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Abstract

The work developed in this thesis is in the field of mobile robotics, with

specific reference to Autonomous Personal Mobility Vehicles (APMV). The
goal is to develop an innovative solution to the collision avoidance problem
with dynamic obstacles in a trajectory tracking context, done by a system
that extends on two layers: Global Planner and Local Planner.
The Global Planner is specialized in planning inside a map, finding a feasi-
ble geometric path and endowing it with the time information. The Local
Planner solves a trajectory tracking problem, relying on a Model Predic-
tive Control strategy, allowing to express as constraints the requirements
in terms of safety, human comfort and collision avoidance while minimizing
the distance from the reference trajectory provided by the Global Planner.
The approach presented in this work aims to allow collision avoidance in
the situations in which the manoeuvre to avoid the obstacle would require
moving away from the reference trajectory. This has been achieved by
defining an algorithm that predicts potential collisions on the reference
trajectory and modifies it to overcome the obstacles. Simulation results
show the effectiveness of the proposed solution.
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Sommario

Il lavoro svolto in questa tesi appartiene al campo della robotica mo-
bile, con specifico riferimento ai Veicoli Autonomi per la Mobilita Per-
sonale (APMV). L’obiettivo ¢ quello di proporre una soluzione innovativa
al problema della prevenzione delle collisioni con ostacoli dinamici in un
contesto di inseguimento di traiettoria, svolto da un sistema che si estende
su due livelli: Pianificatore Globale e Pianificatore Locale.

Il Pianificatore Globale si specializza nella pianificazione all’interno della
mappa, calcolando un percorso geometrico fattibile e dotandolo delle in-
formazioni temporali. Il Pianificatore Locale si occupa dell’inseguimento
della traiettoria adottando una strategia Model Predictive Control al fine
di imporre, sotto forma di vincoli, i requisiti in termini di sicurezza, com-
fort e prevenzione delle collisioni, minimizzando la distanza dalla traiet-
toria di riferimento fornita dal Pianificatore Globale.

L’ approccio presentato in questa tesi ha 1’ obiettivo di consentire la pre-
venzione delle collisioni nelle situazioni in cui la manovra richiesta per
evitare |’ ostacolo comporterebbe un allontanamento dalla traiettoria di
riferimento. Cio & ottenuto attraverso la definizione di un algoritmo che
preveda le eventuali collisioni sulla traiettoria di riferimento e la modifichi
opportunamente in modo da permettere il superamento degli ostacoli. I
risultati delle simulazioni mostrano 'efficacia della soluzione proposta.
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Chapter 1

Introduction

The work developed in this thesis focuses on the motion planning of
autonomous vehicles, known in the literature as AGVs (Automated Guided
Vehicles) in the field of mobile robotics. The applications in this field have
witnessed a significant increase during the last two decades, across differ-
ent fields like Automotive, Manufacturing and Healthcare. These robots
can be used to solve many tasks in autonomy by reducing, or even remov-
ing, human labour.

The design of an AGV requires mainly to address problems related to au-
tonomous navigation, trajectory generation, obstacle detection and avoid-

ance during its motion.

1.1 Aim of the thesis

The work done in this thesis focuses on autonomous navigation in
low people density environments, with specific reference to APMV (Au-
tonomous Personal Mobility Vehicles). The usage of these vehicles allows
to assist people with motor disabilities or neurological diseases like the
ALS (Amyotrophic Lateral Sclerosis) or Parkinson, which prevent the abil-
ity to control the movement of an electric wheelchair autonomously; thus,
the usage of an APMYV represents a good solution.

In particular, previous thesis works have put the basis for this case study,
where the overall system has been structured on two layers: Global Plan-
ner and Local Planner.

The Global Planner is the level specialized in planning a feasible trajec-
tory within the environment by choosing a geometric path and endowing

it with the time information.
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On the other hand, the Local Planner is specialized in control by solving
a trajectory tracking problem while detecting obstacles and guaranteeing
their avoidance.

In particular, the trajectory tracking problem is formalized as an opti-
mization problem to be solved with a Model Predictive Control strategy
while guaranteeing the requirements in terms of comfort and safety.

This thesis aims to provide a novel technique based on the modification
of the reference trajectory to provide obstacle avoidance with specific ref-
erence to pedestrians.

In that way, it is possible to bring at the Local Planner level the informa-
tion related to which direction should be followed by the robot to avoid
the obstacles it encounters appropriately.

To be specific, the Global Planner will not be considered since it is outside
the scope of this work. Therefore, the same Local Planner presented in [7]
will be used, with the specific objective to improve the collision avoidance
behaviour.

In particular, the uncrowded scenarios, in which the pedestrians could
move freely at a higher speed, will be considered. Thus a different ap-
proach for the solution of the collision avoidance problem is shown.
Finally, the results obtained from simulations show the effectiveness of the
proposed solution in the considered case study.

1.2 Thesis outline

The thesis is structured in the following way:

o Chapter 2 introduces the state of the art of obstacle avoidance in the
mobile robotics field, as well as its integration with Model Predictive

Control for Local Planning.

o Chapter 3 presents the mathematical model representing the au-
tonomous wheelchair and the definition of the Model Predictive Con-
trol trajectory tracking optimization problem, with the constraints
required to guarantee comfort and safety during navigation.

o Chapter 4 presents the proposed strategy for obstacle avoidance and
a trajectory modification algorithm allowing its implementation in a

trajectory tracking context.




1.2 Thesis outline

o Chapter 5 shows the results obtained in the implementation of dif-
ferent constraints in the system developed in [8], as well as the im-
plementation of the proposed obstacle avoidance strategy in a simu-

lation environment.

o In Chapter 6, some conclusions are carried out followed by the dis-

cussion of possible future developments and improvements.







Chapter 2

State of the art

In the last years, in literature interest in autonomous mobile robots
has increased, since most of the technologies required to implement a fully
autonomous driving robot have been developed and improved. A brief
overview of autonomous wheelchairs is given in the following sections,
converging on the different approaches adopted to implement the obstacle
avoidance behaviour. In the last section, different models for pedestrian
avoidance are shown, describing the yielding behaviour, for which imple-
mentation a novel approach will be provided in this work.

2.1 Autonomous Wheelchair

Even if autonomous wheelchairs have started spreading more than
twenty years ago, still it is hard to find a commercial, complete solu-
tion. This one should provide a fully autonomous experience, guaranteeing
safety, with obstacle avoidance and velocity constraints. To achieve that,
the topics of HMI (Human Machine Interface), Localization, Planning
and Obstacle Avoidance must be addressed, providing a reliable solution
to each problem. However, due to this work’s aim, more focus will be given
to the description of Obstacle Avoidance’s different implementations. One
of the main requirements for an autonomous wheelchair is to give the user
the ability to communicate its desired position effectively. As shown in [9],
different techniques as electrooculograms (i.e., translating eye movements
in a signal), voice recognition, and gestures can be adopted. Although
which one should be used heavily depends on the type and level of disabil-
ity of the end-user. Another requirement is to equip the wheelchair with

a reliable detection system, allowing it to correctly sense the surrounding
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environment. For example, in [5], an implementation of an autonomous
wheelchair, equipped with a laser range-finder and two infrared scanners
for short-range sensing is described, showing its ability to navigate in a
crowded environment. Another example is [10], where a 3D sensor is used
to detect the environment, planning and avoiding obstacles in 3D space,
although this type of sensors is strongly affected by lighting conditions.

2.2 Obstacle Avoidance

In literature, different approaches to the obstacle avoidance problem
have been carried out. Here, some of them are briefly reported, grouping
them based on the main concept on which the algorithm relies:

e obstacles are seen as repulsive fields;

o robot keeps a minimum safety distance from any obstacle, moving
towards the goal;

o after estimating the obstacle velocity, the robot yields to avoid a

potential collision.

2.2.1 Repulsive field algorithms

This class of algorithms implements, either using a cost map or a cost
function, a collision-avoidance behaviour where the robot avoids moving
toward a position corresponding to a high-cost cell or a high-cost value.
One example is CARMEL robot (Computer-Aided Robotics for Main-
tenance, Emergency, and Life support) [1], which builds in real-time a
histogram map (Figure 2.1). This map cells are filled with a value repre-
senting the level of evidence for obstacle existence. That is, a coefficient
as large as the probability to find an obstacle in a specified cell. After
building the map, the robot applies the Virtual Force Field (VFF), a col-
lision avoidance algorithm that steers the robot proportionally to the level

of evidence calculated before.




2.2 Obstacle Avoidance

Certainty
values

Direction

of motion
previous— current
reading reading

Figure 2.1: While moving, the robot increments values where an obstacle is
sensed multiple times [1]

Another example is the work done in [2], where, using Nonlinear Model
Predictive Control (NPMC), an obstacle-repulsive cost function is defined
(Figure 2.2), allowing the vehicle to steer and avoid collisions correctly.

100

Cost

Figure 2.2: Cost function in presence of an obstacle [2]
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2.2.2 Minimum distance algorithms

In this type of algorithms, when the robot detects an obstacle, it will
always constrain its motion to keep a minimum safety distance from the
obstacle, realigning its orientation pointing towards the goal whenever
that direction will be no more constrained. This approach has revealed
to be more robust in cluttered environments and when dealing with a
complex-shaped obstacle. In fact, as shown in [4] and [3], (Figure 2.4 and
2.3, respectively) the robot is able to overcome obstacles following their
shape, even if complex.

Figure 2.3: Example of paths followable in [3]

-
Initial
Posture

Y
v/  ©
e

Target
.
®

Figure 2.4: Example of path followed in [4]




2.2 Obstacle Avoidance

2.2.3 Obstacle yielding algorithms

This class of algorithms assumes that an obstacle position and velocity
are known or estimated from sensor data. Whenever robot and obstacle
trajectories may intersect, the robot steers until avoiding the obstacle.
This approach has been successfully implemented in [5], using the Velocity
Obstacle method, where, evaluating the relative velocity between robot
and obstacle, it is possible to define the Velocity Obstacle, i.e., a polygon
containing all velocities that would lead to a collision (Figure 2.5), and
then evaluate, by difference with the set of reachable velocities, the set
of Reachable Avoidance Velocities (RAV), from which the next velocity
control to be applied is chosen.

Figure 2.5: A is the robot, and B is the obstacle. CC is the Collision Cone,

containing forbidden relative velocities, which are translated by vy, defining VO

[5]

Another similar technique is the one implemented by [6], where ob-
stacle trajectories get projected in a 3D space having time on the z-axis.
The robot then plans a trajectory in that space, either accelerating or

decelerating, avoiding all obstacles (Figure 2.6).

9
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At |
esting |

-
-

Trajectory of
the obstacle

X Possible collision

Figure 2.6: M is robot position, the two alternatives of accelerating and decel-
erating are shown in the 3D space. (Passing under the obstacle with respect to

t-axis, means reaching the collision point before the obstacle and vice-versa) [6]

2.3 Obstacle Avoidance with MPC

During the last forty years, Model Predictive Control (MPC), an ad-
vanced process control method, has gained increasing popularity. Its pri-
mary purpose is (starting from the dynamic system model) to evaluate the
next control sequence solving an optimization problem, defined by a cost
function and a set of constraints. Then, at each iteration, the optimiza-
tion problem will be evaluated for a fixed-length time horizon, finding the
optimal sequence of the next control inputs, and executing just the first
one (see Figure 2.7).

PAST FUTURE
—— A

Reference Trajectory

Predicted Output

Measured Output

Predicted Control Input
| |

bt

—— Past Control Input

Prediction Horizon
< >

| | | | | | |
I 1 1 1 1 1 1 1 1 )
+“—r
Sample Time

k  k+1 k2 k+p

Figure 2.7: This chart shows how MPC evaluates the control sequence for all the
prediction horizon, while actually applying just the first control input predicted

10
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During the years, this control strategy has proven to be efficient and
reliable, and many works had also attempted to use it to achieve an ob-
stacle avoidance behaviour. For example, in [2], using Nonlinear Model
Predictive Control (NMPC), this has been achieved adding obstacles as
soft constraints into the cost function; while in [11], obstacles are seen as
non-linear and non-convex constraints (i.e. robot should not enter inside
an ellipsis surrounding the obstacle, see Figure 2.8).

—— Path to follow: roadway midline
— Ellipse representing the obstacle
Planned Trajectory SPMM (s;,¥;)
B Predicted Position STVM(CGL,, CG},)
B Obstacle center

Controlled vehicle

[ [s57 0,9 \
(C68,,C6, o3

®
(€CGx, CGyy) (si, 1)
- @
n

u
(CGyy, CGy,)

Figure 2.8: The obstacle is represented by the red ellipse, and NMPC predicts

its avoidance

One of the main issues related to the use of NPMC is computational
time, which may significantly increase when dealing with non-linearities,
either in cost function or in constraints. The work done in [2] has shown
clearly that effect on a report chart (see Figure 2.9)
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0.35

—— Actual computation time
- - - Controller step time
Average computation time

0.3

0.25

o
. o
o Mo

Computation time (sec)
o

0.05

00 160 260 3(:)0 400
Controller step (k)
Figure 2.9: When a non-linear obstacle constrain is added, computation time

increases

2.4 Pedestrian avoidance behaviour

In recent studies, many attempts to reproduce and analyze human
behaviour when it comes to obstacle avoidance have been carried out. In
particular, the work done in [12], which consists in an obstacle avoidance
technique based on the use of Bayesian Neural Networks, has identified
in the avoidance behaviour three sub-tasks (each of them, associated to a
different Neural Network):

e passing through a door/corridor;
o wall following;

» general obstacle avoidance

Then the Bayesian framework is exploited to determine which network
structure should be used. A good analysis of pedestrian behaviour can be
found in [6], where crowds can be modelled from either a macroscopic or
a microscopic point of view. The macroscopic approach, which describes
crowds with fluid-like properties, is commonly used to evaluate the effect
of a modification in an environment design or, if it is possible, to evacuate
the structure in time in case of emergency. However, the microscopic
approach better describes the interaction between pedestrians, recognizing

three different behaviour models:

12



2.4 Pedestrian avoidance behaviour

o A yielding model, i.e., changing one’s trajectory to avoid the collision.
Yielding can happen from 1.5m to 30m distance, depending on the

environment density.

e A group following model, where each component tends to keep sepa-
rate from its mates, aligned with their velocity. Although, in reality,

each agent behaviour depends on its personality.

o A particle system model, in which crowds are represented as particle
clouds. That model is used to study the position of congestion points
and spread of panic phenomena.

In this work, a novel approach to implement the yielding behaviour
on an autonomous wheelchair will be provided, to be used in a Model
Predictive Controller, with only linear constraints, keeping computation

complexity of the optimization problem as lower as possible.
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Chapter 3
Trajectory tracking controller

In the following sections, starting from the work done in [8], a ROS
system for the control of an autonomous wheelchair is introduced.
In section 3.2, the MPC problem definition is introduced, followed by the
wheelchair model in section 3.3. Finally, in sections 3.5, 3.6 and 3.7 the
constraints to be set for fulfilling requirements on velocity, acceleration
and position are shown. In particular, in section 3.5, two different sets of
velocity constraints are reported; while in section 3.7, the position con-
straints used to avoid obstacles are described.

3.1 System Architecture

In this work, starting from the developments done in [8] and [13], a
ROS (Robot Operating System) system has been used to implement the
control of the autonomous wheelchair. ROS is a middleware framework
distributed with a set of tools useful for robot systems development, as de-
scribed in [14]. The main advantage brought by ROS is that it allows the
definitions of node-oriented architectures, while handling the communica-
tion and synchronization complexity, providing the ability to communicate
between two nodes, both synchronously or asynchronously.

Synchronous behaviour is implemented by defining a ROS Service, which
other nodes can call. The asynchronous one can be achieved using pub-
lisher /subscriber behaviour on shared topics.

One of the nodes provided by ROS is AMCL, which provides an imple-
mentation of the Adaptive Monte Carlo Localization (a particle filter that
estimates the current position and orientation of the robot inside a known

map).



Trajectory tracking controller

Another standard library is ¢f2, which allows the definition of a tree of
reference systems (called frames), providing the ability to transform and
combine data coming from different nodes. In Figure 3.1 a simplified rep-
resentation (showing only the most relevant elements) of the system under

study is shown, using the following conventions:

a box represents a topic;

a circle represents a node;

e an arrow going from a topic to a node indicates that this node is

registered as a subscriber to that topic;

e an arrow going from a node to a topic indicates that this node is

registered as a publisher on that topic.

/obstacle_mpc /move_base/MPCLocalPlanner/ineq_ocbstacle

/move base simple/goal

fodom /move base /move base/goal

/scan

/emd_vel mux/input/navi

/move_base/NavfnROS/plan

h 4

fodom

Figure 3.1: ROS system simplified architecture

To be specific, the move_base node, extensively described in [15], pro-
vides both global and local planning.

Global Planning is the procedure of finding a collision-free trajectory in-
side a known map.

In this work, the default package provided by ROS has been used, which

16



3.1 System Architecture

reads the desired goal on /move_base_simple/goal topic and relies on
an implementation of the A* algorithm, introduced in [16], publishing the
result on /move_base/NavfnROS /plan topic.

This algorithm can be seen as an extension of Dijkstra’s one, presented
for the first time in [17], with the usage of a heuristic to guide its search,
although it is more memory consuming (O(b?) space complexity, where
d is the depth of the solution and b the average number of successors per
state, depending on the heuristic adopted) compared to other algorithms.
On the other side, the Local Planner aims to follow the trajectory obtained
from the Global Planner (i.e., issuing control commands to the robot), ex-
ploiting sensors data to detect obstacles and avoiding them while keeping
safety and comfort constraints.

The Local Planner runs every 7, seconds, builds the optimization problem
defined in Eq. 3.1 and solves it interacting with the IBM iLOG CPLEX
optimizer.

The obstacle__mpc node reads data from laser scanners (published on topic
/scan) and performs on them the procedures of segmentation (i.e., sep-
arate detected points in segments based on a maximum threshold) and
convezification (i.e., detect concavities between segments and split in con-
vex sets of lines) and then publishes data related to the constraints to be
imposed to avoid obstacles, which will be shown later, on
/move__base/MPCLocalPlanner/ineq _obstacle topic.

Finally, map_server node provides map data on /map topic and allows
to interact with the map, allowing the amcl node, as described before, to
estimate the current position.

In order to simulate an environment with the presence of moving obsta-
cles, two libraries have been integrated.

The first one is Pedsim, which allows the definition of groups of pedestri-
ans that move inside a known map, based on the force interaction model
introduced in [18].

The second one is find _moving objects, which reads data from /scan
topic and estimates the presence of moving objects using an Exponentially
Weighted Moving Average, publishing the results on /moving _objects topic.
A more detailed description of the velocity detection algorithm can be
found in [19].

17
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3.2 Problem Definition

Model Predictive Control algorithms rely on a dynamic model of the

system and a control problem expressed as an optimization one over a
finite time horizon [k, k + N].
The optimization problem is defined by a cost function J and a set of
constraints, defined as functions of the vector of optimization variables v.
In this work, a quadratically-constrained convex optimization problem is
considered, with convex linear/quadratic equality/inequality constraints
and a quadratic convex cost function:

min J(v) = 30" Hu + fo

(2

subject to AineqV < bineq
Auqv = beg (3.1)
Lo+0T0v <R
b<v<ub

where the matrix H (Hessian) and the row vector f (gradient) represent
the objective (cost) function J(v) to be minimized.

While Ajpeq, binegs Aeq, beg, 1, @, 7,1b and ub are the matrices and vectors
expressing linear inequality contraints (A;neq, bineq), linear equality con-
straints (Aeq, beq), quadratic constraints (£, Q, R), lower and upper bounds
(1b, ub).

Another characteristic of MPC algorithms is the Receding Horizon
principle. This consists in evaluating (at each time instant) the system in
the future time window [k, k + N| solving the optimization problem for
the future control sequence [u(k),...,u(k + N — 1)], and taking only the
first element u(k). In that way, a time-invariant feedback control strategy
is obtained.

Assuming that the state z(k) € R" is measurable, and that the control
variable is u(k) € R™, a generic linear discrete time system can be con-

sidered:

{a:(k +1) = Ax(k) + Bu(k) 52)

y(k) = Cu(k)

And a cost function J defined over the selected prediction horizon N:
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3.2 Problem Definition

=

J=Y la(k+i),ulk+19)+ VI (x(k + N)) (3.3)

%

I
o

where [(x,u) is a positive definite function called stage cost, and V7 (x(k+
N)) is the terminal cost. In this work, a quadratic cost function is con-
sidered:

=z

J(x(k), u(k)) = 7(Hx(k’+i)|%+\|u(k+i)H%)+Hw(k+N)H§ (3-4)

7

I
o

where Q = Q7 >0, R=R" > 0and S = ST > 0 are weight matrices of

suitable dimension, and the expression:

|z = 2" Zz (3:5)

Constraints on state and control variable must be in the form:

z(k) e X CR" (3.6)

u(k) e UCR™ (3.7)

where X and U are state and control variables trust region. These con-
straints must be expressed in a way that is compatible with the optimiza-
tion problem (i.e., convex equality or inequality constraints).

As described in [20], the idea of stability in an MPC controller is related
to the Recursive Feasibility principle. Given a state variable x(k) such
that:

z(k) e X CR" (3.8)
the terminal set can be defined as
X/ ¢ X (3.9)

In particular, to ensure the solvability of the optimization problem, it is
required that the state at the end of the prediction horizon, belongs to
the terminal set:
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z(k+ N)eX/ (3.10)

The terminal set X/ is designed with reference to the generic discrete-time

system 3.2 and the auxiliary time-varying optimal control law:

u(k+i) = —K(@)x(k+1)

, (3.11)
Viel,..,.N—1

Values of K must be chosen to ensure that the eigenvalues of the matrix

A — BK guarantee the stability of the closed-loop system:

2(k + 1) = (A — BK)x(k) (3.12)

Then, recalling the penalty matrices ) and K introduced in the cost
function, and taking into account the Discrete Riccati Equation:

(A— BK)'S(A— BK) - S =—(Q+ K"RK) (3.13)

the positive definite weight matrix S, associated with the terminal cost in
Eq. 3.3, can be found.

The terminal set X/ is said to be positive invariant with respect to the
closed-loop system in Eq. 3.13 if:

(k) eX/ = x(k) eX/, VkE>k (3.14)

Finally, it is required that:

u(k) = Kz(k) CU, Va(k) e X/ (3.15)

In that way, starting from an initial state z(k) € X and applying, even-
tually, the auxiliary control law, the state will belong to the terminal set
X/, guaranteeing control requirements. Finally, Model Predictive Control
is suitable for the implementation of slack variables, these are additional

optimization variables, which are bounded to vary between 0 and 1:
0 <uy(k) <1, Vj (3.16)

These variables can be used to relax constraints, in case problem optimal-

ity is compromised, as it will be described later.
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3.3 Autonomous wheelchair model

3.3 Autonomous wheelchair model

Since this work is based on [8] and [13], the same wheelchair will be
considered as the reference model.
This wheelchair is a Degonda Twist t4 2x2 (produced by Degonda Rehab
SA, see Figure 3.2), designed for indoor and outdoor mobility, with two
rear driving wheels, whose motors have a maximum power of 0.35[kW],
and three caster stabilizing wheels. Additionally, it has been equipped
with two SICK TiMb561 time-of-flight laser sensors, positioned at two op-
posite corners, in order to guarantee a complete 360° vision of the sur-

rounding environment, within a radius of 10[m], as shown in Figure 3.3.

Figure 3.2: Degonda Twist t4 2x2

Figure 3.3: Laser sensors 360° coverage
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Trajectory tracking controller

From a kinematic point of view, this wheelchair can be represented as a
differential-drive vehicle (see Figure 3.4), which has two separately con-
trolled fixed wheels with a common axis of rotation, and one or more

passive caster wheels to keep the robot statically balanced.

YA

»

Figure 3.4: Differential drive model, R is wheel radius and d the distance be-

tween wheels

The two fixed wheels are actuated by two independent motors that pro-
vide to wheels the rotational velocities wr and wy, resulting in the linear
velocities:

{UR = wrR
(3.17)

v, = wr R

This vehicle control variables are linear velocity v and angular velocity w,

which can be related to wheel velocities by the following relations:

v RO
o (3.18)
w=R——
2

As a consequence, the differential drive model can be represented in an
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3.3 Autonomous wheelchair model

equivalent unicycle model (see Figure 3.5):

(1) = v(t)sin(0(1) (3.19)

Figure 3.5: Unicycle

where z(t) and y(t) represent robot center position and 6(t) its orienta-
tion in the global reference system, while the linear velocity v(t) and the
angular velocity w(t) are input variables.

As it can be seen from 3.19, there is a nonlinear relationship between state
and control variables, that is not compatible with the development of a
linear controller.

As shown in [21], this system can be transformed to a particle, thanks
to an inner feedback-linearization loop, showing a linear dynamics under
a suitable change of variables. This can be achieved defining a point P
placed at distance € from the unicycle wheel axle center, in direction of
the linear velocity (see Figure 3.6), having the following coordinates in the

global reference system:

yp(t) = y(t) +esin(6(t))

23
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By deriving with respect to time:

{gap(t) — &(t) + esin(0(1))0(t)

. _ , : (3.21)
yp(t) = y(t) + esin(6(1))6(t)

> &

<Y

Figure 3.6: Feedback Linearization model

Then, by substituting the unicycle model 3.19, the relation 3.21 can be

rewritten in matrix form as:

rp(t)|  |ve,(t)|  |cos(0(t)) —esin(0(t))| |v(t)
[yﬁ(t)] - LPy(t)] N Lin(e(t)) ccos(0(t)) ] L(t)] (3.22)

From which it is possible to retrieve the Feedback Linearization transfor-
mation matrix:

_ |cos(0(t)) —esin(0(t))
T(b,e) = Lm(e(t)) 5003(9(75))] (3.23)

Matrix T'(0, ) is invertible V0 ande # 0, thus it is possible to relate the
variables of the linearized system (vp,(t) and vp,(t)) with the real ones
(v(t) and w(t)), obtaining a linear decoupled system, characterized by two

integrators:

{ip(t) = o) (3.24)

yp(t) = vp, (1)
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3.4 Cost function

This model is continuous-time, and it needs to be discretized in order to
be compatible with a discrete-time control approach. In this work, the
Forward Euler method is used, which consists in imposing

z—1

(3.25)

S =
T

where 7 is controller sampling time, obtaining the following discrete model
for the system:

{xp(k: +1) = zp(k) + Tvp, (k) (3.26)
’yp(k + 1) = yp(k’) + TUpy(/{i)
which can be rewritten in matrix form as:
E(k+1) = A¢(k) + Bu(k) (3.27)
where
|1 o0 |70 _|wp(k) _ |vp, (k)
A= 01 , B = 0 T] (k) = [yp(k)] cu(k) = pr(k)] (3.28)

It is worth to notice that the linearized model in Eq. 3.21 has only
two (position) state variables, while the original one (Eq. 3.19) had three
variables. The change of coordinates has brought a loss of observability,

and thus the robot heading is no more observable from the output.

3.4 Cost function

As introduced before, Model Predictive Control is based on the defini-
tion of an optimization problem, as the one in Eq. 3.1. To this aim, a cost
function is designed to fulfil system variables requirements, to guarantee
the optimal convergence of the state variables of interest to the desired
reference value, and to avoid excessive fluctuation in the control variables.
In this work, a quadratic cost function is considered:

N-1

T(k) = Y (€A =Ereg (k+0) [ (k) [[F)+[E(RAN) —Eres (kN[5

i=0
(3.29)
where &,.¢(k+1) is the position reference computed by the Global Planner

at the considered time instant

{L‘Tefu{? —+ Z)

ooy (k1) (3:30)

fref(k’ +Z) = [
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and @, R and S are weight matrices that must be tuned to ensure the
fulfillment of the requirements on state, control variables and stability. In
order to allow the optimization solver to find a solution, the cost function is
formalized as an open loop solution, derived by computing the prediction
of the future states based on the value of the current state (k). In fact,
recalling Lagrange Equation:

E(k+i) = AE(k) + S Zg A Bu(k + j) ,i>0 (3.31)

and letting:

I 0 0 ... 0
A B 0 ... 0
A= | A% B = AB B 0
N N-1 N—2
-A 4 (2(N+1),2) -A B A 5. B- (2(N+1),2N)
E(k) = : Uk) = :
§(k+N) (2(N+1),1) u(k+ N —1) (2N,1)
(3.32)
it follows that:
=(k) = A&(k) + BU (k) (3.33)
The cost function J(&(k),u(k), k) can be rewritten as:
J(E(k),UK)) = ||IE(k) = Eresllp + UK = (3.34)
= (B(k) = Erep)’ Q(E(k) — Brey) + U (K)YRU(E)
where
Q | R
Q= h R = - (3.35)
@ R
(2N,2N)
(2(N+1),2(N+1))
Finally, by recalling Eq. 3.33, Eq. 3.34 can be rewritten as:
TO6) = (AG(K) + BU() )" QUAER) + BUK) =)t
+UT (K)RU(K) '
and a cost function suitable for the MPC formulation is obstained:
J =UT(k)HU(k) + 2fTU(K) + cost (3.37)
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3.5 Velocity contraints

where

H=BTOB+R , f=(ALk)—E.;) OB (3.38)

Additionally, considering the presence of a vector of n slack variables

ug,, the cost function can be extended as:
J(k) = J(k) 4| us, (K)|[3, (3.39)

where

S, = (3.40)

S
p (nslvnsl)

S, is a weight matrix, whose coefficient will be chosen very high with
respect to the values of ¢ and r, in that way, the optimizer will select values
different from zero for the slack variables, only if problem optimality is
compromised.

Finally, it is possible to define the new cost function as:

_ 1 - _ _
J(k) = éu(k)THL{(k) + 2fTU(K) + cost (3.41)
where
H= [0 " O@g’”ﬂ)] (3.42)
(ns1,2N) P (2N+ng,2N+ny)
e 0(1,nsl>](1 _ (3.43)
and
. k
Uk) = “( ; (3.44)
s, () (2N+ng,1)

3.5 Velocity contraints

3.5.1 Quadratic velocity constraints

As explained in [7], it is possible to define a set of quadratic constraints
that limit control variables vp, and vp, in order to avoid having the robot
exceeding a maximum linear or angular velocity. Hence, Vi € {0,..., N —
1} it is required that:

0< \/vl%z(k +0) + 0% (k4 1) < Vnaa (3.45)
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and, recalling Eq. 3.1, quadratic constraints in control variables must be
expressed as a set of inequalities having the following form:

Liu(k+i) +ulk+1)" Qu(k+1i) <R; (3.46)
with
N UPI (lf + Z)
u(k +1) = pr(k L) (3.47)

where L; represents the linear part of the i-th constraint, Q; the quadratic
part, and R; the scalar one.

This velocity constraints can be rewritten as N quadratic contraints, Vi €
{0,...,N —1}:

10 k—+1
vp, (k+1) vpy(k—l—z')] 0 1] [Z};Ekig <. (3.48)
with
10 ,
£i=|o 0], Q= oL Ri= (2.0 (3.49)

3.5.2 Linear velocity constraints

Another formulation of velocity constraints presented in [7] exploits
the Eq. [21], rewriting it as:

v = vp,cos(0) + vp,sin(0)
1 (3.50)
w= g(vpycos(H) —vp,sin(f))
Recalling the Differential Drive model, the following relations can be ob-
tained by substitution:

1 d 1, d
WR = 21—}%(2003(9) - Cgism(@))vpz + 21—R(2$m(«9)) + 5605(0))vpy 3.50)
wp = ﬁ(Qcos(H) + gsm(ﬁ))vpz + ﬁ@sm(e)) - gcos(é’))vpy

These can be used to impose constraints in the form of:

W < wWr < Wy (3.52)

W Swp < Wy
In fact, assuming the orientation 6 to be known, they can be written as:

1 [2cos(0) — gsl:n(e) 23@:”(9))""?005(6)] [UPr] < [@M] (3.53)

2R |2cos(0) + Op




3.6 Acceleration contraints

1

2R

2cos(0) — 4sin(0)) 2sin(0)) + gcos(O)] [Upz] < [—wm

2cos(0) + 4sin(0)  2sin(0)) — Lcos(0)| |vp,

Then, defining:

i 1

=55 (3.55)

sH

2cos(0) + gsin(H) 2sin(f) — %cos(0)

)

2cos(0) — 4sin(0) 2sin(6) + gcos(ﬁ)]

and, in order to be compatible with the optimization problem formulation,
Eq. 3.1, they must be expressed as:

Apald (k) < byer (3.56)
Where
u(k)
ulk +1
Uk) = ( _ ) (3.57)
ulk+N)| v
and
TA, 0 0 [ @ |
0 A, 0
- 0 0 ... Ay _ O
Ave - - bve - _ .
T4, 0 ... 0 T o, (3.58)
0 —A, 0
L 0 0 ... —Ay] (N2 |~ | v

The values of 6(7) can be estimated considering the values of the control

sequence at the previous time instant U(k — 1).

3.6 Acceleration contraints

To guarantee that Model Predictive Control finds a solution compatible
with system dynamics (in terms of maximum allowed acceleration) and to
satisfy comfort and trajectory smoothness requirements, the maximum

allowed velocity variation between two consecutive time instants must be

29



Trajectory tracking controller

limited.
The velocity variation at each discrete-time instant k can be expressed as:

Av(k+i) =v(k+1) —v(k+i—1) (3.59)
Moreover, the constraint to be imposed has the form:
— Avpar < Av(k 4 1) < Ao (3.60)

The boundary value Auv,,., can be evaluated considering vehicle limita-
tions. In particular, taking into account the maximum average accelera-

tion value @, and the controller sampling time 7:
AUmaac = UmazT (361)

In this case, the constraints at time k£ + ¢ can be directly imposed on the
decoupled control variables vp, and vp,:

— Avpar <vp (k+1) —vp(k+i—1) < Avpas (3.62)
— AV < vp, (b +1i) —vp, (b +i—1) < Avpay (3.63)
and, considering the velocity variation constraints along the entire pre-
diction horizon (i.e. Vi € 0,..., N — 1), the following condition in matrix
form is obtained:
Apar (VU (K) —vg) < AV (3.64)
with: _ )
1
1 Avmax
Avar = 1 7AV =
Avmax (4N,1)
L —1] (4N,2N)
Upy (k’ —1 I
UO = 0 ,V = T2
: I, I,
i 0 1wy (2N,2N)
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3.7 Position contraints

Then, recalling the form of linear inequality contraints in Eq. 3.1, the
condition to be imposed must be expressed as:

AU (k) < bay (3.65)
Which can be obtained by rearranging terms in Eq. 3.64 and finding that:

Apy = [Avarv] bay = |AV + Ay (366)
(4N,2N) (

4N,1)

3.7 Position contraints

As the state of the system coincides with the position of the vehicle,

enforcing a constraint on state variables such that:
z(k) € X (3.67)

defines a trust region representing the space of the environment in which
the robot is allowed to move.

In particular, the definition of hyperplanes that separate the convex region
containing the wheelchair from the detected obstacles can be used to avoid
collisions.

Considering vehicle configuration space, the hyperplanes that delimit the

trust region has the form:
hax + hyy <1 (3.68)

where h, and h, are the coefficients related to variables  and y, respec-
tively, representing the slope of a 1-dimensional line, and [ is the distance
from the origin.

In particular, to ensure the solvability of the optimization problem, the
vehicle must be contained in the half plane defined by the constraint, thus

the following condition must hold:
haZe + hyye <1 (3.69)

where 2. and g, are the coordinates of the estimated position of the vehicle.
If that condition does not hold, the signs of the inequality must be inverted
(i.e., selecting the other half plane delimited by the line), obtaining:

(_hm)jc + <_hy)@c < (_l) (3'7())
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Then, recalling that constraints can be imposed on each time instant
within the selected prediction horizon N, for each obstacle, the constraint
has the form:

POk +4) + B Dy(k + 1) <196 Vi€ {0,...,N}, Vi€ {0,... nopst
(3.71)

where AV B0 and 106) represent the coefficients of the j-th con-

straint at 1nstant k+ 1.

In quadratic programming, linear system state constraints along the entire

prediction horizon must be expressed as linear inequalities with respect to

the vector of control variables.

By recalling Lagrange Equation, constraints on the state variables along

the entire prediction horizon can be expressed as:

Bl &(k) ks
' : < : (3.72)
hg;i)-NUc—l §(k+N) 5 ll(c]—'i)-N\k—l
e = R
where [Ho(ii]( N+12(N+1)) and [Lob?9 (V41 1)] represent the matrices of the co-

efficients related to the j-th state constraint. These coefficients have the
subscript k + ik — 1 since they represent their value at instant k -+ i based

on the state prediction computed at time k£ — 1, and, in particular:
) B . ,
hkj+z‘|k—1 - [hfg:]k)w%\k—l hl(/‘i)qtﬂk—l (3'73>

In addition, slack variables could also be used to take into account a safety

distance, which eventually could be violated by the optimizer, if needed:

WPk +0) + b Dy (k4 1) <100 — AOO L — ) (k)

sl
3.74
Vie{0,...,N}, Vi€ {0,... ,nps}t (8:74)
with
AIDG) = Alg)(”\/(hgf)(j))? + (A2 (3.75)
and Al ) the value of the safety distance to be imposed. In particular,
deﬁnlng an extraction matrix F):
0 ... 0 ... =AI®W 0o ... 0
B — | L o : (3.76)
0 ... 0 ... =AIDY o ... 0
——
j-th position (N+1,10p5)
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3.7 Position contraints

where the only column having values different from zero is the j-th one,
allowing to formulate:

ul? (k) = EWug, (k) (3.77)

slp

where wug, (k) is the vector of slack variables.
Then, the vector of constant terms of the constraints can be extended,
taking into account the safety distance:

AG)
LW — 0 _

obs obs

: (3.78)
ALG)

(N+1,1)

And, recalling the enlarged set of control variables U(k) defined in Eq.
3.44:

U(k)

uslp(k;)

U(k) = (3.79)

(2N+nobs’1)

The constraints can be rewritten in a suitable form for the Model Predic-
tive Control as:

ADU (k) <Y (3.80)
with

A0) — [ () (j):| b — 10 _ g ae(n
o = [HauB B (NH12Ntngs) 5 e (k) (381)

3.7.1 Socially-compliant constraints

The work done in [7] has shown the definition of state constraints
allowing to impose a safety distance from obstacles, compliant with so-
cial requirements, like not violating personal space boundaries (see Figure
3.7). Before going into the description of the constraints, a mathematical

formulation of the personal space function will be given.
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Figure 3.7: Personal Space function

Personal space function can be defined as a 2-D asymmetric Gaussian,
as shown in [22]:

(z—ag)? +(y—y29>2)

PSf(x,y) = e_( 2% 27y (3.82)

with varying variances o, and o, and mean (z¢,%). In order to relate
variances with the rotation of the function, the following coefficients has
to be defined (see Figure 3.8):

0P°: rotation of the function minus ;
 0;: variance to the right side (with respect to 67 direction);
e 03, variance along the rotation of function (67° + 7 direction);

o 0y variance to the left side (0 + 7 direction);

e 0,: variance to the rear (#*° — 7 direction).
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(a) h

(Tv xo’yo)

r

Figure 3.8: Contour (a) and surface maps (b) of the two-dimensional asymmet-

ric Gaussian function

In particular, by defining;:

d=/(x —0)* + (y — )?
0 = atan2((y — yo), (v — o)) (3.83)
a=60—06r, a € (—m, 7l

the personal space function PSf(z,y) can be rewritten as:

_((dcos<2a>>2+(dsm(§>>2)
PSf(d,a) =e 20z 27y (3.84)
where the values of o, and o, vary according to « in the different quad-
rants:

oy =01, oy=0p 0<a<3

s
Oy =04, Oy = Op s<a<lm
x S Yy ) 2 i (3,85)
Op =05, Oy=0, -—-T<a<-—3
Opy =01, Oy=0, —5<a<0

According to the work done in [22], the following experimental coefficients

has been defined (see Figure ?7):
e [,: length of intimate zone box, I, = 0.5[m];
e dj: distance between frontal limit and intimate zone box, where:
dp, = 1.2[m] + v x 1[s] (3.86)
with v the movement speed in [%];

« d,: distance between rear limit and intimate zone box, d, = 0.8[m];
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« d;: distance between right limit and intimate zone box, d; = 0.8[m];

o dy: distance between left limit and intimate zone box, d; = 0.5[m]
(notice that ds < d; since the social convention in China is to pass

pedestrians on the left).

Figure 3.9: Human social interaction space

Finally, the four variances o, oj, 05 and o, can be determined from the

corresponding experimental coefficients d;, dy, ds and d,. as follows:

1 /(d+0.51,)
2\ In(10)

g =

(3.87)

Due to this definition of o coefficients, the points on the boundaries of the
personal space correspond to:

e—(h’l(lO)-Hn(lO)) — 001

By imposing this value in Eq. 3.82, and applying In(-) to both members,

the equation of the ellipsis describing personal space boundary is found:

(z—20)*  (y—w)’
202 207

= —In(0.01) (3.88)

The constraint line to be imposed can be computed as the blue line shown
in Figure 3.10. This one is evaluated as the line tangent to obstacle’s
Virtual Box (i.e., the circumference that inscribes it, B , enlarged by robot
radius) passing through the intersection between point the relative velocity

vap and B.
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Figure 3.10: Position constraint determination (the blue line tangent to B)

In particular, the final constraint to be imposed, has the following form:
hy + hy <1 —Al (3.89)

where Al = Algy/hi + R, and Aly is a safety distance taking into ac-
count personal space function, that can be evaluated with the following
algorithm:

Algorithm 1: Al determination

1 Py < GetIntersectionPoint(v,,V B);

2 | < GetLineFrom2Points(Py, P,);

3 P, < GetIntersectionPoint(l, reducedV B);
4 P53 < GetIntersectionPoint(l, PSf);

5 Aly + FuclideanDistance(P2, P3);

6 return Al

where the following auxiliary functions have been used:

o GetIntersectionPoint: function that given two functions in R? finds
the intersection points, if there exists multiple intersection points,

the closer one to the robot is taken;
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o GetLineFrom2Points: function that given two points in R? com-
putes the coefficients of the line passing throught them;

e FBuclideanDistance: function that given two points in R? computes

the euclidean distance between them.

The resulting safety distance Alg can be seen in Figure 3.11 as the distance
between the two green points.

Figure 3.11: Al is determined as the euclidean distance between the points
highlighted by the two green circles, representing the intersections between the
pedestrian sensor virtual box (blue circle) and the Pedestrian personal space
function (in yellow), respectively, with the black line defined joining the pedes-
trian centre and the intersection between the relative velocity va g and the

pedestrian virtual box enlarged to take into account the vehicles dimensions.

3.7.2 Maximally violated line constraints

With reference to the work done in [8] and [13], after the procedures of
segmentation and convexification, a line to be used as constraint among
all the possible ones must be chosen.

This can be selected according to the maximally violated constraint, which
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Position contraints

has

line

been successfully applied in [23]. This method defines the constraint
to be chosen as the one whose relative distance from the robot is

maximum.

However, this condition can bring to the imposition of constraints that are

close to robot position but related to segments that are far from it. To

this

position P,,s two different situations can be considered (shown in Figure
3.12 and 3.13, respectively), taking into account the projection of robot

aim, given the endpoints of the j-th segment P; and P;;; and robot

position on the segment:

Projection outside the segment .
Condition: P,P,,. - P,P, 1, <0VP,P,. P, P, <0
Closest pOlIlt. Pmm = Pl | mmie{j’jﬂ} d<Ppos; Pz)

ha: == Pmmz — T

~

Associated constraint line: ¢ hy = Ppin, — Je

[ = humznz + hmezny

Projection 1n51de the segment
Condition: P; Ppos P, P]+1 > 0OA Pj—l—leos : Pj+1Pj Z 0
hx = P]y - Pj-i-ly

Associated constraint line: < h, =P, — P,

T

l=P;,Pj, —P; Py,

>90°

Figure 3.12: Case in which the projection on the segment is outside it.
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Figure 3.13: Case in which the projection on the segment is inside it.

3.8 Conclusions

In the previous sections, the system overall architecture and all the
implemented constraints have been shown.
As will be seen, the usage of quadratic velocity constraints, require a high
computational time and thus not suitable for implementing a system as
the one described.
Furthermore, socially compliant constraints have shown to be effective
in crowded environments, allowing the robot to keep a safety distance
compatible with social requirements from other pedestrians. However,
these constraints do not allow to effectively implement yielding behaviour,
as it will be seen in Chapter 5.
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Chapter 4

Trajectory modification

algorithm

In the following sections, the problem of obstacle avoidance will be
formalized. A novel trajectory modification algorithm (based on the novel
concept of anchor points) that allows the implementation of the avoidance
behaviour is shown.

The approach presented in this work is thought for low people density
scenarios, where pedestrians will most likely have a higher speed than the
wheelchair, as it will be described later. This assumption is reasonable
due to the fact that for a pedestrian the average walking speed goes from
0.7 to 1.15™, as shown in [24], while a maximum value for the longitudi-
nal velocity for an autonomous wheelchair that takes into account safety
and comfort constraints is about 0.557% [13].

Finally, in section 4.1 the concept of anchor point is introduced, followed

by the definition of the trajectory modification algorithm in section 4.2.

4.1 Anchor points

The approach presented in this work is based on the novel concept of
Anchor Points. These are additional points that allow computing, at each
time instant, an obstacle-free trajectory allowing the robot to smoothly
avoid the obstacles while guaranteeing a minimum safety distance.

The solution proposed in the following is based on the assumption that
the maximum allowed velocity for the robot is smaller than the one of the

obstacles it encounters.
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Under this assumption, it is more likely to have a situation in which the
robot cannot overcome the obstacle due to its limited capabilities, as it
will be shown in section 5.6.

In particular, only the following assumptions must be done in order to
apply the method that will be described later:

Assumption 1 the robot is following a generic trajectory

Erey (F)
Tref(k) = : (41)

gref(kz + Nref)

where Ny is the number of reference positions computed by the Global

Planner in order to reach the final position &cr(k + Nyey);

Assumption 2 the reference trajectory T,.;(k) is feasible;

Assumption 3 the obstacle is assumed to follow a linear movement de-

scribed by the line lf,j)(k) and the velocity vector

V2 (k)

VU (k) = :
®=1yom

(4.2)

such that its position at the future time frame k + i could be predicted as:
POk +i) = PO(k) + it VI (k) (4.3)

where 75 is the controller sampling time;

Assumption 4 at the discrete time instant k the robot and the obstacle
j can be represented as circles centered in P,.(k), PO(])(k:) with radius ry,
T(()])(k) and velocity V,(k), Vo(])(k) (see Figure 4.1).
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° Erej(k + N'ﬂ-f)

\
\

—_— -

", 1 (k) .

Figure 4.1: Initial situation considered, the robot at position P, (k) is following

the the reference trajectory T,.s(k) with the velocity V,.(k) and an obstacle is

moving along the linear trajectory l1(,j )(k‘) with velocity Vo(j )(k:)

As shown before, in order to determine an avoidance behaviour, it is possi-
ble to study the motion of the robot, approximated by a point in position
P,(k) and enlarging the obstacle radius 7/(k) to a suitable value of ¥ )(k‘),
such that a minimum safety distance could be guaranteed (see Figure 4.2).

43



Trajectory modification algorithm

Figure 4.2: The avoidance behaviour can be guaranteed for the robot if it is

guaranteed for the point P, (k) considering the obstacles enlarged by ¥ )(k)

In the following, the approach used for the avoidance of a single obsta-
cle 5 will be introduced, while in the next section its usage in the general

case with a generic set of nys obstacles that are following a linear move-

ment will be shown.

In particular, by defining a function that allows to properly evaluate
whether or not a point is in front or behind the obstacle, it is possible
to formally define a condition that determines if a point in the reference

trajectory is in potential collision with an obstacle.
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To this aim, considering a vector

v = [Zj (4.4)

and a point Py € R?, it’s possible to define the line [ in R? that is perpen-
dicular to v; and passes through Fy as

l:azx+by+c=0 (4.5)
where the coefficient c¢ is selected such that [ passes through Fy, that is:
vl Py+c=0 (4.6)

and, after replacing ¢ in Eq. 4.5, the line [ can be rewritten as:
T [T T
[y []—UIPO—O (4.7)
Y

Therefore, considering a generic point

Py

pP= , PeR? (4.8)

Y
the distance function d(P,[) between the point P and the line [ is:

TP— TP
ap.p) = = Bl (4.9)

and, recalling the fact that:

|vil| = /a2 + b2 (4.10)

the distance function becomes:

v/ P — v Py
d(Pl)= ——Mm—— 4.11

Furthermore, the function d, (P,1) can be defined as:

T T

LD =0

(4.12)
that is, a function whose absolute value is distance d(P,[) and its sign
represents whether or not the point P is in the same half-plane, delimited
by [, to which v; would belong if applied in Py (i.e., the point is in front
of or behind the point Py moving with velocity v;).
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This can be shown recalling the fact that the scalar product between two
vectors V7 and V5 can be rewritten as:

Vi' Ve = [Vill[[Vallcos(ar — ) (4.13)

where a; and as are the angles formed by the vector Vi and V, with the
x positive axis taken in counterclockwise direction.
Then, by substituting this last relation in d, (P,[):

[oil][|[ Pllcos(aw, — ap) — [[url[[| Pollcos(ow, — an,)
di(Pv l) = l ||Ul|| l L (414)

and, after simplifying:

d,(P,l) = ||P||cos(ay, — ap) — || Po||cos(aw, — ap,) (4.15)

where || P||cos(a,, — ap) and || FPy||cos(a,, — ap,) are the projections of the
vectors P and Fp on the direction «,,, that is the direction perpendicular
to the line [, described by the vector v;.

This can be seen in Figure 4.3, where the distance between B and O is
| Pol|cos(aw, — ap,) and the one between O and A is || Pl[cos(ay, — ap).
Therefore, from the given definition of d, (P,1):

d,(P,l)=0A—- 0B (4.16)

that is positive when the point A is in the half plane delimited by [ that
would contain the vector v; (applied in B).
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Figure 4.3: Graphical representation of d, (P,1),

As a consequence, since it is assumed that the obstacle j is moving
along a linear path, it is possible to determine the set of potentially col-
liding points in the reference trajectory T,.¢(k), by considering the two
tangents 1Y) and l;j ) to the enlarged obstacle EU) that are parallel to its
velocity (see Figure 4.4), and the line léj)(k) that is tangent to the en-
larged obstacle E7(k) and perpendicular to VY )(k:), passing through the
obstacle’s back Pb(j)(k) (see Figure 4.4) as:

L VAR + VY Ry VIR PV (k) =0 (417)

where Pb(j )(k) can be evaluated as the point at distance d4(k) from pY )(k:)
in the direction opposite to V.7 (k):

Vo(j)(l{?)

pWw k) = PYU(k —dy——
b (k) " IV (k)|

o

(4.18)

In that way it is possible to find the set of potentially colliding points

T:e(]]c‘) in the reference trajectory, such that it contains all the &,..;(k+j) €
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Trer(k) that satisfy the following system:

d(&es(k+ ), (k) < di(k) (4.19)
Ay (Eres(k+3), 19 (k) >0 |

where j € {0, ..., Nyes}.
The points in the reference trajectory that satisfy this system are the ones
that:

« lie between the two tangent [/ (k) and l;j )(k) (i.e., first inequality in
Eq. 4.19);

o are in the same half-plane delimited by the back line ll()j )(k), that
would contain obstacle velocity Vi? (k) if applied in Pb(j)(k) (i.e.,
second inequality in Eq. 4.19).

e Erep(k + Nier)

lxﬁ.-';{a»;.

Pi(%k)

Figure 4.4: Graphical representation of the tangents to EU) (k) lgj) (k) and l;j) (k)
and the heading line ll(,j )(k) passing through obstacle’s back Pb(j )(k)
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In addition, it can be noticed that since this method takes into account all
the reference trajectory, there could exist several disjoint sets of colliding
points that should correspond to different avoidance manoeuvres, one of
which will be selected as the first one to be avoided, as it will be shown
later.

To this aim, assuming that the reference trajectory 7T,.r(k) is continuous,
the set Tre(f)(k) can be split in n, partitions based on the number of sec-
tions of the trajectory that intersect with obstacle’s path, such that two

consecutive positions in each subset 7' (] 2

correspond to consecutive po-
sitions in the original reference trajectory Trer(k), where i, is the index of
the partition.

Additionally, each subset T :e(}Zp) can be analyzed by evaluating V&..r(k +

i)eT. e(;;i") the value of

A(&pey(k +1),19 (k) (4.20)

that is, distance between the point .y and the line representing the back
of the obstacle ll()j ),

In particular, in order to estimate the time tAchj required by the obstacle
7 to collide with the reference trajectory, it’s possible to find the discrete

*(Jysip)

time k¢ (i) corresponding to the first point in Tcy"", that is the one for

which:
ey (KO™)) € T/ Uin) g, o (K) € T;;(j;”'p) = | > ki) (4.21)

that is, the first point that has to be reached by the robot in the colliding
area. Finally, recalling the fact that the obstacle is following a linear
trajectory with Vo(j)(k), that is perpendicular to ll()j )(k) by construction,
the estimated time to collision tAc,j can be evaluated as the ratio between
the distance from obstacle back line ll(,j )(k) to the first potentially colliding
point &..¢(k + A )) and obstacle velocity norm:

§Ghip) d(fref(’fgj’%”)), I (k)
IV (k)|

As a consequence, it is possible to evaluate among all the partitions 77 e(]{ iin)

(4.22)

which velocity would be required by the robot to reach the colliding area
as the ratio between the total distance that has to be covered to reach
Erep(k+ k:gj’l”)) and the time £ for which it has to be reached:

(.7, p _
(VG| = Sk (e (i), &g i+ 1)

EJ yip)

(4.23)
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where ||Vr(j i) || is the norm of the velocity required by the robot to reach
the colliding area ¢, associated with the obstacle j.

Notice that the value of ||V}(j i) || is small either if £07) i3 big (which means
that the collision is potentially far in time, and thus it could be ignored)
or if the total distance computed from &..¢(k) to &er(k + kgj’i”)) is small,
which means that the obstacle is following a path such that the next posi-
tions in the reference trajectory 7T,.;(k) are inside the colliding area, and
thus it cannot be guaranteed to find an avoidance trajectory.

Finally, among all the partitions T:e(}Zp ) that are associated with a suitable

value of HVT(j ) || it is possible to identify which one is associated with the
smallest f&j ) and consider it for the avoidance, as it will be the first one
to be encountered.

In order to properly modify the reference trajectory with another one
that guarantees the avoidance of the obstacle, a trajectory that goes be-
hind the obstacle (considering its velocity at each discrete time instant)
will be planned.

To this aim, the anchor point Pj{ )(k) (that is, a point that can be consid-
ered safe with respect to obstacle j at current time instant k) can be found
as the intersection between the tangent from the robot position P.(k) to
the obstacle enlarged circle E’(k) and the obstacle back line léj )(k), where

among the two possible tangent lines, the one that satisfies the condition:

dy (P (k),11" (k) < 0 (4.24)

is taken (see Figure 4.5), that is, the one that is contained in the half-plane
delimited by ll(f )(k) and would not contain obstacle velocity if applied in
P (k).

Notice that, if current robot position does not belong to the colliding area,

the anchor point Pf{)(k) always exists.
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SEOR

.\ ‘frej(k + ”\‘Trrf)
1

1
I
I

Pi(%)

Figure 4.5: Graphical representation of the anchor point P‘E‘j )(k) computed for

the obstacle j at the discrete time instant k

The point Pj{ )(k) is, by construction, a point behind the obstacle j at

the discrete-time instant k, which cannot be reached by it at any future
time instant. In fact, the anchor point is, by construction, a point that
would require a velocity outside of the Collision Cone (described in section
2.2.3) to be reached.
In addition, in order to reach the anchor point by guaranteeing the re-
quired safety distance from the obstacle, two points in correspondence of
the boundary lines 19 (k) and l;cj )(k:) can be chosen to be followed with a
velocity that is perpendicular to the obstacle’s one.
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To this aim, it is possible to define the line l(f)(k) by constraining its
passage through the point PX ) (k):

1D (k): VD (k)z + V) (k)y = VO (k)PP (k) =0 (4.25)

Additionally, by determining its intersections with the lines 1Y )(k) and
l;f )(k’) that are parallel to obstacle velocity and tangent to its enlarged
circle EU)(k), the points Pf(lji(k) and Pflj}(k) can be found (see Figure

4.6).

e i kITER
P(J] {k’ bi
’- '-O

As

A 19(x) . Ereg(k+ Nooy)

Fi(k)

Figure 4.6: Graphical representation of the points Pg) (k) and PIE{ }(kz) deter-

S

mined by the intersection of l(f)(k:) and the lines 1/ )(k) and l;j )(k:)

A possible trajectory to be taken to avoid the obstacle can be done by

connecting three linear trajectories:
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o the first one, ﬁgj)(k), from P,(k) to Pj{i(k),

« the second one, LY (k), from Pf(fl(k) to Pf{}(l{;),

o the third one, [A/;j)(k'), reconnecting the path from Pf{}(k‘) to a merg-
ing point P}j )(k) in the original reference trajectory T,.r(k).

The choice of the point P]gj )(k) is not trivial, however assuming that the
reference trajectory obtained by the Global Planner is built in such a
way that it reflects the presence of obstacles in the map, the first point
Ere f(k';cj )) on the reference trajectory that satisfies the conditions

dist(gmf(k;ﬁ), Erep (K 4 i)Yy —p >0 (4.26)

where dist(-,-) is the Euclidean distance function and

kgc]) > kéjvip) + ngj’ip) (427)

can be selected as P}j )(k), where kY™ is the discrete time instant at
which corresponds the first element of the set of potentially colliding points
T*0%) in the reference trajectory with the obstacle j at the considered par-
tition 4, (i.e., the one that has to be avoided), n"®) the cardinality of the

set T*U) and kY the discrete time instant in the reference trajectory at

which &.;(k¥) = PP (k).
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® ‘Ere_{(k + Nrrf)
\

’
Tw [ TP8
w /‘Pf (%)
Prs

e (6 () + (k)

Figure 4.7: Graphical representation of the point P}j )(k), that is the closest

one to Pjgj }(k:) belonging to the reference trajectory T}..s(k)

In that way, the avoidance trajectory will merge in the reference tra-

jectory in the first point possible, taking into account an additional space
that would be occupied by the wheelchair while going back into the tra-
jectory Th.r(k).
In fact, the choice of a point like the closest point to PX }(k:) (i.e., the one
that minimizes the space required to perform the reconnecting manoeu-
vre) belonging to the reference trajectory T,.r(k) would mean that the
computed avoidance trajectory that connects &..r(k) to & f(kj(cj )) passing
by the anchor point could be a feasible one. However, assuming that the
global planning algorithm will plan a nearly optimal (or even an opti-
mal one) trajectory based on map constraints, it is reasonable to think
about the fact that if the global planner hasn’t selected this trajectory,
it’s because it isn’t feasible.
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Additionally, it can be noticed that the linear trajectories computed
could be unfeasible, in fact, they do not guarantee the continuity with
velocity and acceleration. However, the strategy presented in this work
relies on the fact that the avoidance trajectory will be recomputed at each
time instant, according to robot and obstacle updated positions, thus the
MPC controller will select the most suitable velocity for following the
avoidance trajectory. Finally, the full avoidance trajectory TIE{' )(k:) to be
set at the discrete time k for the obstacle j is (see Figure 4.8):

[
T (k) = |LY)(k) (4.28)
LY (k)

where the three linear trajectories are discretized recalling the controller

sempling time ;.

Figure 4.8: Graphical representation of the final avoidance trajectory Tlgj )(k)
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Finally, in order to evaluate if there is a potential collision with the ob-
stacle and the reference trajectory during the avoidance maneuver, the
reference trajectory will be modified at each iteration by computing a lin-
ear trajectory 7;(k) directly connecting P, (k) and P}j ) (k) (see Figure 4.9).

.‘ frej(k + ‘r\‘rrrf')

Figure 4.9: Graphical representation of the merging trajectory 7;(k)

Notice that, after verifying if both Tf(lj )(k) and T;(k) are collision-free
according to the map, which can be done by suitably enlarging the planned
positions in order to take into account robot dimensions, it is possible to
follow the new trajectory (which includes the avoidance trajectory) in

order to avoid the obstacle.
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4.2 Anchor points algorithm definition

In order to exploit the technique presented in the previous section in
a generic situation where it could be required to avoid different obstacles
at the same time, the concept of reference point must be introduced. In
particular, the term reference point will refer to all the points belonging

to the considered trajectory that correspond to:
e robot position;
 an anchor point P,Elj)(k’)§
e a merging point P}j)(k)§

in fact, these points are the ones that could be considered safe along the
new trajectory obtained after the trajectory modification procedure, and
can be used to compute the avoidance trajectory for multiple obstacles.

Before going into the definition of the algorithm, some auxiliary functions

are defined:

o GetPotentialCollision: a function that takes in input a trajectory
and returns the first potential collision according to the technique

shown in the previous section;

o GetClosestRefPoint: a function that takes in input a potentially
colliding obstacle and evaluates the closest reference point on the
given trajectory that comes before the potential collision;

o GetAnchorPoint: a function that takes in input an obstacle and
evaluates the position of the anchor point for the given reference
point and obstacle;

o GetAvoidanceTrajectory: a method that takes in input an anchor
point and an obstacle and evaluates the avoidance trajectory from

the provided reference point;

o IsFreeMap: a function that takes in input a trajectory and the
Map, evaluating if it has no collisions inside the map;

o Mergelrajectories: a function that takes in input two trajectories
and merges them opportunely;

o MergeAvoidanceTrajectory: a function that takes in input a refer-

ence trajectory and an avoidance one and merges them;
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o GetMergingPoint: a function that returns the closest merging point
Py(k) to current robot position;

o ComputeLinearTrajectory: a function that computes a linear tra-

jectory between two given positions.

Finally, the algorithm can be defined as follows, at each discrete time

instant k:
Algorithm 2: Trajectory modification

1 stop < false;

2 AvoidedObs < (;

3 Thew(k) < Trep(k);

4 while —stop do

5 | Obs(k) < GetPotentialCollision(T e (k));

6 | if Obs(k)# @ A Obs(k) ¢ AvoidedObs then

7 P,es(k) < GetClosestRe f Point(Obs(k), Tyew(k));
8 P4 (k) < GetAnchor Point(P,.¢(k), Obs(k));

9 TA(]{) —

GetAvoidanceTrajectory(Pres(k), Pflj) (k), Obs(k));

10 AvoidedObs = [AvoidedObs, Obs(k)];

11 if IsFreeMap(Tx, Map) then

12 Tew(k)

Merge AvoidanceTrajectory(Tyeq(k), Tlgj) (k));

13 else

14 ‘ stop <— true;

15 end

16 | else

17 ‘ stop < true;

18 | end
19 end

20 Pj(k) < GetMergingPoint();

21 Ti(k) < ComputeLinearTrajectory(P,(k), P} (k));
22 if IsFreeMap(T;(k), Map) then

23 ‘ Tref(k) <= MergeTrajectories(Trr(k), T1(k));
24 end

25 return T, (k), Trcr(k);

From a practical point of view, the algorithm will evaluate and merge

the avoidance trajectory into the reference one until one of the exit condi-

tions is met. The exit conditions are satisfied when either the computed
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4.2 Anchor points algorithm definition

trajectory Thew (k) does not potentially collide with any obstacle or it does
collide with an obstacle that should have been precedently avoided (see
Line 6), or when the avoidance trajectory 7' ngj )(kz) would collide according
to the map (see Line 11); in that way, the while loop will stop after max-
imum n. iteration. Notice that the position of the anchor point, as it
has been defined in the previous section, depends on the current position
of the obstacle and not considers the future ones, despite taking a point
that is not directly reachable by the obstacle with its current velocity di-
rection. In fact, it is not possible to determine a priori which velocities
the optimizer will select according to the set of constraints. Thus a point
that could be reachable with any speed is selected (i.e., the anchor point).
Another thing worth mentioning is that, due to the previous considera-
tions, at each iteration, the anchor point corresponding to a specific obsta-
cle will move with the obstacle. Then, the robot will adjust its trajectory
accordingly until merging again in the original reference one. Finally, af-
ter completing the while loop, the algorithm will return the trajectory
Thew(k) that will be used for solving the MPC problem (since it contains
the avoidance trajectory), and the new reference trajectory 7,.r(k) that
will be used to evaluate potential collisions at next iterations, and, eventu-
ally, will be followed until reaching again the original reference trajectory
if there will be no more potential collisions.
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Chapter 5

Results

In the following sections, the results obtained in the implementation
of the velocity constraints introduced in section 3.5 and the avoidance al-
gorithm presented in section 4.2 are shown.

In particular, in section 5.3, the results obtained in simulating the quadratic
velocity constraints discussed in section 3.5.1 are presented. However,
these constraints affect the computational time significantly, and thus the
linear velocity constraints defined in section 3.5.2 are more suitable for
the implementation in a linear MPC controller, as shown in section 5.4.

Finally, in sections 5.6 and 5.7, the results obtained in simulating different

cases for the novel approach presented in section 4.2 will be shown.

5.1 Simulation environment

The simulations done in this work have been achieved by implementing
the required functionalities in the system described in section 3.1, which
has been implemented as goal regulation instead of reference tracking.
Thus the simulations done in sections 5.3 and 5.4 will be defined by a set
of goal positions that the robot has to reach.

Moreover, simulations were run on a personal computer equipped with an
Intel Core i7 4650U (3.3 GHz) CPU and 8 GB of RAM (DDR3). During
the simulation, both logs and ROS topics have been recorded to be ana-
lyzed on MatLab.

To be specific, the pedestrian movement has been emulated by the library
Pedsim. At the same time, the simulation of data perceived by laser scan-
ners is handled by ROS Stage (a standard ROS node for the simulation
of mobile robots navigation). These, in turn, are used by the library
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find_mouving__objects to detect and estimate obstacle motion.

5.2 Model parameters

Regarding the wheelchair model presented in section 3.3, the cost func-
tion introduced has the form:

=

J(k) = (NE (kA1) —Epey (k40 [+ [w(k+0) [|5)+] € (k+N)—Ere (k+N)| |5

(2

Il
o

(5.1)

r 0 s 0
0 r] 5= [0 s] (5.2)

where () and R must be tuned experimentally to ensure reference tracking

with the weight matrices

_ |20
o-Jp !

R:

and control performance, and S must be selected to guarantee the asymp-
totic stability of the system, as described in section 3.4.

In particular, with reference to the work done in [8], the following choices
for @), R and S have gained acceptable results:

10 5 0 430
QZ[O 1 0 5] S:[O 43] (53)

R =

And, to avoid requiring too much computational time for the solution of
the MPC optimization problem, the horizon length N = 15 and controller
sampling time 75 = 0.2[s] have been selected.

Finally, recalling the introduction of ng slack variables in the cost function:
J(k) = J(k) + [Jug, (KI5, (5.4)
with

S, = - (5.5)

s, = 10° (5.6)




5.3 Quadratic velocity constraints

5.3 Quadratic velocity constraints

The quadratic velocity constraints introduced in section 3.5.1, repre-
sent the following condition Vi € {0,..., N — 1} :

0< \/vj%m(k; +14) + v (b +1) < Vpnag (5.7)

where vpq, = 0.55[%].

The implementation of these constraints has been successfully achieved.
However, it required to set the iLog CPLEX solver to BARRIER (instead
of DUAL) due to the nonlinearity of the constraints.

In order to show that the results provided by the optimizer have been
verified, starting from a situation like the one depicted in Figure 5.1, the
robot started moving at t = 9.1[s] following the trajectory described by
the goals represented by the green circles. Additionally, during its motion,
the robot will detect the presence of a fixed obstacle (corresponding to a
wall) at y = —1.5.

t=9.1[s]

y [Im]

o

-8 -6 -4 -2 0
x [m]

Figure 5.1: Initial situation in which the robot (in blue) is asked to follow the

path defined by the two goals represented in green

The robot has reached the final position at ¢ = 45[s] following the trajec-
tory shown in Figure 5.2 and 5.3 with the velocity profile in Figure 5.4,
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where on the vertical axis is reported the speed value in [%] and on the
horizontal one, the time in [s].

1=24.02 [s]

y [m]

Figure 5.2: Actual trajectory followed by the robot to reach first goal, with
both quadratic and linear constraints

t=46.4 [s]

y [Im]

Figure 5.3: Actual trajectory followed by the robot to reach the final goal, with

both quadratic and linear constraints.
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5.3 Quadratic velocity constraints

0.6 T

Vx
vy
05r VI | A
Vmax

04r

021

Figure 5.4: Velocity profile with quadratic constraints. The blue and orange
lines represent vp, and vp,, the yellow line represents ||vp|| and the purple one

the boundary value viqaz-

Although the results show that the constraint is correctly fulfilled, the
computational time increases significantly with nonlinear constraints. This
can be seen in Figure 5.5 where on the vertical axis the time required by
the control loop ¢, in [s] is reported, and on the horizontal one the absolute
time ¢[s].

Figure 5.5: Loop time profile with quadratic constraints and BARRIFER solver

In summary, this last simulation had the following characteristics:
o BARRIER solver;
o quadratic constraints on maximum velocity;
e linear velocity variation constraints;
« linear position constraints corresponding to a wall.

In order to better analyze the time profile obtained, the same simulation
has been done under different configurations. At first, linear constraints

has been removed, which means that the test has been carried out with:
o BARRIER solver;

o quadratic constraints on maximum velocity.
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In that case, the robot has followed the trajectory shown in Figure 5.6
and 5.7 with the velocity profile shown in Figure 5.8.

t=14.28 [s]

y [m]

Figure 5.6: Actual trajectory followed by the robot to reach the first goal, with
only quadratic constraints.

t=21.2 [s]

y [Im]

Figure 5.7: Actual trajectory followed by the robot to reach the final goal, with
only quadratic constraints.
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5.3 Quadratic velocity constraints

06 T T T T T T
Vx |
Vy
0.5 VI | 4
Vmax
04 r 1
@
E 031 1
>
0.2r 1
0.1 1
0 1 1 1 1 1 1
8 10 12 14 16 18 20 22

t[s]

Figure 5.8: Velocity profile with only quadratic constraints.

In particular, it can be noticed that due to the absence of velocity variation
constraints, the robot started moving at the maximum allowed velocity.
Additionally, the loop time profile obtained in that situation can be seen
in Figure 5.9.

0.6

0.55

05

t.[s]
=

0.35

025

0.2 | | | | |
8 10 12 14 16 18

t[s]

Figure 5.9: Loop time profile with only quadratic constraints.
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However, the time profile obtained shows that even if it exceeds the loop
time limit of 0.2[s], it does not reach the levels obtained in the original
simulation.

Therefore, the following configuration has been set up:
o« BARRIER solver;
« linear velocity variation constraints;
« linear position constraints, reflecting the presence of a wall.

In that case, the final trajectory has been the one shown in Figure 5.10
and 5.11, which has been followed with the velocity profile shown in Figure
5.12.

t =20.94 [s]

y [m]

Figure 5.10: Actual trajectory followed by the robot to reach the first goal, with
only linear constraints and BARRIER solver.
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t=38.4 [s]

y [m]

Figure 5.11: Actual trajectory followed by the robot to reach the final goal,
with only linear constraints and BARRIER solver.

0.6 T T T T T T
Vx
Vy
0.5 IVIF | A
Vmax
04r q
Q
£03r1 q
>
0.2 d
0.1r d
0
5 40

t [s]

Figure 5.12: Velocity profile with only linear constraints and BARRIER solver
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Additionally, the loop time profile has shown a behaviour similar to the
one obtained in the original simulation case (see Figure 5.13).

1.6

1.4r g

1.2 g

t, s

0.8 g

0.6

02 1 1 1 1 1 1
5 10 15 20 25 30 35 40

t[s]

Figure 5.13: Loop time profile with only linear constraints and BARRIFER solver

Furthermore, to check if the linear constraints imposed in that case are
correct and the problem is solvable, this last case has been tested using
the DUAL optimizer, which solves the dual problem in order to determine

faster an optimal solution to the problem expressed in Eq. 3.1, that is:

o DUAL solver;

e linear velocity variation constraints;

 linear position constraints, corresponding to a wall.

In that situation, the robot has followed the trajectory shown in Figure
5.15, with the velocity profile shown in Figure 5.16. Notice that the robot
has exceeded the maximum allowed velocity due to the absence of con-

straints on it during this test case.
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5.3 Quadratic velocity constraints

t=17.26 [s]

y [m]

Figure 5.14: Actual trajectory followed by the robot to reach the first goal, with

only linear constraints and DUAL solver

t=21.4 [s]

y [Im]

Figure 5.15: Actual trajectory followed by the robot to reach the final goal,

with only linear constraints and DUAL solver
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0.9 T T T T T T T

Vx

VIl
0.7 Vmax | |

8 10 12 14 16 18 20 22 24
t[s]

Figure 5.16: Velocity profile with only linear constraints. and DUAL solver

In particular, the loop time profile in that case has not shown significant
variation, except for one iteration that required 0.3[s] instead of the default
7 = 0.2[s].

0.3

0.29

0.28 1

0.27 1

0.26

@
©0.25

0.24

0.23 1

0.22

0.21[ g

0.2 | | | | | | |
8 10 12 14 16 18 20 22 24

t[s]

Figure 5.17: Loop time profile with only linear constraints and DUAL solver

72



5.4 Linear velocity constraints

Therefore, by comparing the time profile in Figure 5.17 with the trajectory
in Figure 5.14, that higher loop times occur when the robot is close to the
goal considered in the current prediction horizon. That effect is more
evident in the cases where the BARRIER solver has been used, as it can
be seen by comparing Figures 5.2, 5.10 and 5.10 with the loop time profiles
in Figures 5.5, 5.9 and 5.13 respectively.

5.4 Linear velocity constraints

The linear constraints introduced in section 3.5.2 assumes that the au-
tonomous wheelchair can be described as a differential drive robot, which
requires the definition of the wheel radius 7,0 and the distance between

wheels d, from which it is possible to evaluate:

Umax
ong = 5.8
M Twheel ( )
and
v
Oy = —2 5.9
Twheel ( )
where Vpae = 0.55[%] and Vi = —0.55[]. Finally, with reference to

the experimental wheelchair introduced in section 3.3, ypeer = 0.36[m)]
and d = 0.65[m], which can be used to evaluate the angular velocity of
the wheels wg and wy, using the relation in Eq. 3.51 and to check if the
following conditions are verified:

(5.10)

Due to the linearity of these constraints, computational time is not af-
fected and, running the same simulation case used for quadratic velocity
constraints, they have shown to behave correctly, as it can be seen in Fig-
ure 5.18 where on the vertical axis the value of the angular speed in [%l]

is reported and on the horizontal one the time in [s].
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2
“r
15 [ wL 7
max
1T w |
min
051 ]
°
8 or 1
3
0.5 ]
a4k i
1.5F ]
2 I I I I I
0 5 10 15 20 25 30
t[s]

Figure 5.18: Angular velocity profile with linear constraints, the blue and or-
ange line represent wy, and wgr while the purple and yellow lines represent the

boundary values w,, and w;;.

5.5 Trajectory modification algorithm

In the following, the behaviour of the solution proposed in this work
will be shown, where the algorithm presented in section 4.2 has been
implemented on MATLAB in a reference tracking context (as described
in section 3.2).

In particular, with reference to [7], the MPC problem is characterized by
the following weight matrices:

10 5 0 9.67 0
©= lo 1] = [0 5] 5= [ 0 9.67] (5:11)

with a prediction horizon of N, = 20 and a slack variables weight of
s, = 10° (5.12)

Considering a simple case like the one shown in Figure 5.19, where the
robot (the blue circle) has to follow the reference trajectory (the blue
path), while an obstacle characterized by:

-1 0.3
Py = Ve = 5.13
obs [11] ? obs _04 ( )
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5.5 Trajectory modification algorithm

is in potential collision with the robot.

t=0.2[s
5. [s]

10

y [m]

x [m]

Figure 5.19: Initial simple avoidance situation

Due to the presence of a potential collision between the obstacle and the
reference trajectory, the trajectory modification algorithm will compute

the avoidance trajectory as described in Chapter 4.2 and shown in Figure
5.20.

t=2.8[s
5 [s]

101

y [m]

x[m]

Figure 5.20: When in a potential collision, the robot will plan the avoidance

trajectory in blue, while considering the magenta trajectory as a reference in
next iterations

75



Results

Therefore, the robot will start steering and following the avoidance trajec-
tory, which will vary at each considered time instant, as can be observed
in Figures 5.21 and 5.22.

t=9.2[s
5. [s]

1071

y [m]

x [m]

Figure 5.21: Robot continues following the avoidance trajectory

t=15[s
5. [s]

10

y [m]

x [m]

Figure 5.22: The robot will continue to follow the avoidance trajectory until the

obstacle is no more in potential collision with the reference one (in magenta)

After that, when the obstacle will be no more in potential collision with the
considered reference trajectory, it will merge again in the original reference
one (see Figure 5.23) and will continue following it (see Figure 5.24).
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5.5 Trajectory modification algorithm

t=19[s
5 [s]

101

y [m]

x [m]

Figure 5.23: After avoiding the obstacle, the robot will continue following the
merging trajectory

t=50[s
5. [s]

10

y [m]

x [m]

Figure 5.24: The robot finally reaches the original reference trajectory and
continues following it

Finally, by analyzing the actual distance kept by the robot from the ob-
stacle, it can be seen that the safety distance has never been violated (see
Figure 5.25).
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d[m]

0 10 20 30 40 50 60 70
t[s]

Figure 5.25: Distance between robot and obstacle (on y-axis), with respect to
time (on x-axis). The orange line represents the boundary value ds = 0.5[m]

while the blue line represents the actual value during the simulation

5.6 Comparison with position constraints

In order to show the effectiveness of the proposed solution, a situation
in which the usage of the position constraints described in section 3.7.1
lead to a collision is compared against the same case using the trajectory
modification algorithm described in section 4.2.
In particular, the robot has to follow the reference trajectory shown in

Figure 5.26, starting from P, =

0
O]’ while an obstacle starting from

0.27
—0.76 |

Additionally, in order emulate the limited range of robot sensors, obstacles

P, = 300 is moving with velocity V, =

are detectable by the robot only within a radius of 10[m] from its position.
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5.6 Comparison with position constraints

1202 [s]
30 1O
25
20}
E 15
>
10}
5|
0 7\ L L L L L ]
0 5 10 15 20 25 30
x [m]

Figure 5.26: Initial situation

The robot follows the trajectory until ¢ = 20.4[s] where the obstacle is
detected and position constraints for current and future time instants are
set (see Figure 5.27).

t=20.4 [s]

y [m]

x [m]

Figure 5.27: Situation in which the robot starts detecting the obstacle. The
magenta line represents the AV line, while the red ones are the constraints. The

red circle represent the obstacle and the blue points represent robot positions

However, due to the higher speed of the obstacle, the robot will continue
to follow the reference until reaching the situation in Figure 5.28, where

the robot starts violating some of the future position constraints (which,

79



Results

for simplicity, have been computed by setting a social distance of 0.5[m]
that takes into account obstacle personal space).

t=27.4[s
157 274181

-
o
T

x [m]

Figure 5.28: The robot continues following the reference trajectory

Finally, due to the limited space and time available to properly avoid the
obstacle, the robot and the obstacle will collide, as shown in figure 5.29.

t=30[s
151 [s]

y [m]

x [m]

Figure 5.29: Robot is not able to properly avoid the obstacle

By enlarging the colliding area (see Figure 5.30) it can be noticed that
before the collision the robot has started increasing its distance from the

reference trajectory in order to avoid the obstacle (i.e., the effect of slack
variables).

80



5.6 Comparison with position constraints

t=30[s]

y [m]

x [m]

Figure 5.30: Detail of the colliding area

Finally, by plotting the distance d between robot and obstacle in time,
it can be seen that at t = 30[s] the safety distance (the orange line) is
violated, which means that robot and obstacle where at a distance closer
that the sum of their radius.

30
251

20

0 5 10 15 20 25 20 3

t[s]
Figure 5.31: Distance between robot and obstacle (on y-axis), with respect to
time (on x-axis). The orange line represents the boundary value ds = 1[m]

while the blue line represents the actual value during the simulation

On the other hand, using the algorithm described in section 4.2, when
detecting the obstacle at ¢ = 20.2[s|, the avoidance trajectory shown in
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Figure 5.32 is computed and used as a reference for the MPC reference
tracking problem. In contrast, the magenta linear trajectory connects
the robot position to the merging point. It will be used as a reference
trajectory for the subsequent iterations.

ot =20.2 [s]

y [m]

x [m]

Figure 5.32: The algorithm builds the first avoidance trajectory and modifies

the reference trajectory by inserting the magenta merging trajectory

The robot will start following the avoidance trajectory, which will get
closer as the obstacle approaches the reference trajectory, as it can be
seen from Figure 5.33

t=26.4 [s]

y [m]

x [m]

Figure 5.33: Robot follows the avoidance trajectory
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5.6 Comparison with position constraints

Then, when the obstacle overcomes the reference trajectory (i.e., the one
represented in magenta), the robot will continue following the linear tra-

jectory that will reconnect to the original trajectory in the merging point
(see Figures 5.34 and 5.35).

t =30 [s]

y [m]

x [m]

Figure 5.34: After overcoming the obstacle, the robot will follow the merging
trajectory

t =48 [s]

x[m]

Figure 5.35: After following the merging trajectory, the robot has reached again
the original reference trajectory

Finally, by plotting the distance from the obstacle it can be seen that the
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robot has successfully kept a distance above ds = 0.5[m] during all the
avoidance procedure.

0 10 20 30 40 50 60

t[s]
Figure 5.36: Distance between robot and obstacle (on y-axis), with respect to
time (on x-axis). The orange line represents the boundary value ds = 1[m]

while the blue line represents the actual value during the simulation

5.7 Avoidance in a low density environment

Recalling the fact that the technique presented in this work refers to
low density scenarios, where pedestrians are able to freely modulate their
velocity, a situation with three obstacles moving in different directions
with different velocities has been set up.

In particular, the reference trajectory is the same used in the previous

cases, while the obstacles are characterized by:

—1 0.2
Pyl = Ve =
9 —0.6
5 |25 5 |—0.6]




5.7 Avoidance in a low density environment

At the beginning, the robot will detect the first obstacle and build the
avoidance trajectory for it (see Figure 5.37).

t=0.2[s]

y [m]

10k ‘ ‘ ‘ ‘ Q ‘
-5 0 5 10 15 20 25
x [m]

Figure 5.37: Initial situation, the robot starts planning for avoiding the first
obstacle

The robot will follow the avoidance trajectory until there is no more po-
tential collision with the obstacle (see Figures 5.38 and 5.39).

t=10[s
5. [s]
101
51
E G.
>
0,
_57
-10 : : : : x
-5 0 5 10 15 20
x [m]

Figure 5.38: Robot is following the avoidance trajectory for the first obstacle
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t=15.6 [s]

y [m]

-10

-5 0 5 10 15 20
x [m]

Figure 5.39: The avoidance maneuver for the first obstacle has been successfully
completed

Then, the robot will reach again the original reference trajectory before
detecting the second obstacle (see Figure 5.40).

t=19 [s]

y [m]

-5 0 5 10 15 20
x [m]

Figure 5.40: Robot has reached again the original reference trajectory

At this point, the robot detects the second obstacle and plans for avoiding
it (see Figure 5.41). However, when the robot starts also detecting the
third obstacle, it will be seen that it potentially collides with the avoidance
trajectory computed for the second one. In that case, the avoidance tra-
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5.7 Avoidance in a low density environment

jectory for the third obstacle will be computed with respect to the robot
position. Therefore, It will merge in the avoidance trajectory planned for
the second obstacle (see Figure 5.42).

t=25][s]

y [m]

-10

-5 0 5 10 15 20
x [m]

Figure 5.41: Situation in which an obstacle potentially collides with the avoid-
ance trajectory of another obstacle

t=32.8 [s]

-5 0 5 10 15 20
x [m]

Figure 5.42: After the second obstacle, the robot will continue avoiding the
third one

After that, the robot will follow the avoidance trajectory until finally
reaching again the original reference trajectory (see Figure 5.43).
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t=78 [s]

y [m]

-5 0 5 10 15 20
x [m]

Figure 5.43: Final situation in which the robot has reached again the original
reference trajectory

Finally, by plotting the distances from each obstacle in time, it can be
seen that the safety distance requirement has been successfully fulfilled
for all the obstacles, as it can be seen in Figure 5.44.

t[s]

Figure 5.44: Distance between robot and obstacles (on the y-axis), with respect
to time (on the x-axis). The purple line represents the boundary value ds = 1{m]

while the blue, yellow and green lines represent the actual value during the
simulation
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Another interesting case to be shown is the one in which different
obstacles are in potential collision from two opposite sides with respect to
the reference trajectory (see Figure 5.45).

In particular, considering two obstacles characterized by:

pw_ 2] yom_ |03
obs 20 obs _0 8
(5.15)
2 25 2 —0.6
Pl =1 | Vel =
0 0.3

t=0.2[s]

0 5 10 15 20 25
x[m]

Figure 5.45: Initial situation with two obstacles coming from opposite sides

Therefore, the robot will start following the avoidance trajectory for the
first obstacle until detecting the potential collision also with the second
one (see Figures 5.46 and 5.47).
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15

10

y [m]

t=11.4[s]

e

2 4 6 8 10 12 14 16 18 20
x [m]

Figure 5.46: The robot plans the avoidance trajectory for the first obstacle

y [m]

t=18.2 [s]

L
0 2 4 6 8 10 12 14 16 18 20

x [m]

Figure 5.47: The robot continues following the avoidance trajectory for the first

obstacle

At this point, the robot should have avoided the first obstacle and planned
an avoidance trajectory for the second one. However, the avoidance tra-
jectory with the second obstacle would be in a potential collision with the
first one. Thus the avoidance trajectory is modified to take into account
the first obstacle trajectory (see Figure 5.48).
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t=20.2 [s]

y [m]

0o 2 4 6 8 10 12 14 16 18 20
x [m]

Figure 5.48: The robot has avoided the first obstacle and detects the second one,

which has the avoidance trajectory in potential collision with the first obstacle

Furthermore, the robot will follow this avoidance trajectory until only the
second obstacle is still in potential collision (see Figure 5.49).

t=23.2 [s]

y [m]

0 2 4 6 8 10 12 14 16 18 20
x[m]

Figure 5.49: The first robot is no more in potential collision with the avoidance

trajectory, and the robot continues following it for the second obstacle

Finally, the robot will continue following the modified trajectory until
reaching again the original reference (see Figures 5.50 and 5.51).
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y [m]

t=28.6 [s]

LA~

0 2 4 6 8

10
x [m]

12

Figure 5.50: The robot has avoided also the second obstacle and follows the
merging trajectory

y [m]

Figure 5.51: The

trajectory

t=43 [s]

0 2 4 6 8

1‘0
x [m]

robot has successfully reached again the original reference

In addition, plotting the distance that the robot has kept from the obsta-

cles, it can be seen that it succeeded in avoiding a collision with both of

them.
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25

20

t[s]

Figure 5.52: Distance between robot and obstacle (on the y-axis), with respect

to time (on the x-axis). The purple line represents the boundary value ds = 1[m]

while the blue and yellow lines represent the actual value during the simulation

for the first and second obstacle, respectively
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Chapter 6

Conclusions and future work

The work developed in this thesis proposes a solution for autonomous
navigation in low people density scenarios, where the robot could steer to
avoid an obstacle.

In particular, the technique presented relies on the fact that, under the
considered assumptions, it could be possible to guide the robot towards a
free direction by modifying the trajectory given as a reference to the MPC.
In that way, according to the cost function, the controller will choose the
optimal solution compatible with the avoidance trajectory, if available.
Simulations have shown that the approach is applicable in different situa-
tions and effectively allows the robot to continue its motion while follow-
ing a locally variable avoidance trajectory, although different observations
could be done.

The proposed solution fits well in all the situations where pedestrians move
faster than the robot. In that case, the technique presented will allow the
robot to follow a trajectory that is coherent with the original reference tra-
jectory, while allowing the obstacles to follow their path. Indeed, in some
cases is not possible to define an avoidance trajectory that allows yielding
the obstacle, for example, when the robot is on an obstacle trajectory or in
a crowded environment, where people tend to move in groups at a slower
speed. These situations are the ones in which the usage of position state
constraints fits well, as already proven in previous works. Additionally, in
the cases in which the robot is close to the obstacle trajectory, the anchor
point tends to be far. Thus it could be easy to violate an obstacle in the
map, and an avoidance trajectory would not be built. Another particular
case is the one in which two obstacles are in potential collision with the

robot and between themselves. In that case, only one of the two avoid-
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ance trajectories will be taken by the algorithm. Although in a realistic
situation, one of the two obstacles will have to change either its velocity
or trajectory to avoid the collision with the other one and that behaviour
is unpredictable.

Therefore, due to the recent developments in computer vision and artificial
intelligence, robot perception could be extended by equipping it with a 3D
camera to detect obstacle shapes better and eventually predict their mo-
tion. This extension would require introducing the new coordinate both
at the Global Planning and Local Planning levels.

Additionally, in a smart building context, cameras across the building
could be exploited to obtain a real-time probabilistic map reflecting the
presence of groups of people, bringing that information at the Global
Planner level.
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