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Abstract

This PhD thesis focuses on the design and testing of safe robot motion planning
algorithms for human-robot workspace sharing. These algorithms are based on the
use of nonlinear model predictive control (NMPC), a model-based method for motion
planning relying on numerical optimization. The contribution of the thesis can be
split into two main areas. The first area consists of the approximation of NMPC laws
using deep neural networks (DNNS5), often referred to as “imitation learning”. This is
motivated by the fact that the execution of NMPC laws might require a considerable
amount of time, which restricts the performance of the closed-loop system. Calculating
the output of a DNN for a given input is instead a much faster process. Therefore,
replacing the optimization solver of NMPC with a DNN can reduce computation times,
thus improving performance. It is crucial, though, to suitably train the DNN to imitate
the NMPC law in order to improve performance and at the same time guarantee safety.
The final result obtained in this area consists of using the so-called dataset-aggregation
approach for DNN training, together with properly designed safety filters, which ensure
that the safety constraints imposed in the NMPC problem also hold for the robot motion
generated by the DNN. The second area consists of the extension of a previously
defined NMPC law in terms of stabilizing terminal constraints. The most common
approach for guaranteeing closed-loop stability in an NMPC problem is the imposition
of terminal constraints, i.e., the prediction of the system motion is required to satisfy
certain conditions at the end of the prediction horizon. Specifically, in a previous
approach, the “point terminal constraint” was used, in which the prediction of the robot
motion had to exactly reach the desired goal configuration at the end of the prediction
horizon. In this thesis, this condition is relaxed by imposing that a given set, rather
than a given point, is reached in the state space for the predicted robot motion. The
imposition of this new condition allows for an enlargement of the domain of attraction,
i.e., the NMPC law can find a solution for reaching the goal configuration from a wider
set of initial configurations. All the proposed motion planning strategies were tested

experimentally on a URS collaborative manipulator.
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Chapter 1

Introduction

1.1 Physical Human-Robot Interaction

For decades, traditional industrial robots have been used to accomplish large-scale,
high-speed tasks where robots must be isolated from humans. While non-collaborative
industrial robots are designed to replace humans to perform repetitive and/or dangerous
tasks, collaborative robots (cobots) are designed to safely carry out functions in
collaboration with human operators.

The field of industrial robotics is undergoing a paradigm shift as collaborative
robots replace traditional heavy manipulators [[6l[7]. Over the past 20 years, there have
been changes in both academic and industrial research that have allowed humans and
robots to actively collaborate and share their workspace on an increasing number
of tasks [8,[9]. Physical human-robot interaction (pHRI) is an essential area of
research in manufacturing that can potentially revolutionize the industry. Indeed, some
works already refer to the “Industry 5.0” framework, focusing on further developing
cooperation between humans and robots by implementing advanced technologies to
expand human capabilities [I0]. By combining the strengths of humans and robots,

manufacturers can increase the efficiency, flexibility, safety, and profitability of their

activities [[11]].

1.1.1 Safety Standards

The most crucial aspect of pHRI is to ensure safety, emphasizing the prevention of
accidents that could harm humans. The ISO/TS 15066:2016 technical specification sets
out principles and requirements for the design of human-robot collaboration (HRC)
applications, providing a comprehensive framework for safety. This document sets out
requirements and recommendations for the design, implementation, and operation of

such robots in four main approaches:

» Safety-rated monitored stop ensures the robot halts its movement whenever
the operator is within the collaboration workspace. This function is especially
beneficial when loading and unloading end-effector and ergonomic devices, where
the operator’s presence is vital for safe operation. By preventing the robot from
moving in the operator’s presence, this function significantly reduces the risk of

accidents, enhancing the overall safety.
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* Hand guiding allows the robot to move only with the operator’s direct partic-
ipation, providing him/her with continuous control over the robot movements
within the framework of a shared workspace. This applies to lifting assistance,

ergonomic adaptation, and load positioning.

* Speed and separation monitoring ensures a safe distance between the human
operator and the robot during joint tasks, allowing the robot to move only if the
distance exceeds a minimum threshold. This function is particularly crucial when
working on individual tasks in a shared area, as it eliminates the need for speed

control and separation, thereby enhancing safety.

* Power and force limiting aims to minimize the mechanical load on human
body parts due to potential contact with moving robot parts, final actuators, or
workpieces. It is applicable in environments with the possibility of short-term

and quasi-static physical contact, such as mixed media.

In addition, the standard contains recommendations for designing workspaces for
collaboration in which humans and robots interact. This includes considerations
regarding the workspace layout, safety zones, and barriers. The ISO/TS 15066:2016
technical specification is not just a document, but a crucial tool for promoting safe
practices in collaborative robotics. By adhering to the recommendations outlined in
this specification, we can ensure that collaborative robots can work harmoniously with

humans, minimizing unnecessary risks to their safety.

1.1.2 Speed and Separation Monitoring

This thesis studies the use of speed and separation monitoring (henceforth, SSM
[12H15]]), which is one of the above-mentioned four approaches in the ISO/TS
15066:2016 technical specification. Rather than allowing the robot to move at full
speed or not move at all based on the distance with the human, in this thesis the robot
speed is continually modulated, dynamically adjusting the maximum allowable speed of
the robot depending on the proximity of the human operator. As this distance decreases,
the robot automatically slows down or stops as needed. Traditionally, SSM is applied
to a fixed trajectory of the robot movement [12}[16]. However, in specific scenarios,
the real-time redefinition of the robot trajectory is used to achieve a balance between
performance and safety goals [4,[17-21]].

This line of research is dictated by the desire to avoid frequent stops of robots,
thereby increasing productivity. For example, in [[17]], a kinematic control strategy was
introduced that allows a robot to adhere to the end effector path while applying SSM
constraints (with a slightly simplified formulation compared to [[12])), for both redundant

and non-redundant manipulators. Similarly, in , the same SSM formulation was
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applied to point-to-point motions using a method developed to identify waypoints along
a given motion path to mitigate collisions and minimize travel time. Similarly, in [20],
the SSM formulation from was used to generate a set of arbitrary trajectories for
this task to determine the optimal solution that could prevent the robot from stopping

due to collisions with human operators.

1.2 Model Predictive Control for Workspace Sharing

Model predictive control (MPC) is a control approach that forecasts future behavior and
optimizes control actions over a finite time horizon using a dynamic system model [22]]
in the presence of constraints on system states and control actions. The MPC algorithm
solves a numerical optimal control problem over a finite time horizon and applies the first
calculated control action to the system. This technique is known as receding horizon,
as the time horizon is shifted forward as new state (or output) values are acquired. This
allows the MPC law to adjust to continuously redefine the control actions, in a closed-
loop fashion. MPC was first primarily employed in the petrochemical sector, with some
applications in the chemical, pulp and paper, food, and mining sectors [23]]. More
recently, its use has expanded to systems with fast dynamics, like power converters and
automobile powertrains [24].

MPC is a good candidate to solve general control problems in robotics (see,
e.g., [25H28]]), mainly because it can naturally allow for the imposition of inequality
constraints on both inputs and states. In particular, it can be used to plan the motion
of a robot manipulator in real time when a human operator shares its workspace.
Planning the motion of a robot manipulator in real time in workspace-sharing scenarios
necessitates meeting several requirements, including ensuring the operator’s safety,
avoiding fixed obstacles, and preserving the joint position and speed of all joints within
predetermined bounds. In particular, employed MPC for real-time
motion planning of robot manipulators in the presence of people while ensuring safety
via SSM.

The first work published on MPC with SSM constraints was , in which the
tracking of a desired trajectory was performed via MPC. The space occupied by the
human was delimited using separating planes; the SSM constraints were enforced by
requiring that the robot speed be equal to zero at the end of the prediction horizon.
The method defined in was tested on a 7-DoF manipulator via Robot Operating
System (ROS), and the space occupancy of the human was simplified by using a single
cylindrical obstacle.

Since SSM constraints only slow down or stop the robot based on its distance from
the operator, [4]] introduced a nonlinear MPC strategy, based on the SSM constraints
defined in [[I2]], that redefines the robot trajectory to help it avoid obstacles. To

3
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calculate the distance between the robot and the constraints, both the human and
the robot were covered using spheres. The SSM constraints were calculated based
on the distances between these spheres, and the robot trajectory to the goal point was
planned using NMPC. The method of [4]] was validated on a Kinova Gen3 manipulator,
using prerecorded human motions to account for the presence of an operator. The
approach of [4] was extended in to account for how safety was perceived by the
human, and in to exploit multiple predictions of the human motion, according to a
scenario-based NMPC approach.

An alternative method for SSM-based MPC method is that of [21]]. In this work, a
human-aware Cartesian MPC motion planning algorithm was used in conjunction with
a safe motion unit, based on the distance between robot end effector and human wrist.
The primary function of the safe motion unit is to prevent physical harm to humans
by adjusting the robot motion in real-time. It acts as a safeguard that monitors the
robot movement and ensures that it does not exceed safe operational parameters. The
method proposed in [21]] was tested on a Franka Emika Panda robot in the presence of
a human operator. One of the weaknesses of all NMPC based algorithms is that the
periodic recalculation of updated robot trajectories requires carrying out computations
that necessarily cause delays in the implementation of the trajectory itself; this leads to
performance degradation proportional to the computation time. This problem of MPC
implementations in systems with fast dynamics has been studied beyond the field of

robotics, and a possible solution is approximating the MPC via neural networks.

1.3 Approximating MPC via neural networks

Even though MPC can be a powerful and versatile technique for producing a safe robot
motion for pHRI, the regular recalculation of updated robot trajectories demands
calculations at every sampling instant. Instead of the ideal scenario where an
MPC law may be assessed immediately, this causes temporal delays that approach
and occasionally surpass the sampling period, degrading the closed-loop system
performance [4},[19,21]]. This might be problematic for industrial applications, as
SSM already places a conservative restriction on robot speed. Additionally, a further
decline in productivity brought on by the motion planning algorithm calculation time
could make MPC (and in particular NMPC) less applicable for manufacturing.

A possibility for improving the performance of MPC laws is using machine learning
tools. MPC and machine learning have been applied in many works, particularly in
the last ten years. Machine learning may be used in various parts of the MPC law in
learning-based MPC strategies [31]]. Learning the system dynamics and automatically
modifying the system model based on data is one approach [32H34]]. To achieve a
desirable behavior of the closed-loop system in the particular task, a second idea

4
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concentrates on learning other aspects of the MPC law besides the system dynamics,
such as the cost function or the constraints [35H37]]. Using MPC approaches to provide
safety for learning-based controllers is the third idea [38,[39]. The fourth concept
involves obtaining a high-quality initialization for an NMPC solver by utilizing neural
network-provided approximation NMPC solutions [40]. In this approach, the artificial
neural network is trained to predict the optimal control policy based on offline NMPC
simulations. This prediction is used as the initial guess for solving the NMPC problem,
thereby accelerating the convergence to an optimal solution. It is crucial to find a good
initial guess for the NMPC law because it involves solving a nonconvex optimization
problem, where the quality of the initial guess can significantly impact the speed and
success of finding an optimal solution. The final and fifth option is to use neural
networks to directly learn an approximation of an existing MPC law, which is usually
not learning-based. This method differs fundamentally from the other four research
paths stated in that it does not need the online solution of an optimal control problem,
and the resultant controller is no longer an MPC controller. To the best of our knowledge,
this was most likely the first option to be presented (in [41]]), which describes a method
for controlling nonlinear systems using a MPC strategy. It incorporates a neural network
to approximate the optimal control policy, making the approach more computationally

feasible for complex nonlinear systems.

Following this last approach, to approximate an NMPC law, proposed using
a long short-term memory (LSTM) deep neural network (DNN). The authors of
suggested creating data pairs using multi-stage NMPC, which were then utilized to
train DNNs to learn a robust NMPC strategy. DNNs were trained to mimic hybrid
MPC for domestic heating systems in [44]. Simulated MPC law imitation using
DNNs was implemented for resonant power converters in [45]. A learning-based
multistage MPC framework was presented in [46] for systems with time-varying plant-
model mismatches, and online plant-model mismatches were learned to use Gaussian
processes. In a process for defining neural approximations of NMPC laws with
various topologies, such as reduced-order and decentralized controllers, was described.
Recent research has examined the theoretical characteristics of deep neural network
(DNN) approximations of MPC laws in several publications, including [48-51]], with
focus on linear parameter-varying systems [S1]], nonlinear systems with polytopic
constraints and linear systems [49}/50]. Neural approximations of MPC controllers
have been proposed for several applications, including control of solar parabolic-trough
plants [52]], control of resonant power converters [45]], building control [53]], set point
tracking for robot manipulators and diesel engine air path control [53].

Scholars with expertise in reinforcement learning have examined a comparable
methodology, often known as MPC-guided policy search. In this case, the goal is to
train a DNN to mimic an MPC policy to convert a reinforcement learning problem

5
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into a supervised learning problem (see, e.g., [56]). This method strongly emphasizes
using measurements of the available output variables to train the DNN, while full-state
feedback was used to execute the MPC strategy. In other words, (deep) imitation
learning refers to using neural networks to approximate MPC rules. The earliest use of
this method was to simulate the activities of a human operator, or expert. In this case,
an MPC controller is the expert to mimic (see, for example, ).

1.4 Research Questions

The thesis work starts from the NMPC approach for SSM-based motion planning of
robot manipulators introduced in [4], and aims at improving it in two main directions.

The first direction is to use approximations of the NMPC law based on DNNs,
following the principles described in Section [I.3] By virtue of this approximation,
computation times can be reduced, thereby improving performance. However,
approximating MPC laws always brings the risk of violating the related constraints, and
this would be especially critical in the case of SSM constraints.

The second direction is to extend the approach of [4]] beyond the point terminal
constraints method. Indeed, all the stabilizing strategies of SSM-based robot motion
planning mentioned in Section [I.2] impose a constraint at the end of the prediction
horizon, which requires the predicted robot configuration to be at a given value. If
one could impose the final predicted robot configuration to belong to a set rather than
coinciding with a specific value, this would increase the so-called domain of attraction.
In other words, for a fixed value of the prediction horizon, the robot would be able to
plan a trajectory to reach the goal configuration for a wider set of initial configurations.
Designing an SSM-based stabilizing NMPC law for robot motion planning with set
terminal constraint requires proving the stability properties of the closed-loop system,
which can be a challenging problem.

Two research questions can be formulated related to the above-mentioned directions:

Q1. Is it possible to improve the performance of SSM-based NMPC laws, at the same

time guaranteeing human safety, by emulating their behavior through DNNs?

Q2. Is it possible to define and design an SSM-based NMPC law with guaranteed
stability properties and based on a set terminal constraint, which increases the

domain of attraction compared to the point terminal constraint approach?

1.5 Thesis Outline

The remainder of the thesis is structured as follows:



Related Publications

1.6

Chapter [2] of the thesis provides the description of an NMPC approach for SSM-
based motion planning of robot manipulators similar to that proposed in [4],
which constitutes the basis for the developments described in the following

chapters.

Chapter [3| presents an “offline” approach for deep imitation learning, which is
designed to mimic the behavior of NMPC law via pre-recorded data. Two NMPC
approaches, designed through various toolboxes and six deep imitation learning

methods are designed and contrasted.

Chapter [] describes a more advanced deep imitation learning technique known
as dataset aggregation (in short, DAgger), which is also designed to mimic the
NMPC behavior. The main difference with respect to the techniques detailed in
Chapter [3]is that the DNN in this approach is trained through online training,

which leads to better exploring the state space compared to the offline approach.

Chapter [3] shifts the focus to introducing an NMPC approach for SSM-based
motion planning with set terminal constraint. The focus is on proving stability
and evaluating the domain of attraction on a case study compared to the NMPC
law described in Chapter 2]
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and safety, as elaborated upon in Chapters [3and 4]



1. Introduction

During my PhD I also worked on a related topic, which is teleoperation of robot
manipulators with obstacle avoidance via deep reinforcement learning, the results of

which were published in

M. Rubagotti, B. Sangiovanni, A. Nurbayeva, G. P. Incremona, A. Ferrara and
A. Shintemirov, “Shared control of robot manipulators with obstacle avoidance:

A deep reinforcement learning approach,” IEEE Control Systems Magazine, vol.
43, no. 1, pp. 44-63, 2023.

As this topic is not directly related to pHRI, this paper is not described within this

thesis.

1.7 Notation

A sequence of integer values between n; and n, included is indicated as Np,, ,,,1. Given
a vector v € R™, ||v|| represents its Euclidean norm and, given a matrix M € R™ "™,
one has that ||v||2, £ v Mv. Also, given two vectors, v1,v, € R™, we define the
shorthand notation ||v1 ||, = ||v; — v2]|. In the Euclidean space R™, the ball of radius
r centered at v is defined as B,.(0) = {v € R™ : |[v||; < r}. Given aset S C R"s,
int(S) represents its interior. The minimum and maximum eigenvalue of a symmetric
positive (semi)definite matrix M are indicated as Ay, (M) and A (M), respectively.
The n x n identity matrix is referred to as [,,.

In the thesis, the following comparison functions will be used, defined in [22].

Definition 1.1. A function f : R>; — R>¢ is a K-function (in brief, f(-) € K) if it is
continuous, positive definite and strictly increasing, and f(0) = 0.

Definition 1.2. A function f : R>g — R is a K-function (in brief, f(-) € K ) if it

is a KC-function and lim,_,, », f(s) = +o0.

A comprehensive glossary of all used terms is reported in Appendix [A]



Chapter 2

Nonlinear MPC for safe

human-robot workspace sharing

This chaptetﬂ provides a description of an NMPC approach for SSM-based motion
planning of robot manipulators similar to that proposed in [4]], which constitutes the
basis for the developments described in the following chapters. These, in turn, represent
the main contributions of this thesis. The main differences between the content of
this chapter and that of [4] are the introduction of Assumption [2.1— which defines a
maximum acceptable distance between the human and the goal configuration of the
robot — and the introduction of a stability proof based on comparison functions, which
provides preliminary results to be used in the remainder of the thesis. The theory
presented in this chapter is applicable to any serial manipulator, and the focus will be

on the general formulation experimentsrather than on a specific case study.

The robot space occupancy, its kinematics and system dynamics used in the NMPC
law are described in Section 2.1] The inequality constraints imposed in the NMPC
problem are described in Section 2.2} and include limits on joint angles and speeds,
avoidance of fixed obstacles and SSM constraints. The NMPC cost function is typically
made of the sum of cost terms related to specific time instants along the prediction
horizon, each referred to as stage cost; these terms are introduced in Section @
Section[2.4]provides some details on the NMPC prediction and on admissible sequences,
concepts that will be useful to formulate the NMPC problem. The latter will then be
detailed in Section [2.5]for the case of point terminal constraints, and a proof of closed-
loop stability will be given. Finally, a summary of the content of the chapter will be

given in Section [2.6]

IPart of the text in this chapter is adapted from , conditionally accepted for publication in Control
Engineering Practice (Elsevier).



2. Nonlinear MPC for safe human-robot workspace sharing

2.1 Robot Modeling

2.1.1 State space model

The state space of the system is described by the vector of joint positions, directly
referred to as € R™. The space of control variables is defined using a kinematic model
of the robot, by assuming to be able to directly impose joint velocities, described by
a vector u € R", where each joint speed u; € R represents the time derivative of the
corresponding joint position z;, for i € Ny ,,). In addition to simplifying computations
compared to a detailed dynamic model, this approach allows one to use the generated
values of u as joint velocity references for low-level controllers. The system dynamics
are given by

z(t+1) = f(x(t),u(t)), (2.1

where ¢t € N is the discrete-time index, and f(-,-) : R™ x R" — R" can be expressed

in the following simplified form:
f((t),u(t)) = 2(t) + Tu(t), (2.2)

where T’ is the sampling interval. Two main reasons dictate the use of this simplified
model, already highlighted in [4] and [30]. The first reason is that the NMPC controller
solves a nonlinear numerical optimization problem at each sampling time, and this
problem becomes more complex if a detailed and realistic dynamic model with joint
torques as inputs is used. Instead, the simple model used in this thesis limits the
complexity of the NMPC problem. The second reason is that for most commercial
manipulators, the joint torques cannot be used as actual inputs, and instead, velocity
references should be given, which are then tracked by inner control loops (whose
implementation details are usually unavailable for the user). The robot task involves
steering x to a desired goal configuration z, € R" in the joint space. The associated
“goal speed” u, € R", which would allow the robot to remain at x, once its value

is reached, is defined as a vector of zeros in R". Indeed, one can easily verify that

f(xg,ug) = z4.

2.1.2 Space occupancy and robot kinematics

The volume occupied by both the robot and human in the fixed Cartesian reference
frame centered at the robot base and referred to as O — zyz is over-approximated via a
union of spheres (n; spheres for the human and 7, for the robot). Each of them has a
constant radius, while its center is assumed to be attached to a given location of either
the human or the robot and moves together with it. Each sphere &, ; on the human,
7 €Ny, = N{1,n,]» has center p, ; € R? and radius Ry, j, whereas each sphere S, ; on

the robot, i € N, £ N [1,n,]» has center p,; € R? and radius R, ;. Following a common

10



Inequality constraints

terminology in robotics, we refer to the sphere centers as test points. For the sake of
compactness, we refer to the vector given by all human test points (which, assuming

the corresponding radii as constant and known, defines the human pose) as
H=[ol, »l A S (2.3)
= [Pry Ph2 -+ Phny, : :

To calculate the value of each p,; and the Cartesian velocity vectors v; € R3
corresponding to the same points, one can employ forward and differential kinematics.
More precisely, we can write

Pri = Hri(2), (2.4)

where 7} ,(+) : R™ — RR? is obtained via forward kinematics, and
vy = 4%/(1,1'(1"7 U), (25)

where #;;(-,-) : R"™ x R" — R?, is obtained via differential kinematics. The
expressions of J¢7,(-) and .%#g,(-,-) depend on the employed robot. A specific
realization of these functions is described in Appendix [B| for the UR5 manipulator
that will be used in all case studies. In this context, both the robot and the human are
modeled as time-varying functions. However, within the NMPC prediction horizon, the
human is treated as static, meaning that their state remains constant over the prediction

period.

2.2 Inequality constraints

Following a common approach in industrial robotics, bounds are imposed on joint
speeds and positions to avoid damaging the robot. These bounds are typically expressed
independently for the speed and position of each joint, thus resulting in box constraints.

Overall, the described constraints can be expressed as
r € 0, (2.6)

ueQ, 2.7)

with © C R" and 2 C R" being closed boxes including x, and u,4, respectively, in
their interiors. Both ) and © are bounded sets, as all joint speeds must be limited.
Limits can be imposed in principle on all joint variables (if they are not needed to avoid
self-collisions, these bounds can be imposed as loose as needed to allow the manipulator
to perform any needed motion).

Another set of constraints can be imposed on the robot test points to ensure that all

robot spheres remain outside the space occupied by static obstacles:
pri = Hi(v) € Py, (2.8)

11



2. Nonlinear MPC for safe human-robot workspace sharing

where P;, i € Ny, ], are suitably defined sets in the Cartesian space. Constraints
(2.8) are expressed directly, depending on the system state . It is assumed that all
inequalities that compose (2.8)) are defined such that

Hi(z,) € int (P;). 2.9)

For example, suppose a manipulator has to avoid colliding with a wall. In that case, z,
should correspond to a configuration where the manipulator is at a non-zero distance
from the same wall to avoid damage.

The last category of constraints we impose in the thesis is related to human safety.
Equation (4) in [[61]], which, in turn, implements a particular form of the ISO/TS 15066
SSM criterion specified in equation (4) in [[T1], is the basis for the SSM algorithms. This
requirement ensures that the robot can stop before a collision, even when the human
and robot are moving toward each other (with the human moving at his/her maximum
possible speed vy). In order to do that, we need to define a formulation that calculates

the distance between the robot’s i-th sphere and the human,
dih = mll’l{dw — (Rr,i + Rh,j)}’ (210)
JENR

where a collision is indicated by a negative d;;,, and R,; and R; ; represent the
radii of the spheres that occupy the robot and human body, respectively. In (2.10),
di; = ||pri — pn;|| is the Euclidean distance between the corresponding robot and
human test points. By using (2.10), the following equation can be formulated, which

has to be satisfied for each v;:
dip, + dip < dip, + €5, (2.1D)

where Jih and Jir are the maximum distances that S, ; and S,.; can travel until one
can achieve v; = 0. And ¢, is the maximum error with which the employed motion
capture system detects the positions of the test points of the human. We can define d,
as di, = v (Tyy + C%) using the time interval 7);, £ T + T, needed for the detection of
the human position (assumed to be equal to the sampling interval 7") and the ensuing
reaction (depending on used algorithm and hardware and denoted as 7;.). On the other
hand, Z* represents the time required to bring the robot to a controlled stop (where a; is
the maximum deceleration that the robot can impose on its test points). Additionally,
dir = viTar + 2vzi 2%2,‘

v; 1y, represents the distance traveled by the robot while the control input is calculated.

is defined, where

is the distance required to halt the robot and

For all i € N,, one may solve (2.11]) as an equation to get the maximum speed the robot
can go at given the present value of d;;,. However, these SSM formulations cannot be
directly applied to our NMPC problem. This limitation arises because the variable v;
must always be squared in the formulations. Indeed, the non-differentiability of the

square root function (needed to calculate v;) at the origin would pose difficulties for the
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Velocity profile for SSM and MPC
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Figure 2.1: Velocity modulation profiles for the SSM and NMPC controllers (figure
adapted from [4]]).

optimization solver. Therefore, in the thesis, the SSM formulation is modified to enable

changes in the robot trajectory as demonstrated in [4], as

o] < o (dfj - p,?j) i, €N, x N, (2.12)

where p;; £ R.; + Ry ; + d; also, o € Ry and de R+, are tuning parameters.

These parameters are determined based on the above-mentioned value v, and on
other parameters, including €, a,, 1" and 7;.. This modified version of the original SSM
parameters is a more conservative version of (]EI); in other words, the speed v; is
always lower or equal than the threshold determined directly in (2.T1). More precisely,
it is necessary to choose values for v and d that ensure the linear velocity of the NMPC
controller never exceeds the SSM limits and remains below the tangent line of the SSM,
as depicted in Figure 2.1}

It is important to clarify that d depends on the detection/reaction time of the robot
and represents the minimum distance between any two spheres S;, ; and S,.; for which
the robot would be able to stop, in the worst case scenario, before a collision with the
human happens. Indeed, even for ||v;|| — 07, condition (2.12)) cannot be satisfied when
the distance between Sy, ; and S, ; is smaller than d, as this implies dfj — p?j < 0. This
is not a problem of the more conservative constraints defined in (2.12), as the same
problem would occur using (2.11)) directly.

Our formulation can easily show that the SSM constraints can be expressed as a
function of z and u, in addition to H. Indeed, given the definition of d;; and the robot

kinematics functions defined in (2.4) and (2.5]), we can rewrite each of the n; x n,

13
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conditions in (2.12) as
i, w)|” < o (| #7:(@) = pusl* = o) - (2.13)

In short, (2.13) can be expressed as u € Ussm(x, H), as the range of joint speeds
allowed by the SSM constraints depends on robot and human poses. However, as will
be specified more clearly in the remainder of the paper, we will assume a constant
value of H along the prediction horizon; thus, H will be considered as a set of fixed
parameters, and the dependence on it will not need to be explicitly stated. Therefore,

we will refer to the SSM conditions as
u € USSM(ZL‘). (2.14)

The constant value of H is assumed to satisfy the following condition, which will be

considered guaranteed in the remainder of the thesis.

Assumption 2.1. There exists € € R such that all sub-vectors py, ; of H satisfy
17 () = pusl* = i 2 €, (2.15)

foralli € N,.

Assumption [2.1| requires that the SSM constraint (2.13) be satisfied when = = z,
and u = u,, with the distance between S}, ; and S,.; being greater than d + ¢; this can
be easily verified after noticing that || ¢, (x,, u,)|| = 0. All constraints defined in (2.6)
and (2.8)) are imposed only on the state. Therefore, there exists a set X C R" such that
their simultaneous satisfaction can be compactly expressed as

r e X (2.16)

Constraints (2.7) and (2.14) defined on the input are respectively independent and
dependent on the state. Therefore, as the input constraints depend in general on the
state via the SSM constraints, we express (2.7) and (2.14) together as

u € U(z) (2.17)

where U(z) £ Q N Uggn ().

Given the requirement expressed in (2.9) and the fact that z, € int(©), one
can see that x, € int(X). One can also notice that u, € int(U(z,)). Indeed,
u, € int(£2) was directly required when introducing €2; also, Assumption implies
|#5,i(x4) — pnyll* — pj; > 0, but this corresponds to strictly satisfying 2.13) for
u = ug, or equivalently that u, € int(Ussm(zy)).
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Stage cost

2.3 Stage cost

To define the NMPC cost function, we first recall that p, ,,, = %}, (x), and define the
corresponding reference value as py. £ K (74). As p,.,, represents the center of
the last robot sphere, it is implicitly assumed (without loss of generality) that it covers
the robot end effector. Also, we introduce the position of a given test point pj ;. (which
is part of H, assumed constant) for a fixed index j = j,, on the human operator. We
can, therefore, introduce the following function:

2

|7 0. () = 1,
Hj{fﬂr (l’) - pﬁ,nr

gp(x,xg)éexp —f 50 (2.18)

in which § € R, is a tuning parameter while exp{-} represents the natural
exponential function. The tuning parameters S and  can be chosen through a trial-
and-error approach. This involves observing the robot motion to ensure it slows down
appropriately as the human gets closer, while also ensuring that the robot is not repulsed
too much, allowing it to reach the goal configuration. Notice that ¢(z, ), for a fixed
human pose H, tends to zero for any fixed value of p, ;, # pj,, (condition guaranteed
by Assumption [2.1) as = approaches z,, since

lim [y n, () = A, (2g)]] = 0. (2.19)

Ty

The cost function that will be minimized in the considered NMPC problems includes
the sum, along the prediction horizon, of stage costs defined as follows, for any given

pair (z,u):

U, u) = [lv — 24llG + l[ullf + 7% (2, 7y) (2.20)

where ) = @' € R"*" and R = R’ € R™*" are both symmetric and positive definite
matrices. The first two terms in the cost function penalize, as usual, the distance
to the reference and the control energy (notice that an equivalent expression for the
second term is ||u — u,||%), whereas the third term increases when the robot approaches
the human operator and is aimed at generating trajectories in which the speed is not
excessively reduced due to the need to satisfy the SSM constraints. When the robot
reaches the goal configuration x, and a zero joint speed u = u, is applied, the stage

cost satisfies /(z,, u,) = 0 for any fixed value of .

2.4 Predictions and admissible sequences

While the actual time evolution of the system state x is determined based on (2.1)-(2.2)),
we refer to closed-loop state values predicted by NMPC as x,, and to the corresponding

discrete-time instants along the prediction horizon as k, with £ = 0,..., N — 1 (IV
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being the prediction horizon length). In all NMPC problems, we will impose that the
closed-loop system dynamics satisfy z,(0) = x¢ (i.e., the predicted closed-loop system
state x,, at a time £ = 0 corresponding to the current time instant ¢, is equal to the
measured state 2o = z(t)) and x,(k+1) = f(x,(k),u(k)) (i.e., the prediction happens
using the model defined in Z.1)-(2.2))).

From a given initial condition x, the admissible sequences of control inputs %(0),
u(1), ..., u(IN—1), indicated in short as u(-), are those that lead to satisfying x, (k) € X
fork=0,...,N and u(k) € U(z,) fork =0,..., N — 1. We refer to sequences that

satisfy these conditions as u(-) € UV (zy).

2.5 NMPC problem with point terminal constraint

In most stabilizing NMPC formulations, terminal constraints are imposed on the state
at the end of the prediction horizon. These constraints guarantee that the system meets
specific operational criteria or reaches a desirable steady state by ensuring it acts as
intended at the end of the prediction horizon.

A point terminal constraint mandates a particular value for the state variables at the
last time step of the prediction horizon. Explicitly requiring that the robot configuration
x be precisely guided into the intended value x4 at the end of the prediction horizon is
the simplest way to create stabilizing terminal conditions. For this purpose, additional
restrictions are applied, defining a more limited set of valid sequences u(-) € UV (z,)
also to incorporate the condition x,,(N) = z,. These allowed sequences are designated
in this thesis as u(-) € Ui\’;} (x0). Therefore, the NMPC problem is designed as follows:

N-1

minimize Jy (zo,u(-)) = Y € (2, (k), u(k)) (2.21a)
k=0

with respect to u(-) € Ui\fg(mo) (2.21b)

subj. to 2,(0) = xg, xu(k + 1) = f(zu(k), u(k)). (2.21c¢)

The value of H utilized to describe cost function and constraints is measured at the
current instant ¢ and kept constant throughout the prediction horizon: in practice, this
value can change at each sampling time instant, however, we will assume it to remain
constant in order to prove stability properties. The optimal sequence of control moves
obtained by solving (2.21) is denoted by u*(-) = {u*(0),u*(1),...,u*(N — 1)}, and
the related optimal cost by Jx (x¢). The NMPC feedback policy is then established by
solving the system dynamics (2.1)) using u(¢) = u*(0) by the so-called receding-horizon
concept.

The following technical lemma provides preliminary results to demonstrate the
stability characteristics of the described NMPC law.
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Lemma 2.1. If Assumption 2.1 is satisfied for the system dynamics specified in (2.2)),
the constraints introduced in 2.16)-(2.17), and the stage cost formulated in ([2.20), then

the following conditions are satisfied:

(i) the dynamics f(x,u) and the stage cost {(x,u) are continuous with respect to
both x and u, for all z,u € R";

(i1) 2 introduced in (2.7)) is a compact set;

(iil) there exists a ball B, (x,) with v € R. defined such that, for all v € B,(z,) N X,
one has that u, € U(x), with u, satisfying f(x,u,) = x4,

(iv) there exists a function Gs(-) € Ko (see Definition such that, for all
x € B,(xy) N X, one has that {(x,u,) < do(||||, ).

Proof. We start by proving (i). From (2.2)), it is immediate to see that f(z, u) is linear
(and therefore continuous) in both its arguments. The stage cost in (2.20]) is composed
of three terms, of which the first two are quadratic (and thus continuous) concerning
x and u, respectively; the third term, defined in @’ is made of the composition of
continuous functions (in particular, one can easily verify that this is always true for
the forward kinematics %}, (x)), and is therefore also continuous. We can conclude
that /(x, u) is also continuous with respect to both its arguments, which shows that
condition (i) holds.

As for (ii), €2 is introduced as a set that has to be both closed and bounded, and this
coincides with the definition of a compact set.

To prove (iii), we start by noticing that the only expression of u, such that
f(z,u;) = z, is, by definition of f(z,u) in @2), u, = L(z* — z). To verify that
u, € U(x), one needs to recall that U(x) = Q N Uggm(z). Therefore, we will proceed
by determining two different balls with radii 1y and v, respectively, in the state space,
such that z € B, (z,) N X implies u, € Q, and x € B,,(z,) N X implies u, € Ussm(z).
Then, we will obtain the value of v as v = min {vy, 15 }.

We first focus on determining ;. Given the expression of u,, one has that
ltellu, = F2||zy» and thus & € By, (z,) < u, € Bi(u,), with ¥ £ 11 /T. Since
(2 was defined in Section@including ug in its interior, there exists a positive value r

satisfying B;(ug) C ). This means that the value of 1y that we need is v; = 771, as
x € Bir(zy) N X = u, € Br(u,) C Q. (2.22)

The value of v, cannot be directly found with a similar rationale, as Assumption [2.1]
guarantees that u,, is in the interior of Uggy (), but not in the interior of Uggy () as x

varies. Therefore, as a first step to find v, we define the following scalar function:

Orij(x) = |17 :(x) — payll®. (2.23)
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As A} i(x) : R" — R? represents the forward kinematics of a manipulator, each of
its components includes linear combinations of sine and cosine functions of single
components (or of the product of multiple components) of x. Sine and cosine functions
are Lipschitz continuous, and the same property extends to their linear combination
. Therefore, each component of %} ;(z) is Lipschitz continuous, and since the
composition of Lipschitz continuous functions is also Lipschitz continuous [62], we
can conclude that ¢ ;;(x) is Lipschitz continuous (remember that py, ; is constant by
assumption). More precisely, for all z,z, € X and all 7,57 € N, x N, there exists
Lyi; € Ry such that

91i5(x) — Drij(xg)] < Lyl (2.24)

This implies that, defining L ¢ = max; ; Ls;;, forall z,z, € Xand all 7,7 € N, x N,
the following holds:

brij(xg) = Lillzllzy < bpij(x) < bpij(g) + L]y (2.25)

We now introduce a second scalar function

2

bailw) & | Haa , u) P = | Has (2, 5y — )| (2.26)

defined using .5 ;(z, v) in the specific case in which u = u,, which always holds in
part (iii) of this lemma. It is always possible (see, e.g., [63]]) to express

%/d,z’(% U) = Jlin,i(m) " u, (2.27)

where Ji i (2) € R3%™ is the part of the so-called geometric Jacobian of the manipulator
that accounts for the linear motion of a test point 4. Similarly to .#};(z), each element
of the matrix Jy,;(z) contains linear combinations of sine and cosine functions or
products of components, or single components, of x. As u = wu, in our case is an affine
function of x, all considerations about Lipschitz continuity made for ¢ ,;(x) also hold
for ¢q;(x). Thus, we can conclude that, for all z,z, € X and all ¢ € N,, there exists
L4 € R such that

¢ai(tg) = Lall @2y < Gai(2) < Pai(wg) + Lallx]|a,- (2.28)
From (2.13)), one can see that u, € U(z) if and only if
i (v, 1) |* = 0| A7 a(2) = pug|* < —a?pl. (2.29)

Based on the first inequality in (2.23) and on the second inequality in ([2.28)), for all
z,r, € Xand all © € N,, the following holds:

1 ai(x, u) 1P = 01| H7i(x) = pugll® = Gai(w) — o’y
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< Gai(wg) + Lallzl|s, — 0’y i(xg) + &P Lyl|z]la,
< —a?||Hfi(xg) — pugll® + (La + o’ Ly) |, (2.30)

as ¢ai(zy) = || Hai(zy,ug)|* = 0. If we define 15 € R such that 2]z, < vo, @30)

implies

1A (2, w) I — o [| Hi(2) = pugll* < —a®[|Hi(2g) — pugll® + (La + o Ly)vs.
2.31)
A sufficient condition to guarantee that u,, € U(x) is then (Ly+a?Ly)vo—a?|| £ (z)—

Phyll? < —a?p3;, or equivalently

o? (| #74(xq) = pusl* — p2)
Lg+ 042Lf

. (2.32)

Vo >

By means of Assumption[2.1] (Z32) is satisfied if we set o = a?¢/(Lq + o®Ly). Part

(iii) is thus proven, with
v =min{v, s} = min {FT, o’e/(Lyg + oasz)} ) (2.33)

As for (iv), the stage cost in (2.20)) is defined by three terms, so d(+) can be found as

the sum of the upper bound on each of these terms. For the first term, one can see that

12 — 2413 < Amax (@) 7], - (2.34)

The second term also depends on u; remembering that in part (iv) of this lemma we

always assume u = u,, we obtain
2
lall?, = (2 — 2|, < ZoAmax(R) |2, (2.35)

To determine an upper bound on the third term of (2.20), we examine the two squared
norms in the exponent of ¢(x,z,). Based on the Lipschitz continuity analysis in
part (iii) of the proof and on Assumption 2.1} we can determine a lower bound on

2
G e () = || H7n (2) = pnj, | as

forall z,z, € B,(z,) N X

Regarding the second squared norm in the exponent of ¢(z,z,), we define it as
o5(z) & ngfnr () — pj,nrH. The same considerations hold for this function as for
functions ¢y ;;, although the Lipschitz constant is generally different from L. We can

therefore claim the existence of a new constant L, such that, for all z,z, € X,

8 (xg) — Lillall, < 63(2) < 63(z;) + L[zl 237)
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The second inequality in (2.37)) provides us with an upper bound on ¢%(z), which,

noticing that ¢ (z,) = 0 by construction, can be expressed as

|5, (2) = D, | < Lol (2.38)

An upper bounding function on the third term in (2.20), for all z € B, (z,) N X, can

therefore be expressed as
v* (@, 79) < 2(||]la,) (239)

where

—v|x||s, + P2 . +€)?
el ) i

L2«2,

3(|2],) 2 76Xp{-2ﬁ

®(-) is a K-function of its argument Def 2.13], while the upper bounding functions
defined in (2.34) and (2.33) are K..-functions. This implies that d»(-) € Ko, can be
defined as

G([12]la,) 2 (Amax(Q) + 2 Amax(R)) 1212, + O ([, ), (2.41)
which concludes the proof. [

Based on conditions (i)-(iv) guaranteed by Lemma[2.1] the properties of the NMPC

strategy with point terminal constraints are proven by the following theorem.

Theorem 2.2. Consider the closed-loop system [2.2)) with input u(t) determined via
the receding-horizon principle from the solution of the NMPC problem [2.21)), whose
constraints are formulated in 2.16)-(2.17), and the stage cost is introduced in ([2.20).
Then, if Assumption[2. 1 holds, the set X of states for which a solution of ([2.21)) exists
is a positively invariant set, and x4, is an asymptotically stable equilibrium point for the

above-mentioned closed-loop system with domain of attraction Xp.

Proof. Regarding recursive feasibility, according to [22, Lem. 5.3], X is positively
invariant for the closed-loop system (2.2)) with input u(¢) obtained through an NMPC
problem with point terminal constraints in the form (2.21)), if there exists a control input
u, € U(z,) such that f(z,,u,) = x,4. In our formulation, choosing u, = u, implies
f(xg,u.) = x4, as already specified in Section 2.1} The definition of 2 in Section[2.2]
implies u, € ), whereas u, € Usgm(z,) is guaranteed by Assumption These two
conditions imply u, € U(x,). As the required assumptions for proving Lem. 5.3]
are satisfied, recursive feasibility is guaranteed.

According to Thm. 5.5], the closed-loop system (2.2) with input w(t)
determined via an NMPC problem with point terminal constraints in the form (2.2 is

asymptotically stable if the following conditions hold:
(a) there exists u, € U(z,) such that f(z,, u.) = x4 and £(z4, u,) = 0;
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(b) there exist K -functions a4 (-), as(+) and a(+) such that
ar([z]le,) < Jn(x) < o[zl ) (2.42)
and {(z,u) > as(||z||,,) for all z € Xp and all u € R™.

As for condition (a), choosing again u, = u, also implies /(x,, u.) = 0, as already
specified in Section[2.3] This property and those already described in the recursive
feasibility proof guarantee the satisfaction of condition (a). Regarding condition (b), as
the initial state 2 cannot be modified by the NMPC problem, the first term ||z — z,||?
in the stage cost can be used to determine a global X, lower bounding function, as
|2 — 2413 > Amin(Q)]|]|7, . Therefore, we can choose a1 ([|#]lz,) = Amin(Q) [l ]7, -
According to [22, Prop 5.7], since conditions (i)-(iv) here formulated in Lemma
hold, then the existence of a suitable upper bounding function ay(-) € K, is
guaranteed for all z € X . Finally, given the formulation of the stage cost, one can set
as(||z]lz,) = a1 (||z||z,), and therefore condition (b) holds as well. Asymptotic stability

is therefore proven. |

2.6 Chapter summary

This chapter focused on the theoretical formulation of an NMPC law for SSM-based
motion planning of a serial manipulator in the presence of a human operator. Its
contribution consists of the presented stability analysis, which is why simulation and
experimental results are not present in this chapter. The NMPC law here introduced
will constitute the foundation for the algorithms presented in the remainder of the thesis.
These algorithms will be compared on specific case studies with the NMPC algorithm
of this chapter.

It is important to note that the tuning parameters of the robot may need to be adjusted
differently depending on the specific scenario. In the scenario presented in this thesis,
the goal is to bring the robot to the goal configuration while avoiding all the obstacles,
including human operator. Therefore, careful tuning is essential. The system must be
calibrated by evaluating all relevant parameters to ensure that obstacles are effectively

avoided and the robot successfully reaches the goal.
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Chapter 3

Imitation learning: an offline

approach

This chapterﬂ describes the design and implementation of DNN-based motion planning
schemes that aim to imitate the NMPC law for pHRI described in Chapter 2] Three
distinct strategies for the data collection process were designed, each utilizing different
NMPC approaches: the first NMPC law sets the human position as constant (and equal
to the currently measured value) throughout the prediction horizon; the second approach
utilizes prerecorded future human motions; the third strategy adds a past measurement
of the human position to the second approach to implicitly get velocity information.
Subsequently, DNNs are trained through those data and implemented for the URS
universal robot manipulator with six degrees of freedom. The main task of the robot is
to reach two different target configurations while satisfying all constraints.

Due to the fact that all the proposed methods were trained based on pre-recorded data
generated by applying the NMPC law, there may be certain aspects of the environment
that were not thoroughly explored during training. Therefore, the method described
in this section is referred to as “offline”. This can increase the chances of constraint
violations in situations in which the robot finds itself at a state value never experienced
during training, which is why the next chapter will cover other imitation learning
methods that can better explore the workspace.

The structures of DNN approaches, data collection, and training procedures are
described in Sections[3.1)and [3.2] Section[3.3|covers implementation and comparison

of the suggested DNN-based techniques with two distinct NMPC implementations.

3.1 DNN:s for imitation learning

The proposed imitation learning process uses a feed-forward neural network with several
hidden layers between the input and output layers. Feed-forward DNNs are specifically
chosen for approximating NMPC solutions because they efficiently handle the main
problem: mapping current system states to control actions. And they have a simpler
structure with a unidirectional flow of data, which typically requires less computational

resources compared to more complex architectures. The simplicity and efficiency

IThe text, algorithms, tables and figures in this chapter have been adapted from : © 2023 IEEE.
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make feed-forward DNNs a natural fit for this task, offering a good balance between
computational cost and performance. Each neuron computes the weighted sum of the
outputs from the preceding layer and applies a nonlinear function, sometimes known as
activation function, to the result. After being determined initially randomly, the weight
values are adjusted through training until the required performance is attained [[64]].
Using a robot simulator or a real robot, the DNN must be taught to mimic the input-
output behavior of the NMPC scheme, described in (2.21)), using prerecorded NMPC
solutions derived for a specific set of human motions. The agent is designed using
DNNSs, according to the deep imitation learning method [65H67]]. The extended state s
of the system, which consists of human position H and robot state x, is provided to the
input layer of the DNN. The DNN implements a deterministic policy u” " (s). This

DNN

policy determines the DNN output as an action u at a given extended state value,

which is provided to the robot joints as reference joint velocities.

The NMPC motion planning system described in Chapter [2] serves as the “expert” to

NMEC(5) that is still made

be imitated. At any given value of s, it produces an action u
of joint speed references. In general, the set of extended states s for which an NMPC
law was calculated is referred to as S. The corresponding sets of NMPC-generated and

DNN-generated actions are instead referred to as /"™ and PV, respectively.

A quadratic loss function
Ns 2
L(Z/{NMPC’J/{DNN) _ Z (uDNN<Sj) _ uNMPC<Sj)) . (3.1)
j=1

may be computed for n, realizations s; of the state, and associated DNN and NMPC
DNN

actions. The DNN policy at episode i, namely u;"""" (s) — which belongs to the set
IT of all possible policies implementable by the given DNN — is updated for a given
number of training episodes N, by first obtaining the corresponding loss function L;,

and then updating the DNN to obtain an updated policy u2"{"(s) through a single

back-propagation step. The optimal policy uV () is chosen as the version of u”™V (s)

that minimizes L on a given validation set of states, different from the training set.

Using pre-recorded NMPC data allows one to directly associate the value of v/

determined for specific values of s. This removes the influence of NMPC calculation
delays in the acquired data. Moreover, datasets created especially for human motion
in industrial activities are accessible (see, for example, ), which can help DNN
designers save time and effort by generating and annotating a pre-existing dataset.

If appropriate data are unavailable for the particular application, we still advise to
record the human motion to create an ad-hoc dataset, which one can use to train the
DNN. It can be impractical to generate the NMPC data with real-time readings of
human motion, since it would take a long time. Additionally, it may be necessary to

repeat the training procedure many times to fine-tune the parameters of the NMPC
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scheme. One more note about creating NMPC data: if an accurate robot simulator is

available, utilizing it instead of the actual robot would save even more time.

3.2 DNN structures

This thesis considers different DNN topologies. All architectures trained using pre-

recorded data are indicated by the letter “O” in the names, which stands for “offline”.

* When using O-DNN-0, the mimicked NMPC technique, also known as NMPC-0,
is based only on the values of H and x (i.e., s) that are presently measured, since
the NMPC law is typically assuming (see Chapter [2)) that the human posture
remains constant across the prediction horizon. To accomplish this, the DNN is

designed using the same input data, as follows:
O-DNN—0 NMPC—0
u (s) ~u (s), (3.2)
where s is the state of the system that contains from z and H, and u®P"N=0(s)

and uMMPU=0(3) are the functions that define u for O-DNN-0 and NMPC-0,

respectively.

O-DNN-P (where the letter P stands for “prediction”) is trained to mimic an
NMPC scheme (specifically, NMPC-P) that uses the actual human position, both
present and future, throughout the whole prediction horizon, denoted as 7. This
NMPC dataset can only be constructed offline using a human motion that has
already been recorded. However, the O-DNN-P approximation only takes into

account H, the present human stance, which results in

UO_DNN_P(S) ~ UJ\U\JPC—P(g)7 (33)

where 5 £ {z, H}.

In O-DNN-PS (where “S” stands for “sequence”), both the present H and past H~
positions of the human are used as input data. This provides indirect information

on human speed data, which may be connected to the future human motion:

uO—DNN—PS(S—) ~u

NMPC’—PS(E)7 (34)

where s~ £ {x, H,H"}.

All proposed DNN approaches are trained according to Algorithm [T} where S and

L{N]V[PC

sets are determined using the NMPC policy before beginning training the DNN.

Subsequently, at each episode 4, the DNN generates actions U corresponding to

states in S. Then, according to the outcomes of the loss function detailed in Equation[3.1}
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Algorithm 1 Offline training: O-DNN

Generate S, UMM yia NMPC
Set uP™V (s) to any policy in I1
for i < Oto N, do
Run policy u”*" on § to get PN
Calculate L(U NMPC (fPNN)
Determine u2}" (s) via back-propagation
end for
Return best policy u”YV(s) based on validation.

DNN policy uPYV(s) is updated and recorded in a set of policies II. Upon completion
of the training, the algorithm identifies and returns the optimal policy u”V(s), as

determined through validation.

Large numbers of components are usually used to represent the quantity of
information in H, which might result in a high dimension of the DNN input layer,
particularly in the O-DNN-PS situation. A smaller input layer size might be possible
with fewer variables needed to define H, which could result in improved performance
for the same quantity of training data. According to this notion, a symmetrical
autoencoder is trained to get a reduced-dimensionality description Hp of the
human position. Autoencoder is a type of artificial neural network primarily used for
data compression and feature learning. It works by learning to compress data into
a lower-dimensional representation (encoder) and then reconstructing it back to its
original form (decoder). The encoder part consists of one or more layers of neurons
that progressively reduce the dimensionality of the input. The final layer of the encoder
is often referred to as the latent space, and it represents the compressed version of
the input data. The decoder is the mirror image of the encoder. It takes the encoded
data from the latent space and attempts to reconstruct the original input. The output
of the decoder should be as close as possible to the original input, which is how the
network learns to capture the most important features in the latent space. Autoencoders
are a powerful tool which can capture the most important features of data, making
them invaluable in many machine learning tasks. The trained encoder is then inserted
into each of the three models that were previously mentioned. The versions of the
DNN s using the encoder would still rely on the formulas given in (3.2)-(3.4), although
with H g substituting H in the left-hand side, and would be referred to as O-E-DNN-0,
O-E-DNN-P, and O-E-DNN-PS, respectively, where "E’ stands for “encoder”.

We suggest training a distinct DNN for every goal configuration z,, as the
implemented NMPC technique addresses a regulation problem with a specific goal
configuration. This makes the training process simpler because x, does not need to be

provided as extra DNN input.
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3.3 Case Study

The DNN-based controllers described in this chapter were implemented, together
with the original NMPC scheme explained in Chapter [2] on a Universal Robot URS,
a collaborative robot with six degrees of freedom (n = 6). The robot task was to

sequentially reach two distinct goal configurations, the first of which was provided by
rg=[0.0 —23 —11 —1.2 —12 05| 2ay4,
and the second by
N
To=[30 -1.6 -17 —17 —17 10| 2a5.

To determine the location and speed of the robot test points, the forward and
differential kinematics were formulated using standard homogeneous transformation
matrices based on the Denavit-Hartenberg parameters of the robot (details are explained
in Appendix [B). A total of n, = 7 test points and associated spheres were used to
represent the space occupied by the robot (also discussed in detail in Appendix [B].
Upper bounds on the magnitudes of the joint speeds were introduced to prevent harm to

the robot, defining the set {2 presented in Section [2]as
Q={u : JJulle < 1rad/s}. (3.5)

The URS was mounted on a table with a surface height of 1.2 m; this was the only
obstacle considered fixed, so it was simple to apply avoidance constraints using the
provided sphere radii.

To train DNN schemes based on a representative and reliable sequence of human
actions, it was decided to use the large set of human movement data to solve industrial-
like tasks (for example, screwing a bolt in three different places, untying a knot, and
placing loads of various weights on shelves) presented in [[68]. Thirteen different human
subjects took part in the process of recording the dataset, and each subject performed
the prescribed actions five times.

Since the human operator could not move the legs above the table surface, only the
upper part of the human body had to be covered with n;, = 14 spheres to avoid possible
collisions. In all subjects, the radii of the spheres were adjusted to the same value,
which was 1%, ; = 0.55 mfor j = 1,13, Rj; = 0.60 m for j = 2,14, Rj, ; = 0.50 m
forj = 3,4,5,6,7,8, Ry ; = 0.45mfor j = 9,10 and R} ; = 0.48 m for 7 = 11, 12.

The human speed limit of vy = 2 m/s was selected according to the guidelines
provided in ISO 13855 standard Sec. V], and also €, = 1072 m (which is
a reasonable tolerance for a high-precision motion capture system) was set as the
maximum position error in determining the location of the center of the spheres on the

human frame.
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O-E-DNN-PS

Figure 3.1: Schematics of the proposed DNNs. O-DNN-0 and O-DNN-P have an
identical structure, and the same holds for O-E-DNN-0 and O-E-DNN-P. The layer’s
dimensions are written on their top, and the z~! block represents the delay in discrete
time unit required to provide both H and H~ (or both ‘H g and ‘H ) to the DNN. It is
displayed as a separate neural network for the cases when the encoder is present (figure
adapted from [[I]], © 2023 IEEE).

Ultimately, the value of 7. = 0.1 s was chosen as the detection-reaction time; this
is equivalent to twice the NMPC sampling time (7 = 50 ms); in fact, it is reasonable
to assume that 7; represents the maximum delay for obtaining a human pose (detection
time), and the NMPC law is calculated during the subsequent sampling instant.

Through trial and error, we determined ) = 10 - Iy, R = I5x4, and v = 500 for
the cost function (2.20), while 5 = 3.0 was set in (2.18). A sampling interval equivalent
to the sampling period was used to discretize the system dynamics, and sequential
quadratic programming (SQP) and direct multiple inclusion were used to solve the
NMPC problem (2.21) using the Gauss-Newton approximation to the Hessian of the
Lagrangian.

First, we used the ACADO Toolbox [[70], setting the number of SQP steps to 10 for
NMPC and using full condensing for solving each SQP step via the active-set solver
gqpOASES [71]l. As a second option, we used the acados toolbox [[72], setting the same
number of SQP steps and using again full condensing for solving each SQP step, but
now using the interior-point solver HPIPM [[73]].

During the preliminary test experiments, it was found that none of the considered
DNNs could accurately lead the robot to the specified goal configurations. Therefore,

it was decided to train two different DNNs for each target, depending on the value
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of ; = ||z — x4/l A subset of the NMPC dataset generated for the entire robot
movement between different global configurations was used to train a single DNN that
was active when 9, > 0.18 rad. Another subset of the NMPC dataset generated for a
sequence of random initial values of z, defined using J, < 0.2 rad, was used to train
another DNN.

The acados version of the NMPC law showed the best results regarding task
execution time and minimizing the NMPC cost function during experimental testing
on a real URS. As a result, we decided to use acados to create the datasets needed
to train various DNNs. Two different datasets were required because the standard
and pre-release versions of the NMPC were NMPC-0 and NMPC-P. A high-precision
URSim industrial simulator was used to collect datasets to create the NMPC-P dataset

and save time compared to obtaining training data at the experimental facility.

In both scenarios, the movements of twelve different participants from were
used; each subject performed three different sequences of movements five times. With
a sampling interval of 50 ms, the values of z, # and u were recorded when running
NMPC. Approximately 1.35 - 10° data points were obtained for each dataset. Of these,
approximately 1.14 - 10° (corresponding to the movements of ten subjects) were used
to train DNNs, and approximately 2.1 - 10° (corresponding to the movements of two

subjects) were used for validation.

The structure of the different DNNs is depicted in Fig. 3.1 All DNNs had an
output layer of 6 neurons, one for each component of u. The size of the input
layer was equal to n, 4+ 3n, = 6 + 42 = 48 for O-DNN-0 and O-DNN-P and to
Ne+2-3n, =64 2-42 = 90 for O-DNN-PS, due to the presence in the latter of both
‘H and H~. After several attempts, it was decided to train an autoencoder with a latent
space size of 24, corresponding to the encoder’s output layer size. Consequently, the
size of the input layer was equal to 6 +24 = 30 for O-E-DNN-0 and O-E-DNN-P and to
6 + 2 - 24 = 54 for O-E-DNN-PS. For every DNN, the numbers and sizes of the hidden
layers were determined through trial and error and can be observed in Fig. [3.1] Initially,
we experimented with employing a similar number of neurons in all hidden layers.
However, this approach did not yield the desired results. Then we tested a feedforward
neural network with three hidden layers, which was structured to progressively reduce
the dimensionality of neurons in hidden layers. For example, for O-DNN-0 and O-
DNN-P the first hidden layer is initialized with 48 neurons, matching the dimensionality
of the input layer. This choice ensures that the network fully captures the complexity
of the input data. Subsequently, the number of neurons in each successive hidden
layer is reduced by approximately 25%, resulting in 36 neurons in the second layer
and 27 neurons in the third layer. This gradual reduction is intended to encourage
the network to learn increasingly abstract and compact representations of the data,

thereby enhancing its ability to generalize. The final output layer consists of 6 neurons,
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Figure 3.2: Learning curves for O-DNN-P (left) and O-E-DNN-P (right), distinguishing
the cases in the neighborhood of (“close t0”) x, and outside the same neighborhood
(“far from z,”). For simplicity, we only show the case when z, = wp. For the
remaining DNNs, similar curves were found, including the instances when z, = x4
(figure adapted from [1]], © 2023 IEEE).

corresponding to the dimensionality of the target output. To automatically satisfy the
criterion (3.3)), the output layer activation functions were configured as hyperbolic
tangents. The PyTorch Python library served as the basis for creating the suggested
DNNs. The Adam optimizer, with a learning rate equal to 1073, was used for training,
and dropout was used during training to avoid overfitting, with a dropout rate of
25% for each hidden layer. As examples, the resulting learning curves are shown in
Fig. @ for O-DNN-P and O-E-DNN-P, when z, = zp. As z, = g, each episode
consisted of a full robot motion in the suitable NMPC dataset, either from x4 to x5
(for the DNN that accounted for the case “far from z,”) or from a configuration with

0z < 0.02 rad to zp (for the DNN that accounted for the case “near x,”).

3.4 Experimental Results

In the URS experiments, the NMPC and DNN techniques were applied on a laptop
running Robot Operating System (ROS) equipped with an i7-9750H CPU, 16 GB RAM,
and an NVIDIA GeForce GTX 1660 Ti. The NMPC controllers were implemented
as distinct C++ nodes in ROS after being produced as C code routines using either
ACADO or acados.
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Through the Universal Robots driver, the computer transmitted the values of u, which
serve as the reference for the URS inner control loops, to the robot at a frequency of
20 Hz. The URS was given the task of moving from x 4 to z 3 or vice versa, using the
simulated motion of the 13 human subject in the dataset, which was never utilized for
training or validation, to test the three created algorithms on our experimental setup.

For each investigated motion planning algorithm, 25 separate experiments were
conducted using 25 distinct segments of the recorded human motion to evaluate the
performance of each algorithm. The various algorithms were compared using four

distinct metrics:
* The task completion time 7. needed to move from z 4 to x5 and back.

* The evaluation of the NMPC cost J., obtained by summing the terms ||z —
zgllg + lullz + v9*(x, 2,) over all sampling instants of the task, based on

real measurements rather than only over the prediction horizon and based on

predictions as in (2.2Ta)).

* The average path length L, traveled by the end effector, defined similarly to Jexp,

by summing the terms

[P (K +1) = P (K) |
for all sampling instants.

* The overall control effort U, calculated as for J.,, but only accounting for the

control term ||u(k)||%.

The results can be seen in Table [3.1) which also shows the average and maximum
computation times for each controller, indicated as 7 and 7, respectively. In terms of
comparing the two NMPC implementations (both for NMPC-0, as NMPC-P cannot be
implemented in real-time), acados outperformed ACADO in 7, and J.,; both obtained
around the same term L,,, but ACADO’s U was lower.

Interestingly, with the settings used, the acados computation time was higher and
occasionally exceeded the sampling interval 7y = 50 ms. Despite this computation-
induced delay, acados achieved an overall performance that we can consider better than
ACADO. Therefore, as mentioned above, for this reason acados was used to build the
NMPC dataset for DNN training and validation.

Except for U, where O-DNN-0 outperformed the other DNNs without an encoder,
O-DNN-P produced the best performance across all metrics. It did not appear that using
the previous value H~ of the human stance would benefit O-DNN-PS in any noticeable
way. Comparable outcomes were shown for the DNNs with encoder, where O-E-DNN-
P beat the other structures for every metric except Jey,, which O-E-DNN-0 reduced.
Once more, there was no advantage that O-E-DNN-PS had over the equivalent DNNs

31



3. Imitation learning: an offline approach

that did not use H~. One explanation for this in both situations could be that human
motion could be predicted with reasonable accuracy based solely on the present human
stance. Adding more parameters made the task more complex. Instead, the encoder’s
presence further reduced the DNN complexity, allowing for an overall improvement
in performance. As anticipated, the computation durations for the DNNs displayed in
Table [3.1] are significantly less than those of the NMPC schemes. This factor helped
the DNNs beat the NMPC schemes, along with the capacity to implicitly account for
information on the human motion prediction, except for the O-DNN-0 and O-E-DNN-0
situations. O-E-DNN-P appears to be the best option considering all these factors,
yet more research into the robot’s movements is required before making any firm
judgments. With and without an encoder, O-DNN-P and O-E-DNN-P demonstrated
the best performance in their respective categories, as shown in Figs. [3.3}{3.9] When
employing these DNNs, we present the temporal evolutions of the robot joint angles
and speeds and also draw comparisons with the acados NMPC case. Two consecutive
robot moves are depicted in the data. The robot travels from x 4 to zp and back in
both scenarios, with the second motion involving the human operator being closer. The

dashed vertical lines show the end times for each motion.

The time evolution of the joint positions x;, which are the elements of x, for each of
the three motion planning systems is displayed in Figure[3.3] First, the more "regular”
time evolution of the joint angles in the first motion recalls, for NMPC and O-DNN-P
at least, the response of a stable linear time-invariant system to a step input; in contrast,
less regular time evolution of the joint angles in the second motion results from the
URS having to deal with the operator’s proximity. Regarding task completion time,
O-DNN-P and O-E-DNN-P appear to function similarly; however, NMPC causes a

slower motion.

The three motion planning systems are represented by the joint speeds u;

(components of u) as a function of time in Figure[3.4] The joint speed range is within

Table 3.1: Average values of the computation times and considered measures for a total
of 25 experiments, adapted from [[I]], © 2023 IEEE.

| To(s)  Jexp  Lp(m) U | 7(ms) 7(ms)

ACADO 22774 6588.8 259 74.09 | 325 14.0
acados 17.58 5311.7 2.60 78.17 | 162.2  39.9

O-DNN-0 15.71 5098.7 257 62.04 | 24.6 1.7
O-DNN-P | 15.60 5081.3 255 63.09 | 11.8 1.8
O-DNN-PS | 16.12 53484 256 64.81 | 229 1.9

O-E-DNN-0 | 15.74 4871.8 2.55 63.33 | 26.0 2.8
O-E-DNN-P | 15.56 4993.8 2.54 61.54 | 26.5 22
O-E-DNN-PS | 15.82 5057.3 259 62.28 | 39.6 32
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Figure 3.3: Time evolution of joint positions x; for NMPC with acados, O-DNN-P and
O-E-DNN-P. The vertical lines with dashes denote the instants in time when the joint
position colored in the same way finishes the cycle from x4 to x5 and back. (figure
adapted from [[I]], © 2023 IEEE).
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Figure 3.4: Time evolution of joint speeds u; for NMPC with acados, O-DNN-P and
O-E-DNN-P, corresponding to the joint positions reported in Fig. [3.3] The vertical lines
with dashes denote the instants in time when the joint position colored in the same way
finishes the cycle from z 4 to x5 and back. (figure adapted from [[I]], © 2023 IEEE).

the specified limit of 1 rad/s for all three systems, and the speed value range is quite
close. This indicates that both DNNs were able to accurately mimic the aggressiveness
of the NMPC behavior in terms of the control variables; in fact, a comparison with
NMPC would have been highly challenging if the DNNs had been able to complete
tasks faster at the cost of using comparatively higher joint speeds. It is also essential
to note that the joint speeds for O-DNN-P appear smoother than those for NMPC.
This is probably because NMPC introduces significant temporal delays through the
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Figure 3.5: Time evolutions of the 24 components of the encoder outputs Hp for
O-E-DNN-P, corresponding to the first 7.65 s of Figs. [3.3] and [3.4] (robot motion from
x4 to xp). (figure reprinted from [1]], © 2023 IEEE).

computation of the control law, whereas there are none in DNN-P.

In contrast to NMPC, O-E-DNN-P introduced oscillations at higher frequencies.
These might result from quick changes in the elements of Hg; this is untrue for our
case study, though, as these have generally been found to be smooth. For simplicity,
the time evolution of all 24 encoder outputs is reported in Fig. [3.3]for the first 7.65 s
of the O-E-DNN-P motion reported in Figs. [3.3] and [3.4] which corresponds to the
robot moving from z 4 to 3. An alternative explanation would be that the autoencoder
performed poorly; however, this is likewise untrue in this instance, as executing the
entire autoencoder might yield a reasonable reconstruction of 4. The result, shown for
the same time interval of Fig.[3.3] is visible in Fig. [3.6] where the three components of
Pn.j» namely py p?;h ; and pj ., are shown for test points located at the right shoulder
(j = 3), at the right elbow (j = 7) and at the right hand (j = 11). Consequently, the
low-dimensionality representation of H in H g is most likely the cause of the observed
speed oscillations. This representation allowed the decoder part of the autoencoder to
approximately reconstruct H from H . Still, it also caused the DNN to produce an
output with slight but frequent variations.

For each of the three algorithms, the time evolution of the test point speeds
is presented in Figs. 3.7{3.9] These numbers likewise show the same oscillating
phenomenon noted for the joint speeds. Specifically, the quick changes in the speed vy
of the relevant test point for O-E-DNN-P, shown in Fig. [3.9] resulted in a minor SSM
constraint violation after roughly 16 s. Since the DNN parameters depend on training
data imitation of the NMPC technique, minor violations of the constraints might be
expected. It has also been noted that when inadequate training or unexpected human
behavior, such as human motions that deviate significantly from those taught during
training, substantially larger violations of the SSM limitations may appear. Safety may
consistently be enforced by stopping the robot should these conditions be broken.

The behavior of the other DNNs is qualitatively similar to those of O-DNN-P (for
O-DNN-0 and O-DNN-PS) and O-E-DNN-P (for O-E-DNN-0 and O-E-DNN-PS). The
best option for this case study appeared to be O-DNN-P because the encoder-based

DNN methods produced rapid oscillations of the joint speeds, which occasionally
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Figure 3.6: Time evolution of inputs and outputs of the autoencoder, corresponding
to all components of H, for the same time interval of Fig. @ In each row, we show
the three components of py, ;, namely pj ;, p% ; and pj ., for test points located at the
right shoulder (j = 3), at the right elbow (j = 7) and at the right hand (j = 11). (figure
reprinted from [1]], © 2023 IEEE).

resulted in minor violations of the SSM constraints.

3.5 Chapter summary

Six distinct DNN-based motion planning schemes were designed and implemented in
this chapter with the goal of mimicking a safe (in accordance with the SSM principle)
NMPC scheme for pHRI. The experimental findings demonstrate that the DNN-based
schemes effectively compensate the induced performance loss of the NMPC scheme
due to its computational delay, and they further enhance performance by utilizing the
future human motion data obtained during training. The results from experiments with
the real robot demonstrated that the O-E-DNN-P algorithm outperformed all other
offline algorithms in terms of task completion time. However, since the O-E-DNN-P
algorithm violated constraints during the experiments, it cannot be considered a safe
and reliable approach. In contrast, the O-DNN-P algorithm adhered to all imposed SSM
constraints, leading us to conclude that O-DNN-P is the most effective approach among
the offline learned algorithms. Like other learning-based techniques, the disadvantage
of all implemented DNN-based schemes is that the motion planning algorithm could
not accurately plan the robot movements if the human moved differently from the

training set. Therefore, particular actions must be utilized to ensure that human motion
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Figure 3.7: Time evolution of robot test point speeds v; for the acados NMPC scheme,
with corresponding limit speed v;, for the robot motions reported in Figs. [3.3]and [3.4]

The dashed vertical blue lines indicate task completion (figure reprinted from [1]], ©
2023 IEEE).

follows exact instructions. The fact that the DNN-based schemes successfully applied
their learned behavior to a novel subject that had never been seen before is noteworthy,
though, as it indicates that the suggested algorithms may be somewhat generalizable
across various human operators. Meanwhile, training the DNN models on prerecorded
data might not lead to exploring the environment as well as one would want. Therefore,
the controller may not be aware of certain parts of the environment where the robot
did not move during the data collection procedure. That is why the method described
in this section is called “offline”. To explore the workspace better, we will investigate

different methods of imitation learning approach in the next chapter.
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Chapter 4

Imitation learning: a DAgger

approach

This chapter describes another imitation learning approach known as “DAgger”. If the
offline imitation learning approach described in Chapter [3]is used to train DNNGs, the
environment might not be explored sufficiently well. Therefore, this chapter investigates
the DAgger method, which further explores the environment during the training phase.
Moreover, to ensure safety in pHRI tasks using DNNs, so-called “safety filters” are
implemented and tested for the same robot as in Chapter 3]

The general information about the DAgger method and algorithm structures are
described in Section .1} The use of safety filters and encoders is explained in
Section #.2] The O-DNN methods covered in Chapter [3] are modified to make them
comparable with the DAgger method. All the designed approaches are implemented
and tested in Sections 4.314.4]

4.1 The DAgger method

Based on DAgger, this section examines an NMPC imitation learning framework for
human-robot workspace sharing. When using the offline approach, the expert policy
would be run by observation-action pairs. These pairs would then be sent to the imitation
learning algorithm to train the DNN. However, when tested, this could cause the trained
policy to get data quite different from the observations obtained during the expert policy
training, leading to insufficient performance.

The DAgger method was introduced by Ross et al. in to address this problem in

a generic imitation learning environment. It trains the agent online iteratively (i.e., new
DNN

states are created using the current policy u;”"" (s)) on a continually aggregating dataset.

To avoid using an entirely "untrained" DNN, we utilize a variant of DAgger in our work,
where the first /Vy episodes still use states created using NMPC. It helps to prevent

generating several data points that would be unusable for training. Sets S, UP™V,

UNMFC are initially started as empty sets, as detailed in Algorithm 2} Next, fresh

and
NMPC-generated data S; and UM are aggregated to S and UM respectively,
for the first Ny episodes (initialization). The resultant set S is then subjected to the

DNN policy u”™V (s), which produces the associated set of actions /MY, The policy

39



4. Imitation learning: a DAgger approach

uPMN () is generated by calculating the loss function L; at the i" episode. To compare

the efficiency between the DAgger method and the offline approach, the same loss
function defined in (3.1I)) can be employed.

After initialization, a similar DAgger method is still utilized until the last episode
N,, though now the new states S; are always generated via DNN instead of NMPC.
This should allow for a more profitable exploration of the state space as compared to
Algorithm[I] The resulting DNN that executes the optimal approach with this training
technique will be referred to as DA-DNN, where “DA” stands for “DAgger”.

Algorithm 2 DAgger: DA-DNN

S 0,UP 0, NI )

Set uP™V (s) to any policy in I1

for : < 0to Ny do
Generate S;, U"MPC yvia NMPC
Aggregate datasets: S < SU S,
Aggregate datasets: YN < (NMIC |y NMPC
Run policy u?”*V(s) on S to get new UPVN
Calculate L;(UNMPC fPNN)
Determine u/}" (s) via back-propagation

end for

fori+ Ny+ 1to N, do
Generate S; via ;
Run NMPC on S; to get UM
Aggregate datasets: S +— SUS;
Aggregate datasets: UYVMPC . (yNMPC | NMPC
Run policy u”*V(s) on S to get new UPVN
Calculate L;(UNMPC fPNN)
Determine u2Y" (s) via back-propagation

end for

Return best policy u

DNN

*

(s) based on validation.

Compared to Algorithm [2] where this set is initially empty and grows at each
episode, the DNN policy taught using Algorithm [I] can rely on a considerably more
extensive collection of states S right away. Therefore, to execute the offline method and
adequately evaluate its performance compared to the DA-DNN approach, we utilized a
dataset-aggregation methodology for the offline method as well. In practice, this was
done by prolonging the initialization phase of Algorithm [2]to the last episode V., as
seen in Algorithm@ The resultant DNN is called ODA-DNN, where the abbreviation
“ODA” stands for “offline DAgger.”

4.2 Safety filters

As already seen in Chapter 3] as the obtained DNNs approximate the NMPC behavior,

violations of the NMPC constraints may occur, especially when further simplifications
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Algorithm 3 Offline DAgger: ODA-DNN

S+ 0, UPNN « (), UNMFC ()

Set u™V () to any policy in I1

for i + O0to N, do
Generate S;, U™MPC yvia NMPC
Aggregate datasets: S < SUS;
Aggregate datasets: UVMPC « Y NMPC | g NMPC
Run policy u”*V(s) on S to get new UV
Calculate L;(UNMPC (PN
Determine u/\" (s) via back-propagation

end for

Return best policy u

DNN

*

(s) based on validation.

are introduced (for example, by inserting encoders). This can be particularly problematic

when violating SSM constraints, which would affect safety. As a potential solution, one
DNN

*

can avoid directly using the u joint speed references selected by u,”*" (s) when testing
the algorithm. Alternatively, one may compute u by solving a nonlinear program in
which the decision variable a belongs to the set /%™ () of control actions that satisfy
the SSM conditions for that specific state, as follows:

. 2
u=arg min (a—ul"™(s)) 4.1)

DNN(S>,

*

2
as (a — uPNN (s)) = (). This method, referred to as safety filter, is different from the

If uPMN(s) already satisfies the SSM constraints, then one would get u = u

predictive safety filter method proposed in [39]. The proposed method solves a more
straightforward optimization problem to find the present action without prediction. In
contrast, in [39]], an NMPC problem is solved to determine a safe control action, which
is why the related approach is known as predictive safety filter.

When safety filters are included, the above-mentioned algorithms will be called O-S-
DNN, ODA-S-DNN, and DA-S-DNN, respectively; "S" stands for "safety filter." DNN
layers are similar to DNN structures described in Section[3.3] The encoder presence in
the algorithms above will be indicated by adding the letter "E" to their acronyms. For

instance, O-SE-DNN will be the name given to the O-S-DNN version with an encoder.

4.3 Case Study

All the DNN-based controllers described above were designed and implemented for the
same URS manipulator, which is required to reach the goal configurations outlined in
Section [3.3] The robot and human have the same amount of spheres located at the same
places as described in Section [3.3]

All training techniques considered (i.e., O-DNN, DA-DNN, and ODA-DNN, along
with their variants with a safety filter and/or encoder, totaling 12 methods) also utilized
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4. Imitation learning: a DAgger approach

O-S-DNN, ODA-S-DNN, DA-S-DNN

Figure 4.1: Schematics of the DNNs designed in the case study. O-S-DNN, ODA-S-
DNN, and DA-S-DNN share the same structure, and the same holds for O-SE-DNN,
ODA-SE-DNN, and DA-SE-DNN. In the cases where the encoder is present, it is
represented as a separate neural network. The same structure applies to the cases
without safety filters, in which u would be taken equal to the DNN output u?VV (figure
reprinted from [2]]).

the same DNN structure as in Section [3.3] with the only difference being that the neural
network output must be tested through a safety filter, when the latter is present. The
sizes of the hidden layers with safety filters were established according to Fig.[d.1} The
O-DNN-P data collection method is used to train the ODA-DNN since the O-DNN-P
method showed better results than other O-DNN algorithms in Section [3.4]

4.4 Results and Discussion

While the initialization of DA-based techniques comprised the first Ny = 30 episodes,
all methods were trained for N = 2000 episodes. For instance, the learning curves for
DA-E-DNN and ODA-E-DNN are displayed in Fig. #.2] Since the quantity of data
for each episode differs from that of ODA-E-DNN and DA-E-DNN, we do not display
learning curves for O-DNN-P. The possibility of making this comparison is one of
the primary motivations behind introducing ODA-based algorithms. Both techniques
were trained on data from the aforementioned training set and, in parallel, run on the
validation set. Fig.[d.2]illustrates that ODA-E-DNN initially converged more quickly
than DA-E-DNN, most likely due to the need for DA-E-DNN to explore a larger
portion of the extended state space. However, as the zoomed regions in Fig. f.2] show,
the training and validation values of the loss function for DA-E-DNN converged to
lower values than their corresponding values for ODA-E-DNN. Specifically, taking
into account the mean of the previous 100 episodes—which helps offset oscillations in
the loss function, ODA-E-DNN demonstrated training and validation losses that were
12.4% and 18.5%, larger, respectively, than those of DA-E-DNN. This indicates that

DAgger can enhance the efficacy of the offline imitation learning strategy.
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Figure 4.2: Learning curves for DA-E-DNN and ODA-E-DNN, employing a
semilogarithmic scale. For the sake of simplicity, we only show the case when z, = x5
and ||z — xp||» > 0.18 rad (figure reprinted from [2])).

An open-source toolbox for algorithmic differentiation and nonlinear optimization,
CasADi, was used to develop the predictive safety filter [76]. Instead of using the actual
robot during training, the URsim industrial simulator was used to speed up the process
and reduce the possibility of harming the robot, particularly when utilizing DA-based
algorithms to explore the state space with DNN-generated regulations.

50 distinct test sets were used to evaluate the methods. To assess how the robot
would respond to a partially different human behavior, the human subjects used for
testing were, on average, 10 cm closer to the robot than the human subjects used for
training.

The experiments are summarized in Table .1 where the numbers in bold indicate
the best outcome (among methods with or without safety filter) for each metric under
consideration. Among techniques without safety filter, DA-E-DNN and among methods
with safety filter, DA-SE-DNN, produced the best values of Je,p, and 7. Compared to H,
‘H  represents information more compactly, reducing the number of DNN parameters.
For most methods, this probably results in an improvement in J.,, and an increase in
computation time; however, 7, remains unaffected. Regarding 7., DA-based approaches
consistently outperformed similar O-based or ODA-based methods; the same was true
for Jexp, except for techniques without encoder and safety filter. This demonstrates that
the suggested method performs better than the offline method suggested in Chapter 3]
As expected, the value of 7. achieved with DA-SE-DNN was larger than that obtained
with DA-E-DNN because the safety filter perturbed the real DNN output to impose
SSM limitations, limiting the robot speed. We should note that the safety filters take
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approximately 1 ms to execute their calculations. Therefore, we can be confident that
the slower motions of the safety algorithms are not due to the computation time of
the safety filters themselves. Instead, these slower motions are designed to ensure that
the robot satisfies the safety constraints. On the other hand, .J., would be increased
by the slower convergence to the goal configuration (via terms (z — z)" Q (z — z,));
the results in Table @ indicate that this second effect was more prominent, as Je,
obtained with DA-SE-DNN was higher than that obtained with DA-E-DNN.

Notably, some approaches failed to achieve the desired configuration in at least some
of the experimental trials. These approaches, including a safety filter, are indicated
with an asterisk in Table[d.1] This problem may have arisen because the robot reached
configurations in areas of the state space it had never encountered during training when
utilizing the safety filter. This caused the DNN to provide action values with no apparent
meaning. The issue solely pertained to O-based and ODA-based techniques, so it was
not possible to achieve a more thorough workspace exploration because the NMPC
expert generated all state trajectories. DA-based techniques, however, were not affected
by this issue.

Even though DA-E-DNN appears to be the best approach thus far, the lack of a
safety filter may violate SSM constraints and compromise safety. We further investigate
the DA-E-DNN and DA-SE-DNN results and compare them with the imitated NMPC
expert (which, when used in practice, cannot rely on precise human predictions, as
when creating training data) to gain a deeper understanding of this problem.

In Figs. 4.3 and [4.4] the time evolutions of the robot joint angles and speeds,
respectively, for these approaches are provided and compared. These plots show

two robot motions from x 4 to x5 and back. The dashed lines show two distinct robot

Table 4.1: Average values of the considered measures for 50 experiments, reprinted

from [2].

| Jep  To(s) | T(ms) 7 (ms)

NMPC 6257.2 189 | 119 43.8
O-DNN-P 6078.5 179 | 230 0.78
ODA-DNN 5680.8 17.1 | 1.90  0.73
DA-DNN 5850.5 16.5 | 3.00 0.81
O-E-DNN-P 57939 182 | 650  1.35
ODA-E-DNN | 5429.7 17.5 | 6.20 1.30
DA-E-DNN 5378.7 153 | 294 1.40

O-S-DNN-P* |1 6913.6 19.8 | 230 0.70
ODA-S-DNN* | 72540 194 | 3.60  0.67
DA-S-DNN 58752 16.8 | 220  0.72
O-SE-DNN-P* | 6973.8 204 | 29.7 1.55
ODA-SE-DNN* | 6793.6 19.2 | 31.1 1.60
DA-SE-DNN | 5722.8 16.0 | 324  1.06
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Figure 4.3: Time evolution of joint positions z; for NMPC, DA-E-DNN and DA-SE-
DNN. The vertical dashed lines denote the time instants at which the joint position
depicted by the particular color accomplishes the process from x4 to zp and back
(figure reprinted from [2]]).
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Figure 4.5: Time evolution of linear velocities of robot test points v; for the DA-E-DNN
method, together with a corresponding limit speed v;, for the robot motions shown
in Figs[4.3]and f.4] The vertical, dashed blue lines indicate task completion (figure
reprinted from [2]]).

actions: the first involves the human working away from the robot, while the second
consists of the person moving near the robot. Regarding 7, Fig.[d.3|supports the results
of Table 4.1} both DNN-based techniques produced faster motions than NMPC, with
DA-E-DNN surpassing DA-SE-DNN. Fig. .4 illustrates how similar the speed value
range is for all three approaches, indicating that each DNN was appropriately trained to
replicate the behavior of NMPC.

The time evolution of the test point speed, where the SSM constraints are used
to impose safety, is displayed in Figs {f.5] and {f.6] for DA-E-DNN and DA-SE-DNN,
respectively, along with the corresponding SSM limits. Fig. d.3]illustrates that during
the second motion, when the human comes closer to the robot, DA-E-DNN violates the
SSM constraints for test points 6 and 7. Meanwhile, due to the presence of the safety
filter, DA-SE-DNN satisfies the same constraints.

In conclusion, DA-SE-DNN offers the best trade-off between safety and perfor-

mance.

4.5 Chapter summary

In this chapter, the DAgger imitation learning approach was developed and compared
against offline imitation learning algorithms. Minor modifications were also made to
offline-designed algorithms to facilitate a direct comparison with the DAgger approach.

Safety filters, were also designed and implemented. Experimental results indicate that
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Figure 4.6: Time evolution of linear velocities of robot test points v; for the DA-SE-
DNN method, together with a corresponding limit speed v;, for the robot motions shown
in Figs4.3]and #.4] The vertical, dashed blue lines indicate task completion (figure
reprinted from [2]]).

the DAgger approach outperforms other imitation learning strategies that mimic NMPC,
and NMPC itself. We can conclude that the DAgger approach can approximate NMPC
solutions while enabling efficient and safe interactions in pHRI tasks. In this section, we
also identified a weakness of DNN-based approaches: they cannot guarantee the stability
of the system. As highlighted in the results, some offline imitation learning approaches
failed to bring the robot to its goal configuration in certain cases. However, all the
algorithms developed using the DAgger approach successfully brought the robot to its
goal configuration. Overall, the task completion time is decreased by approximately
19% using the DA-E-DNN approach compared to NMPC, and by 15.34% using the DA-
SE-DNN approach. Nonetheless, the stability of the system in DNN-based approaches
is not guaranteed, which will be a focus of our future work.

In the subsequent chapter, further analysis of NMPC will be conducted to design

better SSM-based controllers, mainly aimed at enlarging the domain of attraction.
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Chapter 5

Nonlinear MPC with set

terminal constraint

Chapters [3] and ] have described how the NMPC law introduced in Chapter [2 can be
approximated using DNNs, and how this can lead to a performance improvement. The
present chapterﬂ instead, focuses on improving performance by directly modifying the
control law described in Chapter 2] Specifically, the terminal constraint requesting that
the robot be at the goal configuration at the end of the prediction horizon is substituted
with a less conservative terminal constraint, in which the robot configuration is allowed
to belong to an ellipsoidal set. The expected result is an enlargement of the domain of
attraction, 1.e., the set of initial values from which the robot configuration will converge
to the goal point, satisfying all the imposed constraints.

The theoretical formulation of the proposed NMPC algorithm is presented in
Section [5.1] together with the related stability proofs and a description of the procedure
to determine the parameters of the NMPC problem. Section [5.2] describes the case

study, whose related experimental results are presented and discussed in Section [5.3]

5.1 Theoretical formulation

5.1.1 NMPC problem formulation

In this section, we will focus on improving the NMPC approach by expanding the
domain of attraction Xz. The domain of attraction refers to the set of initial points from
which the robot configuration can converge to the goal configuration while satisfying all
imposed constraints, due to recursive feasibility and closed-loop stability. In the control
law discussed in Section[2.4), it was imposed that the configuration coincides with the
goal point at the end of the prediction horizon, ensuring that the system asymptotically
converges to the goal configuration. With the new approach, we introduce a terminal
set Xp C X that contains the goal at its center. The robot is required to reach inside this
set by the end of the prediction horizon. This approach allows the robot to reach the
goal configuration from a broader range of initial points, thereby increasing the domain

of attraction.

IPart of the text in this chapter is adapted from , conditionally accepted for publication in Control
Engineering Practice (Elsevier).
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5. Nonlinear MPC with set terminal constraint

To improve the domain of attraction, compared to the control law obtained from
(2.21)), it is now imposed that the state at the end of the prediction horizon belongs to a
terminal set containing x4, rather than exactly coinciding with z,. As a consequence,
the new set of admissible sequences is defined by further constraining u(-) € UV ()
(defined in Section to include condition z,,(/N) € Xy instead of the point terminal
constraint used in (2Z.21)); we denote these admissible sequences as u(-) € U (). A
terminal cost F'(-) : R™ — R has also to be added to the cost function.

To determine the expressions of X7 and F(z), we will follow the instructions
provided in Rem. 5.15], which can generally be used to prove the stability and
recursive feasibility of NMPC with set terminal constraints. The main idea of the remark
is generally focused on finding the ellipsoid around the goal configuration. Following
these instructions, we introduce P € R"*" as the only symmetric and positive definite

solution of the discrete-time algebraic Riccati equation

P=APA— (APB)R+ BPB) (B'PA) +Q. (5.1)
In (5.I), @ and R are the same weight matrices introduced in (2.20), whereas the
stabilizable pair (A, B) summarizes the linear system dynamics (2.2)), and is thus
defined by A £ 1, and B = TT,,. Setting ¢ € R-}, one can determine a suitable value

for another parameter n € R+, ideally as large as possible (the procedure to determine
it will be explained in Section[5.1.3), and define

Xr&{zeR" : (v —2,)Plx—1x,) <n}, (5.2)
F(x) & o(x —2,) P(x — z,). (5.3)
Using these formulations for X and F(x), the optimal control problem takes the

following form:

N-1

minimize Jyp (zo, u(-)) £ > (zy(k), u(k)) + F(z,(N)) (5.4a)
k=0

with respect to u(-) € U (zo) (5.4b)

subj. to z,(0) = xg, zu(k+ 1) = f(zu(k), u(k)). (5.4¢)

As in the case of the NPMC algorithm described in Chapter 2] the value of H measured
at the current instant n is used for all time instants in (5.4). The optimal sequence of
control moves related to (5.4) is denoted again by u*(-) = {u*(0),...,u*(N — 1)},
and the optimal cost by J3(x¢). As in the point terminal constraint case, we apply the
receding horizon principle by setting u(¢) = u*(0) as the closed-loop NMPC policy.

5.1.2 Proving closed-loop stability

The following lemma provides a result that will be instrumental in proving the

subsequent theorem.
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Lemma 5.1. Given ¢ € R 1), there exists § € R, such that ||x|,, < 0 implies

Uz, ua(w)) 2 192 (2, 24), (5.5)
where
U () = —K(x — ), (5.6)

inwhich K = (R+B'PB)~'B'PA is the gain associated to the discrete-time algebraic
Riccati equation (5.1)).

Proof. The proof will be made of three steps. As a first step, we prove that, given
D € R, one can find §; € R such that ||z[|,, < d; implies

v (2, 24) < Dll]l3 . (5.7)

Given the existence of the upper bound ®(||z||,,) as v¢*(x, x,) defined in 2:40), a
sufficient condition that implies (3.7) is

U(y) = Dy’ — d(y) > 0 (5.8)

where y = ||z||,,,. By calculating the Taylor series of 1(y) : R — R around y = 0, one
would obtain ¢(y) = Dy® + O(y*). This implies that, for a sufficiently small value of
y (namely, y < §; for some 0; € R+y), (5.7) holds.
As a second step, we show that, for any given ¢ € R ;) and D € R, one can find
09 € R+ such that
D], < ¢z, uq()) (5.9)

for ||z]|,, < 0. Given the expression of {(z, u,(x)) in (2.20) and the formulation of
the auxiliary control law in (5.6), the following holds true for all z € R™:

U, ua(7)) 2 Auin(Q)|13, (5.10)
with Q = Q + K'RK. Therefore, (5.9) is implied by the more conservative condition
D3, < Oumin(Q)1 212, (5.11)

which, excluding the trivial case x = x, for which it is always satisfied, is equivalent to
Dljallz, < Cuin(@). or [|2]la, < 82, ith 62 £ (Anin(Q)/D.

The third and last step consists of showing that, given any D € R and ¢ € R(q 1),
one can find 0 € R-( such that

19 (@, 24) < Dllllz, < (U=, ua(2)) (5.12)

for ||z||,, < 4. This is obtained by merging the results of the first two steps, choosing
d = min{dy, d2}. As this result holds for any D € R, the existence of J such that
inequality (5.5) holds for ||z||,, < ¢ is proven. [ |
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5. Nonlinear MPC with set terminal constraint

The following theorem proves the stability properties of the NMPC approach with a

set terminal constraint.

Theorem 5.2. Consider the closed-loop system defined by (2.2) with input u(t)
determined via the receding-horizon principle from the solution of the NMPC problem
(5.4), whose constraints are formulated in 2.16)-(2.17)), and the stage cost is introduced
in 2.20). Then, if Assumption[2.1| holds, for any given o € R, there exists n € R~
such that the set X of states for which a solution of (5.4) exists is a positively invariant
set, and x4 is an asymptotically stable equilibrium point for the above-mentioned

closed-loop system with domain of attraction equal to Xp.

Proof. As for recursive feasibility, from Lem. 5.11], we can claim that X is
positively invariant for the above-mentioned closed-loop system if X7 C X and there
exists an auxiliary control law u,(z) € U(z) such that v € Xy = f(x,u.(x)) € Xp.
In our formulation, as auxiliary control law, we choose u,(x) already defined in (5.6)).
The value of P used to obtain the gain matrix K is related to the solution of the

infinite-horizon linear-quadratic optimal control problem,

minimize Jo, (2o, u(-)) = f: (k) — x4ll5) + [lu(k)|I% (5.13a)
k=0

with respect to u(-) € (R")™ (5.13b)

subj. to ,(0) = g, x,(k+ 1) = f(z.(k),u(k)), (5.13¢)

where (R™)™ represents the infinite-length sequences of unconstrained control inputs.

Indeed, the minimum of problem (5.13)) is given by
oo (o) = llwo = 413, (5.14)

and the associated optimal feedback control law is equal to u,(x), as defined in (5.6).
Based on the fundamental concept of infinite-horizon dynamic programming, we know

that, for a generic state value x € R",
Joo(@) = llz = 2yl + llua(@) [ + I3 (f (2, ua(2))), (5.15)
where f(x,u,(z)) = Ax + Bu,(z). After noticing from (2.20)) that
lz = 2glIE + llua (@)l = €z, ua(2)) — v (2, 7). (5.16)
equation (5.13)) can be rewritten as
T (f (@ ua(2)) = T (@) = £, wa(@)) + 79 (2, ). (5.17)

Applying the result of Lemma 5.1]to equation (5.17) we obtain that, for all o € R, —
notice that for any ¢ € Rg 1) one can find a corresponding constant o 21/(1-¢) €

R- 1, and vice versa — there exists 6 € R+ such that ||z||,, < 0 implies
1
—l(z,uq(7)) + vy (z, 14) < —;E(x, Uq () (5.18)
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and thus, from (5.17),
T, () — () < — A, ug()) (5.19)

for all |||, < d. Exploiting the fact that J% () > Apin(P)|z||7, — remember that
P 0 and thus Ay, (P) > 0 — the largest sublevel set of J* () contained in the ball
defined by [|z||,, < 0 can be found as the set of all, z € R" such that

J5(2) < 8 Amin(P). (5.20)

The terminal set X introduced in (3.2)) is also defined as a sublevel set of J* (). We
define the value of 7 in (5.2) as the largest real number in (0, 62\, (P)] such that
Xy C Xand x € Xp = u,(z) € U(x). The condition n < 6%\, (P) guarantees that
(3-19) holds for all x € Xy, and thus = € Xy = f(z,u,(z)) € Xp, whereas Xy C X
and x € X7 = u,(x) € U(x) are directly required by Lem. 5.11], as mentioned at
the beginning of the proof. Notice that, as z, € int(X) and u, € int(Usgm(z,)) (see
the considerations in the last paragraph of Section [2.2)), then it is always possible to
determine 7 as a strictly positive value. This passage completes the part of the proof on
recursive feasibility.

Regarding closed-loop stability, according to Thm. 5.13], the above-mentioned
closed-loop system is asymptotically stable if, in addition to satisfying the requirements

for recursive feasibility, the following conditions hold:

(a) the auxiliary control law u,(z) € U(x) already defined in (5.6) guarantees
F(f(@,ua(2))) + £(2, ua(2)) < F(2);

(b) there exist K -functions a4 (-), a(+) and a(+) such that

ar(([z]lz,) < Jp(r) < as(llz,) (5.21)
and {(z,u) > as(||z||,,) for all z € Xp and all u € R™.

To prove condition (a), we first notice that F'(z) in (5.3) can be written as o J% (z).
Thus, F' (f(x,u.(z))) +£(z, u.(z)) < F(x)is immediately satisfied, as it is equivalent
to (5.19). To prove (b), given the expressions of /(z, ) in (2.20) and Jxx(z) in (5.4a),
ar([|7]l,) = az([|7]lz,) = Amin(Q)|2[|7, satisfy the required conditions. According
to Prop. 5.14(ii)] ax(+) in (5.21) exists if condition (a) above is satisfied, and in
addition, the following holds:

(i) the dynamics f(x,u), the stage cost £(x, u) is continuous with respect to both x
and u, for all z,u € R", and the terminal cost F'(x) is continuous with respect to

x forall x € Xrp;

(ii) Q introduced in (2.7) is a compact set;

53



5. Nonlinear MPC with set terminal constraint

(iii) Xr contains a ball B, (z,) with v € R-;
(iv) there exists a function Gy (-) € Ko such that F(z) < da(|z|,, ).

We begin by proving (i). The continuity of the dynamics f(z,u) and of the stage cost
{(x, u) with respect to both z and u was proven in part (i) of Lemma[2.1} The terminal
cost given in (5.3) is a quadratic function of x, which ensures its continuity for all
x € R" D Xp. Condition (i1) was also already proven, and precisely in part (i) of

Lemma 2.1} Condition (iii) is satisfied by choosing,

n
= 22
Y= o (P) (5.22)

noticing that 1, 0, Anax(P) > 0. Indeed, with this definition of v, x € B,(z,), or
equivalently ||z|[,, < v, implies of|z — 743 < oAmax(P)l|2[|3, < 0, ie., 2 € Xp.
Finally, (iv) is satisfied by noticing that 02’ Px < 0 Apax (P)l|2]]7, £ as(||z)ls,). M

5.1.3 Determining the value of

Theorem [5.2] states the existence of € R, but it does not provide an explicit
procedure to determine its value. To determine it, the following steps — based on the
derivations in the proofs of Lemma [5.1] and Theorem [5.2] - can be followed. Firstly,
the designer of the control law has to fix a value of 0 € R.;, as already stated in
Theorem [5.2] Afterward, a suitable value of ¢ can be determined based on condition
G3).

Even if this value cannot be obtained analytically, for a fixed value of py, ;, one can
consider an equally-spaced sequence of n; values d; (with i € Ny ,,,)) in the interval
[0, d.p), for a given d,, € R-q. For each value of this sequence, one can generate a
countable set A;, made of a large number of randomly-generated values of z, all defined
such that ||z||,, = ;. The estimate of ¢ is thus chosen as the largest 0, such that (5.5)) is
satisfied for all z € A, for all j € Ny 5.

(an illustrative example of this procedure will be shown in the considered case study).
The obtained value of § is then used to determine the upper bound on 7, equal to
62 Amin (P), discussed in the proof of Theorem In the same proof, it is specified that
the obtained value of 7 should be set such that Xr C X and x € Xp = u,(z) € U(z).
As all of these constraints are purely functions of x, we can express each inequality that
composes them as g;(x) < 0, for i € Ry 5, ], n. being the total number of inequality
constraints. Let us refer to the largest ellipsoid satisfying the single constraint. g;(z) < 0
for all its points as Xp; £ {r € R" : (v — x,)' P(x — ,) < n;}, with ; € Ro. This

ellipsoid can be determined by numerically solving the following optimization problem:

minimize (v — z,) P(z — ) (5.23a)
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with respect to x € R" (5.23b)
subj. to g;(x) < 0. (5.23¢)

*

Once the minimizer, namely, T{p) is found, the corresponding minimum is 7; £
(x(;y — x¢)' P(a(; — x4). The desired value of 7 that satisfies all constraints is then
obtained as 7 = min {6*Apin(P),7;}, for i € Ry ). Notice that the optimization
problem (5.23) is a quadratic program when simple bounds on joint positions and
speeds are imposed by g;(x), and becomes a nonlinear program in more complex cases,

such as those deriving from SSM constraints.

5.2 Case Study

In the case study, the method proposed in Chapter [2] as well as the NMPC with Set
Terminal Constraint described in Chapter[5} were applied to the URS robot (see, Fig. ??).
This is an identical robot model used in the experiments presented in Section [3.3]and
Section[d.3] According to these sections, the identical spheres located at the same points
to cover both the robot and the human were utilized.

With reference to Section [2.1] the system dynamics in (2.1)-(2.2) was defined with
T = 250 ms. The constraints for the NMPC problems described in Section [2.2] were
formulated as follows. Each joint angle (see (2.6)) was limited in the range +27 rad,
resulting in © = {z € R" : ||z]l» < 27}. Also, the joint speeds (see (2.7)) were
limited in the range +1.2 rad/s, resulting in Q@ = {u € R" : |lu|l < 1.2}. Setting the
goal configuration (in radians) as

Ty = [0.000 —2.000 —1.220 —1.518 —1.588 0.500]/ ;

one can notice that © and () include z, and u,, respectively, in their interiors, as
required. The inequality constraints defined in (2.8)) are imposed to ensure that the
robot remains above the table. Specifically, it is imposed that the z-coordinate of each
robot test point p,;, for i = Nj; 7 be above the table level of a quantity equal to the
corresponding sphere radius 12, ;. It was verified that when at the goal configuration z,
(2.9) holds. Based on the robot characteristics and on an estimated maximum human
speed vy = 2 m/s (value used in the ISO/TS 15066 standard [[12])), the n,. x nj, = 98
SSM constraints (2.13) were defined with @ = 0.15 and d = 0.29. The reader is
referred to [4] if interested in more details on how these parameters can be determined.
We considered a fixed position ‘H of the human operator acquired from the human
motion dataset presented in [[68]], defined such that Assumption 2.1 holds.

Regarding the NMPC cost function discussed in Section [2.3] the stage cost (2.20)
was defined as in the previous chapters, with ) = 10 - [, R = I, v = 500 and § = 3.

The above-mentioned parameters are sufficient to design the NMPC law with point

terminal constraint described in Section [2.5] Instead, designing the NMPC law with the
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set terminal constraint described in this chapter requires defining X, and F'(x). The
latter was defined with P = 68.4429 - I, resulting from the corresponding discrete-time
algebraic Riccati equation (5.1)), and o = 3, to which corresponds ¢ = 0.67. Also, the
control gain corresponding to P used to define u,(x) was equal to K = 2.9221 - [,
implying Q = 18.5389 - I, as defined in (3.10). Concerning Remark the value
of 1 depends on the human position h,,, which influences the SSM constraints. In order
to take the most conservative case into account, 7 was calculated based on the value of
h., with the robot in its goal configuration.

To obtain the actual value of 7 to determine the expression of X, one optimization
problem in form (5.23) was solved using the CasADI tool for each inequality
constraint g;(x) defining sets X and U, thus obtaining the corresponding value of 7).
Following the procedure detailed in Section[5.1.3] we set 7 = 2.51283. The numerical
optimal control problems (2.21) and (5.4) were both solved by generating C-code
routines using the acados toolbox [72]. As a consequence, the value of d,; could be
chosen arbitrarily small, as long as it satisfied 6% Apin(P) > 2.51283, which led to
setting d,, = 0.19161. Always following the guidelines expressed in Subsection[5.1.3]
the number of equally-spaced points considered in the interval [0, d,,5|, with a set spacing
interval of 2 - 1074, was equal to n; = 2128, and each set A; was generated containing
10° random values. For all the 212.8 million considered values of z, condition was

satisfied, implying that = mine(; . 7; = 2.5128.

5.3 Results and discussion

The main reason for designing an NMPC controller with a set terminal constraint
was to enlarge the domain of attraction Xz compared to the point terminal constraint
case. The evaluation of the domain of attraction of a closed-loop system with NMPC
is usually performed by solving the NMPC problem for a set of initial conditions
defined in a grid in the state space. In our case study, visualizing X would have been
impossible, as the state space is six-dimensional in our case study. However, as the
positions of the first joints influence the overall robot configuration more than that of
the last joints, we decided to show a graphical evaluation of X for a grid of initial
conditions of z1 € [—27,27] and x5 € [—, 0] (where z; represents the i-th component
of the vector x). The initial value of the subsequent components z;, for ¢ € Nzg),
was instead set equal to the corresponding component of z,. The result is reported in
Fig.[5.1] varying the prediction horizon from N = 10 down to N = 1. In Fig.[5.1] the
black dot represents the first two coordinates of x,, while the green points represent
values of the state from which a feasible solution could be found for both NMPC
formulations. At the yellow points, the solution could be found only for the set terminal

constraint, while no solutions could be found for the red points. We only show values
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-

27 -7 0 T 27 -2 -7 0 T 27

Figure 5.1: Evaluation, for the first two coordinates of the state vector, of the domain
of attraction X for NV € Nj j¢, in the case of both set and point terminal constraint
(green), set terminal constraint only (yellow). The red areas represent initial conditions
from which no feasible solution to the NMPC problem could be determined for either
NMPC formulation.

of x<[—, 0], as outside this interval, no feasible solutions could be found, mainly due
to the immediate violation of the constraint requiring the whole robot frame to remain
above the table. Even when the prediction horizon N is reduced, the controller with
the set terminal constraint retains a larger domain of attraction than the controller with
the point terminal constraint. It is worth mentioning that the fact that X for the set
terminal constraint case seems disconnected is probably because these images only
represent a two-dimensional “slice” of a six-dimensional space and also to the presence

of several nonlinear and non-convex inequality constraints.

Table 5.1 provides detailed information about how the domain of attraction for both
controllers, STC and PTC, increases as the prediction horizon length (V) increases.

The table also shows the percentage improvement in the area related to the STC

57



5. Nonlinear MPC with set terminal constraint

domain of attraction (green and yellow portions in Fig. [5.1)) compared to that related
to the PTC domain of attraction (green portions). Notably, there is no percentage
improvement when the prediction horizon length is less than 2, but the improvement
remains significant as NV increases (e.g., 50.54% for N = 10).

After evaluating the domain of attraction, we show the results of experiments with
the actual URS robot. The experiments were conducted using the same used for
the experiments described in the previous chapters, with an 17-9750H CPU, 16GB
RAM and NVIDIA GeForce GTX 1660Ti using the Robot Operating System (ROS)
environment. The control values, represented by u, were provided with the above-
mentioned sampling interval 7' = 250 ms as a reference to two lower-level control
loops, which acted with a shorter sampling interval of 50 ms and 1 ms, respectively.
The internal low-level controller receives the velocity values generated by the NMPC
controller and converts them into the necessary torque values to control the physical

robot in real-time. Experiments were run starting from the initial configuration
To=12.619 —0.958 —1.220 —1.518 —1.588 0.500

(which is one of those visualized in Fig.[5.1] as its last four coordinates coincide with
those of z,) to x4, with the human operator holding the pose # mentioned above. From
this initial configuration, a feasible solution existed for both point terminal constraint
and set terminal constraint cases. Therefore, we ran one experiment in each case to
compare the performance. As a solution existed in both cases, we did not expect
the set terminal constraint formulation to show any improved results compared to
the point terminal constraint one. However, if N was reduced to 5 from the same
initial condition, the NMPC problem with set terminal constraint was feasible, whereas
that with point terminal constraint was not. Reducing the prediction horizon also
reduced the complexity of the nonlinear program to be solved, and thus decreased the

computation time needed to find a solution. This, in turn, reduced the computational

Table 5.1: Evaluation of the domain of attraction corresponding to Fig.5.1

N | STC | PTC | % improvement

10 | 181.06 | 120.27 50.54
9 | 173.27 | 108.08 60.32
8 | 168.94 | 99.29 70.15
7 1 157.32 | 90.12 74.57
6 | 13521 | 78.19 72.93
5 | 111.66 | 65.50 70.47
3 | 68.52 | 50.56 35.52
3 | 3423 | 33.35 2.63

2 | 1721 | 17.21 0

1 6.28 6.28 0

58



Results and discussion

Joint 1 — Joint 2
G
z 1
Ra¥
205
8
|
‘ ‘ “ 0 ‘
5 10 15 8 0 10 15
time (s) time (s)
= Joint 3 = Joint 4
0.04
2 02 g
§0.1 §°-°2
| |
@ 0 -~ 0
8 5 10 15 8 0 10 15
time (s) time (s)
—~ %103 Joint 5 s Joint 6
',% 10 = 0.02
g &
~ &
e 5
& g 0
|0 |
- . . . £ -0.02 - :
8 5 10 15 : 0 10 15
time (s) time (s)
—PTC, N=10
—STC,N=10
—STC,N=5

Figure 5.2: Time evolution of the difference between each component x; of the state
vector and the corresponding component z,; of the goal configuration, for i = N g),
for the three NMPC laws implemented in the experimental setup.
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Figure 5.3: Time evolution of each component u; of the control vector, for i = Ny g,
for the three NMPC laws implemented in the experimental setup.

delay, which usually leads to a better performance of the closed-loop system. We also

ran an experiment with V = 5 for the set terminal constraint case to test this hypothesis.

The results are visible in Figs. [5.2}{5.6] Figures [5.2] and [5.3] show, respectively,
the time evolutions of states (showing the value of z; — z,, for each joint, with z,;

representing the i-th coordinate of the goal configuration) and inputs (showing the value
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Figure 5.4: Time evolution of linear speeds ||v;|| of robot test points for the point
terminal constraint (PTC) NMPC formulation, together with the corresponding limit
speed ;, corresponding to the robot motions shown in Figs[5.2]and [5.3]

of u;, i-th coordinate of u, for each joint) for all three cases. The goal configuration
was reached in all cases with a similar time evolution of x and w, as the three lines are
practically indistinguishable. Also, the SSM constraints, which ensure human safety,
are satisfied in practice (in addition to being satisfied in the NMPC problem) along with
the robot’s motion in all three cases. This can be seen in Figs. [5.4}{5.6] in which one can
see the time evolution of the magnitude of the speed v; of each robot test point, defined
in (2.3), and the corresponding upper bound introduced by the SSM constraints, here

indicated as

S A 2 (9
Ui = o min (dij pij) . (5.24)

To measure Jeyp,, the evaluation method described in Section@is utilized. The task

completion time 7 in this section represents the time employed to steer the robot state

from x, to x,. As expected, the values of both J,, and 7. are very close for the two

Table 5.2: Comparison of the considered measures from experimental results with point
terminal constraint (PTC) and set terminal constraint (STC)

PTC/STC N | Jop  To(s) | 7(ms) 7 (ms)

PTC 10 | 7169.6 15.3003 | 84.783 46.388
STC 10 | 7164.9 15.3003 | 57.958 40.364
STC S 1 7094.9 15.1004 | 17.839 12.027
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Figure 5.5: Time evolution of linear speeds ||v;|| of robot test points for the set terminal
constraint NMPC formulation with N = 10, together with the corresponding limit
speed ;, corresponding to the robot motions shown in Figs[5.2]and [5.3]

cases with NV = 10, while a slight improvement can be observed for both measures in
the case of set terminal constraint-based NMPC with N = 5. To explain this trend, one
can refer to the values shown in the computation times. While all maximum values are
way below the sampling time value 7" = 250 ms, the NMPC set terminal constraint case
with N = 5 shows an average value much smaller than those of the other two NMPC
algorithms. This shows that the proposed set terminal constraint-based NMPC strategy
can allow a reduction of the value of NV for the same task, leading to performance
improvement. As an alternative to improving performance, the NMPC formulation
based on set terminal constraints with N = 5 could be implemented on a cheaper
computer, thus allowing for a reduction of economic costs.

It 1s worth mentioning that the fast oscillations of the robot speed observed in
Figs.[5.3}5.6] do not significantly affect the robot motion.

5.4 Chapter summary

This chapter focused on modifying the NMPC law for SSM-based motion planning with
point terminal constraint described in Chapter 2]to the case of set terminal constraint.
First, the closed-loop stability of the considered system is proven. Then, it is shown
that, in an experimental case study with a URS manipulator, the domain of attraction

increases considerably in the case with a set terminal constraint.
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5. Nonlinear MPC with set terminal constraint

Figure 5.6:
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Chapter 6

Conclusions

6.1 Addressing the Research Questions

To summarize the contribution of this thesis, we focus on the research questions defined

in Chapter[I} We report them in the following and respond to them.

6.1.1 Answering the first research question

The first research question was the following: “Is it possible to improve the performance
of SSM-based NMPC laws, at the same time guaranteeing human safety, by emulating
their behavior through DNNs?”

Six different DNN-based motion planning schemes were designed and implemented
in Chapter [3] to imitate a safe — according to the SSM principle — NMPC scheme
for pHRI. The experimental results show that the DNN-based schemes successfully
compensate for the performance degradation caused by the computational delay of the
NMPC scheme and rely on the information on future human motion acquired during
training to further improve performance. The drawback of all DNN-based schemes,
as in all learning-based methods, is that, should the human move with a considerably
different pattern compared to training data, the motion planning algorithm would not
be able to properly plan the robot motion. Thus, particular attention must be paid to
ensure that the human motion happens according to precise instructions. It is essential
to notice, though, that the DNN-based schemes were able to learn their behavior on
a number of different subjects and successfully apply it to a new subject never seen
before; this shows that, to some extent, the proposed algorithms possess the ability to
generalize between different human operators.

Deep imitation learning of NMPC laws for safe pHRI via a dataset aggregation
approach has also been designed and implemented in Chapter ] Compared to offline
imitation learning techniques, the main contributions consist of dataset aggregation-
based training and safety filters. Experimental results showed that the DA-SE-DNN
method, employing an encoder (to condense the information provided as input to
the DNN), aggregation-based training, and a safety filter, provided the best trade-off
between safety and performance.

In conclusion the answer to the research question is “yes”, as performance

improvement with respect to the NMPC law was observed for several DNN structures,
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6. Conclusions

and the presence of the safety filters ensured the satisfaction of the SSM constraints.

6.1.2 Answering the second research question

The second research question was the following: “Is it possible to define and design an
SSM-based NMPC law with guaranteed stability properties and based on a set terminal
constraint, which increases the domain of attraction compared to the point terminal
constraint approach?”

The answer to the second research question is also “yes”. Indeed, the NMPC law
defined in Chapter[5|guarantees closed-loop stability under suitably defined assumptions,
and it has been shown that the domain of attraction can be considerably extended, based

on the considered case study.

6.2 Limitations and Future Work

One of the main limitations of this research study is related to deep imitation learning
approaches. As discussed earlier, these approaches ensure safe interaction in pHRI
solely through the use of safety filters. However, the safety filter can considerably
modify the DNN output, in some cases leading the system state at locations from which
the newly-generated DNN outputs will not be coherent with the NMPC strategy. Safety
filters are crucial in the proposed imitation learning approach because the DNNs alone
cannot inherently guarantee the safety concerning SSM constraints. This effect was
shown to be mitigated when the DAgger approach was used, but it can present itself
again in case quite different human motions are introduced. Therefore, as already
mentioned, the human motion must adhere to that observed during the training phase.
In case a new type of human motion has to be introduced, then new NMPC data can be
generated to update the DNN parameters. Future research could be directed towards
the definition of DNN-based approaches to imitate SSM-based NMPC laws, providing
strict guarantees of recursive feasibility and stability.

Regarding the NMPC law, its main limitation consists in the fact that the human
operator remains static throughout the interaction period, in order to meet the
assumptions required to guarantee recursive feasibility. This assumption raises the
question of whether it is possible to develop a control strategy based on the assumption
that a human will move and the system has only partial information about the human
future locations. Can stability be guaranteed under these conditions? To partially answer
this question, an NMPC controller capable of ensuring stability and recursive feasibility
in scenarios involving human movement was already proposed in [30]. However,
the conditions required in [30]] to ensure stability are not easy to translate into clear
guidelines for the human operator, and this can be the object of future research. In

future work, we aim to focus on DNN-based approaches that provide strict guarantees
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Limitations and Future Work

of constraint satisfaction and stability. Additionally, we plan to further study the STC
NMPC approach to design a system that can guarantee stability in an NMPC control

strategy, based on the assumption that the human will move.
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Appendix A

Glossary

A.1 Acronyms

The following acronyms, here listed in alphabetical order, are used in this thesis:

DAgger: dataset aggregation

DNN: deep neural network

NMPC: nonlinear model predictive control

pHRI: physical human-robot interaction

SSM: speed and separation monitoring

Furthermore, Table @ describes all the acronyms related to the imitation learning

algorithms developed in the thesis. In the table:

Training Mode (TM) refers to the methodology by which the algorithm is trained,
distinguished as either "offline" or "online".

Future Human Motions (Future HM) indicates whether the data is generated
from the NMPC model that utilizes future human motion trajectories in its

prediction horizon.

Past Human Motions (Past HM) denotes whether the historical motion data of

humans are utilized as input during the training process.

Encoder specifies whether the neurons responsible for processing information

about human motions are encoded during the training phase.
Safety defines whether the algorithm ensures safety based on SSM.
Dataset Aggregation (DAgger) represents the data collection method, in which

the data is added in portions at each step of the training
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A. Glossary

Table A.1: Developed imitation learning algorithms

Algorithm TM  Future HM Past HM Encoder Safety DAgger
O-DNN-0 offline no no no no no
O-DNN-P offline yes no no no no
O-DNN-PS offline yes yes no no no
O-E-DNN-0 | offline no no yes no no
O-E-DNN-P | offline yes no yes no no
O-E-DNN-PS | offline yes yes yes no no
ODA-DNN offline yes no no no yes
DA-DNN online yes no no no yes
ODA-E-DNN | offline yes no yes no yes
DA-E-DNN | online yes no yes no yes
O-S-DNN-P | offline yes no no yes no
ODA-S-DNN | offline yes no no yes yes
DA-S-DNN online yes no no yes yes
O-SE-DNN-P | offline yes no yes yes no
ODA-SE-DNN | offline yes no yes yes yes
DA-SE-DNN | online yes no yes yes yes

A.2 Sets and Spaces

P Set of test points of the robot in the Cartesian space, p.[L]]

S Set of joint positions of the robot and human positions, p. [26]
B,(z,)  Ball with radius v, centered at z,, p.

Sn;  Sphere that occupies the human body, j € N, £ N [1,n4]> P-
S,i  Sphere that occupies the robot surface, ¢ € N, = N(i,n, P-
Q2 Closed box including u, in the interior, p.

IT  Set of DNN policies, p. [24]

©  Closed box including z, in the interior, p.

Ussm(z)  SSM constraint set, p.

U(z)  Control constraint set, p.

X CR™  Set of joint positions of the robot, p.[I4]

Xr  Feasible set for terminal constraint set, p. |3_7|

Xy € X Terminal set, p. A9

A.3 Variables

a € Ryy  Tuning parameter for SSM formulation, p.[T3]

f  Tuning parameter for {(x, u), p.

a,  Maximum deceleration value of the robot, p. @

D € R., Scalar parameter essential for stability analysis, p[5]]
0 € Ryp  Radius of feasible ball around z, p.
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Variables

0, € Ryp  Radius of ball around x4, within which data is collected to train DNNs for
achieving the goal state efficiently, p. [2§|
d €Rsy  Safety margin parameter for SSM formulation, p.

d;,, ~ Maximum distance that Sj, ; can travel until v; = 0, p.

d;;  Maximum distance that S,.; can travel until v; = 0, p.

e € Rog  Scalar value that used in Assumption[T4]

es € Ry Maximum error with which the motion capture system detects p,.;, p.
n € R.o  Value of the optimal value function J%, (g, u(-)), p.

v € R.o  Tuning parameter for ¢(z, u), p.

H S, positions, p. |E|

H  Future positions of Sy, j, p.

H~  Past positions of S, ;, p.

He  Encoded Sy ; positions p. 26|

Hy  Encoded past positions of S, ;, p.

vy Maximum possible speed of the human, p.[12]

K Linear quadratic regulator gain, p.[12]

k  Discrete-time instant along the prediction horizon, p.

L,  Average path length traveled by the end effector, p. @

N Prediction horizon length, p.[13]

nn,  Number of test points located on human body, p.[I0]

n,  Number of test points located on robot, p.

v Radius of the ball B, (z,), p.

P e R™™  Solution of the discrete-time algebraic Riccati equation, p.
Py, € R3  Goal configuration in Cartesian Space, p.

prnj € R®  Center of the test points on the human, p.

pri € R?  Center of the test points on the robot, p.

() Positive definite matrix, p.

Q € R™™  Symmetric and positive definite matrix, p.

R € R™™  Symmetric and positive definite matrix, p.

Ry ; € Ry Radius of the spheres that occupy human body p.
R,.; € Ryy Radius of the spheres on the robot p.

pij ~ Summation value representing the combined radii and safety margin, p.[[3]
o € Ry Scalar parameter essential for stability analysis, p.[52] || ||
UPNN Control values generated by DNN, p.

UNMPC Control values generated by NMPC, p.

U  Control effort, p.[I6

ug € R"  Goal joint velocities, p. [I0]

u*(-)  Optimal Control Sequence, p.

uq(z)  Auxiliary control law, p.
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u,; € U(z)  Control value that brings the robot to z,, p.

v; € R®  Cartesian velocity vectors, p.

z € R"  Joint positions of the robot, p.[I0]

zy € R®  Goal joint positions, p. [10]

Xp  Domain of attraction, p.[56]

Xy Terminal set, p. 49

¢ € R,y  Scalar parameter essential for stability analysis p.

A.4 Functions

) € K~ Lower bound of a Lyapunov function, p.

()
as(-) € K&  Upper bound of a Lyapunov function, p.
() € K Upper bound of a Lyapunov function, p.
() € K»  upper bounding function, p.
f(,-):R" x R* - R™®  System dynamics, p.[10]
F(:):R® = Rso  Terminal cost, p. {9
) Inequality constraints, p.
Ji(z)  Finite horizon optimal cost function, p.
(g, u(-))  Finite horizon cost function, p.
J* (xo,u(-))  Infinite-horizon optimal cost function, p.
Jo (o, u(-))  Infinite-horizon cost function, p.
Jexp  The evaluation of the NMPC cost during the experiment, p. [30]
(o, u(-)) Finite horizon optimal cost of NMPC with set terminal constraint, p.
HKai() : R*x R" — R*  Differential kinematics function, p.
() :R"— R3  Forward kinematics function, p.

Amax(Q)  Maximum eigenvalue of () matrix, p.
Amin(@)  Minimum eigenvalue of () matrix, p.
((x,u)  Stage cost of NMPC problem, p.
L(UNMPC PNNY - Quadratic loss function, p.
®(||z||l,)  Upper bounding function on the third term of the loss function, p.
¥(y) : R — R  Upper bound function, p.
uPV(s)  DNN policy, p.
u¥MPC(s)  NMPC policy, p.

¢(z,z;)  Component of the loss function related to human position, p.
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Appendix B
URS kinematics

The robot forward kinematics can be developed utilizing the Denavit-Hartenberg (DH)
parameters, which characterize the connection between two successive coordinate
frames in a robotic manipulator’s kinematic chailﬂ They are often used to simulate
and regulate the motion of robotic arms and manipulators in mechanical and robotics

engineering. Specifically, DH parameters are described using the following four aspects:

* Link Length (a): The length from the origin of the previous frame to the origin
of the next frame, measured along the prior z-axis, between the axes along the

standard normal.

* Link Twist («v): The angle, measured around the preceding x-axis, between the

standard normal and the following z-axis.

* Link Offset (d): The length, measured along the old x-axis, along the common

normal that connects the old z-axis to the new z-axis.

0: The angle, measured about the old z-axis, between the old and new x-axes.

These parameters allow the creation of a homogenous transformation matrix that
characterizes the interaction between successive coordinate frames for each joint of a
robotic manipulator. Given the joint angles, this matrix is then utilized to determine
the end-effector orientation and location with respect to the base frame. Robotic
manipulator kinematics may be conveniently and methodically modeled with the help
of DH parameters.

Considering that the thesis uses the URS robot manipulator from Universal Robot,
the following part of the appendix is specially designed for this robot.

The Denavit-Hartenberg parameters for any UR robot are readily available on
the official website of Universal Robots [77]. These parameters are presented in
the Table [B.1} For the URS robot manipulator, parameters shown in Table [B.1] are
ay = —0.425, ag = —0.39225, d; = 0.089459, d, = 0.10915, d5 = 0.09465,
dg = 0.0823. The following homogeneous transformation matrices were built using the

parameters given in the URS robots in Table [B.1] To decrease the amount of space, the

'In this appendix, the notation partially differs from that employed in the main chapters of the thesis.
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B. URS kinematics

Table B.1: DH parameters of UR robot-manipulator

Joints \ f(rad) a(m) d(m) «f(rad) \

Joint 1
Joint 2
Joint 3
Joint 4
Joint 5
Joint 6

0

SO O OO

0

a2

Q
w

o O O

dy
0
0

dy
ds
de

/2
0
0
/2
—m/2
0

subsequent expressions are employed: s; = sin(6;) and ¢; = cos(6;) fori =1, ..., 5.

H,

Hy

Hg

1

S1

Cy

S4

Cq

S4

Ce
S6
0
0

0 s
0 —
1 0
0 0
—Ss9 0
¢ 0
0 1
0
—s3 0
c 0
0 1
0 0
0 sy
0 —cu
1 0
0 0
0 —s4
0 <
1 0
0 O
—s¢ O
cg O
0 1
0 0

de
1

(B.1)

(B.2)

(B.3)

(B.4)

(B.5)

(B.6)

In order to cover the whole robot body, additional matrices are used to shift the test

point positions. The positions of the test points depicted in Figure B.T| were determined
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a2/3 a2/3

Figure B.1: Test points of the URS, figure adapted from [3].

by utilizing the homogeneous transformation matrices as follows:

1 000
0100

T; = ; (B.7)
0001

wherei =1,...,5and z = [0.06 0.28 0.11 0.02 0.0322]. The test points locations
in the Cartesian space are thus obtained as follows:

Pr1 = Hy Ty, (B.8)
H{H,T:

Pra= ", (B.9)

Pr3 = HyH,T3, (B.10)
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B. URS kinematics

pra= BT, + 22 (B.11)
prs = HiHoTy + ZH?’QHQ, (B.12)
pre = HiHoH3T, (B.13)

pry = HiHyH3 HyH5Ts. (B.14)

After the computation of the aforementioned equations, we can get the exact positions
of the test points. For the sake of simplicity, the following notation is used: co3 =
cos(by + 03), so3 = sin(Oy + 03), cozg = cos(by + O3 + 04), o34 = sin(Oy + O3 + 04).
The positions of the test points in the Cartesian space are the following:

2151
1= |—z1 (B.15)
dy

1 1
502C1C2 + 52251
|1 1
P2 = 502C281 — 522C1 (B16)

1 1
566252 + §d1

a2C1Co + 2357
P3 = |Q2C281 — 23C1 (B.17)

9289 + d1

1 1
A9C1Co + 2451 + §a3C1C2C3 — gCL3C15283

_ 1 1
Pa = |A2C2S1 — 24C1 + 503C2C351 — 343515253 (B.18)

1
di + 5a3S23 + azs7

2 2
a2C1C2 + 2481 + 3A3C1C2C3 — 5A3C15253

_ 2 2
D5 = |Q20281 — 24C1 + 5A3C2C381 — 503515253 (B.19)

2
dl + §CL3$23 + 952

AoC1Co + 2181 + A3C1C2C3 — A3C152S3
Pe = |agceS1 — z1C1 + a3C2C351 — 3515253 (B20)

d1 + a3S923 “+ a9S9

a2C1Co + d481 — Z5C9234C1 S5 + 25C5S51 + d5$23401 + asCq (6263 — 8253)
P7 = |aoC281 — daCy — 25C2345155 — 25C1C5 + d5S23451 + assi(cacs — s253)| (B.21)

di — 55(25C2354 + 25593€4) + 3523 + d5(52354 — Co3€4) + A252
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In order to find the Cartesian velocity vectors v; € R3, the Matlab function diff was

used as follows:

vy = diff (py, 01)ul; (B.22)
Vo = [dlff(pQ, 01), dlff(pg, 92)] [Uﬂj@]l (B23)
V3 = [dlff(pg, 91), dlff(pg, 92)] [U1U2], (B24)
Vg = [dlff(p;b (91), dlff(p4, 92), dlﬁ(p4, 03)] [U1U2U3]/ (B25)
Vs = [dlff(pg;, 01), dlff(p5, 02), dlff(p5, 63)] {U1UQU3]/ (B26)
Vg — [dlff(pg;, 01), dlff(pg, 02), dlﬁ(pﬁ, 63)] [U1U2U3], (B27)
U7 = [dlff(p7, 91), diff(p7, 92), diff(p7, 93), diff(p7, 94), diff(p7, 95)] [U1U,2U3U4U5]/
(B.28)
The resulting speeds of the test points in the Cartesian space are as follows:
U121C1
V1 = |U12181 (B29)
0
%ul(ZQCl — CLQCQSl) — %Ugagclsg
Uy = | 1 (2281 + A2C1C2) — FU2A281 52 (B.30)
%UQQQCQ
U1(Z3C1 - CL20231) — U202C1 52
V3 = U1(2381 + CLQClcg) — U2025152 (BSI)
U2A9C2
In the following equations, the notation cs = cyc3 — s953 1s utilized.
1 1 1
U1 (2’401 — A9C281 — §a33103> — U9Cq (gagé’gg + (1282) — §U3a382301
vy = |uy (2431 + agciCo + %agclcs) — U8y (%agszg + a282> — %U3a3523$1 (B.32)
U9 (%(13623 + CLQCQ) + %u3a3023
2 2 2
U1 (2401 — A9C281 — §a38108) — U2Cq (§a3823 + a282) — §U3(l382301
v = |uy (z4sl + ascicy + %agclcs) — U987 (%CL3823 + a282> — §u3a332351 (B.33)
Us (%agcgg + a202> + §U3a3623
w1 (2101 — ageas1 — azs1es — ugcy(asSag + a282) — UzazSe3Cy
Vg = |uq (2181 + aoc1Co + azcics — ugsy(azSas + asss) — Uza3S238 (B.34)

Ug((lgCQg + a202> + u3azCa23
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B. URS kinematics

Due to the long expressions required to express the speed of the 7th test point, the
following notation is used in which, for the i-th test point, v;1, v;2 and v;3 describe the

components on the x, y and z axis of the Cartesian space, respectively.

v71 = U1 (dsc1 — ap81Co + 250105 — d5S23451 — U351CS + 25C2345155)

+ ugcy (dsCoza + 25593485) + usC1(dsCass — azcaSs — a3C382 + 25523455)

(B.35)
— ugcy(asSe — dscasy + as(Cass + €352) — 25523455)
— U525(5155 + C234€1C5)
U7 = U1 (das1 + agcica + 256581 + d5S234C1 + A3¢1CS — 25C234€155)
+ ug51(ds5Cazs + 25593455) + UsS1(d5Ca34 — A3C2S3 — A3C3S2 + 25523455)
(B.36)
— U381 (a98y — d5Ca3q + a3(caSs + C352) — 25523455)
+ us25(c185 — €23451C5)
v73 = ug(agcas + dsSa34 — 25C23455) + Ua(asCa3 + a2 + d5Ca354 + d5S23Cs (B.37)

— 25C23C4S5 + 253238485) + U4(d58234 - 2’5623485) — U5255234C5

78



Appendix C

Source Code

All codes can be found in https://github.com/moongerim/PhD_Thesis
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