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Abstract

The exploration of the solar system poses significant challenges to robotic systems, particularly
those operating on planetary surfaces with complex terrain and uncertain conditions. This PhD
thesis addresses the control of two prototypes of planetary exploration rovers, by presenting
novel control approaches tailored to the unique demands of wheeled mobile manipulators in
extraterrestrial environments.

Autonomous exploration of the solar system involves a wide range of tasks, including sampling
and analyzing geological formations, deploying scientific instruments, setting up infrastructure
such as communication arrays and life support systems, and navigating through uncharted terrain.
These tasks require precise control over the rover’s motion, localization, and interaction with the
environment to ensure successful data collection, instrument deployment, and safe operation.

Whole-body control approaches offer a promising solution to these challenges by integrating
multiple degrees of freedom (DOF) of mobile platform and robotic manipulator into a single
control framework. By extending the capabilities of the rover’s manipulator arm, whole-body
control enables the execution of higher-level autonomous tasks. Moreover, increasing the workspace
of the manipulator through the DOF of the platform increases the redundancy of the system,
allowing for more efficient task execution.

The thesis is divided into two main chapters. The first part focuses on whole-body control
concepts for the LRU2 prototype, which is equipped with a robotic arm to perform manipulation
tasks. The first topic of this chapter is the development of a platform torque interface, which
distributes the actuation torques of the wheels in order to generate a desired wrench acting
at the platform center. Building upon this prerequisite, a whole-body impedance controller is
presented, which extends classical Cartesian impedance control to a robot arm mounted on
a mobile platform. The kinematic redundancy is resolved via quadratic optimization, taking
actuator limits into account. The second part further extends this approach to a passivity-based
tracking controller for the complete system. This includes the automatic generation of steering
angles along with the torque control law for arm and platform propulsion. In this way, both
locomotion and manipulation tasks can be solved using the same control framework. A switching
approach is proposed which enables the regulation of a static equilibrium at the end of a given
time-dependent trajectory. The underlying passivity-based control concept is then evaluated in
detail on a holonomic robot arm, particularly addressing convergence properties and the tuning
of the controller gains. A comprehensive evaluation of the proposed control methods is conducted
by performing experiments with the LRU2.
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The second chapter addresses the wheel-ground interaction, a critical aspect of rover operation.
According to the focus of this chapter, the proposed approaches are validated using the second
rover prototype LRU1, which is equipped with a scientific camera instead of a robotic arm. Two
distinct approaches are presented. The first is a parameter-based slip estimation method, which
aims at the improvement of the wheel odometry measurements in the context of the rover’s
self-localization. The method is implemented and validated through data obtained during a
Moon-analog mission on Mt. Etna. Second, a modular platform tracking controller is proposed,
which combines a nonlinear controller with a linear model predictive controller (MPC) and
a deep neural network. The latter is used to learn the unmodeled wheel-ground interaction.
The performance of this novel approach is evaluated with data from a test campaign in DLR’s
planetary exploration lab, driving the rover on a lunar soil simulant.

Through these contributions, this thesis advances the state of the art in control theory for robotic
exploration systems, enabling more efficient, stable, and robust navigation and manipulation
in complex planetary terrain. By bridging the gap between the development of a theoretical
framework and practical implementation, this research supports the future success of robotic
planetary exploration of the solar system.
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List of Symbols and Abbreviations

List of symbols

Throughout this thesis, all scalar quantities are described by plain letters, whereas matrices and
vectors are printed in bold. The total derivative w.r.t. time ¢ of a variable is abbreviated by dots,
for example ¢ = %q, q= %q. Error variables are indicated by a tilde, and are defined according

to () = () - (')des~

Various of the following mathematical symbols are introduced in the text with different
subscripts, superscripts, and symbols. They are listed without further specification here, their
meaning and dimension is specified when the respective variable is introduced in the text. Please
note that this list is not exhaustive, but it covers the most significant and recurring quantities
throughout the text.

General

A set

A eigenvalue

t, T time

1,7,k indices for numbering
n,m,l,N numbers, dimensions
€,C constants

Ad difference operator

F force

M torque
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E energy

m mass
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I unit matrix

R rotation matrix

N null space projector
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Whole-body control

weighting matrices

platform wrench error

damping matrix

damping factors

stiffness matrix

cost function

velocity error (sliding variable)
0, yaw, pitch, roll Euler angles
H G, L gain matrices

sliding variable (arm velocities)

ADEe ARG O



Wheel-ground interaction

gm#ﬁﬁ m

Q

N W
=

354 O Rs " QKR

slip parameters
measurement noise

bogie angle

6-DOF rover pose

output function

parameter Jacobian matrix
weighting matrix

update rate

linearized system matrices
matrix integral

state transition matrix
parameter influence matrix
total body slip

control input

linearized state and input matrix
weighting matrices

input feature matrix

input feature vector

neural network output
platform telemetry data

List of Acronyms

ARCHES
DLR
DNN
DGPS
DOF
EKF
EOM
EtherCAT
ESA
FPGA
GPS
GPU

GT

ICR
IMU
IPEM
JAXA
LB-MPC
LQR
LRU
MER
MMX
MSL
MPC

Autonomous Robotic Networks to Help Modern Societies
Deutsches Zentrum fiir Luft- und Raumfahrt (German Aerospace Center)
Deep Neural Network

Differential GPS

degree(s) of freedom

Extended Kalman Filter

Equations of Motion
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CHAPTER 1

Introduction

...to boldly go where no one has gone before!

From the opening monologue of the TV series Star Trek: The Next Generation,
created by Gene Roddenberry.

These famous opening lines from the iconic television series Star Trek outline one of the central
themes of the show: exploration, or travel into the unknown in search of new knowledge. It is
not for nothing that Star Trek is one of the most famous and lasting TV formats ever produced,
comprising twelve TV series and thirteen movies as of today. As pointed out in [Ger07|, the
worldwide fascination for the franchise has its roots in the utopia of humanity willing to surpass
itself and change for the better. Thereby, the immersive atmosphere of a positive future is created
by using the great unknown of space as a template.

The idea of exploring new worlds has fascinated humanity ever since the first humans gazed
into the star-studded night sky. Nowadays, our civilization can look back on a number of manned
and unmanned space missions to our nearest celestial bodies. Even if these missions devour a
tremendous amount of resources, and there is some inevitable criticism arising from this fact,
the exploration of the unknown has inspired generations of humans by some means or other.
Only this deep and profoundly human fascination for the miracles waiting beyond our horizon
can explain the efforts of so many individuals and organizations dedicated to space exploration,
considering the lasting social and environmental problems that humanity is facing here on earth.
Apart from the few individuals who were selected to undertake the challenges and risks of manned
spaceflight, machines have been an indispensable aspect of planetary exploration from the very
beginning. Looking into the future, robots are expected to play an increasingly important role in
space exploration due to the rapid technical evolution in the last decades.

1.1 Motivation

Recently, the European Space Agency (ESA) presented a new roadmap for space exploration
until and beyond the year 2040. It states that “At the core of the strategy is a bold vision to
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establish continuous, sustainable, and responsible human and robotic exploration of the Solar
System by providing unique contributions and benefiting society. [...| More specifically, surface
autonomous mobility with sample acquisition and analysis will significantly enhance the in-situ
science, prospecting for in-situ resource utilization and sample return selection. It will also free-up
a predicted scarce crew time by fostering collaborative robotics, supported by artificial intelligence.
|[Eur24, pp. 2, 14]|. From this statement, the importance of robots for future space exploration
can be deduced. Thereby, different tasks like sample acquisition and infrastructure setup involve
advanced robotic skills, both in locomotion and manipulation, in a potentially harsh and mostly
unknown environment.

b

In [El16] and [Sid18|, an overview of the past robotic space exploration missions is given.
Recapitulating the history, it becomes clear that rovers have been utilized for different types of
planetary exploration missions, ranging from small asteroids and comets to the moons of the gas
giants and terrestrial-type planets such as Mars, not to forget our Moon. Thereby, planetary rovers
are particularly useful due to their capability to operate on the surface and thus to cover a wider
area of exploration compared to static landers. From an operational point of view, rovers offer a
great amount of versatility, allowing for the considerate selection of in-situ targets for scientific
analysis. Apart from geological questions, astrobiological investigation has recently become a
topic of interest, imposing even greater demands on planetary rover platforms. However, the
low amount of robotic autonomy still limits the scientific outcome of robotic exploration, as the
excessive need for human interaction limits the productive time periods of the robotic explorers.
Already in 2008, Bajracharya et al. summarized their review on the Mars missions of the National
Aeronautics and Space Administration (NASA) from Sojourner to the twin Mars Exploration
Rovers (MER) Spirit and Opportunity: “The vehicles used to explore the Martian surface require
a high degree of autonomy to navigate challenging and unknown terrain, investigate targets, and
detect scientific events. Increased autonomy will be critical to the success of future missions’
[BMHOS, p. 44]. Besides highlighting the need for more mature algorithms which enable autonomy
on a high level, the statement mentions the challenges which concern the control of rovers: The
challenging and unknown terrain needs to be navigated, while unknown wheel-ground contact
effects can be a critical issue for mobile robots. In general, wheel slippage affects both traction
performance and energy consumption, and leads to a gradual deviation of the vehicle from the
intended path. This can result in large drift and poor results of the localization and control
systems [Yos09]. In the worst case, traction issues in a loose soil environment can lead to lasting
immobility of the system, as happened with Spirit on Mars in May 2009 [Sid18, p.225|.

Moreover, the rover has to be able to investigate targets, and detect scientific events, which
involves the operation and manipulation of scientific instruments in an unknown environment.
These tasks have to be fulfilled as autonomously as possible, which is critical to the success of future
missions. In [Tre-+09|, the operations of the robotic manipulators on the Mars Phoenix Lander
and the MERs Spirit and Opportunity are compared and analyzed. Thereby, the main technology
gaps are identified as “single-command (single Sol) autonomous approach from extended distances
(10-20 m away) and instrument placement on a designated science target(s) within the manipulator
work volume” [Tre+09, p. 9], and “autonomous manipulation [...| for successful sample acquisition
and in situ science investigations in planetary exploration missions” [Tre+09, p.9|.

)

Looking at these requirements from a control perspective, one can directly derive the need for
algorithms which provide well-defined environment interaction properties, both for manipulation
and for locomotion, and a combination of these basic skills. Therefore, the key hypothesis of this
thesis is that combining the degrees of freedom (DOF) of the mobile platform and the robotic
manipulator with unifying control approaches can bring benefits beyond the separate control of
the respective subsystems, and enable improvements in both task performance and autonomy.
This approach is referred to as whole-body control, and has been a subject of interest in terrestrial
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robotics for a while. However, due to the limitations of robotic space exploration, it has not been
adopted for planetary rovers so far. Thus, this thesis aims for the development of whole-body
control, combined with an outlook on the handling of wheel-ground interaction effects, in the
context of (future) planetary exploration missions.

1.2 Problem statement

As pointed out before, this work deals with control strategies which are developed for wheeled
planetary exploration rovers. The main feature of this class of robots is a locomotion system
for traction and maneuverability in rough terrain, which requires appropriate methods for the
control of the chassis. Moreover, a lot of the aforementioned tasks require dedicated manipulation
capabilities, so that a robot arm is mounted on the wheeled platform.

Several constraints arise from the fact that the complete systems have to be transported to and
work autonomously and robustly on foreign celestial bodies; some of the most important are for
sure the severe limits on the system’s overall mass, the available power, and the computational
resources. A limited communication bandwidth and line-of-sight windows add on top, see e. g.
[WGMB89; Spi89|. Moreover, the space transportation implies exposure to a high amount of
ionizing radiation during the cruise, and potentially also on the extraterrestrial body to explore
(e.g. the Moon) [EII16]. All these factors and limitations have to be taken into account in the
development of control algorithms for locomotion and manipulation, which distinguishes the
suitable approaches considerably from terrestrial applications.

In particular, the scope of this work is the development of control algorithms for a class of
planetary exploration rovers, which comprise a mobile undercarriage equipped with steering
wheels in combination with a robotic manipulator. Thereby, the rover is required to perform
dedicated scientific tasks in the context of a planetary exploration mission, which involve among
others

e Driving on unknown and potentially rough terrain,
e Building a map of the environment and localize itself on it,

e Identifying regions and objects of interest by providing measurements and scans of the
environment,

e Reaching an object of interest, interacting with it physically (for example performing in-situ
measurements, collecting geologic samples, deploying infrastructure devices, et cetera).

This list is by far not exhaustive, but it gives a perspective on the most important challenges of
robotic planetary exploration from a control perspective. These challenges include in particular
the interaction with an unknown environment. With respect to manipulation, this causes the
need for dedicated contact behavior which prevents stability issues. Concerning locomotion, the
identification and compensation of wheel-ground interaction effects (both for the self localization
of the rover and for locomotion control) are crucial factors for the success of an exploration
mission.

Therefore, the goal of this work is to outline a control architecture, which allows for the use
of all available DOF in order to tackle the challenges of a planetary exploration scenario, while
respecting the limitations that come with it. This concept of whole-body control has the potential
to improve the capabilities of planetary rovers beyond the prevailing independent asynchronous
operation of platform and robot arm as it is standard in current space missions. The coordinated
use of the platform together with the manipulator (instead of a sequential use of the platform
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and the manipulator) increases the workspace of the rover while performing manipulation tasks,
and it allows to exploit the increased redundancy of the system for an optimized distribution of
the actuation torques. Moreover, a greater amount of interaction forces can be applied to the
environment by combining the actuation forces of arm and platform. Consequently, whole-body
control strategies offer a viable solution for the deployment of smaller robot arms with potentially
fewer DOF, which can subsequently yield cost savings in development and transportation. However,
the combined use of platform and arm is a source of novel challenges, as the interaction of the
wheels on the ground additionally affects the motion of the end effector. It is therefore crucial to
properly address this issue, both for autonomous locomotion and manipulation tasks utilizing
whole-body control.

1.3 Related works

The related works can be grouped into the two main topics of this work, namely whole-body control
for wheeled mobile manipulators and the estimation and compensation of wheel-ground interaction
effects for mobile platforms. Prior to the review of these two topics, a general introduction to the
field of compliant control for (holonomic) robots is given, as the whole-body control approaches
in this thesis rely on the basic ideas of this field.

1.3.1 Compliant control for holonomic robots

The whole-body control algorithms which are the core contribution of this thesis are based on
the concept of passivity-based control. This control paradigm is based on the idea of shaping the
physical energy of a fully actuated mechanical system while preserving the inherent passivity
of the robot as a mechanical system. The derived controllers build on low-level joint torque
controllers and feature active compliance of the closed-loop system.

A seminal control approach based on this concept is called impedance control, and is introduced
in [Hog85]. The basic idea is to assign a prescribed dynamic behavior to the robot while it
is interacting with the environment. Thereby, the generalized impedance (i.e., the correlation
between generalized velocities or displacements and generalized forces) is specified by a mass-
spring-damper system, predestining the control concept for tasks involving physical contact with
an operator or the environment. Utilizing the Operational Space Formulation introduced by Khatib
[Kha87], it is possible to implement an impedance-based controller in Cartesian coordinates of the
end effector, which is then denoted as Cartesian impedance control. A large amount of literature
deals with different varieties and applications of impedance control for robot arms, including
[FB97; Alb+03; AOHO7; Ott08; DWA11], to name just a few. An overview and comparison of
basic concepts and principles, implementation strategies, and practical applications is given by
[SYZ19]. Thereby, the control objective is mostly to drive the robot to a desired static equilibrium
pose or position, which is referred to as regulation control.

In general, regulation controllers are useful for stabilizing the robot in the vicinity of the desired
equilibrium. If, however, the task includes larger or repetitive motions of the robot, it is oftentimes
desirable to plan the complete motion in advance. This results in the definition of trajectories
(comprising the desired velocities and accelerations of the robot together with the time-varying
desired positions). In this case, tracking controllers can be used to stabilize the robot dynamics
to the time-varying trajectory. Classical approaches for robotic trajectory tracking include among
others algorithms based on feedback linearization, such as inverse dynamics or computed torque
control schemes, see e.g. [Fre82; SV85]. These techniques shape the inertia of the system in order
to create a linear closed-loop error dynamics, at the cost of robustness in the presence of modeling
uncertainties and external disturbances. To overcome these drawbacks, the first passivity-based
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tracking control algorithms have been developed in the 1980s. The shaping of the potential
energy for fully actuated mechanical systems can be traced back to [TA81|. In [OS88|, the term
of passivity-based control was coined, proving that passivity is the key property underlying
the closed-loop stability of these control designs. Important representatives of passivity-based
tracking controllers are for example the augmented PD controller (also known as PD+ controller)
presented in [PP88] and the Slotine-Li controller introduced in [SL87].

In [Die+21], the performance of passivity-based tracking control (precisely an augmented PD
controller) for a holonomic robot arm is compared to control approaches based on feedback-
linearization. It is shown that the passivity-based controller is more robust w.r.t. modeling
errors and external disturbances by means of a theoretical and experimental analysis. This high
robustness is an important aspect for robots in unpredictable and unknown environments. Due
to the mentioned considerations, the passivity-based control paradigm suits the requirements of
planetary exploration, particularly concerning contact with an unstructured environment. Using
the theoretical foundations, approaches for regulation and tracking control of a wheeled mobile
robot (WMR) with robotic manipulator are developed in Chapter 3. Thereby, the well-known
concepts have to be adjusted to a modular system comprising of a wheeled platform and a
robotic arm, with fundamentally different mechanical properties and actuator characteristics. In
other words, the arm joints feature a low-level torque control loop with joint torque sensing. In
contrast, the platform actuators are not equipped with torque sensors, which inherently limits
the performance for motor torque control. Moreover, certain platform elements do require an
accurate positioning despite the permanent existence of unknown contact forces, which applies
in particular to the steering actuators. Thus, adopting passivity-based control strategies for a
planetary exploration rover is not straightforward and requires various modifications. An overview
of the existing literature on the topic of whole-body control for wheeled mobile manipulators
(WMMs) is given in the following.

1.3.2 Whole-body control for wheeled mobile manipulators

In fact, literature on whole-body control for planetary rovers is sparse, as the common practice in
space robotics is to separate locomotion and manipulation tasks. An optimal whole-body trajectory
planning algorithm for mobile manipulators in planetary exploration is proposed in [Sto+24],
taking into account the nonholonomic platform constraints, but without explicitly proposing a
corresponding whole-body control algorithm. However, there is a broad interest in whole-body
control methods for WMMs in terrestrial applications. In terms of the requirements, the algorithms
from field robotics are most likely to match the requirements of planetary exploration (except the
computational limitations). For example, [Hyo+19| lists terrain adaptability, base stability and
mobility, and impact resistance as key features for “a general purpose mobile platform that can
traverse irregular terrains such as agricultural or forest landscapes while carrying manipulators
and other tools for heavy-duty operations” [Hyo+19, p.1]. However, the strict separation of
locomotion and manipulation is the prevailing strategy also in this domain (see e.g. [Raj+24] for
a recent review of state-of-the-art robotic harvesting procedures).

On the other hand, recent publications of whole-body control algorithms for WMMs oftentimes
deal with robotic arms on platforms in a domestic or industrial context. The first class of algorithms
for whole-body control of WMMs is purely kinematic, i.e., both platform and arm are controlled
on velocity level. The authors of [YY92; Ser98; Bay+02; DOGO06| derive kinematic control laws for
mobile manipulators featuring differential-drive kinematics. In [DOG10], a kinematic control law
for a mobile manipulator with steering wheels is proposed based on a framework of input-output
feedback linearization. Thereby, the velocity of the steering wheels becomes an input for task
execution, together with the manipulator joint accelerations and the driving accelerations of the
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base. Among the kinematic control approaches, the work of H. Seraji [Ser93| stands out, as it
extends the concept of redundancy to the complete system (not only the manipulator) for the
first time. The result is an implicit coordination control scheme, which allows to define the control
problem without explicitly defining the trajectory of the wheeled platform. This property makes
implicit coordination control schemes particularly suited for reactive approaches [PFCO7].

The advantage of the kinematic control laws is that all joints are addressed on velocity level,
which allows a unified view on platform and arm despite their different dynamic properties. This
method simplifies the implementations of algorithms which ensure a decent tracking performance,
however, at the cost of a well-defined and passive interaction behavior. Thus, particularly in
regard to scenarios involving the presence of human beings in the workspace of the robot, there is
an increased endeavor to provide compliant whole-body control concepts for WMMs. Compliant
whole-body controllers are frequently implemented to ensure a well-defined contact behavior, as
discussed before for holonomic robots. However, most methods use the joint torque interface for the
robot arm, while the platform is controlled on velocity level. Thereby, implicit coordination control
schemes have been widely adopted for the force control of WMMs, see e. g. [Ume+99; Kan+01;
TX01; ONZO?); OZN04]. In [WBKO07; Whi+09], a Cartesian impedance controller is proposed for
the whole-body coordination of a robotic arm and a two-wheeled nonholonomic, mobile platform,
with the focus on the redundancy resolution via decoupled null space control. In [Diel5|, a
multi-task whole-body impedance control framework for the humanoid robot Rollin’ Justin is
presented, which features a torque-controlled upper body mounted on a velocity-controlled mobile
platform. The coupling between the upper-body torque control law and the platform velocity
interface uses an admittance simulation, which assigns a virtual mass-damper behavior to the
platform. Assuming a high-gain kinematic platform controller which is able to follow the velocity
commands sufficiently fast, a desired dynamic behavior can be assigned to the platform, overriding
its physical properties. Anyway, a proper treatment of the inertia couplings between platform
and upper body is required to guarantee stability [Die+16]. Later, the framework is extended to
tracking control [DO20|. In [Isk+19], a whole-body impedance control concept for the assistive
robotic system EDAN is introduced, coupling the velocity-controlled wheelchair via an admittance
interface to the torque-controlled arm. In combination with shared control, the approach enables
the realization of complex tasks like opening a door, passing through it and closing it afterwards.
A whole-body control approach based on hierarchical quadratic programming is presented in
|Kim-+19|. The optimization problem is solved on acceleration level, providing continuous task
transitions. Again, the mobile base is coupled via an admittance interface. Wu et al. introduce a
control framework for a mobile manipulator, based on a weighted whole-body Cartesian impedance
controller, which implements three motion modes, i.e., locomotion, manipulation, and modified
loco-manipulation [Wu+21|. Once more, the velocity-controlled mobile platform is coupled via
an admittance interface, a decoupled dynamics is assumed for the complete robot. Recently,
Aguilera et al. proposed a Linear Quadratic Regulator (LQR) controller which enables a mobile
manipulator to autonomously control and maneuver a passive nonholonomic shopping cart. It is
assumed that the platform velocity controller has high gains and does not slip or skid [AH23|.

The advantage of the aforementioned approaches is that the compliant behavior of the robotic
arm is combined with the decent tracking performance of a velocity-controlled platform (at least
on the prevalent floor coatings). On the other hand, a velocity-controlled platform can only react
to external forces and torques if it is equipped with appropriate sensor capabilities. If this is
not the case, the underlying velocity controller compensates for any disturbances, rendering the
platform insensitive w.r.t. external forces and torques. One possible way to enable a reactive
platform behavior despite the kinematic control is to equip the platform with force/torque sensors.
Exemplarily, the work of Leboutet et al. [Leb+19] can be mentioned, where an artificial skin
senses external forces and localized them on its kinematic tree. Using this information, a control
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method is proposed which provides mobile robots with whole-body compliance capabilities in
response to multicontact physical interactions with their environment. Thereby, the controller is
formulated as a set of quadratic optimization problems, solved in parallel for each limb involved in
the interaction process. Experimental results demonstrate the reliability of the proposed method
and its applicability to human-robot interaction scenarios. However, this approach requires not
only a costly and highly complex artificial skin, but the signal processing also features high
computational complexity.

Intuitively, the most natural way to obtain compliant whole-body behavior is to control the wheel
actuators on torque level. Indeed, there exist some works which embed platform torque control
in a compliant whole-body control framework. However, these approaches are mainly limited to
platforms featuring omnidirectional wheels. The works of Djebrani et al. [DBA12| and Holmberg
et al. [HKOO] can be mentioned as examples, as they apply mobile impedance techniques to robots
on holonomic platforms. Another compliant whole-body controller for a wheeled humanoid robot
in sloped terrains is proposed in [SPP13|. It is experimentally shown that the controller performs
decent in urban-like environments. In [Don+07], an adaptive trajectory tracking controller for a
redundantly-actuated omnidirectional mobile manipulator with uncertainties and disturbances
is proposed. Thereby, the manipulator joints as well as all platform actuators (steering and
propulsion) are controlled on torque level. While the proposed control law guarantees robustness
w.r.t. external disturbances in theory, the performance is validated only in simulation. Ren et al.
apply a passivity-based tracking control law to a holonomic, omnidirectional mobile platform,
adding an additional disturbance rejection term [RDM18|. The aforementioned approaches have
in common that the platform features special wheels (cf. omniwheels, powered castor wheels,...),
which are not suitable for planetary rovers, as their applicability is limited to even floors. Another
class of systems that can be applied in outdoor environments are differential-drive platforms
or skid-steer vehicles, where the steering of the platform is produced by a reverse rotation of
opposite wheel pairs. An example for a whole-body torque control concept for a differential-drive
WMM is [Xia+18|. Therein, a tracking control law combining fuzzy neural networks (FNN) and
an extended Kalman filter (EKF) is presented. The FNN is trained to generate a feed-forward
torque, while the EKF is used to sequentially update both the output weights and the centers of
the FNN.

From the review of the aforementioned publications, it can be noted that most robotic systems
have more actuated DOF than the dimension of the task space. This observation holds to a
special degree for mobile manipulators, which combine the DOF of the mobile platform and
the robot arm. Thus, adequate strategies for redundancy resolution are a necessary part of the
development of whole-body control concepts for these kind of robots. A detailed literature review
on redundancy resolution strategies goes beyond the scope of this thesis. However, the most
relevant approaches will be mentioned for the sake of completeness.

First, it is possible to use numerical optimization strategies in order to resolve the kinematic
redundancy of the manipulator. Many examples have already been mentioned in the preceding
review of whole-body control approaches for mobile manipulators. On the other hand, the concept
of null-space projection resolves the redundancy by performing additional tasks in the null space
of the main task, such that the main task is not disturbed by the null space task. Dietrich et al.
give an overview of the hierarchical implementation of several tasks via null space projectors in
[DOA15]. A formal proof of stability of the derived projected hierarchical impedance control is
given in [DOP18], using conditional stability theory. The concept is extended to tracking control in
[DO20; Wu+23]. In general, both resolving the redundancy via null-space projections and relying
on numerical optimization strategies results in non-integrability of the solution. Thus, these
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approaches do not guarantee cyclicity of the resulting trajectories.! To overcome this potential
drawback, a third class of redundancy resolution strategies is based on augmenting the task in
order to create an invertible task Jacobian matrix, as proposed in [Ser89).

1.3.3 Wheel-ground interaction

First, it has to be mentioned that a vast amount of literature is concerned with the wheel torque
control of vehicles in rough terrain. The works [Lam+04; ID04b; Yua+06; WA07; Kre+08; SSK17;
Hyo+19; BK20| can be mentioned as a small selection of examples. The main objective of these
works is the distribution of the platform actuation torques w.r.t. terrain-related criteria such as
the minimization of slip, the distribution of vertical contact forces, or the power consumption. In
general, the control domain that deals with the distribution of actuation inputs in over-actuated
system is called control allocation, see [JF13] for an overview. A discussion of topics like the
modeling of the wheel-terrain interaction (including the estimation of terrain parameters), and
traction control with particular attention to planetary exploration rovers can be found in the
monograph [ID04a|. However, none of these works applies the developed algorithms in the context
of whole-body control.

On the other hand, the topic of wheel-ground interaction on velocity level is of great interest for
actual space missions [Hev+13]. An overview of the state of the art, focusing on current and past
space missions, can be found in [GI18] and the references therein. It can be concluded that the
problem of slip estimation and compensation in planetary exploration is not yet solved, especially
using conventional, model-based methods.

The first question addressed in this thesis is how to estimate the slip on body level and
incorporate this information in the computation of the wheel odometry. The solution proposed
in Section 4.1 is based on a parameterized slip model as proposed by Seegmiller and Kelly in
[SK14|, combined with a calibration method that relies only on measurements of the start and
end position of a trajectory. The theoretical foundation of the method is laid in [See+13] and
[Kel04]. Of course, there exists other literature that deals with the improvement of the wheel
odometry. An augmentation of the planar 2D model to full three dimensions is treated e.g. by
[Tar+99; TMO7| or [SK14|. Information on the calibration of the wheel odometry is presented for
example in [OB04|. Helmick et al. describe a concept for sensor fusion and slip compensation
in [Hel4-05]. A Kalman filter is used to merge data from an Inertial Measurement Unit (IMU)
and visual odometry (VO) to obtain a pose estimation, which is then compared to a kinematic
rover model to determine the amount of slip. Another work that deals with slip detection and
estimation is [Oje+06], where the wheel slippage is estimated from motor current measurements.
However, the proposed slip correction method works only in the direction of motion, not laterally,
and requires information on the terrain. Note that slip estimation and correction is a topic which
is also important in other fields besides planetary robotics. An example from field robotics is
[Lin+02], where an observation model for odometric sensor data is used in the vehicle’s navigation
system. The proposed method relies on measurements obtained from torque sensors between the
wheels and their hubs to estimate the slip. Another important field for slip estimation is obviously
automotive research — although most methods from this area are not relevant in the context of
planetary exploration due to the different system characteristics (in contrast to the deformable
soils relevant in planetary exploration, the main source of slip in automotive applications are
highly dynamic maneuvers on paved roads).

When performing repetitive tasks, it is oftentimes desirable that the robot returns to the same configuration
after finishing the operation cycle. This property is called “cyclicity” of motion [Ser89].
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The final question is how to compensate slip in order to reduce tracking errors of the vehicle.
Therefore, a platform tracking controller which compensates slip on body level by means of a
deep neural network (DNN) is proposed in Section 4.2. A concise overview of related works
in the area of slip-compensated velocity control of planetary rovers is given in the following.
Ishigami et al. investigate path following control for a rover with independently steerable wheels
in [INYO06] and [INYO09]. The proposed feedback controller is independent of the terrain features
and soil parameters, and compensates for three types of slip, namely, the vehicle sideslip and
longitudinal /lateral wheel slip. Longitudinal and lateral slip on body level is estimated online in
[Li+14| based on the rover’s state information. However, the method is only validated in simulation.
Adding machine learning techniques to enhance the results of model-based slip estimation has
recently become a topic of increased interest. Adding a machine learning component to a model
predictive control (MPC) law has been mainly proposed in the context of autonomous racing cars,
as for example in [Kab-+19| or [RB20|. While these approaches are conceptually iteration-based,
a concept which is more suited for exploration scenarios was recently presented in [WFM23].
However, the algorithm presented in the present work excludes Gaussian processes and requires
a minimal amount of training data. A general overview of the variants of learning-based MPC
algorithms can be found in [Hew+20] and [Mes+22].

1.4 Contributions and outline

While the sections above give an overview of the literature in the field of compliant whole-body
control and slip consideration on body level, other relevant works are mentioned throughout the
work at several places. The review reveals the research gaps targeted in this work:

First, there is a lack of whole-body control algorithms which are tailored for planetary exploration
rovers. This particularly includes the use of wheel torque control in combination with a whole-body
control concept. Moreover, the problem of coordinating the steering wheels in a reactive way
together with a platform torque controller is not covered yet in the target context.

The compliant whole-body control approaches proposed in Chapter 3 provide a unique framework
for compliant whole-body control for planetary exploration rovers in contact with an unstructured
environment. Thereby, the platform can be controlled by distributing the wheel forces according
to a desired platform wrench. This concept is well-suited for local manipulation tasks, where the
inherent system redundancy can be used for compensating tracking errors due to unmodeled
wheel-ground interaction. The automatic generation of a desired steering configuration, which is
incorporated in the whole-body tracking controller in Section 3.3, enables the platform to react
to disturbances at the end effector while maintaining the active compliance properties which
can protect the rover hardware in case of obstacles. On the other hand, the platform tracking
performance can be enhanced by relying on the low-level platform velocity controller for tasks
which involve the traverse of longer areas in difficult terrain. In this way, the presented approach
can be used both for locomotion tasks as well as for local manipulation tasks, by switching
to the instantaneously convenient platform controller. Moreover, a two-phase approach for the
regulation of a static equilibrium at the end of the trajectory is presented, which exploits the model
structure in order to create an artificial holonomic subsystem. Finally, the passivity-based tracking
control law is formally analyzed by applying it to a holonomic robot arm, discussing relevant
properties regarding the convergence of the error states and the physical interpretation of the gains.
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The second research objective of this work concerns the treatment of slip with regard to the
platform velocity controller, as addressed in Chapter 4. Thereby, the research-driving questions
can be formulated as

How can slip be modeled and compensated without prior knowledge of the soil properties, using
only available on-board sensors and computationally lightweight algorithms? In which way can the
obtained slip estimate be used for crucial tasks like self localization and traction control?

The first contribution in this area is the combination of a parameterized slip model with a
calibration procedure from the literature. The resulting strategy for slip estimation is used within
the computation of the wheel odometry, as presented in Section 4.1. Thereby, the approaches
are adapted such that they meet the requirements of an autonomous robotic mission on a
foreign planet. An in-depth experimental evaluation of the performance of the selected method
is performed with data obtained at a Moon-analog test site, namely on Mt. Etna. The results
motivate the development of a slip compensation based on machine learning, which is presented in
Section 4.2. The developed modular approach is based on model-predictive control together with
a deep neural network. Thereby, the control architecture is designed to reduce the computational
complexity, which distinguishes the approach from current learning-based tracking controllers
which are developed e. g. in the context of automotive racing scenarios.

The overall contribution of this thesis is the coalescence of the areas of whole-body control and
wheel-ground interaction into a control framework, implemented and tested at two prototypical
planetary exploration rovers.

The structure of the thesis including the corresponding publications can be inspected in
Figure 1.1. Chapter 2 introduces the hardware design and software architecture of the LRU
prototypes in Section 2.1, followed by the derivation of a mathematical model of the system in
Section 2.2. In Chapter 3, two whole-body control approaches for wheeled mobile manipulators
are presented. In order to enable whole-body control on torque level, a platform torque interface
is created by distributing the actuation forces of the single wheels in Section 3.1. Building upon
this prerequisite, a whole-body impedance controller is developed in Section 3.2, which realizes
a virtual spring-damper behavior at the end effector while resolving the kinematic redundancy
via numerical optimization. In Section 3.3, the Cartesian impedance controller is extended to a
passivity-based whole-body trajectory tracking controller. The resulting control law implements a
compliant tracking behavior in joint space or task space, while the desired steering configuration
is computed along with a torque control law for the remaining actuators. A thorough theoretical
and practical analysis of the holonomic version of the passivity-based control law is performed in
Section 3.4, with special consideration of human-robot collaboration. Chapter 4 deals with the
problems which arise from an unmodeled contact between the wheels and the terrain. Therefore,
a parameterized slip model, which can be calibrated without relying on continuous ground-
truth position data, is presented in Section 4.1. Based on the findings from a Moon-analog test
campaign on Mt. Etna, a modular platform tracking controller is described in Section 4.2, which
combines a MPC with a DNN for the estimation of the unknown ground contact dynamics.
Finally, Chapter 5 discusses the results of the previous chapters. In Section 5.1, the control
approaches from Chapter 3 and 4 are evaluated in the context of a planetary exploration scenario.
Afterwards, Section 5.2 discusses the justification of the modeling assumptions, and Section 5.3
addresses the feasibility of the approaches in a real planetary exploration mission. Chapter 6
concludes the thesis and gives an outlook on future research topics.
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Several parts of this work have evolved from work that has been published before in international
journals and conferences. Figure 1.1 shows the structure of the thesis and the relations to the
respective publications. The main publications on which this thesis is based are?

e K. Bussmann, A. Dietrich, and C. Ott. “Whole-Body Impedance Control for a Planetary
Rover with Robotic Arm: Theory, Control Design, and Experimental Validation”. In:
Proceedings of the 2018 IEEFE International Conference on Robotics and Automation (ICRA).
Brisbane, QLD, May 2018, pp. 910-917

e K. Lakatos, D. Lakatos, P. Kotyczka, and A. Dietrich. “Passivity-Based Tracking Control of
a Planetary Rover with Robotic Arm”. In: IEEE Transactions on Field Robotics (2025).
(Accepted for publication.)

e K. Lakatos, D. Lakatos, X. Wu, P. Kotyczka, and A. Dietrich. “On Passivity-Based Trajectory
Tracking for Robotic Manipulators Combining PD+ and Slotine-Li Control”. In: at -
Automatisierungstechnik 72.12 (Dec. 2024), pp. 1195-1206,

which deal with the topic of whole-body control (see Chapter 3). Apart from these works, the
second group of publications deal with the interaction between the wheels and the terrain (cf.
Chapter 4), which includes

e K. Bussmann, L. Meyer, F. Steidle, and A. Wedler. “Slip Modeling and Estimation for a
Planetary Exploration Rover: Experimental Results from Mt. Etna”. In: Proceedings of
the 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS).
Madrid, Spain, Oct. 2018, pp. 2449-2456

e K. Lakatos, N. Baldauf, and A. Turnwald. “Towards Learning-Based Trajectory Tracking
Control for a Planetary Exploration Rover: Development and Testing”. In: Proceedings of
the 2024 International Conference on Space Robotics (iSpaRo). Luxembourg, June 2024,
pp- 299-306,

together with the follow-up publication

N. Baldauf, K. Lakatos, A. Meinert, and A. Turnwald. “Towards Learning-Based Trajectory
Tracking Control for a Planetary Exploration Rover: Adaptive Model Predictive Control”. In:

Proceedings of the 28th International Conference on System Theory, Control and Computing
(ICSTCC). Sinaia, Romania, Oct. 2024, pp. 1-6.

2Note that my last name changed from Bussmann to Lakatos in 2022.
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CHAPTER 2

System Model

In the following sections, the mechanical design of the rover prototypes is described. Afterwards,
a mathematical model of the system is deduced.

2.1 The Lightweight Rover Units: two prototypes of planetary
exploration rovers

The main goal of this thesis is to provide control concepts for wheeled mobile robots, suitable
for the use in planetary exploration scenarios. In particular, the work deals with the control of
two specimen of the DLR’s Lightweight Rover Unit (LRU). The two prototypical rovers LRU1
and LRU2 are shown in Figure 2.1, while performing typical mission tasks in a Moon-analog
environment.

2.1.1 Mechanical design

The first LRU was built at the DLR in 2014. The design was inspired by space concept studies
such as the Mobile Payload Element from [HMR+13]. A detailed overview of the mechanical
design is given in [Wed+15b|. The premise was to build a fast and versatile rover system, which
could drive in rough terrain such as Moon and Mars analog sites. A second prototype was build
a short time later, such that it was possible to differentiate the hardware and thus the skills in
the context of a planetary exploration mission. Thereby, the mechanical design of the chassis
was left almost identical. Figure 2.2 shows an excerpt of the platform hardware design. The
platform features four wheels with individual propulsion actuators located in the wheel hubs.
The axles of the respective steering actuators are located above the wheels, such that the offset
is only in z-direction and the wheel can be modeled as centered steering wheel. The two front
wheels and the two rear wheels are connected via stiff bogie axles. The rover body containing
the inertial measurement unit (IMU) is connected to the bogie axles with serial elastic actuators
(SEAs), which provide both passive and (if desired) active elastic suspension. A set of grayscale
narrow-angle stereo cameras (Guppy PRO F-125B) is mounted on a pole connected to a pan
and a tilt actuator and used for navigation purposes. The third, central camera can be used for
adding e. g. a color sensor or a zoom lens, depending on the mission task.
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a) LRU1 driving on volcanic terrain. b) LRU2 shoveling soil.
(©DLR/Oprean (©DLR/Oprean

Figure 2.1 The rover prototypes during the ARCHES analog mission on Mt. Etna in summer
2022, performing their typical tasks during a planetary exploration scenario. For details on the
ARCHES mission, refer to Appendix A.2.

The wheel design combines the advantages of both wide and narrow wheel types by combining
a central rigid ring with a flexible metal surface. Thus, the contact geometry and the rolling
resistance of the wheel is adjusted depending on the type of surface. The wheels can be equipped
with different kind of elastic spokes, see Figure 2.3. While the wheels of LRU2 are equipped with
12 simple bended blade springs, the wheels of LRU1 feature three laser-sintered titan spokes,
which have been numerically optimized with regard to the force distribution while maintaining
radial elasticity.

All wheel actuators and the bogie actuators utilize RoboDrive® ILM38 BLDC drive trains
with Harmonic Drive® HFUC11-100 gears, with 5 Nm nominal output torque. The pan and tilt
actuators are the smaller ILM25 drive units with only 2.4 Nm nominal output torque after the
gear. The low-level motor control functionality is provided by commercial ElImo® motor control
units, connected to the platform controller via EtherCAT® with 1kHz cycle time. The steering
actuators as well as the pan and tilt actuators are operated using the low-level position controllers.
The wheel propulsion actuators as well as the bogie actuators can be used both in velocity control
mode and in torque control mode. However, as no torque sensors are integrated in the drive units,
scaled measurements of the motor current are used instead of torque measurements, which limits
the performance of the low-level torque controllers.

In order to differentiate the skills which the two rover prototypes can contribute to a space
mission, different mechanical features and instruments were added to the platform prototypes.
Table 2.1 gives an overview of the differences. LRU1 is equipped with a scientific camera head
called ScienceCam, see Figure 2.1 a). Therefore, it can be used for the exploration and mapping
of previously unknown terrain. The ScienceCam was first introduced in [Wed+17], technical
details are given in [Sch+20]. It contains an infrared camera, a narrow-angle camera and a pair of
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Figure 2.2 Top and side view on the LRU platform. All dimensions are given in mm. Adapted
from [Wed+15a.

Feature LRU1 LRU2

Mechanical design ScienceCam Jaco2 robot arm
(spectral and thermal cameras)

Wheel design 3 x laser sinter titan spokes 12 x blade springs spokes

Actuated DOF 12 12 + 6

Table 2.1 Distinctive features of the two rover prototypes.

stereo cameras with spectral filter wheels. Thus, regions or objects of interest such as geologically
interesting stones can be identified and visually analyzed.

In contrast, LRU2 (see Figure 2.1 b)) carries a 6-DOF robotic manipulator in order to perform
manipulation tasks as picking and returning geological samples like stones and sand, or operating
additional scientific instruments. The robotic arm is a commercially available Jaco2 by Kinova™.
It was built as a robotic assistant, and is mainly supposed to be mounted on an electric wheelchair.
According to the data sheet, the total weight of the Jaco2 is 5.3 kg (in the original configuration
with the three-fingered hand) and has a maximum reach of 90 cm. The maximum payload is given
as 2.5 kg mid-range and 1.5 kg in full extension. In the course of the ROBEX space analog mission
(see Appendix A.2), the hand with the three fingers was removed and replaced with the custom
ENVICON docking interface. The docking interface complies with corresponding adapters at the
scientific instruments and payload boxes, and is a key element in the manipulation of different
payload systems during a range of planetary exploration mission scenarios. A detailed description
of the design and the docking process can be found in [Leh-+18]. Later, a revised version of the
docking interface featuring also a fully developed electrical interface was used in the ARCHES
space analog mission, see [Leh+23| for details.

A detailed description of the LRU2 can be found in [Sch+16] and [Sch+-19]. The works highlight
the skills of the rover in the context of the national robotics contest SpaceBotCamp Challenge,
which took place in 2015 in Cologne and focused on autonomous planetary exploration and
manipulation.
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Figure 2.3 Possible spoke configurations. Left image: Example spoke configurations. Right upper
image: Spoke configuration at LRU1 (three laser sintered titan spokes). Right lower image: Spoke
configuration at LRU2 (12 blade springs). Images adapted from [Wed+15b].

2.1.2 Software architecture

Due to the need for autonomy in planetary exploration, the computational setup of the LRUs
allows to run all relevant software components on board. Therefore, both LRUs share a common
computer and software infrastructure, which is depicted in Figure 2.4. Most software components
are not required to run in real time. These components are build upon the well-known Robot
Operating System (ROS) and run on the powerful main on-board computer (OBC). At the
moment, the OBC is a 9th generation Core i7 mobile processor (featuring efficient mechanisms
for throttling CPU power). The software running on the main computer can be summarized in
the categories perception, navigation, search and exploration, and manipulation. A more detailed
description of the high-level software architecture can be found in [Sch+19|. Additionally, an
Spartan 6 LX75 FPGA extension board is used to perform extensive on-board image processing
(dense stereo matching). The extension board as well as the Xsens MTi-10 IMU and cameras
are physically connected to the OBC. A separate real-time computer (RTC) is used to run the
control algorithms for platform and manipulator. Currently, the RT'C is an UP Squared with an
Intel® Atom™ processor and a real-time Linux operating system. It is used to run the EtherCAT
master software, which sends motor commands to the platform actuators. At LRU2, the real-time
computer is additionally used to compute and send motor commands for the Jaco2 arm to a
separate BeagleBone Black computer, which is used to interface the motors of the Jaco2 arm via
RS485.

The inter-host communication between OBC and RTC is performed using the middleware Links
and Nodes (LN) [Sch20], which was developed at DLR to create and manage flexible distributed
real-time systems, in particular embedded robotic systems. Moreover, the LN process manager is
used to handle all processes and their dependencies which are running together in the course of a
so-called mission. The sequence of actions performed by (multiple) robotic systems with the goal
of fulfilling dedicated tasks is controlled by hierarchical state machines. The sequential control
system is implemented in the open source framework RAFCON (“RMC advanced flow control”)
[Ger25]|, which was developed at DLR and introduced in [Bru+16].
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Figure 2.4 Overview of the computer and software structure of the LRU rovers. Adapted from
[Sch+-19].

Jaco motors

2.1.3 Modeling assumptions

Developing control concepts for the LRUs requires mathematical modeling of the rover as a
dynamic system. Different kinematic and dynamic models are utilized for the different control
approaches. The relatively simple standard controller running at the platform during pure driving
operations uses a simple kinematic model of the platform, while the basic arm controllers rely on a
standalone dynamic model for arm. Beyond these smaller models, the development of whole-body
control approaches requires a dynamic model of the full WMM. The mathematical modeling is
described in Section 2.2. Thereby, all equations of the platform and the arm are derived using a
set of assumptions. The most important assumptions include

Assumption 1. All motors are ideal torque sources.
Assumption 2. The links and the joints of the robot can be considered as rigid.

Assumption 3. The dynamics of the position-controlled steering actuators is sufficiently fast,
such that the steering dynamics can be neglected.

Assumption 4 (for the nominal platform model). The contact between wheels and ground can be
modeled as perfect point contact.

On the other hand, the following limitations apply in practice (the list is not exhaustive):

e The actuator inputs are limited. The values of the actuator limits are given in Table 2.2.
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Chapter 2 System Model

Limit ‘ Wheel Propulsion Steering Arm Joints (1,...,6)
Position in ° (lower/upper) - +150 (-, 50/310, 19/341, —, —, )
Velocity in °/s +360 +80 +(54, 84, 54, 108, 108, 108)
Torque in Nm (max. peak) +25 - +(29, 55, 29, 15.7, 15.7, 15.7)

Table 2.2 LRU1 and LRU2 actuator limits

e Both platform and arm are constructed to be lightweight, thus using flexible structures and
materials.

e There are no torque sensors mounted at the wheel hubs, the low-level wheel torque controllers
use scaled measurements of the motor current instead.

e During driving, energy is lost, among others due to deformation of the wheel structure
(spokes, wheel surface) and deformation of the soil (digging). Wheel-ground contact forces
are neither known nor compensated in practice.

The justification of the modeling assumptions w.r.t. the presented control approaches is discussed
in Chapter 5, with regard to the experimental results that are presented throughout Chapter 3
and Chapter 4.

2.1.4 Control architecture

A simplified sketch of the control architecture is shown in Figure 2.5, neglecting the feedback of
telemetry data to the components on the upper layers. The platform and arm controllers running
on the RTC receive commands from the planning layer located at the OBC. From this input,
commands for the low-level controllers are computed.

In the basic setup (which is commonly used in advanced mission scenarios), the planning, control
and hardware components are divided into platform control and arm control. The platform control
pipeline includes the high-level path planning component, which sends platform velocity commands
to the platform controller. From this input, actuator commands (i. e., steering angles and wheel
velocities) are generated and passed to the low-level motor controllers.! The computation of
the wheel actuator commands is based on a forward kinematics mapping from the desired body
velocity to the respective wheel velocity and steering position commands, which is sometimes
referred to as Ackermann steering and described in Section 2.2.1.

Remark 1. As mentioned before, the velocity of the steering actuators is limited to 80°/s on the
LRUs (cf. Table 2.2). This means that the desired steering values obtained from the platform
controller cannot always be achieved immediately. In this case, the corresponding wheel torque
(or velocity) commands are set to zero by the low-level controllers until the steering configuration
is consistent again. In this way, undesired skidding and slipping is avoided, at the cost of violating
the assumption of a perfect steering controller.

In the nominal control setup, the arm joints are kept at a constant position while the platform
approaches its goal. Then, a manipulation sequence is performed using one or more of the control
modes provided by the Manipulator control module. The available control modes are Joint
Position Control, Joint Impedance Control, Cartesian Position Control, Cartesian Impedance

! Additionally, position commands for the pan and tilt actuators are sent in order to adjust the camera position.
The bogie actuators can either be used to keep the body aligned to the gravity, or keep a desired constant
angle between body and bogie axles. Another possibility is to use the bogie actuators to distribute the vertical
wheel forces, as explored in the Master’s thesis of Tobias Kindsmiiller [Kin17]. However, the control of the
pan-tilt and bogie actuators is not in the scope of this work.
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Figure 2.5 A simplified top-down view on the controller structure at the LRU. The planning
components are running on the OBC. The RTC receives desired values for the platform velocity
and the manipulator joint angles, or the pose of the end effector. Then, the control modules for
platform and manipulator compute command values for the respective low-level controllers. Blue
lines and variables indicate the additional components required for whole-body control.

Control. Usually, the position control modes are used for free motions of the manipulator, as they
provide decent positioning accuracy. On the contrary, the impedance control modes provide a
well-defined contact behavior and are thus utilized whenever the manipulator interacts with the
environment. The resulting low-level actuator commands are finally passed to the hardware.

This basic setup is used most of the times when performing long and complex missions. Thereby,
the separated platform and arm motions are coordinated via state machines. An example of
such a complex mission task is the performance of seismic measurements on Mt. Etna, which is
detailed from the mission control perspective in [Bru+18].

However, the use of whole-body control algorithms is a promising perspective for planetary
exploration missions, especially in regard of more complex manipulation tasks. Thus, the
basic control setup can be extended to a whole-body controller by adding components to and
communication between the platform controller and the arm controller. First, a torque interface
is added to the platform controller, which distributes a desired wrench at the platform center
to the wheel torque actuators, using a force equilibrium at the platform center as described in
Section 2.2.1. The distribution of the wheel forces is the topic of Section 3.1. Then, using the
platform torque interface, torque-based whole-body control algorithms can be integrated into
the manipulator control module as shown in Section 3.2 and Section 3.3. Thereby, the platform
controller provides the interface to the wheel actuators, and exchanges telemetry and commands
with the whole-body controller.
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Chapter 2 System Model

It must be mentioned that the whole-body control approaches developed in the course of this
work have been validated experimentally using custom-generated trajectories. In particular, this
means that the whole-body controllers together with a whole-body trajectory planner have not
been integrated in the high-level mission framework yet, which is indicated by the dashed line
surrounding the whole-body trajectory planning component in Figure 2.5. This is a topic of future
work for the LRUs and their successor systems.

2.1.5 Measurement methods

Both the implementation and execution of control algorithms and their experimental evaluation
require measurements of suitable internal or external sensors. The most important are explained
in the following.

Ground-truth position measurements

Tracking

markers

a) Mounting of the tracking markers. b) Mounting of the DGPS antenna.

Figure 2.6 Mounting of the tracking markers and the DGPS antenna for ground-truth position
measurements at the LRU1.

When performing experiments in the indoor laboratories at the DLR, ground truth position
data can be obtained by using a tacking system. In particular, the Planetary Exzploration Lab
(PEL) features an ART-Track 2 tracking system, while in the mobile lab, a VICON tracking
system is available. Both tracking systems feature of a set of cameras mounted on the ceiling,
which track artificial markers in the infrared spectrum. The markers consist of a number small
retro-reflective balls in a unique configuration, which can be identified and tracked in 6 dimensions
(full 3D position and orientation). The LRUs are tracked using rigidly mounted markers at the
rover’s neck as indicated in Figure 2.6 a). The tracking frequency in the PEL is 60 Hz and covers
an area of approx. 10m x 5m, while the VICON system in the mobile lab is capable of up to
250 Hz and covers around 6.5m x 11m.

For outdoor experiments as during the test campaigns on Mt. Etna, a Differential GPS (DGPS)
receiver was mounted on each of the LRU robots. Figure 2.6 b) shows the DGPS antenna mounted
on LRU1 during the ROBEX mission. As the accuracy of the obtained position measurements
depends on several factors such as e. g. the number of satellites in direct line of sight and the
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placement of the antenna w.r.t. electromagnetic interference, it varies up to approx. 10cm.
However, as the DGPS position data is only used for evaluating the performance of the wheel
odometry computations in Chapter 4 and the self localization of the rover, the accuracy is
considered sufficient.? In contrast to the tracking system, DGPS measurements only comprise 3D
position measurements (no orientation).

On-board measurements

The joints of the robot arm deliver measurements of their position, velocity and torque at every
millisecond. From the position measurements of the arm joints, it is possible to compute the
position of the end effector using the forward kinematics (assuming rigid links and joints). The
platform actuators send measurements of their position, velocity and motor current in each
cycle. It is possible to compute an estimation of the velocity of the platform center, the body
velocity, from measurements of the single wheel velocities and the steering angles in terms of
their kinematic relationship. This measurement of the body velocity by an inverse kinematics
mapping is called wheel odometry. The kinematic relationships of the platform are elaborated in
the following section.

Transforming the wheel odometry to a fixed frame, it is possible to integrate the (inertial)
velocity of the platform w.r. t. time, which yields an estimation of the platform position (obtained
from measurements of the wheel velocities). For motions in sloped terrain, it is also possible to
incorporate measurements of the body angle (IMU and bogie positions) into the computation,
and thus obtain a 3D wheel odometry. The implementation of the 3D wheel odometry was part of
the Master’s Thesis of Lukas Meyer [Mey17], which was performed in the context of the ROBEX
space-analog mission and pursued the goal of improving the wheel odometry measurements on
Mt. Etna. For details on the 3D wheel odometry and other steps that were undertaken to elaborate
the wheel odometry, the reader is referred to the mentioned thesis and the resulting publication
|[Bus+18], which corresponds substantially to Section 4.1 of this thesis.

The wheel velocity measurements can be fused with IMU measurements and visual odometry
using an extended Kalman filter (EKF). The algoritm is introduced in [Sch+12]. The resulting
pose estimation w.r.t. a map of the environment is referred to as self localization of the platform.
It is computed on the OBC.

Finally, the position of the end effector of the mobile manipulator can be obtained by starting at
the absolute position of the platform (either ground truth position measurement, self localization
or integrated wheel odometry) and extending the kinematic chain with the forward kinematics
computation of the robot arm.

2.2 Mathematical modeling

In the following, the mathematical modeling of both the nonholonomic mobile platform and the
serial robotic arm are introduced. Then, a combined model of the complete system is deduced.
Basic definitions of the rank of a matrix as well as the null space and range space can be found in
Appendix A.1.5.

2.2.1 Mathematical modeling of a wheeled platform

A simple model of the mobile platform on a planar surface is described in the following. It is
used in the basic controllers running at the LRUs, and it is incorporated in the derivation of the

2A detailed analysis of the pose estimation is performed in [Vay-+18|, using data from long-range runs of several
hundred meters.
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equations of motion of the complete WMM. Thereby, perfect wheel-ground contact is assumed,
which means that one single contact point per wheel is considered, neglecting the relative motion
between wheel and underground (wheel slip) and soil deformation (perfect force transmission).
Figure 2.7 shows the used variables and their kinematic relationships.

Kinematic relations of the mobile platform

First, the forward kinematics equations of the platform are derived (for reference see Figure 2.7 a)).
The position of the platform center in the inertial frame (X,Y) is given as

x
e= (0] (2.1)
0
The platform features ny, = 4 independent, centered steering wheels, and ¢ € R™ combines
the individual steering angles ¢; for i =1,...,ny. The distances of the i-th steering axis
from the platform center in the local (z,y)-frame (also called body frame) are denoted by
lpislyi, ©=1,...,ny. The rover velocity in the body frame is
(%"
Vplf = Vy (2.2)
w

and can be derived as
Vplf = Rz(e)Tga (23)

with the rotation matrix

cos(f) —sin(f) O
R.(0)= | sin(f#) cos(d) O] . (2.4)
0 0 1

The translational velocity of the i-th wheel center is given by
Vw,i = TwWw,i (25>

with ry, denoting the radius of the wheel and wy, ; its rotational velocity. Splitting the wheel
velocities vy ; into their local z- and y-components, the respective component can be derived
w.r.t. the body velocity as

Uz = Vw,i COS(Q5) = Uy — lyjw,

Uy = Uy ;isin(@;) = vy + Iy iw.

(2.6)

Using this relation, the steering angles and the wheel velocities can be computed from the body
velocity as

p; = arctan <Uyl) ) (2.7)

Ve,i

_ 2 2
Vyi = Vi T Uy
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>

a) Kinematic relations of the mobile platform.

A fw,l

fW,Q

—>
Ox X

b) Force equilibrium of the mobile platform assuming perfect wheel-ground contact.

Figure 2.7 Platform velocity and torque mappings. The left superscript 0 indicates that a
variable is expressed in the inertial frame (X,Y"), while a left superscript b indicates the local
(body) frame (z,y).
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Finally, the inverse kinematic relation between the measured wheel velocities v; and the steering
angles ¢; is stacked to

Vg,1 1 0 ly’l

Uy,l 01 lx71

Vg,2 1 0 —ly’g v

Uy72 _ 01 lx72 Um (2 9)
Vg,3 1 0 —ly’g (j '
Vy,3 0 1 1%3

Vg4 1 0 —lya

Uy74 0 1 1114

The result (2.9) can then be pseudo-inverted in order to obtain an estimation of the platform
velocity vpir, which is called the wheel odometry.

Modeling of a constraint-consistent steering configuration

Assuming perfect wheel ground contact, the motion of each wheel on the planar surface is
restricted to rolling, while lateral slipping is not possible. This fact can be modeled by the Pfaffian
constraint

(%

(—sin(p;) cos(pi) laicos(p;) + lyisin(e;)) | vy | = ai(p)R.(0)TE=0. (2.10)

oip;)
The constraints are non-integrable, as there does not exist a function h : R* — R such that

. Ooh -
ai(p)R.(0)Té=0 < % =0. (2.11)
Thus, the constraints are called nonholonomic. Stacking all the ny, row vectors a;(;) to a matrix
A(p) € R™>3 yields the nonholonomic constraint equation

A(«p)vplf =0. (2.12)

For arbitrary values of the steering angles, rank(A) < 3. For rank(A) = 3, from (2.12) directly
follows that vy = 0, which means that no planar motion is possible. Thus, the wheels have to be
oriented properly, such that rank(A) < 2. Geometrically, this condition can be interpreted as the
existance of an instantaneous center of rotation (ICR) at each time instant (the position of the
ICR w.r.t. the rover frame may vary with time). This fact is illustrated in Figure 2.7 a). It means
that at every instant, the velocity of any point on the rigid platform must be orthogonal to the
straight line joining this point and the ICR. This particularly implies that the horizontal rotation
axles of all the wheels must be concurrent at the ICR in order to allow a platform motion which
is consistent with the constraints (2.12). In [CBD96|, the degree of steerability r of a mobile robot
is defined as the number of centered steering wheels that can be oriented independently in order
to steer the robot. In the case of a platform with ny > 2 independent centered steering wheels,
r = 2 holds. This means that the angles of two arbitrary steering wheels define the position of
the ICR, and the other wheels are oriented accordingly such that rank(A) = r = 2. In this case,
an instantaneously feasible velocity v € R3™" exists, which lies in the null space of A.

If all wheels are oriented properly such that rank(A) = r, it is possible to represent the steering
configuration ¢ € R™ by a minimal set of kinematic parameters ¢(p) € R", and perform a
velocity transformation

VUplf = E(Q’))I/ (2.13)
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with a full-rank matrix 3 € R3*3-7) gatisfying AX = 0. Then, v is the instantaneously feasible
velocity w.r.t. the steering configuration ¢.

Note that the mapping ¥ : vpir — (¢, V) is not unique. Several possibilities have been considered
in literature, see e.g. [CBD96|, [Con+08]. However, the following choice of (¢, v) is considered
for the whole-body control approaches developed in Chapter 3:

Vg cos(f)
vy | = | sin(B) | v, (2.14)
w K

where x denotes the curvature and (3 is the lateral driving angle, see Figure 2.7 a). In this case, the
kinematic configuration is parameterized by ¢ = (5, ), and v equals the translational velocity
tangential to the path of the platform. Note that the mapping W is 1: 1, and can be locally
inverted according to

v =1t,/vZ+v]
Yy
B = arctan o (2.15)
x
w
K= —
v

Obviously, singularities occur at v, = v, = 0.

From (2.6) and (2.14), the steering angles and wheel velocities can be computed w.r.t. given
values of k, § and v as

o ()
v i(b,1) = 01/ (5In(B) + Ly i#)? + (cos(B) — Ly im)? (2.17)

fori=1,...,4.

Mapping from the body wrench to the wheel torques

The torque equilibrium at the center of the platform in the local rover frame (z,y) (indicated by
the left-superscipt b for “body frame”) can be established as

Fx ZZ Fx,i

By ) = A > Fyi =

M, > i (= Fuilyi + Fyile i)
——

prlf

2.18
cos(p1) cos(p2) cos(ps) cos(pa) ;W»; (2.18)

= | sin(p1) sin(p2) sin(ps) sin(pq) fus |

Aq A Aj Ay f
w,4
B(y) f"
with
Ay = —lyicos(p;) +lpisin(p;), i=1,...,4, (2.19)
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see Figure 2.7 b). Note that the platform wrench generated by the four wheel forces is arbitrary
in general. However, only the part of the wrench which lies in the null space of the nonholonomic
constraints leads to a platform motion. The remaining part of the platform wrench lies in the
range space of the constraint matrix and leads to internal tensions.? One possibility to distinguish
between the components of the platform wrench is via orthogonal projection in the null space of
the constraint Jacobian matrix [Agh05]:

ot = Ty + T (2.20)
Ty)lf = NABF,, (2.21)
Tglf = (I — N;)BF,,. (2.22)

with T ot denoting the “acting” part of the platform wrench, and ’T;‘lf being the “passive” part
leading to internal tensions. The null space projector INa can be computed for example using the
relation

Ny=I-ATA, (2.23)

with AT denoting the Moore-Penrose pseudoinverse of the (rank-deficient) matrix A [Agh05].%
From (2.21)—(2.22) and (2.12) then follows that

T T T L
/vplle‘)lf = 'UplfT and vplprlf = 0 . (224)
Another possibility to eliminate the passive part of the platform wrench from the dynamic
equations is to write the dynamic equations in terms of the constraint-consistent velocities from
(2.13), which is shown in Section 2.2.3.

2.2.2 Dynamic equations of a serial robotic arm

A serial robotic arm with ny, joint angles n € @ C R™ can be modeled by a set of nonlinear,
second-order, ordinary differential equations, called the equations of motion (EOM) or the rigid-
body dynamics equations of the robot. Thereby, Q describes the admissible joint angles in a subset
of [—m, ) each, given by the operation limits of the robot. The EOM can be derived in different
ways, for example by using Lagrange’s equations or the Newton-Euler formalism (a detailed
derivation of the EOM of an open-chain manipulator can be found e.g. in [MLS94, pp. 169ff.]).
They can be written as

M (1)) + Cn (0, )N + g (M) = Tun + Tanjext - (2.25)
The following well-known properties hold:

1. The inertia matrix My (n) € R™*™= is symmetric positive definite (also written as s.p.d.
or My, (n) > 0) [MLS94, p.171] and uniformly bounded [GSS98|.

2. The effect of Coriolis and centrifugal forces can be written as Cy(n,7n)n. The choice of
Ci(n,7m) € R™*™ ig not unique. However, it can be chosen such that M, =Cy+ C’g, or
M,, — 2C,, is skew-symmetric, respectively [MLS94, p. 171]. This property of the Coriolis
matrix can be utilized to show passivity of (2.25) w.r.t. the power port (7, Tm), using the
kinetic and potential energy $n7 M, (n)n + Vy(n) as storage function (Vi(n) denotes the

gravity potential).

3For a mathematical definition of the null space and the range space of a matrix, refer to Appendix A.1.5.

4A definition of the Moore-Penrose pseudoinverse and its computation in terms of the singular value decomposition
of A is shown in Appendix A.1.7. For alternative methods for the computation of N based on the singular
value decomposition of A, see Appendix A.1.6.
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Gravitational forces can be derived as g(n) = (0Vg(n)/0n)T € R™. The considered robot features
a torque interface in each joint and is assumed to be fully actuated through 7, € R™. External
torques are denoted by Ty ext € R™™.

2.2.3 Combined dynamic equations of a wheeled mobile manipulator

YA >\
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a) Rover variables in an inertial coordinate system. b) Steering configuration.

Figure 2.8 Sketch of the rover. The steering parameterization can be modeled using the lateral
steering angle 8 and the curvature k, alternatively the Cartesian coordinates of the ICR.

Figure 2.8 a) shows the kinematic structure of the LRU2, which comprises a robotic arm mounted
on a mobile platform. The combined system coordinates are chosen as q = (ST 7T € R" with
n = 3 + ny. The steering actuators are controlled on position level, and it is assumed that the
dynamics of the low-level steering controllers can be neglected compared to the dynamics of
the torque-controlled actuators. The steering parameters are then incorporated in the system
equations as kinematic parameters instead of state variables. Using this simplification, the EOM
of the system can be written as

M(q)q+C(q,q)q+39(q) + Alq, #)" A = T + Tei (2.26)
A(g,9)q =0, (2.27)

where again M (q) € R™ ™ is the symmetric, positive definite inertia matrix, C(q, g)g € R™ mod-
els centrifugal /Coriolis torques, and g(g) € R™ accounts for gravitational effects. The generalized
forces acting on the system due to actuation are denoted by 7 € R™. They can be written as

-_ (:;::) _ (Rz(e)gB(@ g) (7)1:) ’ (2.28)
——

B(q,9) u

where u € R™ ™ are the actuator forces and B(q, ¢) € R"™*(mwtnm) maps the actuator forces
to generalized forces acting on q. Additionally, generalized external forces Text € R™ may be
present.

As the robot arm is holonomic, the constraint equation (2.27) can be written out as

Alq. $)q = (A(D)R.(6) 0) (f?) —o. (2.20)
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The constraint forces corresponding to (2.27) have to be added to (2.26) as A(q, ¢)T X. Thereby,
the Lagrangian multipliers A € R™ can be interpreted as reaction forces orthogonal to the
feasible motion directions, which prevent a motion of the system in directions which would violate
the constraints. The constraint forces can be eliminated by transforming the velocities to an
instantaneously feasible subset v € R™™" as proposed before:

q=15(q,¢)v, (2.30)

such that A(g, ®)S(q,®) = 0, introducing the full-rank matrix

S(q,¢) = (Rz(ez)z(d’) 2) e R (2.31)

Then, (2.26) can be transformed to

M(q, ¢)o + C(q,v, ¢, d)v + g(q. ¢) = B(q, d)u + Text (2.32)
with
M(q,¢) = S(a,$)" M(q)S(q, ),
C(q,v,¢,9) = S(q,$)" M(q)S(q,q,¢,¢) + S(a,$)"C(q.q)S(qa,¢)
9(q,®) = S(q,¢)"g(q), (2.33)
B(q,$) = S(q,¢)"B(q, ¢),
Text(‘]a ¢) = S(Q7 ¢)T7iext

It can easily be verified that the properties M > 0 and the skew-symmetry of M — 2C hold for
(2.33). Further, in [GSS98] it is shown that M(q, ¢) is uniformly bounded in g. The boundedness
of M(q,®) w.r.t. ¢ depends on the particular choice of ¢.

Summarized, (2.30) and (2.32) form a state-space model which can be used for the design of
whole-body control laws:

q=5(q, P)v (2:34)
M(q, )0 + C(q,v,¢,0)v+g(q, ¢) = T + Text(q, 9) , (2.35)

with 7 = B(q, ¢)u. Thereby, (2.34) models the kinematic properties of the platform, and is
therefore referred to as kinematic subsystem. On the other hand, (2.35) models the dynamics of
the combined mobile robot, and is thus called dynamic subsystem.

Remark 2. Writing (2.34)—(2.35) in the generic form of a state-space model 2 = f(z) + g(z)u
with the state z € R?*~ ") = (g7 vT)7, one can immediately see that

D= Spa‘n{fa gi5--- 7gn—'r} (236)

does not map onto R?"~" (i.e. dim D < 2n —r), as the column dimension of S(q, ¢) is only n — 7.
Thus, the system does not fulfill Brockett’s third necessary condition [Bro+83] (cf. Theorem 2,
Appendix A.1.3). This means that it is not possible to stabilize an equilibrium point 2§ = (gg, 0)

asymptotically by smooth time-invariant state feedback. This well-known result is e. g. stated in
[CBDY6|.
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2.2.4 Definition of the task space

Most of the times, the control objective involves a specified motion of the end effector, given
e.g. in Cartesian coordinates. A convenient way to introduce the coordinates of the end effector
into the respective control law is by defining the task space coordinates x(q) € R™. In particular,
m = 6 if the task space equals the Cartesian pose of the end effector. The transformation between
n joint-space velocities ¢ and m task velocities @ can be written as

& =J(q)q (2.37)

with the task Jacobian matrix

J(q) = 6??- (2.38)

Conversely, a Cartesian wrench F' € RS at the end effector can be derived from the actuator
torques as

P J(q)TF, (2.39)
which is a direct result of the conservation of power between joint space and task space:

gd'r=a"F. (2.40)
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CHAPTER 3

Whole-Body Control

The main research question addressed in this thesis is how to operate a WMR for manipulation
tasks, utilizing the complete workspace of holonomic arm and mobile platform. Thereby, the
robot must be able to interact with previously unknown environments, including physical contact
situations. This applies both for industrial human-robot collaboration and for planetary exploration
scenarios, where robots are used for tasks which need a well-defined contact behavior. One example
is the laser-induced breakdown spectroscopy, which was performed on Mt. Etna using the LRU2
[Leh-+23]. Impedance-based control approaches are widely used in this context, as they are
particularly suited for physical contact situations. In general, the concept of passivity-based
control shapes the energy of the closed-loop system such that a desired equilibrium is stabilized,
maintaining the inherent passivity of the robot dynamics.

While an exhaustive amount of literature exists concerning the passivity-based control of
holonomic robot arms, the concept is not so common in the context of mobile robots, as
mobile platforms are oftentimes controlled on velocity level. To overcome these limitations, a
platform torque interface is developed in Section 3.1 by an optimization-based distribution of
the wheel propulsion torques. Based on the platform torque interface, a whole-body impedance
controller is then presented in Section 3.2. Thereby, quadratic optimization is used to cope with
kinematic redundancy and actuator limitations. However, the approach assumes a constant steering
configuration, which predestines the whole-body impedance controller for local manipulation
tasks. Consequently, the next step is to incorporate a steering control law in the impedance-based
control concept, which leads to the whole-body trajectory tracking control law presented in
Section 3.3. Some interesting properties of the resulting control law are then analyzed (considering
the simplified case of a holonomic robot arm) in Section 3.4.

3.1 Platform torque control

In order to create a physically compliant control law for the complete system (2.34)—(2.35), it is
inevitable to actuate the wheels on torque level. This means creating a resulting wrench acting
on the platform center by coordinating the steering angles and distributing the wheel propulsion
torques. Thus, the first step towards whole-body control is the implementation of a torque
interface for the platform, such that high-level control approaches can interface the platform
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subsystem via a wrench acting on the platform coordinates £€.! The question how to distribute
forces and torques in over-actuated mechanical systems with a redundant set of actuators is a
well-established research field in platform motion control, called control allocation. An overview
of existing methods and approaches can be found in [JF13].

3.1.1 Optimization-based distribution of the wheel forces

One possibility to create a generalized platform torque interface for an arbitrary commanded
wrench is to utilize the orthogonal projection approach from Section 2.2.1. Recall that the acting
platform wrench is

Tglf - NABfW ) (31)
while
T = (I — Na)Bf,, (3.2)

is the passive part of the platform wrench which does not contribute to the platform motion.
Consequently, the complete wrench acting on the platform is the sum of the acting and the
passive wrench:

I L
Tplf = Tpif T Tplf - (3.3)

Obviously, the platform is redundantly actuated, ny = 4 actuation torques map to a three-
dimensional wrench. A possible solution for solving (3.1) for the wheel forces f, is to use a
generalized inverse of INpB. However, as the achievable actuator torques are limited in practice,
it is advantageous to formulate a quadratic optimization problem

fy = argmin ( fTfow + ngQll;plf + Tplf Qﬂ~'p1f> (3.4)
st NaBfy = Thirdes = Tpit (3.5)

~1
(I — NA)Bf,, — plf des = Tplf
fw,min < fw < -fw,max’

with Q; € R**4 is the input weighting matrix, @, € R3*3 weights the error between the
commanded and the resulting active platform wrench, and Q, € R3*3 is a weighting matrix for
the inactive actuation torques. In this way, it is possible to weight the acting input wrench
separately to the passive input wrench. It is also possible to chose Télf’des = 0 instead of
’Téfydes = (I — NA)Tplfdes in order to minimize the amount of internal forces acting on the
platform structure. Indeed, adding more constraints to (3.5)—(3.7) is straightforward, for example
limits on the permitted wheel force related to the terrain friction properties as proposed in
[ID04b|. The optimization problem can be solved by using a realtime-capable solver for quadratic
problems. One example is the open-source software package qpOASES [Fer+14], which implements
a parametric active set method for solving convex quadratic programming (QP) problems and for
computing critical points of non-convex QP problems in C++, providing customizable interfaces
to Matlab, Simulink and Python (among others). The algorithm is described in detail in [FBDOS].

LParts of the theory as well as the experimental results of Section 3.1 and Section 3.2 have been published in
[BDO18].
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3.1 Platform torque control

Remark 3. Instead of separately weighting the active and passive platform wrench, a simplified
version of (3.4)—(3.7) can be implemented as

1 1
o= agmin (37101, + ye' Que (3.5)
s. t. Bfw — Tplf,des — € (39>
fw,min < .fw < fw,max . (310)

In this way, the sum of the acting platform wrench and the passive platform wrench is weighted
with a single matrix Q, € R3*3. By choosing the desired platform wrench such that TIJ)‘E des = 0,
the passive platform wrench is automatically minimized in (3.8)—(3.10).

Remark 4. Instead of dividing the platform wrench in its acting and passive part, another
possibility is to directly use the reduced platform wrench Toie € R3~" for optimizing the wheel
propulsion torques (as r = 2, T;lf is scalar for the platform model described in Section 2.2.1).
Recalling Section 2.2.3, from (2.33) with (2.28) and (2.31) it can be deduced that the constraint-
consistent platform input torque is

i =S"Bf, . (3.11)

In this case, the optimization problem can be established as

1 1
o= angmin (3 F1Q1 1, + el Qe (3.12)
s.t. B Bfy — Thirdes = €r (3.13)
fw,min < fw < fw,max . (314)

This approach was adopted for the implementation of the passivity-based tracking controller,
which is described in Section 3.3.

3.1.2 Experiments

The remaining question is how to chose the weighting matrices. This question was addressed
by performing an experimental study with the LRU2, which is shown in [BDO18]. Thereby, an
impedance control law is applied to the mobile platform torque interface, in order to regulate
the platform position to a desired value in z-direction.? The resulting impedance wrench is
generated by the wheels. Note that during the experiments, the optimization of the wheel forces
was implemented as (3.8)—(3.10), with the desired platform wrench satisfying 7pif des = IVAT pifdes-

Ezperiment 3.1 — Comparison of different choices of the weighting matriz Q: In the first
experiment, a cost function minimizing the wheel forces is compared to a cost function which
minimizes the computed wheel power consumption Py, = vy f- For this purpose, the weighting
matrix Q is chosen as ch =TI and Q% = diag(vZ 1, v3 o, V2 3, Vg 4) (comprising the measured
wheel velocities). While performing this experiment, the front wheels are located on a surface
with different friction properties than the rear wheels, which mimics the locally different soil
properties that can occur during driving in outdoor environments.

Figure 3.1 a) depicts the reference trajectory and the resulting platform motion in z-direction
for the two cases of force and power optimization. The following plots b) and ¢) show the wheel

2In practice, a trapezoidal trajectory in z-direction is commanded, to avoid jumps in the input signal. However,
the experiments are performed using an impedance law without velocity and acceleration feed-forward terms as
introduced in (3.15).
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Figure 3.1 Experiment 3.1: Comparison of different choices of the weighting matrix Q. a) Ref-
erence trajectory and system response. b)—e) Wheel velocity measurements and corresponding
optimized wheel force commands. f) Comparison of the power-based norm for the two optimization
approaches. From [BDO18§|.
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c) Force error ﬁx = F des — F. The resulting force F}. is the sum of all wheel forces in z-direction.
d) Power-based cost function J, = % ng;i fow+ %eTQ .€. ) Power consumption of the wheels,

computed as Py = vy f,. f) Energy consumption of the wheels (computed as E,, = fg Pydr).
From [BDO18].

velocity measurements for the two optimization approaches, while the corresponding wheel force
commands are plotted in d) and e). The first part of the trajectory is from ¢t = 0s until ¢t = 5s. It
features a trapezoidal reference signal with a small slope, which produces moderate commanded
forces. Thus, the two optimization procedures generate almost identical wheel force commands,
which indicates that no significant wheel slippage occurs. From ¢ = 5s to ¢ = 10s, the second part
of the trajectory features a larger slope, which leads to a higher amplitude in the commanded force.
Plots b) and ¢) show that the rear wheels 3 and 4 start to slip especially during the fast backward
motion at 8s < ¢t < 10s. As the velocity measurements are not used for the command generation
in case of force optimization, the respective wheel velocities in plot b) are high, especially at
t ~ 9s. On the other hand, the commanded forces depend on the measured velocities in the case of
power optimization. From Figure 3.1 ¢) and e), it can be verified that the commanded wheel forces
of the rear wheels 3 and 4 are reduced after an initial increase of the corresponding velocities. As
a result, the commanded force is redistributed to the front wheels 1 and 2. Figure 3.1 f) shows
the effect of the different optimization policies on the power-based norm? ||f. |2 = %ng;{‘fw It
can be observed that the value of the power norm is lower for the power optimization approach,
particularly for the case of slippage of the two rear wheels.

3This norm is assumed to be directly related to the overall power consumption of the rover’s driving unit, even
though the (electrical) power consumption of the rover is not measured directly.
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Experiment 3.2 — Comparison of different choices of the weighting matriz Q,.: The goal of
the second experiment is to compare different choices of the weighting matrix, here chosen as
Q. = QI with the weighting factor .. Therefore, another trapezoidal trajectory is commanded,
which features steep changes of the desired position. The choice of the trajectory is supposed to
induce a high command force and thus slip in all wheels. Figure 3.2 a) shows the commanded
trajectory together with the resulting platform motion in z-direction. The commanded force
F des in Figure 3.2 b) is produced by the high-level impedance controller. The force error
ﬁx = Fy des — Fy is depicted in Figure 3.2 c), comparing different values of Q.. Thereby, the
resulting force I, = 2?21 fw,icos(p;) is the sum of all wheel forces in z-direction, obtained by
a power optimization according to (3.4). Figure 3.2 d)—f) show the power-based cost function
Jp= %f&Q;@fw + %eTQee, the computed power consumption of the wheels Py, = vy ! f

w, and

the resulting energy Ey, = fot P, dT, respectively. It can be seen that the resulting force is very close
to the commanded force for the high weight Q. = 1000 m?/s2. For Q. = 1m?/s?, the force error in
Figure 3.2 ¢) (green dashed line) is still small compared to the total value of the commanded force.
Also the resulting platform motion is similar to the case when Q. = 1000 m?/s2, cf. Figure 3.2 a).
However, Figure 3.2 ) reveals a significantly lower power consumption for Q. = 1 m?/s?, which
is possible due to a reduced wheel slippage. Comparing the (computed) energy consumption in
plot f), it becomes clear that approximately 1J is saved each time a rapid movement occurs.
With regard to planetary exploration scenarios with an instantaneously limited power supply, the
importance of the energy savings must be highlighted when compared to the rather marginal
losses in tracking performance. Decreasing the weighting factor further to Q. = 0.1m?/s?, the
deviation between desired and generated force grows up to 20N, which leads to a noticeably
slower system response, cf. Figure 3.2 ¢) and a) (blue solid line). On the other hand, Figure 3.2 f)
shows energy savings up to 4 J per acceleration process compared to Q. = 1000 m?/s2. Noticeably,
the goal position is still reached for all choices of @), as the high-level impedance controller
compensates for errors in the platform torque interface.

3.2 Whole-body impedance control

Building upon the platform torque interface, a whole-body controller utilizing the platform as
an additional, virtual joint can be straightforwardly implemented.* A proper choice for the
realization of a defined interaction behavior of the robot is an impedance controller, which has
been introduced in the seminal work of [Hog85]. The idea of impedance control is to influence the
mechanical impedance of the robot in contact with an environment, that is, the mapping from
(generalized) velocities to (generalized) forces [Ott08|. This leads to a well-defined interaction
behavior of the robot in contact with an environment, which can be physically described as an
admittance [Hog85| (i.e., the environment maps forces to velocities).

3.2.1 Cartesian impedance control

One possibility to implement physical compliance at the end effector is Cartesian impedance control
[AOHO7]. Thereby, a desired wrench Fip, € RS is computed w.r. t. the Cartesian coordinates of
the end effector € RS. It is derived as the gradient of a virtual spring potential Vimp, a damping
term, and possibly dynamic feed-forward terms:

WVimp \ © . . .
Fimp == ( amp> - DI(Q):L' + M Zges + Cedes - (3.15)

“Recall that Section 3.2 is mainly based on the results presented in [BDO18].
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3.2 Whole-body impedance control

Thereby, the spring potential can be defined as Viyp = 2:I:TK x, with the Cartesian error
T =x — XTqes and the s.p.d. stiffness matrix is K, € R%%%. The damping term contains the
damping matrix D, (q) € R®*6. In general, the choice of the damping matrix is arbitrary as long
as it is positive definite. Thus, defining a constant damping matrix could appear as a simple and
functional choice. However, in practice it is convenient to specify desired damping ratios ¢ € RS
in every Cartesian direction. In this case, the damping matrix becomes configuration-dependent.
Knowledge of the inertia and stiffness matrices enables the computation of the desired damping
ratios, for example by using the Double Diagonalization approach from |Alb-+03|. In this case,
the damping matrix can be formally written as

D(q) = D(M(q), K, Q) - (3.16)

The additional feed-forward terms M .&4es and Ci.ages may be added to improve trajectory
tracking (alternatively, they can be omitted without affecting the contact properties of the
closed-loop system). Thereby, the matrices

= (JMHT M gMT | (3.17)
C. = (JMHTCgMt 1 (JMHTMJ (3.18)

are the task-space inertia and Coriolis/centrifugal matrices, which contain the dynamically
consistent pseudoinverse of J [Kha87]:

JMY = Mgt amtgt)t (3.19)

Finally, the desired wrench F'j,,, can be projected to the actuator torques utilizing the relationship
between the joint torques and the corresponding task-space wrench (2.39), and adding a gravity
compensation on joint level:

T=g9(q) + J(Q)TFimp~ (3.20)

The joint torques which are generated by the impedance controller, that is 7 = J (q)TFimp, are
called range space torques, as they are consist of a linear combination of the columns of the
transposed task Jacobian matrix and thus define the range space of J(q)” (for a mathematical
definition of the range space and the null space of a matrix, see Definition 2 in Appendix A.1.5).
On the other hand, as J € R™*"™ with m < n, there exist redundant DOF which can be used
to fulfill secondary tasks. Thereby, it is oftentimes desirable that the secondary task is executed
as well as possible, but without disturbing the task on the first level. This can be achieved by
projecting the control input of the secondary task into the null space of the primary task via

TN~ =N7o, (3.21)

where 79 € R" is an arbitrary torque command originating from a secondary task, N € R"*"
is the null space projector and T € R™ denotes the corresponding null space torque.’ The null
space projector is said to be statically consistent if it fulfills N (q)J(q)" = 0 at any steady state
¢ = g = 0. This means that the secondary task does not generate interfering forces in the task
space of the primary task at any static equilibrium. If, additionally, the secondary task does not
induce accelerations in the task space during transient motions, it is called dynamically consistent
[Kha87|. In this case, the condition J(q)M (q) 'N(q) = 0 must always hold [Diel5, pp. 66-67].
A detailed explanation of null space projectors and the corresponding properties of static and

5In this work, only two task levels are considered, due to the small degree of redundancy of the LRU2. However,
extensions to multiple task levels are possible, see e.g. [Diel5, Chapter 4] for details.
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dynamic consistency can be found in [Diel5, Chapter 4, pp.63ff.] and the references therein.
Assuming a non-singular task Jacobian matrix, the null space projector can be computed as

N=1-J5Jghw+, (3.22)
with the s.p.d. weighting matrix W € R™*™ and the weighted pseudoinverse
JWT =wlgTgw-1gh-t, (3.23)

One possible choice is W = I, which results in JY+ = J+ (the Moore-Penrose pseudoinverse).
The resulting projector is computationally cheap and fulfills the static consistency condition.
Another popular choice is W = M, which results in a dynamically consistent null space projector
[Kha87]. The computation of different null space projectors in terms of the singular value
decomposition of the task Jacobian matrix J is derived in [Diel5, Appendix B, pp. 165ff.].

3.2.2 Redundancy resolution via quadratic optimization

For a non-redundant and holonomic robot under Cartesian impedance control, passivity and
asymptotic stability can be concluded using the invariance principle of LaSalle [LaS68|. However,
most robots possess more DOF than the m = 6 DOF of a Cartesian task at the end effector.
Thus, the choice of actuator torques is not unambiguous. As mentioned before, there are different
possibilities for redundancy resolution, for example the task augmentation as introduced in [Ser89),
or the implementation of a strict task hierarchy via null space projectors as e. g. shown in [SS91|
or [DOA13|. The advantage of the aforementioned approaches is the analytical proof of stability.
On the other hand, constraints such as joint torque limits are not considered in general.

An elegant solution to the problem of kinematic redundancy is again to apply numerical
optimization strategies, which provides the opportunity to include additional constraints such
as unilateral torque limits or permissible joint angle ranges. Following this approach, the global
optimization problem can be established as

7" = argmin (J, + Jr + Jy) (3.24)

s.t. I-N)r=J'F, (3.25)

NT =Ty, (3.26)

Tmin < 7 < Tmax - (327)

with the permissible lower and upper bounds Tmin and Tmax, and with

1

Ju = irTQuT, (3.28)
1

TR = 5 (Fimp = F)'Qr(Fimp — F), (3.29)
1

Iv = 5 (NTNges = 7 N QN (NT N des — TN - (3.30)

Thereby, J, is the component responsible for the distribution of the input torques 7, which can
be weighted by the selection of Q,, € R™"*". A task-related component Jg is used to realize the
desired impedance wrench at the end effector. The associated weighting matrix is Qr € R"™*™.
A secondary task can be added by the torque-related term Jxr, which comprises the weighting
matrix @, € R™*". By (3.26), it is ensured that the related torque 7 is in the null space of the
task Jacobian matrix and thus does not disturb the task execution. Therefore, the dynamically
consistent null space projector

N=1-JighyM+ (3.31)

is chosen.
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3.2 Whole-body impedance control

3.2.3 Experiments

Finally, the approach is validated with experiments at the LRU2 [BDO18|. The performance
of the undisturbed closed-loop system is investigated with a regulation task at the end effector.
Then, the behavior in a physical contact situation (an operator disturbing the end effector) is
analyzed while hitting artificially lowered joint torque limits. The following experiments are also
shown in the supplementary video of [BDO18|. During the experiments, the desired Cartesian
stiffness is set to 450 N/m for translations and 12.5 Nm/rad for rotations, all damping ratios are
chosen as 0.5s71. The steering angles are constantly set to ¢; = 0,i = 1,...,4, such that only
a platform motion in z-direction is possible. According to the results of the preceding section,
the wheel torque distribution problem is parameterized with Q; = ?, Q. = diag(10,10,10). A
joint impedance controller for all six joints with a stiffness of 20 Nm/rad is implemented as null
space task, with the desired joint angles close to the initial configuration. An additional damping
in the null space is not implemented due to the large intrinsic joint damping of the Jaco arm.
The following weights are chosen for the optimization (the units of the weighting matrices are
chosen consistently such that J is unit-free): Q,, = diag(vgvvl, vv2v72, "Uv2v,37 1)3,74, 0,0,0,0,0,0), Qr =
diag(1,1,1,1,1,1), Q» = diag(0,1,1,1,1,1,1).

Ezxperiment 3.8 — Regulation of the x-coordinate of the end effector: The experiment shows the
undisturbed regulation of a desired pose of the end effector. The desired and measured trajectory
in z-direction is shown in Figure 3.3 a) (the desired values of all other DOF are kept constant).
It is visible that the low stiffness of the impedance controller (3.15) results in a steady-state
error at the end effector. This error can be explained by unmodeled friction, especially between
wheels and ground. In Figure 3.3 b), the range space torques 7 = (I — IN)7 are plotted. It can
be verified that between 11s and 16s, the commanded forces are constant while the robot does
not move. In particular, the solid blue line shows a commanded platform force in z-direction of
approx. 10N, which however does not induce a platform motion.

The null space torques 7nr = INT are a result of the projected joint impedance law, which keeps
the joints close to their initial configuration without affecting the wrench at the end effector. They
are shown in are shown in Figure 3.3 c¢). Note that the remaining error in the position of the end
effector could be compensated by the arm and thus be significantly smaller without a dedicated
null space reference torque (i.e., choosing Qs = 0). In this experiment, no actuator torque
limits are met, meaning that both range space force and null space torque can be accomplished
without limitations. Thus, both the range space and the null space error norms (v/Jg and v/Jy,
respectively) are small, as Figure 3.3 d) shows.

Ezxperiment 3.4 — Physical interaction with the platform: Afterwards, the differences between the
presented whole-body controller and approaches such as [Die+16] are experimentally investigated.
In particular, the difference between the presented platform torque interface to a platform
velocity controller combined with an admittance interface is highlighted. The main difference
between a whole-body controller with a torque-controlled platform (like the whole-body impedance
controller at hand) and a velocity-controlled platform is that platform torque control enables active
compliance, whereas the admittance simulation used together with a platform velocity controller
in [Die+16] only mimics impedance behavior w.r.t. interactions with the end effector. That
means that a platform velocity controller does not feature active compliance w.r.t. interactions
with the platform. While this can be seen as a disadvantage (thinking of human-robot interaction
or unknown environments in general), an advantage of the admittance interface is that a desired
platform inertia and damping can be assigned, while in the platform torque control approach, the
physical inertia and damping properties of the platform appear unchanged. The actively compliant
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Figure 3.3 Experiment 3.3: Regulation of the z-coordinate of the end effector. a) Commanded
and measured z-coordinate of the end effector. b) Commanded joint torques in the range space
of the transposed Jacobian matrix, created by optimization of the end effector wrench. Blue
line: Platform force in z-direction created by all wheels. Other lines: Joint torques 1,...,6 of the
robotic arm. ¢) Commanded joint torques in the null space of the task Jacobian matrix. d) Norm
of the force/torque errors in the range space v/Jg and the null space \/Jy of the task Jacobian

matrix. From [BDO18|.
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platform in z-direction. ¢) Measured joint velocities in the robotic arm. From [BDO18].
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behavior of the platform is shown in Figure 3.4. In this experiment, a user actively moves the
wheeled subsystem back and forth in the null space of the end effector. Figure 3.4 a) shows the
x-coordinate of the end effector, which deviates only a couple of centimeters from the desired
position, while the platform is pushed and pulled around +30cm, as shown in Figure 3.4 b).
During this physical interaction with the platform, the arm joints compensate for the moving
platform, as the measured arm velocities show in Figure 3.4 ¢). This active compliance property of
the locomotion subsystem can be beneficial for a WMM, both for local autonomous manipulation
tasks in the presence of obstacles, and also for human-robot interaction scenarios. In the latter
scenario, active compliance of the platform can increase the safety of the interaction.

Experiment 3.5 — Physical interaction at the end effector in the presence of joint torque limits:
The third whole-body impedance control experiment examines the behavior of the closed-loop
system in the case of active constraints. Therefore, the maximum admissible torque of joint 2
(elbow joint) is artificially lowered to 5 Nm (nominally, the data sheet states 18 Nm peak torque
for joint 2). An operator performs physical interaction with the end effector. For this experiment,
the main task was weighted ten times higher than the null space task by setting all diagonal
entries of Qs to 0.1. The resulting behavior can be inspected in Figure 3.5 (the interaction
period from approx. 1.5s < t < 8s is highlighted in yellow). Figure 3.5 a) shows the deviation
of the z-coordinate of the end effector due to the physical interaction. From 1.5s < t < 4s, the
end effector is pushed, which leads to a positive error. Afterwards, the end effector is pulled by
the operator, resulting in a negative deviation. The resulting torques in the constrained joint 2
are shown in Figure 3.5 b). The blue, dot-dashed line depicts the projected impedance torque,
which is the torque that would be generated by a classical impedance controller according to
Timp = J (q)TFimp. The null-space reference torque is plotted in green dot-dashed. The solid lines
show the range space (blue) and null space (green) torques, which result from the optimization
problem (3.24)—(3.27). The pink line is the sum of range space and null space torque, which
equals the final actuator command torque. First, it can be verified that the optimized actuator
torque stays within the admissible bounds of +5 Nm. Therefore, the null space torque is allowed
to deviate from the reference in order to compensate for the range space torque, which is weighted
ten times higher in the optimization. An example for this effect can be observed around t = 2,
where the range space torque stays close to its reference of up to 12 Nm, at the cost of a large
error in the null space torque. A similar effect happens between ¢t = 4s and ¢t = 6, where the
torque hits the limit twice. However, the errors in the range space cannot fully be compensated by
deviations of the null space torques in this case, even if effects similar to the aforementioned are
observed around t = 5s. Therefore, the error norm in the range space rises in this time interval,
which is shown in Figure 3.5 d). Interestingly, a similar behavior can be observed in the other
joints without active joint limits. The torques of joint 3 are shown exemplarily in Figure 3.5 c).
Even if this joint does not meet a constraint itself, it shows also a deviation of both null space and
range space torque around t = 2s and 4s < t < 6s. By inspecting the error norms in Figure 3.5 d),
it can be verified that the optimization-based impedance controller is able to implement the
desired wrench at the end effector to a large extent, at the cost of errors in the null space. Finally,
the experiment confirms that the closed-loop system remains stable and converges to the setpoint
after the end of the physical interaction, in spite of the joint torque limitations.

3.2.4 Résumé

The implementation of the well-known Cartesian impedance control law as optimization problem
is beneficial in different senses. First, different types of redundancy such as kinematic redundancy
and actuation redundancy (e.g. the control allocation problem of the platform) can be solved in
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Figure 3.5 Experiment 3.5: Physical interaction at the end effector in the presence of joint torque
limits. a) Commanded and measured z-coordinate of the end effector. b) Torques generated at
the second joint (constrained to 5Nm). c) Torques generated at the third joint (unconstrained).
d) Norm of the force/torque errors in range space and null space. From [BDO18].
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a unified way. The set of constraints can be extended arbitrarily, according to the specifications
of the system and the scenario. The specific formulation as quadratic optimization problem with
linear constraints facilitates fast and online computation of the solution. Last, in the case of active
constraints, the sum of null space and range space torques is optimized according to the weight
of the task. Due to this fact, it is possible to still fulfill certain tasks despite active limitations, at
the cost of the performance of the null space task.

The presented approach enlarges the configuration space of the robotic arm by one DOF, which
is actuated by the torque-controlled mobile platform. Clearly, this fact is beneficial for local
manipulation tasks, as the degree of redundancy is increased and thus additional tasks can be
fulfilled besides the main manipulation task. However, the steering configuration is assumed to
be static. The underlying idea is that steering the wheels in rough terrain can cause problems
concerning the wheel-ground interaction, such as twisting or side-slipping of the whole rover.
Thus, as explained in Section 2.1.4, the platform motion is performed before the manipulation
sequence starts in the basic controller setup. In this case, a static steering configuration is selected
in advance, which is able to support the respective manipulation task. Particularly, this implies
that (2.32) becomes a holonomic equation, with the instantaneously appointed platform motion
direction as holonomic coordinate.

One remaining question is how to select the steering configuration, which corresponds to
the directions in which the compliance of the wheeled subsystem should be implemented.
Possible approaches are strongly application-dependent and range from reactive admittance-
based steering parameterizations as it is used in the whole-body impedance controller in [Diel5]
to workspace-dependent steering, to name but a few. Desirably, the steering configuration is
computed automatically using the provided task. This automatic generation of the steering angles
is referred to as implicit coordination. In the following, an extension of the presented whole-body
impedance controller is presented, which incorporates the implicit coordination of the wheels
while tracking a desired trajectory.

3.3 Whole-body passivity-based tracking control

As mentioned before, the missing feature for a successful mobile manipulation task is the automatic
generation of the steering angles w.r.t. a given task. It is a well-known consequence of Brockett’s
Theorem that the dynamic model of a robot subject to nonholonomic constraints cannot be
stabilized asymptotically to a static equilibrium using time-invariant state feedback control. One
possibility is to use time-variant state feedback instead. For example, it is possible to stabilize
the dynamic model of a WMM (2.34)-(2.35) to a time-variant trajectory. In the following, a
whole-body trajectory tracking control law is presented, which achieves compliant tracking of a
joint-level or task-space trajectory for a mobile robot equipped with a robotic arm.® Thereby,
the joints of the robot arm as well as the wheel propulsion actuators feature a torque interface,
while the steering actuators are controlled on position level. A passivity-based control concept is
proposed for the torque-controlled joints, while the position commands for the steering actuators
are generated along with the torque control law such that the closed-loop dynamics of the complete
system is stabilized to the desired trajectory. This feature qualifies the control law for tasks
which cover a larger workspace and thus need platform locomotion (in contrast to the whole-body
impedance controller from the previous section, which assumes a static steering configuration).

5Up to some changes, the following section corresponds to [Lak-+25].
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Figure 3.6 Whole-body control concept

A significant advantage of passivity-based control approaches is that the closed-loop system
cannot be destabilized by certain unmodeled effects like friction. Thus, these control laws are
called robust w.r.t. disturbances and modeling uncertainties. This fact predestines passivity-
based control for scenarios, where the robot is in contact with an unknown and unstructured
environment (indeed, this is always the case for a planetary rover traversing rough terrain). In
comparison, control approaches laws using feedback linearization techniques (as e.g. inverse
dynamics or computed torque control schemes) can indeed be destabilized, which is a result of
the pre-multiplication of the closed-loop gains with the inverse of the inertia matrix. This fact is
theoretically discussed and practically shown e.g. in [Die+21].

The concept of the whole-body tracking controller is sketched in Figure 3.6. A torque control
law computes the input for the dynamic subsystem (2.35), while the wheels are oriented according
to a kinematic control law acting on the kinematic subsystem (2.34), such that exponential
convergence to a given time-varying trajectory is ensured. In the following, the controller is
introduced and discussed in joint space, followed by the extension to the task space. Thereby, a
switching approach is developed which makes it possible to achieve asymptotic stability of the
time-dependent trajectory tracking together with the regulation of a static endpoint at the end of
the trajectory. Finally, a detailed discussion of the underlying passivity-based control algorithm is
presented, comparing gains and tracking performance at a holonomic robot arm to the well-known
PD+ and Slotine-Li controllers.

3.3.1 Joint-level tracking controller design

Let qges(t), Qaes(t); Gaes(t) be a given (uniformly continuous and bounded) trajectory in the joint
space. The tracking error is defined as q(t) = g — @qe(t), With the time derivatives q(t), q(t). As
of now, dependencies on time will be omitted in the notation and only written if strictly necessary
for the understanding. The following assumptions are made:

Assumption 5. In the following considerations, the low-level steering controllers are assumed
to be perfect, such that ¢ = ¢, holds.” Moreover, the desired trajectory is chosen such that the
kinematic parameters ¢.o and their first derivatives ¢,o are bounded.

Further, the external torque acting on the platform 7 ¢ ext is split into a part which models the
nominal wheel-ground interaction forces (in particular all kinds of friction between wheels and

“Clearly, the validity of this assumption depends strongly of the hardware capabilities in combination with the
choice of the desired trajectory. A discussion of this question part of Chapter 5, based on the experimental
results shown in this chapter.
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ground), denoted by Tpif wee, and the other external forces acting on the platform (e.g. forces
which occur in contact with obstacles or a human operator), Tpif con, such that

Tplf,ext = Tplf,wgc + T plf,con - (332)

Assumption 6. The nominal wheel-ground contact forces Tpif wei are known and can be compen-
sated by the platform controller.

Thus, a compensation term

e = (75 (33

can be computed and applied to the combined equations of platform and arm. The remaining
external forces Teon = Text — Twge are

Tcon = <Tplf,con> . (3.34)

Tm,ext

Control law

In the following, a control law based on the concept of passivity-based control is proposed, which
basically means that the kinetic and the potential energy of the open-loop robot dynamics (2.35)
are modified by the control law, such that the equilibrium is shifted to the desired trajectory.
Therefore, the following torque control law is applied to the dynamic subsystem (2.35):

T = M'bref + Cvref +g9 - Twge — H(q, d)ref)s - S(Qa ¢ref)TKav (335)

with a uniformly bounded s.p.d. damping matrix H(q, ¢,)€ R(™7*("=7) and the constant
diagonal p.d. stiffness matrix K € R™*™. The reference feasible velocity vyef and the kinematic
parameters ¢,.; are chosen as the solution of

S(qa ¢ref)vref = Qdes - Qa (336)

with the s.p.d. diagonal gain matrix £ € R"*", and
8=V — Upef (3.37)

denotes the velocity error.
From (2.34) and (3.37), and inserting (3.35) into (2.35), the closed-loop equations in error
coordinates are derived as

4= 5(q Drer) (5 + Vret) — aes (3.38)
M3+ (C+H)s+STKq=Tcon- (3.39)
As a consequence, the closed-loop dynamics is stabilized to the desired trajectory, as the following

proposition shows. For this reason, (3.36) is referred to as the kinematic stability condition in the
following.

Proposition 1.
In the case of free motion, the closed-loop error dynamics (3.38)—(3.39) has a uniformly expo-
nentially stable equilibrium at (q*,s*) = (0,0), if the reference values @, op, Vyer satisfy (3.36).
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3.3 Whole-body passivity-based tracking control

Proof. The storage function V, : (R? x Q) x R*™" x RT — R is chosen as

- 1 ~ 1.7
V;)(quat) = isTM((L ¢’ref7t)s+ iqTva (340)
which is p.d. in (q, s) for all ¢. Note that V,, is time-dependent, which necessitates the use of
theorems for non-autonomous systems in the stability analysis. The total time derivative of (3.40)
is

%(Zj, S, t) = STTCOH - STH(&? ¢ref7 t)S + aTK(S(a7 ¢ref= t)’Uref - qdes(t)) . (341)
Inserting (3.36) into (3.41) yields
Vo(@,8,t) = 8" Teon — 8" H(q, drep, t)s — ' KQq. (3.42)

For the case of undisturbed motion, i.e., T¢on = 0, the storage function V,(q, s,t) is a strict
Lyapunov function for (3.38)(3.39) with the time derivative V, being negative definite in (g, s).
In particular, this implies boundedness of the state (g, s), and thus boundedness of q.

Next, it can be shown that V,, is decrescent. Let A;(-) denote the i-th eigenvalue of a matrix.
From the uniform boundedness of the eigenvalues of the inertia matrix and applying the min-max
theorem (see Appendix A.1.4) it follows that there exist time-independent lower and upper bounds
for V,(q, s, t):

~ 1 . . 1 . ~
Kv(qv S) =5 qlgf min A”5(1\4((17 ¢ref))HSH2 + 5 min )‘Z(K)HqHQ (343)
Prefr 1 v
— 1 1 ~
Vilg,s) =3 sup max Ni(M (g, ¢rer)) 18] + 5 max N(K)[gl - (3.44)
q,Pref ¢ '

Further, the time derivative (3.42) is bounded by

Vu(q,8) = — nf min);(H(q, brer)) 18] — min N(KQ)llg]*. (3.45)

qzd)ref

Thus, the inequalities
V,(@,8) < V(@ 5,t) < Vu(q, ) (3.46)

and

Vo(q,8,t) <Vy(q,8) <0 (3.47)
hold for all (g, s) # (0,0). According to the exponential stability theorem (cf. Appendix A.1.2),
this proves uniform exponential stability of (¢*, s*) = (0, 0). O]

Remark 5. From (3.42), passivity of the closed-loop system (3.38)—(3.39) w.r.t. the power port
(Tcon, 8) can be concluded immediately.

Remark 6. From (3.38) and (3.36), it follows that

a=—-9q+ S(q, b,e)5, (3.48)

which can be interpreted as a stable dynamics of g with the input s. It can be concluded that
the convergence of s — 0 leads to the convergence ¢ — 0 as t — oo.

Remark 7. Note that the Lyapunov function (3.40) is radially unbounded for (g, s) € (R? x Q) x
RR™™". In this sense, the proof of stability holds “globally”.
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Discussion of the controller gains

For practical use, a question of interest is how to select the controller gains. Clearly, the values
of H, K, and € influence both the convergence properties of the closed-loop error dynamics
and the stiffness and damping characteristics of the robot in interaction with the environment.
The influence of the gains considering the interaction properties of a holonomic arm discussed
in detail in Section 3.4. For a holonomic system, it can be shown that the gains can be used
both to parameterize the convergence rate of the tracking errors and to specify a desired contact
stiffness and damping. In principle, these considerations can also be used as guidelines for the
nonholonomic system at hand. However, another important aspect arises for the considered system
in practice, and that is the performance of the underlying steering position controller.

From (3.36), it follows that the value of € directly influences the effect of the tracking error on
the computation of the steering configuration. Thus, selecting higher values for €2 results in a
more “sensitive” steering behavior. In order to analyze the influence of K and H, the control law
(3.35) is written in terms of the unconstrained system matrices (the transformations are given in
(2.33)). Moreover, the derivative of (3.36) w.r.t. time

SVref + Srer = daes — UG (3.49)
is used, and H is assumed to be chosen such that it can be written as
H=S"HS. (3.50)
Sorting the result yields
T = 8T Mo+ STCques + S7G — Twge — ST(MQ+ HQ)g— ST (CQ+HQ+ K)q. (3.51)

The first four terms model feed-forward action, gravity compensation, and friction compensation.
The fifth term is the effective feedback of the velocity error fj; thus, the corresponding gain
—ST(MQ + HQ) is called the effective D-gain. Accordingly, the feedback gain multiplied by the
position error q is referred to as the effective P-gain. It can be observed that both the effective
P-gain and D-gain are combinations of matrices of the state space model with the gain matrices
H, K, and Q, left-multiplied by ST Thus, for a given 2, the values of K and H parameterize the
convergence of the system in the direction of the instantaneously feasible velocity. In particular,
the effective P-gain K¢ = —ST(éQ + HQ + K) models the stiffness of the closed-loop system
in the direction of the instantaneously feasible motion, while the effective D-gain influences the
associated damping. In this context, it can be observed that the convergence rate of the Lyapunov
function (3.40) depends on H and the product K€2, see (3.45) and (3.47). This means that
weighting K versus {2 while keeping their product constant yields a constant decrease rate of
the error state (q, s). Thereby, the behavior of the closed-loop system can be “shifted” between
the steering sensitivity (parametrized by €2) and the parameterization of the closed-loop stiffness
tangential to the trajectory, influenced by K.

Summarized, a reasonable tuning strategy for the controller gains is to first choose the value
for €2, depending on the performance of the low-level steering controllers. Then, select K and H
such that a desired tracking behavior along the instantaneously feasible motion direction results.
A detailed understanding of the influence of K and H in the feasible motion direction can be
derived from the insights gained in Section 3.4, where the passivity-based tracking control law is
applied to a holonomic system.
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3.3 Whole-body passivity-based tracking control

Extension to kinematic platform control

In practice, most mobile platforms rather feature a kinematic control interface (based on the wheel
velocity controllers) than a torque interface which implements torques at the single wheels. One of
the reasons for this fact is the need for complicated modeling and compensation of wheel-ground
contact forces. Thus, it is worth mentioning that the control algorithm at hand can also be
extended to systems without a platform torque interface. In this case, the kinematic stability
conditions are solved w.r.t. the kinematic parameters ¢, and the platform reference velocity
Uref, Which are then implemented by the low-level platform velocity controller directly (without
computing an actuation torque for the platform).

Assumption 7. The closed-loop error dynamics of the velocity-controlled platform is sufficiently
fast, such that v ~ v can be assumed.

For proving the stability under platform velocity control, the dynamic equations of the mobile
manipulator (2.34)—(2.35), as well as the kinematic stability condition (3.36), are written w.r.t.
both platform and arm variables:

1. Kinematic subsystem (2.34):

@ _ (Rz<e>§<¢mf> 2) (u;lef> | .

2. Dynamic subsystem (2.35):

-Zup -Zupm) <’./ref> < Cp Cpm) <Vref> <g ) (T 1f> (T 1f ext>
O+ )+ (TP = P )+ P , (3.53
(MS;H My, n Cunp Cn n 9m Tm Tm,ext ( )

3. Kinematic stability condition (3.36):

Rz(e)z(¢ref)yref = édes - Qpé (354>
href = hdes - erﬁ : (355)

First, the platform subsystem is considered. Defining the platform position error &€ = & — Edes
from the first line of (3.52) with (3.54) follows directly the exponentially stable platform dynamics

£=—Q¢. (3.56)

Note that the platform velocity controller compensates for external forces acting on the platform,
for the dynamic couplings of the arm, as well as for the remaining platform dynamics in (3.53).
Second, the arm subsystem is analyzed using the second line of (3.53), assuming free motion of
the arm (T ext = 0):

Mgmi/ref + Mm"-;] + Cmeref + Cmn + 9dn = Tm - (3'57)
Splitting the torque control law (3.35) in a similar manner results in
Tm = ML Vret + Minfiet + Coplret + Conlyes + Gy — Kl — Hino (3.58)

with 7 =n — 1. and o =7 — 7N,;. Note that (3.58) contains a compensation of the inertia
couplings between platform and arm. Applying (3.58) to (3.57) yields the closed-loop error
dynamics of the arm

M6 + (Co + Hy)o + Kij = 0. (3.59)
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Then, uniform exponential stability of the equilibrium (77*,77*) = (0,0) of (3.59) can be straight-
forwardly shown, following the same line of argumentation as in the case of platform torque
control, using the positive definite Lyapunov function

~ 1 1. -
Vy(m,o,t) = iaTMmO' + §nTKmn. (3.60)
With (3.55), the total time derivative is computed as

V, = —o'Hypo — 1 K Q7 (3.61)
which is negative definite in (7, 0). As
o=t 362)

the derivative is clearly also negative definite in (7, 77) This shows uniform global asymptotic
stability of the equilibrium (7*,7*) = (0,0). Exponential stability can be shown analogously to
the torque-controlled case.

Remark 8. Since the platform velocity controller automatically compensates for external forces
acting on the platform, only free motion of the robot arm has to be assumed for the proof of
stability, whereas the wheel-ground contact forces do not need to be known or compensated. On
the one hand, this eliminates a source of model uncertainties (recall that a perfect compensation of
wheel-ground contact forces is assumed in the torque-controlled case, which is hard to implement
in practice). On the other hand, it means that the platform does not react to other interaction
forces, i.e., it does not feature active compliance.

To demonstrate the effect of using platform velocity control compared to platform torque
control, the results of an experimental comparison are shown in Section 3.3.4.
3.3.2 Task-space tracking control

In the following, the control approach is extended to the task-space tracking case. The task
velocities & can be expressed w.r.t. the constraint-consistent velocities v using

z=J(q)qg=J(q)S(q,p)v. (3.63)
Control law
The control law is chosen as

T = Myt + CUret + g — Twge — Hs — STIT K, (3.64)

with the constant, diagonal, p.d. matrix K, € R"™*™. Using (2.35), (3.37), (3.63), and (3.64),
the closed-loop error dynamics in task space are computed as

T =JS(P,or)(S + Vret) — Bes (3.65)
Msi+(C+H)s+STITK,Z = Tcon - (3.66)

The reference trajectory (,ef, Vref) is chosen according to the task-space kinematic stability
condition

J(q)S(qv ¢ref)vref = i:des - in (367)

with the constant, diagonal, p.d. gain matrix €, € R™*™,
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Proposition 2.

For a non-redundant robotic system in free motion, i. e., Teon = 0, the equilibrium (x*, s*) = (0, 0)
of the closed-loop equations (3.65)—(3.66) is uniformly locally exponentially stable if the reference
trajectory is chosen according to (3.67).

Proof. Choosing the Lyapunov function candidate

~ 1 1. ~
Ve, s,t) = §STMS + §:IZTKzCC (3.68)

and assuming the case of free motion, i.e., T¢con = 0, yields the time derivative

Vi(@,8,t) = —sTHs + 2" K (JS(of)Vret — Tdes) - (3.69)
Inserting (3.67) into (3.69) results in

Vi(Z,s,t) = —sTHs — 2" K, Q,%, (3.70)

which is negative definite in (, s), similar to (3.42). If the robot is non-redundant, i.e., m = n,
the mapping « = h(q) is locally 1:1 and invertible. Then, (3.68) is positive definite for the
complete state of the robot, thus it is indeed a Lyapunov function for the system (3.65)—(3.66).
Proceeding analogously to Section 3.3.1, it can be shown that V, is decrescent by computing
the respective time-invariant bounds for (3.68) and (3.69). Consequently, the desired task-space
trajectory (@, s) = (0,0) can be proven to be uniformly exponentially stable. O

Moreover, from (3.65) and (3.67) follows that
T=JSs— Q.7, (3.71)

and thus (Z*,s*) = (0,0) — (z*,z*) = (0,0). Note that for task-space coordinates, stability
statements can in general only be made locally (e.g. due to task space singularities or orientation

tasks defined in SO(3)).

Redundancy resolution

If the robot is redundant, i.e., m < n, (3.68) is only positive semi-definite and thus, no statements
about stability can be made from (3.70). In this case, the null space of the robot has to be properly
defined in order to guarantee convergence of the redundant DOF. One possibility is to utilize a
quadratic optimization approach, comparable to the optimization-based impedance controller
presented in Section 3.2.2. However, as these approaches can be computationally expensive and
thus might not be applicable under the hardware restrictions of a space mission, an alternative
and simpler solution how to resolve the redundancy shall be presented, which also allows an
analytical proof of asymptotic stability.?

Therefore, the robot coordinates g are split into g, € R™ (m coordinates that are used to
fulfill the task such that & = h(q,) is locally 1:1 and invertible) and the remaining g, € R(n=m)
coordinates, which are used to define the null space. A desired joint-space trajectory for the null
space coordinates is given as gy ges(t), @y des(t);, @y des(t)- Then, also the reference velocities are
split:

Vref = ('Ux,ref) ) (372)

qy,ref

8Note that the presented approach is closely related to the concept of task augmentation presented in [Ser89],
where the task space is augmented by kinematic functions in order to generate a quadratic and invertible task
Jacobian matrix.
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and thus

s = ("’ - "’ﬂﬁvref) . (3.73)

Qy — Dy ref

An additional torque input is added to the control law, which acts only on the null space
coordinates:

T = Myt + Crep + g — Tyge — Hs — STI' K, @ — 1, (3.74)

with

_— (G%) (3.75)

with G € R(—m)x(n=m) heing s.p.d. and constant, and q,=q,— qy,des(t). Now, a quadratic
potential for the null space coordinates is added to the Lyapunov function candidate in order to
make it positive definite:

1 1._ ~ 1. 5
Vay(s,q,t) = isTMs + §mTKxa: + Qq;}Fqu . (3.76)

With 7con = 0, the time derivative becomes

Viy=—8"Hs+ & Ky(JSVyef — Edos)

—s"r,+ q,Gq,. (3.77)
with
8Ty = (@) — Qyrer) GGy - (3.78)
In order to make the time derivative negative definite, the kinematic stability condition (3.67)
is used again. It yields m < n equations, which need to be solved for n variables. Thus, n — m

additional equations have to be specified to create a unique solution. These side conditions are now
defined via the null-space coordinates, such that the whole n x n system of equations becomes

J(qa:a Qy)s(¢ref)vref = Xges — QT (3.79)
Qy,ref = Qy,des - Lay (380)

with L € R(=)*(=m) , 4 and diagonal. This renders (3.77) negative definite:
Voy=—-8"Hs— &' K, Q0,7 —q,GLq, . (3.81)

One can directly conclude exponential stability of a well-defined configuration trajectory

4 () = <qx(t)> _ (h_l(wdes(t))> . (3.82)

qy (t) Qy,des (t)
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Phase 1: Tracking Phase 2: Regulation

| Tes(t) | T des = const.

>
| |

=0
t= tl,start tl,end = t2,start to
T = T start L1,end = L2 start T2

Figure 3.7 Concept of the two-phase proof of stability. From [Lak-25].

3.3.3 End of trajectory: regulation of a static equilibrium

For nonholonomic systems, proofs of stability for smooth trajectory-following controllers are only
valid as long as the trajectory does not stop, such that it would become a regulation problem
instead [Bro+83|. Therefore, time-variant (see e.g. [TdM96|) or switching (see e.g. [ODV02|)
control laws are commonly utilized in order to regulate nonholonomic systems to a constant
desired endpoint. Another approach can be found in [GH14|, which is based on stabilizing the
dynamics to a neighborhood of a given posture by modifying the system output function.

In contrast to the aforementioned approaches, the idea here is to switch the system characteristics
artificially when the trajectory stops. This is achieved by “locking” the kinematic parameters in
the close vicinity of the desired goal, and thus creating an artificial holonomic system at the cost
of losing certain DOF temporarily. For that reason, the following approach is only applicable in
the case of task-space control, where the convergence to the desired endpoint can still be realized
due to the inherent kinematic redundancy. In the following, m = n — r is assumed, to ensure
that the robot kinematics is non-redundant at the end of the trajectory. Note that it is also
possible to extend the following considerations m < n — r, e. g. by using redundancy resolution
techniques as described before. The stabilization of the endpoint of a desired task-space trajectory
can be achieved by the two-phase approach as depicted in Figure 3.7. The first phase consists of
the trajectory tracking already addressed in Section 3.3.2. The system is driven from the initial
state @1 gtart at time t = t1 start to a state a:(tlvend) = 1 end. At the time when the trajectory
stops, &4es = 0. At that time, the second phase (“regulation”) begins, and the terminal state
of the first phase becomes the initial condition for phase two. Note that the proof of uniform
exponential stability presented in Section 3.3.2 guarantees bounded states & ¢ng, so that the
proper initialization @3 start = ©1,end With £1 end = t2start for the proof of asymptotic stability in
phase 2 has already been ensured. Thereby, (,:bref is set to zero such that a holonomic system is
created (with an arbitrary but static ¢, = ¢ref). The idea is sketched in Figure 3.8.

For the regulation phase, two reasonable possibilities to choose the control law are examined
in the following. The first possibility is to keep the kinematic stability condition and solve
JS(q, Prof)Vret = — 2, for vy only, such that V, = —sHs — 2 K,Q,Z. This shows asymptotic
stability of the origin (&*, s*) = (0,0). As shown before, this implies stability of (Z*, 2*) = (0, 0).
Note that switching to a static configuration (ﬁref = 0 reduces the number of active DOF of the
artificial holonomic systems from n to n — r. Thus, using the redundancy resolution strategy
described in Section 3.3.2, the number of null space coordinates g, has to be reduced such that
the resulting number of equations equals n — r, i.e., r former null space coordinates are added to
fulfill the task, the remaining n — r — m coordinates form the new null space. In particular, for
m = n — r, no redundancy resolution has to be performed after the end of trajectory.

The second possibility is to set v = 0, yielding a classical impedance control law for the
regulation phase. In this case, asymptotic convergence to the set M := {s = v = 0,z = 0}
can be concluded using the invariance principle of LaSalle. For non-redundant systems, this
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Virtual holonomic joint
d)ref =0

Desired trajectory (end effector)

Ldes d:des; iédos /><

O Q

Platform trajectory

Figure 3.8 Sketch of trajectory tracking in the task space. At the end of the trajectory, the
steering configuration is locked (.o = 0). In this way, a virtual holonomic joint is created. This
turns the system into an artificially holonomic one, at the cost of losing two DOF. From |Lak-+25].

implies convergence of all system states to the set M, ={q=0,q9 = ¢* | x(q*) = ®ges}. Of
course, convergence of the regulation task depends on the workspace of the remaining “artificial”
holonomic robot. It needs to be guaranteed that the initial state of the robot is sufficiently close
to the desired state at the end of the trajectory. This can be supported by a) choosing a suitable
trajectory, b) choosing the controller gains sufficiently high, and ¢) ensuring that phase 1 is long
enough. In this case, the aforementioned proof of exponential stability guarantees the fulfillment
of the requirement.

3.3.4 Experiments

First, the joint-level trajectory tracking experiments are performed only with the platform
subsystem, using the platform torque interface. Tracking experiments in task space using the
complete rover follow, including the regulation of a static equilibrium at the end of the trajectory.
During all experiments, the platform velocity and position are computed from the wheel odometry.
Wheel-ground contact forces are not considered, such that 7yg. = 0 in the control law. While the
experiments in this section analyze the tracking performance mainly w.r.t. different platform
control modes, the impact of different gains choices is experimentally investigated at the example
of a purely holonomic robot arm in Section 3.4.
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3.3 Whole-body passivity-based tracking control

Figure 3.9 LRU2 driving on volcanic soil during Experiment 3.6.

Tracking a joint-space trajectory with the platform subsystem

Considering only the platform subsystem, the analytical solution of the kinematic stability
condition (3.36) is

Uref = i\/(vy,des - Qy bg)Q + (Uz,des - Qx b£)2 (383)

Kref = wdes—_S)He (384)

Uref
b ~
Uy des — Qy y)

Pref = arctan (Ua: Q0,0 (3.85)

with (P, Py, 5) denoting the coordinate errors in rover frame, and 2, /,/9 > 0 the scalar gains in
the respective coordinate. When computing [,ef using the four-quadrant inverse tangent (e. g. the
Matlab atan2 function), the positive sign of the reference velocity vyef must be selected. The wheel
propulsion torques are distributed according to (3.12)—(3.14), such that the reduced platform
wrench 71, = § (q, ¢ref)TTp1f is generated by the platform torque interface. The corresponding
weights are chosen as Q% = diag(vy,i) +0.11, Q¢ = 100.

Experiment 3.6 — Tracking a sinusoidal trajectory with the platform on volcanic soil: A sinusoidal
example trajectory in (z,y, ) is commanded to the platform with a constant reference velocity
in z-direction of 0.05 m/s. The trajectory and the platform path in the z-y-plane are depicted in
Figure 3.10. In Figure 3.11, reference and measured position are plotted, followed by the error
values for the position coordinates. The controller gains are chosen as € = diag(0.1,0.1,0.1) 1 /s
and K = diag(1500 N/m, 1500 N/m, 150 Nm/rad). The (scalar) damping gain H is computed
w.r.t. K using the system mass of m = 42kg and the damping ratio ( = 0.5 according to
H = 2¢VSTKm. By inspecting Figure 3.11 it can be verified that the trajectory is followed
properly, and the errors are in the magnitude of 1-2cm. The errors result mainly from the

55



Chapter 3 Whole-Body Control

0.3
0.2

T

- = Desired position

T

— Measured position

0.1
S
£ 0
>
-0.1
-0.2
-0.3
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
rin m

Figure 3.10 Experiment 3.6: Tracking a sinusoidal trajectory with the platform on volcanic
soil. Desired (black dot-dashed) and measured (blue) trajectory for the mobile platform in (x,y)-
coordinates. From [Lak-+25].
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Figure 3.11 Experiment 3.6: Tracking a sinusoidal trajectory with the platform on volcanic soil.
a) Desired and measured trajectory in (x,y,#). b) Errors in (z,y, 6) directions. From |[Lak+25].
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3.3 Whole-body passivity-based tracking control

Gain  Unit Experiment 3.7 (Tracking) Experiment 3.8 (Contact)
Q, 1/s diag(0.7,0.5,0.5,0.1,0.1,0.1) diag(0.7,0.5,0.5,0.3,0.1,0.1)
Kuans N/m | diag(750, 750, 750) diag(525, 525, 525)

K. Nm/rad | diag(75,75,75) diag(52.5,17.5,17.5)

¢ - (0.7,0.7,0.7,0.7,0.7,0.7) (0.7,0.7,0.7,0.7,0.7,0.7)

L 1/s diag(0.1,0.1,0.1) diag(0.1,0.1,0.1)

G Nm/rad | diag(50,50,50) diag(3,3,3)

Table 3.1 Gains used for the experiments 3.7-3.8. The stiffness gain K is given as a combination
of the translational stiffness Kiyans and the rotational stiffness K. From [Lak+25].

unmodeled wheel-ground interaction forces, as the experiment is performed on volcanic soil, see
Figure 3.9. Thus, parts of the force transmitted through the wheels are used for soil deformation
instead of platform locomotion.

Note that the small tracking errors which are observed in Experiment 3.6 occur at comparatively
high stiffness values of K = diag(1500 N/m, 1500 N/m, 150 Nm/rad). However, the stiffness values
are reduced for the following task-space tracking experiments. In this case, the platform torque
controller features high errors and significant delays, among others due to the limitations of the
hardware that are listed in Section 2.1.3.

Task-space trajectory tracking with the complete mobile manipulator

The following experiments show the performance of the whole-body tracking controller in task
space, particularly comparing the use of the platform torque interface with a velocity-controlled
platform. Additionally, the 6-DOF arm mounted on the rover platform is now included in the
experiments. Therefore, a 6-DOF Cartesian trajectory is assigned to the end effector, which can
be inspected in Figure 3.12. The desired Cartesian DOF which do not appear in the figure are
kept constant at their initial values. Note that the command to stop the trajectory is manually
triggered by the operator. Thus, the final time and value of the trajectories vary between the
datasets. The end of the trajectory is discussed in Section 3.3.3.

Ezxperiment 3.7 — Cartesian tracking control of the end effector: The goal of the experiment is
to compare the performance of the whole-body controller using the platform torque interface and
the platform velocity interface. Therefore, the same trajectory is commanded twice, the results
are compared pairwise. The controller gains used for Experiment 3.7 can be inspected in Table
3.1. Again, the damping matrix H is computed depending on the configuration, using the Double
Diagonalization approach from [Alb+03]. The corresponding damping factors are given by (.

During the tracking phase, the kinematic redundancy is resolved following the simple task
augmentation approach described in Section 3.3.2. Thereby, the positions of the last three joints
of the arm (joints number 4, 5, 6) are used as additional task coordinates q,- After the trajectory
stops, only the position of joint 6 remains as null-space condition, while joints 4 and 5 are
additionally used to fulfill the Cartesian task.

In Figure 3.13, a 3D plot of both the platform trajectory and the trajectory of the end effector
is shown. The initial frame is given by the position of the platform at ¢ = 0s. Figure 3.14 shows a
comparison of the resulting tracking errors for both platform torque control and platform velocity
control. It can be observed that at the commanded high velocities (translational velocity of the
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Figure 3.12 Experiment 3.7: Commanded task-space trajectory for the tracking experiment.
(z,y,z) denote Cartesian coordinates of the end effector in a fixed initial frame, 1 is the yaw
angle corresponding to a yaw-pitch-roll (¢, 6, ¢) Euler angle parameterization. The trajectory
continues periodically until the end of trajectory is commanded at tq,q. At that time, all desired
values remain constant. From [Lak+25]|.

end effector up to 0.14m/s), tracking errors are significant for platform torque control. Notably,
the tracking performance is significantly better with platform velocity control. To quantify the
tracking performance, the root mean square error (RMSE) for the platform velocity control is
computed as 2.2 cm for translational deviations and 4.6° for rotational deviations (parameterized
in Euler angles). For the platform torque controller, the translational RMSE is 4.8 cm, the
rotational RMSE is 9.9°. The values are visualized in the bar diagram Figure 3.15. Thus, the total
tracking error at the end effector is approximately 2.2 times larger for platform torque control
than for platform velocity control. This can be explained with the superior performance of the
wheel velocity controllers compared to the wheel torque controllers. The performance of wheel
velocity control versus wheel torque control can also be verified by inspecting Figure 3.16, which
shows the tracking of the reference values for the platform. The position-controlled steering
angles are depicted in Figure 3.16 b) and c), which show the tracking of fef and kper. It can be
verified that the underlying steering controllers can follow the steering configuration properly,
apart from initial re-orientation effects in the first approx. 2s after the start of the trajectory.
Figure 3.16 a) shows the tracking of the reference velocity vef. It can be observed that the
reference velocity is limited to 0.5m/s. This is a safety feature implemented to protect robot
and user. The limit is active in the first 3s, when the steering configuration is not yet reached
and thus, no lateral velocity is created by the wheel torque or velocity controllers. Afterwards,
the platform velocity controller is able to follow the reference velocity, while the wheel torque
controller does produce significant tracking errors, combined with time delays of up to 2.5s
(cf. Figure 3.16). Again, this can be explained by the missing compensation of wheel-ground
interaction effects, and the lack of performance of the low-level wheel torque controllers combined
with lower stiffness gains K, compared to Experiment 3.6. The influence of the errors produced
by the wheel torque controllers can also be inspected in Figure 3.17. The upper two plots a)
and b) show the commanded torques and the resulting joint positions for the first three arm
joints. While in the kinematic control case the arm positions remain more or less constant after
the initial phase (which also contains the 10 cm ramp in z-direction), it can be verified that the
commanded joint torques for the arm partially compensate for the platform errors due in the case
of platform torque control. The effect is also illustrated in the video that accompanies [Lak+25].
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Figure 3.13 Experiment 3.7: Trajectory tracking. 3D plot of the platform and the position and
orientation of the end effector. The position of the platform center at ¢t = 0s is (z,y, 2z) = (0,0,0).

From |Lak-+25].
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Figure 3.14 Experiment 3.7: Comparison of the tracking errors for platform torque and velocity
control. a) Translational errors (7,7, Z). b) Rotational errors parameterized in YPR-Euler angles
(1,0, ¢). From [Lak-+25].
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Figure 3.15 Experiment 3.7: Comparison of the RMSE of the coordinates of the end effector for
platform velocity control and platform torque control. From [Lak+25].

The joint positions for joints 4 to 6 (additional task coordinates) can be inspected in Figure 3.17 c).

Ezxperiment 3.8 — Trajectory tracking with physical contact: In the following experiment, the
behavior of the controller in the presence of external disturbances is investigated. The experiment
is performed with the wheel torque controller, demonstrating active compliance of the platform.
In order to highlight the compliance of the controlled system, the stiffness gains are chosen
softer than in Experiment 3.7, see Table 3.1. The end effector tracks a line trajectory with
Tdges = —Hcm/s, while an operator disturbs both platform and end effector manually. A series of
snapshots from the experiment can be inspected in Figure 3.18.

It can be verified that both platform and end effector are disturbed in different directions while
the end effector follows the desired trajectory. The resulting positions of platform and end effector
can be inspected in Figure 3.19. Figure 3.20 shows the Euclidean norm of the translational and
rotational DOF of the end effector. The snapshot pictures from Figure 3.18 are linked to the
shown data by printing the respective letter from the caption of the subfigures upon the plot.
It can be observed that the rotational errors due to the disturbance are not converging after
releasing the system at ¢ = 26's, probably due to the small gains. However, the translational errors
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Figure 3.16 Experiment 3.7: Comparison of the performance of platform torque and velocity
controller. a) Tracking of the reference velocity v. b) Tracking of the lateral driving angle 5.
c) Tracking of the curvature x. From [Lak+25|.
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Figure 3.17 Experiment 3.7: Comparison of commanded torques and measured angles for
the robot arm. a) Commanded torques for joints 1, 2, 3. b) Measured angles for joints 1, 2, 3.
c¢) Reference values and measured angles for joints 4, 5, 6 (additional joint-space potential for
redundancy resolution). From |Lak+25].
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z-direction.
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Figure 3.18 A series of snapshots from Experiment 3.8. The manual disturbance of both end
effector and platform are depicted with their respective timestamps. The snapshots are linked to
the corresponding data (Figure 3.20 and Figure 3.21) by the subcaptions a)-h). From [Lak+25].

are in the magnitude of centimeters and diminish when no external force is present. The effect of
the external disturbance on the platform is visible in Figure 3.21, where the kinematic parameters
of the platform are depicted. It can be seen that the reference values for the lateral driving
angle Bror and the curvature k.or change depending on the deviation of the end effector, e. g. at
a), b) and c), when the end effector is disturbed in different directions. The active compliance
of the platform becomes visible especially in the upper plot, where the tangential velocity is
depicted. At e), the operator stops the platform manually. Therefore, the measured velocity vpg;
becomes zero. However, the arm is (partly) capable to compensate for the external disturbance
by stretching out, as can be observed in Figure 3.20 and Figure 3.18 d)-f).

0.2
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Figure 3.19 Experiment 3.8: Measured position of the platform and the end effector. Both the
end effector and the platform are disturbed manually during the tracking phase. From |[Lak-+25].
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Figure 3.20 Experiment 3.8: Euclidean norm of translational (blue) and rotational (green)
errors at the end effector. Phases with disturbance of the end effector are highlighted in yellow,
disturbance of the platform is highlighted in green. The letters a)-h) at the upper line of the plot
correspond to the snapshots in Figure 3.18. From [Lak+25|.

Regulation of a desired pose of the end effector

To verify the two-phase concept for a static end point regulation, the end of trajectory of
Experiment 3.7 is inspected in detail in Figure 3.22 and Figure 3.23. Here, only the last two
seconds before the end of trajectory are depicted to show the convergence in detail. In Figure 3.22,
one can see that the errors converge continuously after stopping the trajectory. The energy
function V,, from (3.68) is plotted in Figure 3.23. It is the sum of the potential energy-like
part Vz y not = %:Y;TKI% (plotted in blue dashed), the kinetic-energy-like part V, ; kin = %STMS
(green dash-dotted), and the potential energy of the null space function, V; , ns = %agGay (yellow
dash-dotted), which are also visible in the plot. Note that the null space energy jumps due to the
drop of null space coordinates at ¢t = tonq. It can be verified that the sum of energies increases
slightly after the end of the trajectory, and then continues converging to zero.

3.3.5 Résumé

In comparison to the whole-body impedance controller from Section 3.2, the presented passivity-
based tracking controller offers the possibility to change the direction of the possible platform
motion by steering the wheels automatically, depending on the task. This makes the approach
available not only for local manipulation tasks, but also for driving the platform to a desired
destination. In the context of a planetary exploration mission, the controller can be used globally,
both for locomotion (in this case, a joint-space tracking controller using the platform velocity
interface is suggested in order to exploit the superior platform tracking performance), and for
manipulation (switching to the platform torque interface to support active whole-body compliance
in the vicinity of the object of manipulation). A particular advantage in this context is the
possibility to utilize the same control law for a regulation task, covering also the end of the
trajectory.

The derivation of the control law is based on a number of specific assumptions. First, the
kinematic parameters ¢ and their derivatives qb are assumed to be bounded. It has to be mentioned
that this assumption depends on the particular choice of the kinematic parameters ¢, and thus
may limit the physical capabilities of a mobile platform. For example, the kinematic structure of
the LRU2 allows the system to turn on the spot, but the choice of a bounded ket does not include
this kind of motion. If instead the position of the ICR is chosen as kinematic parameter, the
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Figure 3.21 Experiment 3.8: Kinematic platform parameters during the contact experiment.
Physical contact with the end effector is highlighted in yellow, disturbance of the platform is
highlighted in green. The letters a)-h) correspond to the snapshots in Figure 3.18. From |[Lak-+25].
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Figure 3.22 Experiment 3.7 (platform torque control): Euclidean norm of the translational
(blue) and rotational (green) errors at the end effector. The plot shows the time span two seconds
before until four seconds after the end of the trajectory. From [Lak+25].
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Figure 3.23 Experiment 3.7 (platform torque control): Energy function at the end of the
trajectory. The storage function V., (magenta) is the sum of the kinetic part V , xin (green
dash-dotted), the task space potential V, 4 ot (blue dashed), and the additional joint space
potential, V., ns (yellow dash-dotted). From [Lak+25].
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platform cannot move straight, as the ICR coordinates would become infinite. Still, a reasonable
subset of trajectories can be implemented assuming a smart choice of kinematic parameters.
However, there might always be instantaneous violations of this assumption (e.g. 5 can jump due
to the value range of the arctan function). Furthermore, a detailed discussion of the underlying
modeling assumptions, in particular the performance of the low-level steering and wheel propulsion
controllers, follows in Chapter 5. These assumptions mainly concern the hardware capabilities, and
are thus no limitation of the algorithms in general. Indeed, the experiments verify that the control
approach is applicable even if the hardware does not perfectly comply with the assumptions (the
limited steering velocity can be mentioned as an example).

Summarized, the presented algorithm offers a broad field of application in different senses. First,
it is based on classical passivity-based control concepts, which are fairly well-known and understood
in theory and practice. The implementation of the kinematic solutions for the parts of the system
equations subject to nonholonomic constraints can be solved and implemented straightforwardly.
Second, it is applicable to a wide variety of robotic systems, particularly nonholonomic WMRs
with different platform characteristics. The automatic generation of steering angles from a given
task-space trajectory renders a dedicated platform trajectory planning redundant. Hence, the
algorithm is particularly suited for scenarios with unknown or unforeseen external disturbances.
This includes, besides the autonomous performance of different tasks in an unknown environment,
the broad field of applications involving human-robot collaboration.

For all these reasons, the mentioned control law seems promising not only for the use in
the context of planetary exploration, but also in industrial applications involving human-robot
collaboration. Consequently, the following section can be understood as an excursion, exploring
the basic properties of the passivity-based control law by means of a holonomic robot arm and in
regard of human-robot interaction.

3.4 Passivity-based tracking control for holonomic robots

The whole-body control approach presented in Section 3.3 has shown great potential for the control
of nonholonomic planetary rovers in a space exploration scenario. On the other hand, advantages
of the control law in regard of human-robot collaboration were identified, particularly the active
compliance of manipulator and platform. The properties of the passivity-based torque control law,
particularly the convergence behavior and the meaning of the gains w.r.t. contact properties,
are investigated in this section. In order to facilitate the theoretical and experimental analysis,
and leaving aside the peculiarities of the wheeled subsystem, the aforementioned tracking control
law is applied to a purely holonomic robot arm. The resulting control law can be understood as
a combination of the well-known PD-+ control law [PP88] and the Slotine-Li controller (SLC)
[SL87]. Therefore, the control law is referred to as Generalized Robot Tracking Controller (GTC).
While mentioned a couple of times in the literature before (in fact, [SH90| first mentioned the
control law, but without performing a detailed theoretical or experimental analysis of the control
law itself), a detailed investigation of the properties of the GTC in the context human-robot
cooperation was only recently performed in [Lak+24].% For the sake of comparability and clearness,
the following considerations assume perfect model knowledge, which makes a parameter adaption
law as originally added in [SL87] and [SH90| obsolete.

9Consequently, the following section partly corresponds to [Lak-+24].
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3.4.1 Brief introduction of PD+ and SLC

In the following, the PD-+ as well as the Slotine-Li controller are briefly recapitulated, before
proceeding to a detailed discussion of the GTC.

PD+ controller
The augmented PD or PD+ controller is first introduced in [PP88|. The control law is

TPD+ = Mm(n)ﬁdes + Cm(na ,';I)I’;]des + gm(n) - Km?’ - Dm(TI)T? (386)
with the s.p.d. gain matrices Ky, € R™*" and Dy,(n) € R"*"™=_ Applying (3.86) to (2.25)
yields the closed-loop dynamics

Mo (7, )0 + (Coa(@, 0, 1) + Do (7, )77 + KinT) = Tomoxt - (3.87)

For Tmext = 0, it is possible to show uniform exponential stability of (7%, ﬁ*) = (0,0) with the
Lyapunov function
~ L 1.1 ~ Nt 1 _7 ~ T ~ N~

Vep+ (1.1, 1) = 50 M (1, 8)7 + 577 Kty + e Min (7, 8)7 (3.88)
(and some intermediate considerations). Thereby, € > 0 is a sufficiently small constant. A detailed
proof of stability is given e.g. [MLS94, pp. 194-195]. One big advantage of the use of a PD-+
controller is the direct realization of a desired contact stiffness and damping through K, and
D(n), respectively. However, the convergence rate of the tracking errors cannot be computed
exactly, as the value of € is not specified.

Slotine-Li controller

The control law, omitting the parameter adaption due to the assumption of a perfect model
knowledge, is derived as [SL87]

TSLC = Mm(n)ﬁref + Cm(n’ lf’)href + gm(n) - Hm(n)a7 (389)

introducing the s.p.d. gain matrix Hy,(n) € R™*™=_ The reference trajectory is constructed as a
combination of the desired velocities and the weighted position errors as

";’ref = ﬁdes - Qm?’v (390>
with the diagonal p.d. matrix €, € R"*"m_The so-called sliding variable o is defined as
O =) = et = 1+ Q). (3.91)
The resulting closed-loop dynamic equations are
My (n,t)o + (Cn(n,0,t) + Hyn(1,1))0 = Tmext (3.92)
n=0— Q. (3.93)

In [SOK90], uniform exponential stability of the origin (n*,0*) = (0,0) for the undisturbed
system is shown using the Lyapunov function

~ 1 ~ ~ ~
Vorc(i, 0, t) = 50" Min(1,1)0 + 1" Qo Hin) (3.94)

assuming that Hy, is constant and diagonal. Moreover, it is possible to directly show passivity of
(3.92)-(3.93) with input 7Ty, ext and output o using (3.94) as storage function. One advantage of
the SLC compared to the PD+ controller is that the convergence of the error state (1, 7~7) can
directly be specified through Hy, and €,,. On the other hand, assigning a decoupled interaction
stiffness and damping is not possible by choice of the gains.
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3.4.2 Generalized robot tracking controller

In fact, some theoretical and practical drawbacks arise from the use of PD+ controller and
SLC. The most obvious is that for both control laws, the stability analysis uses Lyapunov
functions which are not directly related to the physical energy of the system. Thus, computing the
convergence rate of the tracking errors does not necessarily give information about the decay of
potential and kinetic energy of the robot. Also, tuning the gains is restricted to either influencing
contact properties directly (PD+) or tuning the pure tracking performance (SLC).

To address the aforementioned disadvantages, the GTC will be reviewed in the following from
[Lak+24]. Summarized, the GTC features the following beneficial properties:

a) Uniform exponential stability with a more physically motivated Lyapunov function than
for PD+ (3.88) and SLC (3.94), which allows to examine potential as well as kinetic
"pseudo-energy” (originating from the deviations from the desired trajectory).

b) Independent parameterization of contact stiffness and damping gains (in contrast to SLC).

¢) The possibility to impose an exponential convergence rate directly by choice of the gains
(in contrast to PD+).
The control law was first mentioned in the literature in [SH90]. A slightly modified version!® can
be derived by applying the passivity-based tracking control law from the previous section to the
manipulator subsystem only. The resulting control law is

Tare = M (1)Tet + Cu(1M, M) Mot + g () — K — Hi(n)o (3.95)

with the uniformly bounded s.p.d. gain matrix Hy,(n) € R™*™ and the diagonal p.d. gain
matrix K, € R™ > Applying (3.95) together with (3.90) and (3.91) to the dynamic equations
of the robot arm (2.25) results in the closed-loop equations

Mm(ﬁ? t)O' + (Cm(ﬁ; g, t) + Hm(ﬁ, t))O' + Km’?, = Tm,ext (396)
nN=0— Q7. (3.97)

A corresponding Lyapunov function candidate Vgro : @ x R™ x RT — R is proposed as
_ 1 7 ~ 1o -
Varc(n, 0,t) = 507 Mu(®,t)o + 51" Kun, (3.98)

which is positive definite in (1, o) for all ¢. The time derivative of (3.98) along the trajectories of
(3.96)—(3.97) is readily computed as

VGTC (ﬁv g, t) = O'TTm,ext - O'THm(ﬁv t)O’ - ’;;TKQOﬁ . (399)

For T ext = 0, (3.99) is negative definite in (1, o) for all ¢ due to the definition of K, and £, as
diagonal p.d. matrices. Following the same line of argumentation as in the proof of Proposition 1,
it is then possible to determine time-independent upper and lower bounds for Vgrc(n, o, t):

~ 1. . 1 . -
Vere(n o) = 5 inf min Ai(Miw(m) || + 5 i s (o) [17]] (3.100)
— ~ 1 1 ~
Varo(®, o) = 5 Sup max MM (m))l|or|| + 5 max Ai (Ko 7] (3.101)
T]E 1 3

"Modification mainly in terms of notation. Also, [SH90] introduced scalar gains instead of gain matrices.
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Control Law ‘ n: Effective P-Gain ﬁ Effective D-Gain
PD-+ -K —Dy,(n)

SLC —Con (1, ) — i (1) — M (1), — Hin (1)
GTC _Cm(nv n)ﬂm - Hm(n)ﬂm - Km _Mm(n)ﬂm - Hm(n)

Table 3.2 Comparison of the effective control gains of PD+, SLC and GTC. From [Lak-+24].

such that Vpo(n, o) < Vare(n, o,t) < Vare(n, o) holds. Moreover, (3.99) is bounded by

Varc(n, o) = —ggfg min Ai(Hw(n)) o] - min i (Ko ) [[77]1% (3.102)
such that
VGTC(,?]v g, t) < VGTC(?Ia U) <0 v(lﬁv U) 7& (07 0) : (3103>

Uniform exponential stability of the equilibrium (n*,0*) = (0,0) follows directly from the
exponential stability theorem (see Theorem 1 in Appendix A.1.2).

Remark 9. Again, the Lyapunov function (3.98) is radially unbounded for n € Q. In this sense,
the proof of stability holds “globally” for the relevant working space of the robot.

Remark 10. For the sake of completeness, it should be mentioned that the stability properties
derived for (7, 0) do also apply for the full system error state (1,1), as o can be considered as
input of the asymptotically stable n-dynamics (3.97). Thus, convergence of o directly implies
convergence of 7, cf. [SLI1, p. 399].

Remark 11. With (3.98) and (3.99), passivity of (3.96)-(3.97) w.r.t. the power port (Tm ext, o)
can be concluded.

3.4.3 Discussion of some properties

As mentioned above, the GTC combines components from the PD+ and the SLC. In particular,
both of these classical control algorithms can be derived as corner cases of the GTC:

e For Q,,, — 0, (3.95) becomes a PD+ controller (3.86).
e For K,;, — 0, (3.95) becomes a Slotine-Li controller (3.89).

Comparison of the control gains: In order to compare the control gains, the SLC and GTC
control laws (3.89) and (3.95) are written in in the form of the PD+ control law (3.86), i.e., the
“t7-part equals the first three terms of (3.86), and is contained in all three control laws. The
other parts are sorted by 1 and ﬁ The resulting proportional and derivative gains are denoted as
effective control gains. They are listed in Table 3.2.

It can be seen that the SLC as well as the GTC introduce dynamic couplings in the feedback
terms. For the SLC, stiffness and damping are coupled via the choice of Hy,(n) and Qy,. The
additional proportional gain K, in the GTC allows a “decoupling” of effective stiffness and
damping (i.e., you can change the effective stiffness by choosing a suitable K, without changing
the effective damping). This might be beneficial under certain circumstances, e. g. when intrinsic
elastic properties of a system can be used in order to perform a motion more efficiently. In practice,
it is possible to implement and tune an SLC, and then add the additional stiffness term K77 in
order to adjust or improve convergence and/or compliance behavior.
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Parameterization of stiffness and damping: An interesting possibility for gain tuning is to look
at K, as influencing the behavior in physical contact situations. From (3.96) and (3.97), it can
be verified that the perceived contact stiffness behavior is (HpyQm + Km)1 = Tm.ext by regarding
the static case 11 = 1q,s = 0 and 1) = 74, = 0. This means that with a given choice of Hy, and
Q,, it is possible to enforce a desired contact behavior K, o1 = Tm,ext by setting

Km = Km,eff - Hmﬂm- (3104)

However, K, must be positive definite to ensure stability with the given Lyapunov function
(3.98). In other words, the perceived contact stiffness for the GTC should be chosen always
equal to or larger than H,,€2;, (which is the perceived contact stiffness of the SLC). In order to
overcome this theoretical restriction, another Lyapunov function candidate is proposed:

L | |
Viro(@,0.t) = 50" Muo + 50t Knfl + 7' HuSu), (3.105)

where H, equals the gain matrix Hy, from (3.95), which is additionally required to be constant
and diagonal. Then, the time derivative w.r.t. (3.96)-(3.97) is

T = — ~
r% _ n Kmﬂm + 2Hmﬂr2n _Hmﬂm n
VGTC - <0.) < —(Hmﬂm)T Hm o (3'106>
which is negative definite if H,, >~ 0 and
Ko Qu +2H Q2 — (Hpo Q) H ' H Q0 - 0 (3.107)

according to the Schur complement condition [Zha05]. Choosing Ky, = YH 1, Qu, it can be verified
that

(y+1)H Q% =0, (3.108)

which holds for v > —1. This shows that the effective stiffness of the GTC can be changed from
arbitrarily close to zero up to higher stiffness values compared to the SLC. The effect is also
shown in the experiments at the end of this section.

Convergence properties: Similar to the considerations in Section 3.3.1, it can be observed
that the decrease rate of the energy function depends on the gains Hy, and K, Qy, (cf. (3.102)
and (3.103)). In this case, weighting K, versus €y, “shifts” the behavior of the closed-loop
system between convergence of the position error within the sliding variable in (3.97) and the
parameterization of a desired stiffness (choice of K,).

A remarkable observation can be made by inspecting the Lyapunov function and its derivative
at Tmext = 0: Making the particular choice of gains

Hy,(n) := aMy(n) (3.109)
Q= al (3.110)

with some constant o > 0, it can be verified that

Vare = —2aVarc . (3.111)
and thus
Vare(t) = Vare(to) e 2U10) (3.112)
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Gain  Unit ‘ Experiments 3.9 and 3.10 (Tracking) Experiment 3.11 (Contact)
Qn  1/s diag(30, 30, 30, 30, 30, 30, 30) diag(30, 30, 30, 30, 30, 30, 30)
H,, Nms/rad | diag(50,50,50,20,10,5,5) diag(15,15,15,6,3,1.5,1.5)

Table 3.3 Gains used for the experiments 3.9-3.11.

Note that similar considerations exist for the SLC, cf. [SLI1, pp. 409ff.]. However, the storage
function Vgro(t) can be interpreted as a “pseudo-energy”, originating from the deviations from
the desired trajectory. In that sense, the convergence rate is physically more meaningful as the
convergence rate of the SLC.

As the considerations above hold independent of K, tuning the GTC boils down to the choice
of ay, specifying the decay rate of the storage function. Then, K, can be chosen independently,
weighting the “potential energy”™like term vs. the “kinetic energy’-like term in (3.98) and thus,
again, as shifting a constant convergence rate between 1 and o

Remark 12. For the particular choice (3.109)—(3.110), a configuration-dependent contact stiffness
results:

Kot = &> My (n) + Ky . (3.113)

This means that it is only possible to specify a contact stiffness at a given operating point.
Moreover, the position and velocity error feedback terms in the control law (3.95) become inertia-
dependent. In general, this can be problematic in terms of robustness, as unmodeled disturbances
as e. g. friction can destabilize the system (see e.g. [Die+21]| for a detailed discussion).

Remark 13. It is possible to extend (3.109) by a second (positive, possibly time-dependent)
parameter ((t), such that

Hy,(n) == (a+ B(t))M(n) (3.114)
Qn:=al. (3.115)

In this case, the equality (3.112) becomes a “less or equal”, which means that the given exponential
function becomes an upper bound for the real convergence.

Remark 14. For the sake of completeness, it shall be mentioned that the GTC algorithm can
straightforwardly be extended to the task space, analog to the passivity-based tracking controller
for nonholonomic systems. Details are given in [Lak-+24].

3.4.4 Experiments

Finally, an experimental study of the tracking and interaction performance of the GTC is
performed |Lak+24|, using a commercially available robot arm, the KUKA LWR IV+ [Bis+10].
The manipulator features seven revolute joints, see Figure 3.24 a). The controllers for the
experiment are running in 1kHz. The resulting joint torque commands are processed by low-level
joint torque controllers operating at 3kHz, cf. [AOHOT7|, [Ott-+08]. A selection of experimental
results is shown in a video available at https://www.youtube.com/watch?v=rQcEfocGjVY.

Ezxperiment 3.9 — Tracking performance: The first experiment is performed to examine the
tracking performance of the GTC in comparison to the SLC. Note that the effective P- and
D-gains are configuration-dependent for SLC and GTC, while they are constant for PD+ (cf.
Table 3.2), thus a comparison of the tracking performance of GTC and PD+ is not considered
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Figure 3.24 a) The KUKA LWR IV+ in its initial pose for the tracking experiments 3.9 and
3.10. b) Comparison of joint position and velocity errors for different stiffness parameterizations
(cf. Experiment 3.9, undisturbed trajectory tracking). From [Lak-+24].

meaningful. Thereby, the gains of the baseline SLC implementation are manually tuned to reach
decent tracking performance. The resulting gains €, and Hy, are given in Table 3.3, while the
value of Ky, is set to different values in order to compare the result on the tracking performance
of the GTC. In order to incorporate the different load and motor characteristics of the single
joints, K, is chosen proportional to Hy,.

Figure 3.25 a) shows the desired trajectory for all seven joints of the LWR, while Figure 3.25 b) and
¢) depict the Euclidean norm of the joint position errors and the joint velocity errors, respectively.
It can be verified that the position error norm decreases with higher values of K,,, whereas the
velocity error does not change significantly. This finding can be explained with the effect of K,
on the effective gains (cf. Table 3.2). In fact, adding a positive K;,n to the GTC control law
increases the effective P-gain, but does not influence the effective D-gain.

The second question is how a negative value of K, (and thus a decreased effective stiffness)
influences the tracking performance of the GTC. Therefore, a value of K, = —H,Qy, is added
to the analysis. Figure 3.24 b) shows the resulting RMSE of the corresponding positions and
velocities, in comparison to the SLC and two parameterization with increased effective P-gain.
The results validate that choosing K, negative up to K, = —H, 2, yields a stable behavior,
while the perceived stiffness K, o of the SLC controller is reduced until K, ;¢ = 0. In that case,
the position error is significantly higher than for the positive effective stiffness values, as the
position tracking errors do not converge anymore but sum up over the course of the trajectory.
However, the velocity error does still converge for K, = —H,$2y,, as the RMSE(q) confirms. In
the video, it is visible that the overall tracking performance still looks comparable to the other
stiffness parameterizations. This shows that it is indeed possible to choose the effective P-gain
and effective D-gain completely independent. Remarkably, it is possible to assign an arbitrary
contact stiffness (up to zero effective stiffness) to a given SLC implementation by using the GTC.

Experiment 3.10 — Tracking in the presence of external torques: For the second experiment,
the same trajectory as in Experiment 3.9 is commanded. In order to investigate the effect of
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Figure 3.25 Experiment 3.9: Undisturbed trajectory tracking. The gains are selected according
to Table 3.3. a) Desired trajectory 74 in joint space. b) Euclidean norm of joint position errors
Im]|2 for different values of Kj,. ¢) Euclidean norm of joint velocity errors ||n]|2 for different values
of Ky,. From |Lak+24].

disturbances on the tracking performance, virtual external torques of 420 Nm are applied at
the first three joints between ¢t = 1s and t = 3's, see Figure 3.26 a). The tracking results for two
parameterizations are shown in Figure 3.26 b) and c).

Another question investigated with this experiment is how good the theoretically computed con-
tact stiffness would be perceived in a contact situation with the robot moving on a trajectory. This
can be estimated comparing the measured joint deflections caused by the virtual external torques
to the expected joint deflections which are computed for the static case as ncomp K tHTeXt virt -
Figure 3.26 d) shows the achieved joint stiffness for joint 2 exemplarily. The dashed lines denote
the computed joint deflections, the other lines are the measured joint position errors. Deviations
originate among other things from the Coriolis terms in the effective P-gain (cf. Table 3.2), which
is present during the execution of a trajectory. Still, it is visible that the measured joint deflections
fit the stiffness parameterization.

Experiment 3.11 — Physical interaction: Experiment 3.11 shows a static regulation case involving
physical interaction with a human operator. Thereby, the robot is commanded to maintain
the initial configuration n4,s = (—7/2,7/2,0,0,0,0,0) rad. The external torques applied by the
operator are estimated using the momentum-based observer from [De +06; HDA17|, with the
observer gain chosen as 25s~!. In order to investigate the effect of the perceived stiffness during
interaction, the parameter H,, is reduced by a factor of 2/3, cf. see Table 3.3. K, was chosen as
K, = -Qu.H,, K, =0s'H,, (which is equal to the SLC), and K, = 100s~! Hy,, respectively.
The stability and the contact behavior can be inspected in Figure 3.27 and Figure 3.28, which
show the estimated external joint torques (plot f)) together the measured joint deflections (plot g)).
Snapshots of the corresponding operator actions complement the measurements, indicated by a)—e).
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Figure 3.26 Experiment 3.10: Trajectory with virtual external torques. The gains were chosen

as in Experiment 3.9. a) Virtual external torques applied to the first three joints. b) Euclidean

norm of joint position errors ||n||, for the GTC compared to the SLC. ¢) Euclidean norm of joint

velocity errors |||z for the GTC compared to the SLC. d) Measured joint position deviation

of joint 2 vs. computed joint position error. The error was computed for the static case as
K i{%ﬂ‘rm’ext,virt. From |[Lak-+24].

Tlcomp. =8By

The first observation is that the GTC is stable with all chosen gains, even with very high per-
ceived stiffness Ky et = K + HynQm = diag(1950, 1950, 1950, 780, 390, 195, 195) Nm/rad and
with zero perceived stiffness at K, = —H,Q,,. Second, is can be verified that the external
torques are in the same order of magnitude for all parameterizations. However, the corresponding
joint errors are smaller and converge faster for the higher stiffness K, = 100s~ ' H,,, whereas the
application of external torques leads to remaining deviations in the joint angles for zero effective
stiffness. This result validates both the stability and the theoretically resulting perceived stiffness
property of the GTC.

3.4.5 Résumé

The GTC algorithm can be used for trajectory tracking of robotic arms in the joint space, an
extension to the task space is possible. Regarding the implementation, the GTC is not expensive
(adding a position feedback term to an SLC-implementation is sufficient). As pointed out in
Section 3.4.3, it is then possible to create both a PD+ controller and an SLC as corner cases
by proper selection of the respective gains. From this insight, different possible gain tuning
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Figure 3.27 Experiment 3.11: K, = 0 (SLC). Physical interaction with a human operator. €2y,
and H,, are given in Table 3.3. a)-e) Snapshots from the video. f) Joint torque disturbances,
estimated using a disturbance observer. Note that the estimations are only qualitative and are
plotted to give an impression of the actions of the human. g) Measured joint position errors. From
[Lak-+24].

strategies arise. One of several possibilities is experimentally examined, where an existing SLC
implementation is used as a baseline w.r.t. the trajectory tracking behavior. The additional
P-gain is then used to adjust the stiffness according to the task (either tracking or interaction).

Remarkably, it could be shown that the effective stiffness can not only be increased but also be
reduced compared to the SLC, while maintaining the full velocity tracking performance. If the
model is sufficiently good (or the controller is used together with a parameter adaption part as
introduced in [SH90]), this creates the possibility to realize a high tracking performance, while
the contact stiffness is still low. This property predestines the GTC among others to human-robot
interaction scenarios.

Regarding the use in planetary exploration scenarios, the presented analyses of the GTC

can contribute to a deeper understanding of the whole-body tracking control law proposed in
Section 3.3, and thus facilitate a task-consistent choice of the controller gains.
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Figure 3.28 FExperiment 3.11: Physical interaction with a human operator. Upper figures:
K,, = 100H,,, (increased effective stiffness). Lower figures: K, = =, H;, (zero effective
stiffness). a)-e) Snapshots from the video. f) Joint torque disturbances, estimated using a
disturbance observer. Note that the estimations are only qualitative and are plotted to give an
impression of the actions of the human. g) Measured joint position errors. From [Lak+24].

76



CHAPTER 4

Wheel-Ground Interaction

From the preceding chapter, it becomes clear that one of the limiting factors for the tracking
accuracy at the end effector is the presence of unmodeled wheel-ground interaction effects.
Therefore, it is clearly desirable to estimate and compensate effects like slip in order to improve
the whole-body tracking performance.

But, even more crucial when it comes to autonomous exploration, wheel slip effects negatively
affect essential autonomy skills such as the self localization of the rover, if it uses wheel odometry
measurements [Yos09]. This is particularly the case when traversing longer distances in rough
terrain. An impressive example for the issues arising from an erroneous self localization are
the Mars Exploration Rovers Spirit and Opportunity. Even though the design average traverse
speed of the rovers was limited to 100 m/day (among others due to the risks inherent in target
designation beyond 100 m), Spirit’s wheels sank into a sand trap while climbing a slope in 2009,
after traversing 7.73km in 6 years and 3 months [Ell16, p.68].

Summarized, slip estimation and compensation are substantial factors for the success of ground-
based planetary exploration missions. Not only the exploration part is concerned, where longer
distances have to be traversed without the possibility to obtain external measurements of the
rover position. Also local manipulation tasks utilizing the compliant whole-body controller rely on
a proper treatment of the wheel-ground interaction. In view of the scenario, the chosen approaches
for slip estimation and compensation have to consider both limitations of the hardware and the
on-board computers, and external conditions (for example the lack of ground truth position data).

Let us assume that the rover is deployed on a foreign celestial body, where the terrain properties
cannot always be assumed to be known a priori. The first question which arises in the context
of wheel-ground interaction is how to model the observed effects without a priori knowledge
of the soil. In this case, the behavior of the robot in combination with the environment can
only be determined by the available on-board sensors of the rover, without relying on external
measurements. The obtained information can then be used in order to improve the on-board self
localization of the robot. Thus, the first part of this chapter explores a possibility to estimate
the slip and compensate it in the wheel odometry measurements, using a parameterized slip
model. The resulting corrected velocity measurement is called slip-aware wheel odometry. The
performance of the slip-aware wheel odometry is evaluated with respect to the rover’s pose
estimation algorithm, based on experiments in the context of the ROBEX Moon-analog mission.
The experiments imply that the applied parameterized slip model does indeed improve the
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Chapter 4 Wheel-Ground Interaction

correctness of the wheel odometry measurements, but the performance is still stretched to it’s
limits at the Moon-analog test site.

Recapitulating these results, machine learning is identified as a promising approach. Conse-
quently, the second part of the chapter presents the setup and the results of a test campaign
which was performed in order to evaluate the use of machine-learning techniques in the context
of planetary exploration. Thereby, a deep neural network (DNN) component is combined with a
modular tracking control concept. The resulting tracking performance is analyzed in comparison
to a conventional tracking controller.

4.1 Slip modeling and estimation: improving the wheel odometry

VO WO IMU

\V

A&yvo, Evo
./

Pose estimation (EKF)

Figure 4.1 Structure of the Extended Kalman Filter (EKF) for pose estimation. The EKF fuses
input measurements from the visual odometry (VO), A&y (pose difference between two samples),
with measurements from the IMU (the IMU biases are estimated in the filter), and the estimated
translational velocity from the wheel odometry (WO), considering the measurement noise Zyo
and Ewo. The WO computation is extended by a slip estimation module, which models the slip
on body level using the parameters p. Note that only translational velocities from the WO are
used in the EKF. The WO measurements are computed in the instantaneous plane of motion,
thus v, = 0.

In a planetary exploration scenario, the rover is used to explore previously unknown terrain
without ground-truth position measurements such as GPS. In this case, the rover gradually
builds a map of its environment and localizes itself in this map, using simultaneous localization
and mapping (SLAM) techniques. An elaboration of the collaborative localization and mapping
algorithms used on the LRUs is given in [Sch+19].

In general, the rover pose w.r.t. a fixed frame in the global map is estimated by an on-board
fusion of different sensor signals using an Extended Kalman Filter (EKF). The filter concept is
based on the concepts introduced in [Sch+12| and [SRB14], and is used for self-localization in
unknown environments. It is clear that the quality of the self-localization is a crucial factor for
the success of autonomous robotic exploration tasks.

The structure of the EKF can be inspected in Figure 4.1. The Pose Estimation module (the
actual EKF) receives input values from three main sensor units: The first input are measurements
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from the visual odometry (VO), which consist of 3D-pose differences A&y in a comparatively
low frequency of 14 Hz. The second input are measurements of the translational accelerations and
the rotational velocities of the rover body, provided by an IMU at 100 Hz. Last, the translational
velocity computed from the wheel odometry is fed into the EKF. The latter two inputs feature
high rates of 100 Hz, but also higher measurement noise Z. In order to incorporate the different
sensor characteristics in the filter output, the covariances of each input are provided and processed
by the filter algorithm as detailed in [Sch+12].

In order to improve the self-localization in the context of the ROBEX Moon-analog mission on
Mt. Etna, the wheel odometry was extended by a model-based slip estimation. The slip estimation
module relies on the raw wheel odometry measurements and IMU data, and uses a parameterized
model of the occurring slip. The parameters are given by the vector p. The slip model, the
calibration procedure and experimental data from Mt. Etna are shown in the following.!

4.1.1 Parameterized slip model

As mentioned before, the EKF uses measurements of the platform velocity as input. Therefore,
instead of modeling the slip of each wheel, slip is modeled on body level, i.e., in the platform
body frame. The corrected platform velocity vpir € R? is modeled as

Vplf = Vplt — Vslip (Vpit, P, F) . (4.1)

Thereby, the velocity measurement v is generated by an inverse kinematics mapping of the wheel
velocity measurements to the body velocity, which is referred to as wheel odometry, cf. Section 2.1.5.
The unknown term vy, models the slip on body level, which equals the deviation between the
actual (ground-truth) and the measured body velocity. It depends on the measured velocity
Upir, combined with the linear forces acting on the platform F € R?3, and np slip parameters
P=(p1, s Pnp)-

For the application on the volcanic soil of Mt. Etna, different parameterizations of the velocity
error vy, were compared. In the end, it turned out that the best results were achieved by
the six-parameter slip-velocity model of [SK14|, where the linear and angular velocity error
components are calculated as

F=

Vg slip = (plﬁ +P2)V
Z
Iy

P (4.2)

Vg slip = P3

. Fy
Wslip = (p4ﬁ +p5)1/ + pew
z
Thereby, v denotes the velocity in the instantaneous driving direction, cf. Figure 2.7 a). The
translational velocities and the linear forces acting on the rover body are rotated into the
instantaneous driving direction, indicated by the subscripts (Z, 7, ). The relation between the
body frame (x,y, z) and the instantaneous driving frame (Z, ¥, Z) comprises two rotations. First,
the body frame (z,y,z) is rotated around the x-axis to the plane which is spanned by the
(averaged) position of the four wheels. The rotation between the body frame (which is defined
statically at the center the rover body) and the wheel plane is defined by the angle of the bogie
actuators, together with the deflection of the passive spring elements of the SEAs, cf. Figure 2.2.
The chosen bogie control approach adjusts the bogie positions to p; = p2 = p and keeps the body

!The following section is mainly based on the Master’s thesis of Lukas Burkhard (formerly Meyer) [Mey17] and
the resulting publication [Bus+18].
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aligned to the direction of the gravity. The different passive spring deflections of the SEAs are
assumed to be negligible for the modeling of the instantaneous drive frame, although they are
used to maintain ground contact with all wheels while traversing difficult terrain. Afterwards, a
rotation around the z-axis by the lateral driving angle 3 is performed, such that

vz cos(ff) —sin(B) 0 1 0 0 Vg
vy | = | sin(B) cos(B) 0] |0 cos(p) —sin(p) vy |, (4.3)
W 0 0 1 0 sin(p) cos(p) w
or, in short,
Bt = B (8) Ra(p)vpis (4.4

Note that in the nominal platform model (assuming no slip), the velocity component perpendicular
to the instantaneous driving direction is zero:

vg =V (4.5)

However, side-slip effects may be present and are thus modeled by vy qip,-

Every parameter p; to pg in (4.2) captures a different physical source of slip. In particular,
p1 and p3 model slope-dependent longitudinal slip and slope-dependent lateral slip, respectively.
The slope dependency arises from the decreased normal contact forces between the wheels and
the ground at inclined terrain. Another relevant effect during driving is the plastic deformation
of the loose soil. This causes constant (i.e., not slope-dependent) rolling resistance, which is
modeled by po. Thus, the term pov captures both the compaction resistance and the bulldozing
resistance of the soil, see [Bek69, p.452]. The last three parameters affect the rotational slip Wgip.
Thereby, over- and understeering effects are represented by p4, ps models wheel asymmetry, and
pe accounts for skidding [SK14].

Remark 15. Of course there exist a great variety of alternative possibilities to parameterize slip
models. In order to find a tradeoff between model complexity and performance, a comparison using
experimental data obtained from the DLR test facilities was performed [Mey17|. The analysis
revealed that the considered alternatives (including the consideration of acceleration dependency,
the distinction between uphill and downhill slip, or the 15-parameter approach from [See-+13|)
did not improve the results significantly. However, they require a higher number of parameters,
which implies a greater number of required calibration trajectories and a higher computation
complexity. Thus, the presented six-parameter model is considered in the following, as it features
a reasonably high modeling accuracy in combination with low computational and experimental
effort.

If the rover drives in an area with homogeneous soil, the parameters can be assumed to
be constant. However, a constant parameterization cannot be used in strongly varying terrain.
Alternatively, online-parameter adaption strategies can be considered. In each of these cases, the
question of a proper calibration of the slip parameters arises, which has to be answered whilst
taking into account the constraints of the respective scenario. A static calibration algorithm which
does not rely on continuous ground truth position measurements is presented in the following.

4.1.2 Calibration of the slip model

The open question from the preceding section is how to define a proper set of parameters p
for the current soil. Most methods to find p require measurements of the rover pose for all
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times ¢ € [to, tend] Of a trajectory. However, in an exploration scenario, such continuous tracking
information might not be available. On the other hand, it is relatively simple to measure certain
static poses of a vehicle, e. g. by referencing the system to landmarks or static fiducial markers.
Thus, for a suitable parameter identification approach, measurements of start and end point of
the respective trajectories must be sufficient. One existing approach which needs no continuous
information on the real trajectory is the Integrated Prediction Error Minimization (IPEM)
approach introduced in [See+13]. The theoretical background of IPEM is recapitulated from
[See+13| in the following.

The main idea is that the set of parameters p can be identified by comparing the predicted
output of the nominal system model with the measured output of the real system at the end of a
driven trajectory with known start point. Thereby, it is only required to measure the start and
end point of a trajectory w.r.t. a fixed frame, and to record the system inputs u during the drive.

In general, the pose ¢ € RS of the rover driving in some arbitrary terrain evolves according to
the model

The solution of (4.7) can be obtained by integration w.r.t. time as

Ct) = Clto) + ttf<c<7>,vp1f<p, ))dr. (4.9

The output measurement & is the pose (fenq) at the end of a driven trajectory (in general, the
dimension of £ is n¢ < 6, depending on the measurement method). The platform velocity vy
serves as system input in this model. Using system identification techniques, the parameters p
can be determined such that modeling errors are minimized. As only the start point and the end
point can be measured, the dynamic equations (4.7)—(4.8) have to be integrated until the end of
the trajectory at tenq:

tend

Cltena) = Clto) + | S(E(T), wpi(p, )7 (4.10)

= g(¢(to), vpie(p, 7))

where vpie(p, -) denotes the system input for all 7 € [to, tend]. The system output is defined as the
(ground-truth) measurement of the end point of a trajectory:

Emsr = Cmsr(fend) - (4.11)
The predicted system output depends on the parameters p and is written as

€est = Cpred (fend) - (4.12)
Then, the error &, between the estimated and the real output is derived as

Eerr = Emsr — Eest = &msr — 9(C(t0), vpie (P, 7)) - (4.13)

Now let p* € R™ be an optimal set of parameters which minimizes the output error, such that
& (P*) = 0. Linearizing (4.13) at p = p* yields

9g({(to), vpie(p; -))

€err ~ 8p op

(p* —p)=HAp. (4.14)
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The matrix

0 5}
1= (5 eeait) e we )

is called the parameter Jacobian matriz of a trajectory and models the influence of each parameter
on the estimated end point of the corresponding trajectory. It is then possible to determine p by
iteration according to

Pri1 =Pr T aApy. (4.16)

Several update steps k can be performed with the update rate o € ]0,1] in order to obtain a
static calibration of p. Alternatively, a recursive adaption of p during driving is discussed in
[See+13|. This approach uses an EKF' to estimate p by considering piecewise sections of the drive,
comparing it to directly available ground truth measurements.

For a successful parameter calibration, the influence of measurement noise should be kept
as small as possible, and overfitting should be avoided. Therefore, (4.14) should be rendered
overdetermined by a number of ny appropriate trajectories such that ng - ny > n,. Stacking the
respective parameter Jacobian matrices yields

H, gmsr,l - h’l (p)
Ap = " : . (4.17)
Hnt £msr,nt - h’nt (p)

The s.p.d. weighting matrix W e R m0)x(n¢ ) offers the possibility to weight the trajectories
against each other, for example if the measurements accuracy differs (e.g. due to different
measurement methods).

In order to find an analytical expression for the parameter Jacobian matrix H, the following
simplifications can be considered:

W+

1. Measurement of the rover start and end pose £ in a fixed 2D-frame °(z, y, 0).

2. Linearization of (4.7) around the predicted trajectory, evaluated at the present parameter
estimates [See+13].

Applying these modifications, the parameter Jacobian matrix can be derived analytically as
follows. The first simplification implies that only measurements in an (inclined) 2D plane are
required, which is a direct consequence of the endpoint-only dependency of IPEM, and simplifies
the measurement procedure. However, the driving itself must be done in arbitrary terrain in order
to capture slope-dependent slip effects. This principle is sketched in Figure 4.2 a). In this case,
only the planar part of ¢ is considered in (4.7) ff., i.e., ng = 3 in the following.

For the second simplification, (4.7) is linearized according to

5¢(t) = F(1)3¢(t) + G(t)dvye(t) (4.18)
with
F(t) = gé’ . G(t) = a‘z . (4.19)

Then, the general solution for linear systems (see e.g. [Sch08, p.36]) is used to compute the
solution of (4.18) to

50 = (1 1)3¢(10) + [ @(07)G ) w(p. 7). (1.20)

to
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introducing the state transition matriz ® € R3*3. Finally, (4.10) can be re-written as [Kel04]
C(tend) = g(C(to), vpit(p, ) =

lend
= ‘I)(tend, to)C(to) + / ‘I)(tend, T)G(T)’Uplf(p, T)d’i‘ .

to

(4.21)

Inserting (4.21) into (4.15), and moving the derivative inside the integral yields the following
analytic expression for the parameter Jacobian matrix:

tend
H =~ D (tend, T)G(T)M

dr. 4.22
\ op (4.22)

Note that for this derivation, a linearized system model is considered and thus the resulting
parameter Jacobian matrix is an approximation. In general, (4.22) is only valid for small changes
in the parameters. The computation of the components of H in (4.22) is explained in the following.

First, the equations of motion (4.7) for a planar rover pose are
£ = R.(0)vpr, (4.23)
which means that the linearized system matrices F' and G can be derived from (4.19) as
0 0 —sin(f)v, — cos(f)vy,
F=10 0 cos(f)v, —sin(f)v, (4.24)
0 0 0
and

G=R.0). (4.25)

Following the derivations in [Kel04], the state transition matrix ® can be computed using the
matrix integral

¢ + (0 0 —09(7’) 00 —(Oy(t) - Oy(T))
Wt ) = / F(7)d7 — / 00 %F |dF=[0 0 Ox@)-C(r) |. (426
T T \0 O 0 0 0 0

Since W is strictly upper rectangular,? the transition matrix can then be computed as

—(Oy(;t) = %y(7))

Yy
®(t,7) =) =T+ W(t,7) = Pu(t) = Ou(r ' (4:27)

o O =
S = O

1
It models the propagation of the wheel odometry error over the time and its impact on the
predicted pose. In fact, the difference terms in the last row of the transition matrix account for
the fact that errors in the rotational odometry measurement at the beginning of the trajectory

have an higher impact on the predicted pose than measurement errors occurring close to the end
of the trajectory. Second, due to the linear slip model (4.2), (4.1) can be written as

vpif(P) = Opit — C(Vpi, F)p (4.28)

2In general, the matrix exponential of a matrix A can be computed by the infinite power series exp(A) =
I+ A+ A%/214 A%/31 4 .. .. The strict upper rectangularity means that A% and all higher-level powers of A
vanish, such that exp(A) =1 + A.
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with the parameter influence matriz

Fvov 0 0 00
c=[0 o v 0 0 0. (4.29)
0 0 0 Ly oy ow

F
Using these prerequisites, (4.22) can be written as

tend
H~ = [ 8t RO C(r)dr (4.30)

to
Remark 16. If 6 DOF ground truth measurements are available, it is possible to apply a 2.5D
approach, where the pose is projected on a 2D plane. The advantage is that the test site for
trajectory measurements is not restricted to planar, inclined surfaces anymore. This approach is
described in detail in [See+13].

Remark 17. An alternative to the estimated analytical parameter Jacobian matrix from (4.30) is
the use of a numerical derivative in (4.15), by computing

0g _ 9(C(to), vpir (P + 9p;; ) — g(C(to), vpii (P, -))
api €

. i=1,...,np. (4.31)

Thereby, the vector dp; € R™ introduces a small change € on the ith parameter, all other entries
are zero. The advantage of the numerical approach is that it allows for a use of the full 6-DOF
rover pose, if a respective measurement is available. On the one hand, this can improve the
precision of the results. On the other hand, it increases the computational requirements, as each
trajectory has to be evaluated n, times. Moreover, the numerical differentiation can lead to
numerical errors. Thus, using the analytical solution (4.30) is advantageous in applications where
fast computation is required, for example online parameter estimation.

In the following, an experimental validation of the proposed approach for slip estimation is
shown, which was performed the ROBEX mission on Mt. Etna.

4.1.3 Experimental validation of the slip-compensated wheel odometry

The test site on Mt. Etna is located west of the Cisternazza Crater and features volcanic
soil from an eruption in 2001 |[Lan+03|. The area is considered to be Moon-analog [PGB12].
The soil mainly consists of sharp-edged gravel with a median particle diameter of approx. 0.5-1 cm.

Before performing the actual calibration of the slip parameters, an additional hardware-specific
effect was observed at the LRU1 and incorporated into the mathematical system model. Due to
the elastic design of the spokes (cf. Section 2.1.1), torsional compliance is introduced between
the steering actuators and the surface of the wheels. In loose soil, this mechanical property
causes a systematic error between the commanded and the measured steering angles. The
correlation between the steering actuator torque and the corresponding offset of the steering angle
A¢;,i=1,...,4 was determined experimentally. The measurement data and the interpolated
stiffness curve derived from the measurements can be inspected in Figure 4.5 b).

The next step was the calibration of the slip model as described in the preceding section.
The calibration area is shown in Figure 4.3. The trajectories cover approximately 20 m in both
directions from the initial frame, and are selected such that terrain with different slopes is passed.
However, an almost planar area with ~ 5° inclination is chosen for the measurement of start
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Figure 4.2 a) Setup of the calibration: A fixed coordinate system is constructed on a planar
area next to the origin. b)—t) Set of 19 calibration trajectories, used for calibrating the slip model
on Mt. Etna. Start and end points are measured w.r.t. the fixed frame and serve as ground-truth
(GT) measurements for the calibration. The wheel odometry measurements are integrated to
position measurements, and plotted before (without slip, blue dashed) and after (with slip, green)
the calibration of the slip parameters. From [Bus+18].
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Value
p1 | 0.6367
po | 0.1089
p3 | 0.2465
pyq | -0.0076
ps | 0.0061
pe | 0.0733

Table 4.1 Calibrated slip Figure 4.3 The LRU1 at the calibration site on Mt. Etna. A
parameters. static reference coordinate system is created manually at a sloped,
From [Bus+18]. approximately planar test area.

and end points of the trajectories, as sketched in Figure 4.2 a). Figure 4.2 b)-t) shows the set of
19 calibration trajectories that were used to obtain the six slip parameters shown in Table 4.1.
The length of the calibration trajectories varies between 5m and 40 m. The trajectories were
selected to cover a variety of the most typical driving situations of the rover at this particular
Moon-analog test site. Some of the most important features of a suitable calibration dataset were
identified as

e All modeled types of slip should be present in the data set

e Different command modes should be represented, in particular “car-like” driving (v, des = 0)
and “crab-like” driving (sideways translation with wges = 0), as these modes are employed
during the autonomous rover operations in the context of the ROBEX mission.

Moreover, a subset of the trajectories does explicitly not contain loop closures, as they can distort
the calibration result.® The shorter trajectories b)-p) were chosen such that one of the modeled
slip effects is dominant in each trajectory. The longer trajectories q)-t) contain a combination of
all slip effects. The slip parameters were calibrated w.r.t. (4.16), with an update rate of a = 0.7,
a step size of 0.01s, and 5 iterations. The trajectories o) and s) were weighted with a factor of 0.5
in the calibration with regard to their total length. The result of the calibration can be inspected
in Table 4.1. It can be observed that the parameters p; and p3 describing the slope-dependent
slip have the highest values, while the rotational slip parameters are rather small. However, a
comparison of the parameter values does only provide limited information, as they are multiplied
with different terms in (4.2).

In a second step, the calibrated slip-aware wheel odometry was validated by performing a
teleoperated long-range drive at the ROBEX test site on Mt. Etna. The driven path distance is
approx. 900 m. A plot of the DGPS position data embedded in the terrain of the test site is shown in
Figure 4.4. Starting next to the base camp at @, the rover drives nearly lateral to the slope of the
terrain, thereby crossing the calibration area. At @, the path turns to follow the slope downhill for

3If the starting point of a trajectory equals its end point, the scaling of the trajectory is undefined.
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Base camp

Cisternazza crater

Figure 4.4 Overview of the test site with DGPS data of the long-range run (yellow line).
The numbers indicate selected regions along the trajectory. The length of the trajectory is
approximately 900 m. From [Bus+18|.
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Figure 4.5 a) Wheel odometry position measurements (integrated velocity measurements) of
the long-range drive, compared to DGPS data (ground truth). The plot shows the integral of the
translational velocities from the WO, combined with the angular velocity from the EKF output.
b) Saturated linear spring characteristics, derived from the measurements of the steering angle
offset of the four wheels A¢;, i =1,...,4 for different applied steering torques. From [Bus+18|.
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Figure 4.6 Data from the long-range run on Mt. Etna. a) The distance error is plotted against

the traversed distance, for different WO computations. Uphill passages are highlighted in yellow.

b) The value of the six slip parameters, obtained by a simulated online calibration. At approx. 400-

425 m, the rover passes loose soil in the vicinity of the calibration area (highlighted in green).
From [Bus+18].
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approx. 100 m @, passing close to the rim of the Cisternazza Crater on the left side of the vehicle.
At the lowest point, a relatively flat area is traversed @, until the lap is completed by following
the uphill part @ Afterwards, a second lap (with small deviations at @) is completed following
the same path.? Finally, a third small circle is driven close to @ before returning to the base camp.

Figure 4.5 a) shows the integrated wheel velocity measurements. Note that for the sake of clarity,
only the integrals of the translational velocity components from the WO are plotted, combined
with the rotation output from the EKF. This representation was chosen due to the structure of
the EKF (cf. Figure 4.1), where only the translational velocities from the WO are used for the
sensor fusion. Thus, only the translational WO measurements are relevant for the pose estimation.
The plot shows that the driven distance is significantly overestimated without the slip estimation
(blue dotted line). This is particularly evident when the rover drives uphill, e.g. around @
The slip-compensated wheel odometry (green solid line) looks closer to the ground truth DGPS
measurement (black dot-dashed line). However, the driven distance is slightly underestimated at all
parts of the trajectory. As this effect appears independent of the slope, the hypothesis is that the
constant rolling resistance is overestimated, i. e., po was estimated too high during the calibration,
whereas the values of p; and p3 are sufficiently exact. Figure 4.6 a) verifies this assumption. The
plot shows the accumulated error between the estimated and the real driven distance, plotted
over the absolute driven distance. Uphill passages are highlighted in yellow. Again, it can be
seen that the WO without slip (blue dotted) is strongly slope-dependent, and overestimates
the driven distance in general. The slip-aware WO (solid green) underestimates the distance
nearly independent of the terrain inclination. To verify the hypothesis of the overestimated rolling
resistance, another wheel odometry measurement was computed offline, with a manually tuned
parameter po = 0.036. The resulting distance errors is plotted as solid magenta line. Clearly,
adapting the parameter ps as mentioned before removes the main part of the accumulated error,
which confirms the hypothesis.

Remark 18. One explanation for the overestimation of the constant rolling resistance could be
that the calibration area was close to the base camp and thus frequently passed by persons. This
loosened the soil and increased the rolling resistance, causing increased wheel slippage in this
particular area. Obviously, this problem would be eliminated in space applications.’

As a consequence of the observed calibration errors, an online adaption of the parameters was
considered as a possibility to overcome this problem. As a validation of this concept, the online
parameter estimation method proposed by [See+13| was applied to the data, using DGPS data
as ground truth. Thereby, another EKF is used to estimate the parameters, using piece-wise
sections of the trajectory of approximately 2m length. The calibrated parameters from Table 4.1
were used as starting values. The resulting distance error is plotted as yellow dot-dashed line,
the corresponding parameter values can be inspected in Figure 4.6 b). It can be seen that all
parameters except ps do not change their value significantly over the driven trajectory, which
confirms the result of the offline calibration procedure. Noticeably, the value of ps decreases over
the driven distance, supporting again the hypothesis of the loosened soil at the calibration site. It
is visible that around 400-425m (close to (1)) the rover crossed the calibration site, causing a
local rise of the parameter ps which is highlighted in green in Figure 4.6 b). Note that during the
last 150 m of the trajectory, a loss in DGPS precision can be observed, which negatively affects

4Note that the deviations visible at @ in the second lap are a result of a loss in DGPS precision at the last
150 m of the trajectory.

5While repetitive passing may in theory change the soil compaction and cause a change in the soil parameters,
Ding et al. show in an experimental study (different rover wheels were tested in a single-wheel testbed filled
with a lunar soil simulant), that the influence of repetitive passing on wheel-soil interaction models is negligible
[Din+11].

89



Chapter 4 Wheel-Ground Interaction

the parameter estimation. Due to the slow convergence of the parameter ps over the course of the
trajectory, the driven distance is still underestimated, as Figure 4.6 a) shows. Nevertheless, it
can be concluded that the online calibration can correct erroneous calibration results over the
course of longer driving distances, and cope with (slowly) varying terrain properties. However,
it is important to highlight that the online parameter adaption can only be performed in the
case that reference measurements of the rover position are available. In the described software
architecture, the position data from the self-localization cannot simply be used as a reference, as
this would induce cross-correlations and disturb the estimation results. If on the other hand the
slip estimation is only used in the context of a control-related slip compensation, a reference signal
fused from IMU and VO can be used, as proposed e. g. in [Hel-+05] and [Hel+06]. In the following,
a concept for a controller architecture including a slip compensation is briefly introduced and
discussed.

4.1.4 Towards slip-compensated control

The objective of the slip estimation which was presented in the preceding section was to compensate
the slip effects in the wheel odometry measurements, in order to improve the rover’s self localization.
The results indicate that slip can be estimated, at least to a certain extent, by the described
parameterized approach (assuming that the soil properties are sufficiently constant). Consequently,
the question arises if and how the obtained slip estimation can be used in order to improve
the tracking performance of the platform controller. Although first steps in this direction were
developed and examined in [Meyl7|, the concepts were not elaborated and extensively tested
in the space-analog context. However, for the reason of completeness, Figure 4.7 shows the
proposition of a concept for an extension of the platform controller by a slip compensation module.
The upper layer denotes the high-level software, including the path planner that generates a
desired body velocity and the pose estimation (cf. Figure 4.1). The lower layer contains the
rover hardware with the motors and the sensors. In between, the control layer is located, which
comprises of the extended slip estimation as presented before, and the proposed slip-aware platform
velocity controller. The architecture makes sure that there is no cross-correlation between the
slip-compensated input of the EKF and the slip estimation which is used for control. Therefore,
the computed velocities from the extended wheel odometry are compared to the velocity output
of the pose estimation vy pxr, resulting in an enhanced estimation of the body slip, Ugjip. The
latter can then be used for control purposes, which is denoted as slip compensation in the block
diagram. In practice, this slip compensation can be understood in different ways, depending on
the control objective. One possibility is to reduce the total body slip |s|, which can be defined as

[[Dp1e]|2

(4.32)
0 otherwise

l|vstip |2 for||17p1f||2 > c,
|s| =
with ¢ > 0 a constant, small threshold velocity which avoids the singularity for |[op|| — 0. A
valid approach in this case is to adjust the platform velocity command based on the estimated slip
velocity glip, such that the amount of slip is reduced. As this approach targets to an improved
traction, it is referred to as traction control in [Meyl17|.

Another possibility is to actually compensate for the estimated slip velocity by adding it to
the velocity command. In this case, the result is an improvement of the tracking performance,
at the cost of an increased amount of slip and thus an increased energy consumption. Clearly,
the choice of a suitable control objective and thus algorithm depends on the scenario and the
constraints that come with it. As energy efficiency was considered more important than precise
velocity tracking, the traction control approach was employed and verified during the ROBEX
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Figure 4.7 Concept of a slip-aware controller module within the LRU control and self-localization
framework. The control layer is located between the high-level software (pose estimation, path
planner) and the hardware layer (sensors and actuators). The idea is to compare the velocities
computed by a static slip model with the EKF output, in order to obtain an enhanced slip
estimation ¥gj;p. This value can then be used for slip compensation within the platform velocity
controller.

mission. Some results are presented in [Mey17|. However, in different scenarios (e.g. when driving
in confined environments, or heading for a dedicated object of interest), the tracking performance
can be more important than a reduction of the total slip velocity. Thus, a slip-compensated
tracking controller is presented in the further course of this chapter.

415 Résumeé

Summarized, the presented approach has shown promising results for estimating slip on body
level. Experiments in the course of a space-analog mission show that the approach is suitable in
a planetary exploration scenario, where no continuous ground truth position measurements are
available. It is possible to perform the calibration of the slip parameters in a fully autonomous
way, for example after landing on a foreign planet close to the landing site by reference to
visual markers on the lander, or expressive landmarks close to the landing site. In that case,
a parameterized slip model is provided, which can be used for improving the wheel-odometry
measurements, facilitating the exploration of distant areas. However, modeling the slip with a
constant parameter model requires homogeneous soil and thus constant soil properties. Data
collected at the Moon-analog test site on Mt. Etna shows that this assumption is not always
justified, especially when larger distances are traversed. Thus, an online adaption of the parameters
has been identified as promising approach. In this case, the wheel odometry measurement cannot
be fused into the self localization. Instead, methods like those proposed in [Hel+05] or [Hel+06]
could be used, where the wheel odometry is compared and corrected w.r. t. a reference signal
from fusing only IMU and VO measurements. Moreover, WO can be used as backup sensor in
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the self localization if one of the reference sensors fails. An alternative architecture is briefly
introduced in Section 4.1.4, where an enhanced slip measurement is derived by comparing the
WO output to the EKF output, which can then be used in the controller.

Nevertheless, the experiments show that there is room for improvement. Comparing the results
obtained with the LRUI on Mt. Etna to the results from [See+13| and [SK14], it can be noticed
that the former show less improvements in the wheel odometry measurements than the results
presented in the aforementioned publications. A possible explanation is that the proposed 6-
parameter slip model is tailored to skid-steered vehicles, which create the vehicle yaw rate by
counter rotation of opposing wheel pairs. For these kind of vehicles, rotational slip effects like
over-and understeering and wheel asymmetry are obviously more significant. Also, the volcanic
soil on Mt. Etna features different properties than the muddy arable lands, grasslands and paved
roads which were used in the mentioned publications. In general, it can be assumed that there
might exist also non-linear correlations between body velocity and slip, which are not captured
by the linear slip model (4.2). Therefore, a learning-based approach for the compensation of
unmodeled wheel-ground contact effects is presented in the following section.

4.2 Learning-based trajectory tracking control

In the previous section, it has been shown that a parameterized static model-based slip estimation
still leads to significant deviations between wheel odometry measurements and ground truth.
In [Vay+18|, a detailed analysis of the performance of the rover’s on-board pose estimation is
performed on a data set of another long-range drive on Mt. Etna. It is shown that the slip-aware
wheel odometry measurements improve the self localization. Still, the best results are obtained by
leaving the wheel odometry out of consideration in nominal driving situations. This finally led to
the conclusion that there is a need for adaptive algorithms for slip estimation, which can capture
a broader range of wheel-ground interaction effects. Machine-learning techniques were identified
as a promising approach in this context [Bus+18].

Therefore, a modular platform tracking controller containing a learning-based component for
the estimation and compensation of unmodeled wheel-ground interaction effects is described in the
following. The control architecture builds upon a nonlinear trajectory tracking controller, which is
then extended by a (learning-based) model predictive controller (MPC). Model predictive control
is a well-established concept in the control of autonomous vehicles, which allows to compute a
control input that optimizes a given cost function, considering the computed nominal system
dynamics over a given prediction horizon. For an overview of the principles of MPC, the reader is
referred to the extensive literature. Es examples, [May14] and [GP11] can be mentioned. Existing
variants of MPC combined with machine learning are given in the overview publications [Mes-+22]
and [Hew+20]. In this work, the errors of the state estimation of the MPC are learned by a
deep neural network (DNN), which is embedded in the MPC formulation. The concept is first
outlined in [Bal22] and [BT23|, a comparative simulation study using a Gazebo simulation of the
LRU1 is shown in |Bal+23|. Finally, a test campaign with the LRU1 is performed at the DLR’s
Planetary Exploration Lab, comparing the tracking performance of the learning-based MPC with
the conventional controllers. The control approach, the test campaign, and a summary of the
results is described in the following.

421 Controller architecture

The structure of the learning-based MPC is sketched in Figure 4.8. The rover hardware together
with the low-level steering controller are interfaced by a nonlinear controller (NLC) which stabilizes

5The theoretical part of this section is mainly based on the two consecutive publications [LBT24] and [Bal+24].
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Figure 4.8 Control architecture of the platform with learning-based MPC. The rover system
with the low-level steering controller together with the NLC forms the closed-loop error system
(4.46). The learning-based MPC can be added in order to improve the tracking performance,
using a linearized model of the closed-loop error dynamics (4.54), together with telemetry data
from the rover and the output of the NLC. The gray dashed line denotes the physical border
between the RTC and the OBC.

the dynamics to a desired trajectory from a trajectory planner component. A learning-based
MPC is implemented as outer control loop. The MPC problem is formulated using a linearized
error dynamics model, in order to reduce the computational effort. Additionally, a deep neural
network (DNN) can be trained, which is then used to estimate the residual error of the MPC
error state estimation. The proposed architecture is modular, this means that each component
(NLC, MPC, DNN) is an optional add-on to the underlying components. Moreover, the DNN is
directly incorporated in the MPC problem and is thus subject to the associated consideration of
the constraints.

In order to enable a high level of autonomy, all relevant software components are designed to
run on the on-board computers.” In particular, this includes learning-based controller modules.
Thereby, it is important to note that no online learning is performed, the neural network is
instead trained offline and used as a frozen graph during driving. Still, the neural network can
be re-trained and updated after the rover has performed a driving operation, as the training of
the neural network is possible in reasonable times on the OBC. An experimental validation of
this fact is given at the end of this section, after a brief presentation of the components of the
modular learning-based MPC.

"The physical implementation of the algorithms on the real-time computer (RTC) and the main ob-board
computer (OBC) are indicated in Figure 4.8 by the gray dashed line.
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Nonlinear tracking control

A nonlinear tracking controller (NLC) is implemented, based on the control law proposed in
[Kan+90]. It builds upon the low-level platform velocity controller described in Section 2.1.4,
using the platform velocity command v cma as an interface. The low-level platform velocity
controller then maps the velocity command to commanded steering angles and wheel velocities,
as described in Section 2.2.1.

In order to create a velocity control law which is generic for different kinds of mobile platforms,
including but not limited to cars, bicycles, and tricycles, the system input is reduced to the
tangential velocity v, and the yaw rate w, assuming v, = 0. The reduced mapping of the inputs
to the velocity of the rover is

T cos(d) O
E=|[%]=[sn@®) o] (™). (4.33)
6 0 1 <°")

Recall that error coordinates are written as (-) = () — (+)ges- The error coordinates in the local
(body) frame can be written as

. by cos(f) sin(fd) O
bg = (g = [ —sin@) cos(0) 0] (€ ). (434)
0 0 0 1

From these relations, the closed-loop error dynamics can be derived following [Kan+90|. The
derivative of (4.34) w.r.t. time is

i = [=50(x — Tdes) + O — Ydes)]0 + cO(E — Zdes) + 0T — Fdes) (4.35)
bf& = [—C@((L’ - xdcs) - 59(y - ych)]é - S@(:Ij‘ - :tdos) + Ce(y - ydcs) (436)
0 =0 — Oyes , (4.37)

with the abbreviated notation s(-) = sin(-) and ¢(-) = cos(+), and omitting the left superscript 0
for variables expressed in the fixed frame (X,Y). Using (4.34) and (4.33), the above terms can
be simplified to

b3 = Pjw + chi + s0 — chiidos — 0Udes (4.38)
b = —Piw — s0& + cOf + 07 des — OYdes (4.39)
52 W — Wdes - (44())

Using v, = cft + sy and vy, = —s0z + cty = 0 yields

bi‘ = bﬂw + vy — Cei‘des - Sgydes (441>

bj = —Piw 4 804 qes — cOYdos - (4.42)
Then, sf = 8(5 + O4es) and ¢ = c(9~—|— O4es) are inserted and expanded using trigonometric addition
theorems. Using the equality s0Zges = cOYdes from (4.33), and vy des = CHdes@des + S0desYdes and

Uy .des = —S8desTdes + COdesdes = O finally leads to the error dynamics

b w4 v, — Uz des cos~(§)

PE = —P&wtv,aesin@) | - (4.43)
W — Wdes
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4.2 Learning-based trajectory tracking control

Assuming perfect platform velocity control, i.e., v; = vy ¢md and w = wemd, a nonlinear control
law which stabilizes the platform to a given trajectory vy qes(t) > 0, wdes(t) is

Ul = <”xvnk> - Uz des COS@N_ kbl ) (4.44)
Wnlc Wdes — KyVg.des " J — kg sin(6)
The final control input is

Uemq = <’U:r,cmd> _ <’U:r,nlc> + Umpe (4.45)

Wemd

with Umpe = (Vg mpe wmpC)T is the additional control input of the MPC. Inserting (4.45) and
(4.44) into (4.43) yields the closed-loop error dynamics

(Wdes — kg sin(@): kyvm,des bg) bg — kz b + bgwglpc ~+ Uz mpc

PE= | —(waes — kosin(0) — kyv.des"F) °F + v des sin(0) — PFmpe | - (4.46)
—kgsin(8) — kyvz des b+ Wmpc

Then, (4.46) is lincarized around the equilibrium P€" = 0 in order to obtain a linear parameter-
varying (LPV) system

bE = Abé + Bumpc (447)
with
—k, Wdes 0
A(kxy kyy k‘g, Vg, des; wdes) = —Wdes 0 Vg, des (448)
0 _kyvm,des —ky
and
1 0
B=[0 0]. (4.49)
0 1

The linearized system can be written as discrete-time system as
békJrl = Aq bék + Bdumpc,k . (450)

Thereby, the input wmp. is assumed constant over the interval [tg,t511] (zero-order hold). For
a constant sampling rate At = t;11 — tg, the discretized system matrices Aq and By can be
computed as

Ag = ®(A) = B(typ, ty) = 2B, (4.51)
th+1
By = / ®(t),1,7)Bdr = —A" (I - ®(A1))B, (4.52)
ty

see e.g. [Sch08, p. 38|. The difference equation (4.50) is then used as a basis for the design of the
learning-based MPC, which is described in the following.
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Learning-based MPC

Based on the linearized system dynamics, the additional control inputs wmpc can be obtained
together with the corresponding error state prediction P€ by solving the MPC problem as described
in [Bal+24]:

N-1
s . =T 5 ST b

("€ ulp ) = argmin (bﬁN Py + Z (bfk Q &+ ulpen Rumqu)) (4.53)
b£7umpc k=0

s.t. bélﬁ»l = Aq bék + Bdumpc,k + NN(Fk)k+1 (454>

b£0 — bE(tO) (4.55)

PEL € X, Umper €U, k=0,..,N —1 (4.56)

Péy € Xt (4.57)

The quadratic cost function contains the symmetric positive semi-definite weighting matrices
Q € R*3, P € R3*3, and the s.p.d. matrix R € R?*2. N denotes the prediction horizon of the
discretized nominal closed-loop LPV system dynamics (4.50). The state and input variables are
constrained to their respective constraint sets X and U, the set of terminal constraints is X¢. The
term NN(T'g) in (4.54) denotes an additional input term from a deep neural network, which is
used to compensate for the remaining prediction error of the linear MPC. If it is set to zero,
(4.53)—(4.57) is a “classical” linear MPC. The feature matrix I'y, is the input of the DNN. It
consists of [ sequences of the input feature vectors v, € R™ with s =k —1,...,k:

Ty = (Yoot --- vi) € R (4.58)

Thereby, the feature vector at a single timestamp s is defined as
bgt bel T T )"
Vs = ( 55 Ez unlc,s vdes,j ﬂs) : (459>

It contains the current state bés € R3, the N stacked last predicted states béi € R3N of the
time steps  =s —1—N,...,s — 1, the input of the NLC at the current timestamp wuyjc s € R2,
the reference velocities vges; € R2N with j=s, ...,s+ N and the current telemetry data
ws = (0 ¢ p1 p2)T € R: The telemetry data provided by the rover hardware consists of IMU mea-
surements of the body pitch and roll angle (6 and ¢, respectively), and the angular measurements
of the front and rear bogie axles p; and po.

‘The function NN(T'y) then returns a sequence of predicted errors of the MPC, A bz, APy and
Af, starting from k + 1 over the prediction horizon. Therefore, the DNN output dimension results
in R3*V:

Abi/lf\k_t'_l “ee Ab./fk_;’_]\/'
NN(T}) = AbgM o APGN (4.60)
Abpy1 ... Abpn

In the MPC condition (4.54), the respective (k + 1)-th column of NN(I'j) is selected, such that
NN(Tg) g1 with

A b/x\k+1 A b§k+N
NN = | APGksr | fork=0,..., NNy = [ APYrin | fork=N—-1  (4.61)
A/ Abpyn

is added at the k-th iteration of (4.54), iterating k = 0,..., N — 1 in each optimization time step.
Note that the MPC state prediction, including the error prediction by the DNN, is applied and
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4.2 Learning-based trajectory tracking control

optimized over the entire prediction horizon. This means that the DNN is directly integrated in
the MPC and the associated consideration of the constraints. A detailed description of the used
DNN can be found in [Bal+424]. The major components of the network architecture include a Long
Short-Term Memory layer, two Dense layers with different activation functions and two Dropout
layers to avoid overfitting. The average number of neurons per layer is 25. The network was trained
with data from the real rover, which was obtained during the test campaign as described in the
next section. A data preprocessing pipeline was implemented, using standardization techniques in
order to ensure that all features have a similar scale. This step prevents any particular feature
from dominating the model training process.

4.2.2 Experiments

The presented approach is tested using the LRU1 at the Planetary Exploration Lab (PEL), which
is an indoor Moon/Mars-analog testbed for rough-terrain rover systems at DLR. This test site
contains a sand box of 10m x 5m, which can be filled with different types of soil. Additionally,
the PEL features a mechanism to create variable slopes of 0 to 30° in the rear part of the testbed.
The sloped area covers approximately 3m x 5m. The tests are performed on the EAC-1A soil, a
common Moon-analog soil which is characterized in [Eng+20]. Small hills and bumps are modeled
in the testbed, see Figure 4.10 a).

The idea of the test setup is to compare the performance of different tracking control approaches
in a meaningful way. Thus, the position measurements used for the respective feedback control laws
are provided as ground-truth measurements from the tracking system. In this way, it is ensured
that the tracking performance of the controllers can be evaluated without being biased by errors
of on-board pose estimation of the rover. A set of trajectories is provided by a trajectory planner
component. During all test drives, the slope of the rear part of the testbed is adjusted to 15°, a
minimum of 3 laps are completed with a constant desired velocity of v ges = 0.3 m/s. The gains of
the NLC are selected as as K, = 0.045s71, K, = 3.529 m~2, and Ky = 1.258 m~'. The weights of
the MPC are chosen as Q@ = I and R = 10 1. The prediction horizon is set to N = 10, this yields
a dimension of the feature vectors of n, = 59. The number of feature sequences is chosen as [ = 10.

Experiment 4.1 — Comparison of NLC and MPC': First, the performance of the MPC without
the learning component is compared to the basic NLC. The results of two test trajectories can be
inspected in Figure 4.9. The upper plots a) show the projected view on the (x,y)-plane of the
testbed with the position data obtained from the tracking system. The position of the rover is
plotted in blue (NLC) and green (MPC). It can be verified that both the NLC and the linear
MPC are able to track the reference trajectory. However, significant errors occur, which can be
explained with the uneven terrain, cf. Figure 4.10 a). In particular, large deviations occur using
the NLC only in the sloped area, which can be explained by downhill lateral and side-slip. This
again verifies the findings from the evaluation of the parameterized slip model (see Section 4.1.3),
where it is shown that slope-dependent slip and side slip are the dominant components of the
parameterized slip model. However, it is evident by looking at the projected position data that
the MPC is able to significantly reduce the errors due to downhill slip (noticeably without an
embedded slip model).

Figure 4.9 b) shows the Euclidean norms of the tracking errors in local x and y-direction.
Note that the high initial errors depend on the starting position and time of the rover w.r.t.
the reference trajectory, which is not exactly the same for the different drives. Thus, comparing
the data is only reasonable after the first approx. 20s. From this time on, the error norms are
in the same order of magnitude for both trajectories. However, the Peanut trajectory shows
larger deviations at certain times, e.g. at t =& 30s and t ~ 100s for the NLC and at ¢ ~ 50s

97



Chapter 4 Wheel-Ground Interaction
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Figure 4.9 Experiment 4.1: Comparison of the tracking performance of the NLC and the MPC
with two different example trajectories. a) Reference and measured path for the NLC and the
MPC. The yellow area indicates the slope of 15°. b) Comparison of the Euclidean norm of the
tracking errors \/Pz2 4 Pg2 for the NLC and the MPC.

\/RMS(b2)2 + RMS (v§)?
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Figure 4.10 a) The LRU1 driving on the sloped area of the PEL during the Experiments 4.1
and 4.2. The terrain was modeled with small surface irregularities, disturbing the performance of
the tracking controller. b) Experiment 4.3: Comparison of the RMS of the translational tracking
errors between the NLC and the MPC driving two example trajectories. Note that the total
RMSE is only computed for ¢ > 20s, such that the difference in the initial position of the rover
does not distort the results.
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Figure 4.11 Experiment 4.2, Drive 2: Comparison of the MPC error state with the prediction of
the DNN (only the next step in the prediction horizon (A PZy 1, A7, 1) is plotted as a solid
line). The actual MPC error state (PZx1, %k11) is plotted as dot-dashed line. a) Comparison in
local z-direction. b) Comparison in local y-direction. From |[LBT24].

and t ~ 120s for the MPC. This can be explained with the sharp curves that the rover has
to pass during the trajectory. At these instants, the wheels have to be reoriented in order to
adjust to the new direction. In this case, the low-level platform velocity controller sets the wheel
velocity commands to zero until the steering positions correspond to their desired values. This
behavior is implemented in order to protect the hardware from undesired skidding and slipping,
cf. Section 2.1.4. However, this behavior is not covered by the mathematical system model used
within the MPC.

Figure 4.10 b) shows the RMSE of the NLC and the MPC for the respective times ¢ > 20s.
Again, it can be verified that the Peanut trajectory is more demanding, such that the tracking
errors are larger for both controllers. However, the MPC reduces the total translational RMSE
by about 40 % compared to the NLC for both trajectories. This verifies the modular structure
described in the preceding section and serves as a baseline for the following experiment, which
evaluates the learning-based addition to the MPC.

Experiment 4.2 — Evaluation of the learning-based MPC': The training of the neural network
was conducted with a training data set from the initial run of a Figure-of-Eight trajectory (Drive
1). Thereby, the training was performed on the OBC and lasted around 3 minutes (the size of the
data set was 4 MB). As an initial verification of the effect of the training, Drive 2 was performed
on the same trajectory with the basic MPC. During the drive, the DNN was predicting the error
states in open loop, i.e., the predictions were not fed back into the MPC. In Figure 4.11, the
predicted error states from the DNN (APZy 1, APgi,1) are compared to the internal error states
(bka, Uk+1) of the MPC. It can be verified that the DNN is able to predict a great amount of
the errors, even if the driven trajectory differs from the training data. This confirms the success
of the learning-based MPC approach. Consequently, as a next step, the Figure-of-Eight trajectory
was driven with the learning-based MPC in closed loop, meaning that the error predictions from
the DNN were this time included in the MPC (Drive 3). The left two plots in Figure 4.12 show a
comparison of the tracking performance between the first three Drives 1-3 (training — open-loop —
closed-loop) on the Figure-of-Eight trajectory. The data is only plotted for ¢ > 20s, such that
the initial convergence to the trajectory from different starting positions is not displayed. In
Figure 4.12 b) it can be seen that the Euclidean norm of the translational errors is similar for
Drives 1 (basic MPC, blue dotted, generation of training data) and 2 (basic MPC, solid green,
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Figure 4.12 Experiment 4.2: Comparison of the tacking performance for two different trajectories.
a) Path in the x-y-plane. b) Euclidean error norm /P22 + bg2.

For the Figure-of-Eight trajectory, the ground-truth MPC Drive 1 (blue) is compared to the
LB-MPC open-loop Drive 2 (green) and the LB-MPC closed-loop Drive 3 (magenta). The right
plots show the Strange Eight trajectory, with the MPC ground truth Drive 4 again in blue, the
LB-MPC open-loop Drive 5 in magenta and the LB-MPC closed-loop Drive 6 after a re-training
of the network in orange. Note that the data is only shown for ¢ > 20s, when the effects due to
the difference in the initial position have vanished.

open-loop drive), which validates the repeatability of results in the test setup. The solid magenta
line shows Drive 3, that is the closed-loop drive with the LB-MPC. It can be verified that the
tracking performance is improved and the error norm is reduced during the complete drive.

Afterwards, the behavior of the LB-MPC is tested using a second validation trajectory, the
Strange Fight, which can be inspected in the right plots of Figure 4.12. First, another ground-truth
drive with the basic MPC is performed (Drive 4, plotted as blue dotted line). Figure 4.13 shows a
comparison of the commanded and the measured velocities v, and w for the two ground-truth
drives of the two trajectories (Drive 1 and Drive 4). It is visible that the Strange Eight validation
trajectory induces larger variations in both velocity commands. One can even see that the yaw
rate is hitting the limit of —1rad/s at the Strange Eight trajectory, and is thus limited by the
low-level controller. Moreover, the low-level controller sets the wheel velocity commands to zero
when the steering configuration changes too fast, which causes instantaneous drops to zero of
the measured rover velocities. This effect can be observed for both trajectories in Figure 4.13 a),
although it happens more often and for longer periods at the Strange Eight trajectory. These two
limitations induced by the low-level controller are the main cause of the larger error norm during
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Figure 4.13 Experiment 4.2, Drives 1 and 4: Ground-truth drives with the basic MPC. The
plots show a comparison of commanded and measured velocities v, and w for the two trajectories.
The measured values (from the WO measurements) are depicted in cyan, the output of the MPC
is plotted in blue, and the processed velocity command of the low-level controller is plotted in
magenta dot-dashed.
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Figure 4.14 Experiment 4.2, Drives 1-3 (Figure-of-Eight) and Drives 4-6 (Strange Eight): The
total translational RMSE is compared for two different trajectories, computed for ¢ > 20s in
order to neglect initialization effects.

101
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the open-loop drive of the Strange Eight compared to the Figure-of-Eight trajectory, which is
visible in Figure 4.12 b).

Next, a closed-loop drive with the LB-MPC is performed for both trajectories. The runs are
plotted in magenta in Figure 4.12. It can be seen that the DNN component is able to reduce
the Euclidean norm of the translational tracking errors at most times, especially at the sloped
parts of the trajectory. However, significant deviations from the trajectory can be observed while
traversing the flat area, which indicates a deficient learning success, probably due to the small
learning data set. Here, it is again important to emphasize that the training was performed
using data only from a single drive of approx. 3 laps, executed on a different trajectory (Drive 1,
Figure-of-Eight).

As a last step, the training of the DNN is repeated, adding the data of Drive 4 and Drive 5 to
the initial training data from Drive 1. One last drive is performed with the LB-MPC comprising
the re-trained network, Drive 6. The results are plotted in orange, and verify the success of
the consecutive training. Figure 4.14 sums up the results by showing the total RMSE of the
translational tracking for all Drives 1-6. The left three bars compare the performance while
driving the Figure-of-Eight trajectory, the right three bars show the drives on the Strange Eight
trajectory. The formerly mentioned results can be verified again by this depiction. Moreover, the
plot shows that the second training cycle of the DNN (performed while driving the Strange Eight
trajectory) reduces the total RMSE even compared to the closed-loop drive on the Figure-of-Eight
trajectory. This implies that the adding more learning data indeed improves the result of the
learning.

4.2.3 Résumé

Summarized, a modular approach for the platform tracking control of a planetary rover was
presented and experimentally validated. The presented algorithms are designed to be suitable in
planetary exploration scenarios. Therefore, the components are designed to be computationally
lightweight compared to state-of-the-art tracking controllers developed for terrestrial applications
(as e.g. autonomous racing). In particular, the linearization of the closed-loop error system
allows to employ a linear MPC instead of a nonlinear MPC. Moreover, the high-level controller
components do not require to be implemented in real time. The integration of a deep neural
network allows to compensate for unmodeled and possibly nonlinear wheel-ground interaction
effects. The implementation of the DNNs as frozen graphs thereby further enhances computational
efficiency. Indeed, the computation time of the LB-MPC including the optimization problem is
measured as 31 ms per cycle in average during the test drives, the DNN inference takes 90 ps
in average on the OBC (specifications of the OBC can be found in Section 2.1.2). Last, the
selected network architecture requires only small training data sizes for effective learning, as the
experiments show. However, it must be mentioned that no dedicated analysis is performed which
validates that the control approach is able to run on today’s radiation-hardened space-qualified
processors. In fact, the computational resources are one of the greatest challenges in space robotics
up to now. However, current developments from recent activities like the Mars 2020 mission
give cause to the hope that in near future, more powerful processors will be used in planetary
exploration. This will be discussed in detail in the following chapter.

Summarized, the aforementioned points together with the experimental results highlight the
great potential of the approach for the application in autonomous space exploration. However,
future work is planned in order to further improve the results. First and foremost, the implemen-
tation of online learning is an important feature which can enhance the performance in varying
terrains. Further, the next big step in the development of a learning-based slip estimation and
compensation is the closer conjunction of the perception pipeline to the learning-based controller.
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In particular, it is planned to add information from the terrain segmentation to the input features
of the DNN, such that different terrain types can be distinguished properly.
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CHAPTER 5

Discussion

The preceding chapters propose control-related methods which implement crucial skills for
a wheeled robot during an autonomous planetary exploration mission. Therefore, the first
part of the discussion addresses an evaluation of the presented approaches in the context of
planetary exploration. All presented algorithms were tested at prototypical hardware of two
planetary exploration rovers, namely LRU1 and LRU2. Thereby, the theoretical development of
the approaches relies on several assumptions, which are listed in Section 2.1.3. The validity and
justification of the assumptions w.r.t. the hardware capabilities is discussed in the second part of
this chapter. However, one of the most important questions is whether the developed algorithms
could be used in a real space mission, that is, could they be implemented on a present or (near-)
future space robot? This question is addressed in the third part of the discussion.

5.1 Evaluation of the presented approaches in the context of planetary
exploration

In Chapter 3, different whole-body control algorithms were presented. All proposed approaches are
based on impedance control and passivity-based control concepts, which were selected due to their
beneficial properties like the well-defined contact behavior and the robustness w.r.t. unmodeled
dynamics and external disturbances. In Section 3.2, a whole-body Cartesian impedance controller
was introduced, which can be used for the regulation of a static pose of the end effector. Thereby,
the platform is used as an additional DOF while maintaining a static steering configuration.
Indeed, the idea of this approach is to provide a classical Cartesian impedance controller for local
manipulation tasks, while the formulation as a quadratic optimization problem allows to distribute
the joint torques according to a task-related cost function and considering constraints such as
actuator limits. In this way, tasks with intense environment contact forces can be conducted, like
some invasive methods for geologic sample acquisition as e. g. shoveling and drilling. The static
steering configuration is beneficial in this case, as it prevents the platform from undesired slipping
and skidding due to wheel steering on deformable soil.

However, some manipulation tasks can comprise the need of an extended manipulator workspace,
for example in the presence of obstacles. In these cases, it can be necessary to steer the wheels
in order to change the workspace of the platform. The whole-body tracking control algorithm
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introduced in Section 3.3 implements dynamic control of the steering angles in a reactive way,
complying with the passivity-based whole-body torque control law. Thereby, using the platform
torque interface ensures active compliance of both platform and arm, which predestines the
control law for interaction with an unstructured environment. If, however, the manipulation task
requires a larger and more precise platform motion, it is possible to use the same control law but
switch to the platform velocity interface. In this way, the higher tracking precision of the platform
velocity controller on unknown ground is exploited. Finally, the proposed regulation procedure
for the end of the trajectory can be utilized for combining locomotion with delicate manipulation
tasks, using the same control framework. A potential use case for this kind of flexible whole-body
control could be for example the collection of left-behind samples, comparable to the planned
Mars Sample Return (MSR) mission.!

From the aforementioned evaluation it is evident that whole-body compliance (which is achieved
by the use of the platform torque controller) is beneficial for sensitive, local manipulation tasks,
whereas the platform velocity controller is preferred for traversing longer distances in difficult
terrain. For this reason, Chapter 4 addresses the problems of slip estimation and compensation
w.r.t. platform velocity control. Thereby, Section 4.1 presents a parameter-based slip model,
which can be calibrated without the need of continuous ground-truth position measurements. It
is therefore well suited for the slip estimation as part of a slip-aware self-localization algorithm
in autonomous planetary exploration. However, due to the structural coupling to the pose
estimation of the rover, the slip estimation cannot readily be used for slip compensation within
the platform velocity controller. Therefore, a modular platform velocity tracking controller is
proposed in Section 4.2, which compensates for tracking errors originating in unmodeled wheel-
ground interaction by utilizing a machine learning approach. Summarized, the slip estimation
and compensation methods presented in Chapter 4 are valuable tools for the locomotion and
self-localization performance of the rover on planetary surfaces. The reasonable next step is
combining these approaches with the whole-body tracking controller from Section 3.3 to improve
the overall system tracking performance. The result is a whole-body control framework which
covers the main scenarios and tasks expected during a planetary exploration mission, and enables
a higher level of autonomy by promoting control on task level.

5.2 Justification of the modeling assumptions

Throughout the work, control approaches have been derived based on the mathematical modeling
of the rover system. However, as mentioned in Section 2.1.3, the mathematical modeling relies on
a number of assumptions. In particular, these assumptions concern the hardware characteristics
and the properties of the wheel-ground contact. Although the assumptions do not match the real
hardware in each detail (a list of practical limitations can also be found in Section 2.1.3), each of
the presented control approaches has been tested on the real rover prototype, oftentimes even in
space-analog environments. Thus, it can be argued that all presented methods have proven their
applicability by performing the respective experiments.

The first class of assumption concerns the structure of the mathematical system model:
All motors are ideal torque sources. The links and joints of the robot are rigid. These are
common assumptions in the control of robots, as they result in the simple second-order dynamics
(2.35), where the actuation torques are directly acting on the respective joint accelerations. This
mathematical structure is particularly beneficial for the development of passivity-based control
concepts. Apparently, these assumptions do not correspond to the real behavior of the robot in

LAs of today, the status of the MSR mission is uncertain due to funding issues.
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any case. The modeling of the motors as ideal torque sources does hold approximately, as long as
the commanded torques do not hit the actuator torque limits (cf. Table 2.2). This requirement can
be supported by parameterizing both task and controller in a feasible way — however, unforeseen
external disturbances can cause higher demanded actuator torques. To overcome this problem,
approaches like the optimization-based whole-body impedance controller presented in Section 3.2
can be utilized, which exploit the robot’s redundancy to distribute the actuation torques such
that the limits are not exceeded.

The next question is if the rigid model of the robot is justified with regard to the lightweight
structure of the mechanical components. In fact, the joint elasticities of the Jaco arm (originating
mainly from the Harmonic Drive gears) are not considered in the control algorithm, as motor-side
joint position measurements are used in the feedback control loop. Moreover, the links of both
LRU and Jaco are elastic due to the lightweight structure of the rover. This elasticity can lead to
different kinds of disturbances, from oscillations to errors in the forward kinematics computation.
The treatment of these kind of errors is well established in literature (see e. g. the overview papers
[BV04; KSY15|), and is thus not within the scope of this work. Concerning the erroneous forward
kinematics, visual servoing approaches can be adopted in order to improve the manipulation
accuracy [CHO8; HS19|. Summarized, the mentioned modeling errors and limitations strongly
depend on the available hardware and are no limitations of the proposed algorithms in theory.

The second class of assumptions concerns the behavior of the mobile platform in interaction
with the environment: The dynamics of the position-controlled steering actuators is sufficiently
fast, such that the steering dynamics can be neglected. The wheel-ground interaction can be modeled
as perfect point contact. Wheel velocities and wheel torques are translated to body velocity and
body wrench without losses.

First, the velocity of the steering actuators is limited to 80°/s, as pointed out in Section 2.1.3.
Thus, wheel propulsion velocity and torque commands cannot always be applied immediately.
In the context of the whole-body tracking controller, this means that the assumption of perfect
steering control, i.e., ¢ = ¢,, clearly depends on the choice of the kinematic parameters and
the hardware design. It can be supported by a careful selection of the desired trajectories w.r. t.
the steering capabilities of the system at hand. However, the kinematic redundancy of a wheeled
mobile manipulator can be used to compensate for errors originating from the steering controller
on task level.

Second, the assumption of a perfect wheel-ground contact does not fully represent the reality
on most relevant terrain types, as shown in Chapter 4. However, the presented methods for the
estimation and compensation of unknown wheel-ground interaction effects provide the possibility to
compensate for disturbances originating from the wheel-ground interaction. Again, the kinematic
redundancy of the complete system can be used to compensate for the remaining errors in task
space.

Last, controlling single wheels on torque level is demanding at the hardware at hand, due to
missing torque sensors in the wheel propulsion actuators and the inherently unknown wheel-ground
interaction forces. In fact, many wheeled platforms are rather controlled on velocity level. A great
advantage of the whole-body tracking control algorithm presented in Section 3.3 is that it allows
to utilize the platform velocity interface instead of the platform torque interface. A benefit is a
potentially better tracking performance of the mobile platform, while a potential drawback is
that the active compliance of the platform is lost. Depending on the actual task and scenario,
the possibility to switch between the platform control modes can make the best of the compliant
whole-body control law, by offering high tracking accuracy (possibly in combination with the slip
compensation approaches presented in Chapter 4) for tasks involving larger platform locomotion,
while providing whole-body compliance for local manipulation tasks.
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Summarized, it has been experimentally verified that the proposed whole-body control ap-
proaches are suitable for the regulation and tracking of a pose or trajectory of the end effector,
considering the limitations of the prototypical rover hardware.

5.3 Feasibility in planetary exploration scenarios

The algorithms in this thesis were designed in the context of present and future robotic planetary
exploration missions. In particular, the considered circumstances are based on the robotic
exploration of Earth’s moon and Mars. The question that arises naturally concerns the feasibility
of the proposed approaches in such a scenario. The main aspect of this question is the following:
Are the algorithms applicable w. r. t. the circumstances, i. e., a) with the available sensor data and
b) considering the computational capabilities of a space-qualified robotic vehicle?

The first part of the question can be answered in a nutshell with yes. All algorithms are only
relying on on-board sensor measurements, without the need for external information such as
ground-truth position data or a priori knowledge about the terrain.

Concerning the second part of the question, it has to be admitted that it is not proven that the
proposed algorithms are suited for today’s radiation-hardened processors, such as the RAD 750
processor which is used for NASA’s Curiosity and Perseverance rovers (featuring a maximum clock
cycle time of 200 MHz). The upcoming Mars Sample Return mission can be named as an example:
Bowkett et al. identify the online inversion of the Jacobian matrix of a 7-DOF robotic arm on
such a processor as one of the main computational challenges concerning the implementation of a
closed-loop control law in Cartesian coordinates of the end effector [Bow+24].

In fact, there was (deliberately) no runtime analysis of the proposed algorithms performed on
real space-qualified computers, looking out for future developments. It is expected that “Future
computational resources such as multicore architectures and FPGAs will offer enhanced complexity
navigation algorithms” [Ell16, p. 152|. As of today, FPGAs have been implemented in a limited
capacity in several rovers including the MERs. Moreover, already the last robotic Mars exploration
mission included the flying system Ingenuity as a technology demonstrator, equipped with a
2.26 GHz Quad-core Snapdragon™801 processor with 2 GB Random Access Memory (RAM) and
32 GB Flash memory. The processor is among others used to perform the expensive realtime sensor
fusion and filter propagation for the use in flight control [Bal+18|. The inner flight-control loops are
implemented using a pair of hot-swappable dualredundant automotive-grade processors [BAG21].
Compared to conventional space hardware, these terrestrial processors feature an increased danger
of data or instruction corruption caused by cosmic radiation. The solution applied to Ingenuity
was as simple as providing redundancy in all relevant components, i.e., holding two copies of
memory and double check operations as much as possible. For example, if a fault was detected
in software or memory of one of the flight computer units, that would trigger the swap of the
active microcontroller [Gil24|. In fact, the full mission success criteria for Ingenuity were not
only accomplished but by far exceeded. Therefore, two identical Ingenuity-sized helicopters are
developed as part of the MSR mission. This second generation of Mars rotorcrafts is heavily based
on the heritage designs of Ingenuity, but will use an even newer model of the Snapdragon as
primary flight computer [Wit+23]. Thus, it can be anticipated that the computation capabilities
of wheeled exploration robots will exceed the present ones by far in the near future.

But even with the computational limits of the present space-qualified processors, advanced
algorithms can be implemented by an intelligent use of resources combined with robust algorithms.
For example, the offline pre-computation of the inverse Jacobian matrix around a baseline
trajectory as a solution for the computational bottlenecks is proposed in [Bow-+24]. These kind
of solutions have been explored since the early days of model-based control, when computational
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resources were comparably limited to today’s space-qualified processors. Of course, these techniques
are also conceivable for the algorithms proposed in this work. Another approach is to consider
a reduction of the computational cycle times. However, it has to be noted that reduced cycle
times can limit the bandwidth and thus the achievable stiffness values of the passivity-based
control concepts from Chapter 3. Finally, building modular control architectures can reduce the
computational requirements, as the example of the learning-based MPC from Section 4.2 shows.
Thereby, the computationally expensive high-level control components are not required to run
in realtime, as they build upon a simple low-level controller which already provides satisfactory
tracking performance.

Summarized, what qualifies the proposed compliant whole-body control approaches for a space
exploration scenario is the well-defined contact behavior, which is beneficial in unknown and
unstructured environments. Moreover, the inherent robustness of passivity-based control w.r.t.
disturbances and modeling errors is an undeniable advantage, thinking for example of the possibly
higher signal-to-noise ratio of certain sensors in space applications (for example, this concerns force
and torque measurements, as some of the strain gauge materials used in terrestrial applications
cannot be used on Mars [Bow-+24|). In fact, compliant closed-loop control approaches in task
coordinates will make their way to space in the near future, among others due to the advanced
manipulation requirements of the MSR mission [Bow+24|. Thus, compliant whole-body control
can be imagined to be the next step in future planetary exploration.
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CHAPTER 6

Conclusion

In the current work, a comprehensive examination of robotic planetary exploration is conducted
from the viewpoint of control theory and practice. The most important aspects for future ground-
based exploration scenarios have been identified in the field of locomotion and manipulation.
Therefore, the research objective is to provide algorithms which enable a higher level of autonomy
in task execution. Looking on the existing unmanned missions (particularly the current and near-
future NASA Mars missions), a considerable potential for improvement is foreseen by compliant
manipulation approaches, including particularly whole-body control strategies. Thereby, unlike in
terrestrial applications like industrial and domestic robotics, the wheel-ground interaction is a
substantial factor for the successful task execution.

The first part of the thesis deals with the coordinated whole-body control of a rover prototype
equipped with a robotic arm. A platform torque interface is created, proposing an optimization-
based solution for the control allocation of the wheel torques. Based on this prerequisite, a
whole-body Cartesian impedance controller is presented, which implements a desired spring-
damper behavior at the end effector while resolving the redundancy via quadratic optimization.
The mentioned control approach is well-suited for local manipulation tasks, assuming a predefined
steering configuration. In order to provide a more general control concept for tasks involving
significant platform locomotion, a tracking controller which provides an implicit coordination
scheme (that is, the steering configuration is computed together with the torque control law
without explicitly specifying a platform trajectory) is proposed based on the idea of compliant
whole-body behavior. The tracking control law allows both the use of the platform torque interface
and the use of the platform velocity controller. Moreover, a concept how to stabilize a static
equilibrium at the end of the trajectory is provided. The underlying passivity-based torque
control law is eventually analyzed in detail at the example of a holonomic robot arm, with special
attention to interaction and convergence properties.

The second part of this work is concerned with the interaction between wheels and underlying
terrain. Thereby, the focus is laid on approaches which do neither require ground-truth position
measurements nor existing knowledge of the terrain properties. First, a parameter-based slip model
is adopted together with a suitable calibration procedure. The method is validated extensively
with experiments on Moon-analog terrain. It is shown that the slip estimation improves the wheel
odometry measurements significantly. However, it can be observed that the model-based slip
estimation is not able to capture all relevant (possibly non-linear) effects. Proceeding from these
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insights, a modular platform tracking controller which combines MPC with a machine learning
component is proposed and evaluated by a series of test drives on Moon-analog soil. Thereby, the
control architecture is designed such that the overall computational load is significantly reduced
w.r.t. similar existing methods.

In summary, the control methods which were proposed and evaluated in this work enable future
planetary rovers to use the combined degrees of freedom of platform and arm in autonomous
locomotion and manipulation scenarios. Thereby, both established and new methods of compliant
whole-body control are introduced to the field of planetary exploration robotics. As a next step, the
whole-body control approaches can be combined with the proposed approaches for slip estimation
and compensation to further improve the resulting regulation and tracking performance.

Looking out for future development in the area of space-qualified processors, the algorithms
proposed in this work are expected to be applicable on a (near-)future generation of space
robots. Noticeably, the insights from the parameterized slip estimation from [Bus+ 18] influence
an upcoming space mission even today. The Martian Moons eXploration (MMX) mission by
the Japan Aerospace Exploration Agency (JAXA) features the major scientific goal of clarifying
the origin of the two Martian moons Phobos and Deimos, the currently expected launch date is
2026. As part of the mission, the rover Idefix (a joint contribution of the DLR and the Centre
National d’Etudes Spatiales CNES) will land on Phobos and act as a scientific and technology
demonstration platform. In the context of the Autonomous Navigation Experiment performed by
DLR, a velocity correction module is implemented based on the insights from the slip estimation on
Mt. Etna [Vay+25|. This example shows that research performed on terrestrial prototypes still has
formative influence on actual space exploration, despite the current differences in computational
capacities. However, it is expected that more powerful processors will gain increasing importance
in near-future space exploration, enabling the use of complex control algorithms as the ones
proposed in this work. In the end, whole-body control is a way to increase the autonomy of
planetary exploration rovers, and thus eventually saves costs and increases the scientific outcome
of robotic space exploration.
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Appendix

A.1 Theorems and Fundamentals

The algorithms presented in Chapter 3 and Chapter 4 rely on some basic theorems, which will be
introduced in the following chapter.

A.1.1 Nonautonomous system
Definition 1. Let a nonautonomous dynamic system be described by
= f(x,t) (A.1)

where f: D x R™ — R" is piecewise continuous in ¢ and locally Lipschitz in  on D x R™, and
D C R" is a domain that contains the origin @ = 0. The origin is an equilibrium point for (A.1)
at t =0 if

F0,)=0, Vt>0. (A.2)

An equilibrium point at the origin could be a translation of a nonzero equilibrium point or, more
generally, a translation of a nonzero solution of the system.

Note that the uppermentioned definition is adopted from [Kha02, p. 147]. For further common
definitions and theorems used in Lyapunov stability theory, the reader is referred to [Kha02,
Chapter 4] or similar works.

A.1.2 Exponential stability

The exponential stability theorem is recalled from [Kha02, p. 154, Theorem 4.10], where also the
proof can be found.

Theorem 1. Let x = 0 be an equilibrium point for (A.1) and D C R™ be a domain containing
x=0.Let V:DxR" —= R be a continuously differentiable function such that

Elle||* < V(x,t) < kol (A.3)
oV oV

- 4 - < — @ .
o T ag @ 1) < —kallz]®, (A4)

Vt > 0 and Vo € D, where ki, ko, k3 and a are positive constants. Then, x = 0 is exponentially
stable. If the assumptions hold globally, then & = 0 is globally exponentially stable.
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A.1.3 Brockett’s theorem
The following theorem is also known as Brockett’s theorem [Bro+83|.

Theorem 2. Let & = f(x,u) be given with f(x,0) =0 and f(-,-) continuously differentiable in
a neighborhood of (g, 0). A necessary condition for the existence of a continuously differentiable
control law which makes (xg,0) asymptotically stable is

1. The linearized system has no uncontrollable modes associated with eigenvalues with positive
real part.

2. There ezists a neighborhood N of (xg,0) such that for each & € N there exists a control
ug(t) defined for all t > 0 that drives the solution of & = f(x,u¢) from the point x = & at
t=0tox=xy att = 0.

3. The mapping v : N x R™ — R"™ |, N a neighborhood of the origin, defined by v : (x,u) —
f(x,u) should be onto an open set of the origin.

A.1.4 Min-max theorem

The min-max-theorem is a direct result of the from the Courant-Fischer theorem |Cou20; Fis05]
and states that

min \;(B)|z|? < 27 Bz < max )(B))|z|* V& (A.5)

for a s.p.d. matrix B.

A.1.5 Null space and range space

Let A € R™*™ be an arbitrary matrix. The following definition of the range space, the null space,
and the rank A are recalled from [GL96, p.49].

Definition 2. The range space of A is defined by

R(A) ={y € R™:y = Ax for some x € R"}. (A.6)
The range space is spanned by the columns of A = [aq,...,ay], i.e.,
R(A) =span{ay,...,an}. (A.7)

The null space of A is defined as

N(A)={x e R": Az = 0}. (A.8)
The rank of a matrix A is defined by

rank(A) = dim(R(A)). (A.9)

It can be shown that rank(A) = rank(A7T). The matrix A is rank deficient if

rank(A) < min{m,n}. (A.10)
For A € R™*",
dim(N(A)) + rank(A) = n. (A.11)
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A.1.6 Singular value decomposition

Theorem 3. [GLI6, p. 70] For a matriz A € R™*", there exist orthogonal matrices

U=[uy... ,up] e R™Mand V = [vy,...,v,] € R™" (A.12)
such that

UTAV =3, (A.13)
with

> = diag(o1,...,0p) € R™*", p=min{m,n}, (A.14)

andUlz(TQZ...ZUpZO.

The proof can be found in [GL96, p.70|. The values o; are the singular values of A and the
vectors u; and wv; are the ith left singular vector and the ith right singular vector, respectively,
satisfying

Av; = o;u; (A.15)
ATu; = oyv; (A.16)
for i =1,...,min{m,n}. If the rank of A is given as rank(A) = r, the singular values of A are
012092 ...20,>041=...=0, (A.17)

and
N(A) = span{v,41,...,v,} (A.18)
R(A) =span{uy, ..., u,}. (A.19)

Splitting the matrices U and V accordingly, i.e.,
U= [Ul Ug} , V= [Vl Vg} (A.20)

with Uy € R™%", Uy € R™(Mm=7) vV € R™", Vy € R™ (") one can obtain orthogonal pro-
jections onto the subspaces of A as follows |GL96, p. 75]:

V1VT = projection on to R(AT) (A.21)
V,VE = projection on to N'(A) (A.22)
U,UT = projection on to R(A) (A.23)
U,UI = projection on to N'(AT). (A.24)

A.1.7 Computation of the Moore-Penrose pseudoinverse

The following statements are adapted from [GL96, pp. 257-258]. The Moore-Penrose pseudoinverse
AT € R™™ of a matrix A € R"™*" is defined as the unique matrix satisfying the Moore-Penrose
conditions

1. AATA=A, (A.25)
2. ATAAT = AT, (A.26)
3. (AANHT =AA4T, (A.27)
4. (ATA)T =ATA. (A.28)

The matrix AT exists for every matrix A. If A has full rank, A" can be computed as
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1. If A has linearly independent columns,
At =(ATA) AT, (A.29)
In this case, AT is a left-pseudoinverse of A, i.e., ATA=1.
2. If A has linearly independent rows,
At = AT(AAT) L, (A.30)
In this case, AT is a right-pseudoinverse of A, i.e., AAT = 1.

If rank(A) = n = m, then AT = A~!. For rank-deficient matrices A with rank(A) = r, AT can
be computed in terms of the singular value decomposition as

AT =vEtuT (A.31)
with
+ . 1 1 nxm
T=diag | —,...,—,...,0] €R . (A.32)
o1 Oy

118



A.2 The ROBEX and ARCHES space-analog missions

A.2 The ROBEX and ARCHES space-analog missions
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Figure A.1 The two scientific scenarios which were performed autonomously by the LRU2
during the ROBEX space analog mission. Scenario 1: Active seismic measurements at equidistant
measure points. Scenario 2: Deployment of a seismic network for long-term geological measurements.
Adapted from [Sch+19].

Apart from the rather theoretical considerations derived from past and future space missions,
extensive tests with robotic prototypes in a space-analog scenario and environment form the spine
of the development of algorithms throughout this work. Thereby, the wheeled terrestrial rover
prototypes LRU1 and LRU2 are used to perform several locomotion and manipulation tasks in a
harsh and unknown outdoor environment, which is an invaluable source of experience and gives
insights into the challenges of planetary exploration.

Two of the most extensive space-analog missions involving the LRUs were located at Mt. Etna,
Sicily, a certified Moon-analog test site [PGB12]. The robotic demonstrations were performed at
the volcano’s flank at an altitude of approximately 2600 m with the two prototypical planetary
rovers LRU1 and LRU2.

The first of the two demonstration missions took place in June/July 2017 in the context of
a project named Robotic Exploration of Extreme Environments (ROBEX). Details about the
mission can be found e.g. in [Wed+15a; Wed+17|, and [Wed+18|. The scenario comprised active
and passive seismic measurements as shown in Figure A.1, which were performed autonomously
by LRU2. This rover prototype is equipped with a robotic arm, which enables it to perform
both locomotion and manipulation tasks. The manipulation of the payload boxes for the seismic
measurements and a sample-return experiment is described in [Leh+18|, [Bru+18| performs a
post-mortem analysis of the seismometer deployment using DLR’s task programming framework
RMC advanced flow control (RAFCON). Beyond the main scenarios, additional scientific questions
were addressed in the course of the demo mission. Among others, a slip-aware wheel odometry
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was developed and tested, which is detailed in Section 4.1. The performance of the locomotion
capabilities and the pose estimation of the LRU1 was validated through a number of long-range
drives. Two of them are available with the data set publication [Vay+18], together with an analysis
of the on-board self localization of the rover.

Figure A.2 Cooperative exploration of the Cisternazza crater in the context of the ARCHES
space analog mission in 2022 on Mt. Etna. LRU1 has the winch mechanism mounted on its body.
The end of the tether is connected to a hook, which is clutched to the robot arm on LRU2. From
[Bur-+24].

The second space-analog mission took place in June/July 2022 at the same test site on Mt. Etna,
as final technology demonstration of the ARCHES project (Autonomous Robotic Networks to
Help Modern Societies). The scenario involved several scientific experiments, exploration, and
infrastructure tasks in the Moon analog environment, among others the setup of a Low-Frequency
Radio Array (LOFAR) array. In contrast to the ROBEX project, the challenges of the scenario
were tackled by multi-robot cooperation in a heterogeneous team (i.e., LRU1 and LRU2 and
DLR’s hexacopter ARDEA). A detailed description of the scenario and the results can e.g.
be found in [Sch+20; Wed+22|, while the mission control software which is essential for the
complex interaction of the robotic team is detailed in [Sak+23|. A robotic experiment involving
measurements with a Laser-induced Breakdown Spectrometer is described in [Leh+-23].

As an additional experiment, the Cisternazza crater was explored by the two rover prototypes
LRU1 and LRU2, performing a panoramic scan of the interior of the Crater. Figure A.2 shows a
snapshot from the experiment, highlighting the importance of the collaboration: LRU1 (equipped
with a scientific camera head) is abseiling into the crater in order to take a panoramic scan, while
LRU2 is securing LRU1 from the crater rim. Thereby, LRU1 overcomes slopes with a maximum
inclination of 28° thanks to the tether-winch support, which exceeds the rover’s stand-alone
capability by far (the rover is usually able to traverse slopes of 10-18°, depending on the soil). A
detailed description of the collaborative crater exploration experiment is given in [Bur-24].
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