Frénet-Frame assumes that the centerline of a lane is the reference line. The
Frenet-frame is chosen because a human driver will also plan its trajectory using the centerline
as a reference. The optimal trajectory in the Frenet-Frame is based on the separation of the
coordinate system to the lateral (s) and longitudinal (d) coordinates, shown in Figure 2-8.
The figure shows that the s component is focused on the longitudinal direction while d will
reduce the lateral offset to the centerline of a lane.

1
1

1
1

1

1

1

1

Trajectory

Centerline

Figure 2-8: Trajectory in the Frenét-Frame, with d being the lateral deviation and s the longi-
tudinal position on the centerline perpendicular to the trajectory line

The lateral component of each trajectory is calculated separately from the longitudinal com-
ponent to ensure a quick calculation time. The lateral part (d) is calculated with a quintic
polynomial, while the longitudinal component (s) is calculated using a quartic polynomial.
The quintic polynomial will determine a trajectory to reduce the lateral offset to zero (d = 0)
or when the vehicle is parallel to the centerline. The longitudinal component (s) of the tra-
jectory is calculated using a quartic polynomial. It can be assumed that the lateral segment
is constant (the vehicle is parallel or on the centerline of the road). The model will find
the jerk optimal trajectory for the longitudinal and lateral components, constrained by time.
Several methods can be found in the literature to determine the local optimum between these
trajectories. This section will introduce four methods for determining the optimal trajectory
based on the optimisation in the Frénet-Frame described above. These four methods were
chosen because they can create a smooth trajectory in a short computation time, which is
crucial for trajectory planning. At first, optimization by splitting the lateral and longitudinal
trajectories. Secondly, by using the acceleration to determine the lowest cost trajectory. Here-
after, the path-velocity decomposition method assuming d = 0, resulting in a one-dimensional
trajectory optimization problem. Finally, the acceleration model computes the acceleration
boundaries, assuming the vehicle will follow the centerline.
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Lateral and longitudinal trajectory optimization

This section will explain the lateral and longitudinal trajectory optimisation method using a
weighted sum on the separate cost functions [51]. The cost function for the lateral movement
is defined as Cy = kjJi(d(t)) + kT + kqd?, based on J the jerk, T duration time and d
the deviation from the desired lateral position (also seen in Figure 2-8). The longitudinal
movement is divided into three types of scenarios; following scenario, merging & stopping
scenario and velocity keeping scenario. The general cost function for the following, merging
& stopping scenarios is defined as Cy = kjJy + kT + ks [s1 — sd]z. Each of the two scenarios
has its target position sy for the general cost function. For the following scenario, the target
position is a moving point, so the desired position is determined by a minimum safety distance
between the leading and following vehicle. While at a merging & stopping scenario, the target
position is a specific predefined position. The velocity keeping scenario occurs when the vehicle
is driving independently with no direct vehicles ahead. Therefore the car will have a constant
desired velocity instead of a target position.

Eventually, the cost function of the longitudinal and lateral component are combined to create
the total cost of each trajectory. The total cost is calculated by a weighted sum formula
Ciot = k1atClat + K10nClon, where the weight factors need to be chosen for an optimal result.
By doing so, the method described in [51] & [50] will find the jerk optimal trajectory in the
Frénet-Frame. Also, will the trajectory be consistent and will result in no overshoot. Due
to the Frenet-Frame, the model cannot handle high curvatures in the road. Therefore the
separation of longitudinal and lateral optimisation in the Frénet-Frame will only be suitable
for highway scenarios, where the curvature is low. So the model can handle overtaking,
following and stopping scenarios but cannot handle urban scenarios.

Double integrator

This section will explain a trajectory planner using an acceleration based cost function. The
states for optimisation are assumed to be the control inputs of the vehicle v" = [a?, ag]T
where the as is longitudinal and ag lateral acceleration [39]. These variables can be directly
influenced by the driver and are therefore chosen as the optimization inputs. The accelerations
are limited by the sideslip angle 8 = arctan(vg/vs) due to the nonholonomic properties of
a vehicle. By separating the longitudinal and lateral components the cost function for each
of these components are based on the deviation of the current state of the vehicle from

)

the reference state; Az} = a7 — 2"/ (with n a certain maneuver and k an iteration step),
with the reference state given as a™"ef = [smref ynref gnref UZ’Tef]T. By calculating the

difference between the current state and the reference state, the cost function is as follows for
T
the lateral and longitudinal component; J? = K | (Aw?k) Qi Az, + 25:_01 ug p Rsug

and J} = Zle (Amgykf— QZAiﬂg,k + 25;01 Ug p Raug , with Q the state weighting matrices
Q! = diag(0,w) and Q) = diag(w,w/2) and R the control inputs weights R? = w and
R} = w/2. Where w = 1+ (y — 1)p with right of way (p = 1) or not (p = 0) and v
how strong the drivers weight the traffic rules. The cost function for the lateral (J}) and
longitudinal (J7') component will be optimized by quadratic programming. Eventually the
combined cost function is calculated by combining the lateral and longitudinal components
Tit, = Tt Tina
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Path-velocity decomposition

The path-velocity decomposition (PVD) is used in [16-18] and was introduced in [20], "in
which a specific manoeuvre of a vehicle is calculated in the one-dimensional direction, the
longitudinal direction only" [7]. The (PVD) uses the same principle mentioned in the previous
sections, where it calculates its prediction based on the Frenet-Frame. Each vehicle has a set of
possible goal positions placed on each possible exit lane centre. Therefore the model assumes
that a vehicle will follow the centerline of a lane for each possible manoeuvre, so the lateral
deviation is assumed to be zero (d = 0). The model will calculate the cost for each velocity
profile based on the possible routes. The movement of the vehicle is described by equation
2-1, with the bounded velocity § € [0, Vyax] With v, being a function of the curvature and
the bounded acceleration u € [amin, Gmax] known as the input.

pRBE

Along each path, a finite set of possible events can occupy the future path divided into two
classes; dynamic (Ep) or static (Eg) events. A dynamic event occurs when another car
crosses its path. The static event can be described as a traffic light or parked car. The
vehicle should never collide with these events. In addition, traffic laws are also imposed
along the road and limit the input and velocity. The goal of the PVD is to find the local
optimum for each manoeuvre. The local optimum is found based on a velocity-dependent cost
function. The cost function is a combination of three individual costs. At first, the cost for
the desired velocity (cy ). Hereafter, the cost for events (cg); dynamic (Ep) and static (Eg)
events. The cost function for a static event is infinity to prevent the vehicle from colliding
with the object. The dynamic event occupies an area for a certain amount of time, know as
the temporal-spatial cost map. Both the static and dynamic cost functions are combined to
calculate the total cost of events (cg). Finally, the cost of action (c4) is added to the total
cost function. The cost of action is calculated by quadratically punishing the acceleration of
a certain path. By punishing the acceleration quadratically, the driver’s comfort is increased
because the acceleration directly affects the comfort of a certain trajectory. Combining all the
cost functions mentioned above results in ¢ (24, a, z;+1, E) = ¢y (zi41)+cala)+ceg (zi, xip1, E)
will find the local optimum for each path. The PVD has only been used in intersection
scenarios, where no overtaking is considered.

+ (1] 1 u (2-1)
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Bounded acceleration model

In [40] the action model is given as @ = [a, §], where the acceleration a and heading rate 6
are important control parameters. The acceleration is constrained by many factors; vehicle
dynamics, speed limit, preceding vehicle, road curvature and conflicting agent [40]. The range
of these constraints is given in Table 2-2.

Influence Features Action Range
vehicle dynamics — ‘ la Ln&n7 ayg™]
speed limit (ivmn,vhl'n,l)Z [—00, atphi]
preceding agent V¥ dP,oP,v" [—00, afisRy] (2-2)
road curvature dp,p, v’ [—00, agiitve ]
ConﬂiCting agent Ve X ‘ entry 7dex1t Ve, ] [af%lx?f ) CH(I)%)E]
dyleld ) dentry ) dex1t 77}2

The trajectory planner described in [40] will determine the predicted acceleration of a vehicle
assuming the vehicle is travelling on the centerline of a lane and determining all the con-
straints from Table 2-2. The maximum acceleration a7}, is calculated using the intelligent
driver model (IDM) introduced in [47]. The IDM formula has several advantages and is used
to calculate the maximum acceleration. First, it is accident-free because it is dependent on
the relative velocity. Secondly, the model parameters of the IDM can be empirically mea-
sured and have an expected magnitude [29]. Finally, the stability can be easily calibrated
to the data and allows for fast simulations. The formula for the maximum acceleration is
primarily designed for highway scenarios, where the road’s curvature is not considered. The
allowable velocity needs to be dependent on the road curvature v, = \/pafie* to ensure that

the model is applicable in urban scenarios. By incorporating the velocity constraint the max-

. . . . —20+ATbg+/4vATby+AT?b2 —8bqd,+4v2
imum acceleration formula is changed to avmpazl‘p =a= aty/ 5 AdT R AN

with minimum spacing dg, desired headway time T,, comfortable acceleration a4, braking
deceleration bg. Using the centerline information, the model assumes that each vehicle will
remain on the centerline of a lane during each traffic scene, resulting in a one-dimensional
trajectory planner. Therefore the method is only used in intersection scenarios, where over-
taking is not considered. The final acceleration will lay within the acceleration constraints
mentioned in Table 2-2, assuming that a vehicle will always leave the traffic scene as fast as
possible.
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2-5 Block 5: Manoeuvre estimation

Manoeuvre estimation is used to create a probability density for the possible manoeuvres,
based on the calculated trajectories in the previous Section 2-4. The manoeuvre probabilities
are constructed following specific methods found in the literature. This chapter introduces the
most relevant techniques. At first, the interaction multiple model (IMM) will be described,
used in [39]. Here the probability of a specific manoeuvre is calculated using multiple filters.
Second, the cost function probabilities are explained. The lowest optimal cost is based on a
single measurement. The lowest optimal cost gradient is based on the current and previous
measurement. Finally, this section introduces two networks; a Bayesian network and a neural
network.

2-5-1 Interacting multiple model filter

In the paper, [39] the model uses an interacting multiple model (IMM) estimator to determine
the probabilities between the manoeuvres. The IMM determines the future trajectory of
vehicles by combining separate filters. An IMM filter contains four steps; Interaction, filtering,
update and combination. In the first step, interaction, the initial values received from the
sensors will be calculated for the filtering step. The filtering step executes separate filtering
for each model to create a prediction. Primarily a Kalman filter is used in this step. Hereafter,
the models’ probabilities are updated and eventually combined and sent to the interaction
step to finish an IMM cycle [41]. The IMM model is widely used in the literature because it
incorporates both kinematic and dynamic models of the vehicles [19]. Figure 2-9 will create
a better understanding of an IMM filter by addressing the steps shown in the figure. Step
one and two separates and filters the measurement data (velocity, turning and acceleration).
Hereafter, the model predicts the future state of each separated measurement data. Step
four, calculates the combined future state by blending the different predictions based on their
model likelihood. Step five, the final combined prediction, is compared with each filter’s
outputs to determine the covariance of each filter. Finally, the covariance of each filter is used
to determine the new likelihood between the filters for the next prediction step. The filter
repeats the described steps above at each iteration step.

The IMM estimator takes a long assessment time because it has to wait for the computation
of each filter at each time step. The main advantage of the IMM filter is that the estimator
allows random changes between models, which matches the behaviour of many real-world
driving scenarios.
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Figure 2-9: Visual representation of each step of the IMM filter

2-5-2 Cost-function probability

Cost-function probability calculation is used in [49], where the cost function of different
manoeuvres are compared with each other. The cost functions were determined in the previous
building block, mentioned in Section 2-4. The actual probability is calculated by determining
the percentage a certain trajectory has compared to the total cost function. The higher the
cost function of a certain trajectory, the lower the probability of that specific manoeuvre will
be and vice versa. The determination of the probability based on the cost-functions can be
used in two ways; lowest optimal cost J3, (k) [39] or lowest optimal cost-gradient AJy, (k) =
Jis, (k) — 3. (k — 1) [39]. The lowest optimal cost gradient produces the probabilities based
on two measurements, the current measurement and the previous measurement. Instead of
the optimal cost method, only uses the current measurement.

2-5-3 Networks

In the literature, different networks are used to determine the manoeuvre probabilities. These
networks can be divided into three concepts; (Dynamic) Bayesian networks (DBN) and Hidden
Markov Models (HMM), and neural networks (NN). This section highlights two of these
networks: the Bayesian network and the neural networks.
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(Dynamic) Bayesian networks

(Dynamic) Bayesian networks (DBN) are broadly used in the literature as mentioned in
Section 2-2. There are two types of Bayesian networks; Bayesian network and Dynamic
Bayesian network. Dynamic Bayesian networks are used for modelling time series. "For
time series it is assumed that an event can cause another event in the future, but not vice-
versa. This assumption simplifies the design of a Bayesian network because all arcs move
forward in time" [9]. This section will explain the Bayesian network of Section 2-2. The
probability assessment of the Bayesian network is divided into two environments; dynamic
and static environments [37]. In dynamic environments, the general equations [5] are adapted
to determine if the ego-vehicle will collide with any vehicle V; in the prediction horizon.
The joint density of the surrounding vehicles configuration for all future time steps needs to
be calculated to determine where in the future certain vehicles may collide with each other
based on their configuration at a particular time step. The combined density of the vehicles
based on the configurations and the independent trajectories of all vehicles are combined.
For static environments, the network uses another method for determining the probability
of collision. A static environment only contains the ego vehicle as a moving object in the
environment. Two methods can determine the free space for the ego vehicle; Occupancy Grid
Map (OGM) described in Section 2-3-1 and building a Parametric Free Space (PFS) [35] map
representation. The PFS has the main advantage that the current map is shortly outlined,
easily extracted, and provides a compact representation of the reachable, drivable free space.
The PFS is combined in a so-called B-spline curve. An example of a PFS map with the
corresponding B-spline curve is shown in Figure 2-10, with the red lines being boundaries and
the yellow lines are unknown boundaries. The PFS will remain constant during the prediction
horizon if the static environment does not change.

NN
L y—>
XX

N

Figure 2-10: The red line shows the obstacle boundaries of the surrounding environment, the
orange lines show the unknown boundaries [35]

A probability function is created to determine the probability of the ego vehicle colliding with
the static map. The probability function will check if the ego vehicles’ rectangle shape will
intersect with the B-spline curve. Eventually, the total probability of the ego vehicle colliding
with a static or dynamic object will be calculated by combining both probability functions.
To determine each of the individual probabilities for the dynamic and static environments,
the network uses a Monte Carlo simulation. The probability will be used to determine the
TTCCP = min(Tp(Cx(Tp)) > CCP)-T (Time-To-Critical-Collision-Probability), with CCP
being the Critical Collision Probability. This Bayesian network mainly focuses on determining
the probability of the ego vehicle colliding with a dynamic or static object.
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Neural networks

The literature also provides several examples using a neural network instead of a Bayesian
network. The papers using a neural network are [4, 8, 15]. A neural network is built to ensure
a network that works similar to the human brain. A neural network uses large data sets to
train the human-like network. A neural network is constructed by three layers; the input
layer, the hidden layer and the output layer. Figure 2-11 shows a visual representation of
such a network. The first step of a neural network is to transition and process the input data
so the network can efficiently process it. When the data is sent from the input layer to the
hidden layer, certain weights (wi234) are added to the input values. Once the weights are
added to the input data, an activation function will determine if a particular bias (b) should
be activated. The biases are added to the multiplication of the input data and the weights.
Finally, the data will be sent to the output, where the probability between the manoeuvres
will be given. By comparing the output of the network and the actual output the network
checks if the neural network is working correctly. If the network does not operate as it is
supposed to, the network will use backpropagation to adjust the biases and weights of the
links to improve the network and minimize the error.

Input Hidden layer Output

g\ Q /
f //X ﬁ\ /

Figure 2-11: A visual representation of a neural network
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2-6 Summary

This chapter briefly explained several methods found in the literature for each building block.
As mentioned in Section 1-2, the interaction-aware motion model contains five building blocks,
and therefore each of these blocks was mentioned in this chapter to make a considered choice
in the next chapter.

At first, the measurements block. This block determines and collects the state information
of the surrounding vehicles and the ego vehicle for the motion prediction model. The mainly
used state information are position and velocity. Additionally, the acceleration and yaw rate
are added in some papers.

Block two gathers the route possibilities of the surrounding vehicles based on their current
lane position. The breadth-first method determines the future lanes by the successor lane
information of each lane in the scenario. The networks will also find the route possibilities
based on the current lane. Other methods in the literature use a predefined set of possibilities
for each vehicle.

In the third block the model determines the possible conflict points and interaction in the
block interaction determination based on the route possibilities. This block contains two
main methods; occupancy grid map and conflict areas. The occupancy map divides a map
into cells, where each cell holds a probability of being occupied or free. The conflict areas
method is divided into two approaches; the formation tree and the constant velocity model.
The formation tree builds a tree based on all possible order changes for the vehicles in traffic
scenario. The constant velocity model assumes that a vehicle will continue on the centerline
with a constant velocity till the conflict point. Once the data is gathered in block one, the
route possibilities in block two, and the interaction determination in block three, the data
from these blocks are combined in the block trajectory planning.

Trajectory planning is a vast subject in the literature, so only the methods that can rapidly
create a smooth trajectory are mentioned. First, the constant yaw rate and acceleration
model is introduced, which only works for physics-based motion models. It assumes con-
stant acceleration and yaw rate during a time step and does not consider the infrastructure.
Secondly, the trajectory planning in the Frenét-Frame contains four different methods using
this principle. At first, the lateral and longitudinal separated trajectory optimization. The
separation ensures a smooth trajectory within a short processing time. Hereafter, the double
integrator method optimizes the cost of acceleration of the trajectory because a human driver
directly affects the acceleration of a vehicle. The path-velocity decomposition assumes the
vehicle will drive on the centerline of a lane, resulting in a one-dimensional problem. The
trajectory is determined by finding the lowest cost for avoiding static and dynamic obstacles.
At last, the bounded acceleration model determines the trajectory of the ego vehicle based
on five aspects that bound the vehicle’s acceleration.

Eventually, block five, manoeuvre estimation, determines the probability between the several
trajectories of each vehicle. The literature introduces several methods for determining these
probabilities, integrating multiple model filter, cost function probability, and networks. The
IMM filter uses separate filters for each vehicle state and updates the filter based on their
covariance. The cost function probability determines the cost of a trajectory compared to
the cost of other trajectories to find the probability of a specific trajectory. The networks are
split into Bayesian networks and neural networks. The networks are trained on big data sets
to determine their weights and biases.
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Chapter 3

Chosen model

Since a motion prediction model is built using the building blocks shown in Figure 3-1, this
chapter will conclude which method should be chosen for each building block. To do so,
first, the level of motion prediction have to be selected. The choice between the three levels
of motion prediction models, the physics-based motion model, the manoeuvre-based motion
model and the interaction-aware motion model, will determine the number of building blocks
considered in this chapter. To choose the level of motion prediction, the application in which
2getthere will apply the motion prediction model is essential.

Levels of motion prediction models

A esed

Measurements Measurements Measurements
Route information Route information
a
2
i Interaction determination
Trajectory planning Trajectory planning Trajectory planning
Maneuver estimation Manoeuvre estimation

Figure 3-1: Overview of the building blocks in motion prediction

Currently, the GRT of 2getthere is driving on a segregated infrastructure. Still, they aim to
operate their vehicle in mixed traffic scenarios. Therefore, the GRT must create a collision-free
smooth path. The prediction model will predict the motion of the vehicles up to 2 seconds,
because for this horizon the prediction will be accurate and the GRT can still react on it. To
make such a prediction, the GRT has to consider the infrastructure (e.g. layout, traffic lights
and traffic rules) and the movement of the surrounding vehicles. The infrastructure data will
be provided using OpenDrive [1] and converted to a lanelet format [2, 34], where the lanes will
be constructed as polygons with lane properties and successor & predecessor lane information.
The surrounding vehicles will be detected using the sensors on the GRT itself. These sensors
can determine the velocity (absolute velocity and direction of the velocity) and the position
with respect to the GRT. The physics-based motion models will not be considered because a
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physics-based motion model is only suitable for short time horizons (up to 1 second) and has
a slow adaption rate. Therefore, a decision must be made between a manoeuvre-based motion
model or an interaction-aware motion model. These motion models are very similar to each
other, besides the fact that an interaction-aware model extends a manoeuvre-based model by
adding the interactions between the individual vehicles resulting in a better understanding of
the traffic situation, more reliable and improved motion prediction [28]. In [40] both motion
models are compared based on two intersection scenarios. This comparison concludes that
the interaction-aware motion model outperforms the manoeuvre-based motion model when
specific conflicts occur. The interaction model has a less fluctuating result and has a minor
error in these conflict scenarios. Therefore should the motion prediction consider all vehicles
in the traffic scenario to create a reliable prediction. In everyday traffic, the movement of
one vehicle will influence the behaviour of another vehicle. Therefore, an interaction-aware
motion model is the best choice for this problem statement. The choice for the interaction
motion model results in a choice for all blocks shown in Figure 3-2. The chosen models for
each block are influenced by limitations of 2getthere (Section 1-3). Therefore, in some cases,
not the best method is selected, but the best choice for the 2getthere application.

Interaction-aware

Measurements

Route information

Steps

Interaction determination
Trajectory planning

Manoeuvre estimation

Figure 3-2: Building blocks used for an interaction-aware motion prediction model

This Chapter will address each of the building blocks one by one. For each building block,
the choice for a specific method is justified by discussing the several methods and making the
best choice for the 2getthere application. Hereafter, an explanation of the chosen method for
each building block is given. At the end, this chapter will be summarized.
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3-1 Block 1: Measurements

This section will address the choices made for building block 1, measurements. A choice is
made on the variables used for creating the motion model and how the model collects these
variables. It is essential to determine which state variables will be available at 2getthere. The
choices are limited to the limitations of 2getthere as mentioned in Section 1-3.

3-1-1 Method choice

At 2getthere, the state of surrounding vehicles is determined using sensors on the GRT. The
GRT is equipped with short- and long-range radars, cameras and LiDARs creating a field
of view shown in Figure 3-3. The figure shows that the GRT has a 360-degree close-range
coverage (40 - 60 meters) and long-range radars at the corners, front and back of the GRT.
The LiDAR and cameras are placed on the roof of the GRT and will create an additional
short-range coverage. Due to the use of radar for the long-range sensors, the GRT will only
be able to gather the following state information of a surrounding vehicle:

¢ Position, x- & y-coordinates, with respect to the GRT.
o Velocity, the magnitude of the velocity, in m/s.

¢ Heading, is found due to the nonholonomic properties of a vehicle, in rad.

Figure 3-3: The radar layout on the GRT, with the long and short range sensors.

3-1-2 Detailed description

This thesis is focused on creating a motion prediction model for the surrounding vehicles
of the GRT. Therefore the state variables of the surrounding vehicle are considered to be
given. It is only essential to establish which state variables will be available. The available
state information is given in the section above. So the position, velocity, and heading of
the surrounding vehicles are given in world coordinates, and the GRT has acceleration as
an additional state input. It would be preferred to have the acceleration of the surrounding
vehicles because this will result in a better performing motion model. Nevertheless, this is
currently not considered in the model.
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3-2 Block 2: Route possibilities

This section is dedicated to block number two; route possibilities. Due to the choice for an
interaction-aware motion model, the model needs to know the route possibilities of the ego
vehicle and the surrounding vehicles to determine their interaction in block three. The choice
for the method for determining the route possibilities is explained in the next section, followed
by a detailed description of the method.

3-2-1 Method choice

Several methods for determining route possibilities were introduced in Section 2-2; breadth-
first method, Bayesian/neural networks and a predefined set of given route possibilities. The
available map data at 2getthere will influence the choice for the selected model. 2getthere
will supply the map data in a lanelet format [2, 34]. The lanelet structure defines each lanes’
shape as a polygon. Besides holding information about the shape of a lanelet, it will also
contain information about the driving direction and the connecting lanelets. The connection
lanelets contain two categories; predecessors and successors. The names suggest a predecessor,
already passed, while a successor is a possible future road section. The breadth-first method
is less complex to implement than a network, and the start transition parameters of a network
do not have to be determined beforehand. Therefore the most significant advantage of the
breadth-first method is that it does not need data sets for training and construction. So,
therefore, the breadth-first method is chosen as the desired method.

3-2-2 Detailed description

Figure 3-4 shows an example of a vehicle approaching a T-junction. It shows that it finds
the next possible successor lane(s) for each step in the horizon based on a vehicle’s current
position, which was determined in the previous building block. The position of a vehicle
will determine on which lane a vehicle is driving. Due to the lanelet format, each lane has
information about its successors for that specific lane. Figure 3-4 found the current lanelet
in the left graph. Secondly, the breadth-first method will determine the possible connection
lanes on the intersection based on the current lane of the vehicle, resulting in two options;
turn right or left. Finally, the final road sections, also known as goal lanes, correspond to the
two route options. Eventually, combining these results will result in a total of two possible
manoeuvres up to the prediction horizon ({z) for this specific vehicle; a right or left turn.

I I
| 1
1 1
1 1
1 1
1 1
| 1
| 1
I 1
| 1
1 1
| 1
1 1

Figure 3-4: The breadth-first method used at a T-junction, with the possible routes shown in
green up to the specified horizon ly. [40]
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3-3 Block 3: Interaction determination

The block of interaction determination is also considered in the block choices by selecting
an interaction-aware motion model. Interaction determination is essential for creating a
realistic and reliable motion prediction. It will create a motion model closest to human driving
behaviour. This accurate and reliable motion prediction originates from incorporating the
motion of the surrounding vehicles. Therefore the model can adapt quickly to the changing
environment, resulting in a better understanding of the traffic scenario. The following section
describes the chosen model, followed by a detailed description of the chosen method.

3-3-1 Method choice

As mentioned in Section 2-3 does the interaction determination block no longer describe a
vehicle as an individual moving object, but as an object which has dependencies with other
traffic participants [28]. Although interaction-aware motion models are not broadly used in
the literature, there were three methods found in the literature for taking these dependencies
into account; conflict areas using a formation tree, conflict areas using constant velocity and
the occupancy of a specific lane. The formation tree focuses on the dependencies between
the surrounding vehicles, while the constant velocity and occupancy filter are focused on
predicting the ego-vehicle motion based on a possible conflict. The occupancy filter only
indicates if a certain lane is accessible based on the occupancy of that lane. In comparison,
the constant velocity model assumes a constant velocity for the surrounding vehicle until the
intersection point. This literature study aims to find the best suitable motion prediction
model for the surrounding vehicles of the GRT. Therefore the formation tree is the best
option compared to the other two methods, although the formation tree is the most extensive
method of the three.

3-3-2 Detailed description

This section will elaborate on the chosen method for determining the interaction between
the vehicles in the traffic scenario. The chosen model will work on the same concept as
the formation tree described in section 2-3. The first step of the model is to gather all the
previous information; the state information, and the route possibilities of each vehicle in the
current traffic scenario. The ego vehicles’ route options are also considered because they
will influence the behaviour of the other vehicles in the traffic scenario as well. Figure 3-5
shows the possible route options of car A & B. Car A can go left or right, and car B can
either go straight or left. The second step is to determine the possible conflict zones between
the individual route possibilities based on that information. The conflict areas between the
vehicles in the traffic scene can be found by utilizing the lanelet format. The lanelet format
presents a lane as a polygon. The polygon shape of each possible route is used to determine
intersections between the individual route polygons of the vehicles in traffic scenario. Figure
3-5 two conflict zones were found by finding the intersection of the polygon shapes of both
vehicles. The intersection between the shapes was found for two routes. In the yellow zone
the conflict zone between car A & B is found. If car A is turning left, and car B is turning
left, and when car A turns left, and car B goes straight. If car A takes a right turn, there is
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no intersection between the right turn and the polygon shapes for the route possibilities of
vehicle B.
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Figure 3-5: The conflict zone between vehicle A & B, based on the polyshapes of the lanes

Once the conflict zones are established, the model will built a formation tree for the specific
traffic scenario. The manoeuvre tree for the T-junction scenario is shown in Figure 3-6 with
all possible routes and a branch for each possible combination of routes. The manoeuvre tree
is built by assuming that a manoeuvre passes the conflict area. Therefore, each vehicle in
this scenario has two route options, resulting in a manoeuvre tree with four branches, with
two branches (branch 1 & branch 2) representing the conflict areas. If such a conflict area is
found, the model determines all possible passing orders of the conflict area for that branch.
The possible passing orders for the T-junction scenario are also shown on the right of Figure
3-6.

Branch 1:
* {carA, carB}
« {car B, car A}

Branch 2:
¢ {carA, carB}
« {car B, car A}

Left —

® B
Straig‘w

—__ Right

® B
Straigm

Branch 3:
* {carA, car B}

Branch 4:
« {carA, carB}

Car A: Left
Car B: Straight

Car A: Left
Car B: Left

Car A: Right
Car B: Straight

Car A: Right
Car B: Left

Branch 1

Branch 2

Branch 3

Branch 4

Figure 3-6: The manoeuvre tree shown on the left and the corresponding branches shown on
the right for the T-junction scenario

The figure shows that for branch 3 & 4 there is only one manoeuvre due to the lack of conflict
between the vehicles if they will execute these routes. Therefore, branch 1 & 2 have two
possible options; first car A or B, followed by the other vehicle. The passing order determines
which vehicle will have to adapt its motion to the other vehicle if any conflict is occurring. In
Figure 3-7 a visual representation of the way the branches are constructed using the principle
of the formation tree, mentioned in Section 2-3. So if there is no conflict area between the
manoeuvres in the traffic scenario, neither vehicle has to adapt its trajectory. The calculation
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of a possible conflict using the trajectories will be discussed in the next section. Due to the
concept of reviewing all possible passing orders for a traffic scenario, the model can be applied
in any traffic situation. Currently, the traffic rules are not considered because they will limit
the possible passing orders. The traffic rules could be considered in the model as a constraint
or added as an additional penalty on the cost function.

End state End state
Branch 4 Branch 3
X .
,,,,,,,, Bgoesfist . Agoesfirst
|
Branch 2 Branch 4
Start position
’ |
Branch 1 Branch 1
CeJ]Ca) AJ|Cs
[ |
Branch 3 | Branch 2
H
CAD)

Figure 3-7: The formation tree based on the T-junction scenario. The start situation is shown
in the middle. The scenario progresses towards the left and right depending on the vehicle that
passes the conflict area first. The final states are shown on the left and right hand sides.

3-4 Block 4: Trajectory planning

This section will discuss the fourth building block, trajectory planning. Trajectory planning
calculates the predicted trajectory for each manoeuvre of every vehicle in the traffic scenario
found in Section 3-3. The calculation of a trajectory is a vast subject in the literature, as
shown in Section 2-4. The following section will describe the best method for the 2getthere
application by comparing the literature. Hereafter, the chosen method will be broadly ex-
plained.

3-4-1 Method choice

This section will give a brief discussion on the chosen method. The choice is based on the
methods introduced in Section 2-4. At first, the CYRA model is straightforward to implement
compared to the other methods. However, the model does not consider the infrastructure
layout and is only suitable for short prediction horizons (up to 1 second). Therefore the
CYRA model is unsuitable for 2getthere because a long prediction horizon is desired while
considering the infrastructure. Section 2-4 mentioned several methods using the principle of
trajectory planning in the Frénet-Frame. The advantage of separating the longitudinal and
lateral motion in the Frénet-Frame is that it assures that the trajectory can be calculated in a
short processing time with temporal consistency, with no overshoot if the vehicle will perfectly
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follow the trajectory. Due to the separation in the Frénet-Frame, the model is sensitive to
curvature in the road segment if there is lateral deviation. The sensitivity to road curvatures
is not desired in intersection scenarios because a high curvature is typical in intersection
scenarios. Therefore the trajectory planner with lateral and longitudinal optimisation in the
Frénet-Frame should be used for highway scenarios. This thesis assumes that a vehicle will
follow the centerline of a lane when approaching and driving at the intersection. Therefore
the lateral deviation is zero, resulting in a one-dimensional trajectory planner. Section 2-4
mentioned two methods for one-dimensional trajectory planning; path-velocity decomposition
and bounded acceleration model. The sensors at 2getthere cannot measure the acceleration of
the surrounding vehicles and therefore is the path-velocity decomposition the desired method.
The path-velocity decomposition will find the optimal one-dimensional trajectory for each
vehicle by using the principle of the quintic polynomial to ensure a jerk optimal velocity
profile. The following subsection will explain how the method is used in the model.

3-4-2 Detailed description

This section will elaborate on the chosen method for the trajectory planning. As input, the
model uses all previous building blocks: measurements, route possibilities and interaction
determination. The model uses the principle of trajectory optimization in the Frenet-Frame
by assuming a vehicle will follow the centerline of a lane (lateral deviation is zero) [51]. The
trajectory is calculated from the initial state Fy = (so, S0, $0) to the final state Fy = (s1, 51, 81)
in the Frénet-Frame, where s is the longitudinal position, § the longitudinal velocity and §
the longitudinal acceleration [13, 14]. The jerk optimal trajectory is found using a quintic
polynomial, guaranteeing a jerk continuous unique solution [45, 50, 52]. There are four types
of trajectories that need to be calculated for each vehicle; no conflict trajectory, merging
behind trajectory, merging in front trajectory, and the vehicle following trajectory. Each of
the four trajectories is solely based on the polynomial for position s, because lateral deviation
is zero. The polynomial is defined as;z(t) = c5 * > + cy * t* +e3 %13+ coxt? + c1 %t + co. The
coefficients are obtained by solving Equation 3-1. The type of trajectory will influence the
given state information (so, So, S0, 51, $1,§1). The given state information will be mentioned
in the sections below in order to solve the coefficients, with different states for each type of
trajectory.

oty ot ot cs 50

T S - - B A N | cs 51

Sty 4td 3t 2t 1 0 es || S0 (3-1)
5t 43 32 2t 1 0 2 | | &

20t3 123 6t; 2 0 0 1 30
L2063 12t2 6tF 2 0 0] leo] L&l

Due to the consideration of centerline following is the state information of s changed to; s = «,
$ = v, and § = a. The calculated velocity profiles are constrained by the comfortable range for
the acceleration and jerk domain; |amez| < 3 and |maez| < 3. Also is assumed that a vehicle
will not exceed the v, of a certain road section. The comfort of driving constrains the v,,qz-
The trajectory calculation will be executed one by one for the vehicles in the scenario. So
the trajectories for the first and no conflict vehicles will be calculated at first, followed by the
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second vehicle, then the third car and so on. Calculating one vehicle after the other ensures
that the vehicles will adapt their trajectory based on the trajectory of the previous vehicles
in the scenario and ensure no conflict.

No conflict trajectory

At first, the no conflict trajectory will be calculated. The no conflict trajectory is first
calculated for each vehicle in the traffic scenario to determine if certain vehicles will intersect
at their conflict area. The existence of conflict is found by comparing their arrival times at the
conflict area (t; = t;n, + %), with t; the arrival time at the conflict area, t;, the arrival
time to start of the intersection, L ., f1ic¢ the distance from the start of the intersection to the
conflict area, and v, the maximum velocity on the intersection. If the difference between
the arrival times is larger then the safety time gap of one second, there is no need to change
the trajectory of a vehicle, because there will be no conflict between the vehicles. The given
state information of the no conflict trajectories are shown in Table 3-1. As mentioned in
Section 3-1 can the acceleration of the surrounding vehicles not be measured and therefore is
the acceleration zero at (¢ = 0). Moreover, the velocity can be measured and the end velocity
should be equal to the maximum velocity of that specific route option. So the known variables
are Lgqr distance to intersection, v,,q, maximum velocity for that specific route and vsqrt
the start velocity.

Start of prediction ‘ Start of intersection

t=20 t =1in

.T(O) =0 x(tzn) = Lstart
U(O) = Ustart U(tin) = Unmax
CL(O) =0 a(tm) =0

Table 3-1: The end and start constraints for a no conflict trajectory

By solving Equation 3-1 using the state information from Table 3-1 the coefficients can be
obtained. These equations result in: ¢y = 0, ¢1 = Vstqrt, and 2cog = 0 so cg = 0. This will
adapt the equations for ¢ = t;,,, resulting in the values for the last coefficients.

10L 6Vstart 4vip

c3 = =+ — (3—2)
th, o th
15L TUstart 8Vin
Ccy = — m 3 3 (3-3)
in in n
cs = 6L _ 3vstart _ 3in (3-4)

45 4 4
t; tin tin

These parameters are used in Equation 3-5 for jerk to find the actual value for t;,, arrival
time at the intersection. The jerk optimal trajectory profile for a vehicle is symmetric to
ensure minimal jerk. Due to the properties of the jerk optimal velocity profiles is the jerk of
a trajectory a(3ti,) = 0, where o = 4 = 5.

MSc Thesis G.P. Overgaag



34 Chosen model

Cs
Cq
60t2 24t3 6 0 0 0 c3 Fo
60t 24t 6 0 0 O c2 1
C1
L Co

By combining the coefficient from equations 3-2, 3-3 and 3-4 in a(%tm) = 0 the final value

. _ 2Lstart
for t;, = Vstart+omax *

Merge behind & in front trajectory

Secondly, the trajectories for the merging manoeuvres will be explained. The merge trajec-
tories are only calculated if the vehicles will have conflict based on their arrival times at the
conflict areas using the no conflict trajectories. Once a possible conflict is found, the second
vehicle will have to adapt its trajectory based on the arrival time of the first car. For the
calculation of the behind and in front trajectory is the data from Table 3-2 available, with
Ltqrs distance to intersection, Loy i distance from the start of the intersection to the con-
flict point, vyq: is maximum velocity for specific route option, vgger is the current velocity
of a vehicle, and t; is the desired final arrival time.

Start of prediction ‘ Start of intersection ‘ Conflict point

t=20 t=tin t= tf

-’E(O) =0 l'(t'm) = Lgtart x(tf) = Lstart + Lconflict
U(O) = Ustart ’U(tm) = Uin U(tf> = Umax > Vin

a(0) =0 a(tin) =0 a(ty) =0

Table 3-2: Table with variable information for a merge behind and in front trajectory

The desired arrival time ¢ is calculated as follows ty &= 1 = ;5 + Lconflict * Umaz, Where ty the
arrival time of the previous vehicle at the conflict point with 1 second added or subtracted
depending on the type of manoeuvre (for behind +1 and -1 for in front) to maintain a safe
distance. To determine the coefficients the Equations 3-6 and 3-7 are solved. The final arrival
time ¢y for a vehicle to reach a conflict area is built using two segments; driving towards
the intersection t; and driving from the start of the intersection to the point of conflict ts.
Therefore ¢ty = t1 + t3. For the first part ¢t = ¢1.

Bty 8 B ot 1 cs 50

R = R - S - B 2 R | c4 51

Stg 4ty 33 2f 1 0 es || o (3.6)
5t} 4ty 32 2t 1 0 2 || & i
20t3 1263 6t 2 0 0O 1 30
L2063 12t2 61 2 0 O e L&

G.P. Overgaag MSc Thesis



3-4 Block 4: Trajectory planning 35

For the second part t = t5

R = S A - B 2 N | c11 s1
5t B 2 ot 1 c10 59
5t 4t 32 2t 1 0 co | | & 5.7
5t 43 32 2L 1 0 cs | | o (3-7)
20t3 12t2 61 2 0 0 cr 51
L2063 12t3 6t5 2 0 0] les | | &

From these matrices (3-6 & 3-7) can be concluded that; co = 0, ¢1 = vVstart, 2¢2 = 0, ¢g = 0,
C7 = Uin, and ¢8 = 0. By rewriting the equations above the unknown coefficients can be
found, which will result in the following equations.

For the first part

. 10Lstart Ovstart dv;p,

_ _ 3-8
15 L start TUstart BVin
cq4 = — (3_9)
ti t} t{
6L 3v 3v;
c5 = tséart — ;iart — tin (3_10)
1 1 1
For the second part
10L lict  OU; 4v
co = C;%nf ic tzm _ :2“11 (3-11)
2 2 2
5L con flict  Tv; 8v
cl0 = — cto%nf ic tén + trga:p (3_12)
oy = 6Lconflict . 3Vin . Vmax (3_13)

3 3 t3

2L start & t — 2Lconflict

VUstarttVin 2 Vin+Vmaz
By knowing ty = t1 + to, it will result in ¢y = vjfjﬁ)tm iicﬁ)ﬁf; Hereafter, the value for
Vi is found by rewriting the formula. Eventually will v;, be used to determine the trajectory
to merge in front or behind. The value for v;;, determines the arrival time at the intersection
based on a minimal continuous jerk trajectory.

Combined this will result in one equation for ¢; and one for to: t; =
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Following trajectory

The following manoeuvre occurs when a vehicle is driving behind another vehicle while ap-
proaching the intersection. The following scenario is only applied to the ego vehicle. The
following vehicle will have to adapt its trajectory to maintain a safe distance to the vehicle
in front. To maintain the safe distance the ego vehicle uses the parameters from Table 3-3,
where t;, = tin jeaqa + 1.5. The t;, jcqq is the arrival time of the leading vehicle at the start of
the intersection. The 1.5 seconds are added to ensure a safe following distance between the
vehicles. As mentioned in Chapter 1 is the GRT not capable of braking as hard as the other
traffic participants due to the standing people inside the vehicle. Therefore a safe following
distance is essential. The trajectory of the following vehicle will be calculated in the same way
the merge behind trajectory is calculated by using Equation 3-1, assuming the parameters in
Table 3-3, resulting in ¢y = 0, ¢1 = Vgtart, and co = 0.

Start of prediction ‘ Start of intersection

t=20 t=1in

.T(O) =0 x(tzn) = Lstart
U(O) = VUstart U(tin) = Umazx
CL(O) =0 a(tm) =0

Table 3-3: The end and start constraints for a no conflict trajectory

The other coefficients are found by solving Equation 3-1, resulting in the following values for
the coefficients;

_ 10Lstart | 6vstart  4vin

o — N _ (3-14)
15 L start TUstart BVin
n in in

o5 = 6 Lstart _ 3Ustart _ 30in, (3_16)

5 4 4
tin tin tin

These coefficients are used in Equation 3-5 for the jerk to find the actual value for v;,. Due
to the properties of the velocity profiles is a(%tm) = 0. By using the matrix in Equation 3-5
and the coeflicients from Equations 3-14, 3-15 and 3-16 will result in the final value for v;,.

3-5 Block 5: Manoeuvre estimation

This section is dedicated to the last building block; manoeuvre estimation. Manoeuvre esti-
mation will determine the likelihood between the different trajectories found in the previous
section. In Section 2-5 several methods from the literature were introduced. The following
section will elaborate on the chosen method between the methods from Section 2-5. Hereafter
the chosen method will be described in detail.
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3-5-1 Method choice

This section will give a brief discussion based on the several methods introduced in Section
2-5. First, the cost function methods where no data set is needed to determine the starting
transition probabilities. These cost functions lack performance compared to the IMM and
Bayesian networks because the other methods use past measurements and data sets to train
the method for better performance. In contrast, the cost functions only use the current mea-
surement (optimal cost) or the current and the previous measurement (lowest cost-gradient).
Secondly, the IMM outperforms both the cost methods [39]. However, the most significant
difference in overall performance is the poor performance of the cost-gradient method for an
overtaking manoeuvre, which is not considered in this thesis. The cost methods outperform
the other methods on calculation time because they can make an instant assessment based
on the cost function determined in building block four. Although the cost functions have a
shorter assessment time, the networks will be preferred because the networks will be trained
using data sets. Therefore will a network outperform the cost functions. Unfortunately, there
were no data sets available at 2getthere to train the network and therefore will the model
choose the cost functions to determine the probability distribution between the manoeuvres.

3-5-2 Detailed description

In the previous section is the cost function chosen as the desired method for determining
the probability distribution between the different manoeuvres. This section will elaborate on
calculating and incorporating the cost function into the model. At first, the cost function will
use the trajectories calculated in the fourth building block as an input for the calculation.
The cost for a trajectory is cost = j2 + Av, where j is the jerk m/s3, and Awv is the difference
between the current velocity and the calculated end velocity for each possible trajectory. The
cost will be calculated for each possible trajectory. The number of possible trajectories for
a vehicle is dependent on the manoeuvre. There is only one trajectory for a vehicle with no
conflict or the first vehicle to pass the conflict area, which is the no conflict manoeuvre. If a
vehicle has to adapt its trajectory to a previous vehicle, that specific vehicle can merge behind
and in front. So if a vehicle has multiple possible trajectories, the cost function has to choose
the trajectory with the lowest cost. Once the choice is made, the next vehicle in the passing
order will adapt its trajectory based on the chosen trajectory for the previous vehicle. The
cost function will be calculated each time step and for each vehicle. As mentioned in Section
3-3 the model does determine all possible passing orders for a specific traffic scenario. The
individual cost functions will be combined to determine the total cost function for a specific
passing order of each branch. Once the total cost for each branch is calculated, the prolbability
costofsequence
1

for each passing order is determined by the probability of a sequence in % =

costofsequence

This equation results in a sequence with low cost having a high probability and high-cost
manoeuvres having a low probability.
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3-6 Summary

The model is based on an interaction-aware motion model, resulting in five separate building
blocks to summarise this chapter. This chapter highlights the type of model and the meth-
ods used for each building block. The chosen model is an interaction-aware motion model,
resulting in five separate building blocks. This chapter highlighted the choices made for each
building block and gave a detailed description of each chosen method. At first, the variables
used for the calculations were chosen. The number of variables was limited by the application
at 2getthere, resulting in three variables; position, the magnitude of velocity and direction
of velocity. The direction of the velocity can be measured due to the nonholonomic proper-
ties. Once the variables are collected, the route possibilities for each vehicle are found by the
breadth-first method. The breadth-first method is fast and straightforward. The position of
a vehicle will correspond to a specific lane for that vehicle in the traffic scenario. The current
lane will hold the successor route information to find each vehicle’s possible future route pos-
sibilities in the traffic scene. Based on all actors’ route possibilities, the conflict areas between
the vehicles are determined by finding intersections between the polygon shapes of each route
possibility. Based on the conflict areas, an initial formation is constructed that progresses by
changing the relative order of the vehicles to create a formation tree. The formation tree will
hold all possible passing orders for the specific scenario. The first vehicle’s trajectory is not
influenced, but the vehicles that follow will adjust their trajectory based on the previous ve-
hicles passing the conflict area. The trajectory for each vehicle is based on a one-dimensional
velocity profile, assuming a vehicle will follow the centerline of a lane. The trajectories mini-
mize the jerk of each vehicle’s trajectory, which directly affects comfort. Eventually, the last
building block determines the cost for each vehicle’s trajectory. It combines all vehicles’ cost
to determine the total cost of a specific passing order of the traffic scenario. Finally, the
probability between these passing orders is calculated based on the total sum of the cost to
determine the probability of the possible trajectories for each vehicle.
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Chapter 4

Simulation & results

This chapter will give an insight into the performance of the chosen model discussed in Chapter
3. The model’s performance will be tested in a fixed environment on the Zaventem map. The
map is a T-junction, where two different scenarios are run. This chapter will first explain
the set-up and how the scenarios are created. In the second section, the two scenarios will
be highlighted with an explanation of the scenario, followed by the results for that specific
scenario. Hereafter, the results will be discussed and compared with an ordinary Adaptive
Cruise Control (ACC) model. The comparison will help give an insight into the answer for
the problem statement: is it possible to create a motion prediction model for the surrounding
vehicles of the ego vehicle to allow for pro-active velocity planning of the ego vehicle itself.

4-1 Set-up

This section describes the set-up used for creating the scenarios and results. The 2getthere
application for the GRT is applied at the Zaventem airport. The map of the infrastructure at
Zaventem is provided using an OpenDrive format, as mentioned in previous sections. Due to
the OpenDrive format, the data is converted to the lanelet format described in Section 3-2.
Figure 4-1 shows the set-up scenario in the lanelet format.

Figure 4-1: The T-junction scenario shown in the lanelet format
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The choice for this T-junction is due to the clear connection and separation of the individual
road sections. For the different scenarios, there are four vehicles within the scenario. The
four vehicles in the scenarios are shown in Figure 4-1; the ego vehicle, lead vehicle and two
surrounding traffic. The maximum of four vehicles in the scenarios is due to the sensors’
limitations on the GRT itself. The limitations originate from sensor field blocking by the
surrounding vehicles. In the two scenarios, the ego vehicle will go straight (vye. = 14m/s).
Although it will have the possibility to go right, the planner knows the route intentions of
the ego vehicle, and therefore the right turn is not taken into account. The lead vehicle will
have two route possibilities; straight (vpme. = 14m/s) and a turn right (vmee = 7.5m/s).
The coloured lanes in Figure 4-1 represent the two route possibilities for the lead vehicle
at the T-junction; the red lane for the turn right and the green lane for going straight.
These colours will create more clarity for the predicted trajectories in the results section.
The first surrounding vehicle is approaching from the right from the standpoint of the ego
vehicle. This vehicle will have two route possibilities: turn left (vy,q; = 10m/s) and turn
right (Vmaez = 7.5m/s). The last vehicle is the second surrounding vehicle, known as car
2, which will only have one option to go straight (vme. = 14m/s) at the intersection, as
can be seen in Figure 4-1. All vehicles in the scenario will start with v = 14m/s in every
scenario. The scenarios are created using the driving simulator toolbox from MATLAB.
The driving simulator toolbox offers the possibility to load the OpenDrive Zaventem map
into the program. Once the map is loaded into the editor window, vehicles can be placed
anywhere on the map. The vehicles are represented as rectangles with their heading and
world coordinates. To create a moving scenario in the toolbox, waypoints must be drawn
for each vehicle. These waypoints can be placed anywhere on the map. They will hold the
position, heading and velocity of a vehicle at the waypoints, resulting in a step profile for the
acceleration of each vehicle as shown in Figure 4-2. This step profile is not desired to create
smooth traffic scenarios, but it can still give an insight into the model’s performance.
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Figure 4-2: The velocity and acceleration profile from the driving simulator toolbox of MATLAB
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4-2 Scenarios

This section will introduce the different scenarios on the T-junction mentioned in the section
above. There will be a total of two scenarios to test the chosen model. Each of the two
scenarios has four vehicles and are all constructed in the set-up from Section 4-1. The first
part of each scenario will be explained and visualized by a bird’s eye view of the map with
the route choices of every vehicle shown on the map. The second part shows the results of
the chosen motion model at three different time instances. At each time instance, the motion
prediction model makes a prediction based on the distance to the intersection and the current
velocity of a vehicle. Six metrics show the results of the motion prediction model.

The first metric will be the predicted velocity trajectories for the lead vehicle to the start
of the intersection, with the route options colour-coded by the red and green lines (top left
graph in the figures). The second metric are the predicted velocity trajectories for the ego
vehicle based on the scenario and the predicted motion of the lead vehicle (bottom left graph
in the figures). The ego vehicles’ motion is predicted because it will influence the behaviour
of the two surrounding vehicles in the traffic scenario. The velocity trajectories are shown till
the start of the intersection. If a vehicle has the desired velocity at the end of the predicted
trajectory, the vehicle will continue with a constant velocity over the intersection. However,
when a vehicle has a lower velocity than that route option’s maximum velocity, the motion
model predicts a smooth trajectory accelerating to the desired velocity at the intersection.
These acceleration profiles are used to determine the arrival time at conflict areas. However,
these acceleration profiles will not be shown in the results because the prediction model will
predict the motion of the lead vehicle to the start of the intersection. The third metric
is a probability distribution of the predicted trajectories for the lead vehicle at 2 seconds
ahead from the current time instance (top right graph in the figures). Fourth, a probability
distribution of the predicted trajectories for the ego vehicle at 2 seconds ahead from the
current time instance (bottom right graph in the figures). The fifth metric is the weighted
average velocity of the ego vehicle based on the probability distributions for two seconds in
advance from the specific time instant, based on the lowest 20% (bottom right graph in the
figures). Finally, the conservative future velocity of the lead vehicle up to 2 seconds in advance
is calculated based on the probability distribution in the top right figure. The conservative
trajectory is represented by the lowest 20% of the predicted trajectories, ensuring that the
time gap between the ego vehicle and the lead vehicle never becomes too small, leading to
activation of the emergency braking. It could increase the time gap between the vehicles, but
this would not result in unsafe or uncomfortable behaviour for the ego vehicle. Therefore the
lowest 20% will always ensure that the ego vehicle will keep a safe distance to the lead vehicle
and establish a safe and comfortable ride for the passengers.
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4-2-1 Scenario 1: Lead vehicle turning right

This section will explain the first scenario and the calculated results based on the given traffic
scenario. In the first scenario, the vehicles will behave as follows; the ego vehicle will go
straight, the lead vehicle will execute a right turn, the first surrounding vehicle will turn
right, and the second surrounding vehicle will go straight. The lead vehicle will decelerate
from v = 14m/s to the desired vyq; = 7.5m/s for the right turn. Due to the deceleration
of the lead vehicle. The ego vehicle will decelerate accordingly to remain a safe time gap of
1.5 seconds between the ego vehicle and the lead vehicle. The visual representation of the
scenario is depicted in Figure 4-3.

Figure 4-3: The visual representation of the first scenario on the map

Scenario results

In the first scenario, the vehicles will follow the routes as shown in Figure 4-3. The introduc-
tion of this chapter introduced how the results of each time instance will be depicted. The
results for the first time instance (¢ = 0) are shown in Figure 4-4. The current velocities and
headway are; the ego vehicle and lead vehicle v = 14m/s with a current time headway of
1.4 seconds. So the ego vehicle should increase the time headway between the vehicles. As
seen in the figure, does the model not predict any conflict between the lead vehicle and the
surrounding traffic. Due to the prediction of a single trajectory for each route option of the
lead vehicle, as can be seen by the one red profile (right turn) and one green profile (straight)
in the top left of Figure 4-4. Therefore there will also be only two velocity profiles for the
ego vehicle shown in the bottom left graph of Figure 4-4. The straight route’s velocity profile
will brake slightly to increase the gap to the leading vehicle to 1.5 seconds. The right turn
velocity profile will ensure that the ego vehicle will have a 1.5 second gap when arriving at the
intersection. The weighted average for the lead vehicle based on the lowest 20% probability
iS Vfyturelead = 13.5m/s, meaning there is a 20% chance that the lead vehicle will turn right.
Both velocity trajectories for the ego vehicle have a velocity of v tyture,ego = 13.5m/s for the
lowest 20%, based on the probability distribution shown in the bottom right of Figure 4-4.
So the model will output that the velocity of the ego vehicle at the end of the next 2 seconds
should be v = 13.5m/s, to maintain a safe distance between the vehicles while maintaining a
comfortable ride for the passengers.
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Velocity profiles of the lead vehicle Probability distribution lead vehicle
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Figure 4-4: The results of the motion prediction for the first scenario att = 0's

As the scene continues, the model will adopt the motion prediction based on the newly
gathered data. The new time instance is shown in Figure 4-5 at ¢ = 2s. At the point of
gathering the data does the ego vehicle have a velocity of v = 12.2m/s and the lead vehicle
drives v = 11.8m/s. The distance between the vehicles is 18.5 meter with a time headway of
1.5 seconds, so the ego vehicle does not have to increase the time headway. In the top left
of Figure 4-5, there are four different velocity profiles for the lead vehicle; three for straight
(green) and one for turning right (red). The increase in the number of velocity profiles shows
that the model predicts conflict between the vehicles in the traffic scenario, based on the
vehicles no conflict trajectories. To avoid a collision between the vehicles, the motion model
predicts alternative trajectories for each vehicle, resulting in four velocity profiles shown in
the top left. These four velocity profiles also result in four velocity profiles for the ego vehicle.
The top right figure shows a small increase in the probability for the right turn manoeuvre.
In the bottom left plot of Figure 4-5 it can be seen that the velocity profiles for the ego vehicle
for 2 seconds ahead are relatively similar to each other. The probability distribution of the
trajectories for the lowest 20% for the lead vehicle results in a predicted velocity for 2 seconds
ahead of vtytureiead = 11m/s. The model output for the ego vehicle velocity based on the
lowest 20% iS Vfyture,ego = 9-9m/s. The model will output that the velocity of the ego vehicle
should decrease by around 2m/s for the next 2 seconds to remain a safe and comfortable ride.
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Velocity profiles of the lead vehicle
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Figure 4-5: The results of the motion prediction for the first scenario att =2 s

While the scene further progresses, the motion prediction for the traffic scene will change
accordingly. Figure 4-6 shows the results for the motion prediction at ¢ = 4s. During
the previous time instance and the current time instance, the vehicles kept decelerating in
order for the leading vehicle to execute a right turn at the start of the intersection. The
continuation of the deceleration of both vehicles is shown by the black lines in Figure 4-6.
The new velocities of both the ego vehicle and the lead vehicle are v = 9.5m/s with a current
time headway of 2 seconds. So the ego vehicle should decrease the time headway between the
vehicles to reach the desired headway of 1.5 seconds. The figure shows that the motion model
still predicts conflict between the vehicles in the traffic scene, resulting in four trajectories.
A single right turn trajectory, because no conflict will occur when turning right as shown
in Figure 4-3, and three trajectories for going straight. The probability distribution of the
trajectories for the lead vehicle is shown in the top right of Figure 4-6. As can be seen in the
figure is the probability of the leading vehicle taking a right turn almost doubled from 22 %
to 41 %, compared to the results at ¢ = 2s. The probability distribution of the trajectories
for the lowest 20% for the lead vehicle results in a predicted velocity for 2 seconds ahead of
Vfuturelead = 9M/s. The model output for the ego vehicle velocity based on the lowest 20%
is Vtuture,ego = 9-5m/s. The model will output that the velocity of the ego vehicle should
be v = 9.5m/s for the next 2 seconds to remain a safe and comfortable ride. Due to the
time headway of 2 seconds when gathering the data at t = 4s, does the ego vehicle need to
decrease the time headway. Therefore is the future velocity for the ego vehicle estimated at
v=19.5m/s.
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Figure 4-6: The results of the motion prediction for the first scenario at t = 4 s

As shown in the three figures in this section, the prediction model always predicts a smooth
trajectory for the different trajectories of the lead vehicle while considering the desired head-
way between the vehicles. The ego vehicle will induce extra braking if the time gap is too
small and suggest maintaining its velocity if the time gap is too large if the model suspects
the lead vehicle will decelerate in the future. By maintaining the velocity of the ego vehicle,
the time gap between the vehicles will slowly decrease to the desired headway and result in
comfort and safety for the passengers.
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4-2-2 Scenario 2: Lead vehicle going straight

This section highlights the second scenario and the results based on the given traffic scenario.
In the second scenario, the vehicles will behave as follows; the ego vehicle and lead vehicle will
go straight, the first surrounding vehicle will turn left, and the second surrounding vehicle
will go straight. The lead vehicle will decelerate from v = 14m/s to v = 10m/s and accelerate
back to v = 14m/s for going straight. The lead vehicle will slightly brake to let car one pass
in front and then accelerate back to the desired velocity of v = 14m/s. The bird’s eye view
of the second scenario is shown in Figure 4-3.

Figure 4-7: The visual representation of the second scenario on the map

Scenario results

In the second scenario, the vehicles will follow the routes as shown in Figure 4-7. The results
for the first time instance (¢t = 0) are shown in Figure 4-8. The velocities of both the ego
vehicle and lead vehicle are v = 14m/s with a current time headway of 1.5 seconds. Therefore
the ego vehicle will not have to influence the time headway because it is already equal to
the desired headway of 1.5 seconds. In Figure 4-8 it can be seen that the model predicts
conflict between the lead vehicle and the surrounding traffic. Due to the prediction of three
trajectories for going straight (green) and one profile for turning right (red) shown in the
top left of Figure 4-4. The straight route’s velocity profile of the ego vehicle will not induce
any braking due to the time headway of already 1.5 seconds. The probability distribution of
the lead vehicle shows that there is a 40% chance for the lead vehicle to make a right turn.
Therefore the weighted average for the lead vehicle based on the lowest 20% probability is
Ufuturelead = 13.3m/s. For the ego vehicle the predicted velocity is v fyture,ego = 13.7m/s for
the lowest 20%, based on the probability distribution shown in the bottom right of Figure
4-8. So the model will output that the velocity of the ego vehicle at the end of the next 2
seconds should be v = 13.7m/s, to maintain a safe distance between the vehicles to maintain
a comfortable ride for the passengers.
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Velocity profiles of the lead vehicle
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Figure 4-8: The results of the motion prediction for the second scenario att =0's

As the scene continues, the model will adopt the motion prediction based on the newly
gathered data. The new time instance is shown in Figure 4-9 at ¢ = 3s. At the point of
gathering the data does the ego vehicle have a velocity of v = 12.5m/s and the lead vehicle
drives v = 10.5m/s. The distance between the vehicles is 17 meter with a time headway of
1.3 seconds, so the ego vehicle needs to increase the time headway. In the top left of Figure
4-9, there are two unique velocity profiles for the lead vehicle; one for straight (green) and
one for turning right (red). These two velocity profiles also result in two velocity profiles
for the ego vehicle, shown in the bottom left figure. By deceleration of the lead vehicle and
the ego vehicle, the motion model no longer predicts any conflict between the vehicles in the
scenario. In the bottom left plot of Figure 4-5 it is shown that the velocity profiles for the ego
vehicle for 2 seconds ahead are relatively similar to each other. The probability for a right
turn is increased to 50%, therefore is the probability distribution for the lowest 20% for the
lead vehicle for 2 seconds ahead vfyturelcad = 10m/s. The model output for the ego vehicle
velocity based on the lowest 20% is vfuture.cqgo = 8.8m/s. The model will output that the
velocity of the ego vehicle should decrease by around 4m/s for the next 2 seconds to remain
a safe and comfortable ride while considering the desired time headway of 1.5 seconds.
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Velocity profiles of the lead vehicle Probability distribution lead vehicle
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Figure 4-9: The results of the motion prediction for the second scenario att = 3 s

Finally, Figure 4-10 shows the results for the motion prediction for scenario two at ¢t = 5s.
During the previous time instance and the current time instance, the lead vehicle accelerated
towards the desired velocity for going straight at the start of the intersection. The change
from decelerating towards accelerating of both vehicles is shown by the black lines in Figure
4-10. The new velocities of both vehicles are; the ego vehicle v = 10.5m/s and the lead
vehicle v = 11.25m/s with a current time headway of 1.6 seconds. So the ego vehicle should
decrease the time headway between the vehicles to reach the desired headway of 1.5 seconds.
The top left of Figure 4-10 shows that the motion model still does not predict any conflict
between the vehicles, resulting in only two trajectories. A single right turn trajectory and a
single straight trajectory, because no conflict will occur in the scenario of Figure 4-7. The
probability distribution of the trajectories for the lead vehicle is shown in the top right of
Figure 4-10. As shown in the figure, the leading vehicle taking a right turn decreased from
50% to around 30%, compared to the last time instance ¢ = 3s. The probability distribution
of the trajectories for the lowest 20% for the lead vehicle results in a predicted velocity for 2
seconds ahead of vfyturelead = 10.1m /s. The model output for the ego vehicle velocity based
on the lowest 20% is v ytureego = 11.4m/s. The model will output that the velocity of the
ego vehicle should be v = 11.4m/s for the next 2 seconds to remain a safe and comfortable
ride. Due to the time headway of 1.6 seconds when gathering the data at ¢ = 5s, does the
ego vehicle need to decrease the time headway. Therefore is the future velocity for the ego
vehicle estimated at v = 11.4m/s.
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Figure 4-10: The results of the motion prediction for the second scenario att =5s

The three figures in this section show that the motion model always predicts a smooth trajec-
tory based on the changing circumstances of the scenario. The ego vehicle will always ensure
that the time headway is equal to the desired value at the start of the intersection. The ego
vehicle will not instantly change the time headway because the distance to the intersection
in both scenarios is no longer than 100 meters. If the ego vehicle would change the time
headway within a couple of seconds, it will result in high acceleration or deceleration profiles
to increase or decrease the time headway. Therefore the ego vehicle establishes a time gap of
1.5 seconds at the start of the intersection. The 1.5 seconds time gap also ensures that other
vehicles will not merge between the lead and ego vehicle, resulting in abrupt braking for the
ego vehicle and decreased safety and comfort for the passengers.

4-3 Discussion

This section will discuss the results shown in the previous section. At first, the results of the
two scenarios described in the previous section will be compared to a common adaptive cruise
control (ACC) model. To do so, the ACC model needs to be explained first. Adaptive-Cruise
Control assists a driver for the longitudinal movement control by maintaining a selected time
gap, velocity or prevent a collision by automatically accelerating and decelerating. The ACC
uses the distance and the velocity difference between the vehicles as an input and will react
only when the actual time gap between the vehicles differs from the desired time gap [22, 25].
Only reacting to the time gap between the vehicles results in the ACC being a reactive model
and will only react when the situation has already changed. The results of the scenarios will
highlight the comparison between the two models.

In Section 4-2-1 the time headway at ¢ = 2s between the ego vehicle and the lead vehicle
is equal to the desired headway of 1.5 seconds. Therefore, an ordinary ACC model will not
change the time gap between the vehicles because it is already equal to the desired value.
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The ACC will change the velocity of the ego vehicle only if the time gap changes in the next
time instance. Whereas the prediction model predicts a deceleration for the ego vehicle to
maintain the desired headway at the start of the intersection as shown in the bottom left
graph of Figure 4-5. Another example of such a prediction is shown in the second scenario at
t = 5s (Figure 4-10). Here the time gap is equal to 1.6 seconds, with the leading vehicle only
having two possible trajectories. To guarantee a safe and comfortable ride for the passengers,
the motion model always takes the lowest 20% into account. Therefore the ego vehicle should
only increase its velocity slightly to decrease the time gap before decelerating again to adjust
its velocity to the lead vehicle making a possible turn right. In contrast, an ACC model will
increase the velocity of the ego vehicle till a new time instance before adjusting the velocity
of the ego vehicle again. The ACC is a reactive model only changing the velocity of the lead
vehicle if the time gap is not equal to the desired value. The prediction model will proactively
predict the traffic scenario, resulting in a smooth trajectory profile for the ego vehicle. While
keeping in mind the 20% most conservative velocity profile for the lead vehicle.

Although the results show good performance in these scenarios, several measures could im-
prove the results even more. At first, is the acceleration of the surrounding vehicles currently
not considered in this motion model due to the limitations of the GRT. The lack of ac-
celeration negatively affects the results because the motion model cannot determine if the
surrounding vehicles are accelerating or decelerating. Therefore is the initial acceleration of
the surrounding vehicles zero. For instance, knowing the current acceleration of a vehicle
would increase the probability of that vehicle continuing on that acceleration profile. The
decelerating and accelerating chances are currently equal because the initial acceleration is
zero for a surrounding vehicle. Secondly, the motion model does not store previously pre-
dicted trajectories. In Figure 4-4 the motion model predicts a specific trajectory for a right
turn (shown in red). When the scenario progresses towards ¢t = 2s the vehicle seems to follow
that predicted trajectory perfectly. Therefore, the model should recognise that the vehicle
follows that predicted trajectory and increase the probability for a right turn manoeuvre.
Therefore the results of the motion model could be increased by storing the previously pre-
dicted trajectories. Finally, the current motion model determines the probability of a specific
trajectory for the lead vehicle based on the cost for all vehicles in the scenario. By doing so,
all the vehicles in the traffic scenario are considered for deciding the probability. Although
this seems the right measure, driving does not work this way in real life because the vehicle’s
movement will not be influenced by the vehicles driving behind him. Currently, a right turn
can have a low probability because it is considered that the following vehicles also will have
to slow down for the lead vehicles, increasing the total cost of that manoeuvre.
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Chapter 5

Conclusion & recommendations

5-1 Conclusion

This thesis aims to show that motion prediction for the surrounding vehicles of the ego vehicle
allows for pro-active velocity planning of the ego vehicle. The pro-active velocity planning
will increase the smoothness of the ego vehicle’s velocity, resulting in an increase of comfort
for the passengers. The following four chapters answered the problem statement.

Chapter 1 gave an introduction to the problem statement and a general introduction to the
currently used motion prediction models in the literature. The literature’s motion models can
be divided into three levels; physics-based motion models, manoeuvre-based motion models,
and interaction-aware motion models. The physics-based motion model only takes each ve-
hicle’s vehicle kinematics and dynamics into account. This way, the actor will be addressed
as a moving object without any dependencies or interactions to the surrounding environ-
ment (vehicles and infrastructure). The manoeuvre-based motion model represents a vehicle
as a single moving object with no dependencies but considers that the motion of a vehicle
consists of different predefined manoeuvres, known as route options. The interaction-aware
motion model no longer represents a vehicle as a single moving object with no dependencies
but represents a vehicle as a moving object with dependencies with the surrounding traffic.
So the motion of a vehicle is restricted by the motion of surrounding vehicles. Each of the
three motion levels is built using specific building blocks. The level determines the number of
building blocks used. The interaction-aware motion model uses all five building blocks. The
first building block is measurements, which gathers the state information of the actors in the
traffic scenario. The second building block determines the route possibilities of each vehicle
in the traffic scenario up to the prediction horizon. The third building block will determine
the possible conflict between the vehicles in the traffic scenario. Hereafter, the trajectory
planning block will calculate a trajectory for each possible manoeuvre of every vehicle in
the traffic scenario. Finally, the manoeuvre estimation block will calculate the probability
between these trajectories to determine the probability between the individual manoeuvres.

Chapter 2 briefly explained several methods found in the literature for each building block. As
mentioned in Section 1-2, the interaction-aware motion model contains five building blocks,
and therefore each of these blocks is considered.

At first, the measurements block. This block determines and collects the state information
of the surrounding vehicles and the ego vehicle for the motion prediction model. The mainly
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used state information are position and velocity. Additionally, the acceleration and yaw rate
are added in some papers.

Block two gathers the route possibilities of the surrounding vehicles based on their current
lane position. The breadth-first method determines the future lanes by the successor lane
information of each lane in the scenario. The networks will also find the route possibilities
based on the current lane. Other methods in the literature use a predefined set of possibilities
for each vehicle.

Thirdly, the model determines the possible conflict points and interaction in the block inter-
action determination based on the route possibilities. This block contains two main methods;
occupancy grid map and conflict areas. The occupancy map divides a map into cells, where
each cell holds a probability of being occupied or free. The conflict areas method is divided
into two approaches; the formation tree and the constant velocity model. The formation tree
builds a tree based on all possible order changes for the vehicles in a traffic scenario. The
constant velocity model assumes that a vehicle will continue on the centerline with a constant
velocity till the conflict point. Once the data is gathered in block one, the route possibilities
in block two, and the interaction determination in block three, the data from these blocks are
combined in the block trajectory planning.

Trajectory planning is a vast subject in the literature, so only the methods that can rapidly
create a smooth trajectory are mentioned. First, the constant yaw rate and acceleration
model is introduced, which only works for physics-based motion models. It assumes con-
stant acceleration and yaw rate during a time step and does not consider the infrastructure.
Secondly, the trajectory planning in the Frenét-Frame contains four different methods using
this principle. At first, the lateral and longitudinal separated trajectory optimization. The
separation ensures a smooth trajectory within a short processing time. Hereafter, the double
integrator method optimizes the cost of acceleration of the trajectory because a human driver
directly affects the acceleration of a vehicle. The path-velocity decomposition assumes the
vehicle will drive on the centerline of a lane, resulting in a one-dimensional problem. The
trajectory is determined by finding the lowest cost for avoiding static and dynamic obstacles.
At last, the bounded acceleration model determines the trajectory of the ego vehicle based
on five aspects that bound the vehicle’s acceleration.

Eventually, block 6, manoeuvre estimation, determines the probability between the several
trajectories of each vehicle. The literature introduces several methods for determining these
probabilities, integrating multiple model filter, cost function probability, and networks. The
IMM filter uses separate filters for each vehicle state and updates the filter based on their
covariance. The cost function probability determines the cost of a trajectory compared to
the cost of other trajectories to find the probability of a specific trajectory. The networks are
split into Bayesian networks and neural networks. The networks are trained on big data sets
to determine their weights and biases.

Chapter 3 made a decision on the type of model and the methods used for each building
block. The chosen model is an interaction-aware motion model, resulting in five separate
building blocks to summarise this chapter. At first, the variables used for the calculations
were chosen. The number of variables was limited by the application at 2getthere, resulting
in three variables; position, the magnitude of velocity and direction of velocity. The direction
of the velocity can be measured due to the nonholonomic properties. Once the variables are
collected, the route possibilities for each vehicle are found by the breadth-first method. The
breadth-first method is fast and straightforward. The position of a vehicle will correspond to
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a specific lane for that vehicle in the traffic scenario. The current lane will hold the successor
route information to find each vehicle’s possible future route possibilities in the traffic scene.
Based on all actors’ route possibilities, the conflict areas between the vehicles are determined
by finding intersections between the polygon shapes of each route possibility. Based on the
conflict areas, an initial formation is constructed that progresses by changing the relative
order of the vehicles to create a formation tree. The formation tree will hold all possible
passing orders for the specific scenario. The first vehicle’s trajectory is not influenced, but
the vehicles that follow will adjust their trajectory based on the previous vehicles passing the
conflict area. The trajectory for each vehicle is based on a one-dimensional velocity profile,
assuming a vehicle will follow the centerline of a lane. The trajectories minimize the jerk of
each vehicle’s trajectory, which directly affects comfort. Eventually, the last building block
determines the cost for each vehicle’s trajectory. It combines all vehicles’ cost to determine
the total cost of a specific passing order of the traffic scenario. Finally, the probability be-
tween these passing orders is calculated based on the total sum of the cost to determine the
probability of the possible trajectories for each vehicle.

In Chapter 4 the results of the chosen motion model are shown in a T-junction scenario.
The motion model is tested in two scenarios. In the first scenario, the lead vehicle will
execute a right turn, and in the second scenario, the lead vehicle will go straight at the in-
tersection. In both scenarios, there are four vehicles, and the ego vehicle is always behind
the lead vehicle. A total of six metrics shows the results of the scenarios. The first metric
shows the predicted velocity trajectories for the lead vehicle to the start of the intersection.
The second metric are the predicted velocity trajectories for the ego vehicle based on the
scenario and the predicted motion of the lead vehicle. Hereafter, the probability distribution
of the predicted trajectories for the lead vehicle at 2 seconds ahead is calculated. Fourth, the
results show the probability distribution of the predicted trajectories for the ego vehicle at 2
seconds ahead. The fifth metric is the weighted average velocity of the ego vehicle based on
the probability distributions for two seconds in advance, based on the lowest 20%. Finally,
the conservative future velocity of the lead vehicle up to 2 seconds in advance is calculated
based on the probability distribution. The conservative velocity value will ensure that the
time gap between the ego vehicle and the lead vehicle never becomes too small, leading to
heavy braking. Therefore the lowest 20% will always ensure that the ego vehicle will keep
a safe distance to the lead vehicle and establish a safe and comfortable ride for the passengers.

The motion prediction model was created while assuming the following limitations. There
were no data sets available, resulting in using the driving simulator toolbox to create the sce-
narios. Secondly, the sensors on the GRT cannot detect the acceleration of the surrounding
vehicles, resulting in only position and velocity as input parameters. Despite the limitations
of this thesis, it can be concluded that the results of Chapter 4 still show the importance
of motion prediction to create a proactive behaviour for the ego vehicle. The proactive be-
haviour will increase the smoothness of the ego vehicle’s path and comfort for the passengers.
Especially if the ego vehicles consider the conservative path for the lead vehicle, ensuring a
safe time gap to the vehicle in front, excluding the activation of emergency braking.
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5-2 Recommendations

Although this work created a motion prediction model for the surrounding vehicles of the ego
vehicle, several improvements could be added to the motion model described in this thesis.
As a recommendation for further research, the following points should be considered.

o This thesis has proposed a solution based on the application of 2getthere. Therefore
certain state information of the surrounding vehicles could not be used in the motion
model. Therefore it would be preferred that in future research, the acceleration of the
surrounding vehicles is taken into account when predicting the velocity profiles of the
surrounding vehicles.

e The simulations of the current motion model are created using the Driving simulator
toolbox in MATLAB. This toolbox cannot create smooth velocity profiles for the vehicles
in the scenario. Therefore, it would be recommended that the motion model uses actual
data for future research.

e The current motion model predicts the future movement and probabilities of a vehicle at
every time instance. The probabilities are solely based on the currently predicted trajec-
tories. For future research, the previous predictions should be stored by the prediction
model. So they can be used as a reference for better probability calculations.

e The motion model should be combined with the ego vehicle’s decision-making and path
planning as an addition to the current motion model. By creating feedback to the path
planner, the prediction model can actively influence the actual path of the ego vehicle
based on the predicted motion for the leading vehicle.
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