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The scope of this thesis is to develop
a non-linear model predictive control
(NMPC) based path planning for a non-
holonomic mobile robot. The purpose
of the planner is to enable the PAL
moving base robotic platform to navi-
gate in a dynamic environment consid-
ering static and moving obstacles. A
non-linear kinematic model is designed
for the robot as well as a linear state-
space model to represent moving obsta-
cles. These models are implemented in
a NMPC to predict robot and obsta-
cle movement. Driving the design of
this NPMC is a parallel simulation de-
velopment of dilerkent planning meth-
ods, Resulting in a set-point stabilisa-
tion NMPC local planner with multiple
shooting discretization. In addition, two
di Lerkent polygon shaped obstacle repre-
sentation method is developed and im-
plemented as constraints to the NMPC
design. Finally the planner is imple-
mented on the PAL moving base and
compared to a contemporary planner
to evaluate performance, through these
test results concluding comparable per-
formance is achievable using the NMPC
based planner with added moving obsta-
cle functionality.







PREFACE

This thesis is made as a completion of the master education in Control and Automation at
Aalborg University, ending spring 2020. The aim of this thesis is to develop a local path
planning algorithm for motion among people in addition to navigating a static environ-
ment. The local planner has to follow a series of local goal given by the global planner until
the robot reaches it’s target destination or global goal. This local planner is developed
alongside the working body of the Human Aware Mobile Robotics lab (HAMR-lab) at
Aalborg University(AAU). The planner has been mainly developed on the PAL Robotics
TIAGo robot. The TIAGo robot is intended to be used as a development platform for the
KUGLE Project where the dynamics of a ball-balancing robot, such as the KUGLE robot,
does not have to be taken into account. This is done such that the focus can be directed
towards planning rather than modelling. The local planner is based upon the concepts
of Non-linear Model Predictive Control, set-point stabilization and constraint identifica-
tion. The thesis also relies on the concepts of control theory, path planning, kinematic
modelling, linear algebra and optimization. To understand the Thesis knowledge within
these concepts is required.

The report’s structure is built up from seven chapters, each covering a significant part of
the entire project.

Chapter 1 - Introduces the Human Aware Mobile Robotics lab, the TIAGo robot and
what the scope of the project is. The chapter concludes with some core questions that
will be further investigated.

Chapter 2 - Presents the findings of the questions asked and further narrows down the
core questions that seeks to be answered in this thesis. This Chapter concludes with a
problem formulation.

Chapter 3 - Presents the modelling of the TIAGo robot as well as the pedestrians/-
moving obstacles. It also defines how the static and moving obstacles are represented as
constraints.

Chapter 4 - Details the formulation of a Non-linear Model Predictive Control (NMPC)
problem developed for local planning of the TIAGo robot. The general ideas of stabi-
lization and tracking NMPC are detailed. The Chapter gives a brief description of the
optimal control problem, NMPC discretization and the consideration of constraints for
the NMPC local planner.

Chapter 5 - Presents simulations of the local planner in MATLAB and Gazebo. The
simulations have been used to develop the NMPC.
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Chapter 6 - Describes the process of implementing the local planner into the TIAGo
platform and the formulation of the NMPC using the software tool CasADi for numerical
optimization.

Chapter 7 - Compares the obstacle representations in di [erknt scenarios. The Chapter
also compares the local planner developed in this thesis to the on-board PAL-local planner
pre-installed on the robot.

Chapter 8 - Discusses the results of the tests, the limitations of the tests and what they
mean for the local planner.

Chapter 9 - Summarizes and concludes on the overall results and findings of the Thesis
related to the problem formulation as well as the future work that could improve the local
planner.

Reading directions:
« The Nomenclature contains a list of abbreviations of terms and phrases used through-
out this report.

e The Figures that are not made by the authors of this report are referenced below
them.

e The Bibliography contains the sources and is written in order of appearance through-
out the report. The bibliography follows the IEEE referencing scheme.

e The Appendix includes extra materials that are used in the report, such as algo-
rithms, test results, simulation results and large figures.

e There is a list of figures and a list of tables that can be used to look up figures in
the report.

e The learning objectives can also be found in the Appendix, which should be fulfilled
through the formation and writing of this Thesis.

Special thanks to Karl Damkjer Hansen for the continuous supervising and suggestions
of possible solutions and methods throughout the project.

Vi
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Common Abbreviations

This section contains explanations and abbreviations of specific words which are used
throughout the report.

AAU

AMCL
CVvVM
DBSCAN

DoF

DWA
HAMR

HRI
IMU

LiDAR
MPC

NLP

NMPC

ODE
OoCP
PFM
PMB
RDP
ROS

RRT

TEB

VFH

VO

- Aalborg Unviversity

- Adaptive Monte Carlo Localization
- Curvature-Velocity Method

- Density-Based Spatial Clustering of Applications with Noise
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- Model Predictive Control

- Non-linear Programing

- Non-linear Model Predictive Control
- Ordinary Dilerkntial Equation

- Optimal Control Problem
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- Rapidly-Exploring Random Tree
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- Virtual Field Histogram

- Velocity Obstacle

vii



CONTENTS

Introduction 1
State of the Art 3
2.1 Human-Robot Interaction . . . . .. .. .. ... ... .. .. ... 3
2.2 History of Motion Planning . . . . . . . . . .. .. ... .. .. 5
2.3 Set Point Stabilization, Trajectory Tracking and Model Predictive Control 8
2.4 ProjectHardware . . . . . . . . . ... 10
2.5 Problem Statement . . . . ... ... L 12
Modelling 13
3.1 TIAGo Robot Model . . . .. .. .. ... ... .. 13
3.2 Discretization ofthemodel . . . . . . ... .. ... .. ... .. L. 15
3.3 Pedestrian Model . . . . ... .. ... 16
3.4 Moving Obstacle Representation . . . . . . . .. .. ... ... ....... 16
3.5 Static Obstacle Representaion . . . . . . . ... ... ... . ........ 18
3.5.1 Polygon Centroid Representation . . ... ... ........... 22
3.5.2 Closest Point of Polygon Representation . . .. .. .. ....... 23
NMPC Local Planner 27
4.1 Introduction of NMPC Local Planner . . . . . ... ... ... ....... 27
4.2 Optimal control problem . . . . . . ... ... ... . 28
4.3 Formulation of the NMPC Algorithm . . . . . .. ... .. ... ...... 29
4.3.1 Set Point Stabilization NMPC . . . . . . ... ... ......... 30
4.3.2 Trajectory Tracking NMPC . . . . . . ... .. ... ... ..... 32
4.4 Discretization of NMPC . . . . . . . .. . . 34
4.4.1 Direct optimal control methods . . . . ... .. ... ........ 35
4.4.2 Direct multiple shooting discretization . . . .. .. ... ... ... 35
45 Constraints . . . . . .. 36
4.5.1 Constraints on Statesand Inputs . . . . . .. ... ... .. .. .. 36
4.5.2 Static Obstacle Constraints . . . .. ... ... ... ........ 38
4.5.3 Moving Obstacle Constraints . . . .. ... ... .......... 41
4.6 Summary of NMPC local planner . . . . . ... ... ... .. ....... 43
Simulation 44

viii



CA10-1032

CONTENTS

5.1 MATLAB Simulation
5.2 Gazebo Simulation
5.2.1 Simulation Scenarios

6 Implementation
6.1 Robot Operating System(ROS)
6.1.1 ROS Packages

6.1.2 ROS Nodes, Topics & Services

6.1.3 Transformations & Frames

6.2 TIAGo Navigation Stack
6.2.1 Deployment of Packages

6.3 HAMR Navigation Package
6.4 OCP with CasADi

7 Testing & Results
7.1 Mapping
7.2 Static Obstacle Avoidance

7.2.1 Testing
7.3 Moving Obstacle Avoidance
7.4 Hallway scenario
7.4.1 Testing

8 Discussion

9 Conclusion

9.1 Future Work

Bibliography
List of Figures

List of Tables

A Sklansky's Modi ed Algorithm

B Testing results
B.1 Static Obstacle Stress Test Results
B.2 Hallway Test

C Testing Procedures
C.1 General Procedures and Information
C.2 Static Obstacle Avoidance




CONTENTS CA10-1032

C.2.1 Real-lifetestsetup . ... ... .. . . ... ... 102
C.2.2 Testprocedure . . . . . . . . . . . i 103
C.3 Moving Obstacle Avoidance . . .. .. ... .. ... .. .. ........ 104
C.3.1 Testprocedure . . . .. . . . . . . i 104
C.4 Hallway Scenario . . . . . . . . . . 105
C.4.1 Real-lifetestsetup . ... ... .. . . ... ... 106
C.4.2 Testing Procedure. . . . . . . .. . . .. . ... 106
D Learning Objectives 107




CHAPTERL

INTRODUCTION

Mobile robotics is increasingly deployed in public areas, dense with humans and other
moving obstacles. Navigating, through such an environment e ectively without collision,
is one of the factors driving the need for more advanced motion planning algorithms.
Under the topic of manoeuvring in a space with moving obstacles, a vital part is taking
into consideration the movements of the people. Planning motion of a robot while avoiding
moving people is not a simple task, as the future position of a given person has to be taken
into consideration, as people usually do not move in a strictly linear patterns. Therefore
prediction of the people's movement is needed, based on a representative model of human
movement, to gure out which path to take to not collide with people in the environment.
To provide the necessary comfort for someone who is moving in a given environment,
it is crucial to provide a sense of certainty about how one's environment is going to
change. This is a feeling which is often hard to instil using robots in a Human-Robot
Interaction(HRI) scenario. Because of these factors, another important topic in shared
environments to consider is how to ensure comfortable HRIs in a dynamic environment.

This thesis is developed alongside the working body of the Human Aware Mobile Robotics
lab (HAMR-lab) at Aalborg University(AAU). The focus of HAMR-lab lies in creating
mobile robotics solutions, implementable in social environments around people. Social
environments being areas in which people move around freely. An emerging focus in
the eld of mobile robotics is that of guiding robots for assistance in navigation. For this
purpose, the KUGLE robot [1] project is developed speci cally for the scenario of aiding in
the navigation of a hospital environment. An imagined scenario could be the robot being
available at the hospital entrance with a list of locations, to which it can guide a visitor
around by leading them to their destination. The KUGLE robot is a ball balancing robot
capable of navigating static environments. In this, the HAMR research group works on
product development along with software development and modelling research pertaining
to both KUGLE and human movement modelling.

The focus of this Thesis lies in creating a navigation package for the mobile robots used
by the HAMR-lab group. Speci cally, the robotic platform TIAGo from PAL Robotics

is used to simulate the KUGLE robot. The TIAGo platform is an extensive robotics
platform with many capabilities within the eld of navigation.

The navigation package aims to increase the capabilities of the TIAGo platform. It is de-
veloped to be a local planner, which receives goal points from the already extensive global
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planner. There are already some local planning methods implemented on the TIAGo plat-
form, such as the Dynamic Window Approach(DWA) and Timed Elastic Bands(TEB).
However, the envisioned environment includes moving obstacles (humans), which are not
considered in these methods, requiring the expansion of local planning methods to in-
clude capabilities which consider moving obstacles. The algorithm used for planning the
trajectory of the robot has to ensure that the robot can navigate to the goal and consider
the motion of the robot throughout the trajectory, to make sure it moves naturally and
smoothly.

The TIAGo robot is used to avoid the challenges that arise with using a ball-balancing
robot, simplifying the model needed for control of the system. The TIAGo platform runs
Ubuntu with Robot Operating System(ROS) for inter-system communication, the idea
being for the navigation package to be a plug and play solution for navigation able to
run on any platform with ROS, given a minor initial setup. For solving the issue of local
planning in a dynamic environment, speci ¢ problems arise, some of the relevant problems
have been formulated as follows:

A

How to represent pedestrian motion, modelling humans as moving obstacles?

How can social situations be recognized and represented to ensure comfortable
human-robot interaction?

How can local planning be implemented to ensure collision-less movement through
an environment with moving obstacles?

How to ensure smooth robot motion throughout operation given an environment,
including moving obstacles?

~

A literature review is conducted in the following Chapter 2, speci cally investigating
methods that propose solutions to above questions. Based on this state of the art research,
an approach is selected for further investigation throughout this Thesis.




CHAPTERZ

STATE OF THE ART

This chapter introduces the background of robot motion planning and investigates some
state of the art procedures previously used to solve problems similar to the ones treated
in this thesis. The problems, as stated in Section 1, can be split into two main issues. The
rst being that of ensuring proper HRI, ensuring socially aware and responsible navigation
from the robot, described in Section 2.1. The second issue is that of facilitating robot
navigation through a dynamic environment. Ensuring no collisions in an environment,
including dynamic obstacles, described in Section 2.2. The chapter concludes with an
evaluation of the currently employed methods that solve the problem of navigation in an
environment with moving obstacles.

2.1 Human-Robot Interaction

An important part of most robot navigation scenarios is the ability to avoid obstacles.
For this thesis speci cally, both static and moving obstacles are considered. The robot
should be able to navigate in an environment where humans should be able to interact
with the robot and while also avoiding humans that come in the way of the robot. The
root of this problem is ensuring natural Human-Robot Interaction (HRI). To interact
appropriately with humans, Dautenhahn [2] proposes that robots need to be equipped
with several non-trivial behaviours instilling a feeling of intelligence in the robot from
the human perspective. Such as ensuring that the robot responds reliably in real-time to
highly dynamic human behaviour.

To ensure natural HRI, criteria for de ning natural interaction, need to be established.
This is done to ensure both physically safe and socially comfortable robot operation [3].
Speci cally useful for the scenario envisioned in this project is the measure of proxemic
interpersonal distance as found by E.T.Hall [4], seen in Table 2.1. Describing di erent
distance thresholds in which people generally are comfortable, given di erent types of
interactions with actors in their environment. These distances are useful for guiding how
the robot should circumnavigate people in the environment while considering personal
space of the people.
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Designation Speci cation Reserved for...

Intimate Distance 0-45cm Embracing, touching, whispering
Personal Distance 45-120cm Friends

Social Distance 1.2-4.6m Acquaintances and strangers
Public Distance >3.6m Public speaking

Table 2.1: Proxemic interpersonal distances found by E.T.Hall[4]. The use of these dis-
tances regarding human-robot interaction is an open research question.

The proxemic interpersonal distances in Table 2.1 is an excellent guide to help gure out
the distance a robot should try to keep to people, speci cally given the nature of the
interaction they might have. This way, basic distance measure would only pose as an
obstacle enlargement parameter; it is also important to consider the direction the person
is facing [5].

Kollmitz et al. propose a way to represent the people in the environment as dynamic
obstacles[6]. This is done by representing individual human obstacles as a set of Gaussian
distributions with varying standard deviation along the side and facing the direction of the
person, as well by the velocity in that direction. The obstacle is then being represented by
a eld of probabilities, with a strictly non-traversable area in the centre representing the
predicted position given the velocity of the person. How the eld of probabilities evolve
can be seen in Figure 2.1

Figure 2.1: The dynamic cost mapping created to represent human motion by Kollmitz
et al., the cost decreasing and spreading over time as con dence in path decreases. [6]

The eld of probabilities is convertible to a potential eld representation to enforce socially
preferable trajectories during motion planning. To represent the prediction of the position
of the obstacle a layered dynamic cost-map is proposed, with the social cost eld being
propagated in time, the standard deviations of the distribution increasing for further
prediction steps.

Another thing to consider regarding these is the interpersonal relationships between actors
in the environment. A way to include these relations and circumnavigate them as not to
disturb social interactions is set forth by Truong & Ngo [5]. This method extends upon
the ndings of Kollmitz by introducing social interaction spaces. Social interaction spaces
being a combination of dynamic obstacles given close enough proximity, if two people are
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gathered close enough, then a new object is created to signify the social interaction as an
obstacle. This can be seen illustrated in Figure 2.2.

Figure 2.2: Representation of di erent social zone situations. A person interacting with
an object (top left), a two person social zone (top right), 3 person social zone(bottom
left) and a 4 person social zone [5]

The method by Truong and Ngo implements these social interaction spaces as their own
obstacles with a potential eld to deter close movement by the robot, based on people
gathered closely together. Based on these di erently sized social zone representations a
preferred angle of interruption can also be investigated. For example the robot should
approach the depicted 3 person social zone from the top, as all three actors would be able
to see the robot approaching, providing a more comfortable interaction.

2.2 History of Motion Planning

Motion planning for mobile robots gained the attention of several researchers around the
world since 1979 when Loyano-Pérez and Wesley presented the concept of the con gura-
tion space [7]. All service robots feature some kind of motion planning in a collision-free
manner, ranging from simple algorithms that detect an obstacle and terminate the robot's
movement in order to avoid collision, through advanced algorithms, which enable the robot
to circumnavigate obstacles in an optimal way.

Early collision avoidance strategies were based on the use of arti cial potential eld meth-
ods (PFM). O. Khatib in [8] has suggested the idea of imaginary forces acting on a robot.
In this global planning strategy, obstacles have repulsive forces, while the target applies
an attractive force to the robot. By harnessing these repulsive and attractive forces, the
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mobile robot can avoid colliding with nearby obstacles and reach its target safely. The way
that these forces are implemented is based on the de nition of their respective potential
elds. The attractive potential eld being de ned by:

U (@ = 5 ™(0 tgoa) @)

Where is a positive scaling factor, (q; ga) is the distance between the robot and goal
and m is a shaping factor for the eld, if 1 it is conic and if 2 it has a paraboloid shape.
The corresponding attractive force acting upon the robot is then the negative gradient of
the attractive potential eld Ug:

Fatt(q) =T Uatt(q) = (qgoal q (2-2)
A commonly used simple de nition of repulsive potential function being de ned as fol-

lowing:
8
2

1 T
Urep (@) = b T

(95 dobs 0 (2.3)
0; if (05 dobs) > 0
Where is a positive scaling factor, (q; @ns) describes the distance between the robot

and a given obstacle and a constant describing the in uence distance of the obstacle,
beyond which the repulsive potential is zero. The corresponding repulsive force is given

by:

NI =

8
2 1 1 _ o '
— Ziaa " 1 Qobs);  If " Oobs
Ffep(q) = > (Qa Cobs 0 2(q; qobs) (q qOb) (q qob) 0 (2.4)
0 if (d;dobs) > 0

Adding the gradient of the distance to the obstacle (q;qns) and a scaling factor for
proximity to the obstacle W

B. H. Krogh [9] has improved this concept by taking into consideration the robot's velocity
in the vicinity of obstacles. C. F. Thorpe [10] has applied the potential eld method to

o -line path planning. Later Krogh and Thorpe [11] suggested a combined method for
global and local path planning, which uses a "generalized potential eld" approach. J.
Borenstein in [12] improved the arti cial potential eld method with certainty grids for
obstacle representation. He also considered the local minima problem as "trap states" and
implemented recovery routines such as wall following in order to overcome them. Despite
all the advantages over conventional PFM, it was abandoned due to its limitations, such
as the lack of passage between closely placed obstacles due to the local minima problem
and oscillating behaviour in narrow passages [13].

To overcome these limitations, J. Borenstein and Y. Koren et al. [14] introduced the
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Virtual Field Histogram (VFH) which was later improved and extended it to VFH+

[15] and VFH* [16] by I. Ulrich and J. Borenstein. These are alternative local planning
approaches that avoid collisions and allows the detection of unknown obstacles while
steering the robot toward the target. In addition, it handles local minima problems
caused by narrow passage greater then PMF methods. The VFH can select a central path
through a passage determined by the two-dimensional histogram and ignore the oscillation
in steering control with the averaging e ect of the polar histogram. All di erent VFH
method based on polar histogram generation where all the area big enough to allow the
robot to pass through is identi ed separatly and included in the cost function. This
technique also comes with some drawback. The world model has to be represented as a
two-dimensional histogram grid where all the sensor measurements are represented. The
processing of this continuously updating data requires more memory and computation.
Besides, the inaccurate sensor data can e ect the stability of the robot motion. Thus
unpredicted disturbances cause the robot to misidentify the environment openings and
consequently may not be able to maneuver through passages.

In 2000 Ge and Gui [17] highlighted the problem of goals being unreachable with obstacles
nearby when using potential eld methods and presented a new repulsive function to
overcome it. They also proposed modi cation upon conventional potential elds methods
taking into consideration the relative distance between a robot and its goal to solve the
problem of non-reachable goals due to nearby obstacles[17] [18].0n the other hand, this
method increased complexity and computation.

Other local planning approaches based on velocity space calculations are the curvature-
velocity method (CVM) by R. Simmons [19] and the Dynamic Window Approach (DWA)

by D. Fox et al. [20]. These approaches achieved high-speed navigation with decent
collision avoidance performance. The CVM local obstacle avoidance treats the problem
as one of constrained optimization in the velocity space of the robot and approximating
how far the robot could travel along a given curvature before the collision. Similarly, in
the case of DWA, the control commands are selected by maximizing an objective function
that considers speed, goal and safety while incorporating constraints in velocity space
arising from obstacles.

Concerning the physical aspect of safety, conventional or reactive robot navigation systems
usually consider humans as regular static obstacles. The ability of safe navigation in an
unknown environment becomes a crucial requirement for modern service robots, especially
when they are employed in a social environment where the people expect the robot to
behave consistently and predictably. Various research use potential elds and social cost
functions in global planning level ([21],[3], [6]).

R. Kirby et al. [22] presents human social conventions, such as personal space and tending
to one side of hallways, represented as constraints on the robot's navigation. E. A. Sisbot
et al. [23] adjust the cost model with various aspect of safety, visibility, comfort along




CHAPTER 2. STATE OF THE ART CA10-1032

with hidden zones. One of the main drawbacks of the human-aware navigation approaches
mentioned above is that they do not consider the motion of humans over time. This static
planning treats humans as static obstacles and requires high-frequency robot behavioural
changes in order to react to uncertain human movements. This results in inconsistent
robot behaviour that is not consistent with socially comfortable movement.

Several research papers have been proposed to formulate motion planning in the presence
of moving obstacles. A method that works in velocity space has been suggested by Fiorini
and Shiller [24] that deals with collision avoidance in the presence of moving obstacles.
They discussed the velocity obstacle (VO) concept. This method lacks the simplicity of
potential elds, and it considers that the obstacles are moving with a constant speed. Also,
this collision avoidance strategy requires the environment to be pre-known. Similarly,
Fujimura and Samet [25] presented research in motion planning in the presents of moving
obstacles where the dynamic environment has to be completely pre-known. Tsoularis and
Kambhampati [26] and Chakravarthy and Ghose [27] proposed another method which
uses relative speed between the robot and the obstacle in order to detect collisions.

2.3 Set Point Stabilization, Trajectory Tracking and
Model Predictive Control

A set point stabilization problem is a fundamental control problem which can be explained
as the following: Consider the dynamical system as

x(t) = f(x(®);u(t)); x(to) = Xo (2.5)

wherex 2 R" is the state,u 2 R" is the input, t 2 R is the time and the feedback is
u = (x) starting at xo. Design a feedback control signal : x 7! u where the solution
X (t; Xoj (x)) converges the states to the set point™' :

lim (1) x® =0 (2.6)

This means that if the current statex is far away from the setpoint, then the controller
should control the system towards the reference point, while if the current state is already
near the reference, then the controller keeps it there. The set point stabilization prob-
lem is formulated in a variety of systems and has many examples in automation tasks.
Well-known examples are keeping balancing vehicles like segways or ballbots upright or
temperature control in buildings. Path planning for mobile robots can be formulated as
a set point stabilization problem where the setpoint is a reference state that the robot
should approach. This problem is usually called Set Point Tracking [28].

The Tracking problem is a similar control problem where instead of a set point the refer-
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ence;x' :[to;inf) | R"™ is a time-varying reference state which is pre-computed o ine.
The task is to determine the control inputsu such that statesx follows a given reference
x'®" as well as possible, such that:

lm x(t) x* () =0 2.7)

Tracking problems can also be formulated in the case of robot navigation with a reference
trajectory x"™' to be followed, which is calculated o ine and determines where and when
the robot should be on this trajectory. This problem is known as Trajectory Tracking. Set
Point Tracking is an intermediate problem between set point stabilization and Trajectory
Tracking when the robot follows a set point which changes in the next step to another
one without specifying the exact continuous transition on the trajectory [28].

For set point stabilization and Trajectory Tracking problems, a wide range of applicable
control methods exist from classic linear control to advanced optimization-based control.
Assuming that motion planning requires the design of a controller with the consideration
of constraints on inputs and states or desires to predict the future behaviour of a system,
only a few controller design methods can be considered.

Model Predictive Control (MPC) is a very powerful optimal control design approach,
where the applied control actions are chosen based on repeated predictions of the future
system behaviour. Generally, MPC built upon an optimal control problem (OCP) that
calculates the best control actions by minimization an objective function and predicting
the system future behaviour. Furthermore, MPC has many advantages from a system
and control point of view with the consideration of [29]. One of the main advantage of
an MPC that the constraints can be de ned explicitly in the algorithm. The predicted
states and control inputs can be bounded by constraints separately, to make it possible to
neglect unwanted results. MPC is suitable for multiple inputs and outputs in non-linear
systems. The online optimization respect to the cost criteria in order to nd the most
optimal solutions. The general idea of any MPC formulation is built upon an iterative
control scheme that is executed by the following:

1. Obtaining the state measuremenk (n) at every sampling instantn

2. At each sampling instantn, the controller optimizes the predicted future behaviour
of the dynamical system over a nite time horizonk =0;:;;N 1 oflengthN 2
and nd a set of admissible control inputs considering constraints on states and
inputs based the minimization on the objective function.

3. Applying the rst element of the resulting optimal control sequences”.

This scheme will be further detailed in the Chapter 4. The above scheme shows that
the central concept of MPC is based on a repetitive solution of an optimal control prob-
lem. Note, that its di erent from an optimal feedback controller which often turns to be
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infeasible for non-linear systems, since solving the partial di erential equations can be
di cult [30]. Instead, the goal of an MPC is a simpler computation of an open-loop input
trajectory at each step for the given state.

Nowadays, MPC problem formulation is a widespread discussion in scienti ¢ researches,
but most MPC research is considered as set point stabilization ([27], [31]). For example,
this frequently appears in problems such as ight stabilization [32] or HVAC large scale
heating and cooling system control [33]. Other researches consider the change of the set
point as a disturbance on the reference states and handle this stabilization problem with
MPC formulations ([34] ,[35], [36]). Speci cally regarding setpoint stabilization, it has
been used for localization purposes by Nishio et al. in an MPC implementation taking into
consideration moving obstacles, represented by fuzzy potential elds [37], given obstacles
with constant velocity.

While trajectory tracking is a well-known problem, there are only a few related works that
use trajectory tracking MPC design ([38], [39], [40]). The approaches in these researches
show several shortcomings and challenges. The constraints in simultaneous path planning
and tracking MPC algorithms are only sparsely considered and require long prediction
horizons. Also, the trajectory tracking MPC is highly dependent on the time-varying
reference signal, which might result in signi cant errors and less robust performance. As
a middle ground between set point stabilization and trajectory-following or -tracking is
the problem of path-following. Path-following allows for more freedom in the MPC for-
mulation. Where in trajectory-following the MPC has a path with set times for each
position, in path-following the controller is fed a curve which the robot should try to
follow, but freedom in how much it accelerates and when. An example of such path-
following is described by Kglbeaek, in which a ball-balancing robot is made to follow a
given path speci ed by a polynomial, coe cients of which are fed to the MPC [1]. As
well Kanjanawanishkul et al. proposes an MPC for path-following scenario for an omnidi-
rectional robot, similar to the work of Kalbaek, though with omnidirectional wheels [41].
This work by Kanjanawanishkul shows advantageous performance grounded in the ability
for the MPC to handle system and input constraints while generating an optimal control
sequence, though no obstacles are yet considered. In the following section the hardware
available for this project is investigated.

2.4 Project Hardware

To solve the problems posed in circumnavigating an environment with dynamic obstacles,
the TIAGo robot is used. Designed to work in indoor environments, combining mobility,
perception, manipulation and HRI in one platform, TIAGo is a service robot. The TIAGo
robot has di erent con gurations based on what is needed for implementation, Base, Iron,
Steel and Titanium. For this project, the Base and Steel versions are available. Of which
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the Base is considered mainly, as it has all the sensor capabilities needed for the navigation
package. The robot has a LIDAR capable of sensing its surroundings along with actuators
to enable mobility and odometry sensors to provide movement feedback. The robots used
in this project can be seen in Figure 2.3.

Figure 2.3: The robots provided for this project by AAU.

The hardware which provides the capabilities needed for robot navigation is further de-
tailed in Table 2.2.

TIAGo Base TIAGoO Steel
Sensors Front LIDAR (5.6m range) Front LIDAR (5.6m range)
6 DoF IMU 6 DoF IMU
3x Rear stereo sensors (1m range) 3x Rear stereo sensors (1m range
Actuator current feedback (wheels) Actuator current feedback
(wheels and arm)
RGB-D camera (head)
Computer | Intel i5 CPU Intel i5 CPU
Hardware | 250GB SSD 250GB SSD
Software Ubuntu 64bit Ubuntu 64bit
ROS LTS ROS LTS
Arm controller
(position/velocity/e ort)
Max Speed| 1.5 m/s 1m/s

Table 2.2: Hardware speci cations for TIAGo robots.

The TIAGo runs using an internal computer running ROS, providing a framework for
communication between the processing unit, sensors and actuators. Through ROS, a user
can access data gathered by the various sensors on the robot as well as sending commands
to the actuators to perform some desired motion.
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In order to enhance upon the envisioned package, the added capabilities of environment
manipulation or further HRI provided by the Steel robot con guration could be imple-
mented. The hardware present on the robot can be seen in Figure 2.4.

Figure 2.4: Hardware and sensor arrangement on the TIAGo Steel.

2.5 Problem Statement

The problem at hand of enabling a robot to navigate a dynamic environment sets up an
array of problems which has to be solved. Firstly internal communication on the platform
has to be established, using the sensors and actuators to get feedback on the state of
the robot for this purpose ROS is used as a framework for system communication. Per
the investigated methods for motion planning a decision is made to work with model
predictive control, given the robot available for the project being a non-holonomic robot
a non-linear model will be needed. From this arises the need of non-linear model pre-
dictive control(NMPC), so how can NMPC be implemented in a robotic system as a local
planner? A representation of the environment has to be established, representing the
various obstacles surrounding the robot, be they static or dynamic. This being necessary
to establish a controller capable of circumnavigating obstacles in its environmentHow
can an NMPC local planner be made to consider static and moving obstacles?

Given the project being developed as parallel work as part of the work done by the AAU-
HAMR-lab an important aspect is introduction of the developed product as a part of
the framework used by the HAMR-lab. Per implementation in the ROS framework the
guestion is posed ofHHow can an NMPC local planner be implemented on the robot as a
part of a navigation package?

Given the nature of the dynamic obstacles being human actors in the robot environment
the robot has to be able to navigate the environment considering various sociodynamic
factors, to ensure the comfort of people interacting with the robot in its environment.
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CHAPTERS

MODELLING

This Chapter will regard all the mathematical modelling done in this project. A non-
linear kinematic model is designed for the robot and a linear state-space model for the
pedestrians. These models will later be used in the local planner to predict the movement
of the pedestrians and make the robot move according to these predictions. In section 3.2,
the discretization method used in this project will also be described. After the models
for the movement of the robot and obstacles have been formulated the representation of
these obstacles is described. This representation is then used in the controller design for
the local planner such that the local planner can account for and avoid both moving and
static obstacles.

3.1 TIAGo Robot Model

The TIAGo robot is a di erential drive robot, which means it has two wheels mounted
on a common axis, and each wheel can move independently of each other. By varying the
velocities of each independent wheel, di erent trajectories can be achieved. The simple
kinematic model can be seen in Figure 3.1.

Figure 3.1: The di erential drive scheme of the robot.

In Figure 3.1 (x;y) denotes the local position of the robot in(X;Y ) global coordinate
system. is the di erence in orientation from the global coordinate frame.T is the track
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length of the di erential drive robot. The linear velocities v, and v, are the product of
the angular velocity of the wheels and the radius of the wheelg.

Vi=tilw (3.2)

Vi = 1y (3.2)

Due to the wheels being on a common axis the movement of the robot can be purely
rotational (v = v;) or translational (v, = v;). This can also be seen in Figure 3.2.

Figure 3.2: The pure translation or pure rotation of the robot given certain inputs [42].

Since the robot is a di erential drive robot and assuming no slip, there will be no lateral
velocity. The motion of the robot can then be described by longitudinal linear velocity
from the centre of the robot and the angular velocity. This linear velocity is formulated
as:

Vit vy
= 3.3
5 (3:3)
The angular velocity of the centre of the robot is de ned as:
Vr V|
I = 3.4
T (3.4)

Respectively, the change of positions in th& and Y direction in the global frame is given
as:
X = Vv cos() (3.5)

y=vsin() (3.6)
Moreover the change of orientation between the local frame and the global frame is de ned
by:

=1 (3.7)
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The continuous-time model in state-space form can be seen in Equation 3.8.

23 2 3
X v cos()

4y5 = 4y sin( )5 (3.8)
— !

The state-space model can then be reformulated with the input de ned in a separate

vector.

23 2 3
X cos() O

415 = 4sin( ) 05
_ 0 1

! (3.9)

3.2 Discretization of the model

The Runge-Kutta method is used to discretize the model of the robot; more speci cally,
the fourth order Runge-Kutta method is used. The Runge-Kutta method consists of
multiple iterative steps starting with the Euler method. The four steps can be seen in the
following Equation 3.10.

Kot = X0t S (k¥ 2ko ¥ 2ks 4 ko)
kl:Ts(AXn+ BUn)
ko= Ts (A (Xp + %)+ Buy,) (3.10)
o= To(A (o + 2)+ Buy)
Ks = Ts(A(Xn+ k3)+ Buyp)

Where k; to k, are the steps of the Runge-Kutta method; is the step sizeA is the
system matrix, B is the input matrix, x is the state, andu is the input. Substituting
these equations into each other gives the following expression for the numerical solution
to the next time step as shown in Equation 3.11.

T2 T3 T4

— S A2 s A3 S a4
2ooTa e (3.11)
S S S
+ TSI+7A+§A +EA B uj

This discretization method is simple to implement as well as fast and can be used for the
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robot model. The discretized model derived in this chapter will then be used in the local
planner designed in this project.

3.3 Pedestrian Model

The people/pedestrians are modelled to have constant velocity and moving linearly in
each time step. This moving obstacle will have a constant heading and variable velocity.
Using these parameters, a linear state-space model can be derived for the motion of the
obstacles.

ea o X 9y (312)

Yk+1 Yk sin
In Equation 3.12, M is the constant angle between the orientation of the obstacle and
the global frame.v™ denotes the velocity of the obstacles. This model can be expanded
to a ve-state model with varying velocity, radius and heading. If a perception package
for detecting people and estimating their position, heading and direction is implemented.
The varying radius of the obstacle could then represent the uncertainty in the estimation.
However, due to the fact that a perception package tting the needs of this project is not
available, the two-state model in Equation 3.12 is implemented.

3.4 Moving Obstacle Representation

Mobile robots equipped with various sensors can detect their environment, and analyze

the measured data in order make decisions. For service robots that are running in a

dynamic environment populated with pedestrians it is essential to consider these obstacles
to circumnavigate them. This Section revolves around how obstacles can be represented
so they can be used in the path planning algorithms.

(a) An encirclement that is slightly larger (b) A variable safety boundary is employed
than the shoulder width of a person. around the robot footprint

Figure 3.3: Representation of the moving obstacles around pedestrians and the consider-
ation of safety boundaryS, around the robot perimeter which acts as an extension of the
robot radius r®,
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One of the most trivial representation of an obstacle is the point-shape obstacles where
the obstacle considered as a point with a radius that determines the size of it. To represent
pedestrians in a two-dimensional map this is one of the primary methods. In Figure 3.3a,
an encirclement about the shoulder width of a person is used to represent the pedestrian
as a point-shape obstacle.

Using a convex structure for representing the moving obstacles is advantageous when
de ning the moving obstacle as a constraint. In Figure 3.3b, the robot footprint can be
seen with a safety boundary denoted &S, simply added onto the robot radiusr ™. The
robot will have a safety distance implemented to make sure that it does not get close to
any obstacle to avoid collision, and to prevent discomfort for the person moving in the
same space as the robot. This also compensates for some of the modelling uncertainties
such that the probability of collision is reduced. We are considering two main types of
obstacle. Moving obstacles are obstacles which have a heading and velocity while static
obstacles are xed, de ned as non-traversable positions in space.

The moving obstacles and the robot can be de ned as circles. When both are de ned as
circles, they can be constrained, as two points that have to have a set minimum distance
between them. The distance between the moving obstacle and the robot can be seen in
Figure 3.4.

Figure 3.4: The distanced™ between the robot and the moving obstacle

The distance in Figure 3.4 is denoted™, the radius of the moving obstacle is denoted
rm° . and the robot and safety boundary is denoted™ + S;. This distance can be set as
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a constraint, as seen in Equation 3.13.

dm  rP+ Sy rme (3.13)

The movement of these obstacles is described by the state space pedestrian model in Sec-
tion 3.3. The next Section will describe how the static obstacles are found and represented
in this thesis.

3.5 Static Obstacle Representaion

For identifying these obstacles, the robot has a costmap based on prior mapping of the
room, and the static obstacles in the environment during runtime. This costmap is then
converted to obstacles using the&ostmap_converter node. This node converts every
obstacle recognized in the environment to polygons, and thereby, the environment can be
perceived as a list of polygons to circumnavigate. There are several di erent plugins for
the costmap_converter these are listed below:

" CostmapToPolygonsDBSMCCH

" CostmapToPolygonsDBSConcaveHull
" CostmapToLinesDBSMCCH

" CostmapToLinesDBSRANSAC

The plugin used in this thesis is theCostmapToPolygonsDBSMQi@dause it creates simple
polygons out of the costmap. Three algorithms are used to create static obstacles from
the costmap. Firstly, a clustering algorithm is used to sort the costmap into clusters that
can be made into obstacles. Secondly, an algorithm creating a convex hull around these
clusters. Lastly, an algorithm which reduces the complexity of the polygons. The cluster-
ing algorithm used in this plugin is the Density-Based Spatial Clustering of Applications
with Noise(DBSCAN) [43] this will be described brie y in the following. DBSCAN sorts
points into three categories:core points reachable pointsand outliers. A parameter for
the neighbourhood of a point is denoted a& The classi cation is the following:

" A point pis acore point if at least minPts points are within the distance" of the
point p.

" A point g is directly reachable fromp if point g is within distance" from the core
point. Points can only be said to be directly reachable from core points.

" A point g is reachableif there is a path py;::;;p, with py = p and p, = ¢, where
eachp;.; is directly reachable fromp;.

" All points not reachable from any other point areoutliers.
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The parameters which can be tuned in this clustering algorithm are the neighbourhood
size, and theminPts required for a pointqto be classi ed as acore point An illustration
of the DBSCAN algorithm with minPts = 4 can be seen in Figure 3.5.

Figure 3.5: DBSCAN algorithm on a cluster of points with parameters = 0:3 and
minPts = 4 made in python.

Once the points have been sorted into clusters, the convex hull is computed using Sklan-
sky's algorithm(modi ed by S. Y. Shin and T. C. Woo) for nding a convex hull in linear
time [44]. The input to the algorithm is a set ofn points P = Vy; Vy;::5;V, 1, and the
output is a so-called"zipper". A zipper is a non-self-intersecting, concave chain of line
segments. Azipper for a set ofn points/vertices is denoted asZP R(Vy; V,). The algo-
rithm starts by choosing anextreme pointvertex to be the rst entry in the zipper. Then

the algorithm traverses the set of points/polygon in the clockwise direction and classi es
each point by one of the three cases:

" Case 1: vertex of the given set of points is added to the zipper
" Case 2: vertex of the set of points is not added to the zipper

" Case 3: zipper vertex is deleted

After complete traversal of the polygon/set of points, the constructedipper constitutes
the convex hull of the set of points. In order to classify each case, some de nitions have to
be made. A directed line segment belonging to thepper is de ned asL (Z; 1;Z;) where

Z; is the jth entry in the zipper. Another de nition is an edgeof P and can be denoted
asE(Vi; Vi+1), a directed line segment between two adjacent points. The algorithm looks
for points that are to the right of the line segments to determine whether it is aextreme
point of the set of points. In Algorithm 3.1, there are two checks to see if the point falls
to the right side of the line. If so, the point is added to thezipper. In the next iteration,
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the next point is checked. If the next point is to the left of the line segments, then it is
known that the last point was not anextreme pointand it is then deleted from the zipper,
and the new point is added to thezipper instead. This process iterates untiV; is reached
again.

Algorithm 3.1:  Sklansky's algorithm

Result: ZPR(Vo; V)
1 Vo ZooVi  Zi,] 1,9 1
2 while V,; 6 V, do

3 if Vg1 is to the right of L(Z; 1;Z;) then
4 if Vge1 is to the right of E(Vy 1;Z;) then
5 ooty
6 Zj Vq+1;
7 q g+1;
8 end
9 else
10 while Vg1 is on or to the right of L(Z; 1;Z;) do
11 qg g+1,;
12 end
13 end
14 end
15 else
16 while Z; 6 Vp and Z; 1 is not to the right of L(Z;; V4+1) dO
17 | ™
18 end
19 end
20 | I
21 Z Vi1
22 q g+1;
23 end

A Figure showing Sklansky's algorithm can be found in Appendix A Figure A.1. Once the
convex polygons have been created using this algorithm, they need to be reduced further
using the Ramer Douglas Peucker(RDP) algorithm for decimating a curve composed of
line segments to a similar curve with fewer points [45]. This algorithm takes in a set of
points on a curveC = ( Py; Py;:::; Py) and the distance dimensiorf where:

"> 0 (3.14)

This algorithm rst considers the simplest approximation possible, namely a straight line
betweenP; and P,. The point furthest from the line segment will then be selected as the
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rst point included in the set of points that make up the simpli ed curve. This can also
be seen in Figure 3.6.

Figure 3.6: The RDP algorithm called recursively on the line segments until all points
that are above the" will be included in the approximation [46].

This recursively nds the point furthest from the new line segment and adds it to the
simpli ed path. If a point is within the " distance from the simpli ed line, it is omitted
from the next iteration of the algorithm. So by merely giving an input number of points
and a certain”, a simpli ed curve/polygon can be constructed. Furthermore, the greater
the " distance is the lower the delity/resolution the curve/polygon will have. The result
of the costmap_converter can be seen in Figure 3.7.

Figure 3.7: A costmap conversion of the local costmap in RViZ, recorded by the robot.
The robot is facing upwards, with two cupboards as obstacles in the environment and a
wall of the environment. Original costmap in cyan and the polygon obstacles in green
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Using this polygon representation of the environment's obstacles, two di erent obstacle
representations were developed. One is a simpli ed obstacle representation, performed
by nding the centroid of the polygons making up the obstacles in the environment and
encircling them, e ectively turning them into circles. The other is to calculate the closest
point in each polygon to the robot, thereby simply knowing how far to stay away from
that point at any given time.

3.5.1 Polygon Centroid Representation

The polygon centroid representation method is used to simplify the representation of
static obstacles, through taking obstacles from a polygonal shape and turning them into
circles. The rst step in creating the encircled polygons is to nd the area of the given
polygon, calculated by Equation 3.15. [47]

Kso

XY XY (3.15)
i=1
Herein x° and y7° denote the position of thei'th vertex of the polygon, ng, being the
maximum number of vertices for the given polygon. Once having the area of the poly-
gon, the next step is to calculate the rst moments of the polygon, giving the position
(xcent; yeent) of the centroid.

7 Z

XCent — ai XSO dXSO dySO — asi XSOySO dXSO

o] R 0 b
1 Xso SO SO SO SO so, ,S0 (3.16)
= 6o (X721 + X)Xy X7%Yi°1)
0 =1

7 Z

ycent — asi ySO dXSO dySO — asi XSOySO dXSO
0 R 0O b

(3.17)

(Y201 + Y0y x7oy°)
=1

62 |

Herein R being the region of the polygonp is the border of the polygon andas, again

is the area. After the centroid has been found, in order to nd the radius that encircles
the whole polygon, the distance between the centroid of the polygon, and the vertices is
calculated in Equation 3.18.

geent = b (xcent  xS0)2 4 (ycent  yS0)2 (3.18)

Comparing all the distancesd®™, the longest distance is used as the radius of the circle
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rs¢ = max(d®") made to encircle the obstacle.

For smaller obstacles, di erent centroid calculation is implemented, speci cally for obsta-

cles small enough to constitute just one point. The method used in this case is simply
de ning the point obstacles as their centroid and assigning a minimum size to them to
make sure at least a minimum distance is kept from them.

A representation of the polygon centroid method, as implemented in MATLAB, can be

seen in Figure 3.8.

Figure 3.8: The polygon centroid method for static obstacle representation. The circles
encompassing the polygons show the altered obstacles (green). The circles with a cyan
horizon are moving obstacles and the red horizon belongs to the robot.

3.5.2 Closest Point of Polygon Representation

In this Section, an unprecedented obstacle representation, called the closest point of poly-
gon obstacle method for static obstacles, is explained. This method takes the polygon-
shaped obstacles to form th&€ostmap_converter plugin and instead of calculating the
centroid and encircle the polygon which in ates the real occupied area as was done in the
centroid representation (Section 3.5.1), it takes only the closest part of the obstacle at
any time into account.

Firstly, the polygon obstacles are evaluated per the number of considered polygons and
how many vertices they have. The NMPC local planner only consider a limited number
of static obstacles, denoted a8, from the local costmap. The reason behind this is
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because the proposed method is computationally heavy, compared to the centroid polygon
representation. Another di erence compared to the previously introduced method is, that
by considering only the closest point of the polygon to the robot position, the obstacle
radius is neglected (™ = 0) and the distance between the obstacle and the robot are
directly measured to the side of the polygon as it is shown in Figure 3.9.

Figure 3.9: Closest point to polygon representation method showing the distance be-
tween the closest point and the robot. The green polygon is the polygon provided by
the costmap_converter while the black triangle is the maximum three sided polygon
considered by the NMPC local planner.

The NMPC local planner runs the algorithm, calledClosestPoint2Polygon , pre-
sented in Algorithm 3.2 in order to nd the closest point of the polygon edge. Using
this point to set the constraints for the optimal control problem which keeps the distance
between the robot and the closest point of the polygorxf; y¢'). The method to set these
constraints is explained in Section 4.5.2.

The polygon obstacles given to th€losestPoint2Polygon algorithm has to come in a
special form. The obstacles provided by theostmap_converter are polygons represented
simply by their vertices, which has to be reduced in order to decrease the computational
burden. An algorithm called ClosestNTriangle nds the closest ng, polygons by
the measured distances to the polygon centroids provided by tiolygonCentroid
algorithm. This function also calculates the distance between the robot and each of
the polygon vertices in order to nd the three closest ones, e ectively reducing complex
polygons to three sided triangles. Sometimes theostmap_converter provides point
and line shape obstacles. These have to be handled di erently compared to polygons
with more vertices. The output of the ClosestNTriangle algorithm is the polygons
converted into a vector with the following 6 element:

X% = [XT Y X2 Y2 i X3 Y3 (3.19)

In Equation 3.19 the values X°; y*°) wherei = 1;2; 3 are the calculated closest vertices.
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In the special cases when the polygons provided by tlwwstmap_converter are lines
the values of &3° y3°) are lled up with zeros, since they will be neglected. In the case
of the point obstacles only the X3°; y3°) values are lled with the position of the point
obstacle while the rest are zeros. The algorithr€losestNTriangle includes as an
extra output S%°, called state size, which includes a number 1,2 or 3, de ning the polygon
complexity. Both the vector x*° and the variable S*° along with the current robot pose

x 0P = xrob.yrob - are required inputs for Algorithm 3.2 in order to calculate the closest
point to the robot.

Algorithm 3.2: ClosestPoint2Polygon algorithm
Input - xS0 = [Xio- yio- Xgo- ygo- Xgo- ygo- ] - GSO- rob — Xrob- yrob
Output:  x¢;y¢

1 Function ClosestPoint2LineSegment (XR; YR XA YA XB:YB):
2 dag XB XA,

3 dag, VB Ya;

4 dar, XrR  Xa,

5 dar, YR VYa;

6 St Max(0:00% dig, + dig);

7 dotag Ar  Oa, dar, + dag, Oar,;

R . dot .
8 Pgirr  Max(0; min(1; %)),
9 | Xa  Xa+ dag, Puitf

10 Yo Yat dag, Puitf ;
11 return  Xq; Yo

12 if S%° < 3then

13 if S%°< 2then

||y e

15 else

16 \ x;y¢  ClosestPoint2LineSegment(™°; y"P; x$°; y5°; x5°; y5°)
17 end

18 else

19 | Xpi;Yp1 ClosestPoint2LineSegmer(k™P; y™P; x5°; y5°; x5% y5°);
20 | Xp2;Yp2 ClosestPoint2LineSegmerfk™P; y™P; x5°; ys°; x5% y5°);
21 Xp3; Yp3 ,ClosestPoint2LineSegmeifk™®; y™°; x$%; y5°; x5°; y5°);

22 dist, (me Xpl)2 + (yrob Yp1)2;

23 dist, (XrOb sz)2 + (yrob Yp2)2;

24 dists (me Xp3)2 + (yrob yp3)2;

25 x:ye MinSearch(disty; dist,; dists);

26 end

The ClosestPoint2Polygon algorithm classi es the polygons by the number of ver-
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tices. For single-point obstacles the closest point is the point itself. For lines (two vertices)
the ClosestPoint2LineSegment algorithm nds the closest point to the line segment
by considering the vector from the start to the end of the lin&B and the vector from the
start of the line to the robot position AR. The square of the magnitude of the vectofB ,
denoted with sgg , is calculated. This square is given a minimum value of 0.001 to avoid
division by 0 in the case of the polygon vertices coinciding due to some error related to
costmap_converter giving the rst and last vertices as the same position. The scaling
factor pgits is then calculated by dividing the dot product of the vectorsAB AR with the
squared magnitude $0\g ). By adding the dot product AB pgits to the starting point of
the line, the closest point on the line segment is calculated.

For the three sided polygon obstacles, th€losestPoint2LineSegment function is
simply performed for each line segment constituting the polygon. The distance between
the robot and each point is evaluated, to determine which one is the closest poirt'( yo).
Algorithm 3.2 has been develop and implemented into the NMPC local planner. The
MATLAB simulation in Figure 3.10 show how the closest point to polygon representation
works in practice.

Figure 3.10: An environment with moving obstacles represented by circles (cyan), and
static obstacles represented as polygons (magenta), the black polygons being the ones
currently considered by the NMPC. The red horizon being the robot prediction horizon.
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NMPC LOCAL PLANNER

This chapter focuses on the formulation of a Non-linear Model Predictive Control (NMPC)
problem developed for the local planning of the TIAGo robot. The general ideas of sta-
bilization and tracking NMPC formulations are derived from [28]. Firstly, the principal
ideas and advantages of an NMPC local planner will be explained in Section 4.1. Sec-
ondly, the basic formulation of an optimal control problem is introduced in Section 4.2. In
Section 4.3, the basic NMPC algorithm is derived for set point stabilization and trajectory
tracking problems. Later in Section 4.4 the discretization of the NMPC is investigated. In
addition, in this Section an improved direct approach called the direct multiple shooting
method, which was proposed by Bock and Plitt in ([48] is explained, in order to han-
dle non-linear propagation, which makes the system predictions highly non-linear. This
method overcomes this issue by lifting of the previously used direct approach, called the
direct single shooting method, which is used in the NMPC formulations in Section 4.3.
Furthermore, in Section 4.5, constraints on the states and inputs of the optimal control
problem are de ned along with the static and moving obstacle constraints for dynamic ob-
stacle avoidance. Finally, the Section 4.6 summarizes the previously introduced methods
and presents the nal formulation used for the NMPC path planning algorithm.

4.1 Introduction of NMPC Local Planner

In this thesis, the NMPC is applied as a local planner in the TIAGo robot's navigation
algorithm. The local planner should receive the calculated global trajectory, which is an
optimal path calculated by a di erent type of path planning algorithm like A or RRT
provided by the global planner. The local planner will generate the velocity commands to
the TIAGo velocity controller in order to follow the globally desired reference trajectory
while satisfying constraints and avoiding obstacles.

A path planner which utilizes an MPC scheme can be solved by integrating the MPC
into an advanced global planner (RRT) which also executes the control commands to the
vehicle, using a small segment of the predicted trajectory in the MPC's optimal control
problem like as it was introduced in [49]. However, the disadvantage of this solution is
the computational burden. Instead, the solution proposed in this thesis is an NMPC
local planner that takes a small segment of the globally optimal trajectory provided by
the global planner algorithm and computes the velocity commands that accounts for
constraints while avoiding collision with obstacles.
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When moving in an environment with dynamic obstacles, it is desirable to predict the
future motion of the robot in order to navigate optimally. The NMPC problem is an
advanced optimization-based method which allows nding the most optimal trajectory
for the robot's future motion by minimizing a cost function. However, this is not the
only reasons why an NMPC Local planner is the focus of this research. Generally, one
of the main reasons behind the success of all MPC formulation is the ability to take
constraints into account explicitly. This allows consideration of di erent constraints at
each prediction. It follows that by assuming that the future movement of a pedestrian is
also predictable, an NMPC local planner would be able to consider these predictions and
set the constraints in order to avoid the pedestrian in an optimal and socially acceptable
manner.

4.2 Optimal control problem

The idea of a predictive local planning strategy is to utilize an iterative optimization
method in order to compute the control inputs, that will ensure an optimal future be-
haviour of the robot motion model. Optimal control problems(OCP) are used in many
industrial applications, for example in design and operation of technical systems such as
large scale heating, ventilation and cooling(HVAC) systems, bridges, aircraft and cars.
In dynamic optimization or optimal control, solutions are sought for decision-making
problems constrained by ordinary di erential equations (ODE). A basic optimal control
problem constrained by an ODE is de ned as follows:

Zy

minimize L(x(t);u(t); p)dt
x()u()ip 0

x(t) = f(x(t);u(t);p); , (4.1)
subjectto u(t)2U; x(t)2X; t2[0N]
x(0) 2 Xo; p2P

wherex (t) 2 R"™ is the di erential states, u(t) 2 R" is the control inputs, andp 2 R"r

is a vector of free parameters in the model. In this consideration, the OCP has a Lagrange
term (L) and an ODE with initial conditions X,. Furthermore, there are admissible sets
for the states X, control U and parametersP.

The OCP can be e ciently solved by a direct approach, where the OCP in Equation 4.1
is transcribed into a non-linear program (NLP)
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minimize J()
| (4.2)
subject to g!!)=0; ! 2W

where! 2 R™ is the decision variable,] is the objective function, andW is the interval
set. Genarally, in NLP problems we are looking for the optimal value f which minimizes
the objective J(! ):

I = argmin (4.3)

W

There are several solvers that can be used to solve an NLP problem in order to obtain
the optimal decision variable! ? but these are out of scope of this thesis. The devel-

oped NMPC local planner solves the NLP problems by a solution called interior point

optimization (IPOPT), proposed by A. Wéachter in [50]

4.3 Formulation of the NMPC Algorithm

Since the system model introduced in Chapter 3 is a non-linear model, this thesis focuses
on designing an NMPC controller. NMPC is an advanced optimization-based method
for feedback control of non-linear systems. Similarly to linear MPC formulation, it can
be used in a variety of di erent applications. It is generally used to control complex or
multiple input multiple output systems in which predicting the future behaviour of the
system is essential. However, it is primarily used for stabilization and tracking problems
which were introduced in Section 2.3.

The general idea of the NMPC scheme is the following: at each discrete time instant
we optimize the predicted future behaviour of the system for some nite horizok =
0;::;;N 1 of length N 2 and then use the rst element of the resulting optimal
control horizon as input to the system. The statex(n) are considered in a closed set
x(n) 2 X R™ with 02 X and the control inputs are in a compact seu(n) 2U R"
where0 2 U. The NMPC utilizes the non-linear system model in order to predict and
optimize the future system behaviour. The general non-linear control system model in
discrete time form is:

X" =f(x;u) (4.4)

where thef : X U !X is the transition map that assigns the statex™ 2 X at the
next sampling time to each pair of statex 2 X and control valueu 2 U.

In order to be able to react to the current deviation ofx (n) from the referencex'', the
control input u(n) has to be de ned in feedback formu(n) = (x(n)) for some map ,

29



CHAPTER 4. NMPC LOCAL PLANNER CA10-1032

mapping the statex(n) 2 X into the set U of control values.
In other words, the feedback law of the NMPC problem formulated as : X ' U  with
the assumption that the resulting closed-loop system satis es:

x*=1f(x; (x)) (4.5)

wheref is the same as in Equation 4.4. In the following Equation 4.5 will be called a
nominal closed-loop system.

In the case of the NMPC, which is based on the system model presented in Chapter 3,
the model includes the following states:

X=[xvy T X 2 R® (4.6)

wherex andy denote the position of the robot in the local coordinate frame whileis the
di erence between the orientation of the map coordinate frame and the local coordinate
frame. The control value spacd&J is described by the following:

U=[v I U 2 R? (4.7)

wherev and! are the linear and angular velocities, respectively.

In this thesis, two di erent problem formulations were considered. The rst one is the set

point stabilization NMPC, where the reference value is constant. Secondly, a trajectory
tracking problem where the NMPC is formulated by a time-varying reference which is
detailed further in Section 4.3.2.

In order to explain the concept of the NMPC design, rstly the problem will be considered

as a set point stabilization problem.

4.3.1 Set Point Stabilization NMPC
In NMPC formulation we are talking about set point stabilization problems if the reference
value is:

x®  x 2X (4.8)

wherex is constant.

The prerequisite for stabilizing the system ak by the feedback law is that the reference
value x has to be the equilibrium of Equation 4.5, the nominal closed-loop system, while
satisfying the required condition where sucli 2 U control value exists, where:

x =f(x ;u) (4.9)

Since NMPC is predictive control, it uses the non-linear system model in order to predict
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and optimize future system behaviour. In order to di erentiate the real state and control
variables x (n), u(n) from the predicted variables, the latter are denoted ag(n) and
u(n). Starting from the current state x(n) for the control sequenceu(0);::;;u(N 1)
where N 2 is the length of the prediction horizon, the prediction trajectory can be
constructed as:

x(0) = x(n); x(k+1)= f(x(k);u(k)); k=0;:;N 1 (4.10)

by iterating with Equation 4.4. By this iterative method, the x (k) state prediction is
obtained for the statex(n + k) at time t,. in the future. Also, based on the chosen
control sequencai (0);::;;u(N 1) the prediction of the system behaviour is obtained on
the discrete-time intervalt,; ;i then

In order to decide the optimal control sequenca (0);::;;u(N 1) that results in states
x (k) approaching the reference value (set poin®) for k =0;::;;N 1 a minimization of
a cost function is used. This cost function penalizes the state ernof™ betweenx (n) and
x . Furthermore, it can penalize the deviation of the control values (k) to the reference
control u . A common choice for this cost function (x (k); u(k)) is a quadratic function
that satis es following condition:

‘(x ;u)=0 and “(x;u)>0 forallx 2X;u 2U with x 6 x (4.11)

Such a quadratic function for set point stabilization NMPC local planner is formulated
as,

“(x(K);u (k) = kx®T(K)kg, + ku(K)ka + Kk u(k)kg,

4.12
= Q™x*(kQ+RTU(KR+W T u(k)W #12)

wherek k denotes the Euclidean norm. The state errax®" (k) de ned as,
xeT (k)= x(k) x*® =[" "y, T (4.13)

where"y, "y and " are the positions and heading errors. In Equation 4.12u (k) is the
change in control input and de ned as the following:

u(k)= u(k) u(k+1) (4.14)

In Equation 4.12, the weighting cost matrice®), R, W 0 are positive semi-de nite in
order to guarantee that the cost is always positive semi-de nite. These cost matrices are
considered as weights on the state error vectar®" , control inputs u and the change of
control inputs  u, respectively.

Given such a cost function respect to Equation 4.12 along the prediction horizoly 2
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formulates the NMPC scheme algorithm. The optimal control problem (OCP) in this
algorithm has to respect all admissible control sequencag0);::;;u(N 1) with x gen-
erated by Equation 4.10. Here admissible means that there are a set of control sequences
UN(xo) U N which includes constraints depending on the initial value .

In the case of the NMPC local planner, several constraints will be considered, which will
be explained in Section 4.5. For now, simply assume an unconstrained scenario where
UN(xo) U N forall xg2X.

Also, note that here direct single shooting is applied as optimal control method where
the optimal state trajectory x( ) is not included in the optimization parameters of the
OCP, leaving onlyu( ) to be the decision variable of the NLP. In this case, the set point
stabilization NMPC scheme performs predictions at each sampling tintg;n =0;1; 2; :::

via the solution of the optimal control problem.

Algorithm 4.1:  set point stabilization NMPC scheme

1 Measuring the statex(n) 2 X ;
2 SetXxg := x(n), solve the optimal control problem

D( 1
minimize J(Xo;u()) = “(x(K; x0); u(k))
u()2UN (xo) ‘0
subject to;  x(0;x0) = Xo; x((k+1);Xo) = f(x(kixo);u(k))
obtain the optimal control sequence byi?() 2 U"(Xo);
3 Get NMPC-feedback value (x(n)) := u?(0) 2 U and use it in the next sampling
period

(4.15)

In Algorithm 4.1, the optimal control sequenceu?( ) is calculated using the state infor-
mation x (n) at sampling time t, assuming that such aru? exist. At each sampling time
tn, the future behaviour of the system is predicted over the horizon ¢f,;t, + N] by
computing the optimal input u?().

The NMPC local planner is running on a xed rate between each new time samptg
which results in a set time span between separate path planning. During that time, the
rst optimal control input u?(0) is applied to the system. When a new iteration starts
the prediction horizon shifts forward to[t,+1;th+1 + N].

Note that in Algorithm 4.1, the constraints are not considered. The constraints will be
detailed further in Section 4.5. The next Section will introduce NMPC local planning
problem with the consideration of varying reference.

4.3.2 Trajectory Tracking NMPC

If the NMPC is formulated by considering a time varying reference, the problem is called
a tracking problem. In an NMPC with a non-constant referenc& " (n) it is assumed that
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x 2 X is the equilibrium of the nominal closed-loop system for corresponding control
valueu 2 U. In this case,x' can then be de ned as:

X" (n) = xyrer (N X0) (4.16)

wherex o = x'" (0) and some suitable reference in nite horizon control sequenaé&’ () 2
U (xo). When the reference is not constant, th&'™ () and u™f () has to be taken into
account when formulating the cost function'. In such a time-varying case, the cost for
the reference becomes:

“(n:x™ (n);u™ (n)=0 8n2 N (4.17)

and,
‘(n;x;u)>0 8n2Ng x2X;u2Uwithx 6 x"™ (n) (4.18)

where X and U are the set of states and control inputs, respectivelyNg is the set of
natural numbers, including 0. Applying the same motive as in Section 4.3.1 the quadratic
function for a trajectory tracking NMPC local planner is de ned as:
“(nyx;u) = kx®T(n)kg, + ku® (n)KE + k- u(n)kg, (4.19)
whereQ; R; W 0 are positive semi-de nite weighting matrices. The state errox " (n)
is de ned as:
xeT(n)= x x" (n): (4.20)

The error on the control input u®" (n) is:

ut(n)=u u'(n) (4.21)

and the change in the control input u(n) de ned as:

u(n)=u(n) u(n+1) (4.22)

For eachk = 0;::;;N 1, the prediction x (k;xg) with xo = x(n) used in the NMPC
algorithm now becomes a prediction of the closed-loop statgn + k). This prediction
should be close to the desired reference stat&’ (n+ k). Therefore the predictionx (k; X o)
is used in the cost function de ned in Equation 4.19. This leads to the following algorithm
for minimizing the set of control sequenceS™ (xo) in the horizonk = 0;::;N 1.
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Algorithm 4.2: trajectory tracking NMPC scheme

1 Measuring the statex(n) 2 X ;
2 SetXg := x(n), solve the optimal control problem

D( 1
minimize J(n;Xo;u()) := “(n+ Kk;x(k; xo);u(k))
u()2UN (xo) K0
subject to; x(0;Xo) = Xo;  X((k+1);%0) = f (x(k;xo);u(k))
obtain the optimal control sequence byi?() 2 U"(xo);
3 Get NMPC-feedback value (x(n)):= u?(0) 2 U and use it in the next sampling
period

(4.23)

In Algorithm 4.2 the optimal control sequenceu?() is calculated using the state infor-
mation x (n) at sampling time t, assuming that such au”’ exist. At each sampling time
tn, the future behaviour of the system is predicted over the horizon ¢f,;t, + N] by
computing the optimal input u’().

Similarly, as is the case for the set point NMPC scheme (Algorithm 4.1), direct single
shooting is applied as optimal control method where the optimal state trajectory ()

is not included in the optimization parameters of the OCP, leaving only thei( ) as the
decision variable of the NPL. In addition, remark that the OCP in Algorithm 4.2 is
reduced to Algorithm 4.1 if " is not dependent om. Moreover, Algorithm 4.2 is free from
constraints; this is further explained in Section 4.5.

4.4 Discretization of NMPC

The previous sections (Section 4.3.1, 4.3.2) explained how the optimal solutiofk; X o)

of a discrete-time system (Equation 4.4) from the OCP could be obtained using numerical
methods for di erential equations, but not how the minimization problem in the OCP
can be solved.

In particular, how the OCP problem (Equation 4.1) can be reformulated into an NLP
problem (Equation 4.2)

Even though OCP is already considered as a discrete-time problem, the process to turn
it into an NLP problem is called discretization.

There are several methods for discretization, but for now, concentrate on direct methods
which are by far the most popular class of algorithms in NMPC applications. In these
methods, the OCP is transformed into a static optimization problem which can then be
solved by NLP algorithms.
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4.4.1 Direct optimal control methods

Popular direct approaches or direct optimal control methods can be distinguished into
main families. The rst one is the sequential approach, represented as direct single shoot-
ing method where the state trajectory is not included in the decision variables, leaving
the control trajectory a set of free parameters to be determined by the NLP solver.

The second approach is the simultaneous approach where the state trajectory is estimated
by polynomials whose coe cients are determined by the NLP solver. One of the rst
simultaneous approaches is the direct collocation approach which was presented by Lynn
in [51].

A hybrid solution between the sequential and simultaneous approaches is the direct mul-
tiple shooting method, proposed by Bock and Plitt in ([48], [52]). This method has some
important aspect of the simultaneous approach, which makes it able to handle unstable
systems, while avoiding storing the whole state trajectory in the problem formulation.
For the NMPC local planner, the direct multiple shooting has been considered and im-
plemented.

4.4.2 Direct multiple shooting discretization

The previously used method in Algorithm 4.1 and 4.2 was called direct single shooting
method whereu () was the only optimization variable in the NLP. Generally, this means
that the discretization occurs only at the rst entry of the OCP when x(0;xo) = Xo.
This is called a shooting point. The main drawback of this method is the non-linear
propagation, which means that the integrator function tends to become highly non-linear
for long horizonsN .

As it was mentioned before, direct multiple shooting is a hybrid solution between the
sequential and simultaneous approaches. It is also called lifted single shooting. The
principal idea of this method is to include some or all component stateg ) as independent
optimization variables in the problem. This means that the optimization variables in
the NLP problem are formulated as:

= u);:nu(N 1) x(0;x0) : X (N; xo) T (4.24)

where
X(k+1;x0) = f(x(k;Xo);u(k)) (4.25)

with the initial condition x(0;Xg) = Xo.
In order to ensure the optimal solution of the NLP, an extra equality constraint has to be
applied at each optimization (shooting) step which satis es the system dynamic.

X(K+1;%x9) f(x(k;xo);u(k)=0; k=0;:;N 1 (4.26)
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The direct multiple shooting is called lifted single shooting because by reformulating
the system, by adding the predicted statex as decision variables and considering an
extra equality constraint (Equation 4.26) where the di erence between the actual state
x(k +1;xo) and the predicted statef (x (k;xo); u(k)) represents the system model and
applying it at every prediction stepk =0;::;; N 1 or shooting step.

By increasing the number of decision variables the dimensionality of the NLP grows, since
it increases the number of optimization variables in the problem, in exchange for a less
non linear system model, which often results in a smaller NLP problem that can be solved
faster. Also by addingx as decision variable it gives an opportunity to initialize by state
trajectory.

4.5 Constraints

One of the signi cant successes of MPC is the ability to take constraints into account
explicitly. In this Section, the di erent considerations of constraints are explained. Firstly,
the constraints on the states which are considered to be bounded by the local costmap.
Secondly, the constraints on the control inputs that are limited due to the robot technical
properties but also has a great in uence on the robot motion and performance as a tuning
parameter. In Section 4.5.2 the constraints for collision avoidance with static obstacles
are detailed. Finally, Section 4.5.3, shows how an NMPC local planner can use the
predictions from moving obstacles and apply di erent constraint at each prediction in
order to consider only the admissible trajectories.

4.5.1 Constraints on States and Inputs

It is a common practice to de ne the constraints both on the states and on the control in-
puts. To do so, the admissible states are understood a2 X, where the set of admissible
states areX X . Furthermore, u 2 U(x) is considered as the admissible control values
for x, where the set of admissible control values I9(x) U . By introducing these sets
and using a control system like in Equation 4.4 it is possible to calculate with the OCP
problem where the states and control inputs are constrained by and U(x), respectively.
Such a control system should have the following control sequence and the corresponding
trajectory:

u(k) 2 U(x(k;xo)) and x(k+1;xg)2 X forall k=0;:;N 1 (4.27)

whereN 2 N and X, 2 X is an initial value. Hereu 2 UN control sequence with the
trajectory x(k;Xxo) is admissible forx, up to time N if its hold for k = 0;::;; N 1.
Also, an assumption should be considered where for eact2 X exist au 2 U(x) where
f(x;u) 2 X holds. This is an essential assumption in order to ensure feasibility. The

36



CA10-1032 CHAPTER 4. NMPC LOCAL PLANNER

OCP is called feasible foxq if the set of admissible control sequencés (x,) for xo up

to N over which the OCP is optimized is nonempty.

In the case of NMPC handling, these constraints are straightforward because these can
directly be inserted into Algorithm 4.1 or Algorithm 4.2.

Figure 4.1: Dimensions of the costmap of the robot's current state

In the case of the NMPC local planner, the set of admissible statéscan be considered
as unconstrained if there are no margins on the mapx{y) can reach any value) and
the robot can turn towards any direction (). Another concept is to limit the admissible
positions (x, y) to the size of the local costmap. This method neglects all the spaces that
the sensor measurements do not consider. In this case, the local planner will not consider
solutions where the robot ends up in an undetected area. Most of the local planners like
DWA or TEB do not consider those areas either. The parameters for the height and
width of the costmap are denoted a$.m, Wenm, and they are measured from the current
position of the robot (xq, yo). For better understanding, Figure 4.1 shows the boundary
of the costmap around the robot's current statex .

To de ne the set of admissible states for this application the upper and lower bounds on
the state variablex are de ned as:

Xmax = Xo+ hem €O o) + Wem SIN( o)

. 4.28
Xmin = Xo hem COS( O) Wem Sln( 0) ( )

where theXmax, Xmin are the upper and lower bound of the state variablg respectively.
Similarly the upper and lower bounds ¥max, Ymin ) ON the state variabley are calculated
as:
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ymax = yO + hcm Sin( 0) + Wem COi O)

. 4.29
ymin = yO hcm Sm( 0) Wem COi 0) ( )

In this concept, the is still unconstrained. The set of admissible states in the NMPC
local planning problem are de ned as the following:

2 3 2 3
Xmin Xmax
x 2 X where X =4y, 5 X 4ypngd (4.30)
1 1

The control values are constrained by the maximum and minimum velocity commands
that should be applied to the robot. In this case, the set of admissible control values
UN(x) are the following:

u2UV(x) where U:= IV""” U 'Vmax (4.31)
* min * max

Where the v and v, are the maximum and minimum linear velocities control inputs
while ! hax and ! i, are the maximum and minimum angular velocity control inputs,
respectively. Note that the minimum angular velocity control input should bée i, =

I max Since the robot should be able to turn to both directions equally. Furthermore,
if vmin = O then the NMPC local planner neglects all solutions, where the robot moves
backwards. This can be useful since the TIAGo Base and Steel do not proper rear facing
sensing capabilities for sensing the area behind the robot, while they are di erential
driven robots which makes them capable of turning back by rotating in placev 0;! 6
0). Moreover, since the objective function (Equation 4.19) does not penalize backwards
motion vpin < 0, once the robot started to move backwards it usually continues its motion
this way for extended periods, due to costs on turning, which is not preferable due to the
sensor arrangement problem.

45.2 Static Obstacle Constraints

An essential property of a local planner is that it calculates velocity control inputs that
respect obstacles and avoids collision between them and the robot. The global planner
calculates an optimal path based on a previously mapped area that the local planner
should follow. However, sometimes the environment changes which results in the appear-
ance of new obstacles. In addition, if the reference that the local planner follows is only
one point of the globally optimal path, an obstacle-free path is not guaranteed between
the robot and the reference point. It is expected of the local planner to overcome these
challenges, circumnavigate the obstacles and avoid a collision.
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Figure 4.2: Scenario with two static obstaclesd; and O;)

NMPC is suited to handle obstacles as constraints and directly insert them into the OCP.
In this report two di erent static obstacle representation were considered: the polygon
centroid representation (Section 3.5.1) and the closes point of polygon representation
(Section 3.5.2). In both cases, the nal goal is the same: keeping the current and predicted
states far enough from speci ¢ points of the polygon-shaped static obstacles by neglecting
the unwanted states from the set of admissible states.

For better understanding, a scenario was created, which illustrates a simpli ed problem
in Figure 4.2. In this scenario, two obstacles are considere@; in the position (x5°; y5°)
and O, in the position (x3°; y5°) as point obstacles with the radiug 3° and r3° respectively.
These obstacles are placed in the area between the current statg= [ Xo; Yo; O]T of the
robot and the reference statex™' .

The set point stabilization NMPC local planner should predict a collision-free trajectory

X (K; X o) from xo up to the horizon N if it holds for k = 0;:::;;N 1 by minimizing the
state errorx ®" in the cost function from Equation 4.12. In order to minimize the distance
betweenx, and x " while respecting the obstacles, further constraints have to be de ned,
ensuring that the robot cannot move into areas occupied by static obstacles.

The distancesd;® and d3° to the obstacles play an essential role in collision avoidance.
These distances can be calculated by the Euclidean distance between the trajectory
X(K;Xo) = XYk « " and the obstacle positions as follows:

= P G X7 (Ve Y 4.32)

where the notation ; denotes thek'th prediction of the NMPC scheme and thei'th
obstacle consideration. These distances should not be smaller than the sum of the robot
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radius and the radius of the obstacles.

R (4.33)

By combining Equation 4.32 and Equation 4.33, the following inequality constraints can
be de ned:

G*(k;i) = P (X2 + (Y Y2+ ®+r¥® 0 (4.34)

forallk=0;::;N landi=0;::; ne.

As mentioned before, the NMPC local planner implementation considers two di erent
static obstacle representation. The rst one is the polygon centroid representation, where
the centroid position of thei'th polygon obstacle ", y*¢") is calculated by Equation
3.16 and 3.17. In addition, the minimum radius*° that encircles all the vertices of the'th
polygon from the centroid is de ned (Equation 3.18). This representation is equivalent
to the scenario from Figure 4.2.

The second representation is the closest point to the polygon method, which di ers from
the previous example. In this method, the closest point on the polygon edge has to be
de ned in relation to the robot position. There are several di culties with this concept.
First of all, the closest point on the polygon is a varying parameter between each predic-
tion, since by predicting a trajectory x (k; xo) at eachk = 0;::;;N 1 the closest point
of the i'th polygon (x5 ; yg:) might be in a di erent position at each prediction. Another

di culty is that the closest point between a point and a polygon calculated by the Algo-
rithm 3.2 presented in Section 3.5.2, can be de ned only by an algorithm which includes
conditional statements since it is dependent on the number of vertices of the polygon. This
is why every polygon is reduced into a three-sided polygon by tli@osestNTriangle
algorithm presented in Section 3.5.2.

By the mentioned assumption, the closest point of the polygoix{; ; yg) at each prediction

k can be calculated by theClosestPoint2Polygon (Algorithm 3.2) to the predicted
trajectory by x(k;Xo) = Xk;Yk; « and the distance between them can be de ned as:

q
= O X@2H (v Y92 (4.35)

In this method the radius of the polygon ig° = 0, so a consideration of a safety boundary
Sy was necessary to keep some distance between the robot and the closest point. In this
case the constraints can be de ned as follows:

q
GOokii) = (e X2)ZH(W YEZH I+ S, O (4.36)
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4.5.3 Moving Obstacle Constraints

Moving obstacles are handled by the NMPC local planner similarly to the static obstacles.
For a better understanding, consider the following scenario in Figure 4.3.

Figure 4.3: Scenario with two moving obstacles; and O,)

In Figure 4.2, two obstacles are considered); and O, in the measured statex i =
X1 Yo T and X092 = Xo'2:Yos T respectively. Each obstacle has a constant rading°,
r5° and moving with a constant speed ", v3'° and orientation 7"°, 7'°. These obstacles
are placed in the area between the current state, = [Xo;Yo; o]’ of the robot and the
reference statex'' .
At every sampling time t,, the initial states of the moving obstacles prediction are up-
dating in regards to their measured statexgy = xgy. After that, by applying a forward
simulation, the future position of the moving obstacles are predicted:
KE= = T
’ Yiii Yoi sin( ™)
forallk=0;:;N  landi=1;::;nn Whereny,, is the number of considered moving
obstacles. It is essential thafls step size is the same as the one in the discretization of
the system model in Equation 3.10, since this guarantees that at each prediction instant
k the predicted elapsed time between each iteration is equivalent. The minimum distance
between the trajectoryx (k; xo)) and the predicted trajectories of moving obstacles}’’
has to comply with the following inequality:

(4.37)

P+ + s, (4.38)
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where ther™® is the robot radius, andSmao, is the safety boundary for moving obstacles.
Each distance can be calculated as the Euclidean distance between the two trajectories:

q

e = (e X@2H (Ve Yi)? (4.39)
The constraints for the moving obstacles in the OCP are formulated as following:
q
G™(k;i) := (X XPO)2+ (Y YIO)2+r P+ 1™+ S, 0 (4.40)

forallk=0;:;N landi=0;::ny. These constraints can be directly added to the
NMPC algorithms in Algorithm 4.1 or Algorithm 4.2.
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4.6 Summary of NMPC local planner

The following algorithm summarizes NMPC path planning algorithm:

Algorithm 4.3:  NMPC path planning algorithm

Input : x(n);x™M(n); xs°(n); x e
Output : u(n)
Parameter: N; Ts; hCm;Wcm; Vmax s Vmin ! min » ! max 1 Nsos Nmo Sb; dgt; Q; R ; W

1 while norm(xo x"") >dg do
2 Xo  X(n)
3 X{19..n,  Moving obstacle forward simulation fromx™°(n) (Equation 4.37)
4 if Centroid Polygon Methodthen
5 xeent. yeent-rso Calculate centroids8xs°(n) (Equation 3.16, 3.17, 3.18)
6 X0 e Moo mne,  ClOSEStNg 10 Xo
7 else
8 \ X0 e S0 ng,  ClOSestNTriangle  (Xo; X%°(n); Nso)
9 end
10 Solve OCP:
b( 1
minimize J(Xo;u()) := “(x(k; x); u(k))
u()2UN (xo) ‘o
x()2X
subject to x(0;Xo) = Xo
x(k+1;x0) f(x(k;xo);u(k))=0
u(k) 2 UN (x,) (Equation 4.30 8k2[O;N 1]
x (k) 2 X (Equation 4.3]) 8k 2 [O;N]
G™(k;i) 0 (Equation 4.40 8k 2 [O;N] 8i 2 [0; Nmo]
G*(k;i) 0 (Equation 4.34, 4.36 8k 2 [O;N] 8i 2 [0; ngo]
obtain the optimal control sequence by ()
11 u’(n) u’()
12 end
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CHAPTERD

SIMULATION

This chapter evaluates the di erent NMPC local planner designs from Chapter 4 based
upon the di culty of implementation and general performance in a simulated environ-
ment. Firstly, in Section 5.1 the di erent methods are implemented in MATLAB, then
the simulated controller designs are evaluated. The ones that perform the best will then
be implemented in Python and ROS and simulated using Gazebo in Section 5.2.

5.1 MATLAB Simulation

The NMPC local planner has rst been implemented and developed in the MATLAB
programming platform. Many iterations of the NMPC have been developed over the
course of the semester. As extensions of the original MPC concept or as new concepts
that would perform better in certain scenarios, for example, set point stabilization or
trajectory tracking. In addition, MATLAB has been used as a test-bench to test di erent
scenarios and for adding constraints and costs to the objective function. This section
will result in two advanced planning algorithms that can take both moving and static
obstacles into account.

Figure 5.1: The robot drew as a circle with a heading moving towards the goal with the
prediction horizon in red. The already travelled path is marked in blue.
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The rst NMPC developed is equivalent with the simpli ed example presented in Section
4.3.1 which only considers that the robot state has to reach a speci c target state or a
goal; this is also known as set-point stabilization. A simulation of this iteration of the
NMPC can be seen in Figure 5.1.

The rstimprovement upon this simple set-point stabilization (Algorithm 4.1 was 'lifting'.
Instead of using the direct single shooting discretization, a more advance method, called
direct multiple shooting, also known as 'lifted' single shoot, was implemented for more
information about the two methods, see Section 4.4.2. This method makes the NLP
problem formulation computationally more expensive but decreases the non-linearity of
the system model, which makes the NLP problem more sparse.

The next added functionality was static obstacles de ned in the constraints of the NMPC.
This was done with one obstacle, as seen in Figure 5.2a and later with multiple static
obstacles, as seen in Figure 5.2b.

(a) One static obstacle obstructing the way  (b) Multiple static obstacles obstructing the way
of the robot. of the robot.

Figure 5.2: NMPC path planning with static obstacles consideration as constraints, simu-
lated in MATLAB. The blue line is the driven trajectory, the red circles are the predicted
states with the robot footprint and the black circles with points in the middle are the
static obstacles

The next objective was to implement moving obstacles into the NMPC. Unlike the static
obstacles, these are the time-varying constraints whose predicted movement has to not
coincide with the predicted movement of the robot. Much like the implementation of the
static obstacles, rstly the constraints for one moving obstacle was implemented and then
for multiple obstacles once the correct formulation had been derived. The robot together
with the moving obstacles, can be seen in Figure 5.3.
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(a) One moving obstacle obstructing the way (b) Multiple moving obstacles obstructing the
of the robot. way of the robot.

Figure 5.3: NMPC in MATLAB with moving obstacles as time-varying constraints,
In Figure 5.3, the predictions of the movement of the obstacles are illustrated with a cyan
horizon and a red horizon for the robot. The constraints for the static obstacles and the

time-varying constraints of the moving obstacles have to be combined and formulated in
one NMPC that can consider both types of obstacles. This can be seen in Figure 5.4.

Figure 5.4: Set-point stabilization NMPC with static and moving obstacles. Static ob-
stacles are represented as circles.

In Figure 5.4, the ten nearest static obstacles are considered in the NMPC while all the
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moving obstacles are considered. The static obstacles currently considered by the NMPC
are marked with black circles, and the rest of the static obstacles are marked with green.
As mentioned in prior gures, the prediction horizon is marked in red, and the predictions
of the moving obstacles are marked in cyan. In this scenario, the original obstacles
that are polygons are represented as circular obstacles. For more information about this
obstacle representation see Section 3.5.1. A simulation of this NMPC with a di erent
static obstacle representation has also been developed. Another obstacle representation,
called closest point to polygon method (Section 3.5.2, simpli es the complex polygons
into three types/cases of obstacles, namely single-points, lines or three-sided polygons
(triangles). In this method the NMPC use a complicated algorithm (Algorithm 3.2) in
order to only consider the closest point to the simpli ed obstacles at each prediction. This
simulation can be seen in Figure 5.5.

Figure 5.5: Set point stabilization NMPC with static and moving obstacles using the
closest point to polygon static obstacle representation

The goal is kept constant throughout the simulations when using set-point stabilization.
However, a time-varying reference can be useful when trying to, for example, follow a
speci ¢ trajectory rather than merely nding a path to a given goal. To investigate how
a trajectory tracking NMPC from Section 4.3.2 can be used for local planning, it was
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implemented and investigated in MATLAB. The reference trajectory consists of a set of
poses with linear and angular velocities; this set is the same length as the prediction
horizon. The reference trajectory moves along the global plan in time. To implement this
trajectory tracking, a simple line was rst used as the global plan that the robot has to
follow. This can be seen in Figure 5.6a.

(a) The robot has to follow a trajectory along a(b) Obstacles are now introduced in the con-
straight line. straints.

Figure 5.6: NMPC with trajectory tracking along a straight line.

In Figure 5.6 the reference trajectory can be seen in green, and the prediction horizon
in red. Once the reference trajectory reaches the goal, the local planner starts using set-
point stabilization to converge to the goal. Moving obstacles can also be introduced to

the environment, resulting in Figure 5.7.

Figure 5.7: Trajectory tracking NMPC with moving obstacles(cyan) and static obsta-
cles(magenta).

More complex global paths can also be followed using trajectory tracking. In fact, any
path can be followed using trajectory tracking, given that a set of reference states and
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control inputs are given. The NMPC local planner following a circular trajectory can be
seen in Figure 5.8.

Figure 5.8: The NMPC following a circular trajectory while avoiding moving and static
obstacles. The reference trajectory is marked with green on the circle

Lastly, the behaviour of the NMPC in both trajectory tracking and set-point stabilization
has been quite erratic. This is due to the fact that there is no constraint or cost on the
acceleration of the robot. This means that the robot will move as fast as possible while
there are no obstacles in the way. This resulted in sudden stops when the robot was near
an obstacle and very high acceleration when the robot starts to move again.

(b) The local planner trajectory tracking with a
(a) The local planner trajectory tracking cost on acceleration. Instead of stopping at the
without a cost on acceleration. It can be obstacle, the robot slows down and speeds up
seen that the robot does, indeed stop in the again once the obstacle has is cleared from the
prediction waiting for the obstacle to pass by. predicted trajectory.

Figure 5.9: NMPC with trajectory tracking along a straight line before and after intro-
ducing a cost on the acceleration.
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An example of this can be seen in the trajectory tracking scenario seen in Figure 5.9a.
Therefore a cost has been put on the acceleration such that the robot accelerates and
decelerates slower, resulting in smoother applied control inputs. The same scenario with
cost on acceleration can be seen in Figure 5.9b.

The control outputs from the local planner have also been smoothened by introducing the
cost on the acceleration. The control output has been recorded from start to goal in the
scenario presented in Figure 5.9 and can be seen in Figure 5.10.

(b) The control output of the local planner with
cost on the acceleration. The sudden spikes in
linear and angular velocity are smoothened such
that the robot does not stop while moving to-
wards the goal.

(a) The control output of the local planner
without cost on the acceleration. The
sudden spikes in linear and angular velocity
are apparent.

Figure 5.10: NMPC with trajectory tracking along a straight line before and after intro-
ducing a cost on the acceleration.

While the local planner without acceleration cost reaches the goal faster than the local
planner with cost on the acceleration, however, it makes two stops while moving towards
that goal. This more aggressive behaviour in relation to movement is less desired for a
robot that has to be integrated into an environment with people as it might be uncom-
fortable to interact with. This is the nal development of the NMPC local planner in
MATLAB. The development has resulted in an NMPC local planner that uses set-point
stabilization to converge to the goal and an NMPC local planner that uses a mixture of
trajectory tracking and set-point stabilization to converge to the goal. The NMPC local
planner with set point stabilization is chosen for continued work due to the fact that the
local planner using trajectory tracking needs a reference trajectory not only containing
position and heading, but also the linear and angular velocities. The global planners used
on the TIAGo robot use the A* search algorithm that gives a set of poses to the nal goal,
but no information about intermediate velocities with these poses. Hereby providing a set
of poses that can be treated as intermediate nal goals for set-point stabilization, while
having no velocities inhibits these poses being used for trajectory tracking. Hence trajec-
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