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Abstract
The work presented in this thesis is motivated by the great strength of optimal control and
numerical optimization in generating feasible and optimal trajectories for complex robot trajectory planning problems. The task of interest is the interception and capture of free-ﬂying
objects, to include the interception with a ﬂying object on ground by means of a ﬁxed-based
robot and the capture of a free-tumbling satellite in orbit by means of a space robot. In
the ﬁrst application, dynamic constraints play an important role in the optimal solutions,
which need to be computed in a short time. In the second application, the optimal motion
planning is characterized by multiple motion and sensor-based constraints, as well as by the
non-holonomic dynamics of the robot. The stringent safety requirements in the remote orbital operational environment call for methods which can provide guarantees of feasibility
with respect to the constraints at hand.
Given the non-convex and highly constrained nature of these planning problems, the
performance of trajectory optimization methods heavily depends on the provided trajectory
initialization and they are generally not guaranteed to ﬁnd a feasible solution. This motivates
generating solutions oﬄine and retrieving them online with the aid of generalization via
regression. A series of regression methods are applied and compared to the ﬁrst problem,
namely the interception with a ﬂying object on ground, for purpose of analysis. The optimal
solutions generated oﬄine build a training set for the regression methods, which construct
a mapping function between a suitable task space and the optimization parameter solution
space. This mapping is then used in an online setting, to quickly provide an initial guess
for warm starting an online planner. Statistical simulation results show a very high rate of
convergence of the online planner, and give insight into the relation between the optimality
of the solutions and the size of the training data set.
For the second task, namely the robot trajectory planning for the capture of a freetumbling satellite in orbit, knowledge of the satellite motion in future time is required. The
dynamics of a free-tumbling satellite in orbit can be modelled as a free rigid body. The
rotational dynamics however still presents some challenges, when wanting to propagate the
body’s orientation for a suﬃcient time, for planning purposes. These challenges are addressed
here in detail, proposing a method to identify the state and inertial parameters necessary for
a robust motion prediction, accounting for measurement noise, modelling errors and other
dynamical eﬀects pertinent to the free-body dynamics. Furthermore, a statistical propagation
method is presented which provides an estimate of the dispersion of the motion prediction,
which results from the same disturbances. This information is intended as input to robust
control methods, which account for the given uncertainty. The OOS-SIM robotic experimental
facility at the DLR reproduces orbital dynamic and illumination conditions on ground, and
was used to validate the proposed methods.
A complex trajectory planner is then presented for the task of capturing the free-tumbling
satellite by means of a free-ﬂoating robot in a realistic operational scenario. Due to the long
computation times necessary for generating a training data set, an initialization method
was developed based on a look-up table combined with a motion propagation of the target
satellite. A statistical simulation analysis shows a satisfactory convergence behavior of the
online planner. Furthermore, in order to make use of the motion planning solutions for
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control purposes, a tracking controller is presented which combines the planner’s input to
sensor feedback. This controller was also implemented and tested on the OOS-SIM facility.
The methods presented in this thesis for the satellite capture task describe an autonomous
operational strategy. The motion planning is combined with target satellite motion prediction
and robot tracking control functionalities in a new fashion. The use of numerical trajectory
optimization for control purposes is as such demonstrated for this application. The eﬀectiveness of using an experimental facility on ground for validation purposes is also demonstrated.
More generally, the results for the two addressed interception and capture tasks have shown
that generalization via regression of feasible and optimal solutions generated oﬄine has great
potential for eﬃciently solving complex trajectory planning problems online. This potential
is also recognizable from the described possible improvements of the adopted methods, as well
as from the possible use of GPU and cluster technologies. A reference trajectory is argued
to be necessary to provide guarantees of feasibility for a given task. However, its intrinsic
uncertainty calls for methods which provide the same guarantees, in view of the necessary
trajectory deviations in the tracking phase.

Zusammenfassung
Die hier vorgestellten Arbeiten sind durch die große Stärke der optimalen Steuerung und der
numerischen Optimierung bei der Berechnung durchführbarer und optimaler Trajektorien für
komplexe Roboter-Trajektorienplanungsprobleme motiviert. Die in dieser Arbeit interessierende Aufgabe ist das Abfangen und Einfangen von frei ﬂiegenden Objekten, einschließlich
des Abfangens mit einem ﬂiegenden Objekt am Boden mittels eines erdgebundenen Roboters
und das Einfangen eines frei taumelnden Satelliten im Orbit mittels eines Weltraumroboters. Bei der ersten Anwendung spielen dynamische Beschränkungen eine wichtige Rolle für
die optimalen Lösungen, die in kurzer Zeit berechnet werden müssen. In der zweiten Anwendung ist die optimale Bewegungsplanung durch mehrere Bewegungs- und sensorbasierte
Einschränkungen sowie durch die nicht-holonomische Dynamik des Roboters gekennzeichnet.
Die hohen Sicherheitsanforderungen in der abgelegenen orbitalen Betriebsumgebung erfordern Methoden, die Garantien für die Machbarkeit unter Berücksichtigung der vorliegenden
Randbedingungen bieten können.
Angesichts der nicht konvexen und stark eingeschränkten Natur dieser Planungsprobleme hängt die Leistung von Trajektorienoptimierungsmethoden stark von der vorgesehenen Trajektorieninitialisierung ab, und es ist im Allgemeinen nicht garantiert, dass sie eine durchführbare Lösung ﬁnden. Dies motiviert dazu, Lösungen oﬄine zu generieren und
sie online mit Hilfe der Generalisierung durch Regression abzurufen. Zur Analyse wird eine Reihe von Regressionsmethoden angewendet und mit dem ersten Problem, nämlich dem
Abfangen mit einem Flugobjekt am Boden, verglichen. Die Aufgabe wird in verschiedenen
Varianten formuliert und mit einer unterschiedlichen Anzahl von Dimensionen parametrisiert. Die oﬄine generierten optimalen Lösungen bilden ein Trainingsset für die Regressionsmethoden, die eine Abbildungsfunktion zwischen einem geeigneten Aufgabenraum und
dem Optimierungsparameter-Lösungsraum konstruieren. Diese Abbildung wird dann in einer Online-Umgebung verwendet, um schnell eine erste Schätzung für den Warmstart eines
Online-Planers zu liefern. Statistische Simulationsergebnisse zeigen eine sehr hohe Konvergenzrate des Online-Planers und geben Einblick in die Beziehung zwischen der Optimalität
der Lösungen und der Größe des Trainingsdatensatzes.
Für die zweite Aufgabe, nämlich die Planung der Trajektorie des Roboters für das Einfangen eines frei taumelnden Satelliten im Orbit, ist die Kenntnis der Satellitenbewegung in
der Zukunft erforderlich. Die Dynamik eines frei taumelnden Satelliten im Orbit kann als freier starrer Körper modelliert werden. Die Rotationsdynamik stellt jedoch immer noch einige
Herausforderungen dar, wenn man die Ausrichtung des Körpers für eine ausreichende Zeit
zu Planungszwecken propagieren will. Diese Herausforderungen werden hier im Detail behandelt, indem eine Methode vorgeschlagen wird, um den Zustand und die Trägheitsparameter
zu identiﬁzieren, die für eine robuste Bewegungsvorhersage notwendig sind, wobei Messrauschen, Modellierungsfehler und andere dynamische Eﬀekte, die für die Freikörperdynamik
relevant sind, berücksichtigt werden. Darüber hinaus wird eine statistische Vorhersagemethode vorgestellt, die eine Schätzung der Streuung der Bewegungsvorhersage liefert, die aus den
gleichen Störungen resultiert. Diese Informationen sind als Input für robuste Regelungsmethoden gedacht, die die gegebene Unsicherheit berücksichtigen. Die Roboter-Experimentieranlage
OOS-SIM am DLR reproduziert die orbitalen Dynamik- und Beleuchtungsbedingungen am
Boden und wurde zur Validierung der vorgeschlagenen Methoden verwendet.
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Anschließend wird ein komplexer Trajektorienplaner vorgestellt, der die Aufgabe hat, den
frei taumelnden Satelliten mit Hilfe eines frei schwebenden Roboters in einem realistischen
Einsatzszenario zu einfangen. Aufgrund der langen Berechnungszeiten, die für die Generierung
eines Trainingsdatensatzes notwendig sind, wurde eine Initialisierungsmethode entwickelt, die
auf einer Look-up-Tabelle in Kombination mit einer Bewegungsvorhersage des Zielsatelliten
basiert. Eine statistische Simulationsanalyse zeigt ein zufriedenstellendes Konvergenzverhalten des Online-Planers. Um die Bewegungsplanungslösungen für Steuerungszwecke zu nutzen, wird darüber hinaus ein Tracking-Controller vorgestellt, der den Input des Planers mit
Sensor-Feedback kombiniert. Dieser Controller wurde ebenfalls auf der OOS-SIM-Anlage implementiert und getestet.
Die in dieser Arbeit vorgestellten Methoden für die Satelliteneinfangensaufgabe beschreiben eine autonome Betriebsstrategie. Die Bewegungsplanung wird auf eine neue Art und Weise
mit den Funktionen der Bewegungsvorhersage des Zielsatelliten und der Tracking-Controller
der Roboters kombiniert. Die Anwendung der numerischen Trajektorienoptimierung für Steuerungszwecke wird als solche für diese Anwendung demonstriert. Die Wirksamkeit des Einsatzes
einer Versuchsanlage am Boden zu Validierungszwecken wird ebenfalls demonstriert. Allgemeiner gesagt, die Ergebnisse für die beiden behandelten Abfang- und Erfassungsaufgaben
haben gezeigt, dass die Verallgemeinerung durch Regression von machbaren und optimalen
Lösungen, die oﬄine generiert wurden, ein großes Potential für die eﬃziente Lösung komplexer Trajektorienplanungsprobleme online hat. Dies ist auch an den beschriebenen möglichen
Verbesserungen der angewandten Methoden sowie an der möglichen Nutzung von GPU- und
Cluster-Technologien erkennbar. Es wird argumentiert, dass eine Referenztrajektorie notwendig ist, um die Durchführbarkeit für eine bestimmte Aufgabe zu garantieren. Ihre inhärente
Unsicherheit verlangt jedoch nach Methoden, die angesichts der notwendigen Trajektorienabweichungen in der Tracking-Phase die gleichen Garantien bieten.
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Center of Mass
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Extended Kalman Filter

EPOS

Robotic RvD-Simulator “European Proximity Operations Simulator” at the
German Space Operations Center (DLR)
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GNC

Guidance, navigation and control system of a satellite

GPR

Gaussian Process Regression

ISS

International Space Station

LWR

Light Weight Robot (DLR)

MPC

Model-predictive control

NLP

Nonlinear programming

NN

Nearest Neighbor regression

OOS

On-Orbit Servicing

OOS-SIM

Robotic close proximity experimental facility at the Robotics and Mechatronics Institute (DLR)

RFF

Random Fourier Features

SVM

Support Vector Regression

UKF

Unscented Kalman Filter

Glossary
Chaser

Satellite which carries the robot arm in a free-ﬂying robot. Also
referred to as base-body in the multibody equivalent of a free-ﬂying
robot.

Chaser approach phase

Maneuver of the Chaser from an initial observation (or hold) point
to the Mating Point.

Flat spin

Pure spin of a free body about its major inertia axis.

Free-ﬂying robot

Space robot consisting of a robot manipulator attached to an actuated unconstrained base-body, operating in an orbital gravity-free
environment.

Free-ﬂoating robot

Space robot consisting of a robot manipulator attached to a nonactuated unconstrained base-body, operating in an orbital gravityfree environment.

Grasping Point

Preselected point on the Target which the robot arm grasps at capture.

Mating Point

Point in front of the Target, which is at a suﬃciently close distance
from the Grasping Point on the Target for capture.

Polhode period

The curve produced by the angular velocity vector on the inertia
ellipsoid, is known as the polhode. Given that the curve is closed,
the period is deﬁned as the constant duration of one closed loop.

Target

Satellite to be captured, typically in an uncontrolled tumbling state,
as such often described as non-cooperative.
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ONE
Introduction
Optimal control and numerical optimization are extremely powerful tools for generating feasible and optimal trajectories for general robotic systems. Their solid theoretical
grounds [Bryson, 1975, Betts, 1998, Binder et al., 2001, Nocedal and Wright, 2006, Gerdts,
2011] allow formulating optimal motion planning problems through nonlinear programming
(NLP) and solving them for systems with a high number of degrees of freedom and for a wide
range of cost functions and motion constraints [Koch et al., 2012, Schulman et al., 2014]. Despite the formal requirement of class C 2 functions, works can be found in the literature which
handle the collision avoidance, as well as the contact and impact problems eﬃciently [Konno
et al., 2011, Escande et al., 2013, 2014, Schulman et al., 2014, Merkt et al., 2019]. And despite the often-criticized diﬃculties in trajectory optimization, as for example becoming stuck
in local minima or not being able to ﬁnd a trajectory that is not homotopic to the initial
trajectory [LaValle, 2006], optimal control can be used to address fundamental questions on
the design and the control of complex robotic systems [Haddadin et al., 2012, Clever et al.,
2014, Xi et al., 2016]. Due to the strong nonlinearity of robot motion planning problems,
optimality can also provide important gains in system performance.
There are however diﬀerent challenges in using numerical optimization for the purpose of
robot open-loop control. Motion constraints generally play a fundamental role, to the point
that the optimality may sometimes be regarded as a “nice to have” against the strict necessity
of feasibility (see the orbital application below). Dynamic constraints may play a particularly
important role, as for non-holonomic systems, for which solving the equations of motion
becomes nontrivial. Although the diﬀerential ﬂatness property may sometimes be used to
substantially simplify their dynamics problem solving [Milam et al., 2000, Tang et al., 2018],
it does so at the expense of more complicated formulations of the motion constraints [Faiz
et al., 2001]. Dynamic constraints also play an important role for systems which have to move
quickly to accomplish the given task.
Online applications of numerical optimization for the purpose of open-loop control can be
found for systems with few degrees of freedom [Milam et al., 2000, Mao et al., 2017, Virgili-Llop
et al., 2019, Bonalli et al., 2019a], or for formulations which compute suboptimal solutions
with a low-dimensional search space [Bäuml et al., 2010] or a parallel multi start search [Bäuml
et al., 2010, Schulman et al., 2014]. In [Koç et al., 2018] a nonlinear optimization problem
is also solved in real-time, with kinematic-dependent cost function and motion constraints
1
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1. Introduction

and, in one of two formulations, with no consideration of local minima. Other approaches
aim at reducing the trajectory problem in some way, for example, with mechanical model
approximations and gait motion simpliﬁcations in humanoid gait generation [Xiang et al.,
2010], or with the formulation of a capture task in the operational space of a free-ﬂoating
robot, in which robot joint state constraints are not considered [Aghili, 2012].
An alternative approach for online numerical optimization for the purpose of open-loop
control, is to generate a database of solutions oﬄine, to be retrieved online for a given query
as, for example, in [Lampariello et al., 2011, Weitschat et al., 2013, Koç et al., 2018]. However,
the oﬄine generated solutions are valid for a predeﬁned model of the environment and of the
system to be controlled. As such, when commanded to the real system, a dedicated tracking
controller has to be used, which tracks them as closely as possible, but also purposely departs
from them, to account for modelling errors. Certain situations may allow for an online replanning, if time allows [Bäuml et al., 2010, Koç et al., 2018], or alternatively for a sensitivitybased update [Büskens and Maurer, 2001, Specht et al., 2020].

1.1

Motivation

The work presented in this thesis has two distinct motivations. The ﬁrst is methodological,
in that the aim is to develop a control method which allows making use of (near to) globally
optimal solutions to a full formulation of the NLPs of interest. In a full formulation, no
modelling information is lost, the parameterization of the problem is high-dimensional and
all motion constraints pertinent to the given motion planning problem are considered, in
particular dynamic motion constraints. The feasibility is guaranteed throughout the complete
trajectory (however in an NLP sense, see Section 1.2.2). Due to the complexity of the NLPs
of interest, an online implementation is either not possible, due to the limited computational

Figure 1.1: DEOS Mission study scenario: Chaser satellite (right) with robotic arm grasping a freetumbling Target satellite (left). The control system of the Chaser satellite is switched off
during the capture phase, while the robot arm reaches out to a preselected Grasping Point
on the tumbling Target. After closing the grasp, the robot arm is brought to rest, such
that the angular momentum of the Target is shared with the Chaser and the satellite stack
tumbles about its new center of mass.
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time available, or generally suboptimal, as discussed above. Furthermore, the performance
of trajectory optimization methods heavily depends on the provided trajectory initialization
and they are generally not guaranteed to ﬁnd a feasible solution. As such, an eﬃcient method
is sought which allows making use of solutions generated oﬄine in an online setting (see
Section 1.2.2). The aim of this approach is to guarantee feasibility and also to reduce the
computation time for the online planner.
An application domain in which a strict requirement of feasibility is common, is orbital
robotics. More speciﬁcally, the task of capturing a free-tumbling object (typically a defective
satellite, from here referred to as the Target) with a free-ﬂying robot (a spacecraft, from
here referred to as the Chaser, carrying a robot manipulator, see Figure 1.1), presents a high
number of motion and sensor-driven constraints, as explained in Section 1.2.4. Due to the
remoteness of the operational environment and to the stringent operational safety requirements, feasibility with respect to all constraints is mandatory. An autonomous system, which
relies on an optimal motion planner for providing a feasible reference trajectory, is as such
an attractive design goal. The alternative approach of a tele-operated system [Lampariello
et al., 2015][Artigas et al., 2016] presents limitations due to the intrinsic time delay in the
communication link between the operator on ground and the robot in orbit, as well as the
non-intuitive nature of the task at hand. The autonomous approach was in fact the preferred
solution in the German-national DEOS On-Orbit Servicing mission study [Sellmaier et al.,
2010].
The complexity of the capturing task also arises from the fact that the free-tumbling
motion of the Target is initially unknown. Although a geometric model of the object may
be assumed to be given (from the owner or from 3D-reconstruction [Dziura et al., 2017]),
a careful synchronization with its rotational motion is necessary, such that the robot can
reach and grasp a preselected Grasping Point on it, without incurring into collisions or other
mission-critical motion constraints.
Due to the weightlessness in space, the dynamics of a free-ﬂying robot can present a
non-holonomic behavior, referred to in the literature as free-ﬂoating dynamics. The simplest
case in which this behavior occurs is when the actuation of the Chaser is purposely switched
oﬀ, in order to avoid any undesirable interference with the robot motion during contact with
the Target (see Figure 1.1). If instead the Target is very large, as in the e.Deorbit study
of the European Space Agency for the capture of the defective and free-tumbling ENVISAT
satellite (with a mass of 8 tones and a length of 25 meters) [Telaar et al., 2017], the Chaser
has to ﬂy in synchronization with the Grasping Point on the Target, in order to perform the
capture. However, the GNC of the Chaser can be designed to control the center of mass of the
Chaser-robot system, without counteracting the dynamic coupling between the arm motion
and the Chaser [Giordano et al., 2019]. This dynamic behavor is a preferred condition, since
the use of the Chaser’s non-replenishable propellant is minimized. It however increases the
complexity of the optimal control problem related to the motion planning task, due to the
resulting non-holonomic constraint. Of notice is also the fact that the diﬀerential ﬂatness
formulation for the dynamics of a spatial free-ﬂoating robot, which would intrinsically satisfy
the non-holonomic constraint, has not yet been found, if not with the design limitations
described in [Agrawal et al., 2009].
The second motivation of this thesis is therefore application driven, in that the eﬃcient
numerical optimization approach is applied to the capture task just described. In order to
do so, a prediction of the tumbling motion of the Target must be provided to the motion
planner. This motion prediction generally consists of complex rotational motions about the

4

1. Introduction

Figure 1.2: OOS-SIM facility: Chaser satellite (left) with robotic arm grasping Target satellite (right).
The satellite mock-ups are moved in 3D space by means of two industrial robots. The
Light Weight Robot (LWR) manipulator on the Chaser carries a stereo-camera at its endeffector for visual servoing. A force/torque sensor at the base of the Target’s mock-up
allows simulating physical contacts with the LWR. The sensor signals are fed to a real-time
simulation of the system dynamics.

Target’s center of mass (the translational motion can practically be neglected, as described
in Section 1.2.1). Furthermore, a dedicated tracking controller is required to account for
the assumed free-ﬂoating system dynamics and chosen sensing capabilities on board of the
Chaser. The capture task has not yet been achieved in space with a free-ﬂying robot, but can
be simulated and validated on the experimental OOS-SIM facility of the DLR (see Figure 1.2).

1.2

Contributions

In this thesis, we introduce new methods and a new approach for optimal and feasible
interception and capture of ﬂying objects by means of a robot, operating on-ground as well
as in the orbital environment. The work presented in this thesis presents methods for two
speciﬁc applications, namely the ball-catching task on ground and the satellite capture task
in orbit, to compute feasible and (close to) globally optimal solutions in a useful time. For the
satellite capture task, it develops new primary functional tools required for making use of the
optimal solutions in a mission scenario, in view of an autonomous operational mode. These
tools include the capacity to robustly predict the future rotational state of tumbling targets
in a gravity-free environment and to track the optimal solution with a dedicated tracking
controller.
In the following, we discuss the contribution of each chapter individually. The contributions and their belonging to the diﬀerent research ﬁelds are also summarized in Fig. 1.6.

1.2.1

Robust motion prediction of a free-tumbling satellite with on-ground
experimental validation

A method is presented which provides a motion prediction of a free-tumbling target satellite, to cover the planning and execution times of an approach or capture maneuver of the
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free-ﬂying robot. The method is based on the acquisition of a sequence of mono-camera images of the Target, from which a sequence of pose estimates is ﬁrst determined. These are
fed into a batch identiﬁcation process to determine the inertial and state parameters of the
Target. The estimated parameters are then used to propagate the Target’s motion by solving
an initial value problem. The output of this method can be used as input to the motion
planner, which determines a feasible robot motion to perform the capture (see Section 1.2.4).
Given the relatively short duration of the capture procedure, the dynamic model of the
Target can be assumed to be that of a single rigid body in free motion (orbital disturbances
and internal dynamics can be neglected). As a result, the translational motion of the Target
can be separated from its rotational motion. It is then typically the case, that the center
of mass of the Target is identiﬁed ﬁrst, in order to allow keeping a constant safety distance
from it with the action of the GNC system of the Chaser [Fehse, 2003]. As such, the method
proposed in this thesis concentrates on the propagation of the rotational motion only.
The resulting parameter space is of dimension six: three orientations and three angular
velocity components. The range of these can however vary substantially, in function of the
character of the tumbling motion. This character can be generally described by the inertia
of the body, the angular velocity and its period, as well as by the eﬀect of internal energy
dissipation, which in the long term brings all tumbling objects to a state of ﬂat spin (pure
rotation about the major axis of inertia).
The inertial and state parameter identiﬁcation problem is strongly aﬀected by the character of the tumbling motion. The proposed method is validated with diﬀerent representative
tumbling states and compared to two other methods from the literature. An experimental
validation is presented with camera images generated with the OOS-SIM facility (see Fig. 1.2).
The latter makes use of a sun simulator, which allows reproducing close to realistic orbital illumination conditions. The prediction method accounts for sensor noise and modelling errors,
as well as for the possibility of an ill-posed identiﬁcation problem, resulting from a long period
of the Target motion (compared to the observation time). In view of the resulting uncertainty,
a Monte-Carlo-based approach is applied to provide a statistical estimate of the mean motion,
as well as of a region of uncertainty of the ﬁnal position of a preselected (grasping) point on
the Target (see Fig. 1.3). This information can be used to tune a robust tracking controller,

Figure 1.3: A dynamic model of the Target (left) is identified from noisy pose estimates, to allow a
statistical propagation of the motion of a preselected Grasping Point on it (marked in red),
for a predefined prediction time. An uncertainty region for its final position results, shown
in the red circle in the plot (right).
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as the one presented in [Buckner and Lampariello, 2018].

1.2.2

Trajectory planning for optimal robot catching in real-time

The formulation of an optimization problem for a general robot motion planning task with
dynamics-dependent cost function and motion constraints leads to an NLP which can only be
solved numerically. An optimal solution might be seen as a mere luxury, but it may in fact
provide a very cheap solution among many, given the pronounced existence of local minima.
Furthermore, it is often useful to formulate a given planning problem with many optimization
parameters, in order to facilitate the search for an optimum and to increase the convergence
rate of the optimizer. This approach however requires a smoothing of the solutions, for any
practical application, which is also nothing else than another optimization task.
In this chapter, a simpler motion planning problem as the one of interest in this thesis is
chosen as bench-mark for ease of analysis, which consists of the ball-catching task: a ball is
thrown to a ﬁxed-based kinematically-redundant robot (7 DoFs), which needs to move from
a ﬁxed initial conﬁguration, to bring its end-eﬀector to intersect the ball on its trajectory.
The requirement of aligning the end-eﬀector body frame to the velocity vector of the ball
(interception constraint) and the kinematic redundancy of the robot, give rise to multiple
solutions for any given query. An oﬀ-line global optimization approach is therefore shown to be
very beneﬁcial, given the existence of local minima. Furthermore, this particular interception
task has stringent requirements on the computation time (< 60ms). This is because the ball
trajectory is of a duration of only about one second. As a result, the state and actuation
constraints play an important role in the resulting trajectory optimization problem.
Due to the stringent requirements on the computation time, an oﬄine approach with
online retrievement via generalization is chosen. An empirical analysis is presented on the
gain in eﬃciency which may be obtained in generalizing the solutions computed oﬄine by
advanced regression methods with respect to a look-up table approach. A three-dimensional
task space is deﬁned for the trajectory of the ball (its velocity vector from a ﬁxed initial
position). This space is discretized evenly and a (near to) globally optimal solution is found
for each grid point. Motion constraints on joint position, velocity and actuation, as well as
collision avoidance are included. A mapping from the task space to the optimal solutions
space (see Fig. 1.4) is generalized via regression with n-th order Nearest Neighbor (NN)(n=1,

Figure 1.4: Machine Learning (ML) is used to provide a mapping between a task space, of dimension
M, and the motion planner solution space, of dimension N, which relates to it. The mapping
can be written mathematically as: pmotion = f (ptask ). The mapping function f is used in
an online setting to retrieve the computationally costly optimal and feasible solutions for
any point in the task space.
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4), Support Vector Machines (SVM) and Gaussian Process Regression (GPR). The regression
methods are compared with respect to the accuracy of approximation of the optimization
solutions, in terms of cost function loss, as well as rate of success and computation time, in
an online simulation scenario.

1.2.3

Generating feasible trajectories for capture of spinning debris in a
useful time

In this chapter, a motion planner for the task of capturing a free-tumbling Target with a
free-ﬂoating robot is presented. The resulting optimization problem is formulated in detail,
to account for all relevant motion constraints. These include box constraints on the robot
joint states and actuation, as well as collision avoidance constraints. An equality constraint
is deﬁned to bring the robot end-eﬀector onto a predeﬁned Grasping Point on the Target.
The requirement of feasibility is particularly important at the time of capture, in which robot
dynamic singularities must be avoided (as opposed to the kinematic singularities of ﬁxedbased robots, free-ﬂoating robots possess dynamic singularities, which are dependent on the
inertial distribution of the robotic system).
The planning task includes two phases: in the ﬁrst, an approach and a grasping-point
tracking task are solved, with capture at the ﬁnal time; in the second, a stabilization task is
solved, in which the relative motion between the Chaser and the Target is brought to rest with
the robot manipulator. At the end of the maneuver, the satellite compound tumbles freely
with a new angular velocity, in accordance with the conservation of angular momentum.
A generalization of the solutions is accomplished for a reduced four-dimensional task
space, which represents the case of a ﬂat spin (three orientation parameters and one angular
velocity component). Due to the extensive computational times required to solve single
queries, the generalization is only carried out with a ﬁrst-order Nearest Neighbor regression
and a relatively small number of grid points. However, a Target motion propagation is used
to ﬁnd the best approximation within the time range of the prediction.

1.2.4

Tracking control for the grasping of a tumbling satellite with a freefloating robot

In this chapter, the solutions of the motion planner for the task of capturing a freetumbling Target are fed to a dedicated tracking controller and executed on the OOS-SIM
facility (see Fig. 1.2) for validation purposes. Realistic sensor-driven constraints are included
in the formulation of the NLP. While the generalization of the planning task in addressed in
Section 1.2.3, we concentrate here on the tracking control task.
The motion planner solution is based on the prediction of the Target motion. However,
modelling uncertainties require departing from the reference trajectory of the planner, in
accordance with the sensor measurements. This process is depicted in Fig. 1.5: the reference
trajectory must be followed grossly, in order to avoid the singularity, but it needs to be
corrected, in order to accomplish the task.
Adequate control laws are derived for the tracking control task, including the tracking of
the end-eﬀector and null-space motion of the robot for the ﬁrst phase and of the joint-space
motion in the second phase (the phases are described in Section 1.2.3). The control method
is based on nonlinear passivity control, which is most appropriate for the ﬂexible-joint Light
Weight Robot (LWR) manipulator used in the OOS-SIM facility. The control architecture
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Figure 1.5: The motion of the Target Grasping Point and of the robot end-effector are shown for the
model-based (solid line) and for the true (dotted line) cases.

also includes a state observer and a visual servo. The state observer interpolates the pose
estimates computed by the visual tracker, which the latter delivers at 10Hz. In this way,
the positioning performance of the high-sampled robot controller is greatly improved. It is
important to emphasize that the motion planner guarantees feasibility, however neglecting
modelling errors, which are assumed here to be small (see Section 6.2.3). This method is a
noticeable improvement to the feedback control approach mostly found in the literature (see
Section 5.1.1), which does not provide the same guarantees.
The validation on the OOS-SIM facility is achieved with a new method to simulate the
post-grasping motion. This method is based on the conservation of momentum. In fact, given
that the contact forces between the LWR and the Target are internal, the total momentum
of the system after capture is constant. The two industrial robots of the OOS-SIM facility,
which simulate the motion of the Chaser and of the Target, are as such guided with the
propagation of the ﬁrst integral of motion for the system.

1.3

Thesis outline

In the following four chapters the four contributions described in Section 1.2 are addressed
in detail. The ordering of the treated topics follows that found in Section 1.2, motivated
by the applicative task of performing the capture of a free-tumbling target satellite. Each
chapter includes sections with a related bibliography, a problem statement, a description of the
methods, the simulation or experimental results, a discussion and a conclusion. The chapters
are relatively self-contained. In Chapter 6 a more general discussion and suggestions for future
work are presented. Finally in Appendices A and B a list of the author’s publications and a
curriculum vitae of the author can be found.

1.3.1

Robust motion prediction of a free-tumbling satellite with on-ground
experimental validation

In this chapter, the existing literature on the problems of inertia and state parameter
identiﬁcation and motion prediction is presented and diversiﬁed from the methods presented
here. The dynamics of a free-rigid body in orbit of relevance are then described, pointing

1.3. Thesis outline

9

Figure 1.6: Outline of the thesis. The figure shows in its center the architecture of a satellite-capture
control system. The red boxes are functionalities developed in this thesis. Each functionality
is related to one or more chapters (clockwise, from top left), and is designated an individual
color. The overlapping of the colors shows the interplay between the different functionalities.
A distinction is shown between the functionalities which run on ground and those which
run on board of the Chaser spacecraft.

out that the body can present diﬀerent characters of motion. These are related to the energy
state of the body, which decays in time to a minimum, due to internal energy dissipation.
The angular velocity of the body in the body frame is periodic. The period, referred to as
the polhode period, is shown to tend to inﬁnity in certain energy states of the body. Three
diﬀerent methods from the literature are compared, by applying them to ﬁve representative
tumbling trajectories of the free-tumbling satellite, with limited observation times (< polhode
period). The aim is to provide a robust motion prediction for a suﬃcient time to allow
planning and execution of an approach maneuver (up to 600 seconds), in which a Chaser
satellite brings itself in the vicinity of the Target satellite for capture (also referred to here
as Chaser approach phase). The author thanks Hrishik Mishra and Dr. Nassir Oumer for
contributing to this work with the implementation and analysis of the Extended Kalman Filter
and of the visual tracker, respectively. The results present an extensive statistical analysis of
the performance of the presented methods, applied on the experimental data obtained from
the OOS-SIM and the EPOS facilities of the DLR.

1.3.2

Trajectory planning for optimal robot catching in real-time

In this chapter, the motion planning problem is simpliﬁed to focus the attention on the
generation of a mapping function between the task space and solution space of interest. The
simpliﬁed ball catching problem however, presents a strong similarity to the satellite capture
problem. This is due to the fact that the robot has to bring its end-eﬀector to some desired
position, while satisfying diﬀerent motion constraints. The major diﬀerence is in the dynamics
of the robot, which for the ﬁxed robot problem is trivially solved by any parameterization of
the joint motion, while for the satellite capture problem it is solved in Chapter 4 with the
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single shooting approach. Another fundamental diﬀerence lies in the stringent requirements
on the computation time (< 60ms) for this particular case. The results present a statistical
analysis of the diﬀerent regression methods applied to this task in a simulation environment.
The Machine Learning methods were provided by Dr. Claudio Castellini (NN, SVM) and Dr.
Nguyen-Tuong (GPR), respectively.

1.3.3

Generating feasible trajectories for capture of spinning debris in a
useful time

In Chapter 5 the motion planning for the satellite capture problem, as well as its generalization, is described in detail. For the approach phase, (close to) global optima are found for
a hemisphere region in the operational space of the free-ﬂoating robot, which is superimposed
onto the spherical segment traced by the preselected Grasping Point on the Target. In the
following rigidization phase, the planner ensures that motion constraints, speciﬁcally collision
avoidance or robot workspace limits, are satisﬁed. Results are presented for a simulation
environment representative of a mission scenario.

1.3.4

Tracking control for the grasping of a tumbling satellite with a freefloating robot

In this chapter, the system architecture which combines the motion planner with the
feedback controller and the Extended Kalman Filter and the visual tracker is presented.
Details on the online implementation of the planner, as well as on the novel validation method,
are also presented. Experimental results are shown for two example Target trajectories. The
author thanks Hrishik Mishra and Dr. Nassir Oumer for contributing to this work with
the implementation and analysis of the Extended Kalman Filter and of the visual tracker,
respectively. The author also thanks Hrishik Mishra, Phillip Schmidt and Dr. Marco De
Stefano for contributing to the execution of the experiments.

CHAPTER

TWO
Robust motion prediction of a free-tumbling
satellite with on-ground experimental validation

2.1

Introduction

Many developments of orbital space systems focus today on tasks in the ﬁelds of On-Orbit
Servicing and Active Debris Removal [Shoemaker and Wright, 2003, Sellmaier et al., 2010,
Jaekel et al., 2018, Huang et al., 2018, Aglietti et al., 2020]. For many of these tasks, the
capture of a free-tumbling object, such as a defective satellite or the third stage of a rocket
launcher (from now on, the Target), can be seen as of primary importance, to be followed
by repair or disposal. The capture of a non-cooperative tumbling Target in a gravity-free
environment has been an active research area for several years. To date, it has only been
demonstrated in [Aglietti et al., 2020], capturing a tumbling CubeSat with inﬂated booms
(1 m size) with a net. Alternative systems to perform capture have also been under study
since the 90s, to include space robots [Flores-Abad et al., 2014] and harpoons [Huang et al.,
2018, Aglietti et al., 2020]. For all of these, there is a necessity to time their actions with the
Target’s motion.
A prediction functionality of the Target motion is in fact a central element of any guidance
method which determines the approach and capture maneuvers. The duration of the motion
prediction must cover that of the planning and execution of the maneuver, which may span
from hundreds of seconds [Stoneman and Lampariello, 2016, Ventura et al., 2017] for the
approach, to tens of seconds [Aghili, 2012, Lampariello et al., 2018] for the robotic capture.
In vision-based feedback control, an on-board motion prediction functionality can be used
to temporarily provide adequate outputs to the controller in case of failure of the visual
tracker [Aghili, 2012, Lampariello et al., 2018].
Going further, an estimate of the motion prediction uncertainty can allow determining
how much deviation to expect from the estimated nominal motion. In fact, due to the noise
in the sensor measurements, as well as other dynamical eﬀects and modeling errors analyzed
later, the output of the motion prediction function will also present statistical dispersion.
Trajectory planning solutions, which are based on the estimated nominal motion [Stoneman
and Lampariello, 2016, Ventura et al., 2017], have to be corrected during the execution of
the task by online replanning or by a robust feedback tracking controller. This correcting
11
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action was shown in [Buckner and Lampariello, 2018] for a spacecraft approach maneuver to a
free-tumbling Target with rotational state uncertainty and was solved with the application of
tube-based Model Predictive Control. This control method provides the required robustness
to an assumed given Target motion prediction uncertainty.
In order to determine the future motion of a given Target, its state and inertial parameters
need to be known at some initial time. The state needs to be estimated from noisy sensor
measurements, while the inertia may be assumed to be constant, but typically presents a
suﬃcient degree of uncertainty [e.deorbit Study Team, 2015] to also require its identiﬁcation.
These estimation tasks follow from a suﬃciently rich set of range data, as may be measured
by cameras or LIDAR sensors. Many approaches can be found in the literature for addressing
these tasks, as described next.
The ﬁrst known attempt to predict the free-tumbling motion of a rigid body can be
traced back to the 1990s in [Masutani et al., 1994]. Both rotational motion and inertia ratio
estimation were addressed, where a mixed linear and nonlinear least-squares method based
on the analytical solution to the Euler equations was presented. The method requires the
angular velocity of the Target as input, as well as the determination of its period, through
observation of multiple periods and use of fast Fourier transform.
The task of inertia identiﬁcation of an uncooperative spacecraft was addressed using an
extended Kalman Filter (EKF) in [Aghili and Parsa, 2009, Lichter, 2005, Tweddle, 2013b].
A common attribute unifying all these methods is that the identiﬁcation procedure is a
simultaneous estimation of states and inertia parameters (including geometry). The key
element in such methods is the choice of the minimal parameter set that is used to represent
the inertia tensor. Firstly, in the aforementioned works, the principal axes were chosen to
reduce the inertia parameters to be identiﬁed as the diagonal elements of the inertia tensor.
This meant that the orientation of the geometric frame relative to the principal axes was
additionally identiﬁed. Secondly, [Aghili and Parsa, 2009, Lichter, 2005] used three parameters
as minimal set, while [Tweddle, 2013b] reduced it to two parameters. In [Lichter, 2005], the
assumption was made that the range data from the complete Target surface, consisting of a
three-dimensional point cloud, were available at every observation time. The Monte Carlo
simulation results, obtained with synthetically generated data, revealed a slow convergence
of the ﬁlter for the case in which the Target is in (or near) a pure spin about the major
axis of inertia (ﬂat spin). It is worth noting that this slow convergence is related to the
observability of the identiﬁcation problem, which plays a crucial role in EKF convergence
times. In [Aghili and Parsa, 2009], the measurement noise covariance was adapted online to
address the time-varying noise characteristics of the proprioceptive sensor. In particular, a
convergence time of approximately 100 seconds was shown for one trajectory, while using a
LIDAR-based experimental setup with measurements of a known Target. In [Pesce et al.,
2017], an EKF and an Iterated EKF were compared for the estimation of the inertia ratios
of an uncooperative Target in two simulated tumbling states. The method necessitates the
angular acceleration of the Target, which was derived from the measured optical ﬂow. In [Ma
et al., 2018], an EKF was presented for the estimation of the rotational state and angular
momentum vector of a high-speed tumbling Target. It is however well recognized that, despite
its inherent suitability, the EKF requires a meticulous tuning procedure (even for the adaptive
variants) to trade-oﬀ between convergence times and noise robustness.
In [Hillenbrand and Lampariello, 2005], the ﬁrst attempt known to the authors of longterm prediction was addressed, where no information about the Target was assumed given
(including the state and inertia parameters, as well as the geometry). The simulated range
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data was generated with a high intensity Gaussian noise. The inertia ratios were identiﬁed
by solving a constrained nonlinear least squares problem (NLS) as an oﬄine batch process,
with numerical integration of the rigid body dynamics. The initial conditions for the angular
velocity were computed with ﬁnite diﬀerencing of the pose estimates resulting from the range
data. The method was applied to ten simulated tumbling trajectories for prediction times of
100 seconds.
In [Sheinfeld and Rock, 2009], a batch least-squares technique was presented to identify
the inertia ratios and angular momentum unit vector of a tumbling rigid body, based on the
principle of conservation of angular momentum. It was assumed that the attitude and attitude
rate of the body could be measured to a suﬃcient accuracy. In [Benninghoﬀ and Boge, 2015],
the same method was extended to account for measurement noise and inequality constraints
on the inertia parameters, leading to a constrained convex quadratic program. The method
was applied to two tumbling trajectories with a high level of simulated Gaussian noise added
independently to all states. The authors concluded that at least one or two complete periods
of motion have to be observed for accurate results.
In [Tweddle, 2013b], a Smoothing and Mapping factor-graph based method was applied
for estimating the dynamic properties of the Target. The method was validated aboard the
International Space Station (ISS) using the Synchronized Position Hold Engage and Reorient
Experimental Satellites (SPHERES) and the Visual Estimation for Relative Tracking and
Inspection of Generic Objects (VERTIGO) test platform. Inequality constraints on the inertia
ratios which ensure physical consistency of the estimates were not accounted for.
In [Setterﬁeld et al., 2018b], a new procedure for estimating the inertial properties of a
passive on-orbit object was presented. The principal axes and inertia ratios of the Target were
estimated using an explicit comparison between the estimated and an analytically predicted
body-frame angular velocity. The angular velocity was estimated with ﬁnite diﬀerences. The
method ﬁrst applies a numerical probabilistic technique to classify the body rotation among
multiaxis and single-axis rotations, as well as among the possible tumbling energy states, for
triaxial symmetric, axisymmetric and fully symmetric bodies. The method was applied on the
SPHERES-VERTIGO test platform on the ISS with two fast multiaxis tumble trajectories
(angular velocity between 25 deg/s and 60 deg/s). The estimates of the inertia ratios were
aﬀected by the CO2 content in the satellite tanks.
In [Zhou et al., 2019], a technique was presented for Target motion prediction. An unscented Kalman Filter (UKF) based on [Lichter, 2005] was applied to identify the Target state
and inertial parameters. A heuristic method was ﬁrst used to provide a rough estimate of
the inertial parameters to facilitate the initialization of the UKF, which was otherwise found
to not converge with time. Following, an optimization method based on [Hillenbrand and
Lampariello, 2005] was used to improve the accuracy of the UKF estimates. Results were
provided in simulation. It was argued that deﬁning a stopping criterion for the UKF was
diﬃcult, given that none could be found to best suit all tumbling states considered. It was
also argued that it may take too long for the UKF ﬁlter to converge. As such, an observation
time of 700 seconds was heuristically chosen for all tumbling states.
In [Kim et al., 2014], the prediction task was addressed with a model-free method (both
for dynamics and geometry), based on nonlinear regression, to support the grasping of a
ﬂying object on ground by means of a robotic arm. The motivation to follow this approach
was that a dynamic model may generally not be available. Example objects were considered,
which include a half-ﬁlled bottle and a Ping-Pong racket. Due to strong sloshing dynamics
and aerodynamic forces present, a dynamic model may indeed be diﬃcult to determine. The
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method was based on learning through demonstration, by observing twenty sample trajectories with rotational velocities in the order of up to 1000 deg/s. The method was however
recognized to be less accurate at predicting the dynamics of motion of objects for which an
analytical model of the dynamics exists.
In all of the above work, an analysis of the eﬀect of an uncertainty in the state and inertial
properties of the Target on the motion prediction is missing. As such, the ﬁrst contribution
of this chapter is the development of a statistical propagation method to compute a region of
uncertainty for the inertial position of a predeﬁned point on the Target (grasping point) at a
future time. Evidence is provided that the period of motion (polhode period, see Section 2.2)
of a tumbling satellite in orbit may be very long at the time of its observation. This fact
aﬀects the dispersion property of the subsequent motion prediction. An analysis is provided
of the partial observation of the period of motion of the Target, for the purpose of parameter
estimation, and of the generation of the resulting region of uncertainty, for the purpose of the
characterization of the prediction dispersion.
To perform the above analysis, as a second contribution of this chapter, three of the methods to be found in the literature are compared and experimentally validated, with which the
state and inertia estimation tasks can be solved. Modiﬁcations of the NLS method ﬁrst presented in [Hillenbrand and Lampariello, 2005] are presented, with a noticeable improvement
for purpose of motion prediction, and such that the absolute model-based pose estimates
derived in [Drummond and Cipolla, 2002, Oumer, 2016] can be used as input measurements.
It is worth emphasizing that a method results, which requires as input the pose estimates of
the Target throughout the observation phase, as well as an estimate of the Target’s angular
velocity at the initial time of the observation phase. The interpretation of the estimation
results in [Hillenbrand and Lampariello, 2005] for the ﬂat spin case is also improved.
The NLS method is compared to the constrained convex quadratic program method
in [Benninghoﬀ and Boge, 2015] and to the EKF method in [Aghili and Parsa, 2009]. The
ﬁrst is in the class of batch methods which depend on the angular velocity of the Target
throughout the full observation phase. Filtered angular velocity estimates are generated
with a second-order Butterworth ﬁlter, with substantially improved performance. The EKF
method, instead, is representative of a local recursive identiﬁcation method. A convergence
criterion is proposed using the Mahalanobis distance, which arises from the EKF framework
and is therefore a more suitable candidate than heuristic approaches.
Finally, as a third contribution, the above methods are validated with mono-camera images obtained from two experimental facilities of the DLR, namely the On-Orbit-Servicing
Simulator (OOS-SIM) and the European Proximity Operations Simulator (EPOS) facilities,
which reproduce orbital light conditions on ground. It is assumed that the Target has a
known geometry. The motion prediction problem is solved with the statistical propagation
method presented here, limiting the analysis to the rotational motion only. It is shown that
the measurement errors of the pose estimates deriving from the mono-camera images present
a non-Gaussian distribution. The diﬀerent characters of the free-body dynamics is simulated
in ﬁve representative tumbling scenarios, which are purposely chosen to show the behavior
of the estimation methods in challenging but realistic ill-conditioned conditions (ﬂat spin,
close to ﬂat spin and fully symmetric Target body). In [Setterﬁeld et al., 2018b], the validation result was aﬀected by sloshing dynamics, whereas here we focus on a validation, while
considering perception-related non-idealities using an on-ground robotic facility.
The rest of the chapter is then structured as follows. In Section 2.2 the character of the
tumbling motion of the Target is ﬁrst addressed, to provide an introduction to a more detailed
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problem statement, presented in Section 2.3. In Sections 5.2 and 2.5 all the relevant methods
and the experimental facilities are described. Section 5.4 presents the experimental results,
while Section 2.7 provide a discussion with a methodological comparison. Finally, Section 2.8
closes the chapter with concluding remarks.

2.2

Generalities on expected tumbling states of the Target

Debris objects in orbit typically consist of satellites which have reached their end-of-life
or have suﬀered from some malfunction, or of last stages of rocket launchers. These objects
are generally in an uncontrolled tumbling state. Note that still today there is no statistical
empirical evidence to support any conjecture with regards to the expected tumbling motion
of a given Target. Theoretically, one can argue in favor of a ﬂat-spin motion (a pure rotation
about the major axis of inertia) [Hughes, 2004, pp. 140-141] or of a stable orientation brought
about by internal energy dissipation and the gravity gradient torque [Hughes, 2004, pp. 293313]. However, the uncertainty in the modeling of orbital dissipative eﬀects, such as eddy
currents, fuel sloshing, and deformable solar panel eﬀect, does not allow making precise
predictions with long-term evolutions of attitude motion [Pritykin et al., 2018, Sagnieres
et al., 2020]. Furthermore, any collisions with meteorites or with other debris objects, as well
as an unexpected impact with a chaser spacecraft, could change the given tumbling state
considerably. Recent results in Satellite Laser Ranging [Wilkinson et al., 2019] (SLR) have
shown that debris objects can tumble with noticeable rotational velocities, as for example
ENVISAT with 2,9 deg/s [Pittet et al., 2018] or TOPEX/Poseidon with 36 deg/s [Lejba
et al., 2018]. In its e.Deorbit study in 2017 [e.deorbit Study Team, 2015], in which ENVISAT
had to be captured and stabilized by a robot or a net, the European Space Agency deﬁned
three diﬀerent tumbling conditions, of which only one was a ﬂat spin.
The dynamics of a free-tumbling rigid body are very rich. Salient features are provided
here, to partly be found in the literature, of relevance to our estimation and prediction tasks.
The solution of Euler’s rotational equations of motion with zero external torques τ ,
I ω̇ + ω̃ I ω = τ = 0

(2.1)

given by the angular velocity vector ω = [ω1 ω2 ω3 ]T , expressed here in the principal axes of
inertia of the body, is periodic. Given the diagonal inertia matrix I, whose elements are the
principal moments of inertia, Ii with i = {1, 2, 3}, and such that I3 < I2 < I1 , the two motion
constants
X
L2 =
Ii2 ωi2
X
2T =
Ii ωi2

deﬁne ellipsoids for the angular momentum vector modulus L and kinetic energy T , respectively. The intersections of the two ellipsoids in turn deﬁne all possible values of ω. This
intersection is known as the polhode and is, in fact, a closed path (a method for determining the polhode period is provided in Section 2.4.5). It is also worth pointing out that
the orientation of the body with respect to the inertial frame is instead generally nonperiodic [Wittenburg, 1977, pp. 50-51], but can exhibit periodic behavior in particular conditions
(see Fig. 2.3).
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Figure 2.1: Example of a body-frame angular velocity profile for a polhode period Tp = 4500 s.
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Figure 2.2: Time evolutions of ratio D = L
(solid black), kinetic energy T (red) and polhode period
2T
Tp (blue) shown during a decaying motion to a flat spin.

2

L
, it can be shown that the polhode period, Tp → ∞
Furthermore, deﬁning the ratio D = 2T
as D → I2 . As such, there are combinations of Ii and ωi , for which the period Tp becomes
very large. This fact can lead to ill-conditioned identiﬁcation problems, as discussed later.
An example of a tumbling motion with a long period is for I = diag(29.2, 30, 38.4) kg m2
and ω(0) = [0.0001, 0.0698, 0.0001]T rad/s, the solution of which is shown in Fig.2.1 and for
which the period is Tp = 4500 s. The generally unstable nature of the pure spin about the
intermediate axis of symmetry is evident. The motion may seem to be a ﬂat spin in the ﬁrst
500 seconds.

Other dynamic eﬀects play an important role in the long term. Internal dissipative eﬀects
are responsible for the slow decay of any tumbling motion to a ﬂat spin. The duration of
this decay depends on the nature of the dissipation phenomenon (eddy currents, sloshing,
L2
< I2 , will go
material deformation). Any initially high-energy tumbling state, for which 2T
L2
through the intermediate-energy phase introduced above, for which 2T = I2 , before coming
L2
to the low-energy tumbling state of the ﬂat spin ( 2T
> I2 ). An example of this process
is shown in Fig. 2.2, for a body with inertia I = diag(29.2, 35, 38.4) kg m2 and ω(0) =
[−3, −0.5, −0.5]T deg/s and by applying a generic dissipative internal torque, i.e., such that
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Figure 2.3: Spherical segment traced by a point on a rigid body for two different initial angular velocities.
The simulation time is 4500 s.

it acts perpendicularly to the angular momentum unit vector L̂, expressed in vector form as


τ = −c2 L̂ L̂ − u · ω

(2.2)

with c = 0.2 and where the hat signiﬁes a unit vector, L̂ L̂ is a dyadic and u is the unit
dyadic. In the ﬁgure, the transition from a high-energy to a low-energy phase is visible. In
the intermediate phase, the period Tp tends to inﬁnity as D → I2 . The value of c was chosen
here such that the ﬂat spin was reached within the simulation time of 5000 s.
In orbital conditions however, the decay to the ﬂat spin takes a much longer time. Evidence
of this fact is given in [Pritykin et al., 2018], in which numerical simulations for dissipation
resulting from the deformable solar panel eﬀect, show a transition from an initial fast rotation
(≫ orbital rate) to the ﬂat spin mode in a time frame of one year. In [Sagnieres et al., 2020],
it is shown that the TOPEX/Poseidon satellite results from SLR observations to be spinning
about its minor principal axis in a stable manner. It is also shown by numerical simulations,
that the transition into a major-axis spin, which depends on the uncertain damping characteristics, can be delayed for many years, if the internal energy dissipation is small enough.
As such, the intermediate phase, in which the period of motion is noticeably longer than in
other phases, is, although less common, still indeed in the range of possible tumbling states
of a free-tumbling target object.
Of interest is also the motion of a predeﬁned point on a tumbling Target. Its trajectory happens to reside on a spherical segment, as shown in Fig. 2.3. The coordinates of the point in the body frame are [1, 0.7, 0.7] m and the inertia of the body is
I = diag(50.3, 110.95, 105.97) kg m2 . Of notice is the highly nonlinear nature of Eq. (2.1). In
fact, by slightly varying the angular velocity, the pattern described by the same point changes
considerably, as shown in the ﬁgures.
Finally, the stability characteristics of the equilibrium states of Eq. (2.1) are recalled,
given by pure spins about the principal axes of inertia (see also Fig. 2.1). The pure spin
about the major axis is stable (ﬂat spin), while the other two are unstable (in the presence
of suﬃciently large internal energy dissipation). This has important consequences on the
identiﬁcation task, as will be shown in Section 2.6.3.
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Figure 2.4: Reference frames for the orbital scenario.

2.3

Problem statement and assumptions

In the orbital scenario of interest, it is assumed that the Chaser spacecraft, which carries
the visual mono-camera used to take images of the Target spacecraft, is kept at a ﬁxed relative
distance to the Target by its orbital control system. As such, it is assumed that the position
of the Target’s center of mass has already been identiﬁed [Hillenbrand and Lampariello, 2005,
Setterﬁeld et al., 2018a]. A perfect regulation of the attitude of the Chaser to a given ﬁxed
value is further assumed.
The Target is then assumed to be in some unknown tumbling state. This state should
be representative of the orbital environment, described in Section 2.2. The angular velocity
considered here is one with modulus < 5 deg/s, following the choice of previous studies on
robotic capture [Sellmaier et al., 2010, e.deorbit Study Team, 2015]. The dynamic model of
the Target is assumed to be that of a single rigid body with no external actions, given that
the eﬀects of orbital disturbances are negligible for the observation and prediction times of
interest. In a mission scenario, the orbital angular rate is generally given and can easily be
accounted for in the presented method. A geometrical model of the Target is assumed to
be given. However, an uncertainty in its inertial parameters is accounted for as in [e.deorbit
Study Team, 2015].
The reference frames relevant to the given problem formulation are shown in Fig. 2.4.
These include the assumed-inertial local orbital frame, which is deﬁned to be equivalent to
the camera frame {O c , e c }, and the Target geometric body frame {Ob , eb }, assumed to be
centered in the center of mass CM of the Target. Furthermore, the vector from CM to a
predeﬁned point GP on the Target is assumed to be given. For relating the pose estimates in
{Oc , e c } to the body frame of the Chaser, for control purposes, a hand-eye calibration of the
mono-camera can be accomplished using the methods in [Strobl and Hirzinger, 2006] [Oumer,
2016, pp. 30-33] (the center of mass of the Chaser also needs to be identiﬁed).
The ﬁrst goal is then to identify the state and inertial parameters of the Target useful
for motion prediction purposes, from image data. The second goal is to compute regions of
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uncertainty for the ﬁnal position of the grasping point GP and for motion prediction times
≈ 600 seconds. The choice of this time horizon is motivated by the approach maneuvers of a
Chaser to the ENVISAT satellite computed in previous studies [Stoneman and Lampariello,
2016, Telaar et al., 2017].

2.4

Estimation and motion prediction methods

The motion prediction problem is divided into three distinct steps: pose estimation from
mono-camera images, dynamic parameter identiﬁcation of the tumbling body to allow motion
prediction and the motion prediction itself. In this section the generalities of the prediction
method are ﬁrst introduced. Details on the diﬀerent methods, which are applied to accomplish
the above tasks, are then provided. Finally, an analytical method for computing the polhode
period relative to a given Target tumble is presented.

2.4.1

Generalities of motion prediction method

The aim of the Target motion prediction is to provide knowledge of the Target orientation
in future time. The prediction task then consists of the following two phases:
• Observation phase: Target pose estimates are computed from the mono-camera images, for an observation time Tobs
• Prediction phase: the pose estimates from the Observation phase are extrapolated in
time for a prediction time Tpred
The motion prediction requires solving an Initial Value Problem (IVP), for which the equations of motion of the Target, Eq. (2.1), are integrated for a time Tpred . Therefore, information
about the inertia of the Target, I, which appears in the equations of motion, and the Target’s
state at the beginning of the Prediction phase, is needed. These quantities are partly given,
partly measured and partly unknown, as will be made evident below.
Since the Target is modeled as a single rigid body, the translational and the rotational
motion of the Target about CM can be treated separately. With regards to the rotational motion, the attitude of {O b , eb } is expressed with respect to the inertial camera frame {Oc , ec },
given by the rotation matrix A b,c . The dynamic equations Eq. (2.1) can be rewritten in the
geometric body frame {Ob , eb }, centered in CM, as
I ω̇ + b ω̃ b I b ω = b τ = 0.

b b

(2.3)

It is worth underlining that the inertia matrix b I is no longer diagonal, since the orientation
of {O b , eb } is dictated by the geometric model of the body. The equations of motion are
coupled to the diﬀerential kinematic equations,
q̇ =

iT
h
1b
ω̄ ⊗ q, b ω̄ = b ω T 0
2

(2.4)

where q = [qv qs ] ∈ Q is a unit quaternion parameterizing Ab,c and where ⊗ is the quaternion
multiplication operator. qv and qs signify the vector and the scalar part of the quaternion,
respectively.
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In order to perform the motion prediction, the following IVP is then solved:
Z t0 +Tpred
q(t0 + Tpred ) =
q̇(α) dα + q(t0 )

(2.5)

t0

and
b

ω(t0 + Tpred ) = −

Z

t0 +Tpred

b −1 b

I

( ω̃ b I b ω) dα + b ω(t0 )

(2.6)

t0

where t0 is the initial time and the unknowns can be summarized as follows:
• q(t0 ) is the Target attitude at the beginning of the Prediction phase, which is measured,
but also estimated, to account for measurement noise;
• b ω(t0 ) is the Target angular velocity at the beginning of the Prediction phase, which is
unknown and is estimated;
• the Target inertia b I is known with a certain degree of uncertainty, and is estimated
with respect to an arbitrary constant.
With respect to the last point above, it is worth noting that the full inertia cannot be identiﬁed
from orientation measurements (and their derivatives) [Hillenbrand and Lampariello, 2005,
Tweddle, 2013b]. The identiﬁcation of the inertia with respect to an arbitrary constant is
however suﬃcient for solving the IVP in Eq. (2.6).

2.4.2

Pose estimation

Various sensors can be used to capture images or point clouds of the Target in real time.
These sensor observations, typically obtained with time-of-ﬂight-based (LIDAR (light detection and ranging), PMD (photonic mixer device)) or vision-based measurements, are further
processed to extract high level motion information such as position, orientation and velocity. The time-of-ﬂight-based measurements are directly optimized with respect to the 3D
correspondence between 3D point clouds and the 3D model point clouds, recovering 6D pose
parameters. On the other hand, the vision-based approaches exploit single or stereo camera
images. The stereo images can be used to recover the 3D point clouds and apply a similar algorithm to the LIDAR-based approach in [Terui, 2009]. However, estimating 3D point clouds
under space lighting conditions produces inaccurate measurements, as the specular reﬂections
are challenging for stereo reconstruction [Tzschichholz et al., 2011, Oumer and Panin, 2012].
In the presence of a geometric model of a target spacecraft, a non-linear mapping from
the model frame to the image plane is used here to estimate the 6D pose parameters online.
Model-based measurements are robust to specular reﬂection and illumination variation, as
the method relies on matching of global edge features [Oumer, 2016].
A sequence of images of the tumbling Target is captured with a monocular calibrated
camera, throughout the Observation phase, at a sampling frequency fs . The standard mathematical model of the image formation [Oumer, 2016, pp. 26] is exploited to reproduce
synthetic image pixels, by re-projecting the 3D model points, sampled from the model edges
of the satellite model. The camera intrinsic parameters are used to map points in 3D space to
the 2D image plane. In pose estimation, the aim is to align the real image and the synthetic
image pixels (re-projected model points) using a non-linear optimization technique, such as
Gauss-Newton [Oumer, 2016, pp. 78-81]. The tracking algorithm relies on the geometric
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model of the Target, and does not necessitate any knowledge of its dynamic parameters. It is
initialized via a global detection method, which is here assumed to be given. The geometric
model can be obtained from the spacecraft manufacturer (CAD model), from a 2D drawing
or from a 3D-reconstruction algorithm.
The residuals of the cost function characterize the errors in the pose estimates. The
residuals consist of modeling errors arising from the camera re-projection, the optimization
method and the calibration, as well as from noise. Thus, the sources of error in the pose
estimates arise from various modeling errors and sensor noise, which makes it diﬃcult to
generate an accurate error model.
From the sequence of pose estimates, a sequence of attitude estimates follows,
A b,c (q̂(ti )) for 1 ≤ i ≤ N.

(2.7)

in which quantities with a hat are estimated quantities. N deﬁnes the number of measurements taken. .

2.4.3

Dynamic parameter identification

The three chosen methods for identifying the dynamic parameters of interest are now
presented.
Nonlinear method for the identification of the inertial and the state parameters
The nonlinear identiﬁcation method was ﬁrst presented in [Hillenbrand and Lampariello,
2005] and is reported here with some recent extensions. The method is used oﬄine, as a batch
process. The identiﬁcation problem is formulated as follows:
min

[IR ,ψ(t0 ),b ω(t0 )]

s.t.

N
X

qv (ti ; IR , ψ(t0 ), b ω(t0 )) − q̂v (ti )

i=1

2

(2.8)

Iii > 0, i ∈ (1, 2, 3)
Iii + Ijj > Ikk , i 6= j 6= k ∈ (1, 2, 3)
ψi (t0 ) ≤ δ, i ∈ (1, 2, 3)

in which Eq.(2.5) and (2.6) are used to determine the simulated motion q(α; IR , ψ(t0 ), ω(t0 ))
for t0 ≤ α ≤ t0 + Tobs . Furthermore, IR are ﬁve of the six independent inertia parameters in
the inertia matrix b I, namely
IR = [IR1 IR2 IR3 IR4 IR5 ]T ,
such that
b





 1.0 IR3 IR4 


I = IR3 IR1 IR5 


IR4 IR5 IR2

(2.9)

(2.10)

The inertia parameters in the two triangle inequalities in Eq. (4.13) are the principal moments
derived from b I in Eq. (2.10). The last inequality constraint on q(t0 ) instead limits the solution
to remain in a neighborhood δ of the noisy pose estimate q̂(t0 ). In fact, the cost function in
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Eq. (4.13) is formulated by considering the absolute orientation of the Target with respect
to the camera, unlike in [Hillenbrand and Lampariello, 2005], in which it was formulated
with respect to the previous time step. This greatly reduces the errors in the estimated
long-term absolute orientation. As such, three more optimization parameters are introduced,
namely the Euler angles ψ(t0 ), which parameterize a small rotation A(ψ(t0 )), such that
A(q(t0 )) = A(ψ(t0 ))A(q̂(t0 )). Note that the Euler angles are a minimal representation of
this small rotation. The use of a quaternion parameterization would require adding an equality
constraint to enforce the condition of norm one. Furthermore, the optimization problem in
Eq. (4.13) is nonlinear in [IR , ψ(t0 ), b ω(t0 )], due to Eq. (2.4) and due to the inversion of b I
in Eq. (2.6).
The optimization problem above is solved with Sequential Quadratic Programming. Given
the nonlinearity of the problem and the noisy inputs q(t0 ), b ω(t0 ) (the latter is computed by
ﬁnite diﬀerences), a Monte Carlo search is performed for each sampling time, for a series
Nseries < N of samples within the observation time Tobs . For each element of this series, NMC
runs are performed with a random initial guess for the optimization parameters. The random
guesses for the inertia are chosen from a uniform distribution, for a given uncertainty of the
Target inertia, taken between 5% [e.deorbit Study Team, 2015] and 100% (unknown Target
inertia). The randomness of the initial guess of the initial orientation and angular velocity
results directly from the noisy measurements.
Linear Method for the Identification of the Inertial Parameters
A linear identiﬁcation method was presented in [Sheinfeld and Rock, 2009, Benninghoﬀ
and Boge, 2015], which identiﬁes inertia ratios in Eq. (2.9) and the angular momentum unit
vector. The problem is formulated on velocity level. In fact, starting with the expression for
the angular momentum of the Target, written as
b

L = b I b ω,

(2.11)

Ac,b c L = b I b ω.

(2.12)

or
Eq. (2.12) can then be written as a linear system, as
Π x = 0,

(2.13)

with x = [b I11 b I12 b I13 b I22 b I23 b I33 c L1 c L2 c L3 ]T . Notice that Π = Π(Ac,b (q̂), c L(ω̂), ω̂).
When constructed from a series of Nseries observations, Π is a 3Nseries × 9 matrix.
Equation (2.13) can be solved for x using the Least Squares method in the following
steps [Benninghoﬀ and Boge, 2015]. First reduce the size of the system, as
Φ = ΠT Π,

(2.14)

in which Φ is a 9 × 9 matrix. By then computing the singular value decomposition of Φ =
UΣVT and setting the smallest singular value to zero, the rank of Φ is reduced by one by
constructing a new Φ̃ = UΣ̃VT . The system Φ̃ x = 0 is then transformed by reordering Φ
as


T
φ
Φ1
.
Φ̃ =  11
(2.15)
Φ1 ΦR
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Finally, setting x = (1, IR )T , gives the reduced system
ΦR IR = −Φ1 ,

(2.16)

−1 T
which can be solved with the usual least squares solution for ÎR = (Φ T
R ΦR ) Φ R (−Φ1 ).
However, a constrained linear least squares solver is used that enforces I22 > 0 and I33 > 0.
To get useful results from Eq. (2.16) suitable angular velocity estimates must be derived
from the noisy pose estimates. To this end, a second-order Butterworth low pass ﬁlter is
applied, because of its fast response and of its limited number of tuning parameters, as
compared to other high-order ﬁlters. The matrices ΦR and Φ1 , which depend on ω (see
Eq. (2.13)), are computed with the Butterworth ﬁlter outputs. In particular, the Butterworth
ﬁlter input was the numerically diﬀerentiated ω, obtained using Eq. 2.4.

Kalman filter method for the identification of the inertia and the state parameters
In the following, η ∈ Q denotes the quaternion orientation of the geometric frame relative
h
iT
to the principal axes. Following the arguments in [Tweddle, 2013b, §4.7], let K = k1 k2
denote the inertia parameters which are written using the natural logarithm (log(•)), as,
I 
I 
1
2
(2.17)
k1 = log
, k2 = log
,
I2
I3

Using this inertia parameter set, the complete nonlinear identiﬁcation model in Aghili and
Parsa [2009] is modiﬁed here as,


1
2 ω̄⊗


−I−1 ω̃Iω 
h
iT


(2.18)
ż = f (z) = 
 , ω̄ = ω T 0


0


0
where, the EKF state is z =

h

T

T

T

T

iT

. Using K, the scaled inertia is
q
ω
K
η

I = blkdiag exp (k1 ), 1, exp(−k2 ) , where blkdiag(•) is the block diagonal concatenation of
arguments.
In the following, a random variable X ∼ N (x, Y) has a normal distribution, which is
parameterized with mean as x = E(X) and covariance Y = E(XXT ), where E is the stochastic
expectation. Note that the EKF state is z ∈ Q × R3 × R2 × Q. It is well known that an EKF
cannot maintain a full quaternion state due to covariance degeneracy, see Tweddle [2013b],
Aghili and Parsa [2009], Lichter [2005]. Hence, a linearized state δz ∈ R11 is constructed as
follows. Firstly, error quaternions are computed as,
δq = q ⊗ q∗ , δη = η ∗ ⊗ η

(2.19)

¯ is a nominal quaternion relative to which the error quaternion is computed, and
where, (•)
∗
(•) denotes the quaternion conjugate of the argument. The nominal quaternions are obtained
from the propagation of the consistent (unity-norm) estimate obtained in the previous update
step of the EKF, while assuming piecewise constant ω̂ as,
iT
h

¯ = ω̂ T 0
¯ − t0 ) ⊗ q̂(t0 ), η̄(t) = η̂(t), ω̂
(2.20)
q̄(t) = exp ω̂(t
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Denoting (•)v as the vector component of the quaternion, δqv , δη v corresponding to
Eq. (2.19) are used as unconstrained linearized quaternion errors. The time-derivatives for
these parameters are Aghili and Parsa [2009],
1
˜
δq̇v = −ω̂δq
v + δω, δ η̇ v = 0
2

(2.21)

Secondly, using the nonlinear model in Eq. (2.18), the process model for ω̇ is written as,
ω̇ = ψ(ω, K) + I(K)−1 ǫτ
(2.22)



exp(−k1 ) 1 − exp(−k2) ωy ωz 


where ψ =  exp(−k2 ) − exp(k1 ) ωx ωz . Note that, ǫτ denotes the orbital disturbances



exp(k2 ) exp(k1 ) − 1 ωx ωy
that aﬀect the free-ﬂoating dynamics of the satellite, which are assumed as a normally distributed N (0, Qτ ) Aghili and Parsa [2009].
Linearizing Eq. (2.22) about the estimates, ω̂, K̂, results in,
d
δω = A(K̂, ω̂)δω + B(K̂, ω̂)δK + I−1 ǫτ
dt

(2.23)

∂ψ
where A = ∂ψ
∂ω ω=ω̂ and B = ∂K K=K̂ .
Thirdly, since the identiﬁcation problem is posed in the principal axes, the following
process model for the parameters is used,

d
d
δK = ǫk ,
δη = ǫη
dt
dt v

(2.24)

which means δK̇ ∼ N (0, Qk ) and δη̇ v ∼ N (0, Qη ).
Therefore, using Eq. (2.21), Eq. (2.23) and Eq. (2.24), the linearized state is deﬁned as,
h
iT
T
T
T
δz ∈ R11 = δqT
,
(2.25)
δω
δK
δη
v
v

such that δz ∼ N (0, P). The linearized dynamics of which are written as,

where

d
δz = M(ẑ)δz + N(ẑ)ǫ
dt



˜ 11 0 0
−ω̂
0
2



 0


−1
A B 0

I
M=
, N = 
 0
 0
0 0 0



0
0
0 0 0

(2.26)
0 0




0 0


1 0


(2.27)

0 1

h
iT
T ǫT
and ǫ = ǫT
.
ǫ
τ
η
k
Using Eq. (2.26), the continuous-time covariance propagation equation is simply,
Ṗ = MP + PMT + NQNT

(2.28)

25

2.4. Estimation and motion prediction methods

where Q = blkdiag(Qτ , Qk , Qη ).
Next, the measurement is modeled as µ ∈ Q which is the attitude of the geometric frame
({Ob , eb }) relative to the camera frame ({O c , ec }). Note that using Eq. (2.19),
µ = η ⊗ q ⇒ η̄∗ ⊗ µ ⊗ q̄∗ = δη ⊗ δq = δµ

(2.29)

The unconstrained quaternion parameter measurement is modeled as random variable
δµv ∼ N (0, R)1 . This measurement can be written as a function of the linearized state δz
as,
δµv = (δη ⊗ δq)v = H(δz)δz
(2.30)
h
i
v
˜
˜
where H = ∂µ
δz = −δη v + δη 0 1, 0, 0, δq v + δq0 1 , (•)0 is the scalar component of the quaternion. Using this, the standard update equations are summarized as,
L =P− HT (HP− HT + R)−1
ˆ + =δz
ˆ − + L(δµ − 0)
δz
v

(2.31)

P+ =(1 − LH)P−
where L is the Kalman gain and (•)− , (•)+ are the pre-update and post-update quantities for
the corresponding terms, respectively. In summary, for the EKF prediction, Eq. (2.18) and
Eq. (2.28) are used, and when the measurement is available, Eq. (2.31) is used for the update.
An important aspect of the EKF identiﬁcation method is its convergence criterion. In
this context, the residual of an observation (measurement), i.e. the diﬀerence between the
measurement and its mean (state estimate), is a statistically relevant quantity. Speciﬁcally,
a measure of the residual’s distance from zero weighted with its own covariance matrix yields
the Mahalanobis distance, which is,
q
−1
T
δµv
(2.32)
X = δµT
v HP− H + R

for the EKF.
It is noted that the Mahalanobis distance is commonly used for outlier rejection Chang
[2014]. This is because the squared Mahalanobis distance follows a Chi-squared distribution
given that the measurement and its process are Gaussian-distributed. In particular, for
outlier rejection, this Chi-squared distribution provides a signiﬁcance value, which serves as a
threshold Chang [2014]. This is statistically meaningful and not heuristic since the threshold
determines the conﬁdence interval in which the observation lies. Here, this concept is also
used for the purpose of convergence detection. A key diﬀerence, however, is noted. In outlier
rejection, the rejection criterion is a ﬁne detection, i.e. the Mahalanobis distance varies
mostly due to the measurement and process noise, which have low magnitudes. In contrast,
the convergence criterion is a coarse detection, i.e. the Mahalanobis distance varies mostly
due to the initial covariance matrix, P(0), as in Eq. (2.32). Hence, to reduce the dynamic
range, the normalized function, ν = log(X ), is exploited. A threshold, ν0 , is straight-forwardly
obtained by using a suitable signiﬁcance level, as in outlier-rejection Chang [2014]. From a
practical perspective, the signiﬁcance levels for outlier rejection are high, e.g. 99%, but for
1

R is the image processing measurement covariance, which is expressed in the principal axes frame. In
practice, the covariance is available in the camera or geometric frame. The available covariance can be used
in a tensor transformation using current estimates η̂, q̂ to obtain R.
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convergence, they might be relaxed, e.g 90%. The condition ν < ν0 acts as a criterion for
convergence. Since the variation of ν can be of second order, i.e. it does not monotonically
decrease, depending upon the scenario at hand, an additional criterion on the minimum
convergence time is added.

2.4.4

Motion prediction dispersion

The method for performing the motion prediction is described in Section 2.4.1 and consists
primarily of solving the integrals in Eq. (2.5) and (2.6). In order to determine the dispersion
of these solutions, a noise model for the initial state q̂(t0 ), ω̂(t0 ) and the inertial parameters
b Î could be used. Wanting to leverage the linear property of the Least Squares problem
presented in Section 2.4.3 with respect to the inertial parameters, to obtain a noise model, it
is however also the case that the same problem is perturbed [Gander et al., 2014, pp. 285],
given that ΦR and Φ1 are both noisy matrices. As such, a noise model is still diﬃcult to
determine with a simple analytical approach.
It is also important to realize that the variance in the inertia estimates cannot be assumed
for each parameter independently. In fact, each solution of the identiﬁcation methods presented in Section 2.4.3 approximately captures the inertia ratios for the given problem. As
such, the dispersion of the solution of Eq. (2.5) and (2.6) is determined here by directly solving
the equations for a subset of the Nseries identiﬁcation results (each best of the NMC random
trials). This subset consists of a number Npredict ≤ Nseries of best solutions and is chosen via
a histogram analysis of their cost function values. Note that, due to the nonlinear character
of the optimization problem deﬁned in 4.13, multiple local minima of the cost function are
found. The histogram analysis allows selecting the solutions in the best local minimum.
The resulting method can then be expressed mathematically as
Z t0 +Tpred
i
¯i (t0 ),
q̂ (t0 + Tpred ) =
q̇(α) dα + q̂
t0
(2.33)
Z t +T
b

0

ω̂ i (t0 + Tpred ) = −

pred

b i −1 b

Î

( ω̃ b Îi b ω) dα + b ω̂ i (t0 ),

t0

¯i (t0 ) is the estimated initial orientation, such that A(q̂(t
¯ 0 )) =
for 1 ≤ i ≤ Npredict and where q̂
A(ψ̂(t0 ))A(q̂(t0 )) (see Section 2.4.3). The sum of the solutions of this statistical propagation
can be encapsulated in a tube, at the end of which is the region of uncertainty of the state
of the body at the ﬁnal time. When relating to a predeﬁned point on the Target, e.g. GP,
this region will determine the range of possible positions of that point at the ﬁnal time. The
positions are given as
¯i (t0 + Tpred ))b r CM, GP i ,
r CM, GP i (t0 + Tpred ) = A c,b (q̂

(2.34)

for 1 ≤ i ≤ Npredict . An example of such a region is given is Section 2.6.4.

2.4.5

Method to compute the polhode period

In this section the expression for the polhode period are provided, Tp , which is given by
the co-periodicity of the Jacobi elliptic functions which appear in the analytical solution of
the equations of motion, and reads as
Tp =

4K(k)
,
τpolhode

(2.35)
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where K(k) is the complete elliptic integral of the ﬁrst kind and k and τpolhode are deﬁned as
follows (D < I2 ),
k = a/b
s
(2.36)
2T (I1 − D)(I2 − I3 )
τpolhode =
,
I1 I2 I3
or (D > I2 ),
k = b/a
s
2T (I1 − I3 )(D − I3 )
,
τpolhode =
I1 I2 I3
P
L2
, 2T =
Ii ωi2 and
in which, as always, I3 < I2 < I1 , D = 2T
a2 =

2T (D − I3 )
I2 (I2 − I3 )

b2 =

2T (I1 − D)
.
I2 (I1 − I2 )

(2.37)

(2.38)

From the expressions above, it can be easily shown that the knowledge of IR is suﬃcient to
compute Tp . Equation (2.35) does not apply for an axially symmetric body, for which the
period is however computed trivially from the analytical solution of the equations of motion.

2.5

Experimental facilities for on-ground validation

The methods presented in Section 5.2 were validated with images generated with dedicated
experimental facilities at the DLR, namely the OOS-SIM [Artigas et al., 2015] and the EPOS
facilities [Rems et al., 2020], shown in Fig. 2.5. Both these facilities include a strong light
source and obscuring curtains, as well as satellite mock-ups mounted on the end-eﬀector of two
industrial robots, with which six degree-of-freedom motions can be simulated. The OOS-SIM
facility is intended for close-proximity and contact operations. The mono-camera is mounted
at the end-eﬀector of the orange robot arm on the Chaser satellite. The industrial robots
can move the satellite mock-ups to a maximum relative distance of 3 m. The EPOS facility,
intended for close-range rendezvous, allows larger relative distances since one of the industrial
robots is mounted on a 20 m long rail.
The EPOS facility allows for unlimited rotational motions about a range of rotational axes.
The robot which holds the Target is conﬁgured such that axes 4 and 6 can turn numerous
revolutions (before they must be turned back). In this way, depending on the tumbling rate,
multi-hour simulation scenarios with tumbling targets can be simulated. However, that not all
tumbling motions can be simulated indeﬁnitely with this method, since the robot workspace
is constrained by the other joint limits.
A diﬀerent approach was therefore applied here for the OOS-SIM, which consisted in
splitting the tumbling Target trajectory in pieces, in accordance with the robot workspace.
The latter was computed for the condition that the center of mass of the Target is stationary
at a suitably predeﬁned point. An inverse kinematic algorithm was applied to a set of Target
orientations derived from a uniform sampling of the SO(3) rotation group. The resulting
robot conﬁgurations were tested for joint limits and collisions, the outcome of which is the
workspace in the robot joint space of interest, Υ = {θ i ∈ R6×1 | 1 ≤ i ≤ NΥ }, shown in
Fig. 2.6.
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Figure 2.5: Experimental facilities at the DLR used to generate mono-camera images: OOS-SIM (left),
EPOS (right)
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Figure 2.6: OOS-SIM industrial robot collision-free workspace for uniformly sampled Target orientations
(NΥ =558 feasible samples). Example of optimally fitted trajectory piece shown in red.

The procedure used to determine the optimal splitting of a given trajectory q(t) for
0 ≤ t ≤ tf is as follows:
• propagate the pth piece of the trajectory from each ith point in the workspace Υ, with initial orientation A(θ iΥ ) (industrial robot forward kinematics), until a workspace boundary is reached at a time tiΥ ≤ tf ;
• choose the point in the workspace for which the propagation time is largest, tpΥ , and
store the related initial orientation A(θ pΥ );
P max p
tΥ ≥ tf .
• repeat until pp=1

The pose estimates Ap,I (q̂(tj )) were then restitched together as follows:
Ab,I (tj ) = Ap,I (q̂(tj ))(A(θ pΥ ))T ,

(2.39)

for tp−1
≤ tj ≤ tpΥ and 1 ≤ p ≤ pmax , with t0Υ = t0 .
Υ
This method allows reproducing any tumbling trajectory on the facility. Due to the
limited workspace Υ however, only a portion of the Target mock-up is seen by the camera (in
function of the splitting, at best with ±170 deg rotations). It is also worth pointing out that
the noise characteristics in the estimate Ap,I (q̂(tj )) are not aﬀected by the transformations
in Eq. (2.39), due to the vector modulus-conserving property of rotation matrices.
The ground truth of the transformation Ap,I (q̂(tj )) is computed through the kinematic
chain of the OOS-SIM facility, which is accurate to ±2 deg in orientation. The accuracy of
the ground truth for the EPOS facility is of 0.35 ± 0.16 deg (3σ) for the relative orientation
between the two robots (measured with laser tracking according to DIN EN ISO 9283).
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Table 2.1: Parameters for test trajectories

Nr.

I11

I22

I33

I12

I13

I23

ω1

2

[kg/m ]

ω2

ω3

[rad/s]

Tp
[s]

1

7067.23

3032.99

5665.46

123.19

-145.11

54.24

0.08

0.02

0.03

136.9

2

5665.45

3032.99

7067.23

54.24

145.11

-123.2

0.04

0.04

0.04

303.0

3

129112.2

124825.7

17023.3

0

0

0

0.087

0

0

∞

4

129112.2

124825.7

17023.3

397.1

-2171.4

344.2

0.087

0

0

149.6

5

124825.7

124825.7

124825.7

0

0

0

0.04

0.02

0.01

2.6

∞

Results

This section presents the pose estimation, parameter estimation and motion prediction
results. A preselected set of trajectories was chosen to analyze the performance of the methods
presented in Section 5.2, the parameters of which are shown in Table 2.1. The inertias
resemble those of real satellites, such as the ETS-VII (I2 ) [Oda et al., 1996] and the ENVISAT
(I4 ) [e.deorbit Study Team, 2015], expressed with respect to their geometric body frames. In
particular, Trajectory 2 has a slightly longer period than Trajectory 1, however an observation
of 100 s was already shown in [Hillenbrand and Lampariello, 2005] to be suﬃcient for the
identiﬁcation of the inertial parameters. Trajectory 3 is a ﬂat spin, while Trajectory 4 is close
to a ﬂat spin. The latter case is important because it can still imply large oscillatory motions
of the preselected grasping point, while the signal to noise ratio is particularly unfavorable for
identiﬁcation. Trajectory 5 represents a perfect sphere, for which an inﬁnite polhode period
results. For the chosen trajectories, the number of necessary splits for execution on the OOSSIM varied between four (Trajectory 3 and 4) and ten (Trajectory 2) for one polhode period.
The sampling frequency fs was 3 Hz for the OOS-SIM facility and 1 Hz for the EPOS facility.
The following uncertainty was assumed by the European Space Agency for the ENVISAT
satellite in the e.Deorbit study (in kg m2 ) [e.deorbit Study Team, 2015]:

 

397.1 −2171.4 350 100 250 
 1.70e4

 

I =  397.1
1.25e5
344.2  ± 100 3000 150  .

 

250 150 3000
−2171.4 344.2
1.29e5

The given inertia and inertia uncertainty can imply a switch of the major principal axis
between the x and the y body-axes, resulting in a stable or unstable motion respectively.
This uncertainty was partly used in the statistical analysis in Section 2.6.2.

2.6.1

Pose estimation

A typical output of the pose estimation method described in Section 2.4.2 is shown in
Fig. 2.7. The four vertical dash-dotted lines show the stitching points of the trajectory executed on the OOS-SIM facility. The experimental data presents realistic noise characteristics.
In fact, the error of the pose estimation consists of both random errors and modelling errors (systematic errors), as described in Section 2.4.2. The random errors can be assumed a
normally distributed noise, in the sense of the image pixel measurement or feature detection.
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Figure 2.7: Example of quaternion components given by the visual tracker output, q̂ (solid black), and
the ground truth, q (solid green), for Trajectory 1.

∆qv 2

∆qv 3

Figure 2.8: Unnormalized probability density function for the quaternion vector components error. The
three distributions that best fit the given samples of quaternion errors are shown for each
component.

However, the true error in the pose measurement, incurred while optimizing the alignment of
the image pixels and the 3D model projections, cannot be assumed Gaussian.
To verify the characteristics of the pose error, a number of possible distributions are ﬁtted
on 1000 samples of EPOS measurement data, with a minimum least squares approach, as
shown in Fig. 2.8. It is assumed here that the errors of the unit quaternion components ∆qv i ,
1 ≤ i ≤ 3, are samples generated from independent distributions. The error distribution
is shown to be clearly non-Gaussian, however one may argue about the sample size. The
samples could be statistically insuﬃcient to ﬁt the actual distribution, however 1000 samples
should at least indicate the most likely distribution of the measurement errors. From this
analysis, it follows that the quaternion components are best described by the Levy, Levy l
and Cauchy distributions, respectively.
A sequence of views of the Target at the OOS-SIM and EPOS facility is shown in Fig. 2.9,
as well as a 3D model of the OOS-SIM Target. The pose tracker is relatively robust to strong
specular reﬂection, as shown in Fig. 2.9 c, where the tracked model edges are re-projected onto
the image at the estimated pose. In spite of severe specular reﬂections due to direct sunlight
and a glossy surface of the satellite, the pose estimation algorithm successfully aligned the
model and image edges.
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Figure 2.9: Images of the Target at the OOS-SIM (first three images from the left) and at the EPOS
facilites (right). A 3D model of the OOS-SIM Target is shown (left)and the overlay of the
reprojection of its edges is shown in red (third image from the left).

2.6.2

State and inertial parameter identification

In this section the state and inertial parameter identiﬁcation results are presented, for the
non-linear least squares, the linear least squares and the Extended Kalman Filter methods,
respectively.
Nonlinear least squares method
Firstly, the identiﬁcation results of the NLS method described in Section 2.4.3 are presented. Table 2.2 shows an empirical error statistics for each of the predeﬁned trajectories,
observed for diﬀerent observation times (deﬁned in the third column). For each of these cases,
the polhode period, the Target’s inertia, the initial angular velocity and the initial orientation
correction were identiﬁed using Nseries = 100 diﬀerent data sets, derived from the experimental measurements with a sliding window approach, in which the initial time of each data set
was increased by one sampling time. Furthermore, for each data set, NMC = 10 random initial guesses were computed for the inertia parameters within an uncertainty bound of ±10%
(Trajectory 1) or as in the e.Deorbit study deﬁned above (Trajectories 2 to 5).
The estimates in the table report the mean error (rows in boldface) and standard deviation
(rows in normal text) of a subset of the solutions found with the random search just described.
This subset was chosen by taking the best solution of the 10 trials for each observation window,
then removing outliers and local minima among the 100 remaining solutions, by deﬁning a
threshold of the cost function in Eqn. (4.13), by inspection of the cost values found (see
Sec. 2.4.4).
The mean error and the standard deviations for each parameter were then
computed out of this subset as a percentage of the nominal normalized value in IR (for Traj.
3 and 5, the values for the null inertia products are reported in absolute terms).
With regards to the polhode period and the inertia, the results in the table (column four
and columns ﬁve to nine, respectively) show an expected increase in the mean error and in the
standard deviation, as the observation time is decreased with respect to the polhode period.
For the inertia this is mostly noticeable in the diagonal elements for Trajectories 1 and 2 (for
the latter, a noticeable increase in the standard deviation is visible for case 2-3). Trajectory
4 presents an exception, to be attributed to the more or less conservative choice of the cost
function threshold. Trajectories 3 and 5 show large errors in the estimates of T̂ p , as expected.
The solid inertia estimation results for Trajectory 3, 4 and 5 show the robust behavior of
the method for these ill-conditioned cases. The estimates of the angular velocity (columns
10 to 12) do not seem to show any dependence on the observation time. The estimates of
the initial orientation correction, ψ̂ (columns 13 to 15), present small values (δ was set to 15
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Table 2.2: State and inertial parameter identification results for NLS method.
Traj. T p

Tobs

Nr.

[s]

1-1

[s]

136.9 T p

T̂std [s]
135.3 [2.2
11.01

1-2

Iˆerr
Iˆstd

T̂ p

[3.9

T p /2 138.4 [3.0
37.23

[16.0

ω̂err

22.63
2-1

[20.7

ω̂std [deg/s]

[%]

[5.74

T p /4 300.6 [-4.1

2-2

42.1

[8.9

T p /8 281.0 [-1.7

2-3

[19.9

61.4
3-1

∞

72.0 171.3 [-4.9

2.03 -0.43]

5.5

47.2

-1.3 -16.0
6.5

66.2

-26.2 2.1e2] [0.06
5.4

9.63

0.07

16.3] [-0.04 -0.11

-31.4 1.0e2] [0.07

[5.5

4-3

48.4] [-0.04 -0.2 -0.02] [13.15 3.0
0.18

∞

46.6

-27.2] [0.19

4e-5

4e-6] [-0.02 -0.09

12.0 179.5 [0.6

0.3

1e-4

1e-4

[9.7

15.2

3e-4

5e-4

148.7 [-2.5

50.2

-4.5

50.81

[10.5

2.0e2

66.4

T p /2 175.2 [-1.7

18.9

-6.0

0.6

62.9

28.5

-10.2

4.0

-1.6

2.7

35.4

16.1

-16.1

150.0 4.6e3 [0.19 -3.82 1e-3

5e-4

[8.8

9.5

0.12

2e-4] [0.019
4e-6] [0.04
2e-4] [0.09

0.16] [1.4

1.4

0.04] [11.4

-0.5

0.21] [2.0

2.1
-0.7

0.61] [4.5

2.9

0.5] [0.01

0.09

-0.2] [-1.52 -0.75

13.9] [0.11

0.32

0.43] [3.31

2.6

3.3] [-0.1

0.1

-0.02] [-1.8

-1.5

19.0] [0.6

0.9

8e-4] [-0.01 -1e-3

45.7

1e-2

1e-2

12.4

8e-4

2e-2

[14.1

36.4

1e-2

1e-2

5-3

37.5 3.2e3 [10.3

9.8

8e-4

5e-3 -1e-3] [-0.02 0.03

19.8

1e-2

1e-2

[30.2

1.8
-0.8

-0.25] [-1.1

[1.7

2.7e3

0.19] [1.0
0.04] [11.7

0.38

-92.9 1.2e2] [0.09

75.0 3.8e3 [6.9
3.7e3

0.78
-0.86

0.24

15.7] [-0.02 0.1

2.67

0.06] [0.90

0.23

1e-5] [-8e-3 -0.15

-0.24

0.03] [11.6

0.24

5-2

4.9e3

1.3]

2.8

0.08] [2.43

4e-6] [-0.03 -0.15

1e-2] [0.02
1e-2] [0.05
1e-2] [0.08

1.3] [5.7
0.02] [0.94

0.15

2e-2] [-0.01 0.06

0.09] [3.92
0.11] [0.48

0.24

4.4

1.6]
1.21]

3.8

0.14] [3.34

1.67

-2.7]
1.5]
0.75]

68

3.65] (55)
-0.8]

62

3.3] (54)
68

3.19] (28)
86

3.4] (10)
27

1.68] (0.3)

T̂ p

Iˆerr

ω̂err

ψ̂

γ

Nr.

[s]

[s]

T̂std [s]

Iˆstd [%]

ω̂std [deg/s]

ψstd [deg]

[%]

136.9 T p 135.62 [-0.02 0.16 -17.7 -3.7 -119.6] [-0.01 -0.12 0.01] [0.28 -0.68 0.01] 3
0.01 0.02 0.0

65

4.1] (45)

Tobs

0.0 0.0 0.0

82

1.4] (73)

Tp

0.0 0.0 0.0 0.0 0.0

66

1.3] (51)

Traj.

0.99

67

1.6] (50)
-2.3]

0.11] [-0.84 -0.69 -0.39]

0.19

83

0.63] (72)
-1.9]

-1.45 -0.87]

0.18] [4.4

83

1.39] (59)

-0.55 0.015]
3.81

79

1.5] (45)

Table 2.3: Parameter identification results for NLS method with 100% initial uncertainty.
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ψ̂std
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1-3

ψ̂
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deg). Those for Trajectories 1 and 3, which are the largest, can be attributed to the result of
the search of the optimizer for the local minimum, which these parameters contribute to.
Column 16 in Table 2.2 reports the percentage of successful solutions of the random
search, among the best 100. A successful solution is one for which its cost function is below
the threshold used to computer the error statistics. The second number in brackets reports
the percentage of successful solutions for all the 1000 trials in the random search. In Table 2.3
results are shown for one trajectory assuming no knowledge of the inertial parameters. The
main diﬀerence resides in the low value of successful runs γ. The inertial moments and the
inertial products were randomly chosen between 1000 and 15000 and between -500 and 500
kg m2 respectively, ensuring physically feasibility.
The run time of the Monte Carlo search varies linearly with the observation time. For
Trajectory 5, which was sampled at 1Hz and as such requires less computations (and provides
satisfactory results), the run times on a single core of an Intel Core i7-8700K, 3.70GHz machine
running Linux for one case (100 times 10 random trials) were as follows: 6.5 minutes for Tr.
5-1, 3.6 minutes for Tr. 5-2 and 1.7 minutes for Tr 5-3. Note that this method can be easily
parallelized, to the advantage of the total run time, if desired.
Linear least squares method
The identiﬁcation results of the linear Least Squares method presented in Section 2.4.3
are presented next. Table 2.4 shows an equivalent empirical error statistics for each of the
predeﬁned trajectories, observed for diﬀerent observation times (deﬁned in the third column).
The statistical quantities were computed by shifting the observation window by ﬁve sampling
times, 50 times. Due to the limited amount of data available (except for Tr. 1-1), a statistical
evaluation for the longer observation windows (Tr. 2-1, 3-1, 4-1, 5-1) was not possible.
The ﬁrst 25 seconds of data were discarded, to allow for the Butterworth (BW) ﬁlter to
converge, in view of the inaccurate initial guess for the rotational velocity (given by ﬁnite
diﬀerences). The time delay for three diﬀerent BW ﬁlter frequencies (0.3 Hz, 0.5 Hz and 0.8
Hz) was corrected by inspection, making use of the ﬁnite diﬀerences result (4s, 2s and 1s delay
were identiﬁed, respectively). The lowest Butterworth frequency was found to give the best
results. In fact, the time delay can easily be corrected for, while the noisier output for higher
frequencies gives worse results. The case with the ﬂat spin and with the spherical symmetry
give inﬁnity as identiﬁcation solution, as expected. However, the Butterworth ﬁlter result
is suﬃcient to recognize the ill-conditioned identiﬁcation problem. The large numbers for
Trajectory 4 instead show how the ill-conditioned of the low signal-to-noise ratio gives worse
performance with respect to the NLS method.
EKF Method
Finally, the results for the EKF method from Section 2.4.3 are presented. To this end, the
EKF process noise model were chosen as Qτ = 5e−6 13,3 , Qk = 1e−4 12,2 and Qη = 1e−4 13,3 .
The observation noise model was chosen as R = 5e−3 13,3 based on a simple curve ﬁtting of a
Gaussian distribution in experimental conditions. Firstly, the eﬀectiveness of the method was
validated by showing its convergence in Fig. 2.10 for Trajectory 1 in Table. 2.1. The top row
shows the convergence of the inertia parameters and the orientation quaternion components
of the geometric frame relative to the principal axes, respectively. On bottom-left, the angular
velocity components b ω1 ,b ω2 ,b ω3 are shown to converge. On bottom-right, the logarithm of
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Table 2.4: Parameter identification results for LS method.

Traj. T p Tobs
Nr.
1-1

[s]

[s]

136.9 T p

1-2
1-3

Iˆerr ± Iˆstd

L̂err ± L̂std

[%]

[deg]

[3.0

-0.4

-4.7

1.1

-203.4]

1.1

[0.85

0.38

14.5

7.8

36.7]

0.09

T p /2 [4.6

1.4

-4.3

-33.6

-183.3]

1.7

[13.9

5.85

130.5

126.2

766.46]

0.85

T p /3 [30.5

7.6

-55.3

-311.1 -2571.3]

7.9

[106.9

30.7

2500.1

1448.2

1137.7]

15.1

2-1

303.0 T p /2 [-1.2

0.4

136.1

34.7

-68.5]

4.1

2-2

T p /4 [ 5.2

8.6

-177.2

250.8

176.8]

3.9

[ 18.6

5.5

741.1

158.0

586.0]

0.37

T p /8 [14.9

9.6

-5100.0 2199.0 4691.0]

4.9

2-3

[34.3
3-1
4-1

∞

72.0 [-69.1 705.6

149.6 T p

4-2

∞

3550.8

∞

∞

1087.4]
∞]

1.6
1.0

373.1

-130.4 -1454.3]

1.7

T p /2 [-9.9 376.5

222.7

-55.9 -1621.1]

2.0

311.0

611.9

285.4

9273.2]

0.55

T p /4 [-18.9 408.4

459.3

-135.5 -5311.6]

2.2

[24.1
5-1

1574.9

[-10.4 695.3

[15.0
4-3

14.1

253.3

150.0 [59.7 -40.3

1153.5

356.6

∞

∞

1412.9]

0.46

∞]

0.9
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Figure 2.10: EKF results for Trajectory 1 in Table 2.1. a) Inertia parameter k1 (red) and k2 (blue);
b) Geometric frame orientation, η1 (red), η2 (green), η3 (blue), η0 (magenta); c) Inertial
angular velocity, b ω1 (red), b ω2 (green), b ω3 (blue); d) Mahalanobis distance.

the Mahalanobis distance, which was proposed as a measure of convergence and observation
outliers, ν, and the threshold ν0 = −3 is also shown. For this particular example, the initial
covariance was chosen as P(0) = blkdiag(1e−2 13,3 , 1e−3 13,3 , 1e−2 12,2 ; 5e−4 13,3 ). Fig. 2.10
demonstrates the suitability of the proposed EKF identiﬁcation procedure.
The set of trajectories in Table 2.1 was used to obtain the measurements which were used
in the EKF. The observation times were equal to the ﬁrst entry for each trajectory reported
in Table 2.2. It is recalled that, these trajectories oﬀer varying degrees of observability,
which has a bearing on the EKF convergence times. The results are tabulated in 2.5. For
each trajectory, the mean error as a percentage of each identiﬁed inertia component in the
geometric frame (Iˆerr [%]) along with with its standard deviation (as in Table. 2.2) are shown.
Note that this includes the errors in the identiﬁed principal inertia parameters (K) as well
as the orientation of the geometric frame relative to the principal axes, η. Correspondingly,
the angular velocity error in the geometric frame (∆b ω) along with its standard deviation are
also also shown. All the aforestated errors were computed using the last 20 samples of the
time-series of the identiﬁcation procedure.
In particular, it is noted that the ∆b ω shows good convergence in all the trajectories. It is
shown that for Trajectory 1, which was highly observable, the identiﬁed inertia had the highest
accuracy among all trajectories. However, a deterioration for Trajectory 2 is observed, even
if the satellite had a multi-axes tumbling body velocity. Trajectories numbered 3, 4, which
were ﬂat spins and close to ﬂat spins, respectively, resulted in erroneous identiﬁcation, which
was expected. The same observation is also made for Trajectory 5.
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Table 2.5: Parameter identification results for EKF method.

Traj.

Iˆerr

∆b ω

Nr.

Iˆstd [%]

∆b ω std [deg /s]

1
2
3
4
5

2.6.3

[2.26

0.18

12.22

56.45

470.11] [-0.05

0.13

0.01]

[0.42

0.17

-19.33

86.25

152.67] [0.01

0.03

0.01]

[-6.21

5.32 360.43 -1280.1 6570.2] [0.07

0.16

0.21]

[1.15

0.95

-6.35

-107.80

0.05

0.01]

[2.03

63.84

∞

∞

∞] [-0.01

-0.05

0.07]

[0.25

1.00

∞

∞

∞] [0.01

0.005

0.03]

-0.12

0.04]

44.18] [0.005

0.05

0.03]

[0.48

-50.93 67.97

37.55] [0.03

-32.84 -380.47] [-0.008

[0.09

0.64

-82.18

-25.45

[0.01

-2.02

∞

∞

∞] [0.17

0.15

0.04]

[1.1250 0.6875

∞

∞

∞] [0.03

0.08

0.03]

Motion prediction

In this Section the results of the motion prediction, which are based on the identiﬁcation
results in Table 2.2, are presented. There, a threshold was deﬁned for each case with which
to select the solutions out of the random search belonging to the global minimum of the
= {IiR ∈ R5×1 |
relative optimization problem. These solutions deﬁne a set of inertias SII−J
R
I−J
I−J
1 ≤ i ≤ NS }, where NS represents the number of selected solutions for Trajectory Nr.
I-J, 1 ≤ I ≤ 5, 1 ≤ J ≤ 3. This set was then used to propagate an estimated Target state
for a prediction time Tpred ≈ 600s. The estimated Target state from the best solutions which
were used here. Alternatively, in a mission scenario, the state estimate could be
deﬁne SII−J
R
obtained from an extended Kalman ﬁlter, which runs onboard [Lampariello et al., 2018].
The propagations for Trajectories 1 to 5 are shown in Fig. 2.11. The estimated positions
of the grasping point (chosen coordinates in the body frame [-0.225 -0.225 -0.4] m) resulting
from the identiﬁcation procedure are highlighted with black triangles (the one marked in
of inertias). The
red was used to generate the motion propagations for the relative set SII−J
R
equivalent estimated ﬁnal positions of the grasping point are shows with green spheres (NSI−J
in number resulting from the random search). The nominal trajectory with its ﬁnal position
is highlighted with a blue curve and sphere respectively.
As can be expected, the predicted ﬁnal positions of a predeﬁned point (or grasping point)
on the Target are more and more scattered, as the observation time decreases. It is worth
noting that the results for the cases in which the whole polhode period is observed, namely
Trajectories 1-1 and 4-1 (see Table 2.2), give low scatter in the related motion predictions.
The results for the cases around a ﬂat spin (Trajectories 3 and 4) require a particular
treatment. This is due to the fact that some of the inertia estimates result in a spin about
the intermediate axis of inertia (Iyy > Ixx ). Although their cost function is below the threshold, the propagation obviously presents an unstable behavior. As such, these solutions are
purposely discarded (see percentage in Fig. 2.11 for Trajectories 3 to 5). In order to exclude
the unstable solutions, prior knowledge about the history of the state of the rotating body is

=96
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Figure 2.11: Motion prediction for a predefined point in the Target body frame for Trajectories 1 to 5
and for observation times as defined in Table 2.2.
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required, unless statistical evidence proves one or the other case to be very improbable. Discarding invalid solutions from the solution set does not aﬀect the ﬁnal uncertainty estimates,
because the ﬁnal set is made to have an approximately constant size.
The case of a spherical body (Trajectory 5) is seen by the optimizer as a ﬂat spin (the
angular velocity is indeed directed about a ﬁxed axis), and as such was treated like the
previous Trajectories 3 and 4, removing unstable solutions. Note that the initial guess for
the inertial parameters (plus the assumed uncertainty), easily gives rise to these unstable
solutions.
The results also show that the shortest observation times for Trajectories 2, 3 and 5 give
very scattered results, providing evidence for the need of a longer observation time. It is also
not surprising to note that, despite the inﬁnite polhode period, the estimates for Trajectories
3 and 5 become very reliable for an observation time equivalent to the period of rotation of
the pure spin.

2.6.4

Uses of the region of uncertainty for control purposes

The extent of the scatter in the ﬁnal position of the grasping point, which derives from
the statistical propagation, can be contained in a spherical surface. An example is shown in
Fig. 2.12, for the statistical motion prediction of Trajectory 5-1. This surface represents the
region of uncertainty. This information may be used in a capture strategy, for example when
wanting to reach the grasping point with a robotic arm from an inertially ﬁxed mating point
with respect to the free-tumbling Target (as in the DEOS scenario [Sellmaier et al., 2010]).
The workspace of the robot would have to be made compatible with the size of the given
spherical surface, to account for the uncertainty in the ﬁnal position of the grasping point.
The loci of the grasping point, from the initial to the ﬁnal time, which also derive from the
statistical propagation, may instead be used to determine the uncertainty in the Chaser state
for a robust tube-based MPC tracking controller. As described in [Buckner and Lampariello,
2018], such a controller can be applied to the approach maneuver of the Chaser to a mating
point ﬁxed in the body-frame of a free-tumbling Target (as in the e.Deorbit scenario [e.deorbit
Study Team, 2015]). A feasible reference trajectory for the Chaser is ﬁrst computed by
a motion planner, for a nominal Target motion (see solid black line from an initial hold
point to the nominal position of the grasping point in Fig. 2.12). In a real scenario, the
latter nominal motion would relate to the motion prediction which results from the average
values of the identiﬁed state and inertial parameters. The reference trajectory of the Chaser,
initially computed by the motion planner in the inertial space, is then tracked by the tracking
controller in the body frame of the Target, such that any deviations of the Target’s motion
from the nominal is intrinsically accounted for. This provides guarantees on the satisfaction
of the collision avoidance constraints with respect to the solar appendages of the Target, but
results in deviations from the Chaser’s reference trajectory in the inertial space. In fact,
the extent of these deviations (namely, the characterization of the state uncertainty required
by the tube-based MPC in [Buckner and Lampariello, 2018]) can be approximated by the
region in state space which contains the reprojection of the Chaser’s reference trajectory
from the Target frame into the inertial frame, for the given set of statistical propagations of
the Target motion. Fig. 2.12 shows an example of a sample of reprojected trajectories for
the given nominal reference trajectory (dashed black lines from the same initial hold point to
the given dispersed ﬁnal positions of the grasping point). The mathematical details of this
transformation can be found in [Buckner and Lampariello, 2018].
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Figure 2.12: Example of the use of the region of uncertainty.

The methods presented here provide the means for generating the necessary information
for diﬀerent robust control problems. However, their detailed interplay with the design of a
robust controller is not subject of this work. In general, the dispersion is determined by the
observation time and the polhode period (for a given prediction time). As shown here (see
Fig. 2.11), its extent can be reduced, if necessary, by increasing the observation time.

2.7

Discussion

In this section ﬁrstly, further remarks to compare the identiﬁcation methods applied above
are provided, and then the outcome of the motion prediction results and its possible implementation in a mission scenario are commented upon.
The experimental results in Section 2.6.2 show that the NLS method is the most robust
to sensor noise, as shown by the better standard deviation values with respect to those of the
LS method (in particular for the case of low signal-to-noise ratio in Trajectory 4) and by the
robustness to non-Gaussian content in the data, to which the EKF is shown to be sensitive
to (see below). The batch approach and the use of pose estimates as input, rather than of
their ﬁltered derivative, is taken to be the explanation of this result.
The NLS method can also be directly applied to all tumbling states considered, without
need of retuning. The LS presents numerical infeasibility for the ill-posed cases (Trajectories
3, 4 and 5), but is otherwise similar in performance to the NLS method (with the aid of the
Butterworth ﬁlter). However, the LS favors observation of a full period for well-posedness,
suﬀering from the fact that the uncertainty of the estimate of a perturbed least squares
problem is proportional to the square of the condition number of the regressor matrix (matrix
ΦR in Eq. (2.16)) [Gander et al., 2014, pp. 285]. Both the NLS and the LS methods allow
performing multiple observation phases, if more data is required for the identiﬁcation problem.
In this case, in the NLS setting, six more unknowns can be added to the problem formulated
in Eq. 4.13, for every new batch of data, representing the uncertain initial state of the Target
for the related IVP.
Next, some observations about the EKF are made. Through the results, it is clear that
the EKF convergence is largely a function of the observability of the observed satellite motion.
In fact, this dictates the convergence time of the ﬁlter. From a practical perspective, this
severely limits the tuning of parameters P(0), Q, R, that is, the same parameters do not ﬁt all
trajectories. Firstly, P(0) should be set in accordance to the EKF assumption that the initial
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Figure 2.13: EKF results for Trajectory 4 in Table 2.1. a) Inertia parameters k1 (red) and k2 (blue).
b) Mahalanobis distance.

condition ẑ(0) is in the close neighborhood of the ground truth z(0). However, it is impossible
to exactly determine P(0) in a mission scenario. Secondly, R is time-varying due to specular
reﬂections, shadows, relative conﬁguration etc. Although, an adaptive implementation Aghili
and Parsa [2009] may be used, it is worth noting that the adaptive parameters also need tuning. Moreover, the variations due to specular reﬂections and shadows are of high-bandwidth
in nature, which severely restricts the eﬀectiveness of adaptive implementations. Thirdly, the
parameters for identiﬁcation, namely Qk , Qη , are sensitive to observability of the problem.
This means to ensure convergence within the observation time, there is no single parameter
that ﬁts all scenarios. Hence, it is important to have a preconception of the Target’s tumbling
state, which is restrictive in a real scenario. Speciﬁcally, for Trajectory 1, an arbitrary choice
of Qk = 1e−4 12,2 and Qη = 1e−4 13,3 resulted in convergence, while for Trajectory 2, the
parameters had to be altered to Qk = blkdiag([5e−3 , 2e−2 ]) and Qη = 2e−3 ∗ 13,3 . Fourthly,
the derivation of the EKF is based on a strictly Gaussian assumption for process and measurement. For low observability scenarios, a deviation from the Gaussian assumption aﬀects
the EKF convergence negatively. This can be explained as follows. In the region that P is
suﬃciently high, the EKF provides a corrective behavior. However, it is well known that after
convergence, the Kalman gains reach a minimal steady state value and therefore the corrective behavior is slow. This is further exacerbated when the observability of the trajectory is
low. This is shown in Fig. 2.13 for the Trajectory 4, which was nearly a ﬂat spin. On the
left, the estimates for clean data (K̄, dashed), experimental data (K̂, solid) and ground truth
(K, dotted) are shown. The Mahalanobis distance, ν, for the experimental data is shown
on the right. At t = 40, 80, 120, a spiking (non-monotonic) behavior is clearly seen, which
is attributed to the sudden change in measurement noise characteristics. Correspondingly, it
is seen that the blue curve (k̂2 ) of K̂ converges to a diﬀerent value than the ground truth,
whereas, for identical tuning parameters, estimates with clean data (K̄) converges. Therefore,
despite its suitability for the problem, the EKF requires an a priori knowledge of certain key
aspects of the observation period, which restrict its applicability in mission scenarios.
To aid the comparison between the three presented methods, the satellite inertia, b I, about
the geometric frame, {Ob , eb }, is used. In particular, the Riemannian distance [Moakher,
2005, eq. 2.9] between the real inertia, b I, and the estimated inertia for each of the three
methods, b Î, is computed as,
d = ||Log(b I−1b Î)||F = || log(λ)||

(2.40)

where λ is the vector of all eigenvalues, and || • ||F , || • || denote the Frobenius and 2-norm,
respectively, of the argument. The mean and standard deviation of d in Eq. (2.40) serves as
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Table 2.6: Comparison of identification results for NLS, LS and EKF methods.

Traj.

NLS

LS

EKF

Nr.

E(d)

E(d)

E(d)

E(d2 )

E(d2 )

E(d2 )

0.042

0.040

0.316

0.047

0.002

0.010

0.073

0.279

-

0.086

0.118

-

0.175

0.482

-

0.151

0.307

-

0.395

2.080

1.298

0.555

0.008

0.009

0.269

2.023

-

0.432

0.245

-

0.234

2.565

-

0.441

0.499

-

2-1
2-2
2-3
4-1
4-2
4-3

a comparative tool.
The results are shown in Table 2.6 for Trajectories 2 and 4 from Table 2.1. The results
of the NLS and LS methods for the former trajectory are very comparable (although the LS
method presents less scatter). The good result for the longest observation time (2-1 for T p /2)
shows that, for this particular trajectory, observing half a period is enough for exciting all the
inertial parameters, as also shown in [Hillenbrand and Lampariello, 2005]. The EKF instead
presents a worse performance, to be attributed to the low quality of the pose estimates. For
the latter trajectory instead, both the LS and the EKF are outperformed by the NLS method.
Although some parameters may not play an important role in the dynamics during the
Observation phase, they could well do so during the Prediction phase, if Tobs < Tp (see an
extreme example in Fig. 2.1). Theoretically, a full excitation of the inertial parameters is
achieved with Tobs = Tp . However, the results for the motion prediction show that it is not
necessary to observe multiple periods, if this is practically unfeasible, given that the region
of uncertainty derived here can be used in combination with robust control methods.
In a mission scenario, the inertial parameters can be determined oﬄine in a ﬁrst step.
These can then be used within an EKF, which estimates the motion parameters online, but
which does not include the inertial parameters in its state [Lampariello et al., 2018]. The
NLS method can be used on ground, since downloading the necessary pose estimates, which
are computed on board, is not expensive. An operational requirement on the prediction
dispersion will have to be met, for a successful maneuver. As such, if a pre-analysis reveals
too large regions of uncertainty, Tobs must be increased. Tpred instead will be deﬁned such to
provide a suﬃciently long motion prediction to cover the duration of the maneuver of interest.
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Conclusion

When wanting to approach a tumbling object, a motion prediction capability is necessary
to support a guidance function which guarantees feasibility with respect to motion constraints.
The motion prediction functionality will inevitably present a statistical uncertainty, due to
sensor noise and modeling errors, as well as to the possibly low observability and high sensitivity of the Target motion. A statistical method is presented which allows to estimate the
extent of the uncertainty, as a function of the observed portion of the period of motion. This
information can be fed as input to a robust controller, to guarantee convergence despite the
given uncertainty. It is shown that it is not necessary to observe multiple periods of motion
for purpose of motion prediction. This result has a clear practical advantage for tumbling
states with very long periods, which are shown to be in the range of expected states of a
target object in orbit.
An improved nonlinear least squares inertia estimation method is then presented. When
compared to the linear least squares and to the extended Kalman ﬁlter methods, it was
found that it shows a greater robustness to measurement error and to Target motions with
ill-posed identiﬁcation conditions. The limitations of the extended Kalman ﬁlter method for
inertial parameter identiﬁcation are also demonstrated, resulting from its strong dependence
on internal parameter tuning and high sensitivity to non-Gaussian noise. It is also shown empirically that the measurement error in model-based pose estimation is in fact non-Gaussian.
Finally, the advantageous use of on-ground experimental facilities for purpose of validation is
demonstrated, given the accurate ground truth they can provide.
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CHAPTER

THREE
Trajectory planning for optimal robot catching in
real-time

3.1

Introduction

The robot catching task can be seen as a simple point-to-point control problem, solvable
with inverse kinematics and interpolation in real-time [Frese et al., 2001]. If the solutions
want to be in some way improved, then the task becomes a complex optimal control problem.
This chapter presents a careful analysis and empirical evaluation of the issues involved in
nonlinear optimization for solving the catching task in an optimal way in real-time.
There are several key issues of interest: ﬁrstly, optimal solutions for the given problem can
rarely be obtained by running the optimization algorithm on line, as it is computationally too
expensive and, due to local minima, it may not even converge to a good solution. Secondly,
the optimization method should allow for realistic problems to be addressed, which requires
treating important constraints on the movement such as collision avoidance and maximal
velocities.
The optimal real-time planning problem is ﬁrst formulated as a parametric nonlinear optimization problem. The joint positions are parameterized in time using a representation such
as B-splines or trapezoidal functions. Inequality box constraints on joint position, velocity
and actuation torque, as well as collision avoidance constraints, are included. Two diﬀerent
catching strategies are realized: the static catch, where the end-eﬀector reaches the target
trajectory and stops, and the dynamic catch, where the end-eﬀector catches the target with
some velocity in order to minimize the impact. As an example for a cost function, the energy
is chosen, which brings the dynamics of the system clearly into play.
As the task of catching a moving target implies hard time constraints, a method is developed to obtain the optimal solutions in real-time. To ensure that the local optimizer starts
with a good initial solution, globally optimal solutions are pre-computed oﬄine for diﬀerent
initial target trajectories. In this chapter, we evaluate several diﬀerent approaches to using
these initial solutions as starting points for the local search procedure. The ﬁrst approach is to
use look-up tables for determining good starting parameters, e.g., using diﬀerent versions of knearest neighbours [Cover and Hart, 1967] with k ∈ {1, ..., 4}, while non-parametric methods
such as Support Vector Regression (SVR) [Boser et al., 1992, Smola and Schölkopf, 2004] and
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Figure 3.1: The DLR ball-catching scenario with the ball-trajectory prediction trace, the LBR robot in
catching configuration and a zoomed in picture of the hand, with the inertial and end-effector
frames shown.

Gaussian process regression (GPR) [Rasmussen and Williams, 2006], are evaluated as alternatives with improved generalization. These approaches basically provide mappings between
the three parameters which describe the target trajectory and the optimization parameters
which describe the optimal solution.
The chapter is then structured as follows: the rest of Section 3.1 presents a literature
survey and the problem statement, while Section 3.2 describes the formulation of the optimization problem and Section 3.3 the method for solving the catching task in real-time.
Section 4.4 analyses the results and Section 3.5 includes a discussion and the conclusions.
The adopted notation is such that all vector quantities are written in bold and are expressed
in the inertial frame of reference.

3.1.1

Related work

The minimum energy problem for a non-redundant 6 DoF manipulator executing pointto-point maneuvers in conﬁguration space was treated in [Park, 2004], including collision
avoidance. The resulting constrained boundary value problem was solved with direct single
shooting [Binder et al., 2001]. In [von Stryk and Schlemmer, 1994] similar minimum energy
problems were addressed, where direct collocation and indirect optimization were used instead. In [Miossec et al., 2006], motion optimization was addressed for the kick motion of
a humanoid robot, while also minimizing the energy. In [Harada et al., 2006], trajectory
optimization was also used to solve robot motion tasks, however deﬁned in Cartesian space
rather than in conﬁguration space.
Note however that in all of the works above, the real-time issue is not addressed. Furthermore, the optimization problem considered here is diﬀerent from those formulated, for
e.g. in [Park, 2004] and [von Stryk and Schlemmer, 1994], in that: ﬁrstly, the ﬁnal robot
conﬁguration is not given; secondly, the ﬁnal time is not ﬁxed; thirdly, there is a high kinematic redundancy resulting from using a 7 DoF robot and for the given task. The ﬁrst point
adds a set of nonlinear equality constraints, while the second and third add complexity, due
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to a resulting increase in local minima. These issues are also found in the problem dealt with
in [Miossec et al., 2006], where however local minima are not addressed. Collocation was not
considered here as it requires a larger number of optimization parameters and is hence less
suited for real-time application. In [Bäuml et al., 2010] a similar formulation of the nonlinear
optimization problem is solved in a real-time setting, with a parallel multi start search and a
low-dimensional search space.
Despite all the work on robot catching, e.g., as reviewed in [Riley and Atkeson, 2002], we
have not found a methodological approach in the literature as we present here. As comparison,
it is worth noting that humans perform catching movements as smooth point-to-point trajectories with bell-shaped velocity proﬁles and zero boundary velocities and accelerations [Riley
and Atkeson, 2002].
In the learning literature, the generalization of trajectories has been suggested, for e.g.,
in [Jetchev and Toussaint, 2009], [Peters et al., 2011] and [Ude et al., 2010]. These approaches
are complementary to the setup presented in this chapter but diﬀer signiﬁcantly in scope and
functionality. Their aim was the generalization of trajectories through regression which is only
a necessary step for our aim to make nonlinear optimal control approaches feasible in realtime. They use artiﬁcial data [Peters et al., 2011] or kinesthetically recorded data [Jetchev
and Toussaint, 2009] [Ude et al., 2010] which cover only a small space of the range of possible
movements and cannot generalize beyond these. Here, we try to ﬁnd a large set of globally
optimal plans, generalize among them and ensure continued optimality by local optimization.

3.1.2

Problem statement

The addressed problem is to develop a motion planner for catching a ﬂying target, whose
rotational motion is irrelevant (small, spherical, e.g., a ball), by means of a robot manipulator
with rotational joints and rigid links. The test-bed is a simulation model of the DLR lightweight robot, shown in Fig. 4.1. Joint friction and elasticity are neglected. The target
trajectory is assumed to be determined by a vision system (e.g., see [Frese et al., 2001]). The
initial conﬁguration of the robot is ﬁxed. Trajectories should be found which bring the endeﬀector into an orientation suitable for grasping, i.e. such that the target velocity vector is at
some predeﬁned angle to it. The interception point is also determined by the motion planner.
These requirements result in three equality constraints on the end-eﬀector position and two
equality constraints on the end-eﬀector orientation. Due to the fact that the LBR robot has
seven joints, a redundancy of degree two for the end conﬁguration follows. The trajectory’s
duration and ﬁnal conﬁguration are open parameters determined by the optimizer.
The starting point of the target trajectory in Cartesian space is ﬁxed at a distance of
approx. 5 meters from the robot base. Hence, with the speed resulting from this distance
(and from limitations on throwing height due to the room ceiling and throwing velocity), the
ﬂight time will be approximately one second.

3.2

Formulation of the constrained optimization problem

The motion planning problem at hand contains a known obstacle region O and a conﬁguration space C of dimensions C(θ) ⊆ ℜn , with n = 7 and where θ is the vector of robot joint
positions. The time interval is unbounded: t = [0, ∞). The robot system is fully actuated
and therefore subject to a bounded action τ ∈ ℜn , which is related to the system state [θ, θ̇]
by the state transition equation and where τ is the vector of robot joint torques.

46

3. Trajectory planning for optimal robot catching in real-time

The nonlinear optimization problem can then be formulated as follows:
min Γ(θ(t), τ (t), tf )

(3.1)

M(θ) θ̈(t) + C(θ, θ̇) θ̇(t) + g(θ) = τ ,

(3.2)

h(tf , θ(t)) ≤ 0,

(3.3)

h coll (tf , θ(t)) ≤ 0,

(3.4)

g(re (tf ), φ e (tf )) = 0,

(3.5)

θ(0) = θ in , θ̇(0) = 0, θ̇(tf ) = 0.

(3.6)

tf ,θ(t)

subject to

for 0 ≤ t ≤ tf and where tf is the ﬁnal time, Γ is a predeﬁned cost function, h are inequality
box constraints of type xmin ≤ x(t) ≤ xmax , for x = {θ, θ̇, τ } and hcoll are collision avoidance
constraints. Eqn. (5.3) express the state transition equation of the robot. The functions
g(re (tf ), φe (tf )) are ﬁve equality constraints on the ﬁnal end-eﬀector pose (see Section 3.2.3).
The latter is deﬁned by the three components of the positions vector and by the two angles
which express the direction of the z unit vector in the end-eﬀector frame. Finally, Eq. (5.6)
expresses boundary conditions on position, where θ in is the given initial conﬁguration, and
on velocity. More details on the boundary conditions on acceleration and jerk will be given
in Section 3.3.1.
In the following sections we will address the formulations of the cost function, of the
inequalitity constraints and of the equality constraints.

3.2.1

Cost function

The chosen cost function is the mechanical energy. This is a classical choice to improve the
energy consumption of the given system (note that the LBR has a very high eﬃciency in energy
dissipation, therefore we neglected the latter). It also adds a strong dynamics-dependent
element to the optimization problem, as opposed, for example, to minimum distance.
The mechanical energy is computed here as follows (similarly to [Park, 2004] and [von
Stryk and Schlemmer, 1994]):
Z tf
Γenergy (p) =
(τ T (t) θ̇(t))2 + kJmotor θ̈(t)k2 dt ,
(3.7)
0

where the ﬁrst term is the integral of the power and the second term represents the motor
kinetic energy, which is of comparable size to the ﬁrst (not included in [Park, 2004] and [von
Stryk and Schlemmer, 1994]). The symbol Jmotor = diag(J1 N1 , ..., Jn Nn ) expresses an (n × n)
diagonal matrix with elements whose ith diagonal element is the ith motor inertia Ji multiplied
by the ith gear reduction ratio Ni .
The minimization of the ﬁnal time was at ﬁrst also considered (as shortest ﬂight time
of the target). In [Park and Bobrow, 2002a] a method is presented in which successive
ﬁxed-horizon minimum-overload optimization problems are solved for successively shorter
ﬁnal times, until the joint torque box constraints can no longer be satisﬁed. Solutions with
actuator saturation result. We applied the same method with similar results (the problem
in fact, is to give inﬂuence of all trajectory parameters to parameter tf ). However, it results
that the generation of a look-up table for this case is very time consuming and was therefore
not further developed here.
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Inequality constraints

The bounds of the box constraints are given by the robot design speciﬁcations, e.g., due to
joint limits and maximal joint velocities. Further constraints arise from the collision avoidance
both with the environment and of the robot with itself. To detect collision and to formulate
the collision avoidance problem within an NLP context, bodies are represented here as convex
polytopes. For this purpose, these bodies consist of capsules to represent the robot links and
the end-eﬀector, and of a box to represent an obstacle in the robot workspace (Note that a
capsule is similar to a normal cylinder except that it has half-sphere caps at its ends.). For
these types of bodies, it is possible to eﬃciently compute, in case of collision, the penetration
depth as the minimal length of translation needed to separate them.
The collision avoidance problem can be formulated straightforwardly as a set of inequality
constraints in the optimization problem:
Dcoll (i) > 0.0,

1 ≤ i ≤ mcoll ,

(3.8)

where the function Dcoll (i) constitutes a minimum distance between two bodies or a penetration depth, if the two bodies intersect. The scalar mcoll is the number of body pairs in the
given problem.

3.2.3

Equality constraints

Additional equality constraints are required on the ﬁnal end-eﬀector position and orientation, in order for it to meet the target at some point on the trajectory. A distinction is
introduced between the static and the dynamic grasps.
Static grasp
In this case, the end-eﬀector arrives at the grasping point with zero end velocity and the
equality constraint is formulated as follows:
r e (tf , p) − r target (tf ) = 0,

(3.9)

φ e (tf , p) − φ target (tf )) = 0,

(3.10)

where r e is the end-eﬀector position vector, computed at the ﬁnal time tf = p(N ), r target is
the given target position vector at the ﬁnal time, φ e are the two angles which describe the
direction of the -z axis of the end-eﬀector (see Fig. 4.1) and φ target are the two angles which
describe the direction of the target velocity vector, also computed at the ﬁnal time. These
constraints are nonlinear in the parameters p and reduce the open DoFs from 7 to 2.
Dynamic grasp
In this case, in order to reduce the impact with the target, the end-eﬀector is moving in the
same direction as the target. This eﬀect can be achieved by imposing extra equality constraints
on the end-eﬀector position and orientation, of the type expressed in Eqs. (3.9),(3.10). The
ﬁrst constraint was imposed at a time tmid = tf − ∆t, for ∆t < tf as
r e (tmid , p) − r target (tinterceptTarget ) = 0,

(3.11)

θ e (tmid , p) − φ target (tinterceptTarget ) = 0.

(3.12)
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The value of r target and φ target in Eqs. (3.11), (3.12) is taken at a time tinterceptTarget =
tf − kmid ∆t, for kmid < 1. Note that the robot is often not able to travel as fast as the target
due to joint velocity limits. The second set of equality constraints was imposed at a time
tmid 2 = tf − ∆t/2, half way between the ﬁrst extra constraint and the ﬁnal constraint points.

3.3

Efficient motion planning in real-time

In this section the methods to solve the optimization and the learning problems described
above are addressed.

3.3.1

Parameterization of the trajectories

Two parameterizations can be chosen for the joint states: a classical trapezoidal function
and an order-4 B-spline. Both are described below. The order-4 B-spline was chosen in
order to allow for smoothness up to the third derivative. The trapezoidal function was used
to provide further means of comparison between low and high dimensional parameterization
spaces.
Order 4 B-spline
We choose periodic uniform B-splines for their particularly compact matrix form. For NB
vertices, nseg = NB − 3 segments of length tseg = tf /(NB − 3) result. It follows that for
the internal time of the ith segment u(t) = t/tseg − (i − 1) tseg , such that 0 ≤ u < 1, the
computation of the uniform B-spline and derivatives is given by (as in [Rogers and Adams,
1990])




B
s (u)
 i 
 i 
B 
s˙ (u)  1
 i+1 
 i 
 for 1 ≤ i ≤ nseg ,

 = Cbs (u) A 
Bi+2 
s¨i (u)  6




...
Bi+3
si (u)

(3.13)

where Bi represents the ith vertex, A is a constant matrix and Cbs (u) the matrix of basis
functions. Furthermore, these matrices are invertible, so that they can be used to satisfy the
boundary conditions. These are given by

   

 
pθ tf
s0 (0)
θ in
sNB −3 (1)

   

 
s˙ (0)  0   ṡ

 
 0     NB −3 (1)   0 
(3.14)

 =  ,
,
=
s¨0 (0)  0   s̈N −3 (1)   0 

    B

 
...
...
pj tf
s NB −3 (1)
s0 (0)
pj 0
where pj 0 are the parameters for the jerk at time t = 0, pθ tf are the parameters for the
joint positions and pj tf are the parameters for the jerk at time t = tf . Note that of the
8 boundary conditions, 5 are predeﬁned, including zero velocities and accelerations. It was
chosen not to set the initial and ﬁnal jerk to zero, as it would signiﬁcantly reduce the family
of curves available to the optimization. As such, the number of optimization parameters is
Nopt = NB − 5.
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Classical trapezoidal velocity profile
The trapezoidal velocity proﬁle [Sciavicco and Siciliano, 1996], entails three phases: a
constant acceleration phase, a cruise velocity and constant deceleration phase. The ﬁrst and
last phases have the same time duration and the same gradient modulus, see Fig. (3.2).
Two parameters determine the proﬁle: t1 and xtf = x(tf ). It follows that t2 = tf − t1
and ẍ0 = −ẍ2 = (x0 − xtf )/(t21 − tf t1 ). Note that ẍ1 = 0. The computation of the proﬁle
is thus straightforward. The optimization problem contains 7 × 2 parameters for the n = 7
joint states and 1 parameter for the end time tf , in all Nopt =15 parameters.

3.3.2

Search for the global optimum

The optimization method presented in Section 3.2 is strongly limited by local mimima (see
Section 3.4.2 for examples). To overcome this problem, we run the optimization for a given
target trajectory for 100 times, using diﬀerent initial guesses for the starting parameters,
chosen with the following procedure: a robot conﬁguration θ is deﬁned randomly, within the
range of allowed values; a trajectory is determined as a straight line between the given initial
and the randomly deﬁned conﬁguration, by algebraic computations of the B-spline parameters; these latter parameters are taken as initial guess. Subsequently, the starting parameters
which yield the best optimization result of the 100 trials is taken as global optimium.

3.3.3

Offline method for the local constrained optimization problem

The optimization problem described above is solved as a nonlinear programming problem
(NPL), by satisfying the equality and inequality constraints at a ﬁnite number of k via points.
The proposed optimization method is based on direct single shooting, with parameterization
of the system independent states in time, as for e.g. in [Park, 2004], i.e., θ = θ(t, p) with
p ⊆ ℜNopt , for Nopt optimization parameters, as described in Section 3.3.1. The control forces
are then computed from the state transition Eq. (5.3). The NPL is solved with a Sequential
Quadratic Programming algorithm from the MOPS library [Joos, 2008].
To compute the penetration depth between two bodies, the ODE library was used. The
library allows representing objects as boxes or capsules. Each pair of intersecting objects is
treated separately and penetration depth can be evaluated for each pair straightforwardly.

3.3.4

Efficient initialization of the local planner

The optimization method presented in Section 3.3.3 cannot be used on-line, since it takes
a prohibitively long time to converge (only 60 milliseconds are available on-line for the computation) and is likely to get stuck into local minima. It is therefore paramount to choose a good
initial guess of the Nopt parameter values depending on the estimated velocity of the moving
object, and to do it quickly. In order to do that, we generate oﬄine a set of (initial velocity,
parameter values) pairs that we use as a training set; several machine learning regression
methods are then compared in order to determine a map from the estimated velocity to the
optimization parameters: k-Nearest Neighbours (k-NN) with k = 1, 2, 3, 41 , Support Vector
Machines (SVM) and Gaussian Process Regression (GPR). The input space has dimension
3 (the estimated values of the object velocity) and the output space is Nopt , the number of
parameters.
1

We initially determined that no relevant advantage was obtained with k > 4.
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k-Nearest Neighbour Regression
A k-NN [Cover and Hart, 1967] is a simple local linear approximator of a function given
a set of known (sample,target) pairs (the training set):
k-NN(x) =

X

αi ti

i∈Ix

where Ix is the set of the indices of the k xi s which have minimum Euclidean distance from
x in the chosen training set, ti is the target value associated to xi and, in our case,
αi = P

||x − xi ||−2
.
−2
i∈Ix ||x − xi ||

(This particular choice of the αi s is called Inverse-distance-weighted k-NN.) Notice that 1-NN
is equivalent to a look-up table, that is, probably the simplest way of solving this problem.
Support Vector Regression
Support Vector Regression [Boser et al., 1992, Smola and Schölkopf, 2004] builds a map
between an input space and an output space as a weigthed sum of basic functions induced by
the a-priori choice of a kernel. In our case we have chosen, as is rather customary, a Gaussian
kernel, so that the solution to the problem is

SVM(x) =

NX
SVM

αi G(xi , σ)

i=1

where NSVM is the number of samples in the training set, G(µ, σ) is a Gaussian function
with mean value µ and covariance σ2, and the αi s are determined by solving a regularised
quadratic optimization problem in which a quantity called C must be ﬁxed a priori. C, σ
have been found in an initial round of experiments via cross-validation and grid-search.
Gaussian Process Regression
Gaussian Process Regression [Rasmussen and Williams, 2006] is also a probabilistic
method to approximate a functional mapping. To predict a point x∗ we evaluate the conditional mean of a Gaussian process model, given by
f¯(x∗ ) = k∗ T (K + σn 2I)−1 y = k∗ T α ,

(3.15)

where k∗ is a kernel vector evaluated on the query point and training inputs, K is the kernel
matrix, y is the target vector and σn 2 is the noise variance. The open parameters of a
GP model are optimized using the available data. To make GPR feasible for a real-time
application, we compute the prediction vector α oﬀ-line (this includes an expensive matrix
inversion) and then during prediction only the covariance vector k∗ with the pre-computed
α is evaluated.

51

3.4. Analysis of the results

3

Velocity [rad/sec]

θ1

B−spline N=43 − Γenergy = 0.142 J

2.5

Trapezoidal

θ2

− Γenergy = 0.275 J

θ3

2

θ4

1.5

θ5

1

θ7

θ6

0.5
0
−0.5
−1
−1.5
−2

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Time [sec]

Figure 3.2: Robot joint velocity profiles for a static catch: B-spline (solid/dashdot) and trapezoidal
(dashed/dashdot) profiles shown. Velocity limit shown for the 6th and 7th joints. A comparison between the cost obtained with the two trajectory parameterizations is also given.

3.3.5

Real-time implementation

In the real-time setting, an initial guess for the optimized robot trajectory parameters is
ﬁrst computed for the target trajectory at hand, by means of the chosen learning method
(bewteen those described in Section 3.3.4). Subsequently, based on this initial guess, the
motion planner is run on-line to compute a successful robot trajectory. For this on-line
version of the motion planner, no cost function is optimized, and the number of via points
is greatly reduced, such that the computational time for its execution is suﬃciently short.
The on-line planner however still satisﬁes the equality and inequality constraints deﬁned in
Sections 3.2.2 and 3.2.3, thus adjusting any small discrepancy between the trajectory which
results from the initial guess and the desired trajectory.
The issue of collision avoidance in real-time was however not addressed here. It may be
assumed that training points representing collision-free solutions would be generated with
conservative sizes of the representative polytopes in the problem at hand. This way, the
likelihood of a collision occurring due to on-line trajectory corrections is minimal and the
resulting inequality constraints may well be handled in a suﬃcient computational run time (a
collision detection function call was measured to last 8e10−7 seconds). In order to investigate
this issue a relevant set of training data must be generated for a case with potential collisions,
e.g. with an obstacle in the workspace.

3.4

Analysis of the results

The proposed method is applied in simulation for the ball catching scenario, shown in
Fig. 4.1. Following are detailed examples to demonstrate its eﬀectiveness.

3.4.1

Catching a flying target: static and dynamic catch

As also hinted by the theory (see [Sciavicco and Siciliano, 1996]), the best energy optimal
solutions were found to be those with non-zero accelerations at the boundaries. We however
chose to set them to zero, to avoid large jerk values.
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Figure 3.3: Example of a dynamic catch. Top: end-effector (solid blue) and target (dotted red) trajectories; four equal time intervals shown (tb1 = te1 , ...). Bottom: Robot joint velocity profiles
with saturation limits at ± 1.75 rad/sec. and same four time intervals shown (t1 = te1 , ...).

When comparing the cost Γenergy , deﬁned in Eq. (4.13), for diﬀerent number of parameters
Nopt , very little improvement could be found. Parameterizations with Nopt =43, 71 and 141
were compared, resulting in 6, 10 and 20 parameters per state respectively. A sensible number
for Nopt was then taken to be 43. A comparison with the trapezoidal parameterization reveals
that, for the cost function Γenergy , the loss can be very pronounced: for the example in Fig. 3.2
the diﬀerence was found to be 48%.
For the oﬀ-line computations, the number of via points was set to k = 500. All runs were
ﬁrst performed with an accuracy of 10−8 and in a second iteration with accuracy 10−12 (a
ﬁrst iteration is completed when the optimization is run once with a given initial guess; a
second iteration is a new run of the optimization with the initial guess given by the result of
the ﬁrst iteration). No more than two iterations were performed.
In the solutions for the static grasp, one can distinctively see that the velocity constraints
play an important role. For example, in Fig. 3.2, the bottom curve evidently meets a constraint at -1.75 rad/sec. Solutions often resemble the parabolic proﬁle described by the
theory [Sciavicco and Siciliano, 1996]. However, due to the inequality constraints and the
complex nonlinear robot kinematics, the parabolic proﬁles are often distorted and sometimes
not even recognizable.
The implementation of the collision avoidance was applied to the self-collision of the
robot and to the collision with an obstacle in the robot workspace. The resulting number
of body pairs was optimized to mcoll = 16 for the eight bodies. However self-collision was
found to never occur, after the minimization of the cost function and for the given initial
conﬁguration. When introducing the obstacle of dimensions [0.2, 0.2, 4] meters at a position
xobst = (1.6, −1.1, 0), giving rise to collisions, the planner successfully found collision-free
trajectories, while minimizing the energy cost function. In doing so, the capsule representing the end-eﬀector and the box representing the obstacle may be in contact, but without
overlapping, for a substantial portion of the motion.
Fig. 3.2 shows an example of a static grasp, for which the velocity at the time t = tf ,
when the end-eﬀector meets the target, is zero. Fig. 3.3 instead shown an example in which
the robot meets the target with a non-zero velocity. The value of the parameters deﬁned in
Section 3.2.3 was chosen by manual tuning to be ∆t = 0.45 and kmid = 0.08 respectively.
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Figure 3.4: Histograms showing the found solutions for two examples of a static catch, attempted each
100 times with a random bounded initial guess: the different found solutions show the
presence of local minima.
Table 3.1: Two end configurations for a static catch example showing two local minima

θ(tf ) [deg]

Γ[J]

-129

-24

152

-21

33

47

131

0.14

-56

93

68

59

-81

38

72

0.44

The velocity of the end-eﬀector between times te1 and tf is 5% of the target velocity. The
reduction of the impact with the target was however strongly limited by the joint velocity
constraints, which can be seen in the bottom graph to be met for most of the motion. In the
top ﬁgure, tb3 is approximately coincident with tmid .

3.4.2

Global optimality of solutions

Fig. 3.4 shows two typical histograms, for two example static catching problems. We
repeated the runs 100 times for each problem, as described in Section 3.3.2. The histograms
include all the successful runs, for which all equality and inequality constraints were satisﬁed.
It is evident that local minima exist, as shown by the diﬀerent found solutions in each problem.
Also note that in both cases, only a small percentage of the 100 runs converged to a solution,
which gives clear evidence of the strong dependence of the convergence on a good initial guess
(for the dynamic catch this dependence is expected to be even stronger).
After inspection, it was found that the highly nonlinear robot kinematics is likely to cause
the local minima, which can be distinguished clearly due to their diﬀerent ﬁnal conﬁgurations.
As an example, two end conﬁgurations for the top case of Fig. 3.4 are shown in table 3.1.

3.4.3

Comparing machine learning methods

A training data set was ﬁrst generated for the static catch problem with the B-splines
parameterization. The three target velocity vector components were ﬁrst sampled at regular
intervals from a range of values for which catching solutions may exist. For each point, the
global optimum was sought, as described in Section 3.3.2, to produce a ﬁrst coarse grid.
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The boundaries of this grid were then expanded until no more solutions were found. More
mid-points of the grid were then also computed with the initial guess taken from the coarse
grid, to produce a ﬁner grid, of suﬃcient ﬁneness for the subsequent learning process. The
resulting data set contains 1825 (sample, target) pairs, with a spacing in the target velocity
space of [0.17,0.25,0.125] m/s in the range [-2,-6],[2,5],[2.5,5.5] m/s.
The total computation time of the data set on an Intel Xeon CPU W3520 2.67GHz machine
is in the order of magnitude of 100 hours, which makes it unfeasible for online optimization.
It is also desirable to ﬁnd a method which works with fewer samples, at the same time keeping
a reasonable error rate. In order to analyze this trade-oﬀ each method described in Section
3.3.4 is trained on 5 sets consisting of 900, 700, 500, 300, 100 pairs drawn from the original
dataset, chosen in order to be geometrically uniformly spaced. Each method is then tested
on the samples not used for training.
Figure 3.5 shows the results. The chosen error measure is the ratio of the Mean-SquaredError obtained for each testing set and the variance of the target trajectory parameter values
for the same test set.
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Figure 3.5: Comparison of Machine Learning methods for training sets of decreasing size.

First of all, by considering all panels together, one can see that the error rates are similar inter-joint. For example, the joint parameters 31 − 36, corresponding to joint #6, are
consistently harder to guess than, say, parameters 25 − 30, corresponding to joint #5. This
diversity depends on the setup and the geometry of the catching movement. Secondly, notice
that 1-NN consistently shows a worse error rate than all other methods. Evidently, something
slightly more complex than a simple look-up table is required, if smaller training sets want
to be used. Overall, GPR is the best method in most cases, and it is so consistently across
datasets for joints #2 (parameters 7-13), #4 (parameters 19-25) and #7 (parameters 37-42).

3.4.4

Real-time implementation

Lastly, we implemented the methods described above in the real-time simulation environment, for a more thorough evaluation. (We also show the performance obtained by each
method trained on the full data set of 1825 samples; this could not be done in the previous
Section since no testing set is available in this case.) For each method, we ﬁrstly considered
the optimizer convergence success rate (solved NPL problems / total trials), randomly choosing 900 target velocities within the feasible range. Essentially all methods performed equally
well, with success rates between 95% and 98%. Surprisingly, decreasing the training set size
does not aﬀect this performance index, indicating that a relatively large error in prediction is
tolerated.
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Table 3.2: Average cost increase (%) w.r.t. global minimum cost for each method and training set size.

98

302

504

700

900

1825

1-NN

187

113

112

103

93

46

2-NN

118

57

56

71

63

29

3-NN

105

55

52

58

53

23

4-NN

99

50

41

57

46

26

SVM

92

51

41

36

30

21

GPR

94

36

33

21

19

11

Table 3.3: Runs below 60ms (%) for each method and training set size.

98

302

504

700

900

1825

1-NN

91

95

94

94

95

96

2-NN

93

94

95

94

96

94

3-NN

94

95

95

95

96

95

4-NN

93

96

95

95

96

96

SVM

93

94

94

95

95

95

GPR

93

94

93

90

89

31

A rather diﬀerent scenario appears when we turn to stricter performance measures. Tables 3.2 and 3.3 show, in turn, the average percentual cost increase with respect to the average
global minimum cost, and the percentage of runs below 60ms (again, 900 random target velocity values were generated). Note that the number of via points was set to k = 10 and the
optimization accuracy to 10−3 . Also note that these run times are suﬃcient to accommodate
for multiple corrections of the target trajectory, which may arise from new updates of the
vision system (as done in [Bäuml et al., 2010]). This was veriﬁed in the LBR ball-catching
simulation environment.
Consider Table 3.2: clearly, as the training set is reduced, the energy consumption increases; also, k-NN perform better as k is increased; SVM is better and GPR is the best. If
the main requirement is to spare energy then, GPR should be used since it will increase the
energy consumption only by 11% with 1825 samples. When the training set is reduced to 98
samples though, their performance becomes similar to that of SVM.
Consider now Table 3.3: all methods keep the required time at an acceptably low value.
Here however, GPR suﬀers from a decrease in performance as the training set becomes larger,
keeping the pace in only 31% of the cases when the set is full (1825 samples).

3.5

Discussion and conclusion

In this section the results of this work are brieﬂy discuss and ﬁnal conclusions are given.
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Discussion

From the results presented in tables 3.2 and 3.3 it is evident that for the on-line implementation a trade-oﬀ needs to be made between average cost increase, computational time and
number of training points. Particularly for the ball catching task and with the LBR robot
(and its joint velocity limits), the computational time sets a hard constraint which must be
fulﬁlled at the expense of average loss in cost function. Noticeable improvement with respect
to a 1 -NN with 1825 training points can be seen, for e.g., with a 4-NN and 500 points or
a GPR and 300 points. The GPR also gives the best performance in terms of parameter
prediction and cost increase, but at a higher computational cost. This problem is however
only critical for tasks for which the computational time is very limited. The method may
turn ideal for tasks which allow more computational time during real-time performance, for
which some degree of on-line optimization may even be possible.
The authors are aware of the fact that the presence of nondiﬀentiable points in the penetration depth function, may give rise to numerical problems for the gradient-based optimization,
which requires C2 smooth objective and constraint functions in order to converge. However,
the results of a preliminary analysis found by the authors in implementing the ODE collision
detection function (as described in section 3.2.2) to a multitude of test cases with static obstacles in 2D, were positive. More mathematically sound methods can be found in the literature
(see [Ong and Gilbert, 1998], [Escande et al., 2007]). Particularly in [Escande et al., 2007],
this problem is partially solved by introducing a method to generate strictly convex hulls,
for which the discontinuities only remain for the case of deep penetrations. Note however,
that we have used here the ’capsule’ polytope from the ODE library, which also happens
to be strictly convex. We also only compute penetration depths and not distances (without
penetration).
As described in Section 4.3.5, further work will aim at establishing the speed of convergence
of the on-line motion planner in the presence of collisions. If this will introduce a critical time
factor, the size of the representative polytopes will need to be made more conservative, clearly
at the loss of the cost function optimization (e.g., in order to avoid collision, the ball will be
caught at a less optimal point of its trajectory).

3.5.2

Conclusion

The problem of catching a small ﬂying object was addressed using a nonlinear optimization
framework. A suitable parameterization was implemented with B-splines and a comparison
made to a more simple trapezoidal function. Evidence was given that much more eﬃcient
solutions can be found with the former. The capability of handling collision avoidance constraints was also demonstrated for the oﬀ-line generation of optimal solutions. Subsequently,
a methodology was described for searching global solutions, thus overcoming the problem of
local minima.
Finally diﬀerent methods to provide the computationally expensive optimal solutions online were applied to the ball-catching problem in simulation. Due to the hard constraint on
the ﬁnal time, it was found that some performance in the accuracy of the prediction has to be
sacriﬁced. A substantial improvement with respect to a look-up table approach was shown.
The presented method clearly has the limitation of working for a ﬁxed initial robot conﬁguration and a ﬁxed starting point of the target trajectory. Furthermore, grasping of larger
targets, for which the rotational motion is also important, will necessarily require six pa-
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rameters rather than three to represent their trajectories. Future work will concentrate on
these diﬃcult issues. However, for the relatively simple addressed problem, it was shown
that the solutions computed with nonlinear optimization can be used on-line, to a noticeable
advantage of the here arbitrarily chosen cost function.

CHAPTER

FOUR
Generating feasible trajectories for capture of
spinning debris in a useful time

4.1

Introduction

The advent of the use of robots for the removal of space debris in Earth orbit may be very
close. A missing step in the methodology available for autonomously grasping and stabilizing
a non-cooperative tumbling debris object (or Target), like an uncontrolled satellite or the
upper stage of a launcher, by means of a free-ﬂying robot, is that of being able to generate a
feasible robot reference trajectory, for any typical geometry and motion of the debris object
and in a useful time. This chapter presents an analysis of the implementation of a grasping
control method, ﬁrst described in [Lampariello, 2010] and extended here, with focus on its
success rate for providing feasible trajectories in a useful time, where classical local feedback
control methods could fail.
The grasping problem of interest here was treated in [Lampariello, 2010] as a trajectory
planning problem (open loop control), and was solved with gradient-based nonlinear optimization. The related Target motion prediction and robot tracking control tasks, which support
the open loop control approach, were partly addressed in [Hillenbrand and Lampariello, 2005]
and [Abiko et al., 2006] respectively. The planning task at hand results in a highly nonlinear,
constrained optimization problem, to account for the typical robot position and velocity box
constraints, but also for collision avoidance, which is particularly important due to the possible presence of appendages (solar panels, antennas, etc.) on the debris object. Furthermore,
the tumbling motion of the debris object gives rise to a timing issue, due to the fact that a
given grasping point on it will appear in front of the robot at irregular time intervals and in
diﬀerent positions and orientations relative to it. Last but not least, the argued necessity for
a communication link to ground during the execution of the grasping maneuver may provide
a limited operational window for its execution. It is argued here that local control methods [Yoshida et al., 2006] [Aghili, 2008] may fail in these conditions, if they do not make use
of a feasible reference trajectory.
A well known consequence of the presence of nonlinear constraints is that the motion
planner developed in [Lampariello, 2010] might fall into a local minimum, or not converge to
a solution at all, for a given task, without a judiciously deﬁned initial guess for its parameters.
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The free-ﬂying dynamics of the robot, as well as the orbital scenario, present further diﬃculties
for executing the motion planning task, with respect to a ﬁxed-base robot task on ground
(see for example [Lampariello et al., 2011]), which are described here.
In this chapter a method is developed to provide a good initial guess for the motion
planner. A suitable mapping is formulated between a four-dimensional input space, which
characterizes the Target spinning motion (spinning is considered here for simplicity, although
it is argued that the method can be extended to the general tumbling case), and an Ndimensional output space, which represents the family of time-parameterized optimal robot
trajectories (N is practically the number of optimization parameters for each of two motion
planning subproblems). A look-up table is constructed, with aid of a global search, for a
sample range of spinning motions. For this, an extended version of the trajectory planning
method presented in [Lampariello, 2010] is used.
The generated look-up table is then used to perform a statistical analysis of the success
rate of the motion planner, assumed to be implemented in a realistic scenario, by providing
an initial guess for a set of arbitrary spinning states of the given Target. Simulation results
are obtained for a scenario in which the Target has two solar panels (see Fig. 4.1).
The chapter is then structured as follows: a bibliography is ﬁrst provided in subsection 4.1.1 and a problem statement is presented in subsection 4.1.2. Section 4.2 describes the
constrained optimization problem. Section 4.3 addresses the generation of trajectories in a
useful time. Section 4.4 analyses the simulation results and section 4.5 draws the conclusions.

Figure 4.1: Orbital scenario: Servicer satellite with 7 DOF manipulator and Target satellite with solar
panels. Orbital coordinate system shown: x = V-bar (red); y = out of orbital plane (green);
z = -ve R-bar (blue - not visible in figure). One grasping point coordinate system on Target
ring structure shown.

4.1.1

Related work

A great deal of the work to be found in the literature on the space robot grasping task,
which covers a time span of over 15 years, is based on nonlinear feedback control [Papadopou-
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los and Moosavian, 1994] [Yoshida et al., 2006], optimal control [Aghili, 2008][Aghili, 2008]
or model predictive control [Henshaw, 2005]. All these approaches however, do not guarantee
a feasible trajectory and require operator intervention. It is in fact evident that there is no
simple measure to determine if and when the grasping point will be reachable from the current
conﬁguration (see Fig. 4.1) and whether the trajectory which derives from a local control law
will be feasible at all times (accounting for collision avoidance with appendages, kinematic
and dynamic singularities, sustainability of necessary robot forces during the stabilization
phase which follows grasping, other motion constraints). These methods also do not provide
any information on the necessary time synchronization between the motion of the grasping
point on the Target and that of the robot. Furthermore, since the methods are local, the
nonlinear nature of the robot kinematics is not exploited to favor a successful grasp.
In [Lampariello et al., 2011] the optimal motion planning problem for a catching task
with a ﬁxed-base redundant manipulator on ground is addressed, while treating the real-time
implementation and the local minima issues. Diﬀerent learning methods are implemented to
map a three-dimensional input space, which represents the Target trajectory (e.g. a ball),
and the N-dimensional parameter space of global optimal robot trajectories.
Motion planning for free-ﬂying robots with collision avoidance is treated in [Jacobsen et al.,
2002], where the trajectory generation of the approach phase is addressed, while treating the
chaser satellite with robot as a point mass and the target as a rotating rigid body with a large
span (to account for the solar panels). It is argued that the major danger is the potential of
collision between the satellite and the robot. Optimization is used to ﬁnd safe kinematical
trajectories, while optimizing a safety metric, based on the ”time to collision” in case of
robot control failure, as well as fuel expenditure and time. The problem of local minima is
recognized but not treated.

4.1.2

Problem statement

The grasping and stabilization task may be described as follows:
• the Servicer satellite is at ﬁrst in its initial position, called the Observation Point;
• the Servicer satellite then approaches its grasping position, called Mating Point, by
means of its actuation;
• the robot manipulator on the Servicer then performs a maneuver to bring its end-eﬀector
in a vicinity of the grasping point on the tumbling Target;
• the robot end-eﬀector tracks the grasping point for a few seconds with subsequent
homing-in and closing of the grasp;
• the relative motion between the Servicer and the Target is stabilized with the robot;
• ﬁnally, the motion of the Servicer-Target compound is stabilized by means of the Servicer
actuators.
Note that the Servicer is only actuated in the ﬁrst approach and in the last compound
stabilization steps.
We are interested here in considering the scenario shown in Fig. 4.1. This is because
we want to address typical targets in Low Earth Orbit (orbital period 1,5 hours), for which
solar panels may be present, but are generally relatively small (1 or 2 meters). The robot
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manipulator is assumed to have 7 DOF and the mass ratio between Servicer and robot is
taken to be signiﬁcantly small, such that a ﬁxed-base robot control method would generally
fail.
We will assume that the tumbling Target presents only one useful grasping point, for the
purpose of our analysis. In fact, ﬁnding a suitable structure to grasp is a recognized problem
(see [De Peuter et al., 1994]). A suitable position of the Servicer relative to the Target and
a suitable robot trajectory are therefore of primary importance for a successful, collision-free
operation.
It is also assumed that the grasping point is predeﬁned by an operator, to relax the degree
of autonomy of the proposed method. The choice is dictated by the geometry of the point to
be grasped, as well as its favorable location of the Target. If a model of the Target is not given,
a communication link to ground will therefore be necessary during the grasping operation,
to allow for the operator to deﬁne the grasping point. A communication link is however also
necessary to upload the reference trajectory to the robot, which must be computed on ground
due to the limited computational power on board, and because it is useful to supervise the
grasping operation.
Two operating conditions for communication to ground are possible: in the ﬁrst, the
communication link takes place through a relay satellite in Geostationary Earth Orbit; in
the second, communication takes place through a direct link to ground. While in the ﬁrst
case, a link can be assumed possible for at least a half-orbital period, for the second the
time-of-contact has a duration of approximately ten minutes. We will assume the latter as
the operating condition here.
The tumbling motion is assumed to be constrained to a ﬂat spin, for which the angular
velocity is directed about an inertially ﬁxed rotation axis which also coincides with the major
axis of inertia of the Target, and limited between +/- 4 deg./sec.. Its orientation however is
assumed to be general. The ﬂat spin motion is motivated by the well-known energy dissipation
property of ﬂexible appendages.
The Target trajectory, meaning the translational motion of its center of mass and the
rotational motion about it, is assumed to be determined by a motion prediction algorithm
(e.g., [Hillenbrand and Lampariello, 2005]). This algorithm must also run on ground, due
to its computational burden, and requires a motion estimate of the Target motion, which
in turn is based on real-time visual data (from stereo camera or LIDAR) of the Targer. A
motion planning solution should be delivered by the motion planner within a fraction of the
total motion prediction time (in [Hillenbrand and Lampariello, 2005] the latter was assumed
to be 100 seconds). In this way, the maneuver can be executed within the remaining motion
prediction time, thus guaranteeing its feasibility. The notion of ”useful time” used here refers
to this fact, to also allow for a synchronized execution.

4.2

Formulation of the contrained optimization problem

In this Section the optimization problem which results from the problem formulation
described in Section 4.1.2 is addressed.

4.2.1

Dealing with the short communication time

The operational condition of a limited communication time, added to a general orientation
of the spinning Target and a single grasping point on it, led to the idea of developing a strategy
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Figure 4.2: Trajectory of grasping point shown in Fig. 4.1 for initial angular velocity [-2 -4 -2] deg/sec
and communication link coverage for half-orbit period (blue line) and 8 minutes (red line).
Predefined hemisphere subregion shown (in cyan). Reference frame directed as in Fig. 4.1,
center of mass of Target in coordinate frame origin.

after which a feasible trajectory to any possible Cartesian position of the grasping point,
within a predeﬁned suitable subregion of space which may be spun by it, can be obtained in
a useful time. In fact, since the orientation of the Target is initially unknown and is general,
nothing can be said a priori about the region which the grasping point will span in a single
communication window (this issue is addressed in some detail in [Lampariello, 2013]). This
way, as long as the grasping point crosses the chosen subregion within the communication
window, a feasible solution, if physically possible, is guaranteed.
We conﬁne the subregion of interest in which favorable locations of the grasping point
may occur to a hemisphere, the plane of which is orthogonal to the line connecting the two
satellites, as shown in Fig. 4.2. This idea derives from the simple fact that the Servicer
will approach the Target from some direction (generally V-bar or R-bar, deﬁned in Fig. 4.1.
Note that V-bar and R-bar are in the direction of ﬂight and in the orbital radius directions
respectively) and will therefore have a limited reaching capability. The ﬁgure also shows
an example of the curves which a grasping point will trace onto this hemisphere, as the
Target tumbles, for a given initial angular velocity and for the two diﬀerent communication
operational conditions. It is important to note that the traces shown are those for one given
orientation of the assumed constant angular momentum vector of the Target. Therefore for
an arbitrary orientation of the angular momentum, the same traces will result to be rotated
about the origin accordingly.

4.2.2

Free-flying robot motion planning problem

Given the strategy chosen in Section 4.2.1, we want to now deﬁne the optimization problem
at hand in more detail. The problem is similar to the one tackled in [Lampariello, 2010], the
salient features of which are reported here, however with some modiﬁcations.
The problem is divided into two subproblems: ﬁrst the approach and tracking with grasping and second, the stabilization (equivalent to bullets two to four and to bullet ﬁve in the
task description provided in Section 4.1.2 respectively).
In the ﬁrst subproblem, a point-to-point task is ﬁrst solved, to bring the robot end-eﬀector
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in the vicinity of the grasping point on the Target. This is followed by a short tracking of the
grasping point, while homing in of the end-eﬀector onto it, and ﬁnally closing the grasp.
Mathematically, the optimization problem for the robot approach phase (denoted with
the upper superscript 1) can be written as follows:
min

t01 ,tf 1 ,θb 1 (t01 ),θ m 1 (t)

Γ1 (t01 , tf 1 , θ b 1 (t01 ), θ m 1 (t))

(4.1)

subject to
M(θ 1 ) θ̈ 1 (t) + c(θ 1 , θ̇ 1 ) θ̇ 1 (t) = τ 1

(4.2)

h1 (θ 1 (t)) ≤ 0

(4.3)

h1 coll (θ 1 (t)) ≤ 0

(4.4)

g1 (re (t01 + tf 1 )) = 0

(4.5)

θ 1 (t01 ) = θ 1in , θ̇ 1 (t01 ) = 0, θ̇ 1 (t01 + tf 1 ) = 0

(4.6)

for t01 ≤ t ≤ t01 + tf 1 and where θ = [θ Tb θ Tm ]T expresses the degrees of freedom of the
system, including those of the Servicer with subscript b and those of the robot manipulator
with subscript m. Furthermore, t01 is an initial time, tf 1 is a predeﬁned relative ﬁnal time
(added to t01 ), Γ1 is a predeﬁned cost function, h1 are inequality box constraints of type
xmin ≤ x(t) ≤ xmax , for x = {θ 1 , θ̇ 1 } and h1 coll are collision avoidance constraints. Note
that the constraints on the robot joint positions are purposely reduced to 75% of their true
values, in order to leave some margin for the stabilization task. Those on the velocities help
to ensure that the solutions are free of singularities. To compute collision detections and
to formulate the collision avoidance problem, bodies in the scene are represented as convex
polytopes [Lampariello, 2010]. The relative inequality constraints then consist in ensuring
that the penetration depth between the polytopes is always zero.
Functions g1 (re (t01 + tf 1 )) are equality constraints on the ﬁnal end-eﬀector pose re (t01 +
tf 1 ) to be in a desired relative position and orientation with respect to the grasping point.
Diﬀerently as in [Lampariello, 2010], this equality constraint is relaxed here in one rotational
direction to an inequality constraint, to allow for a rotation of the end-eﬀector around the
ring structure of the Target. Finally (5.6) expresses boundary conditions on position (where
θ in is a predeﬁned feasible and singularity-free initial conﬁguration) and on velocity. More
will be said about boundary conditions on acceleration and jerk in Section 4.3.1.
In order to solve the problem posed by the strategy chosen in Section 4.2.1, the initial
time t01 is ﬁxed and the spinning motion of the Target is propagated in such a way that the
Cartesian position of the grasping point is the desired one at that same time. In order to
achieve this, the desired position of the grasping point is deﬁned by the ﬁrst two of the three
Cardan angles, φdes =[φ1 des φ2 des φ3 des ]T , which deﬁne the orientation of the Target with
respect to the inertial frame:
r GP I = A(φdes )r GP
(4.7)
where rGP are the coordinates of the grasping point in the Target body frame, A(φdes ) is the
transformation matrix between the Target body frame and the inertial frame, function of the
Cardan angles φdes , and r GP I is the desired Cartesian position of the grasping point in the
inertial frame. Note that this parameterization of the Target orientation is only used to span
the subregion of interest shown in Fig. 4.2 (quaternions are used to propagate its motion in
time). As such, parametric singularities do not pose any problem in this context.
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In order to guarantee a feasible solution, the Servicer maneuver which precedes the robot
approach maneuver, from the predeﬁned initial position (Observation Point) to the found
solution for the beginning of the robot approach maneuver (Mating Point), expressed by
θ b 1 (t01 ), is also subjected to velocity and collision avoidance constraints, expressed in (4.3)
and (4.4). Note that this feature was absent in [Lampariello, 2010]. Note also that θ b 1 (t01 )
only includes the two translational position components in the orbital plane, where it is
imposed that all other degrees of freedom remain ﬁxed during this maneuver [Lampariello,
2010].
The tracking phase consists of an inverse kinematics solution, which is dictated by the
motion of the Target and the time at which it begins [Lampariello, 2010]. Its duration is
deﬁned by a relative time tf 2 . The same motion constraints apply for this phase as for the
previous. In order to provide a reference ﬁnal conﬁguration for the following stabilization
phase, the tracking phase is propagated further than tf 2 , to tf 2+ , to the robot conﬁguration
θ m 2+ (t01 + tf 1 + tf 2+ ).
The stabilization phase requires bringing the robot joints velocity to zero, while ensuring
that the motion constraints are not violated:
min

tf 3 ,θm 3 (t)

Γ3 (tf 3 , θ m 3 (t))

(4.8)

subject to
θ(t0 3 ) = θ(t01 + tf 1 + tf 2 ), θ̇(t03 ) = θ̇(t01 + tf 1 + tf 2 )

(4.9)

θ m (t03 + tf 3 ) = θ m (t01 + tf 1 + tf 2+ ), θ̇ m (t03 + tf 3 ) = 0,

(4.10)

h3 (θ 3 (t)) ≤ 0

(4.11)

h3 coll (θ 3 (t)) ≤ 0

(4.12)

where Γ3 is a predeﬁned cost function. The inequality in (5.13) may here also express limits
on the forces on the robot gripper. The initial conditions in (5.11) express the dependency
on the ﬁnal conditions of the previous tracking phase.

4.2.3

Cost functions for the motion planning problem

Diﬀerent cost functions can be deﬁned for the approach phase, as for example the end
time [Aghili, 2008], or the robot manipulabitily [Lampariello, 2010], the distance from collisions [Jacobsen et al., 2002] [Lampariello, 2010], or the Servicer actuation energy [Lampariello,
2010]. The ﬁrst is however not relevant in the context of this work, due to the introduction of
a synchronization between the Target and the robot. The others either express an attempt to
maximize the success rate of the grasping maneuver or to perform a perhaps not indispensable
energy optimization.
A diﬀerent approach is developed here, after which the minimization of a cost function
for the task in question is of secondary importance, since it is really only important to have
a high success rate. Instead, the deﬁnition of a cost function, at least for the approach
phase, is here dictated by a necessity which results from the chosen method of solution for
the optimization problem at hand. In fact, given that the joint states are parameterized in
time (see Section 4.3.1) with a suﬃciently high number of parameters to ensure an eﬃcient
convergence rate of the optimizer (see Section 4.4), it is necessary to introduce a cost function
which provides physically sensible solutions (in practice, avoids unnecessarily high joint speeds

65

4.3. Trajectory planning in a useful time

and oscillations, which can easily result from a parameterization with a high number of
parameters). One way to do this is to choose the mechanical energy of the robot manipulator
as cost function:
Z
t01 +tf 1

Γenergy =

(τ T (t) θ̇(t))2 dt ,

(4.13)

t01

which represents the integral of the mechanical power of the robot joints. This cost function
is suﬃcient to regulate the robot motion solutions which result from the planner. Note that
at the same time, since the mechanical energy is minimized, and with it the joint velocities,
also the distance from a singularity, and as a result the manipulability, may indirectly be
maximized. Note also that extra equality constraints need to be introduced onto the Servicer
position, such that the latter remains ﬁxed in the origin of the orbital (inertial) frame. Without these extra constraints, solutions would otherwise be found for which the robot hardly
moves (i.e. Γenergy = 0) and the Servicer brings the end-eﬀector onto the grasping point. As
we will see later (see Section 4.3.5), a Servicer maneuver can still be utilized to reach any
Cartesian position of the grasping point on the Target which is not reachable without one.
In the process of planning such maneuver, the Servicer actuation energy can be optimized.
A second cost function is introduced here, related to the robot manipulability, which
penalizes joint positions which are closest to their limit values:
Γmargin =

DOF
X

−k θdelta i + (θ i − θmid i )

(4.14)

i=1

where θmid i and θdelta i are the middle and relative amplitude for the position of the ith joint
and k determines the threshold above which the positions are penalized. The terms in (4.14)
are set to zero if negative. Furthermore, only the maximum value for each joint throughout
the maneuver is taken for the cost computation. This cost function will be used to prioritize
the solutions resulting from the global search (see Section 4.3.2).
Regarding the cost function of the stabilization phase, this is of marginal importance. As
we will see, this phase is relatively straightforward.

4.3

Trajectory planning in a useful time

In this Section, the method of solution for the optimization problem at hand is ﬁrst
addressed. The method for generating a look-up table and its utilization in a real-time
scenario is then described.

4.3.1

Parameterization of the trajectories

The chosen parameterization for the joint states is an order-4 B-spline. This was chosen
in order to allow for smoothness up to the third derivative. Details of the B-spline implementation can be found in [Lampariello et al., 2011].
Important to note here is the particular choice of the boundary conditions. These were
already deﬁned for position and velocity in Section 4.2.2. It as also chosen here to set acceleration and jerk to zero at the boundaries, such as to minimize the number of optimization
parameters and therefore minimize the computational time of the optimizer.
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For the Servicer maneuver a trapezoidal function is used. Details of this may be found
in [Lampariello, 2013]. The resulting number of parameters is one per state, for given maximum spacecraft velocity and acceleration. As described in Section 4.2.2, only two translational
states are used for the maneuver.
The resulting number of parameters for the ﬁrst subproblem, i.e. the approach, is N,
where: N-3 parameters belong to the parameterization of the B-splines ((N-3)/7 per joint),
two parameters belong to the parameterization of the Servicer maneuver and one further parameter is introduced to represent the time along the Target trajectory at which the grasping
takes place. This last parameter dictates the position of the Target grasping point at time
t01 + tf 1 + tf 2 , in function of the given Target dynamics.
Note that for the second subproblem, the stabilization, the last three parameters are
irrelevant and are therefore not included.

4.3.2

Global search

Given the highly nonlinear nature of the optimization problem at hand, local minima are
present as well as multiple solutions, of any given problem. As such, we run the optimization
for a given grasping point position and spin velocity 100 times, using diﬀerent initial guesses
for the starting parameters, chosen with the following procedure: a robot conﬁguration θ m
is deﬁned randomly, within the range of allowed values; a trajectory is determined as a
straight line between the given initial and the randomly deﬁned conﬁguration, by algebraic
computations of the B-spline parameters; these latter parameters are taken as initial guess
for the robot states. For the two Servicer variable position states, random values are chosen
between predeﬁned maximum and minimum values. Subsequently, the starting parameters
which yield the best optimization result of the 100 trials, in terms of the cost function Γmargin ,
are taken as global optimium.

4.3.3

Offline method for local optimization problem

The optimization problem described above is solved as a nonlinear programming problem
(NPL), by satisfying the equality and inequality constraints at a ﬁnite number of k via points.
The proposed optimization method is based on direct single shooting, with parameterization
of the system independent states in time, as done for e.g. in [Park and Bobrow, 2002b],
i.e., θ = θ(t, p), where p is a column matrix containing N-3 optimization parameters, as
described in Section 4.3.1. For the approach and for the stabilization problems described in
Section 4.2.2, two parameter sets p1 and p3 result. The system dependent states and input
forces are then computed from the integration of the state transition equations [Lampariello, 2010]. Note that due to the possibility of relatively large joint velocities arising from the
chosen parameterization, care needs to be taken to ensure that the integration accuracy is sufﬁciently high, such that the momentum of the free-ﬂoating system throughout the integration
is constant (if not, signiﬁcant errors in the end-eﬀector position result). The NPL is solved
with the Sequential Quadratic Programming algorithm from the MOPS library [Joos, 2007].
The numerical integration is performed with an explicit ﬁfth order Runge-Kutta method,
with step size control (DOPRI5).
To compute the penetration depth between two bodies, the ODE library is used. The
library allows representing objects as boxes or capsules. Each pair of intersecting objects is
treated separately and penetration depth can be evaluated for each pair straightforwardly.
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Efficient initialization of the local planner

To provide a good initial guess for the trajectory planning problem in a real-time scenario,
in which the grasping point follows a trajectory provided by a motion prediction algorithm, the
solutions of the global search are used in a form of a look-up table (ﬁrst-order Nearest neighbor
(NN)). The spinning motion of the predeﬁned grasping point on the Target is parameterized
with four parameters, which include three parameters of the satellite orientation (the Cardan
angles φdes deﬁned in Section 4.2.2) and one for the spin component of its angular velocity
(note that a ﬂat spin is always directed about the major axis of inertia). Note that we are
only interested in the satellite orientation parameters which result in the region of interest
shown in Fig. 4.2. By setting up a grid for these, a global search is performed for each grid
point and the resulting parameter sets p1 and p3 stored in it. A mapping between the four
input parameters and the N output parameters results at the grid points, for the complete
grasping task. This grid needs to be computed only once, for a given target geometric model,
and is computed oﬀ-line, therefore not aﬀecting the autonomous character of the proposed
grasping strategy.

4.3.5

Real-time implementation

In the real-time setting, it is assumed that a prediction of the Target motion is available.
For a given set of the four input parameters which describe the Target trajectory, a simple
Euclidean metric is used to identify the closest point in the look-up table. This point is
used to deﬁne the initial guess for the optimizer. Subsequently, based on this initial guess,
the motion planner is run on-line to compute a successful robot trajectory. For this on-line
version of the motion planner the accuracy of the optimizer is reduced, in order to minimize
its computational time. The on-line planner however still satisﬁes the equality and inequality
constraints deﬁned in Section 4.2.2, therefore adjusting the discrepancy between the trajectory
which results from the initial guess and the desired trajectory.
If the Target trajectory does not cross the subspace represented by the look-up table during
the prediction time of 100 seconds, the observation and prediction procedure is repeated until
it does, i.e. until the grasping point is in reach. Alternatively, an extra Servicer maneuver
could be planned, such that the closest point on the trajectory is brought in the vicinity of the
relative closest point in the look-up table. This maneuver could be optimized for actuation
energy, independently of the robot maneuver. This procedure however would require an
overall longer motion prediction time, due to the long execution time of the Servicer maneuver
(in the order of 200 seconds for a Target size as the one considered here [Lampariello, 2013]).

4.4

Analysis of results

In performing ﬁrst global search computations, it was found that a parameterization of
the joint states with one single parameter per joint gave a very low convergence rate. It was
instead found that more than two parameters per joint did not make a diﬀerence. As a result,
in this implementation N=17, to account for two parameters per robot joint, two parameters
for the position of the Servicer at the beginning of the robot approach phase (in the orbital
plane) and one parameter to determine the time along the Target trajectory for the grasping
time. Note however, that to generate the look-up table the last three parameters are ﬁxed
by the motion constraints which deﬁne the optimization problem: the Servicer position is
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Figure 4.3: Robot joint velocity profile for an on-line solution. Three phases approach, tracking and
stabilization shown. Maximum allowed joint velocity: 1.0 rad/sec.

constrained to be ﬁxed in the Observation Point, to avoid that the energy cost function goes
to zero, as described in Section 4.2.3; the time along the Target trajectory is ﬁxed, due to the
necessity of the Target being in the desired Cartesian position, at the gasping time, which
represents the point in the Look-up table to be computed.
The value for the integrator accuracy was set to 1e-9, that of the optimizer to 1e-2, while
its delta for the computation of the Jacobian to 1e-5. The number of via points was set to
k=20. The inequality constraint on the end-eﬀector orientation relative to the Target was
deﬁned such as to allow a +/-75 deg. rotation.
The energy cost function in (4.13) provides the expected bell-shaped joint velocity proﬁles
for the approach phase as shown in Fig. 4.3. In the same ﬁgure a typical evolution of the
joint velocities is shown for the tracking and stabilization phases. The jump in the velocity
between the approach and the tracking phases is due to the fact that the boundary conditions
for the end of the approach phase are set to zero robot joint velocities (see (5.6)). This is
not thought to have any negative operational consequences, unless ﬂexible appendages are
present on the Servicer, in which case a smooth transition could be achieved via redeﬁnition
of the same boundary conditions or with a PD control term in the tracking phase, with a zero
velocity at its beginning. Finally, the satellites and robot were modeled with 13 polytopes
(boxes and capsules) and gave rise to a total of 15 collision checks for every via point. The
span of the solar panels together was taken to be 3.2 meters.

4.4.1

Generation of look-up table

In order to generate an exhaustive set of grid points to cover the hemisphere described in
Section 4.2.1, equidistant points on a sphere should ideally be computed A simpler approach
was adopted here and a set was deﬁned by hand, which resulted in the 35 points shown in
Fig. 4.4. Each point in this ﬁgure represents a Cartesian position of the grasping point at
the grasping time (end of tracking phase). This position was parameterized here as described
in Section 4.2.2, by means of the ﬁrst two of the Cardan angles φdes , which deﬁne ﬁrst
a rotation about the z-axis and then one about the new y-axis. A preliminary rotation
is however necessary to align the position vector of the grasping point with the negative
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Figure 4.4: Shown is the chosen set of grid points (in blue) to represent the hemisphere region defined
in Fig. 4.2 as well as the four adjacent sample points used for the statistical analysis, defined
by the first two Cardan angles: (60, 45) (in red), (30, 45) (in red), (30,0) and (60,0) deg..
The grasping point position vector is shown for each sample point in red. Origin in Target
center of mass.

Cartesian x-axis. The third Cardan angle was then used to rotate the Target about the same
position vector (the new x-axis, which therefore does not inﬂuence the Cartesian position of
the grasping point), to complete the orientation representation of the Target. The incremental
steps of the third angle were taken to be 45 degrees, to cover a complete 360 rotation in 8
steps. Finally, the angular velocity, which is speciﬁed to have a maximum magnitude of 4
deg/sec, was varied for each of the resulting points (35x8), between the two values +4 deg/sec
and -4 deg/sec..
This task parameterization so described results in a total of 560 (=35x8x2) grid points.
For demonstration purposes, only four adjacent points were considered here, also shown in
Fig. 4.4, which had the following values for the ﬁrst two Cardan angles: (60, 45), (30, 45),
(30,0) and (60,0) deg.. For the resulting 64 grid points (4x8x2) a global search was performed,
as described in Setion 4.3.2, to obtain their corresponding optimization parameters for the
approach and stabilization maneuvers, p1 and p3 . Note that the following parameters were
set to the values: t01 = 0, tf 1 = 10.0, tf 2 = 2.5, tf 3 = 10.0 sec..
The convergence rate varied from point to point, between zero (e.g. due to collisions with
the solar panels) and 20%. Of these, the best was selected according to their corresponding
value for the cost function Γmargin deﬁned in (4.14).
The computation times of this global search was approximately 30 hours per Cartesian
point (1400 tasks) for the approach phase and 2 hours for the stabilization phase (only performed for the runs of the approach phase which converged), on an Intel Xeon CPU W3520
2.67GHz machine. Note that for a fully tumbling Target, the discretization of the angular
velocity would have to include three components, resulting in 560x2x2=2240 points for a
complete set. This computationally intensive task however needs to be computed for a given
free-ﬂying robot and a given Target geometry (given grasping point) only once, such that a
wide range of tumbling states would be covered during the grasping task.
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Real-time implementation

A statistical analysis was performed to assess the success rate of the trajectory planner
when supported by the look-up table. Random values of the three Cardan angles were chosen
within the range deﬁned by the four sample points deﬁned in the previous Section for the
ﬁrst two, between 0 and 45 for the third, and between +4 and -4 deg/sec. for the rotational
velocity.
By choosing the ﬁrst solution found in the global search, the success rate (for 100 trials)
was found to be 75%, of which 83% for the approach and tracking phase and 92% for the
stabilization phase. When however the solutions found in the global search were ordered after
the cost function Γmargin , such that the best one was used, then the success rate was found
to be 90%, of which 92% for the approach and tracking phase and 98% for the stabilization
phase.
The search strategy could be improved by looking for the point in time along the given
trajectory which is closest to a grid point in the look-up table (in the analysis presented here
the time along the Target trajectory used for the selection of the closest point in the look-up
table was ﬁxed). Note also that the results can always be improved by introducing more
grid points in the look-up table, however at the expense of its computation time. The latter
however can be substantially improved by performing the optimization gradient computations
in parallel. Note in fact that the optimization gradient computations are currently computed
numerically by ﬁnite diﬀerences.
The average computation times for the real-time runs was 102 seconds, however 10% with
a time above 150 seconds. Further work will aim at reducing this computation time.

4.5

Conclusion

A method is described which provides feasible trajectories for a free-ﬂying robot to grasp
a target debris object in a state of pure spin about an inertially ﬁxed axis and with general
orientation, in a useful time. The method allows to deal with communication constraints
typical of a Low Earth Orbit scenario. All relevant three-dimensional motion constraints are
accounted for, such as collision avoidance and robot workspace boundaries. The method is
based on the construction of a suitable lookup table oﬀ line, to provide a good initial guess
for the trajectory planner. The method is also extendible to a tumbling motion of the target
object. It is shown by statistical analysis, for a range of spinning states, that the method has
a suﬃciently high success rate.

CHAPTER

FIVE
Tracking control for the grasping of a tumbling
satellite with a free-floating robot

5.1

Introduction

Among the possible applications of robotic systems in an orbital scenario, this chapter
focuses on those which may operate in On-Orbit Servicing and in Active Debris Removal
missions [Siciliano and Khatib, 2016, §55.1][Telaar et al., 2017]. To tackle the related control
challenges we present here an autonomy-based approach, in which the robot is commanded
through a precomputed reference trajectory, corrected by a tracking controller, to account for
intrinsic planning and execution errors. We focus on the task of grasping a defective, tumbling
target satellite (from here on, the Target) by means of a free-ﬂoating robot, consisting of a
non-actuated chaser satellite (from here on, the Chaser) carrying a kinematically redundant
robot manipulator. These are shown in Fig. 5.1.
The task of grasping a target satellite with a space robot was already performed in the
ETS-VII and Orbital Express missions [Siciliano and Khatib, 2016, §55.1], however only for
the case of a cooperative Target. We consider here a Target which is not attitude controlled
but presents a circular rail where it can be grasped. We also assume that suﬃcient information
is provided to allow generating a simpliﬁed geometric model of it for visual tracking purposes.
However, the accomplishment of the robotic grasping task in autonomous mode still presents
some substantial challenges. The robot motion is dictated by that of some preselected grasping
point on the Target, which is generally unknown. The robot motion also has to satisfy
motion constraints, such as workspace limits, kinematic and dynamic singularities, collision
avoidance, as well as sensor-driven constraints, such as camera ﬁeld-of-view boundaries and
pixel velocity limits. Furthermore, due to the given free-ﬂoating dynamics in play, the eﬀect
of an impact during the contact phase can be very detrimental for accomplishing the task,
since it can quickly bring the Target out of the range of the robot.
The grasping task of interest has been addressed extensively in the literature, ﬁrst in the
context of feedback control and then also in that of optimal control (see Section 5.1.1). While
in the former the aim is to solve a regulation control problem, often taking advantage of the
free-ﬂoating dynamics and redundancy of the Chaser, in the latter an open-loop approach is
preferred, based on the idea of computing a feasible and optimal trajectory in real-time. Due
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Figure 5.1: OOS-SIM experimental facility used to reproduce the gravity-free dynamics of the Chaser
(left), carrying a Light-Weight Robot, and the Target (right). The reference frames of the
Chaser B, initially coincident with the inertial frame I, the robot end-effector E , the Target
T and the predefined grasping point G are shown. A camera is mounted on the gripper of
the kinematically redundant Light-Weight Robot, to allow visual servoing.

to the highly constrained task, explained above, the use of a feasible trajectory is recognized
to be of great importance.
A gap in the methodology described above, which we want to close here, is that of having
both the optimal control and the feedback control elements working together. A feedback
controller alone does not provide any guarantee of ﬁnite time convergence, given the presence
of the constraints. At the same time, an open-loop approach is not robust to modelling errors
(e.g., dynamic model) and to contingencies, such as an impact.
We therefore present here a tracking controller which: ﬁrstly, takes as input a reference
trajectory from a database, generated oﬀ-line with a motion planner in simulation and feasible
with respect to all relevant constraints; secondly, superimposes sensor-based corrections to
the reference input, to account for the discrepancy between the simulated and the real world.
To this end, the tracking control task is composed of two sequential phases. The ﬁrst,
the approach phase, is executed by a novel interconnected system consisting of a Positionbased Visual Servo (PBVS) in cascade with an impedance controller. The PBVS appears
as a slower outer-loop Cartesian velocity command, to track the reference trajectory which
brings the robot end-eﬀector onto the grasping point on the tumbling Target to grasp it.
It is widely recognized that the robustness of a visual servo is signiﬁcantly improved against
modelling errors when performing tracking rather than regulation [Siciliano and Khatib, 2016,
§34]. In the faster inner-loop, the impedance control allows the robot to quickly react against
unexpected impacts with the Target. In the rigidization phase which follows the grasping, a
reference trajectory is fed to a tracking controller in joint space, to bring the robot manipulator
into a safe ﬁnal conﬁguration. In order to handle the intrinsic modelling uncertainty in the
reference trajectory, an on-line adaptation is executed at its start.
An additional novelty in the controller is the use of robust estimates of Target pose and
velocity, obtained from an Extended Kalman Filter (EKF), for feedback and feed-forward
respectively. The ﬁlter is fed with the noisy, outlier-aﬀected, low-frequency pose estimates
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of a model-based visual tracking algorithm and produces ﬁltered signals for the tracking
controller.
In addition to deﬁning the control laws for the aforementioned controller, experimental
validations on DLR’s OOS-SIM robotic facility, shown in Fig. 5.1, are also presented. This
facility allows reproducing realistic orbital gravity-free dynamics in three-dimensions through
hardware-in-the-loop simulation. A novel momentum-based approach was also developed for
the facility, in order to simulate the post-grasping tumbling motion of the compound system.
The chapter is then structured as follows. In the rest of this Section, we present a relevant
bibliography. In Sections 5.2 and 5.3 we provide details of the applied methods, while in
Section 5.4 we present the experimental results and their analysis. Finally, in Section 5.5
we provide a discussion and conclude with remarks outlining the scope of future work. The
mathematical notation is such that vector arrays and matrices are written in bold, coordinates
of vectors are expressed in italic with a left superscript to indicate the frame in which they
are resolved. The right superscript or subscript ’ij’ deﬁnes the direction of a vector or
homogeneous transformation from i to j, respectively. If i refers to the inertial frame it is
omitted. A homogeneous transformation matrix (pose) is denoted as H ≡ H(R(q), r), where
q ∈ R4 hand r ∈iR3 are the quaternion and the position respectively. A quaternion is written
as q = qTv q0 where qv ∈ R3 is the vector part.

5.1.1

Related work

Many approaches for grasping a free-tumbling Target mostly focus on feedback control
methods [Moosavian and Papadopoulos, 2007] and momentum control methods [Yoshida
et al., 2006]. In [Aghili, 2012], the motion planning problem is solved for the approach phase,
supported by an EKF to predict the motion of the Target. The motion prediction occurs
before any motion of the robot and the control strategy does not include a continuous visual
feedback. In [Aghili, 2009] a path planning method is presented for the rigidization phase.
It is assumed that the Chaser is attitude stabilized. As such, an optimal control problem is
formulated for the detumbling of the Target to which an external moment is applied, solved
analytically for the case of minimum time and zero ﬁnal velocity. In [Flores-Abad et al., 2017]
an optimal control problem formulated in joint space is solved numerically with nonlinear optimization, addressing the grasping task under the uncertainty of the initial and ﬁnal positions
of the robot end-eﬀector resulting from tracking sensing data. The grasping time is chosen
such that the initial contact force passes through the centre of mass of the Chaser-Robot,
such to minimize the latter’s change in attitude. The post-grasping rigidization task is not
addressed. In [Lampariello and Hirzinger, 2013] a direct shooting method is used to treat the
grasping problem in 3D, with inclusion of robot joint position and velocities constraints, as
well as the Chaser free-ﬂoating dynamics. A look-up table approach is presented with which
(close to) globally optimal solutions can be retrieved in real-time for any possible tumbling
state of the Target within a predeﬁned range for the angular velocity.
For robust state estimation, in [Larouche and Zhu, 2014], a constant-acceleration model
based EKF was developed which used the photogrammetry output pose to estimate relativemotion states between G and E. In contrast, the EKF design approach in [Aghili, 2012]
estimated the absolute motion states of T and reconstructed the relative motion. The idea
of visual servoing and position-based impedance control were brought together in [Lippiello
et al., 2007] for tasks in which contact with the environment is expected. As such, the aim
here was to fuse the visual and joint position to improve the target’s pose-estimation and
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ẋge,ref




+

-







Visual Servo

He,des
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hence improve tracking accuracy.

5.2

Methods

A feasible trajectory to accomplish the grasping task is provided by a motion planner, ﬁrst
described in [Lampariello and Hirzinger, 2013] and extended here. The motion planner relies
on a prediction of the Target motion, which can be accomplished as described in [Hillenbrand
and Lampariello, 2005] [Aghili, 2012]. However, in order to complete the task, the tracking
controller will initially need to deviate from the reference trajectory, given that the latter is
model-based and will diﬀer from the real-world conditions (e.g., uncertainty in the Target
motion prediction). Note that the gross motion of the motion planner is still maintained, in
order to avoid motion constraints such as, for example, a singularity.
Due to the deviation from the reference trajectory in the approach phase, the reference
trajectory for the rigidization phase is adapted online, such that the deviation in joint space
is recovered. This favours the fulﬁllment of joint position related constraints (collisions avoidance, singularity avoidance) throughout it.
In the remaining of this Section we present the methods used to solve the grasping task.
The control system architecture is shown in Fig. 5.2.

5.2.1

Motion planning and motion synthesizer

In this section the details relative to the motion planning tasks are presented. The ﬁrst
two parts formulate the tasks solved oﬄine, while the third part describes the method used
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to solve the optimization problems and gives details on the online motion synthesizer.
Approach and tracking phases
The free-ﬂoating dynamics of the robot manipulator are given by [Siciliano and Khatib,
2016, §55]

  
   
Mb Mbm
ẍb
Cb Cbm
ẋ
0

  + 
  b =  
(5.1)
MTbm Mm
Cmb Cm
τ
θ̈
θ̇

where Mb ∈ R6×6 , Mm ∈ R7×7 , Mbm ∈ R6×7 are the inertia matrices for the Chaser,
the 7-joint manipulator and the coupling between the Chaser and the arm, respectively.
Cb ∈ R6×6 , Cbm ∈ R6×7 , Cmb ∈ R7×6 , Cm ∈ R6×7 make up the whole Coriolis and centrifugal
forces matrix, τ ∈ R7 are the joint torques, ẋb ∈ R6 is the twist of the base and θ ∈ R7 are
the joint positions respectively.
The motion planning problem relating to the approach and tracking phases is formulated
as a point-to-point task (with non-zero ﬁnal velocity) and an inverse diﬀerential kinematics
task to follow it [Lampariello and Hirzinger, 2013]. Mathematically, the ﬁrst step can be
formulated as the constrained optimal control problem
min Γ1 (θ 1 (t))

(5.2)

Mb ẍb + Cb ẋb + Cbm θ̇ 1 = −Mbm θ̈ 1 ,

(5.3)

h1 (θ 1 , θ̇ 1 ) ≤ 0

(5.4)

θ1 (t)

subject to

for 0 ≤ t ≤ tf 1 and to the boundary conditions
Hge (tf 1 ) = Hge des , ẋge (tf 1 ) = 0,

(5.5)

θ 1 (0) = θ 1in , θ̇ 1 (0) = 0.

(5.6)

Γ1 is the cost function, chosen to beRthe mechanical energy of the robot manipulator, in order
t
to smoothen the solution, i.e., Γ = 0 f 1 (τ 1 T (t) θ̇ 1 (t))2 dt.
Equation (5.3) is an equality constraint stemming from the ﬁrst line of (5.1), with the
term on the right-hand side expressing rheonomically driven joints. tf 1 is a predeﬁned relative
ﬁnal time. Function h1 includes inequality box constraints of type zmin ≤ z(t) ≤ zmax , for
z = {θ 1 , θ̇ 1 }. The equality constraints in (5.5) enforce a desired ﬁnal end-eﬀector pose
Hge (tf 1 ) and zero twist ẋge (tf 1 ) = [g v ge g ω ge ]T (tf 1 ) with respect to the grasping point.
The tracking phase consists of an inverse diﬀerential kinematics solution, which is dictated
by the motion of the Target. Its duration is deﬁned by the relative time tf 2 − tf 1 . The same
motion constraints apply for this phase as for the previous. During this phase, a constant
homing-in velocity brings the end-eﬀector onto the grasping point, closing the gap due to
the non-zero relative position at the end of the previous phase. The solution is expressed by
θ 2 (t).
The method in [Lampariello and Hirzinger, 2013] is extended here to speciﬁcally account
for the visual tracking requirements. It is required that throughout the approach phase
suﬃcient features of the Target are in view of the camera (e.g., the Target’s solar panel on
its top surface) and that the pixel velocity in the image remains low. These result in motion
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constraints, the ﬁrst of which is treated with an inequality constraint on the pitch angle φe of
the end-eﬀector frame E (rotation about its y-axis) relative to the Target frame T , whose yaxis is approximately parallel to that of E by virtue of (5.5) (see also Fig. 5.1). The constraint
on φe is deﬁned as
φe 2 ≤ φe mid 2 + φe delta 2 ,
(5.7)
where φe mid and φe delta are parameters to deﬁne a middle value for φe and a value which
relates to the ﬁeld-of-view of the camera, respectively.
Deﬁning the pixel velocities in the x and y components of the end-eﬀector frame E to be
ev
e te e te
e
e te e te
px = v y / r z and v py = v x / r z , inequality constraints are also introduced as
−∆e v px ≤ e v px ≤ ∆e v px , −∆e v py ≤ e v py ≤ ∆e v py ,

(5.8)

where ∆e v px and ∆e v py are parameters which relate to the pixel velocity limits in the camera
image.
The output of the motion planner is judiciously deﬁned to account for two important
aspects. Firstly, a reference trajectory of the end-eﬀector is provided relative to the grasping point frame G on the Target, i.e., as homogeneous transformation Hge,ref (t) and twist
ẋge,ref (t) = [g v ge g ω ge ]T (t), for 0 ≤ t ≤ tf 2 . Note that the end-eﬀector pose is eﬀectively given
by Hge = H−1
g He . The tracking controller is designed to track this relative motion. This
ensures that any error in Hg (Target motion prediction errors) and in He (tracking control
errors, robot forward kinematic errors) are intrinsically eliminated in following the desired
relative motion Hge,ref (t), which is independent of these uncertainties. Note however, that
the motion of the robot relative to absolute space, and therefore to joint space, will deviate from the motion planning solution. This relates to the second aspect to be considered,
namely that a reference trajectory is also provided in the joint space of the robot manipulator,
[θ ref , θ̇ ref ](t). As will be shown in Section 5.2.4, the tracking control law contains a term,
projected in the null-space of the robot manipulator, to minimize the tracking error in joint
space (see (5.23) and (5.24)). This is intended to minimize the deviation of the robot motion
in joint space from the reference trajectory and, as such, maintain its feasibility with respect
to the motion constraints.
Rigidization phase
The rigidization phase begins after the closure of the gripper and requires bringing the
robot joints velocity to zero, while ensuring that the motion constraints are not violated. We
solve
min Γ3 (θ 3 (t))
(5.9)
θ3 (t)

subject to
M̃b ẍb + C̃b ẋb + C̃bm θ̇ 3 = −M̃bm θ̈ 3 ,

(5.10)

θ 3 (t03 ) = θ 2 (tf 1 + tf 2 ), θ̇ 3 (t03 ) = θ̇ 2 (tf 1 + tf 2 ),

(5.11)

θ̇ 3 (t03 + tf 3 ) = 0,

(5.12)

h3 (θ 3 (t)) ≤ 0,

(5.13)

where the initial conditions in (5.11) express the dependency on the ﬁnal conditions of the
previous tracking phase. Furthermore, in this post-grasping phase, the Target CoM (G) is the
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new manipulator’s end-eﬀector. Given the relative pose between the LWR and the Target,
the free-ﬂoating robot dynamics are therefore updated, as shown in (5.10), by modifying the
inertial properties of the LWR’s end-eﬀector to include those of the Target.
Given that in this phase only internal forces come into play, the angular momentum of the
Target is shared with the Chaser and at the end of the maneuver the two satellites tumble
with a new angular velocity, function of their total inertia. The cost function is chosen to be
the mechanical energy of the robot manipulator, as in (5.2.1), in order to minimize the loads
on the joints and on the end-eﬀector. However, due to the small Target tumbling velocities
considered, these loads are very low and do not require dedicated motion constraints.
Method for the constrained optimization problem
The optimization problem described above is solved as a nonlinear programming problem
(NLP). The inequality constraints h are satisﬁed at a ﬁnite number of k via points. The NLP
is solved with a single shooting approach, in which (5.3) and (5.10) are satisﬁed by numerical
integration and the joint positions are parameterized in time, i.e., θ i = θ(t, pi ). pi is a column
matrix containing Nopti optimization parameters and i is either 1 or 3. Each joint trajectory
is parameterized with a uniform B-spline, such that two B-spline parameter sets p1 and p3
are generated oﬄine [Lampariello and Hirzinger, 2013].
In the online setting, the solution parameters p3 are used to synthesize a new rigidization
trajectory, to account for any deviation from the reference trajectory in the previous approach
phase. Let the measured initial position and velocity for a given joint be q0m and q̇0m respectively, and the B-spline parameters be q3j , 1 ≤ j ≤ NB (note that NB < Nopt and Nopt − NB
are the parameters which satisfy the boundary conditions [Lampariello and Hirzinger, 2013]).
The modiﬁed parameters are then taken to be


q̇0m (tf 3 − t03 ) (NB − j)
,
(5.14)
q̃j = qj + q0 − q0m +
NB
NB
where the second term accounts for the initial position deviation q0 − q0m and for the joint
velocity at the initial time multiplied by the duration of the ﬁrst B-spline segment, (tf 3 −
t03 )/NB , in which the spline cannot be modiﬁed. This eﬀectively smoothly brings the joint
conﬁguration back to the one planned oﬄine. As such, the fulﬁllment of the motion constraints
related to the joint position is favoured.

5.2.2

Computer vision for approach and tracking phases

The visual pose estimation is based on the work in [Drummond and Cipolla, 2002] which
relies on a known object geometry. The algorithm consists of sampling model contours and
edge detection, followed by a local optimization of the 3D rigid-body transform. The reprojection error is then minimized to align visible model contours and image edges using the
Levenberg-Marquardt algorithm.
The complex tumbling motion of the Target poses diﬃculty in visual tracking. In order
to address this problem, a motion prediction scheme based on an EKF is integrated into the
local optimization. The prediction here relies on a simple kinematic motion model, assuming
constant frame to frame motion. Under this assumption, the visual tracker is able to cope
with a relatively high image motion between two camera frames. Moreover, the short-term
prediction scheme helps the visual tracker reduce the search space in order not to remain
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trapped in potential local minima during minimization of the cost function. If the tracker
does remain trapped (see for example Fig.s 5.7 and 5.8), the algorithm needs to be reinitialized possibly with the EKF presented in Subsection 5.2.3. The latter in fact satisﬁes
realtime constraints and makes use of the dynamic model of the Target. This approach will
be implemented in future work.

5.2.3

Extended Kalman filter

The EKF provides outlier-robustness, measurement continuity, a predictor-update structure to predict and overcome image-processing time-delays, periods of occlusion and measurement failures caused by degenerate observability conditions. From a tracking controller
perspective, the EKF also estimates the Target velocities for a feed-forward term of the
PBVS, which compensates for the disturbance due to the Target motion that acts on the
controller. In
the Target’s inertial pose is deﬁned as Ht = (Rt (q), r t ) and its
h the following,
i
twist ẋt = v t t ω t . The measured pose using the vision sensor, which is the pose of G
relative to E, and is denoted as Heg (Reg (µ), r eg ). Following these deﬁnitions, the forward
kinematics of the chaser end-eﬀector is He (Re (ηc ), r e ) = Hb Hbe (θ). The pose of the grasping
frame G relative to T is denoted as Htg (Rtg (ηt ), r tg ). The dynamic system for the EKF is
h
iT
T
T
as
modeled with the state, xa ∈ R13 = qT r t t ω t v t T


q





1 t
2ω

⊗q



  



t
vt
d 
r  

t t  =  t t t t  ,
dt  ω  − ω× I ω 
  

t
v
Φ(n)

(5.15)

where Φ(n) ≡ orbital eﬀects and ⊗ is the quaternion multiplication operator, (.)× is the
skew-symmetric form of R3 . Since the scope of this chapter is limited to an operational time,
T < 20 s, the orbital motion eﬀects are neglected. As such, Φ(n) = 03,3 .
For the quaternion group, Q, there exists a tangent space, Tq Q, at nominal value q ∈ Q.
In the multiplicative-EKF, the quaternion state is a parameterization vector ap ∈ R3 , which
determines the tangential quaternion δq(ap ) ∈ Tq Q. In this text, the Modiﬁed Rodriguez
Parameters (MRP) [Tweddle, 2013a], ap was chosen so that no singularity is encountered
before 2π. The vectors δq, ap and q are related as follows
ap (q) =



(5.16)




1t t
1
1
ω× + aTp t ω t 13,3 ap + 1 − aTp ap t ω t .
2
8
16

(5.17)

4
qv
1 + q0

The diﬀerential form for ap is given as
ȧp =



−



, δq(ap ) =

8ap
1

.
T
16 + ap ap 16 − aTp ap

Among the alternatives for scaled inertia parameterization for zero-torque motion propagation, [Tweddle, 2013a, §4.6] the 3-parameter (px , py , pz ) form is used. So, the angular dynamics can be written by reformulating the rotational dynamics part in (5.2.3) component-wise as,
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h
iT
= ψ(t ω t ) = (px t ωyt t ωzt )T (py t ωxt t ωzt )T (pz t ωxt t ωyt )T
which has a linear approximation
t
t
about the estimate ω̂ as [Aghili and Parsa, 2007, eq. 7]
t ω̇ t

δt ω˙ t = Mδt ω t , M =

 ∂ψ(t ω t ) 
∂ t ωt

t ω t =t ω̂ t

.

(5.18)

Finally, using (5.17) and
of the torque-free system (5.2.3)
h (5.18), the linear approximation
i
T
T
T
12
t
T
t
t
t
with state x ∈ R = ap r
is given as the linear system, ẋ = Ax + Bw
v
ω
(like [Tweddle, 2013a, eq. 4.79]). From Fig. 5.1, the measurement is derived by using current
forward kinematics (He ) and known Target geometry (Htg ) and is given as


g=

rt

+

Rt (q)r tg
q





=

Re (ηc )T r eg
ηt∗

+

re

⊗ µ ⊗ ηc




(5.19)

, where (.)∗ refers to the quaternion inverse. In order to obtain the EKF measurement y from
available measurement g, ap is computed from (5.19). The linear approximation for the EKF
measurement was derived before in [Aghili, 2012, eq. 47], and we only state the ﬁnal formula
as (note diﬀerence in ﬁrst row due to ap parameterization)


y = Hx, H = 

tg
13,3 03,3 03,3
−Rt (q)r×

13,3

∂y
∂x x =x̂ is obtained by linear approximation
a
a
estimate x̂a . Since the EKF equations are standard,

where H =

03,9



,

(5.20)

of the measurement about the

current
we do not explicitly write them
here. By using the aforementioned system of equations, the EKF was implemented with the
Outlier-rejection (OR) scheme suggested in [Mishra and Schmidt, 2017] to provide robustness
against local outliers from the vision system. The EKF output Ĥeg ≡ (Reg (µ̂), r̂ eg ) is used
for control in the next step.

5.2.4

Visual servo for approach and tracking phases

Given that a geometric model of the Target is available in advance, an outer loop PBVS
is used (see Fig. 5.2). As such, the control law uses the pose error Ĥeg that is reconstructed
from image-space measurements. Based on the model-based visual tracking and EKF’s pose
ˆ e ) and pose for the inner loop
results, this control law is used to provide a desired velocity (ẋ
impedance controller.
Firstly, the reference trajectory is used to compute a desired end-eﬀector pose He,des =
(He Ĥeg )Hge,ref . Secondly, this function is used as a pose error to construct the PBVS
iT
h
ˆ e = v̂ eT e ω̂ eT . A diﬀerential form Ḣe,v (Re,v , pe,v ) is obtained using slow-sampled
law ẋ
ˆ e velocity, and He,v (Re,v , pe,v ) is obtained by its integration. Note here that this virtual
ẋ
frame is solved as an initial value problem between two EKF sampling times and acts as an
intermediate trajectory for the manipulator. This is initialized as, He,v (n) = He (n) for the
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nth EKF sample time. The control law is

where k1,ii
epose H1
1
2 [R

>

ˆ
ˆ e = K1 epose (He,des , He,v ) + T(Ĥ−1
ẋ
eg , η ⊗ q̂)T(Htg , q̂)ẋt ,
{z
}
|
vt


1
13,3 −R(q)r×

T(H1 , R(q)) ≡ T(H1 , q) = 
T
03,3
R1
0,

(R1 , p1 ), H

RT ]∨

2

∀ i

∈



(R2 , p2 )

(5.21)

[1...6],

epose is the pose error function deﬁned as,
iT
T
= (p1 − p2 )T ψ(R2 R1 )T , with the rotation error ψ(R) =
h

−
and [a× ]∨ = a, is the mapping from skew symmetric matrix to vector form for
3
a ∈ R . vt is simply the transformed estimated Target velocity applied as a feed-forward. A
note on this error formulation and subsequent Lyapunov function analysis can be found in
[Bullo and Murray, 1999].
Finally, a compliant controller is placed in cascade after the PBVS which acts upon the
Cartesian error. The impedance error is a Cartesian error observed in the inertial frame
and is denoted as e = epose (He , He,v ). Using the corresponding velocity error ∆ẋe = ẋe −
ˆ e , ∆H = H−1 He , a PD+ Cartesian control law is formulated after dropping
T(∆H, Re,v )ẋ
e,v
dependencies of T as
d
ˆ e − KP e − KD ∆ẋe
ˆ e ) + µe Tẋ
(5.22)
(Tẋ
dt
where Λe and µe are the standard inertia and Coriolis matrices in the operational space
formulation [Ott et al., 2008, eq. 10] and Fe is the Cartesian control action. Furthermore,
kP,ii > 0 and kD,ii > 0, ∀ i ∈ [1...6] are the choices for Cartesian stiﬀness and damping terms
respectively. The corresponding joint torques with null-space control torque Γ are given as
Fe = Λe

T

τ = JTg Fe + (1n,n − Jg T J∗g )Γ

(5.23)

where J∗g is the dynamically consistent weighted pseudo-inverse of the generalized Jacobian
Jg . Γ is given by
Γ = −KP N (θ − θ ref ) − KDN (θ̇ − θ̇ ref )
(5.24)
where KP N , kP N,ii > 0 and KDN , kDN,ii > 0, ∀ i ∈ [1...7] are diagonal gain matrices for
stiﬀness and damping respectively. Since uncertainties in the reference trajectory require
departing from it in inertial space, the null-space term will not converge but only minimize
the tracking error.

5.2.5

Joint tracking control for rigidization phase

The tracking controller for the rigidization phase is described in Fig. 5.2. The motion
synthesizer provides as inputs, θ ref , θ̇ ref . The free-ﬂoating dynamics, expressed in (5.1), can
be reformulated by eliminating terms depending on ẍb as,
M̂m (θ, xb )θ̈ + Ĉm (θ, θ̇, xb , ẋb )θ̇ = τ ,

(5.25)

where M̂m and Ĉb are the generalized inertia and Coriolis matrices, written here for the postgrasping case, which accounts for the Target inertia. The PD+ control law for the tracking
controller adopted here is then as follows [Paden and Panja, 1988]
τ rig = M̂m (θ, xb )θ̈ ref + Ĉm (θ, θ̇, xb , ẋb )θ̇ ref − Kp (θ − θref ) − Kd (θ̇ − θ̇ ref ),

(5.26)
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where Kp , kp,ii > 0 and Kd , kd,ii > 0, ∀ i = [1..7] are diagonal matrices for the stiﬀness and
damping gains respectively.

5.3

Experimental facility

The OOS-SIM experimental facility is described in detail in [Artigas et al., 2015]. However,
in order to simulate the motion of the two satellites after the grasp, a new approach was used,
based on the conservation of momentum. We note, in fact, that after the grasping, the forces
of interaction between the Target and the Light-Weight Robot (LWR) are internal and, as
such, do not alter the total momentum of the Chaser-LWR-Target system. The laws of
conservation of momentum can then be integrated in time, in function of the measured LWR
joint positions and their ﬁrst derivatives, as follows. Given the relationship between the twist
of the Chaser ẋb and the velocity of the LWR robot joints as [Siciliano and Khatib, 2016, §55]
M̃b ẋb + M̃bm θ̇ = L

(5.27)

where L is the total momentum, we ﬁrst note that the latter is assumed to be zero before
the grasp. At t = t03 , based on the measured relative pose between the LWR and the Target,
matrices Mm and Mbm are modiﬁed to include the modelling of the Target (see 5.2.1). L
is also updated to be equal to the measured momentum of the Target. Assuming that there
are no impacts during the grasping, the current state of the system is then valid as initial
conditions for integrating ẋb from (5.27), to provide the pose Hb to be commanded to the
OOS-SIM industrial robot which simulates the Chaser. The Target is then commanded to
follow the LWR through the internal actions which the latter imparts on it, as already done
in [Artigas et al., 2015]. Finally, the vision system in the facility operates at 10[Hz], the
proposed EKF and PBVS operate at 100[Hz] and the LWR torque controller operates at
1[KHz].

5.4

Results

Fig. 5.3 shows the motion planner solution for a Target spin velocity of 2 deg/s. The ﬁgure
shows the three phases of the maneuver. The transition from the approach to the tracking
phase is smooth, as the end-eﬀector aligns itself with the grasping point on the Target. The
values of the parameters φe mid and φe delta were set to 40 and 7.5 deg respectively. The
tracking phase lasts 3.5 seconds to allow for the gripper to close. The rigidization phase
starts after the Target is fully grappled and lasts ﬁve seconds. The number of parameters per
joint was NB = 6.
Fig. 5.4 shows the measured robot manipulator joint position error, deﬁned as θ − θ ref ,
for the cases of Target spin velocities of 1 deg/s and 2 deg/s respectively. In the experiments
on the OOS-SIM facility it was found that the rigidization task for the 2 deg/s case was
intractable with the current setup. The experimental results presented here for the rigidization
phase only relate to the 1 deg/s case. In Fig. 5.5 the measurement of the Target motion is
shown, in which we observe a very slow damping of the angular velocity. The oscillations in
the angular velocity appear to have two frequencies: the lower one is to be attributed to the
impedance control of the LWR; the higher one to the time delay and discretization eﬀects in
the control loop of the facility (independent of the LWR impedance parameters).
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Figure 5.3: Simulated robot manipulator joint velocities for a Target spin velocity of 2 deg/s. The
transition between the phases, at t=15 s and at t=18.5 s, is smooth. The jump during
the tracking phase is due to the homing-in motion, which is however directed towards the
Target and, as such, does not have a noticeable effect on the pixel velocity in the camera
image.
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Figure 5.4: Measured manipulator joint position error for Target spin velocity of 1 deg/s (top) and 2
deg/s (bottom). For the latter case, only the approach phase is shown, in which however the
use of the EKF and of the extended parameterization of the joint motion improve tracking
performance.

Returning to Fig. 5.4, the joint errors between planned and actual trajectories are lower
for faster (bottom) Target motion. This is due to the fact that the EKF and the joint motion
parameterization shown in Fig. 5.3 are used (the maneuver was not possible without these
new features). While the former provides a robust estimate of Hge , the latter reduces the
pixel velocity by a factor of two. At the point of transition between the tracking and the
rigidization phase (t = 18.5), the joint position error becomes zero, due to the recomputation
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Figure 5.5: Measured Target angular velocity (top) and orientation (bottom) for the 1 deg/s case. The
post-grasping tumbling of the satellite stack is visible in the (reduced) rotation about the
x-axis.

of the reference trajectory (see Section5.2.1). The tracking error in the rigidization phase is
then shown to remain small.
The qualitative results of the visual tracking are illustrated in Fig. 5.6. Those in red
indicate the projections of the model contours onto the image edges at the estimated pose.
The overlap of the model contours and image edges shows the successful tracking and pose
estimation.
In Fig. 5.7 corresponding to position r eg , outputs of EKF and vision are compared using
the norm of error ∆r eg = r̂ eg − reg , where r eg is the ground truth. The EKF squared errornorm is plotted as a coloured map, where the colour is a function of the statistical metric,
χ2 of the vision data. It is observed that the χ2 measure degrades (yellow) for t > 0 and
||r eg || → 0. This degradation results in vision’s pose estimation failures (orange area). Fig. 5.8
(left) shows the velocity (t ω t ) convergence of the ﬁlter. It also demonstrates the orientation
degradation (right) as ||r eg || → 0. This points to an observability degeneracy problem for the
PBVS eye-in-hand conﬁguration.

5.5

Discussion and conclusion

In this chapter we demonstrate the feasibility of a grasping strategy based on Target
motion prediction, robot motion planning and trajectory tracking, speciﬁcally for the latter
step. In fact, in the approach phase, due to modelling uncertainties, the true trajectory
deviates from the reference trajectory in joint space. The latter must therefore be partially
adapted online for the rigidization phase which follows. A method is presented and validated
to do so while favouring motion constraints related to joint position. In this way, the feasible
motion planning solutions, which describe trajectories for all the degrees of freedom of the
robot throughout all phases of the grasping task, and which are computed oﬄine with much
computational eﬀort, are shown to be useful for control purposes.
We also implemented and validated the proposed tracking controller which is partitioned
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Figure 5.6: Exemplar images during visual tracking for approach phase with overlay of the model contours (in red) and image edges. The grasping frame {G} is shown as an RGB triad. The
target features reduce significantly at close range due to gripper occlusion (black) and limited
field of view.
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Figure 5.7: Comparison of ||∆r eg ||2 error norm in Vision and EKF. ||r eg || → 0 ⇒ χ2 → ∞ resulting in
vision failures due to degenerate observability.
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into approach and rigidization phases. In the approach phase, the controller acts as an interconnected system containing: computer vision, EKF, PBVS, and a Cartesian PD+ controller.
The ﬁlter is shown to provide high-rate measurement continuity, outlier-robustness (in the
vicinity of the Target) and feed-forward velocity estimates. The cascade architecture of PBVS
and the PD+ controller ensure robustness against model uncertainties while having a highly
compliant behavior with the Target. The rigidization phase joint-space controller was shown
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to bring the compound to a desired conﬁguration. Furthermore, the tracking controller was
shown to successfully perform its task on the OOS-SIM experimental facility.
The momentum-based control method for the OOS-SIM facility has proven to be eﬃcient
in eliminating drift due to sensor noise. Future work will be dedicated to improving the
performance in the coupled conﬁguration.

CHAPTER

SIX
Conclusion

Optimal control and numerical optimization have been applied to robot motion planning
since many decades. Their full exploitation for online open-loop control purposes is however
nowadays still limited. This is partly because of the long computational times associated
with their implementation, which arise from the high dimensionality and strong nonlinearity
of real-world problems. Much attention has been given to learning motor skills from humans
via demonstration, as for example in [Mülling et al., 2013] [Muelling et al., 2014]. The goal in
this approach might be that of reproducing human-like motor behavior. In this thesis instead,
examples are given (the interception and capture tasks addressed here) for which numerical
optimization can provide training data for an eﬃcient (optimal and feasible) robot motor
behavior. The advantage in this approach is that is allows covering the whole task space of
the given task, without need of extrapolation. Furthermore, the solutions are optimal for the
robotic system considered, rather than for the human who demonstrates the task. Finally,
many tasks of interest cannot be easily demonstrated by a human, as shown by the satellite
capture example addressed in this thesis.
The use of motion planning for control purposes is not only a motion planning problem.
The trajectory which stems from a motion planner is based on the given knowledge of the
system being controlled and of the environment, which is typically uncertain. As such, the
same trajectory has to be judiciously tracked by a tracking controller, in order for it to be
useful. Furthermore, the implementation of these functionalities on a representative system
is necessary to fully validate its applicability in a realistic operational scenario. Doing this
for a space system on ground presents particular challenges, as described in Chapter 5.
All of these tasks, mostly associated with the use of a reference trajectory in the control
method, were accomplished here for the capturing of a free-tumbling target satellite by means
of a free-ﬂoating robot. An analysis was also carried out on the use of regression methods for
eﬃcient initialization of the trajectory planner in an online setting, leading to a satisfactory
solution for a mission scenario. Many new research activities have stemmed from this work,
in the areas of robust spacecraft control, optimal robot motion planning, nonlinear passivitybased robot control, free-ﬂying robot control and robot parameter identiﬁcation. The same
approach is currently being applied in diﬀerent robot motion planning tasks in space and on
ground. More details are provided in the following two sections.
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Summary and discussion

The methodological developments and results of this thesis show that the use of (near to)
globally optimal and feasible NLP solutions is possible for the task of capturing a free-tumbling
target satellite by means of a free-ﬂoating robot. In Chapter 2 it is shown that it is possible to
robustly predict the rotational motion of a Target, for any possible character of its tumbling
motion (within the speciﬁed tumbling rates) and for a suﬃcient time, to allow planning and
execution of an approach and capture maneuver. In Chapter 3 it is shown that the solutions
of a related NLP can be generalized eﬃciently through competitive regression methods, with
useful gains in performance with respect to the standard look-up table approach. In Chapter 4
an eﬀective generalization of the solutions of a motion planner for the capture of a freespinning target satellite is presented. In Chapter 5 it is shown how the NLP solutions of
relevance can be commanded eﬀectively to a robot, by virtue of a dedicated tracking controller,
to accomplish the desired task, in view of motion constraints satisfaction and of dealing

Figure 6.1: Outline of the contributions of this thesis.
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with (small) modelling errors. The methods in Chapter 2, Chapter 4 and Chapter 5 were
successfully validated with the OOS-SIM robotic experimental facility. The conclusions of
the thesis are summarized in Fig. 6.1.
Other noticeable ﬁnding and developments resulted from the work presented in this thesis,
which are now discussed. Comparisons to other approaches in the literature are also made,
where appropriate.

6.1.1

Motion prediction

The motion prediction task addressed in Chapter 2 has relevance to the Chaser approach
maneuver, not addressed in this work, but part of the scenario of interest. The Chaser
approach maneuver brings the Chaser from an initial observation point (at a safety distance
from the Target, in the order of tens of meters) to a position in front of the Grasping Point
on the Target (possibly in a synchronized ﬂight, if the Target is large). A trajectory planner
which computes these trajectories was presented in [Stoneman and Lampariello, 2016], based
on the methods presented in this thesis. In Chapter 2 it is shown that it is not necessary to
observe the Target for multiple polhode periods to identify the inertia ratios which are needed
for the motion propagation, in view of the fact that control methods are available which can
deal with the resulting prediction dispersion. This result can be determinant for particular
tumbling states, for which the polhode period can be very long, as shown in Chapter 2. The
motion prediction method in Chapter 2 provides a nominal prediction (solution with highest
expectation), with which nominal reference trajectories can be computed with the method
in [Stoneman and Lampariello, 2016], and a region of uncertainty for the ﬁnal position of
the Grasping Point on the Target in inertial space, in view of the given dispersion. This
uncertainty information is meant for the robust tracking controller presented in [Buckner and
Lampariello, 2018], which provides guarantee of feasibility for the trajectory tracking task
with the given uncertainty (see also Section 6.2). Note that a replanning of the trajectory
during its execution will not provide the same guarantees of convergence to the goal, due to the
nonlinearity of the constraints in the given problem (collision avoidance with Target satellite
appendages). This complete methodological strategy (prediction, planning, robust tracking)
will soon be implemented on the ASTROBEE satellites on the International Space Station
within a cooperation project between the DLR, the MIT (USA) and the NASA (scheduled
date May 2021). A dedicated publication on this work will follow, with reference to other
existing work on the subject.
The methodological choice in Chapter 2 of formulating the inertial parameter identiﬁcation
problem as a nonlinear least squares problem, when it can also be formulated as a linear least
squares problem, may give rise to concern. A comparison was as such purposely carried out
between the two. It is shown that the linear method presents important ﬂaws, which in the
author’s view, make it less suitable for solving the given problem than the nonlinear method
proposed here. In fact, the dependence of the linear least squares method on estimates of
the angular velocity of the Target, which are typically very noisy, makes it very sensitive to
measurement noise. Furthermore, the method suﬀers from ill-conditioning of the identiﬁcation
problem, which results in the tumbling condition of (close to) ﬂat spin.
The recursive EKF method performs worse than both the batch methods, showing a slow
convergence and a high sensitivity to disturbances. A fairer comparison could be carried
out by also formulating the EKF problem as a batch process, making use of a series of
measurements at once. This is however not what is done in the literature, although the EKF
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is still often seen as preferred method. With regards to a batch formulation, it is argued
in [Brown and Hwang, 1996] that the performance of such an EKF in identifying a constant
vector (in our case, the body inertia) coincides with that of a deterministic linear least squares
method, if no prior knowledge is given about the constant vector (which is not our case).

6.1.2

Motion planning

In Chapter 3, the ball catching optimization problem is parameterized with a high number
of optimization parameters, leading to computationally expensive solutions. It is also important to note that many of the solutions are aﬀected by active constraints in the state and
actuation of the robot. However, the goal was indeed that of ﬁnding (near to) globally optimal
solutions. A comparison with a coarser parameterization, namely with trapezoidal functions,
shows a cost function value diﬀerence of 50%. Furthermore, the global search results present
diﬀerences in the cost function values of the local minima found of a factor three to over 20,
between the lowest and the highest values. Despite the long computation times for the ofﬂine computations, the feasibility and optimality of the solutions in the online setting, which
are warm started with the initial guess provided by the machine learning approximation, is
statistically proven. The loss in cost function in the online setting is found to decrease with
increase of training data size, as expected, and a trade-oﬀ between the computation time
needed to generate the training data and the cost loss is required. The results also reveal the
extent of the advantage of high-end regression methods against the look-up table approach,
for the generalization approach implemented here. By comparing the cost function value loss
for diﬀerent methods and diﬀerent sizes of the training data set, a factor eight can be deduced
from this analysis between GPRs and 1-NN (see Table 3.2).
In Chapter 4, the satellite capture and stabilization task is again formulated as a complex
optimization problem, to include an approach phase, a tracking phase, with robot inverse
kinematics, and a post-gasping rigidization phase. Since this problem was solved for a wide
range of task parameters, motion constraints play an important role in the solutions. Despite
the reduced size of the optimization problem, when compared to the ball catching task (Nopt =
15 vs Nopt = 43), the multi-phase problem and the necessity to integrate the equations of
motion make the computation times noticeably longer. The method can however still be used
eﬀectively in an operational scenario. In fact, a task space of dimensions four is suﬃcient to
cover any type of tumbling state of the Target, given that its body-frame angular velocity is
periodic and can be treated as one dimension of the task space and sampled within one single
period. The overall success rate can be increased by adding points to the look-up table, which
can be computed on a cluster with massive reduction of the overall run times.

6.1.3

Trajectory tracking

In Chapter 5, a complex robot control architecture was implemented on the OOS-SIM
experimental facility (see Fig. 5.2). The goal of the design is to make use of both the reference trajectory and the sensor feedback, while commanding an absolute pose to the robot
impedance controller. The feedback loop of the impedance controller runs at 1 KHz, with
feedback from the Chaser-robot forward kinematics. This high sampling time is important to
achieve the desired compliance behavior of the robot, in case of it unintentionally coming in
contact with the Target before capture. The visual tracker provides relative poses between the
robot end-eﬀector and the Target, and its low sampling time is enhanced and robustiﬁed by
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means of the EKF. The diﬀerence between the EKF output and the reference trajectory is fed
as input to the visual servo, which sends absolute end-eﬀector pose and velocity commands to
the robot, also with aid of the robot forward kinematics. The ﬁrst component of the reference
trajectory, which contains the end-eﬀector pose, is provided in the Target frame. This is important since, for any deviations of the Target motion in inertial space from the nominal, this
reference trajectory component remains valid. At the same time, a second component of the
reference trajectory, which contains the LWR robot joint conﬁguration, is also commanded to
the robot controller, which includes a null-space tracking term. This aspect of the controller
design is also important, since without it, the robot conﬁguration could drift in unfeasibility
during the approach phase, or later, during the tracking phase. It must be pointed out, that
a perfect tracking of the null-space is impossible, due to the non-holonomic nature of the
system, which is aﬀected by modelling uncertainty. The null-space term in the controller, as
such, only tries to keep the robot conﬁguration as close as possible to the desired value. In
the stabilization phase, which follows the capture, the motion synthesizer (online planner)
brings the LWR robot back into the conﬁguration deﬁned by the reference trajectory during
the execution of the maneuver, to satisfy joint position and collision avoidance constraints
as much as possible (most importantly, towards the end of the motion). In this thesis, the
assumption was made that the tracking error in the null-space is small. The end-eﬀector
torque constraints were always found to be inactive.
The experimental results reveal a satisfactory performance of the controlled system. The
reference trajectory provides feasibility with respect to the newly introduced sensor-based
inequality constraint. The pixel velocity in the camera image was in fact bounded in the
trajectory planning phase to successfully avoid that the visual tracker became unstable during
the execution phase. However, diﬀerent proofs of stability for the presented combined control
system are not provided in this work. A proof of stability of a null-space compliant tracking
controller, which applies to the null-space motion in the approach phase for a ﬁxed-based
robot, can be found in [Dietrich and Ott, 2019]. A further proof of stability for the combined
system, consisting of the tracking controller plus the state observer, can be found in [Mishra
et al., 2020]. The formulation of a stability proof which also includes the reference trajectory
is ongoing work.

6.2

Future work

In this section, some of the ongoing work, as well as ideas for new mid-term and long-term
goals, in relation to the tasks and methods addressed in this thesis, are outlined.

6.2.1

Motion prediction

The presented inertia and state parameter identiﬁcation results were obtained with some
simplifying assumptions, namely a known center of mass position of the Chaser and Target
and a perfect Chaser orientation. Future work could investigate the eﬀect of the uncertainty in
these quantities, resulting from their identiﬁcation, on the motion prediction results. It is also
perhaps important that the dynamics of a tumbling rigid body becomes chaotic, as soon as
the gravity gradient term is added on the right-hand side of its equations of motion [Wisdom
et al., 1984, Kouprianov and Shevchenko, 2005]. This fact, which applies to artiﬁcial satellites
in Earth orbit, could be investigated, in relation to the possible inﬂuence of chaotic behavior
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on the motion propagations performed here for the parameter identiﬁcation (possibly with
multiple observation phases, see Section 2.7) and for the motion prediction.
The robust motion prediction method based on a Monte-Carlo propagation could be replaced with reachability analysis [Althoﬀ, 2015]. This method is complete and as such could
provides an exact, although conservative, estimate of the region of uncertainty provided in
Chapter 2. Of notice is however the fact that an estimate of the parameter uncertainty would
still be necessary, as accounted for in this thesis.
From a practical point of view, a methodological development that results in a method
which can run autonomously onboard of a spacecraft would be a great contribution to the
autonomous mode of operation. It is in fact clear that both the NLS and the EKF methods
could not run on an on-board computer in their current state of development. The former
would require an internal logic, in order to run without any operator intervention. The EKF
currently requires extensive tuning to achieve optimal performance.
The on-ground experimental validation could be extended with simulation tools. Camera
images can in fact be rendered with ray tracing methods [Lampariello et al., 2015]. These
methods have substantially gained in computational performance in the recent years, thanks
to the use of GPUs. They could be used to run validations of pose estimation algorithms for
a wide range of operational conditions, highlighting those for which the estimation is most
challenging. These particular conditions could then be tested on the hardware facilities, for
better validation results.

6.2.2

Trajectory planning

The methodology presented in Chapter 3 is currently being extended to task spaces of
higher dimensions (from three to six). These task spaces include those for the two tasks
considered here, namely the ball catching and the satellite capture, as well as the Chaser
approach task (see Section 6.1.1). The implementation of the NLP is being improved to make
eﬃcient use of the local modiﬁcation property of B-splines in the computation of the cost
function gradient and constraints Jacobian (the NLopt library is being used, which allows the
user to provide a function which computes the gradients). In the satellite capture task, the
method is also being improved by implementing a partial trajectory mechanism [Betts, 1998],
after which the trajectory is not integrated from t0 to tf for every optimization parameter,
but rather only from ts to tf , where ts is when the optimization variable is introduced. A
second important extension consists in formulating the optimization problem on velocity level,
rather than on acceleration level. This is possible thanks to the fact that external control
actions generally need not be considered, given that the control action on the Chaser-robot
system can be decoupled between that applied to the motion of its center of mass (and the
rotation about it) and that applied to a free-ﬂoating robot motion superimposed on it (as
described in [Giordano et al., 2019], see also Section 1.1). As such, all motion constraints
can be formulated on velocity level, giving a noticeable computational advantage. Finally, a
new machine learning method is being used for the regression task, namely Ridge Regression
with Random Fourier Features (RFF)[Rahimi and Recht, 2007], which presents interesting
properties to be exploited. These include boundedness in space, which implies that the time
required for the prediction is independent of the number of samples in the training set, and
incrementality. In fact, the RFF method easily allows adding new training data points,
without the need to recompute expensive internal function parameters, as is the case for
example for GPRs.
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In the mid-term, alternative optimization methods to the sequential quadratic programming approach used here [Kraft, 1988] should be explored, to possibly reduce the computation
times for the generation of the oﬄine training set and of the online solutions. One of these
alternative methods is sequential convex optimization [Boyd et al., 2004], which can solve
problems in polynomial time and has gained popularity in the last years, see [Schulman
et al., 2014, Mao et al., 2017, Virgili-Llop et al., 2019, Bonalli et al., 2019b] and the references
therein. The method extensions presented in [Mao et al., 2016], based on techniques like
virtual control and trust regions, provide a convergence proof to a stationary point. It is
however important to notice, that the method applies to problems with convex cost functions
and to state transition functions which are convex over the system states and the inputs. The
applications in [Mao et al., 2017, Bonalli et al., 2019b] are more in the domain of the Chaser
approach problem, than in the highly nonlinear domain of the applications considered here.
Both the Chaser approach and the satellite capture applications are addressed in [Virgili-Llop
et al., 2019], for which the guarantee of convergence to a stationary point is however only
provided for the ﬁrst. The optimization procedure is shown to converge to a stationary point
in very few iterations for both tasks, however with a low accuracy (which might not provide
smooth trajectories) and for a three-degree-of-freedom manipulator (which results in an optimization problem with far less local minima). Furthermore, the issue of local minima is not
addressed, since the authors in all of the above papers search for any stationary point for the
given problem, not a (near to) global one.
Other optimization methods which should be explored are the method of direct collocation,
as done in [Zelch et al., 2020] and opposed to the single shooting approach adopted here, and
indirect optimization, as discussed in [Binder et al., 2001] and applied in [Bonalli et al.,
2019b]. One aspect of comparing the single shooting technique with direct collocation, is the
generally recognized faster computations and better convergence behavior of the latter [Binder
et al., 2001]. One concern with this method is for the very large number of variables required
to tailor the inherent algorithms, in view of the subsequent generalization of the solutions
via regression with the large dimension of the solution space. The possible resulting loss in
optimality of the solutions learned in the regression and given as initial guess in the online
setting, might even be in favor of the warm start online procedure, given that a not fully
optimized trajectory might be a better initial guess. As suggested in [Binder et al., 2001]
and also applied in [Bonalli et al., 2019b], the solution of a direct method can be used to
initialize an indirect shooting method. This could bring another computational advantage for
the approach applied in this thesis, if the generalization via regression and the subsequent
warm starting of the online planner, did in fact perform best with a fully optimized trajectory.
The method presented in Chapter 4 to capture a tumbling target satellite assumes a freeﬂoating robot dynamics, which implies that the relative position between the Chaser and the
Target is ﬁxed. The actuation of the Chaser could instead be used eﬀectively to facilitate the
grasping task. In fact, the Chaser could be positioned judiciously with respect to the Target,
such that the Grasping Point is well in reach and easy to grasp. The method presented
in Chapter 3 could therefore be used to determine a database of motions in a relatively
restricted space in front of the robot and for a range of tumbling states of interest, to be
used by a higher-level planner (e.g., the planner for the Chaser approach phase described in
Section 6.1.1), which determines the best relative position in which to perform the grasping
task. The database of motions would determine a task workspace (of six dimensions, equal
to the dimensions of the state of the Target), which the high-level planner could optimally
place over the uncertainty region of the Grasping Point provided by the algorithm presented
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in Chapter 2.
A great drawback in the motion planning for free-ﬂoating robots, compared to that for
ﬁxed-based robots, is the numerical complexity involved in solving the equations of motion,
which results from the non-holonomy of the system. The numerical burden is greatly increased, making the proposed methods very computationally intensive. Although one may
argue that learning a mapping function is only necessary once for a given system and a given
task, it is also true that the number of dimensions of the task space could easily increase
for practical reasons, for example to include the parameters of the load on the end-eﬀector.
As such, in order to increase the tractable number of dimensions of the task space, methods
are required which can solve the dynamics with less eﬀort. More eﬃcient formulations are
currently being developed (see above), as well as novel diﬀerential geometric formulations of
the system dynamics.
A further improvement of the generalization method proposed in Chapter 3 would involve
developing methods for sampling the task space eﬃciently. In Chapter 3 the task space
was sampled uniformly, without making use of the information provided by the solutions in
the training set. A more eﬃcient sampling strategy could take account of the gradient of
the solution parameters with respect to the task parameters (as provided in [Büskens and
Maurer, 2001, Specht et al., 2020]), of the closeness of the solution to motion constraints or
boundaries of the task workspace, or of the sensitivity of the cost function to the trajectory
state (equivalently, the co-states). The latter point was shown to be beneﬁcial in [Zelch et al.,
2020], where optimal trajectories were eﬃciently used to train a control policy using Gaussian
processes.
It is also of great interest to develop new methods which can provide guarantees of convergence for a given generalization via regression. The results in this thesis are statistical
in nature, whereas a future goal could be to provide a complete method, with 100% success
rate of the online planner. An approach to achieve this result could be to use the Sensitivity
Theorem [Büskens and Maurer, 2001] [Gerdts, 2011], which states that for a given solution to
a parametric optimal control problem (the parameter here is a task space parameter), there
exists a neighborhood in the parameter space in which the solution is valid. The recent work
in [Specht et al., 2020] presents a method to estimate the size of this neighborhood, which in
turn allows to estimate the number of necessary solutions to fully cover a given task space.
However, given the conservative nature of these estimates, it is not yet clear if they can provide a computationally tractable method for problems of interest. A second useful outcome
of the Sensitivity Theorem is the possibility to compute sensitivity-based updates of solutions
in the vicinity of a given nominal solution [Büskens and Maurer, 2001] [Gerdts, 2011]. This
is to the advantage of the online methods presented in this work, which instead decrease the
accuracy of the optimizater to meet the online runtime requirements (see Section 4.3.5).
One other aspect which was not addressed explicitly in this thesis is the treatment of
robot singularities. Motion constraints were posed on the joint velocities, which are known
to grow indeﬁnitely in the vicinity of a singularity. This fact can pose a problem for gradientbased optimizers, given that the gradient of these constraint functions become ill-behaved
(highly non-linear and very sensitive). Furthermore, given the fact that the NLP results
from a time discretization of the optimal control problem at hand, a solution provides no
guarantee that a singularity is not present between two discretization points. The problem of
representing singularities is particularly complicated for a free-ﬂoating robot, for which they
not only depend on the given robot conﬁguration, but also on the path taken to reach it and
on the mass distribution of the system [Papadopoulos and Dubowsky, 1993]. However, a new
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method was recently developed in [Calzolari et al., 2020] which generates singularity maps for
general free-ﬂoating robots, to support gradient-based trajectory planning. With such maps,
the singularity problem can be treated as a collision avoidance problem, to the advantage of
the feasibility and convergence rate of the optimizer. Furthermore, the use of formal methods
provides guarantees on the absence of singularities in the singularity-free areas of the map.
The results in [Calzolari et al., 2020] are only preliminary and require further developments
for their implementation in real-world scenarios.
The same idea of generalization of the mapping between a task space and an optimal
solutions space was applied to the generation of walking gaits of a humanoid robot in [Werner
et al., 2012] [Werner et al., 2014] [Werner et al., 2015]. It is also currently in implementation
for the task of planning the approach maneuver of a Chaser to a very large tumbling Target
(including collision avoidance as primary nonlinear motion constraint), stemming from the
motion planning method in [Stoneman and Lampariello, 2016], as also described above. For
both these applications, there exist task spaces of tractable dimensions. It must however be
pointed out that the proposed method is strongly dependent on a faithful dynamic model
of the system at hand, without which satisfaction of dynamic motion constraints cannot be
guaranteed. It is also important to realize that any model ideally needs to be of class C 2 , for
correct applicability of gradient-based optimization. However, there are many robot systems
for which such a model is not available and is also hard to identify. Examples are the Barrett
WAM arm [Ting et al., 2006], the DLR David robot arm [Grebenstein et al., 2011], and even
a free-ﬂying (or free-ﬂoating) space robot, if including propellant sloshing [Rackl et al., 2013,
Rackl and Lampariello, 2014, Rackl et al., 2018]. For some of these cases, a judicious model
approximation might suﬃce, as for the free-ﬂoating space robot with propellant sloshing, for
which the dynamic interaction between the robot motion and the propellant in the satellite
task is expected (but not yet proven) to be small. For the others, new motion planning
methods are necessary which can handle the strong model uncertainties. These methods
could be combined with approaches based on the learning of the models directly from raw
data for purpose of control [Nguyen-Tuong and Peters, 2011, Becker-Ehmck et al., 2020].
Other approaches could involve planning with model mismatch [Singh et al., 2018].
The use of optimal motion planning to provide motions to teach a robot a given task is
indeed an attractive idea. Teaching motions with human demonstrations is a very valuable
way for non-expert users to teach tasks to robots [Koert et al., 2016]. For very dynamic tasks,
this approach might however be limited by the capacity of the human teacher. An attractive
alternative approach is as such the “teach-by-optimization” paradigm. In this paradigm, an
optimal motion planner provides feasible optimal paths for the given system, for the complete
range of task parameters of interest. This paradigm is demonstrated in Chapter 3 for the ball
catching task. Humans may better accept and interact with a robot, if the robot moves in an
appropriate manner. This implies using ideas like intrinsic passive compliance for the contact
case [Grebenstein et al., 2011], but also possibly energy-eﬃcient, strictly feasible trajectories
throughout. Recent examples of the development of the “teach-by-optimization” paradigm
can be found in [Tang and Hauser, 2019, Lembono et al., 2020].

6.2.3

Trajectory tracking

In the applicative example of the satellite capture, the tracking controller deviates from
the reference trajectory, as shown in Chapter 5. To be more precise, it tracks the reference
trajectory expressed in the Target body frame (which is independent of any uncertainty in
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the Target motion prediction), but, as a result, it deviates from the same trajectory expressed
in inertial space and in the robot joint space (which depends on the uncertainty in the Target
motion prediction). In Chapter 5 it was assumed that the deviation is small, such that the
feasibility with respect to the motion constraints is maintained. This assumption is however
not really justiﬁed. Referring again to Fig. 1.5 in Section 1.2.4, we notice in fact that a
deviation of the end-eﬀector trajectory in the opposite direction to the one shown, would
have lead the robot to falling into the singularity. It is for this reason that methods which
provide a neighborhood of validity of a given optimal trajectory are an absolute necessity, to
make full use of (near to) global NLP solutions for control purposes.
In this thesis a method is presented which provides the degree of uncertainty for the ﬁnal
position of the Grasping Point on the free-tumbling Target. As mentioned in the sections
above, a method was presented in [Stoneman and Lampariello, 2016] to compute trajectories
for the related Chaser approach maneuver. This method however, does not provide any
guarantees of feasibility for the uncertainty in the ﬁnal position of the Grasping Point. A
method was instead developed and presented in [Buckner and Lampariello, 2018], based on
the theory of tube-based MPC, which provides guarantee of convergence for tracking the
reference trajectories, for a given uncertainty in the ﬁnal position of the Grasping Point. The
control problem treated in [Buckner and Lampariello, 2018] is however linear, given that only
the translational motion of the Chaser is considered, and does not apply to the robotic tasks
addressed in this thesis. As such, a natural extension of the work in this thesis and future great
challenge is the development of optimal motion planning methods which provide guarantees
of feasibility for robotic multibody systems engaged in tasks with (strong) nonlinearities and
in the presence of uncertainties.
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