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Kurzfassung

An English version is provided on the next double page.

Das Konzept der immersiven Teleprédsenz sorgt bereits seit Jahrzehnten fiir Faszination in verschiedenen
Bereichen, darunter Wissenschaft, Ingenieurwesen und Kunst. Dank jlingster Entwicklungen im
Bereich der sogenannten Head-Mounted Displays ist es inzwischen moglich, tduschend echt aussehende
virtuelle Umgebungen zu schaffen. Allerdings stellt die Erzeugung von haptischem Feedback nach wie
vor eine Herausforderung dar. Insbesondere kinésthetisch-haptisches Feedback, welches Krifte und
Drehmomente auf den Korper der benutzenden Person ausiibt, ist durch die Fihigkeiten existierender
haptischer Schnittstellen im Hinblick auf die Grofle des Arbeitsraumes, die Anzahl und Ausnutzung
der Freiheitsgrade sowie die Erzeugung von Kriften und Drehmomenten beschrénkt.

Eine ideale kindsthetisch-haptische Schnittstelle, die dem Konzept der sogenannten Encountered-Type
Haptic Displays folgt, ermdglicht es der nutzenden Person frei zu entscheiden, wann haptisches
Feedback durch Beriihren des Endeffektors der Schnittstelle erwiinscht ist. Dadurch entfillt die
Notwendigkeit einer dauerhaften mechanischen Verbindung, was zu einer Steigerung des erreichbaren
Immersionsgrades fiihrt. Dariiber hinaus sollte die Menge der moglichen Interaktionen im Idealfall
ausschlieBlich durch das dargestellte Objekt und nicht durch die Schnittstelle selbst beeinflusst werden.
In Anlehnung an diese Vision prisentiert diese Dissertation HapticGiant als neuartige, bodengebundene
kindsthetisch-haptische Schnittstelle, welche die Darstellung von digitalen Zwillingen mit einer sehr
hohen haptischen Wirklichkeitstreue in einem sehr grolen Arbeitsraum ermoglicht.

Im Hinblick darauf prasentiert der erste Teil der vorliegenden Arbeit ein neues, optimierungsbasier-
tes Designverfahren, das die kinematischen und dynamischen Eigenschaften des durchschnittlichen
menschlichen Arms beriicksichtigt, um das erreichbare Niveau der haptischen Transparenz eines Mani-
pulators mit sechs aktuierten Freiheitsgraden und einem griffformigen Endeffektor zu maximieren.
Durch Kombination mit einer zweidimensionalen Vorpositioniereinheit resultiert ein Konzept, welches
einen raumgroflen Arbeitsbereich sowie die natiirliche Fortbewegung der nutzenden Person ermdglicht.
Basierend darauf wird die Konstruktion eines voll funktionsfahigen Prototyps inklusive Sensorik, Akto-
rik und Einrichtungen der funktionalen Sicherheit beschrieben. Die resultierende Hardware-Plattform
wird erginzt durch das speziell fiir HapticGiant entwickelte Real-Time Control Framework (RTCF).
Dariiber hinaus wird eine eigens entwickelte, echtzeitfahige Simulation vorgestellt, die Effekte wie die
Coulomb-Reibung und die endliche Steifigkeit der Gelenke inkludiert.

Aufbauend auf dieser Plattform beschiftigt sich der zweite Teil der Arbeit mit der haptischen Darstel-
lung von digitalen Zwillingen. In diesem Zusammenhang wird eine neuartige Kraftregelung basierend
auf hierarchischer Optimierung prisentiert. Diese ermoglicht das dynamisch konsistente Rendering von
seriellen kinematischen Ketten bei intrischer Beriicksichtigung von HapticGiants Hardwaregrenzen und
der Gelenkgrenzen des digitalen Zwillings. Die Leistungsfahigkeit der Regelung wird mit einer Reihe
von Experimenten belegt, welche die Bestimmung von Metriken des Haptify-Benchmarks umfassen.
Die zugrundeliegenden Folgeregler auf Gelenkebene profitieren von moglichst genauer Kenntnis der
Gelenkpositionen, -geschwindigkeiten und -beschleunigungen. Daher wird eine neue Methode zur
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Fusion der Daten von Gelenkencodern und Inertialsensoren prisentiert, die weder auf Kalibrierung
noch auf spezielle Sensorkonfigurationen angewiesen ist. Experimente bestitigen die Wirksamkeit
der vorgeschlagenen Methode, solange die Messwerte von Gelenkencodern und Inertialsensoren
konsistent sind. Die daraus entstehende Frage nach der optimalen Sensorkonfiguration wird durch
eine neuartige, experimentell validierte Methode zur Bestimmung der optimalen Sensorkonfiguration
beantwortet, welche auf dem Prinzip der Beobachtbarkeit in Verbindung mit der Berechnung des
erwarteten Messbereichs von Inertialsensoren beruht.

Der dritte und letzte Teil der Arbeit erforscht wie eine dynamische Repositionierung des Endeffektors
von HapticGiant bewerkstelligt werden kann, um eine unterbrechungsfreie Darstellung von mehreren
digitalen Zwillingen zu realisieren. Hierfiir wird der durch die nutzende Person anvisierte digitale Zwil-
ling mithilfe einer neuartigen Intentionsschiitzung auf Basis rekurrenter neuronaler Netze vorhergesagt.
Die resultierende Genauigkeit ist vergleichbar mit dem Stand der Technik, ohne jedoch abhingig
von vordefinierten Szenarien oder manuell ausgewdhlten Merkmalen zu sein. Fiir die Verarbeitung
der geschétzten Intention wird eine neuartige Strategie zur Pfadplanung vorgeschlagen, welche als
Erweiterung von roadmap-basierter Pfadplanung betrachtet werden kann und deutlich reduzierte Re-
chenzeiten bei dhnlicher Pfadqualitiit aufweist. In Kombination mit einer eigens entwickelten Methode
zur Umwandlung von Pfaden in Trajektorien werden gleichmifige und dennoch reaktive Bewegungen
erzielt, die Hindernisse und wechselnden Intentionen mit einbeziehen.

Insgesamt ermdglichen die vorgestellten Technologien und Methoden die Errichtung von vielseitig
einsetzbaren kinésthetisch-haptischen Schnittstellen, die Zugang zu einem bisher unerreichten Grad an
Immersion in Teleprisenzanwendungen bieten. Dariiber hinaus kdnnen die in dieser Arbeit gewonnenen
Erkenntnisse zur Losung von verschiedenen Herausforderungen in der Robotik herangezogen werden,
darunter Design, Regelung und Zustandsschitzung von Manipulatoren.



Abstract

The concept of immersive telepresence has fascinated researchers, engineers, and artists for decades.
With recent developments in head-mounted display technology, it is now possible to create deceptively
real-looking virtual environments. However, generating realistic haptic feedback remains a challenge.
In particular, kinesthetic haptic feedback, which exerts forces and torques on the user’s body, is limited
by the capabilities of existing haptic interfaces in terms of workspace size, dexterity, and force-torque
output.

Following the concept of encountered-type haptic displays, the ideal kinesthetic haptic interface
allows the user to initiate and release contact with the end effector of the interface whenever desired,
eliminating the need for a permanent, and thus immersion-limiting, physical connection. In addition,
the set of feasible user interactions should, in an ideal case, be constrained solely by the object being
rendered and not by the interface itself. Guided by this vision, this thesis presents HapticGiant, a novel
very-large-scale grounded kinesthetic haptic interface that enables the creation of digital twins with a
very high degree of haptic realism.

The first part of this thesis proposes an optimization-driven design method that considers the kinematic
and dynamic properties of the average human arm to maximize the achievable level of haptic trans-
parency for a manipulator with six actuated degrees of freedom and a handle-shaped end effector. In
combination with a two-dimensional prepositioning unit, the resulting design enables a room-sized
workspace and natural user locomotion. Based on this concept, the construction of a fully functional
prototype with details about instrumentation, actuation, and functional safety is presented. The resulting
hardware platform is complemented with the introduction of Real-Time Control Framework (RTCF),
which was specifically developed for HapticGiant. Moreover, a custom, real-time-capable simulation
environment, featuring effects such as Coulomb friction and finite joint stiffness, is introduced.

With this infrastructure in place, the second part of this thesis deals with the haptic representation
of digital twins. In this context, a novel closed-loop force controller based on hierarchical quadratic
programming is proposed. This controller enables the rendering of serial kinematic chains in a
dynamically consistent manner by intrinsically considering HapticGiant’s hardware limitations as well
as the joint limits of the digital twin. The effectiveness of the proposed control scheme is successfully
demonstrated in a series of experiments that include the evaluation of metrics from the Haptify
benchmarking method. The underlying low-level joint tracking controllers benefit from accurate joint
position, velocity, and acceleration estimates. Therefore, this thesis proposes a novel method for
fusing joint encoder measurements with data from inertial sensors without relying on calibration or
specific sensor configurations. Experiments confirm that the proposed method is effective, provided
that the readings from the encoders and inertial sensors are consistent. The emerging question of
the optimal inertial sensor configuration is answered using a novel, experimentally validated sensor
placement procedure that is based on the concept of observability and the computation of the expected
measurement range of inertial sensors.
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The third and final part of this thesis explores how HapticGiant’s end effector can be dynamically
repositioned to render multiple digital twins without disrupting the user experience. To achieve this
goal, the user’s targeted digital twin is predicted using a novel intention estimation method based on
recurrent neural networks. Results show that this approach achieves prediction accuracies comparable
to state-of-the-art methods, without relying on predefined scenarios or hand-crafted features. To
process the intention estimation output, a novel path planning method based on an extension to
roadmap-based path planning is proposed, facilitating superior planning times without sacrificing path
quality. Combined with a custom path-to-trajectory conversion, this results in smooth and reactive
motions that incorporate obstacles and changing user intentions.

Overall, the presented technologies and methods enable the creation of highly versatile kinesthetic
haptic displays, paving the way for an unprecedented level of immersion in telepresence applications.
Beyond the scope of HapticGiant, the insights gained in this thesis also provide valuable solutions to a
number of challenges in robotics, including manipulator design, control, and state estimation.



Notation

General Conventions

[7] Regular reference with number 2

[D7] Reference to datasheet with number ¢

[O1] Reference to the author’s publication with number ¢
[Si] Reference to supervised student thesis with number 7
O Vector

O Matrix

ar Transpose of matrix or vector

Qe Entity designated with a

04 Resolving frame A

Upgc Reference frame B and object frame C
Oe Object frame C

O Measured quantity

[ Estimated quantity

0* Optimal value

U i-th element of a vector

Ui, 41 Element in row ¢ and column j of a matrix
Uicj, Rows ¢ to j of a matrix

101, p-norm of a vector

[Ox] Skew-symmetric matrix of a vector

Uemd Commanded setpoint

Ueomp Friction compensated setpoint

Uais Dissipative term

Oari Driving term

O Lower bound

Cref Reference value

Uub Upper bound

O, n-dimensional zero vector

0, xm n-by-m zero matrix

1, n-dimensional one vector

L,«n n-by-n identity matrix

N ( ,u,E) Normal distribution with mean p and covariance %
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Notation

Variables

[N gg I Hpﬂlﬂ-wl\z ngwﬁﬁmgg 3 Zlg ‘NN‘S%;E'Q‘\H'&OSQQ'Q WIO'IQ

DE N R LR D

Linear acceleration

Sensor bias

Diagonal load-side joint rotor inertia matrix

Bias term in the equation of motion for serial kinematic chains
Sensor configuration

Set of feasible sensor configurations

Rotation matrix

Gaze direction

Matrix whose columns represent the principal axes of an ellipsoid
Force

Gravitational acceleration

Kinematic Hessian

Objective

Kinematic Jacobian of output quantity o

Diagonal joint stiffness matrix

Link lengths or acceleration bounds

Torque

Generalized inertia matrix

Number of joints or number of targets

Number of accelerometers

Number of gyroscopes

Probability

Parameter vector or probability vector

Generalized (load-side) joint positions

Set of joint configurations for reaching an end effector pose
Rotation axis

Time

Translation axis

Set of reference trajectories

Homogeneous transformation composed of rotation and translation
Linear velocity or measurement noise

Wrench composed of force and torque or process noise

Set of workspace poses

Linear position or system state

Measurement

Rotation angle

Angular acceleration

Sample time

Motor-side joint positions

Twist composed of linear and angular velocity
Generalized joint torques

Angular velocity

Skew-symmetric matrix of an angular velocity
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XI

Frames

Frame of accelerometer ¢

Base frame of haptic manipulator
Center of mass frame

End effector frame of digital twin
Shoulder frame

Frame of gyroscope ¢

End effector frame of haptic manipulator
Elbow frame of haptic manipulator
Palm frame

Base frame of prepositioning unit
Base frame of digital twin

Sensor frame

Frame of target ¢

User frame

World frame

.

SCHuTTESNTQQANQOW

Link start frame of link ¢
€ Link end frame of link ¢

&

Other Designators

a Kinematic chain of the digital twin
h Human arm

m Manipulator (revolute joints)

p Prepositioning unit (prismatic joints)



XII Notation

Abbreviations

ABA Articulated body algorithm

ADL Activities of daily living

AR Augmented reality

CAD Computer-aided design

CpPU Central processing unit

CRBA Composite rigid-body algorithm
DH Denavit-Hartenberg

DOF Degree of freedom

DT Digital twin

EKF Extended Kalman filter

ETHD Encountered-type haptic display
FCL Flexible Collision Library

GPU Graphics processing unit

HAIR Head-mounted AR intention recognition
HMD Head-mounted display

HMM Hidden Markov model

HQP Hierarchical quadratic programming
IMU Inertial measurement unit

KF Kalman filter

LSTM Long short-term memory

NN Neural network

OROCOS Open Robot Control Software

PD Proportional-derivative

PDO Process data object

PI Proportional-integral

PID Proportional-integral-derivative
PLC Programmable logic controller
PMSM Permanent-magnet synchronous motor
PoMD Principle of maximum dissipation
PPU Prepositioning unit

QP Quadratic programming

RMS Root mean square

RMSE Root mean square error

RNEA Recursive Newton-Euler algorithm
ROS Robot Operating System

RRT Rapidly-exploring random tree
RTCF Real-Time Control Framework
S2KF Smart sampling Kalman filter
SCARA  Selective compliance assembly robot arm
SEA Series elastic actuator

SGE System Generation Engineering
SNR Signal-to-noise ratio

SVD Singular value decomposition
TCP Tool center point

TE Target environment

UE User environment

URDF Unified Robot Description Format
VR Virtual reality
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Nothing happens unless first we dream.

CARL SANDBURG (1878 — 1967)

Highly immersive telepresence, i.e., the strong feeling “of presence within a physically remote or
simulated site” [1], has been envisioned by humanity for more than four decades. Notable examples
in literature include the Metaverse in Snow Crash (1992), the virtual world OASIS in Ready Player
One (2012), the Mirrorspace in Drone State (2014), and the Ludorama in Qube (2020). This interest
extends to film and television, including the digital world in Tron (1982), the Holodeck in the Star Trek
series (1988), the remote controlled robots in Surrogates (2009), and the simulation in the recently
released The Peripheral series (2022). All of these occurrences have in common that they create a
convincing illusion of reality for the protagonists by providing haptic and visual sensations.

In recent years, major breakthroughs in the field of head-mounted displays (HMDs) have led to
consumer-grade virtual reality (VR) and augmented reality (AR) hardware, such as Oculus Rift (2013),
HTC Vive (2016), Microsoft Hololens 2 (2019), Magic Leap 2 (2022), Meta Quest 3 (2023) and Apple
Vision Pro (2024). With these devices, the creation of deceptively real-looking virtual environments
is no longer science fiction, but technological reality. As a result, commercial interest in telepres-
ence continues to grow. Notable examples include Facebook’s rebranding to Meta [2] and Apple’s
announcement to create a new product category [3], both betting on the rise of VR and AR technology.

While the human eye is the only organ for visual perception, the sense of touch is distributed over the
whole body and produces a wide variety of sensations that can be grouped into tactile and kinesthetic
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Figure 1.1: HapticGiant with a user wearing an HMD.

sensations [4—6]. Tactile sensations are caused by cutaneous receptors that detect how an object affects
our skin. For example, we sense mechanical deformation or temperature changes at our fingertips,
from which we can infer the surface properties of the object being touched. In contrast, kinesthetic
sensations arise from the perception of positions and forces exerted on muscles, tendons, and joints.
This taxonomy is also commonly used to classify haptic devices.

Compared to the visual aspect, the technology for haptic feedback is still in a stage of intensive research,
as there is no device yet that can cover all haptic sensations a human might experience. On the tactile
side, progress has been made with the widespread adoption of low-dimensional vibrotactile feedback
in consumer electronics, such as handhelds and displays [7]. Beyond that, more and more tactile
technologies are transitioning from the research stage to the product stage [8,9]. On the kinesthetic
side, commercial devices have been around for several decades. Their applications include precision
surgery, rehabilitation, training, computer-aided engineering, and nuclear material handling [6, 10, 11].
With recently developed hardware, kinesthetic feedback in the form of haptic gloves is also becoming
affordable for consumers [12].

To achieve a high degree of immersion, the visual and haptic sensations must be coherent. With
existing systems, this already works well on small scales [13, 14]. However, current solutions cannot
maintain the illusion once the user interacts at room-scale. For example, imagine a user that intends to
leave a virtual room by walking through an initially closed door. With the current HMD technology,
a real-looking view of the door is rendered for the user. However, the user experience is disrupted
as soon as the user tries to open the door if no haptic feedback is available, as this requires reaching
for the door handle in the void or pressing a controller button. This situation can be improved by
employing a haptic exoskeleton. In this case, a more natural interaction with the door handle is
enabled, but the displayed forces are passed onto the user through the carrying system, creating a
self-tapping on shoulder sensation. Aside from that, exoskeletons must be fastened and adjusted in a
time-consuming procedure before use. A better alternative are grounded kinesthetic haptic interfaces,
but these are usually designed to be held continuously, also causing an unnatural, non-immersive
feeling. Furthermore, their workspace is usually too small to cover the user’s full range of motion, let
alone scenarios where the user is locomoting and can choose between different doors or other targets.

With this in mind, the overall goal of this thesis is to overcome the described limitations of existing
kinesthetic haptic interfaces by presenting HapticGiant — a novel, very large-scale kinesthetic haptic
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Haptic manipulator

HMD

Figure 1.2: Illustration of the DT scheme. The visualization of the DT (red) on the HMD (black)
matches the haptic representation provided by the haptic manipulator (blue).

interface. To achieve this goal, the prototype shown in Figure 1.1 is explained, suitable control concepts
are proposed, and the application in immersive telepresence scenarios, which require the simultaneous
rendering of multiple objects, is explored. With the resulting system, the user in the above example
can interact with HapticGiant’s end effector as if it was the handle of a physical door that can be
encountered whenever desired. As a result, an unprecedented level of immersion can be achieved in a
broad range of scenarios with one or multiple tangible objects.

In the remainder of this chapter, one of the application scenarios for HapticGiant is elaborated in
Section 1.1. Afterwards, related work is presented in Section 1.2, followed by the contributions of this
thesis in Section 1.3. Finally, the structure of the remaining document is outlined in Section 1.4.

EE] The Concept of Digital Twins

In this thesis, the feeling of telepresence is achieved using the concept of digital twins (DTs), which
is also known as “what you can see is what you can feel” [13]. Formally, this means that the haptic
rendering must be aligned with the visual rendering on the HMD to achieve a consistent scene
representation for the user. For simplicity, the objects that are rendered with HapticGiant in the context
of this thesis are limited to serial kinematic chains. This motivates the illustration in Figure 1.2.

With this setup, the user is able to manipulate or interact with objects in a virtual or remote environment,
hereinafter referred to as the target environment (TE), while physically being located in the so-called
user environment (UE). For instance, the user can be led to believe that the door in Figure 1.3a
is actually real because its DT looks and feels like a real door, including actions such as grasping
the handle, opening, and traversing. Likewise, a downscaled model of an excavator, as shown in
Figure 1.3b, can be presented to the user for simulation, training, or teleoperation purposes.

E¥] Related Work

In the following, related kinesthetic haptic interfaces are reviewed in Section 1.2.1. In addition, so-
called encountered-type haptic displays are presented in Section 1.2.2, as HapticGiant also contributes
to this category. It is important to note that this thesis deals with issues from different disciplines
in order to achieve the intended goal. For this reason, further related work will be discussed in the
respective chapters.
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(a) Door. (b) Excavator.

Figure 1.3: Exemplary DTs. Taken from [O1].

m Kinesthetic Haptic Interfaces

Hand-held and wearable kinesthetic haptic interfaces offer superior workspace properties, but they add
significant weight that must be carried, and, as mentioned above, generate reaction forces that are felt
at the attachment points of the device [15]. For this reason, only grounded kinesthetic haptic interfaces
are considered in the following. To further reduce the number of devices, the interactive Haptipedia
library [16] was used to find existing devices that have a large workspace. From these, all systems
that can be considered outdated, i.e., older than 25 years, were filtered out. The remaining devices are
shown in Figure 1.4 and supplemented by three additional devices from the literature, including the
device in Figure 1.4d, which can be considered as one of the ancestors of HapticGiant.

The corresponding device properties in Table 1.1 reveal that all of the devices have at least one of the
following drawbacks:

* The end effector has less than six actuated Cartesian degrees of freedom (DOF), which imposes
substantial constraints on the choice of objects that can be rendered.

* The device has not been designed with the capabilities of the human arm in mind and, thus,
limits the achievable range of motion during the interaction with DTs.

* The workspace is still small and does not support natural locomotion of the user as required for
room-scale DTs, such as the door in Figure 1.3a.

On top of that, there is no consistent treatment of joint limits, Cartesian limits, and singularities in
the force control scheme of the mentioned devices. As a result, only selected limits are intrinsically
respected by the control scheme at best. This means that additional post-processing steps or mechanical
stops are required to guarantee basic functional safety. If neither of these measures is implemented,
the safe operation depends on the application or, in the worst case, on the user, which is not acceptable
for a general-purpose haptic interface.

m Encountered-Type Haptic Displays

The concept of DTs is closely related to that of encountered-type haptic displays (ETHDs). According
to the definition in [14], “an Encountered-Type Haptic Display is a device capable of placing a part
of itself or in its entirety in an encountered location that allows the user to have the sensation of
voluntarily eliciting haptic feedback”. To achieve this functionality, a so-called surface display [14],
which is a rigid object in its simplest form, is dynamically positioned within the user’s workspace



1.2 Related Work 5

k

(a) HapticMaster, (b) VISHARDI10, (c) Brake-actuated manip-  (d) HapticGiant’s ancestor,
2003 [17]. 2004 [18,19]. ulator, 2006 [20,21]. 2006 [22,23].

R

(e) Macro-mini-actuated (f) Haption INCA 6D, (9) DLR bimanual haptic ~ (h) Haption Scalel™,
manipulator, 2009 [25]. device, 2011 [26]. unknown [D1].
2008 [24].

Figure 1.4: A selection of grounded kinesthetic haptic interfaces with a very large workspace.

# of active DOF  # of passive DOF ~ Human- User.
centric locomotion
Figure Device Trans.  Rot.  Trans. Rot. design possible
1.4a HapticMaster [17] 3 0 0 0 X X
1.4b  VISHARDIO [18,19] 3 3 0 0 X X
1.4c Brake-actuated manipulator [20,21] 3 0 0 3 X X
1.4d HapticGiant’s ancestor [22,23] 3/2 0 0 1 X v
1.4e Marco-mini-actuated manipulator [24] 3 0 0 0 X X
1.4f  Haption INCA 6D [25] 3 3 0 0 X X
l.4g DLR bimanual haptic device [26] 3 3 0 0 v X
1.4h  Haption Scalel™ [D1] 3 3 0 0 X )
1.1 HapticGiant 3 3 0 0 v v/

Table 1.1: Selected properties of the devices from Figure 1.4. For comparison, the properties of
HapticGiant are given in the last row.
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to provide haptic feedback that mimics a tangible object, but only when necessary. Given the above
definition, DTs can be considered as one of the components for developing ETHDs that are built upon
kinesthetic haptic interfaces. In this case, the configuration of a particular DT that the user intends to
interact with is reflected by the pose of the end effector of the haptic interface. The end effector itself
represents the surface display, e.g., a handle in the previously introduced door example.

In the past, various ETHDs have been presented in the literature [14]. For the sake of brevity, only
those covering room-scale workspaces will be reviewed below. Devices that meet this criterion can be
divided into ungrounded and grounded devices. In the former category, flying devices, wearables, and
mobile platforms can be distinguished.

For example, HapticDrone [27] is a system that utilizes an unmanned aerial vehicle to simulate the
weight and stiffness of a virtual object in the direction of gravity. In this way, a superior workspace
size is achieved, but the ability to display haptic feedback is limited to one dimension. A wearable
ETHD is realized in EncounteredLimbs [28], where a shoulder-mounted manipulator with a plate at its
end effector is used to render flat surfaces, such as walls, in front of the user. Again, this approach has
a superior workspace size, but it suffers from the previously mentioned limitations of exoskeletons. A
noteworthy example of an ETHD with a mobile platform is the RoomShift system [29], which uses a
swarm of mobile robots to transport props, such as tables, chairs, and wall pieces. The same concept is
adopted by ZoomWalls [30] to reposition movable wall elements at room-scale. Both systems share the
disadvantages that the movement of the props is limited to the ground plane and that the objects cannot
be manipulated by the user. To mitigate the former, a robotic manipulator can be inserted between the
prop and the mobile platform. An example of this is the CoboDeck system [31], which can place props
anywhere in 3D space. However, this system does not implement the ability to manipulate the props
either, which is necessary to realize the type of DTs described in Section 1.1.

Unlike ungrounded ETHDs, most of the existing grounded ETHDs [14] that are qualified for rendering
DTs have a workspace size that is insufficient for room-scale scenarios. A rare exception to this
is CoVR [32], which consists of a solid column that is moved across a room by a gantry crane in
order to provide haptic sensations such as pushing or leaning. Like Roomshift and ZoomWalls, the
column cannot be moved in 3D space or manipulated by the user, making CoVR equally unsuitable for
rendering DTs. Other noteworthy systems are the predecessors of HapticGiant [22, 33], but these have
never been used as ETHDs. In addition, both systems have too few DOF to display arbitrary DTs.

m Challenges and Contributions

This section outlines the main challenges and contributions of this thesis. The field of kinesthetic
haptics is quite broad. For this reason, some interesting topics, such as teleoperation and low-level
control, are explicitly excluded from the scope of this thesis.

EEE] Large-Scale Kinesthetic Haptic Interfaces

Challenge: As seen in Section 1.2.1, there is no kinesthetic haptic interface with a very large workspace
and six actuated Cartesian DOF that is sufficient to render DTs in an ETHD at room-scale. On the one
hand, this is due to the fact that the design of a particular kinesthetic haptic interface is usually based
on the designer’s experience rather than on a systematic approach, especially for dimensioning. As a
side effect, kinesthetic haptic devices are usually not adapted to the unique properties of the human
arm. On the other hand, most of the existing kinesthetic haptic interfaces have not been designed with
a locomoting user in mind. Beyond that, existing haptic systems were created using very specialized
tools rather than state-of-the-art robotic building blocks. Although this can be explained by the special
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requirements, such as high sampling rates, it results in limited applicability of well-established tools
for standard problems in robotics, ultimately reducing the accessibility of the technology to researchers
and engineers.

Contribution: This thesis contributes a fully functional prototype of HapticGiant, which is a novel
kinesthetic haptic interface with a total of eight DOF. In contrast to existing interfaces, HapticGiant
has a room-scale workspace and still achieves a very high force-torque output. For the conception,
a novel optimization-driven dimensioning method was developed. This method ensures that the
resulting design matches the kinematic and dynamic properties of the human arm to achieve good
haptic transparency for all feasible user interactions. As a result, HapticGiant enables Cartesian motion
with six DOF within a walkable workspace and, thus, paves the way for innovative telepresence
applications in engineering, entertainment, safety, and many other fields with an unprecedented level of
immersion. The entire platform can be treated like any other robotic system, making it easily accessible
to developers and external components. To achieve this, a novel real-time-capable control framework
and a realistic, but also real-time capable simulation environment are presented as part of this thesis.

m Haptic Rendering of Serial Kinematic Chains

Challenge: HapticGiant needs to generate appropriate forces and torques for the rendering of DTs.
A variety of impedance- and admittance-based force control schemes are available for this purpose,
but most of them are unable to directly render arbitrary serial kinematic chains, in particular when the
kinematic chain to be rendered has joint limits. Furthermore, to the best of the author’s knowledge,
there is no method for rendering DTs that simultaneously accounts for all mechanical limitations of
the haptic manipulator. Most control schemes benefit from a good estimation of the kinematic state,
which consists of joint position, velocity, and acceleration. Traditionally, this state is calculated using
numerical differentiation and smoothing, but this leads to noise amplification and/or time delays. There
are some methods that incorporate data from inertial sensors to improve this situation; however, these
rely on specific sensor setups or extensive calibration.

Contribution: This thesis presents a novel force control scheme based on hierarchical quadratic
programming (HQP) for the rendering of arbitrary serial kinematic chains in DT scenarios. Compared
to existing schemes, the limits of the rendered kinematic chain as well as the joint limits, singularities,
and Cartesian limits of the haptic manipulator are jointly included as prioritized constraints in a
single optimization problem. This enables HapticGiant to function as a highly immersive ETHD. To
improve the kinematic state estimation, a novel sensor fusion method that combines measurements
from encoders and inertial sensors is proposed. In contrast to existing approaches, this method does
not depend on calibration or specific sensor configurations. Motivated by these simplifications, the
state estimation is complemented by a novel optimization-driven method for placing inertial sensors
along a kinematic chain, which also takes into account measurement ranges.

EEE] Rendering of Multiple Digital Twins

Challenge: When used as an ETHD, HapticGiant’s workspace is large enough to accommodate
multiple DTs at the same time. For a disruption-free and immersive user experience, the end effector
of the interface must be correctly positioned before the user makes contact with any of the DTs. To
realize this, the intention of the user must be inferred from the available sensor and scenario data.
HapticGiant must then adjust its configuration in a timely but collision-free manner to reach an end
effector pose that suits the intention of the user. Existing ETHDs also perform these steps, but very
often in a primitive way, e.g., using a nearest neighbor method. Moreover, state-of-the-art approaches
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Figure 1.5: Graphical outline. Equally shaded boxes match the subsections of Section 1.3.

cannot be transferred to HapticGiant due to its higher system complexity compared to other ETHD
platforms.

Contribution: To address this challenge, this thesis introduces a novel method for intention estimation.
Unlike existing solutions, the proposed intention estimation algorithm can handle a variable number of
DTs at mutable positions without relying on hand-crafted features. The estimated intentions are then
processed in a tailored intention-based motion planning strategy in order to display multiple DTs. The
basis for this is a novel path planning algorithm that separates the high-dimensional and slow path
planning problem into two simpler problems to achieve responsive and collision-free behavior without
significant loss of quality compared to state-of-the-art methods. Furthermore, suitable concepts for the
path-to-trajectory conversion and the processing of the estimated intentions are presented to complete
the motion planning strategy.

m Outline

The structure of this thesis is illustrated in Figure 1.5. After this introductory chapter, Chapter 2 briefly
explains the notation and key theoretical foundations. The remaining chapters are dedicated to the
challenges and contributions introduced above, starting with those from Section 1.3.1.

Accordingly, the overall concept of HapticGiant, including a novel optimization-driven dimensioning
procedure, is presented in depth in Chapter 3. Starting from there, Chapter 4 describes the realization
of a fully functional prototype. For this purpose, important aspects of the hardware setup, the
overall software architecture, and selected software modules are presented. Chapter 5 introduces a
real-time-capable simulation environment to complete HapticGiant as a platform.

Subsequently, the contributions from Section 1.3.2, that enable and improve the haptic rendering of
DTs, are presented in Chapter 6 and Chapter 7. In particular, Chapter 6 explores how inertial sensors
can be used without calibration to improve kinematic state estimates. Furthermore, the question of
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how to optimally place inertial sensors along a kinematic chain is answered. Chapter 7 presents
HapticGiant’s control architecture for rendering arbitrary serial kinematic chains, including a novel
force controller based on HQP and a performance evaluation of the overall control system.

Chapter 8 explores the setting in which HapticGiant is used as an ETHD that is capable of rendering
multiple DTs as discussed in Section 1.3.3. For this purpose, a novel intention estimation algorithm is
presented and combined with a suitable motion planning strategy.

Finally, Chapter 9 summarizes the main findings of this thesis, discusses their implications, and
suggests ideas for future research, especially in the context of HapticGiant and its applications.
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He who loves practice without theory is like the sailor
who boards ship without a rudder and compass and
never knows where he may cast.

LEONARDO DA VINCI (1452 - 1519)

In this chapter, we first introduce the mathematical notation required for this thesis in Section 2.1. The
kinematic foundations are then outlined in Section 2.2. In Section 2.3, the kinematic and dynamic
modeling of articulated bodies is presented. Finally, the concept of HQP is introduced in Section 2.4.

This chapter contains results from the author’s publications [O1-O3].

PEl Mathematical Notation

In this thesis, vectors are printed underlined and matrices are printed in bold. Positions, linear velocities,
and linear accelerations in Cartesian space are denoted with x, v, and a, respectively. Orientations
are either described using rotation matrices C € SO(3) or the axis-angle notation, where the axis is r
and the rotation angle is . The symbols w and « are used for the corresponding angular velocities
and accelerations in Cartesian space. The pose of a frame, which consists of position and orientation,
can be described using the homogenous transformation matrix T. Generalized joint positions and
efforts are denoted with ¢ and 7, respectively. The Cartesian force f and torque m can be stacked as

wrench w' = (fT m") € R®. All quantities are given in SI units unless stated differently.

Following the notation from [34], a superscript in Cartesian quantities, such as positions, velocities,
and accelerations, indicates the resolving frame. The subscripts denote the reference frame and the
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Symbol  Entity Chapter
h Human arm 3
m Manipulator (revolute joints) 3,5,7,8
p Prepositioning unit (prismatic joints) 4, 5,7, 8
a Kinematic chain of the DT 7

Table 2.1: Designators that are used in superscripts to distinguish non-Cartesian quantities.

object frame in their order of appearance. For example, zggc quantifies the position of the object
frame C relative to the reference frame B, given in the coordinates of the resolving frame A. For
orientations, the matrix Cg describes the orientation of frame B with respect to frame A. In axis-angle
notation, the rotation axis may be resolved in frame A, yielding the notation rﬁ B € {7: eR||r| = 1}
and asp € R. The subscript in wrenches, forces, and torques is interpreted as the point of attack,
i.e., w is the wrench acting at frame B resolved in frame A. The frames used throughout this thesis
are all right-handed and defined in the respective chapters to improve readability. Superscripts in non-
Cartesian quantities are used to differentiate between the entities listed in Table 2.1. For example, gh is
the configuration of the human arm. In the remainder of this document, functional arguments may be
omitted for brevity if the context is clear.

To address individual parts of a matrix or vector, subscripts in square brackets are used with Matlab-
style indexing. A colon is used to access ranges or a whole dimension if no limits are included. For
example, [1:3,:] refers to the first three rows and all columns of a matrix. Special matrices, such as
the zero matrix O and the identity matrix I, may come with a subscript containing their dimensions to
improve comprehensibility. The same is true for the zero-vector 0 and the one-vector 1.

The cross-product can be written as w X = [wx] z using the skew-symmetric matrix

0 vy vy
wx]=|{ wgy 0 —wy
Yo vy O

m Kinematics

Following [34], several rules are used for kinematic calculations with the notation from the previous
section. Rotation matrices can be chained and inverted using

CA=cCACE and
A BT B-1
C == CA - CA 5
respectively. The rotation axis rﬁ p 1s an eigenvector of the matrix Cé. Hence,
A B A
T'AB =TAB = ~TBA 2.1

holds. As explained in [35], the exponential map is used to convert the axis-angle representation into a
rotation matrix. The inverse operation is achieved using the logarithmic map. To combine translation
and rotation into a single symbol, the homogenous transformation matrix
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can be used to transform point C' relative to frame B into frame A using

A B
Lac\ _ A (LBC
(717) =3 (1)

Similar to rotation matrices, the concatenation and inversion of homogenous transformation matrices
is defined as
TA =TATE and

A B—1
T =T4 .
For translations and positions, the rules

A A
Ipc = —LCB>
Thp =280 +2dp, and

D _ ~D_A
rpe = Chxpe

are valid. Analogously, these equations hold for angular velocities. To obtain quantities for the linear
velocity, linear acceleration, and angular acceleration, the time derivative of the position or velocity
must be calculated with identical resolving and reference frames, before the resolving frame is changed
to the sensing frame. For example, the linear velocity of frame C' relative to frame B, that is measured
in frame A, is

l’gc = Céigc :

However, g':’gc % l’gc in general, because

oA _ 013c  9(Chrpc)
“BCT ot ot

The time derivative of the rotation matrix in this expression is

A B A-B A _B A
= Cpzpc + Cpipe = Chrpe + vpe -

Cp = QipCh = CQYp, 2.2)

where Qﬁ B= [cgﬁ B ><] . The resolving frame of the skew-symmetric matrix can be changed arbitrarily
using
Qfp = C2OYECH. (2.3)

This rule is also applicable to the skew-symmetric matrix of angular accelerations.

PX] Articulated Bodies

When multiple rigid bodies are connected with joints, an articulated body is formed. In the following,
the relevant kinematic and dynamic properties of such systems are described on the basis of [36, 37].

m Kinematics

In this thesis, we assume that the articulated body with its root at frame W is composed as depicted in
Figure 2.1. For simplicity, we consider only serial kinematic chains with n € N joints of revolute or
prismatic type. Each link has a start frame (3; coinciding with the output frame of the preceding joint.
The end frame ¢; is located at the input side of the following joint or the end effector. Thus, each link is

defined by the fixed rotation C? and translation 2”7/ _. The jointaxesarer’ ', € {r € R3|||r| =1}
J Bje; €j—18;



14 2 Preliminaries

A Teipsy
H
H
}

Figure 2.1: Structure of the model used for the kinematic calculations. Rigid links connect the
link start frames 3; (orange) to the link end frames ¢; (olive). Joints (blue) with the
axesr, g 1 0rt, 5 ) (purple) connect adjacent links. Adapted from [O2].

and tej - 8 € {t € R?|||t|| = 1} for revolute and prismatic joints, respectively. Furthermore, the
convent1ons t -1 8 = = 04 for revolute joints and rzj :i 8 = 05 for prismatic joints are used to establish a
unified mathematlcal representation. As a result, the joint coordinate 95 determines the rotation C;jj_l
and the translation QCZ YR

By exploiting the rules from Section 2.2 and W = [, the rotational component of the forward
kinematics up to the second derivative can be described recursively using

ClY = CY_ CI7 C (ay), (2.4)
wifs, = wivs, , +Ch._ 105; O gy, and 2.5)
ol = v, + Qs Cl_ CITrI7, iy + CY_ CZTro 7 Gy (26)
The translational equivalent is
2, = aWs, , +Ch_, (a5, +CI2 ) @27
Uivs, = Uity + D, 1053‘71( (RPN et i q[y]) +CY GO dyy and

W w w w Bj-1 Bi—14€-1
Awg, =+ 0w, + ([Q‘Wﬁ‘lx} + (ngjf ) > Cﬁa 1 ( g 1 T Cena Ej 18;917]

w Bj
+29l, CY clho 1,41+ Cl_, Ceit

€j—1< e €j—1= e 1ﬁ]d[}

) (2.8)

To calculate the kinematic state and its derivatives of an arbitrary frame S with the parent link %, whose
link start frame is 8 = p(.9), the first k iterations are calculated Then, a last iteration with the link

offset that matches the sensor pose, i.e, C Cg’“ and 3: 6 o = xg’“ g» 18 performed. In this iteration,
. . . . . . €
the joint is treated as identity with Cﬁ’; S =ILr —ekﬁk = 0and tekﬁk = 0,sothat Bp4+1 =€, = S.

Due to the recursion, the linear and angular velocities are linearly dependent on the joint velocities.

For this reason, the notation
w
Uws | _ Tows\
w q (2.9)
Y s T )"

with the Jacobians ‘71% € R3*™ and ._’TQJV% € R3*™ can be used. Here, the subscripts indicate for
which quantity the Jacobian is valid. For cases where the Jacobian is required for the combination of
rotational and translational velocities, the short-hand notation y% = (y% g%) is available. The
corresponding Jacobian is

w
Yws

Tw = <5%> e RO" (2.10)
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The derivative of ygVV g with respect to time yields the acceleration
(%) = Tyl + Ty @11

The second term in this expression is a quadratic function of ¢ because the Jacobian depends on g. If
only the translational part of the acceleration is considered, the elements of the second term can be
rewritten as

T T
(jwd)=:al%% SO (i) e 0 (0ivsa) o )
vws ) ot - . dqot = = dqot A = '

by applying Schwarz’s theorem [38] and the chain rule. The Hessian

w
Tw sl

w
o [0zl g T | 9499y 94119
’Hi:af 5 ! = : : (2.13)
7 7 : :
B N Oy 51 P2 51
941,194 941,199

[n]72[1]

in this expression can be calculated using [39] or, as in this thesis, using Theorem A.7 from Appendix A.
Beyond that, the first-order partial derivatives for Cartesian quantities with respect to g, ¢, and g can
be calculated recursively using Theorems A.2 to A.4.

m Dynamics

So far, only the geometric properties of the articulated body have been considered. However, the links
have individual weight distributions that affect the dynamic behavior of the articulated body, i.e., the
response to forces and torques. In general, the equation of motion for a serial kinematic chain with the
root frame W and n joints is

M(q)§ +¢c(q,4) =T — Tex - (2.14)

In this formula, M(q) € R™*™ is the positive definite joint-space inertia matrix, which depends on the
joint position g and is calculated from the weight, the center of mass, and the inertia matrix of each
link. The bias term ¢(q, ¢) € R™ contains the generalized torque resulting from Coriolis, centrifugal,
and gravitational effects and depends on the joint position ¢ and velocity ¢. The joint actuation is
represented by the generalized torque 7 € R™. An external load wrench z_ugv acting at the origin of
frame S is transformed to the joint space using

Tew = T (@) 0 (2.15)

with the Jacobian from (2.10). Additional dissipative torques are subtracted from the right-hand
side of the dynamic equation, while driving torques are added. To obtain the torque contribution of
gravitational effects

Toray = €(¢,0p) (2.16)

is used. The composite rigid-body algorithm (CRBA) [40] with complexity O(n?) can be used to
calculate the inertia matrix
M(q) = CRBA(q) .

Two major problems in robot dynamics can be described with (2.14). The first problem is the so-called
inverse dynamics problem, where the kinematic joint state, including g, ¢, and ¢, is used to calculate
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the driving joint torque 7. In practice, the recursive Newton-Euler algorithm (RNEA) [40] is usually
utilized to solve this problem, so that

7 = RNEA(g, 4. 4).

This algorithm can be used as well to calculate ¢(q, ¢) by setting § = 0,,. The second problem in the
context of manipulator dynamics is the forward dynamics problem. Here, the joint acceleration g is
calculated from the joint state ¢, ¢, and the driving torque 7. In theory, this can be achieved by solving
the linear system (2.14) for ¢. In practice, the specialized articulated body algorithm (ABA) [40] is
favored to efficiently obtain the desired acceleration

G =ABA(q,q,71)

with complexity O(n).

m Hierarchical Quadratic Programming

Hierarchical quadratic programming (HQP) is an extension of quadratic programming (QP), in which
the problem formulation is split into linear equality and inequality tasks with different priorities, which
are solved iteratively. For the explanation in this section, the mathematical formulation from [41]
and [42], which also has been presented in the author’s publication [O1], is borrowed and adapted to
the specific needs of this thesis. In hierarchical quadratic problems, each of the pyax € N7 tasks is
formulated as

T . Apvl' + wp — bp
flb,p < Cpfl: + Up < fub,p

where z € R" is the decision variable and p € N, p < pmax is the task priority. Lower values of p
indicate higher priorities. The equality constraint is defined using the matrix A, € R™»*" and the
offset vector b, € R"a». Likewise, the inequality constraint is defined using the matrix C,, € R™a:r*"
and the bounds fi p, funp € R™ar. The slack variables w, € R™ar and v, € R™a.» are optimized
in combination with the decision variable z;, from lowest to highest priority in the sequence of
optimization problems

: 1 2 1 2
(a5, wpvp) = argmin w2 + 3 1oy
Zp,Wp,Vp

subject to Ajz, + wi = by,

Ap 1z +w,  =bp1, -
Apl:p+wp:bpa ( )

fibg < Crzp + 07 < fuv,

fiop—1 < Cp1xp+v, 1 < fubp-1,

flb,p < Cp'Zp + vy < fub,p

with p from 1 to pyax. Here, the asterisk marks already optimized variables. This problem states that
the solution of the current priority must not cause an increase of the slack variables of all previous
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tasks. Mathematically, this requires that the solution of the current priority must be in the null space of
all equality constraints from the previous tasks with dimension 7, ,,, motivating the substitution

Z'p == @;71 + Zpgp (218)
with ) = 0,, and zp € R™s»_ According to [41], the basis of the null space in matrix notation
Z, = kern((AI . A;Ll)T) € R X Mns,p
can be calculated computationally efficiently using the recursion
Zp == Zp—l kern(Ap_l Zp—l)

with Z1 = I,,x,,. With this information, (2.17) can be reformulated as

1 . 1
(5, v5) = argmin || Ap(zh_y + Zpzp) — by||2 + = [luplI?
Zp,Up 2 2

subject to fin.1 < C1(z_1 + Zpzp) + 07 < fun1,
(2.19)

_flb,pfl < Cpfl(-l‘;_l + Zpgp) + y;_l < _fub,pfl ’

flb,p < Cp(lf;k;_l + Zpgp) + Up < fub,p
by substituting w;, with the equality constraint of task p and x,, with (2.18). The optimal value of the
decision variable for the current level is then calculated using

*

* *
T, =2z, 1+ Zpz,,

analogous to (2.18). As a result, the remaining equality constraints can be omitted because they are
always fulfilled. With the definitions

TAT
Cp _ <Zp> e Rnns,P“Fniq,P, Hp _ <ZpApApr Onns,aniq,p> 7
B Up Mig,p X Mns,p I”iq,p XMig,p
ClZp Oniq,l XMiq,p
ZTAT (A z* | —b = : ;
g - ( pAp (Apzp 1 = b)) ¢, =| : . (220
ler Cp1Zy Onypixnigy
CP ZP Iniq,p XMig,p
Jio1 — ] — 0123;—1 Juba — 07 — C15_U;—1
Jibp = . . ; and - fup ), = - * ’
flb,p—l I Cpfl*l:pfl fub,p—l —Up1 — Cp,1$p,1
* *

the optimization problem (2.19) can be written as the standard quadratic problem

gp = argmin §§;Hpgp + g;)—gp
A 2.21)

subject to flb,p < Cpgp < fub,p’

which is solved iteratively for each task, starting with p = 1. In practice, H, is only positive semi-
definite, which is an issue for some QP solvers [43,44]. For this reason, small €., > 0 are added to
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Algorithm 2.1 Optimization procedure for hierarchical quadratic problems.

Input: pp., hierarchical tasks 77, ... 7T,
Output: Optimal solution z,
Z<+— 1,4,

l:

2: ifCyis[]then // Optimized case of first iteration

3: 27 < particular solution of A 2] = b;

4 v} < ]

5: else // Unoptimized case of first iteration

6: Calculate Hy, g1, Cy, fy, 15 fup,1 according to (2.20) withp =1

7 Hl,[l:n,l:n] — Hl,[l:n,l:n] + €l // Regularization

*

8: <;x)i) < solution of (2.21) withp =1 // Solve quadratic program
1

9: end if

10: for p = 2t0 ppax do // Remaining iterations

11: Z < Zkern(A, ,Z)// Null space update

12: ifZis[]then // Early stop when null space is empty

13: return :g;fl

14: end if L ~

15: Calculate Hp, Ip> Cp, f,b’p, jubm according to (2.20) . .

16: HP [1:72ps, p71 s, p] 1,[1:mns p’jl"nnswp] 4: EregIn"&PX"HS,p /7 Regularlzatlon

17: flbp — f]b,p eim(p — 1)1, Jubp < Juvp T eim(p — 1)1 // Relaxation

18: (iﬂ) < solution of (2.21) // Solve quadratic program
p

19: g:; — ;E;_l + Zg;

20: end for

21: return z*
Pmax

the diagonal of the top-left submatrix of H,. In addition, numerical inaccuracies can yield infeasible
inequality constraints after several iterations. To mitigate this, the inequality bounds flb pand fu
can be relaxed by adding +-€jj, (p — 1) with small €}, > 0. The performance of the algorithm can be
increased if the task with the highest priority has an empty inequality constraint. In this case, 27 is
calculated directly as a particular solution of

Azl =0

The resulting procedure for solving hierarchical quadratic problems is summarized in Algorithm 2.1.
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By failing to prepare,

you are preparing to fail.

BENJAMIN FRANKLIN (1706 — 1790)

HapticGiant is designed to be a universal kinesthetic haptic interface, which implies that the list of
requirements is long and diverse. As a result, developing a suitable system concept is a challenging
task requiring many trade-offs and a lot of theoretical conception, especially before the first hardware
iteration can be built. For this reason, this chapter is devoted to the conception of HapticGiant. To
maintain a systematic approach, we first cover the requirements in Section 3.1. Then, a concept for
HapticGiant’s manipulator is presented in Section 3.2 and elaborated in Section 3.3 using a novel
optimization-driven design approach. The discussion in Section 3.4 concludes this chapter.

This chapter is based on results presented in the author’s publication [O4].

m Design Goals

The properties of the ideal, universal kinesthetic haptic device can be split into the three categories
user experience, research, and applications.

In terms of user experience, the system is expected to provide superior haptic transparency. This
means that the end effector should cover as much as possible from the user’s workspace with six



20 3 Conception of HapticGiant

Cartesian DOF. Note, that this does not necessarily dictate a very large dexterous workspace, but
rather a workspace that fits the user’s properties. Haptic transparency also requires a sufficient
range of achievable end effector velocities and accelerations. As for the workspace, adequate here
means that the capabilities should be on par with or surpass those of the human user. For optimal
dynamic behavior, the manipulator should exhibit high stiffness, low inertia, and actuators with a
high mechanical bandwidth. Ideally, the system should be able to render TEs with very low inertia
objects and free space. The rendering of stiff contacts is achieved through high force and torque output
capabilities in combination with position and orientation sensing. Beyond the haptic quality, the user’s
safety during physical human-machine interaction is a matter of priority. Consequently, appropriate
safety measures, including collision detection and avoidance, must be in place.

From a research perspective, HapticGiant is required to offer significant flexibility and the ability to
adapt to evolving needs. The system’s extensibility must be enabled by well-defined interfaces for
communicating with other internal or external systems. A modular approach to hardware and software
design is essential to facilitate the easy replacement and addition of components. In order to be future-
proof, the system should possess plenty of computational power to run complex control algorithms.
Additionally, the system should be designed for high repeatability and require comparatively low effort
for software development to streamline the research and development workflow.

On the application side, HapticGiant must provide a high level of reconfigurability and reusability. For
motion compression [45,46], a very large workspace is required, and the user must be able to walk
freely within this workspace while maintaining physical contact with the end effector. Furthermore,
the user might walk in circles for an indefinite duration, requiring an infinite manipulator rotation
around the yaw axis. In general, HapticGiant will be used in simulated and remote TEs, which require
appropriate visualization tools, using either AR, VR, or a mixture of both. For the force feedback,
suitable haptic rendering algorithms with appropriate interfaces for the description of what to render
are necessary.

m Manipulator Concept

As presented in Section 1.2.1, a variety of kinesthetic haptic devices featuring different kinematic
structures have been designed. This indicates that the design space is very complex and that major
design elements stem from existing concepts or are motivated by the learnings from previous device
generations.

A notable example of this can be observed in the VISHARD family of kinesthetic haptic devices with
three to ten DOF that is presented in [19]. In the first generation (VISHARD?3), the authors probably
intended to explore actuator technology and state-of-the-art force control concepts, but the workspace
of the resulting device is rather small and the versatility with three translational end effector DOF is
limited. Using similar mechanical concepts, a version with six DOF (VISHARD®6) was developed
in [47], which is meant as a universal haptic device with a larger workspace. The authors justify
some of their design choices. For example, the first three joints are arranged in a planar selective
compliance assembly robot arm (SCARA) configuration to avoid the need for gravity compensation.
Joints 4 and 5 are used to adjust the pitch angle and the height of the end effector, and joint 6 is added
to add the remaining rotational DOF to the end effector. Furthermore, some link lengths are chosen
based on arguments regarding self-collisions or singularities. In [18], a highly redundant version with
ten DOF (VISHARDI10) is presented to improve the workspace size and to reduce the singularities
visible to the user during operation. The high level of redundancy is justified by the idea of building
a universal device that can be reconfigured depending on the workspace requirements of the actual
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(a) Opposite configuration. (b) Enclosing configuration.

Figure 3.1: Top view of a commercial serial manipulator in opposite and enclosing configuration.
The effectively usable workspace is either very limited in opposite configurations or
collisions between the manipulator (blue) and the user (red) are likely to occur in
enclosing configurations as the manipulator design is not optimized for human-robot
interaction.

interaction task. The resulting topology is based on qualitative arguments and borrows some ideas
from the previous designs, i.e., that the first joints are arranged in a planar configuration.

Another example of the conception of a haptic manipulator is given in [48], where the ANYexo
exoskeleton for upper limb rehabilitation is presented, whose primary design goal is to achieve high
coverage of the range of motion during activities of daily living (ADL). Based on performance reports in
the literature, it was decided to reflect the movements of the sternoclavicular joint in the shoulder girdle
using two actuated joints. The spherical movement of the glenohumeral joint is realized using three
joints with perpendicular axes, also based on arguments from the literature. The orientation of these
joints relative to the user is based on manipulability arguments. In a second iteration [49], ANYexo is
expanded with a fully actuated wrist. This is achieved by adding three joints that correspond to forearm
pronation/supination, hand flexion/extension, and radial/ulnar deviation. The exact alignment of these
joints relative to the user and relative to each other is determined using the available installation space
and anatomical arguments.

The concept of HapticGiant is no exception to this. The first realization of a large-scale kinesthetic
haptic interface at the author’s lab can be found in [50,51], where a wheeled robot is combined with
a table-top kinesthetic haptic interface. Over time, this idea evolved to the interface in [22,23] with
a SCARA manipulator attached to a 2D linear prepositioning unit (PPU). The end effector height is
adjusted with a linear axis, resulting in a total of five joints and three translational DOF in Cartesian
space. In [33], it was decided to remove the linear axis for height adjustment in favor of a new
manipulator design with a parallel SCARA in a user-enclosing configuration. As a result, the position
coverage of the human arm without PPU and the utilizable workspace size were increased. This comes
at the cost of having only two active translational and one passive rotational DOF at the end effector,
which considerably limits the range of potential applications.

With this knowledge and the design goals from the previous section in mind, the kinematic topology
of HapticGiant was developed. In an early stage, standard industrial manipulators were considered
to be used as haptic manipulator. With many reports of such setups in the literature [52—-54], this
seems to be a cost-effective and easy-to-implement solution. However, early experiments with a
Universal Robots URI6e [D2] in the context of [O5] revealed that collaborative robots are unsuitable
for this task. First of all, their kinematic properties are optimized for manufacturing tasks and thus not
suitable for kinesthetic haptic feedback as illustrated in Figure 3.1. Second, the safety features cannot
be deactivated beyond a certain level, which caused many involuntary stops during the experiments.
Lastly, the robots do not provide any access to their inner control loops and the interfaces are limited.
For example, the UR16e only accepts position and velocity setpoints at a maximal rate of 500 Hz.
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Figure 3.2: The proposed kinematic concept with a two DOF PPU and a six DOF manipulator.

For this reason, it was decided to design a custom manipulator for HapticGiant. Based on the
experiences with the direct predecessors [33], a user-enclosing manipulator configuration was chosen
to increase the workspace size and to reduce the risk of manipulator-user collisions. This is also in
agreement with the findings in [55], where an enclosing configuration is preferred. Based on that,
the proposed manipulator topology from Figure 3.2 was developed. Two prismatic joints forming a
PPU, that is moving above the user’s head, are used to create a very large workspace in which the user
can walk freely. During force-torque rendering, the movement of the user’s upper limb is reflected
by a manipulator with six revolute joints, whose base is attached to the PPU in a way that guarantees
sufficient head clearance. Similar to [47], the first three manipulator joints form a planar SCARA
segment covering horizontal translations and rotations around the yaw axis. Due to the experiences
with the prismatic height adjustment in [22], the height adjustment is realized by a fourth revolute
joint with a horizontal rotation axis. The fifth joint enables changing the end effector inclination
independent of the desired height. To cover all Cartesian DOF, a sixth and last joint is added. The
axes of the last two joints intersect perpendicularly to simplify the inverse kinematics problem as
explained in Section 4.1.4. One may also interpret the arrangement of joints 4 to 6 as a mirror image
of the human forearm. Therefore, these joints may be referred to as elbow and wrist, respectively,
in the following. The manipulator itself does not have redundancies. Singularities, that would be
mitigated by redundancy, are not predominant as the only relevant singularity appears when the axis of
manipulator joint 6 is aligned with joints 1 to 3. Other singularities, such as the alignment of the first
three joints along a straight line, are outside of the intended operating conditions.

m Optimization-Driven Dimensioning

Topology decisions can be based on qualitative arguments. However, the actual dimensioning process
is far more difficult because there are many interdependent parameters, such as link lengths, joint sizes,
and transmission ratios. Furthermore, the exact dimensioning of a manipulator depends on the desired
task.

For this reason, quantitative methods to assess a particular manipulator design were developed in the
past. A famous example is Yoshikawa’s manipulability index [56], which corresponds to the product
of the singular values of the end effector Jacobian. With the underlying singular value decomposi-
tion (SVD) of the Jacobian, the reachable set of velocities in Cartesian space can be visualized as
a manipulability ellipsoid. Later, this concept was extended to the dynamic manipulability [57] to
quantify the acceleration capabilities of a manipulator by taking into account the link inertia. The
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analysis of the singularity values has also found its way into the design of kinesthetic haptic interfaces,
where appropriate metrics are used to verify the velocity isotropy over the device’s workspace [58].

The problem with the presented manipulability and isotropy indices is that they are purely local
measures. In contrast to that, [59] formulates a metric to quantify the dynamic end effector capabilities
using an operational space formulation, that also takes into account the loss of acceleration isotropy
due to gravity. This measure is used in a global optimization scheme to maximize the isotropy of the
manipulator acceleration. Although the formulated optimization problem is mathematically sound,
the authors do not provide any information on how to solve it efficiently, especially in large joint
configuration spaces. Similarly, [60] presents isotropy indices for the output acceleration and velocity
of a manipulator, that are used in a global optimization problem and an accompanying optimization
algorithm. Although the authors prove the effectiveness of their method by optimizing the design of
a 2D haptic pen, it is not applicable for dimensioning the manipulator of HapticGiant, because the
human arm is anisotropic in general. Besides velocity and acceleration capabilities, the reachability of
poses of interest is an important factor when it comes to designing manipulators. In this context, a
method to optimize the link lengths for reaching a set of uniformly distributed, pre-defined poses is
described in [47].

All methods mentioned so far do not optimize with respect to the properties of the human arm. In
contrast to that, the authors of [61] state that the design of an exoskeleton should be optimized for the
human arm and the tasks that the user intends to accomplish. Therefore, a detailed study with human
subjects performing ADL was conducted. The resulting qualitative insights were used to improve an
existing exoskeleton regarding its singularities. The study in [55] goes one step further by quantifying
the workspace overlap of a human arm and a given manipulator to optimize the kinesthetic haptic
device from [26]. To achieve this, a pose coverage metric for a given manipulator setup is calculated
using kinematic models of the human arm and the manipulator. Velocity and acceleration capabilities
are not taken into account. Furthermore, the authors do not provide information on how to apply their
method to high-dimensional parameter spaces. An interesting contribution in this regard can be found
in [62], where the leg parameters, including transmission ratios, spring parameters, and link lengths,
for a walking robot are optimized. The presented metrics, such as energy consumption and peak torque,
are formulated depending on a motion plan.

None of the existing methods is suitable to solve the given dimensioning problem when the goal
is to achieve the highest level of compatibility with the human arm. To overcome this issue, a
novel optimization-driven dimensioning approach for kinesthetic haptic interfaces is presented in
the following. We commence with a presentation of the design space and a detailed analysis of
the human arm. Subsequently, the optimization process with objective functions for pose, velocity,
and acceleration coverage is explained, before the method’s results for dimensioning HapticGiant’s
manipulator are evaluated.

m Design Space

As illustrated in Figure 3.3a, the manipulator concept from Section 3.2 has many yet unknown
parameters: Each joint is characterized by the joint size s;,; selected from the set of mechanical
dimensions .S and the transmission ratio T selected from the set of available discrete transmissions R.
The maximum output torque, velocity, and mass for each joint are determined by the look-up-tables

Imax[i} = f7(§[ﬂ7r[@']) 5
grrrrllax[z} = ftj (§[l]afm) , and
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(a) Model of the manipulator. (b) Model of the hu- (c) Interaction between both models.
man arm.

Figure 3.3: Illustration of the models used for the manipulator design, including lengths, frames, and
other properties. Adapted from [O4].

Joint 0 d a Q
Loghy+9° 0 0 90°
2 gy +90° 0 0 90°
3 afy la 0 —90°
4 iy 0 0  90°
5 gy —90° —h 0 90°
6 gy +9° 0 0 —90°
7 g%‘ﬂ 0 —lp 0

Table 3.1: Denavit-Hartenberg (DH) parameters of the human arm model. Taken from [O4].

respectively. In addition, the unknown link lengths in [ € R must be selected. In summary, the
unknown parameters can be summarized in the decision vector
p'=(" s" ") eR®xS° xRS,

The goal now is to find an appropriate value of p, that represents the optimal manipulator design
with respect to the properties of the human arm in terms of pose, velocity, and acceleration coverage.
Moreover, the resulting design should have sufficient output force and torque capabilities. For
HapticGiant, no specific interaction tasks are considered. For this reason, we assume that the desired
forces and torques are isotropic and have a fixed maximum magnitude. Obviously, these goals are
contradictory. For example, long links are advantageous for a large workspace and large end effector
velocities but lead to reduced acceleration capabilities due to increased inertia. Similarly, larger
transmission ratios provide higher force-torque capabilities at the expense of the velocity capabilities.
It is therefore important to find a reasonable compromise between the different objectives.

m Analysis of the Human Arm

To obtain a manipulator design that is highly compatible with the human arm, the latter has to be
studied first. In the following, this is done using the model from Figure 3.3b and Table 3.1, where
the human arm is modeled as a serial kinematic chain with seven rotational DOF. In this model, the
shoulder girdle of the human arm is fixed and the subject is assumed to be standing upright. The
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Joint Limits of gﬁ] in °

[66] [65] [67] selected er:mx[i] in°/s leax[i} in ©/s?
Joint min max min max min max min max [65] [65]
1 -30 180 -14 134 -50 180 -30 90 172 1312
2 -50 180 -18 62 -30 130 -50 90 137 950
3 -80 80 -72 55 90 60 -80 80 141 1049
4 0 145 42 163 0 160 0 160 173 1266
5 90 85 —* —* -85 80 90 85 486 4344
6 -85 8 40 55 -80 90 -85 85 233 2790
7 -45 15 —* —* -30 15 -45 15 204 2476

* Data was omitted due to implausible values.

Table 3.2: Joint limits of the human arm model regarding position, velocity, and acceleration. Taken
from [O4].

spherical glenohumeral joint, which represents the predominant shoulder movements, is modeled
as a series of three revolute joints within the shoulder and the upper arm following the discussion
in [55]. Thus, the first three joints model shoulder abduction/adduction, shoulder flexion/extension,
and shoulder internal/external rotation, respectively. The elbow flexion/extension is reproduced using a
single revolute joint. For the nearly spherical wrist movements, a combination of three revolute joints
is used analogous to the shoulder. The first joint in the forearm represents wrist pronation/supination,
the second wrist flexion/extension, and the third radial/ulnar deviation. As sketched in Figure 3.3c,
the manipulator tool center point (TCP) at frame H coincides with the center of the palm at frame M
and the root joint of the manipulator at frame P is placed above the shoulder joint at frame G with
sufficient head clearance, resulting in the constant offsets

0 0 0 0 -1 0 0 1
gpg=| 0 |m, 2}jp=|0|m, CG=(-1 0 0|, and CY=[0 -1 0
—0.61 0 0 1 0 1 0 0

Based on a median body height of 1.75 m for males' [63] and the anthropometric data reported in [64],
the link lengths were determined to be ly, = 0.326 m, [/}, = 0.256 m, and [, = 0.095 m. The origin of
the shoulder frame is then located 1.43 m above the ground. To complete the kinetostatic model, the
joint limits in Table 3.2 were chosen based on values from the literature, keeping in mind that extreme
movements behind the user’s back and above the head are feasible, but rather irrelevant during ADL
and the interaction with HapticGiant. Finally, the maximum joint velocities g“;m and accelerations g’:}]ax
were assigned according to Table 3.2. The underlying data is from [65] and was captured during ADL.
Although this means that the limits are not the transient maximum of what the human arm can achieve,
it is a good representation of what to expect during normal interaction.

Workspace

With the given kinetostatic data, the workspace of the human arm can be analyzed in detail using
Cartesian pose samples. This has the advantage that all regions and orientations are equally well
represented in contrast to joint space sampling. For reproducibility, we propose a deterministic
sampling strategy, where the translational part is discretized using a 3D lattice with a resolution
of 0.1 m. The resulting set of positions is called Wi, and has 14 x 14 x 7 elements. To sample

"Male data was actively chosen over female data to make the design more challenging as females are statistically smaller,
creating a less challenging design problem.
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Figure 3.4: Visualization of the Cartesian workspace of the human arm. For the visualization,
}Qh (T%)} was summed over all orientations in W, for each position and divided by
|Wiot|. Taken from [O4].

the orientation, 505 deterministic samples from the hypercube in R? are generated using a Fibonacci
lattice [68,69] in the first step. Then, the samples are transformed to nearly equidistant samples on the
3-hemisphere, which can be interpreted as quaternions in the desired set of orientations Wy C SO(3),
using the equiareal mapping from [70]. The cross-product W = Wiun X Wit C SE(3) with 692 860
elements encompasses all poses that need to be checked for reachability.

In the next step, the inverse kinematics problem for the human arm is solved for each pose TJ\G/[ eWw.
Due to the redundancy of the human arm, an infinite number of solutions may exist for a single
configuration, which would multiply the computational effort. In the literature, however, it was
discovered that the redundancy resolution of the human arm is predictable [71,72], reducing the relevant
number of solutions to one or zero. In combination with the fact, that most inverse kinematics solvers
cannot return a continuous set of solutions, it was decided to discretize joint 3, which corresponds to the
human elbow, with 17 samples between its minimum and maximum joint angle to get a representative
subset of the continuous solution set. The inverse kinematics problem is then solved for each of
these samples and the solution with the best manipulability index according to [56] is selected. After
this procedure, each pose in W is assigned an empty or one-element set Qh(T]\G/[) describing the
configuration to reach a given hand pose, if any is available.

Using this information, the visualization of the human arm workspace from Figure 3.4 can be generated.
As one might expect from personal experience, the regions in front of the human body and on the side
of the analyzed arm, between the chest and navel, are the most accessible. The coverage magnitude,
which is always below 25 %, may look counterintuitive at first. Nevertheless, a quick self-experiment,
where all hand orientations in SO(3) are tried to be reached systematically while maintaining the
position of the palm center, reveals that the produced data is indeed plausible.

Velocity and Acceleration Capabilities

To incorporate the end effector velocity capabilities into the analysis, the kinematic relation

8\ b oy h
(a)—Jc(g)g

wanm “Gm
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Figure 3.5: The velocity ellipsoid is a reasonable approximation for the set of actually reachable
velocities. Adapted from [O4].

is used as specialization of (2.9). Based on a representative set of human joint velocities, a set of
end effector velocities could be obtained for rating a given haptic manipulator design. However, this
becomes computationally intractable with seven different joint velocities, when taking into account
that we already sample along six Cartesian DOF. For this reason, approximating the set of feasible
human end effector velocities at a given configuration gh seems natural. To achieve this, we first
introduce the normalized joint velocities

" = diag (gha) " " G.1)

The normalized end effector Jacobian and its SVD then become
Ty = T (") ding(dhe) = U,8, V7 (3.2)

where U, € R6%6 and V, € R™7 are orthonormal matrices and S, € R6*7 is a diagonal matrix. In
this case, the columns of

EU (_qh) = Uvsv[:,1:6] € RO*0 (3.3)

contain the principal axes of the end effector velocity ellipsoid, which approximates the set of feasible
end effector velocities as illustrated in the following example.

Example 3.1:

Let us consider a redundant manipulator in the 2D Cartesian plane with the Jacobian

TJh = <(1) (1) 1) m/rad

and the maximum joint velocities
@e=1(1 2 1)rad/s.

The resulting approximation of the reachable end effector velocities using the velocity ellipsoid is
visualized in Figure 3.5. Analog to (3.3), the principal axes are the columns of

—0.6673  1.2469
Eq; - UvSU[:,IZQ] - <—22040 —03775> m/s ’

The acceleration capabilities are characterized similarly. With (2.11), the end effector acceleration is

Lom \ _ ~h h\ -h “h h -h\ -h
<w8M> =Ty (") 8" + T (44" 4"
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For ADL, we assume that high absolute joint accelerations occur only when the absolute velocities are
low. Accordingly, the second term can be omitted, yielding the approximation

<$8M> ~ Jh ( h) «h
WGy ) T e
YGM

Analog to (3.1) to (3.3)

h=T% (¢") diag(§ha) = U,S,V, and
=GM— -
Ea (gh) = Uasa[:71:6} € R6X6

can be used to calculate the principal axes of the acceleration ellipsoid.

m Optimization Problem

With the presented analysis, the goal of maximizing the compatibility with the human arm can be
formulated as an optimization problem.

Objective Function

The scalar objective function

J(p) = Jo(p) + Ju(p) + Ja(p) + Ju(p) , (3.4)
depends on the previously defined parameter vector p and takes into account the pose coverage J,, the
velocity coverage J,,, the acceleration coverage J,, and the force-torque coverage J,,. Without any
specific information about the task, the four terms with identical ranges are weighted equally. In the
following, the individual terms that shall be maximized during the optimization are explained.

1. For the pose coverage, the total number of palm poses that can be reached by the manipulator
end effector is calculated by checking whether there is an inverse kinematics solution for
each palm pose Tg@ € W, that is actually reachable by the human arm, i.e., (T]\GJ)‘ > 0.
Mathematically, we can represent this using the nested sum

reach Z Z ‘Qm(TZJ_))’ .

TG EW ¢heQN(TS))

Here, TZ = TgT%T% is the desired Cartesian manipulator end effector pose with the fixed
offsets Tg and T%. The empty or one-element set Q™ (T1, p) contains the inverse kinematics
solutions for the manipulator as a function of the end effector pose and the design parameters.
With the total number of reachable human hand poses in the analyzed workspace

n?each(?) = Z }Qh(TJ\GJ)‘ )

G
TG ew

the pose coverage is defined as

n
Jo(p) = 5~ €[0,1]. (3.5)
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2. Starting with the human arm configuration gh € Qh(T%) and the corresponding inverse
kinematics solution for the manipulator ¢™ € Q™(TEL, p), the principal axes of the human arm
can be transformed into manipulator joint space using

m m/ m -1 CP 0
Av (g 7qhvp) = (‘Z/I};(g v?)) < OG Cg) Ev(gh) . (36)

In the resulting matrix, each column corresponds to the joint velocities required for reaching the
respective principal axis of the velocity ellipsoid from (3.3). Using

Umax i
o (g™, " p) = min | 1, =l , 37

this is converted into a dimensionless scalar value describing the worst-case coverage of the
examined velocity ellipsoid for a single configuration. By summing over the entire analyzed
workspace, the global velocity coverage

Jo(p) = Z > Y. m(@™dp) el G

Pizacn (P GEW ¢"eQN(T§)) ¢meQ™(T].p)

is obtained. In contrast to (3.5), this expression is normalized with n, , instead of n?each to
avoid penalizing unreachable hand poses twice.

3. The dynamic properties must be included in the manipulator model for rating the acceleration
capabilities. For this reason, the motors are included as point masses depending on their size and
simple geometries are used to model the inertia of the end effector and the links depending on
the decision variable. With the resulting joint space inertia matrix M™ (g™, p), the principal axes
of the acceleration ellipsoid can be transformed into corresponding manipulator joint torques
using

-1/CE 0
A, (¢" q"p) = M"(¢",p) (J,,‘%(gmv 19)) < o0 Cp> E,(¢")
vir p
analogous to (3.6). In this formulation, the manipulator is assumed to have zero velocity. This
approximation is reasonable, as the highest isotropic accelerations occur only at low velocities.
Next, the local acceleration coverage

. ) ) Imax[i]
1a(¢™, ¢", p) = min | 1, min 39
. d"2) ( " <\Aa[i,g](q 4" 2) |+ gy (@)

is defined. This equation is similar to (3.7) but takes into account the joint torque T,p,, that is
necessary to compensate for gravity at a given configuration. Integrating this over the entire

workspace analogous to (3.8) eventually yields the global acceleration coverage

> > S nalg™q"p) €[0,1]. (3.10)

reaCh(* TG eW ¢"eQN(T§) ¢meQ™(TE p)

Ju(p) =

4. The last part of the objective function quantifies how well the manipulator can produce isotropic
forces and torques with the maximum magnitude fi.x and mmax, respectively. Based on the
matrix of principal Cartesian wrenches

SR P

0 Mimax L
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the corresponding principal joint torque vectors can be calculated using

Au(d™q"p) = (%’E;(gm,zz))TEw.

Analog to (3.9) and (3.10), the local and global force-torque coverage are then

T .
h . . “max|i]
nw(¢",¢",p) = min| 1, min — and
S ( <|Aw[m’](qm’qh’p)|+‘—Tgrav[i](qm)|>>

Jw(p)znml(m >y Yo mle™d"p) €[0,1].

ach \L
feae TG EW ¢heQh(TF,) ¢meQ™(Tf,p)

Constraints

For the given problem, the sizes of the first two joints are fixed to the largest size, and the link lengths
are constrained to [, <[ <[, in order to obtain mechanically realizable solutions. Furthermore, the
available motor sizes and transmission ratios are encoded into suitable integer constraints for s and r.
Lastly, a constraint for monotonically decreasing joint sizes from the base to the end effector, i.e.,
no joint may be larger than its predecessor in the kinematic chain, is added for sufficient mechanical
stiffness of the resulting manipulator concept.

Optimization

The objective function (3.4) with the given constraints represents a non-linear, non-convex mixed-
integer problem. Furthermore, gradient information is not readily available as standard implementations
for calculating the Jacobian or the inertia matrix do not provide derivatives with respect to underlying
design parameters. For this reason, a genetic algorithm with support for mixed-integer programs [73]
is chosen. Besides having reasonable convergence properties for the given problem, genetic algorithms
can be parallelized on a massive scale, which is beneficial for the large search space in combination
with the complex objective function.

Implementation

With the goal of building a prototype in mind, the parameters of the optimization problem were chosen
to be as realistic and close to the target hardware as possible. For this reason, a preliminary search
was performed, which identified the Sensodrive Sensojoint [D3] series elastic actuators (SEAs) as a
suitable joint series. The resulting look-up tables for maximum velocity, output torque, and joint mass
depending on the joint parameters can be found in Table 3.3. In the above-defined mass model, the
assumed motor weight is the nominal motor weight plus 20 % for the mounting brackets and cables.
The links are assumed to be hollow tubes with an outer diameter of 100 mm, a wall thickness of 2 mm,
and a weight of 4 kg per meter. The end effector is modeled with a weight of 0.5 kg that is evenly
distributed across a cylinder with a length of 50 mm and a diameter of 100 mm. The link length limits
are set toli't—) = (0.3 0.3 0.3 0.3 0.12) m andl;rb = (1.0 1.0 1.5 1.0 0.3) m. Furthermore,
we assume that the design shall deliver isotropic forces and torques with the magnitudes fax = 50N
and Tmax = 10 Nm, respectively.

The inverse kinematics solution for the human arm analysis is calculated very efficiently using a closed-
form solution that was generated with ikfast [74]. The solution to the inverse kinematics problem
of the manipulator is hand-crafted as explained in Section 4.1.4. All other kinematic and dynamic
calculations, such as calculating the Jacobian, are implemented using the Matlab Robotics System
Toolbox [75]. For the optimization, the genetic algorithm provided by the Matlab Global Optimization
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m

Maximum torque Tonax(i] in Nm Maximum output velocity gmax[i] in rpm
Transmission Transmission Mass
Size 1:31 1:51 1:81 1:101 1:121 1:161 1:31 1:51 1:81 1:101 1:121 1:161 mf[‘i‘] in kg
Small (S) 9 18 23 28 - - 220 134 84 67 - - 1.3
Medium (M) - 62 96 107 113 120 - 75 47 38 31 24 2.0
Large (L) 100 166 208 208 208 208 95 57 36 29 24 18 4.9

Table 3.3: Joint specifications for different motor sizes and transmissions. Data taken from [D3].

Cluster #ofruns J J, J, Jo Juw {"incm Joints
1 10 3.24 0.81 0.88 0.55 1.00 (50.264.379.937.512.0) (L51L51 M51 M51 S51 S51)
2 14 3.25 0.72 0.78 0.75 1.00 (50.8 59.075.032.3 12.0) (L81 L51 M51 M51 S51 S51)
3 7 3.24 0.88 0.88 0.48 1.00 (52.9 66.8 75.2 42.3 12.0) (L51 L51 M51 M51 S51 S51)

Table 3.4: Clusters of optimal solutions within the results of 31 randomly initialized optimizer runs.
The optimal joint configuration (r, s) is encoded in the last column from base to end
effector. For example, M51 indicates a medium-sized joint with a 1:51 transmission. The
selected parameter vector is printed in bold. Adapted from [O4].

Toolbox [76] is leveraged in combination with the Matlab Parallel Computing Toolbox [77] for nearly
linear speed-up on a population of size 200.

m Results

The presented problem was optimized on an Intel Xeon Gold 6230 central processing unit (CPU)
with 40 threads. Within 31 runs, which took between ten and 29 hours to complete, the genetic
algorithm reliably converged to solutions with objective values J between 3.236 and 3.245 representing
different local minima. The results were found to be insensitive to the resolution of W, and the
hyperparameters of the genetic algorithm. Thus, denser Cartesian pose samples do not lead to different
results. A closer look at the optimization results using k-means clustering and the average silhouette
score [78] reveals that the optimized parameters form three different clusters, of which each represents
a different local minimum with different contributions to the individual cost terms. Table 3.4 lists
the resulting clusters with motor configurations and centroids for the link lengths [. The average
Euclidean distance between the individual link length and the corresponding cluster centroid link
length is 6.5 mm. Compared to the average distance between the cluster centroid link length and the
overall link length centroid, which is 58.0 mm, this confirms that the clusters found are valid.

Theoretically, there are several nearly equally optimal solutions according to the unweighted objective
function from (3.4). In practice, however, these solutions will have different characteristics, as seen
in Table 3.4. Therefore, it is necessary to select one of these optimal trade-offs for the realization in
a prototype. For HapticGiant, the cluster with the highest pose coverage J, was selected, resulting
in a total link length of 2.49 m and a manipulator weight of 30.1 kg. The reason for this decision is
that an unreachable pose is felt by the user under all circumstances. In contrast to that, velocities and
accelerations that are not fully covered will reduce the achievable haptic transparency only when the
excitation is high enough.

Figure 3.6 visualizes the individual coverage terms for the selected design. The pose coverage in
Figure 3.6a shows that all poses in front of the user are reachable. Only hand poses that are located
above the chest or below the navel are less accessible due to the choice of the height-adjusting link
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Figure 3.6: Spatial visualization of the individual coverage values. Zero means no coverage, one
means perfect coverage. Transparent cells indicate that the human arm cannot reach the
corresponding position. The human operator is placed identically to Figure 3.4, but not

drawn here for clarity. Taken from [O4].

with length [ ()" The velocity coverage in Figure 3.6b exhibits similar characteristics. Here, the reduced
coverage for very high and low poses is due to the reduced manipulability that occurs when joint 4 is
close to its singular configuration, i.e., gﬁ] =0°or gﬁ} = 180°. In addition, there is a degradation for
poses close to the body due to the singularity that appears when gfg} approaches 180°. Compared to the
pose and velocity coverage, the acceleration coverage in Figure 3.6¢ shows inverted behavior. This is
caused by the gravity compensating torque for joint 4, which is 21 Nm when Qﬁ] = 90° and therefore
consumes a significant amount of the available joint torque. For angles far away from 90°, the effect
of gravity is reduced, which results in a higher acceleration coverage. The force-torque coverage in
Figure 3.6d indicates that the selected design will be able to produce the specified forces and torques
for all human hand poses that can be reached by the manipulator.
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EEE] validation

The optimized and selected manipulator design can be validated using real motion data from ADL and
an interactive demonstrator.

Design Performance in Activities of Daily Living

The model of the human arm in Section 3.3.2 is entirely derived from the literature and limited to the
average parameters of the human arm. For this reason, checking the compatibility of the optimized
design with real-world data is a meaningful validation approach. To realize this, the dataset in [79] is
used. It contains nine hours of skeleton tracking data collected from five males and eight females, aged
between 19 and 42 years, while performing ADL such as cooking, doing the laundry, and cleaning.
In the first step, the pose of the subject’s right hand relative to the right shoulder is extracted from
the data to isolate the movement of the human arm from other body movements. Using an acausal,
delay-free version of a fourth-order Butterworth filter with a cutoff frequency of 5 Hz, the hand pose
information is smoothed before being numerically differentiated to obtain Cartesian velocity and
acceleration estimates. If possible, this information is then converted into matching manipulator joint
angles, velocities, and torques using the kinematic and dynamic models from above. Due to the lack
of subject height information and ground plane data in the dataset, the shoulder frame G is placed
according to *1311;0 in this step, as specified in Section 3.3.2. The resulting joint velocities and torques
are then compared to the motor ratings to determine whether the given hand velocity and acceleration
are covered by the manipulator design.

In the analyzed dataset, a suitable manipulator configuration was found for 94.0 % of the hand poses
across all subjects and activities. Unreachable poses were mainly caused by the previously discussed
limited height adjustment capabilities. With the selected design, 93.7 % of the estimated hand velocity
samples and 90.1 % of the estimated hand acceleration samples were fully reachable. These numbers
also include samples for which no inverse kinematics solution was found, meaning that the velocity and
acceleration coverage cannot exceed the 94.0 % pose coverage. The standard deviations for these pose,
velocity, and acceleration metrics are 4.15 %, 4.15 %, and 4.41 % across all subjects, respectively.

Interactive Demonstrator

An interactive virtual demonstrator was built to facilitate online testing and validation of the manipulator
topology and the optimized parameters. For this purpose, the subject’s hand pose is captured using a
HTC Vive tracker [D4] while standing at a fixed position. The manipulator base frame P is located at a
height of 2.04 m, matching the model from Section 3.3.2, and aligned with the horizontal position of
the user’s shoulder. Based on the pose data, the hand velocity and acceleration are estimated using
numerical differentiation and suitable low-pass filters. Similar to the previous section, the hand state is
then converted into joint angles, velocities, and torques and compared to the specified maximum joint
velocities and torques. From this data, a binary flag for the momentary pose coverage and two scalar
values ranging from zero to one for the momentary velocity and acceleration coverage are calculated.
This information is then presented to the experimenter in real time using an AR/VR display. Figure 3.7
shows an example of the demonstrator in action. During the experiments, no deviations from the
results presented in the previous section were found. Furthermore, the understanding of the kinematic
and dynamic properties of the manipulator was deepened.
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(a) Full coverage. (b) Reduced acceleration coverage. (c) No coverage.

Figure 3.7: AR view of the interactive virtual demonstrator. The size of the three spheres represents
the momentary pose, velocity, and acceleration coverage, from back to front.

m Discussion

In this chapter, the high-level requirements of HapticGiant were listed and used to develop a system
concept. Based on a literature review and the lessons learned from previous designs, a new kinematic
topology, consisting of a two-axis linear PPU and a six-axis manipulator, was created. The manipulator
has many design parameters that must be carefully selected. For this reason, a novel optimization-
driven dimensioning approach was developed that is based on a detailed kinematic model of the
human arm in order to maximize the manipulator’s coverage of the human arm in terms of workspace,
velocities, and accelerations. Sufficient force-torque capabilities are also ensured. The optimization
procedure yields several design candidates, from which the one with the highest pose coverage was
selected based on the argument of haptic transparency.

As presented in Section 3.3.4, the coverage of the selected optimal design regarding poses and velocities
can be considered very good, while the acceleration coverage has some potential for improvement.
However, this trade-off was a deliberate decision, as pose coverage is more important than perfect
transparency. In Section 3.3.5, the results of the optimization were validated using real data from ADL,
confirming that the human arm analysis from Section 3.3.2 is a valid generalization of the capabilities
of the human arm. Furthermore, the low inter-subject variance of the coverage values indicates that the
design is robust to variations in the user’s physique. Interactive experiments with a virtual demonstrator
confirmed the expected coverages and the overall feasibility of the manipulator design.

Despite the logical and numerical justification, the presented concept and the methodology behind it
are not without limitations. The human arm model used throughout the optimization is derived from
highly processed data. To obtain a better representation of the human arm capabilities, the focus could
be shifted to the incorporation of raw motion data. With the presented sample-based representation
of the human workspace, this should be possible. Furthermore, the current manipulator model is
limited because effects such as rotor inertia, joint losses, and material stiffness are not considered in the
optimization. Another limitation that may appear, when the design method is applied to other problems,
is that the presented optimization algorithm can handle only non-redundant, serial manipulators.

Nevertheless, the results of this chapter seem promising enough to build a real prototype of HapticGiant.
This process, with aspects going far beyond the hardware design, will be covered in the remainder of
this thesis.
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Scientists study the world as it is,
engineers create the world that has never been.

THEODORE VON KARMAN (1881 — 1963)

In the previous section, a concept for a manipulator was presented, but without manufacturing
information it will remain purely theoretical. To enable large-scale kinesthetic haptic feedback, the
manipulator must be able to move within its intended workspace using a gantry crane-like PPU, which
was not yet covered. Furthermore, sensing capabilities and a control framework must be added to
obtain a functional system. To fill these gaps, this chapter provides an overview of the hardware and
software components that were specifically designed during the realization of HapticGiant.

Having the requirements from Section 3.1 in mind, the system architecture in Figure 4.1 was designed.
The hardware interface takes care of the communication with the sensors and actuators in the physical
plant. The sensor information is then processed in the state estimation to obtain the kinematic state
of the system (Chapter 6) and the user wrench at the end effector (Section 4.3.1). This information
is then used by the feedback control system, which is split into a PPU controller (Section 4.3.2) and
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Figure 4.1: Overview of HapticGiant’s system architecture. Hardware-related components are
drawn in green, real-time software components in orange, and non-real-time software
components in magenta. Adapted from [O1].

a force controller (Chapter 7). The resulting setpoints are forwarded to the safety-related compo-
nents (Section 4.1.3), including a sanitizer and a watchdog module, before they are commanded to the
actuators. For testing purposes, the hardware interface can be swapped with a simulation (Chapter 5).
The components up to this point are required to be real-time capable. However, there are several
non-real-time components, such as a module for collision detection (Section 4.1.3), an intention
estimation algorithm (Section 8.1), and a motion planning system (Section 8.2). To communicate with
visualization software (Section 4.3.3) and third-party applications, appropriate interfaces are defined.

In the following, we start with the description of the hardware platform as a central point of HapticGiant
in Section 4.1. Because of the inevitable human-machine interaction, the safety concept is treated
separately in Section 4.1.3. Then, the custom Real-Time Control Framework (RTCF) is introduced
in Section 4.2 as the backbone to implement the presented architecture. Some of the software
components, such as the force-torque estimation and the simulation, are explained in the remainder of
this chapter. The other components are covered in subsequent chapters as their scope is too large for a
comprehensive treatment in this chapter.

This chapter is based on results presented in the author’s publications [O1, O6].

m Hardware

In the following, some key aspects of the hardware including sensors, actuators, the construction, the
safety concept, and the solution of the inverse kinematics problem are explained. This section is not
meant as detailed technical documentation, as this would exceed the scope of this thesis. Instead, the
focus is on the challenges and design features that make HapticGiant a unique and versatile piece of
hardware.

m Instrumentation and Actuation

The linear PPU with its two DOF is belt-driven by a total of four SEW Eurodrive permanent-magnet
synchronous motors (PMSMs) with integrated mechanical brakes, powered by matching Movidrive
MDXG61B [D5] inverters. This means that both axes are driven redundantly. The manipulator is driven
by six Sensojoint Sensodrive [D3] SEAs, with two 7005, two 5005, and two 3008 models connected
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in series. As with the PPU motors, the manipulator joints come with integrated, safety-certified
mechanical brakes. The specific joint models are taken directly from the optimized manipulator design
in Section 3.3.4, except that the transmission ratio of the last two joints was changed from 1:51 to 1:81
due to limited part availability.

The overall system is equipped with a variety of sensors. The support frame of the PPU carries a
safety-certified Sick TiM781S [D6] 2D laserscanner monitoring the floor. This facilitates tracking
the user position as well as preventing unintended intrusions of the security zone. All four PPU
motors have integrated resolvers enabling position measurements. Each PPU axis is equipped with two
pairs of limit switches: the inner pair is responsible for normal operation, and the outer pair detects
abnormal PPU positions. As the PPU axes are driven redundantly without a synchronization shaft, the
synchronization of the driving motors must be ensured separately. Therefore, position measurements
are obtained with two Elgo EMAX [D7] absolute encoders per axis. Each manipulator joint is equipped
with a load-side and a motor-side absolute encoder. Furthermore, the joint torque can be determined
using a motor current sensor and a load-side torque sensor. The user forces and torques at the end
effector are captured using a Botasys SensONE [D8] six-axis force-torque sensor. Dead man switches
in the end effector handle and the remote of the safety operator complete the user input. Beyond
that, HapticGiant is equipped with several inertial measurement units (IMUs) for the kinematic state
estimation. A Beckhoff EP3752-0000 [D9] with two redundant three-axis accelerometers is attached
to the trolley of the PPU. Next, a Gable Systems SE1-HSD [D10] with a three-axis gyroscope and
accelerometer is mounted at manipulator joint 5. The last IMU, an Invensense MPU-9250 [D11] is
integrated into the force-torque sensor. Further details about the IMU setup can be found in Section 6.2.

The EtherCAT [80] technology is used as a low-latency and high-bandwidth fieldbus system to connect
all sensors and actuators, which are not safety-critical, with reduced cabling effort. This, in combination
with the consistent use of off-the-shelf components, drastically reduces the need for custom embedded
device development, which was a major drawback of the previous system. Furthermore, proven
industrial components and standards improve the reliability and extensibility of the overall system.
All PPU and manipulator joints have at least one absolute encoder, enabling an immediate system
initialization without the need for referencing.

m Construction

As the manipulator of HapticGiant’s predecessors [22,33] has only two active DOF, it was quickly
decided to discard the old manipulator. This decision was also backed by severe issues with functional
safety in combination with sensor and interface limitations. For this reason, only the PPU with its
frame-like supporting structure and its drivetrain as seen in Figure 4.2a were kept for HapticGiant.
Based on the results from Chapter 3, a whole new manipulator with the Denavit-Hartenberg (DH)
parameters from Table 4.1 was constructed and manufactured in the context of [S1]. To achieve this,
the general requirements from Section 3.1 were reformulated into a set of more manipulator-specific
goals and requirements:

* The resulting manipulator shall provide maximal haptic transparency and dexterity for a poten-
tially walking human user. This means that the kinematic design from Section 3.3.4 needs to be
respected and that the first manipulator joint needs an infinite range of motion. The desired user
interface is a handle-like structure. Additionally, users with a height of up to 1.95 m shall be
able to interact with the system, which means that appropriate clearance is required.

* The stiffness of the manipulator has to be high enough to display forces and torques within the
desired range. At the same time, the manipulator shall produce high absolute velocities and
accelerations, which demands a lightweight design. For reproducibility, the design must be free
of backlash and unambiguous assembly must be guaranteed, e.g., by means of fits.



38 4 Realization of HapticGiant

Joint 0 d a !
PPU 1 0 gfl] 0 90°
PPU 2 90° gFQ] 0 90°
Manipulator 1 gﬁ} 0 0.53m O
Manipulator 2 QE} 0 0.67Tm O
Manipulator 3 QF?I)] 4+ 180° —0.75m 0 90°
Manipulator 4 gﬁh —90° 0 0.42m O
Manipulator 5 g& + 90° 0 0 90°
Manipulator 6 gf‘g] 0.12m 0 0

Table 4.1: Full DH parameters of HapticGiant. Taken from [O1].

* The manipulator must be well-integrated with other subsystems, including the above-mentioned
sensors and actuators, the existing PPU, and the wiring.

* Even though HapticGiant is meant as a prototype, the manipulator design should use some
recurring building blocks to provide some degree of modularity. Moreover, mechanical and
electrical interfaces shall be included to integrate additional components in the future.

* The design must be manufacturable with common tools and materials.

* Lastly, user safety is a concern and must be regarded in the design, for instance by minimizing
pinch points or sharp edges.

These requirements are complex, partially contradict each other as previously discussed in Section 3.3,
and do not come with a clear solution. To still derive a suitable solution, the method of System
Generation Engineering (SGE) [81] was applied. SGE is a method in which the development of new
systems and their subsystems is based on a so-called reference system by applying three different types
of variations. This reference system is created from subsystems of existing systems already covering
some of the desired functionality. In this case, the reference system is composed of the light-weight
manipulators at the German Center for Aerospace [82, 83], the humanoid robot ARMAR [84], the
collaborative robots from Universal Robots [D2], the AnyExo exoskeleton [48], and the carbon fiber
reinforced mountain bike frames from Atherton bikes [85].

Based on the reference system, different solution concepts for subsystems were investigated. For
HapticGiant, the connection between the actuators is particularly critical, as high stiffness and low mass
are required, while the mechanical interface of the joints is given. After eliminating poorly realizable
solutions, two concepts for the link elements were left. The first solution consists of aluminum-links in
tube-shaped or lattice-like structures. The second solution uses carbon fiber reinforced tubes, whose
ends are glued into an outer and inner aluminum sleeve. As no experience with gluing carbon fiber and
aluminum was available at the author’s lab, an experimental setup was built to successfully verify the
feasibility and durability of the second solution. The integration of a through-bore slip ring between
the PPU and joint 1 was explored with the same methodology. In the chosen concept, the rotor of
joint 1 is rigidly connected to the PPU, while the rotor of the slip ring is attached to the housing of
the joint. Following the remaining requirements, a B-Command rotarX [D12] slip ring with an inner
diameter of 140 mm and signals for EtherCAT, Gigabit Ethernet, power supply, and discrete signals
was selected.

In the last step, detailed components were designed using computer-aided design (CAD) tools. To meet
the clearance requirements, the link length between joints 3 and 4 was slightly adjusted. As a result,
manipulator joints 1 through 3 were moved vertically, but without changing the size and shape of the
manipulator workspace as experienced by the user. Even though the joints are placed in various sizes
and angles relative to each other, the requirement for modularity was met by creating standardized
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(a) The PPU with the supporting frame structure. The manipulator is attached to (b) The manipulator with six
the trolley of the gantry crane-like structure. joints, slip ring and force-
torque sensor.

Figure 4.2: Representation of HapticGiant in CAD.

pairs of fittings holding the carbon fiber reinforced link tubes. Topological optimization was applied to
improve the stiffness-to-weight ratio of the connecting pieces at joints 1 and 2.

The final manipulator design can be seen in Figure 4.2b. It has a moving weight of 36.8 kg, excluding
the rotor of the slip ring, and a total link length of 2.5 m between the first actuator and the end
effector. To complete the construction of HapticGiant, a new switching cabinet was planned and
installed. It contains the inverters, a safety programmable logic controller (PLC), and other electrical
components. To avoid overvoltage during dynamic braking of the manipulator, two Nanotec BC72-50
brake choppers [D13] are installed on the trolley of the PPU. Some impressions of the real system can
be found in Figure 4.3.

m Safety Concept

Human-machine interaction is inherently required for the generation of artificial kinesthetic haptic
feedback and should therefore be considered in the safety concept of kinesthetic haptic interfaces.
Nevertheless, many interfaces, including those from Section 1.2.1, do not pay much attention to safety,
as the physical workspace and the output capabilities of the devices regarding force, torque, and
velocity are rather limited. In contrast to that, the user is moving within the workspace of HapticGiant
and the output capabilities of the kinematic chain, in particular the PPU, are big enough to seriously
endanger humans. In combination with the safety concept of the previous system, which is proven to
be fault-intolerant, this leads to the necessity of a comprehensive safety concept for HapticGiant. To
achieve this, the four-layer concept from Figure 4.4, which is described in the following, was developed.
In general, the goal of this concept is not to create an error-free system, but rather an accident-free
system. This means the safe stop of the system must be guaranteed under all circumstances.

In the lowest layer, a fully redundant Pilz PNOZ m B1 safety PLC [D14] is connected via two-channel
signaling to all safety-relevant sensors, including the laser scanner as well as two dead man’s switches
for the user and the safety operator. The mechanical brakes of the actuators are either redundant in
the case of the PPU, or safety-certified with a redundant safe torque off signal [D3] in the case of
the manipulator. The brakes of the Sensojoints are not rated as operating brakes. For this reason, the
manipulator is braked cooperatively by commanding suitable setpoints. However, if this fails, the
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(a) The manipulator with its six joints and carbon fiber reinforced links. One (b) The switching cabinet with PPU in-
of the topologically optimized parts can be observed at the beginning of verters (red), safety PLC (yellow),
the link connecting joints 2 and 3. DC power supply (dark blue), and

various other components.

Figure 4.3: Impressions of the assembled and operational hardware.

mechanical brakes are still triggered through the safety PLC. By default, the actuators are enabled only
when both dead man’s switches are pressed. However, this can be bypassed in two stages. In the first
stage, the dead man’s switch of the user is overridden, but then the laser scanner must signal a clear
workspace. In the second stage, the laser scanner is also overridden. In this case, the risk for the user is
increased, which is signaled by a flashing red light and a delay before the system is engaged. To avoid
the desynchronization of the redundant PPU motors during repeated mechanical braking, stopping
the PPU is realized using the safe stop 2 functionality [86] on PNOZ m EF 2MM motion monitoring
modules [D14]. As part of this, the hold position is maintained by an inverter-integrated position
controller and deviations from the intended behavior are detected by the safety PLC. Additionally, the
safety PLC monitors the emergency stop buttons and the limit switches.

The next layer is located in the EtherCAT slaves, where communication watchdogs ensure that the
periodic EtherCAT data exchange is alive. If this is not the case, the slaves fall back to a safe state.
Additionally, EtherCAT process data object (PDO) watchdogs are implemented to ensure that the
internal communication in the slave devices works as expected.

In the software layer, the safety mechanisms from Figure 4.1 are implemented. First, the sensor
data is checked in a watchdog for potential violations of hardware specifications, such as joint limits,
velocity limits, and the synchronization of the redundant PPU drives. Second, the hardware setpoints
from the controllers are sanitized. For example, a positive torque setpoint for a joint already being
at its upper limit will be zeroed. The third dedicated software component for safety is a predictive
collision detection algorithm. Using Flexible Collision Library (FCL) [87], a simplified model of the
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Figure 4.4: HapticGiant’s layered safety concept.

manipulator geometry is deployed for this purpose. The expected configuration gpreq is derived from
the current joint state with configuration g and velocity ¢ by calculating the stopping position after a
braking maneuver with maximal constant deceleration ¢pax. Solving the corresponding equations of

motion yields
-2

o q
Gpred = ¢ + sign(q) oF

qmax

Furthermore, all other software modules not dedicated to safety, such as the state estimator and
the force controller, can trigger a full system stop in case they detect implausibilities in their inner
workings, e.g., when limit violations or non-finite values are detected.

The final layer of safety is the user and the always-required safety operator. The dead man’s switch
of the latter is always ANDed with the actuator clearance of the system. As soon as it is released,
the system is put into a safe state. All mechanical brakes are triggered immediately when any of the
emergency stop buttons is pressed or a failure is detected.

m Inverse Kinematics

The kinematic structure of HapticGiant and additional information needed for solving the inverse
kinematics problem is illustrated in Figure 4.5. The corresponding DH parameters can be found in
Table 4.1. Due to the kinematic structure of the manipulator, the solution of the inverse kinematics
problem can be calculated in closed form:

1. Without loss of generality, we assume that the desired end effector position is given relative to
the PPU position, i.e., the tuple (z5;, C}) is known. Using

Cii = C.(a)C,(B)C.(71)C,(m)C.(n),

the desired end effector orientation can be expressed using the Euler angles «, 3, and ~.
Here, C,(¢) denotes the matrix representation of a rotation around the coordinate axis a by ¢.
The resulting angles correspond to

o =) + 4y + 93 4.1
B=gqjy+qp, and
Y= —gf‘é] )

from which gfg] is directly determined.

2. The joint angles gﬁ] and gf’g] can be calculated using the height of the vertical end effector
position
P
Tppp) = Lz — L cos(f) — iy COS(Q&]) .
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Figure 4.5: Illustration of the kinematic structure for solving the inverse kinematics problem.

Using the above definition of 3, this can be solved for the joint angles

g"]]ZH[ZS} +l[3] +l[5} COS(ﬁ)) and

mo_
qy) = arccos < -l
(4]

3. The end effector position can be interpreted as the result of chaining an ordinary planar SCARA
manipulator with the remaining manipulator joints. In this case, the position displacement of the
SCARA manipulator is

i
ﬁp-+1p]$n(q%-+ggp ) (4.2)

[
I
le~
=
w0
=
=
—~
=

The contribution of the remaining joints to the horizontal displacement is

cos(a)
v = = (U sin(8) + Iy sin(gfy)) | sin(a) | .
0

yielding

P
uP — (Z‘p[é[lzz]) _LP.

With the standard solution [36] to (4.2), the SCARA joint angles are

A2+ 12, 12
ah = arctan2(u§],yﬁ]) — arccos <M> and

2,
gf;} = T — arccos TR
“F2]
with reach
_..p
a= [Jufia],

The last unknown manipulator joint angle is then calculated using

4z = @ —qi) — 9z
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Note, that even though only one solution is stated here, up to seven additional solutions,
originating from branches in the Euler angle conversion and the SCARA inverse kinematics
solution, exist. However, these, as well as the handling of singularities, are not of practical
relevance with the given joint limits and hence not detailed here.

In practice, the end effector pose relative to the base (gcg e Cg) will be given as input to the inverse
kinematics calculation. For this reason, the transformation

zpy = CE' (QUgH - ZﬂgP) and (4.3)

ch =c8ck

must be applied in preparation. Here, CIB; is a fixed rotation offset and gg} = (0 —QFQ] QFI])
incorporates the PPU configuration ¢P, which can be interpreted as a solution parameter. If arbitrary
end effector poses are given, ¢g° may not be known a priori. In this case, the calculations for gﬁ] to gFé]
remain unchanged. The values of ¢ff; and g3, are set to feasible values, e.g., 7/2 and — arctan({y /_1[2]),
respectively, which directly yields gﬁ‘] according to (4.1). The now fully known manipulator configu-

ration ¢™ is then plugged into the manipulator forward kinematics, yielding apg - Rearranging (4.3)

for ;cg} eventually yields ¢P.

m Real-Time Control Framework

The controllers of HapticGiant’s predecessor were running on custom embedded devices [22], which
required a lot of specific knowledge and had limited hardware resources. Even worse, standard libraries,
e.g., for kinematics and linear algebra, could not be used, and the only available communication
interface was a low-bandwidth serial connection. Robot Operating System (ROS) [88] on the other end
of the spectrum is a widely used robotics framework, which is shipped with many standard libraries
and useful tools to encourage clear interfaces and reusability. Nevertheless, ROS was not made for
high-performance control applications with strict timing requirements or fully synchronous operation,
as it was designed for general-purpose Linux computers.

Even though general-purpose computers are not primarily designed to be real-time safe, impressive
real-time performance was demonstrated by projects such as Xenomai [89] and the Preempt-RT Linux
kernel patch [90]. While it is comparatively easy to implement simple stand-alone applications with
these tools, there are many pitfalls when using them for a complex project. The ROS community has
tried to address the lack of features for real-time control with the ros_control package [91] and the
development of ROS 2 [92], but the first is missing the necessary modularity for complex control
tasks and the latter was still in early development when the design decisions for HapticGiant had to
be made. In addition, the real-time features of ROS 2 are still behind the level of convenience that
traditional ROS code offers: To this day, the runtime composition of real-time nodes is not supported
in ROS 2 and the process configuration for real-time properties has to be set up manually [93]. Other
less well-known projects [94-96] also try to bridge the gap between ROS and real-time requirements.
While these perform reasonably well in their respective use cases, they suffer from limited modularity
and missing compatibility with standard ROS workflows.

As a promising alternative to ROS, Open Robot Control Software (OROCOS) [97] provides a large
number of real-time safe and modular features that can be linked with existing ROS environments using
the rtt_ros_integration package [98]. In practice, however, OROCOS does not seem to be adopted very
often despite its powerful design. The author suspects that this is caused by the rather complex concepts
in combination with missing built-in standards for visualization. For this reason, this section presents
Real-Time Control Framework (RTCF) [O6] as a novel tool to seamlessly build high-performance
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Figure 4.6: Exemplary composition of RTCF components and ROS nodes representing a typical
real-world robotic system with hardware interface (green), cascaded controllers (orange),
and high-level systems (magenta). Adapted from [O1].

control applications under real-time constraints. To achieve this, OROCOS is combined with ROS
using rtt_ros_integration to maximize usability and convenience at the same time.

m Design

The following requirements have to be met by a suitable software framework in the context of
HapticGiant, but also in many other robotic projects with real-time control:

* The framework must facilitate modularity through reusable components with well-defined
interfaces, that can be recomposed according to the needs of the application.

* Interoperability with existing robotic frameworks, especially ROS, is crucial to minimize the
development effort and to boost the utilization of readily available tools, e.g., for visualization,
parameter handling, and logging.

* Fast, low-overhead, real-time safe execution is required to achieve satisfactory performance.
The desired control frequencies are in the kHz-range, requiring a jitter below 10 us. Real-time
safe here means that soft real-time guarantees are required.

* The framework should be easy fo use to enable quick results, especially for developers coming
from the ROS ecosystem.

RTCF, which is written in C++, aims to fulfill these requirements by choosing suitable OROCOS
functions and making them ROS-compatible. The most important building block of the framework is
the so-called component. Its input and output interface is defined using ROS messages. Therefore, it is
directly compatible with the publisher-subscriber concept used for ROS topics, making the components
conceptually very similar to ROS nodes. This is also reflected in the C++ code from Listing B.2.

Like ROS nodes, a set of components can be connected to form a graph as illustrated in Figure 4.6.
In contrast to ROS, where nodes are executed in concurrent processes, the components in RTCF are
executed sequentially in a single thread to ensure deterministic behavior and to avoid synchronization
issues. The determination of the order is done by means of an automated dependency resolution. To
achieve this, each instance of an RTCF component maintains a list of predecessors and successors based
on its connections to other components. With this information, Kahn’s algorithm [99] is deployed,
which results in the desired topological order. Possibly occurring loops, e.g., due to a hardware
interface component with sensors and actuators, are avoided by excluding specific connections from
Kahn’s algorithm or by marking a component that shall be executed first.

To maximize interoperability, RTCF uses rtt_ros_integration to transparently bridge between the
real-time capable components and the non-real-time capable nodes in both directions. Topics can be
white- and blacklisted to minimize the bandwidth consumption of fast-running inner control loops
according to the application’s needs. To launch a complex controller architecture with components
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Figure 4.7: Performance benchmark of RTCF. Taken from [O6].

specified at runtime, ROS launch files can be used in RTCF instead of the rather unfamiliar OROCOS
scripting language. For this purpose two ROS nodes are used: The rz_runner node, whose concept is
comparable to the nodelet_manger [100], is responsible for executing and managing all components
within a single thread. The rt_launcher node facilitates the convenient loading and unloading of
components. Listing B.1 shows an exemplary launch file. Static parameters in RTCF can be used in
the same way as in ROS because each component has access to a ROS node handle. In addition, a
real-time safe wrapper for dynamic_reconfigure [101] is provided to enable features such as online
controller tuning. Real-time safe logging to the ROS console is also supported through wrapping the
OROCOS logging system in ROS-like logging macros. This way, ROS tools such as rgt_console
and rqt_logger_level stay fully functional and logs are automatically transported over the network if
necessary. Last but not least, RTCF is compatible with third-party simulation tools by handling the
use_sim_time parameter.

E¥¥] Evaluation

The performance of RTCF was evaluated using the architecture from Figure 4.6 running at 2 kHz.
To measure the actual framework performance instead of the payload performance, all components
perform a simple sum operation on their scalar inputs. The topology of the examples is chosen to
resemble a complex real-world control architecture. For this reason, three topics are bridged between
the real-time and the non-real-time domain using the whitelist feature. The loop closure that comes
from the hardware interface H1 is resolved by marking the component to be executed first.

Timing measurements were performed on an off-the-shelf desktop computer equipped with an Intel
Core i5-8600 CPU (kernel version 5.4.44 with Preempt-RT). The system was artificially loaded using
the stress-ng tool [102] with the options ——cpu 48 —--io 48, resulting in full processor load. The
scheduling jitter, i.e., the deviation from the desired invocation time, and the update duration for each
RTCEF iteration were recorded for three hours with RTCF’s integrated profiling tools. As depicted in
Figure 4.7a, the update duration has a maximum at 18.8 us and a 99.9th percentile at 10.3 us. This
indicates that RTCF indeed has low overhead and consistent delays, even when some topics are bridged
to the non-real-time domain. According to Figure 4.7b, the maximum and the 99.9th percentile of
the scheduling jitter are 6.1 us and 1.8 s, respectively. Hence, the combination of OROCOS and
Preempt-RT works as intended. The data also suggests that control frequencies far beyond 2 kHz are
possible without modifications.
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Figure 4.8: Illustration of the frames used for the end effector force-torque estimation with a force-
torque sensor (gray). The handle’s center of mass is located at frame C.

m Selected Components

This chapter presents a few selected components that are important for the operation of HapticGiant,
but whose contributions are too lightweight for individual chapters.

m Force-Torque Estimation

The desired end effector wrench cannot be measured directly due to the size and the mechanical
interface of the selected force-torque sensor. For this reason, the wrench ng = ( fg T mgT) at the
force-torque sensor and the kinematic state of HapticGiant are used to obtain an estimate of the actual
end effector wrench ng = ( f ET mfIT). To achieve this, effects such as the lever arm, the inertia of
the handle, and gravity must be taken into account. Furthermore, the measured force-torque values

f§ =15 +b7 and (4.4)
ms =m3 + b5, 4.5)

will exhibit the biases bfz and b7, which must be compensated for unbiased estimation results.

In the following, the coordinate systems as depicted in Figure 4.8 are used. The measurements of the
force-torque sensor are resolved in frame S. The end effector and the sensor are connected using a link
with inertia matrix I° in sensor coordinates and mass m, whose center of mass is located at frame C.
The end effector frame H and the base frame B remain defined as before.

For the force, we start with the time-dependent center of mass position in base coordinates

B B B.S
rpc = s + Cs23c,

where 23 is the constant center of mass position in sensor coordinates. Differentiating this twice and

changing the resolving frame following the rules from Section 2.2 yields
.. .. 2
Ppo = ihs + ((Q%S) + Q%S) z3c,
which can be inserted into the force balance equation
fi = 15 +m (¢° - i5c) (4.6)

to obtain the desired end effector force f ﬁ = Cg f fl in base coordinates. Here, ¢° = C% QB is the

gravitational acceleration. For the torque, Euler’s equation of rigid body rotation [103]
S -8 S 158 s
Pwps + QpsIPwhs = Mg .7
is combined with the total accelerating torque

S S s s S s S S
Mg = MG — M — 230 X f5 + (230 — 23y) X fi - (4.8)
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Combining (4.7) and (4.8) yields
miy =m§ — 30 X [ + (230 — xdy) % [i — o — Qpslwis, (4.9)

which can be directly transformed to base coordinates using r_ng = Cg m% . For the implementation,
the kinematic quantities Qf% g @g g gg g-and C% are calculated using the forward kinematics equations
and the estimated joint positions, velocities, and accelerations. If only joint positions are available or
low end effector speeds and accelerations are to be expected, the velocity and acceleration quantities
in (4.6) and (4.9) can be set to zero to get an approximation that compensates stationary effects.

To calibrate the biases under zero-load conditions while all movement is halted, we set the actual
wrench to zero, i.e., f 1‘3 = 0and mfl = 0, and sample a force-torque measurement. By inserting (4.4)
and (4.5) into (4.6) and (4.9), we obtain

bS = fg +mgs and
by, = mg + z3¢c x mg®

after trivial rearrangements. If these are calculated from a reasonable number of samples, the measured
force-torque values can be corrected by subtracting the biases before applying (4.6) and (4.9) to obtain
an unbiased end effector force-torque estimate.

m Control of the Prepositioning Unit

As explained in Section 4.1.1, each PPU axis is driven by two redundant motors that are coupled
through the mechanical structure but not through synchronization shafts. The practical experience
with HapticGiant’s predecessor revealed that this design can cause skewing of the traverse of the
gantry-like crane, which in turn results in mechanical stress and reduced repeatability, especially after
a brake-actuated emergency stop is triggered. Although this effect is less significant for the trolley, it is
likely to occur there as well. Mathematically, this means that the position measurements from side A
and B of each PPU axis, gP7A and gp’B, start to differ significantly. While the root cause of this effect
cannot be eliminated without seriously affecting the PPU construction and its supporting frame, it can
be mitigated by overlaying a simple synchronization controller with the proportional gain @Sync on the
commanded velocity g'fmd. Evenly distributing the controller output over the redundancy results in the
individual motor commands

. 7A . 1 . ,A 7B
ggmd = gsmd - 5 dlag(ljgync) (Qp - gp ) and

1
:pB - : A B
ggmd = ggmd + 5 dlag(ESync) (E]p - Qp ) )

which are sent to either side of the PPU axes.

EEE] Vvisualization

The visualization of HapticGiant is essential for the simulation and the supervision of the system.
Additionally, there are some situations in VR, where the user should be aware of the actual system
state while interacting with HapticGiant. Visualization tools are also necessary to display the visual
aspects of any TE and their DTs. Game engines, such as Unity [104] or Unreal Engine [105], provide
very powerful and sometimes even photorealistic rendering capabilities; however, they require a lot of
dedicated development effort.

For this reason, it was decided to build the visualization of HapticGiant upon the ROS tool rviz [88].
As depicted in Figure 4.9a, rviz can visualize 3D information, such as point cloud data, joint torques,
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(a) In rviz on a Linux computer. (b) In iviz on a Microsoft Hololens 2.

Figure 4.9: Visualization of HapticGiant.

wrenches, and the kinematic robot state. For the latter, the Unified Robot Description Format (URDF)
file format [106] is used to specify a robot model, whose information was derived from CAD data.
The visualization on head-mounted displays and mobile devices is achieved with iviz [107], which
can be considered as a Unity-based substitute for rviz. This way, HapticGiant can be visualized on a
variety of AR/VR platforms, such as HTC Vive, Apple iPad, or Microsoft Hololens. An example of the
visualization using iviz is shown in Figure 4.9b.

¥ Discussion

Although the novelty of this chapter is limited from a purely scientific point of view, the design of
HapticGiant is unique in many ways and, therefore, the platform as a whole can be considered as a
novelty. In contrast to other kinesthetic haptic interfaces, HapticGiant’s hardware is optimized for
delivering force and torque feedback within the full range of motion of the human arm, while the
user can walk freely in a room-sized environment. The increased risk resulting from the permanent
whole-body human-machine interaction is reflected in a sophisticated safety concept.

With a total weight of 36.8 kg, the manipulator design is overweight compared to the expected 30.1 kg
from Section 3.3.4, causing a slight degradation of the actual dynamic coverage. Despite that, the
presented hardware still seems to be a very good realization of the design, especially when considering
that it is the first and only iteration at the time of this writing. For future prototype iterations, the
primary cause of the overweight should be analyzed and incorporated into the design process.

To the best of the author’s knowledge, RTCF is the first software framework enabling high-performance
control on general-purpose computers with the given degree of ROS interoperability and modularity.
While it will probably not become a standard tool in robotics due to the advent of stable ROS 2
versions, it is still a valuable demonstration of how seamless real-time control could look in future
ROS versions.

Together with the visualization and other basic components, the presented system is a cornerstone for
many of the practical research results in the following chapters. Putting the hardware and software to
the test will also reveal the system’s weaknesses and potential for improvement.
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... in real life mistakes are likely to be irrevocable.
Computer simulation, however, makes it economically
practical to make mistakes on purpose.

JOHN H. McCLEOD (1911 —2005)

Simulation tools are essential for the efficient development of robotic systems as algorithms can be
tested before they are deployed on the real system, reducing the risk of malfunctions and minimizing
development costs. Furthermore, a suitable simulation can increase the availability of the system
during maintenance or even when the system is still under construction. Another interesting aspect is
that a simulation can be used to create a portable virtual prototype, which is especially appealing for
HapticGiant due to its size-induced immobility.

For a successful simulation, all relevant effects must be included in the simulation model, while
maintaining reasonable speed and accuracy. For HapticGiant with its eight DOF, this is reflected in the
following requirements:

* The resulting simulation environment should act as a drop-in replacement for the real system.
This means that especially the interfaces must be identical.

* The joints in HapticGiant’s manipulator exhibit properties of series elastic actuators (SEAs) due
to their mechanical design. As a result, the joint flexibility must be considered in the simulation
to achieve realistic transient behavior.
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* The PPU of the real system does not have a physically derived dynamic model and is commanded
using velocity setpoints. For this reason, the PPU must be modeled as a velocity-controlled
black box affecting the manipulator movement.

* The simulation of non-linear friction effects, especially the Coulomb friction originating from
the joint transmissions, is important to enable the use of the same low-level controllers in the
simulation as in the real system.

* The simulation must be able to run in combination with the rest of the real-time feedback control
loop. This means that the cycle time of the simulation must be way below 1 ms to facilitate an
update frequency of 1 kHz for the overall system, including controllers.

* A virtual prototype cannot directly create user interaction forces and torques. Hence, a suitable
input alternative must be provided.

* Collision detection between body parts is not mandatory, as HapticGiant is not supposed to
collide with anything during normal operation.

Several tools are available for the simulation of robotic systems. In academia, the combination of
Matlab Simulink [108] with Matlab Simscape Multiody [109] and Matlab Robotics System Toolbox [75]
is a popular closed-source choice. While these tools are very good for quickly creating standalone
simulation models, the model formulation is tedious for large systems, and the resulting simulations
are not directly compatible with ROS. Furthermore, experiments in the context of [S2] revealed that
the resulting simulation is far from being real-time capable. Robots with ties to the ROS ecosystem
are often simulated using the open-source tool Gazebo [110], which features excellent integration
with ROS but no real-time capabilities. Gazebo uses Cartesian states to represent the kinematic state
of robot links, which is proven to lead to stability issues in practice [111]. Moreover, Gazebo does
not support flexible joints or hybrid dynamics [40] as needed to fulfill the above requirements. With
its transition to an open-source license, MuJoCo [112] has recently gained traction in the robotics
community. Nevertheless, it is not capable of simulating hybrid dynamics either.

In general, none of the mentioned simulators is capable of meeting all the requirements for Hap-
ticGiant’s simulation. Aside from that, the simulation of HapticGiant requires only a small subset
of the features available in full-blown simulation suites. For this reason, it was decided to build a
custom simulation tool tailored to the above requirements. In the following, Section 5.1 will first
introduce the system dynamics, followed by information about the sensor simulation in Section 5.2.
The parameterization and the modeling of the user behavior are briefly presented in Section 5.3 and
Section 5.4, respectively, before the simulation is evaluated based on examples in Section 5.5. The
discussion in Section 5.6 concludes this chapter.

m System Dynamics

In the following, the dynamic model of flexible joints is explained. The simulation is then extended
with the inclusion of the PPU and Coulomb friction effects.

EEER Flexible Joints

The joints in HapticGiant’s manipulator are SEAs. Following [113] and as depicted in Figure 5.1,
these can be modeled using a motor with the rotor angle 6!°' and rotor inertia I}°. A transmission with
gear ratio r; > 1 reduces the rotor angle to the motor-side angle

1
rot
—0r
Ti

Oy =
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Figure 5.1: Model of a joint with an SEA. Adapted from [S3].

with the effective motor inertia
I = r2I.

The corresponding motor-side torque after the transmission is denoted as 7, and considered as input
variable. The load-side angle gﬁ is coupled through a spring with stiffness k; and damping d;. For a
kinematic chain with multiple joints, the coupling torque 7, is defined as

Icpl = D(Q —Qm) +K(Q _Qm),

where D and K are diagonal matrices with the damping d; and stiffness k; of each joint, respectively.
Under the assumption that Q[ | < 6, the motor- and load-side angles obey

i i
0
ai  and (5.1)
M"G™ 4+ ™ = 14
with the driving torques

z—(?ri =T - Icpl - DGQ and

m __ m : ml P
Idri_IcpliD 97‘71_/5 W -

Here, the diagonal matrices D? and D™ contain the motor- and load-side viscous friction coefficients,
respectively. The diagonal matrix B holds the effective motor inertias I;. The remaining quantities are
as in Section 2.3.

m Hybrid Dynamics

The PPU determines the position of the manipulator base by tracking velocity setpoint Q(I:’md' Due to the
belt-driven design of the PPU and the inverter-integrated velocity control loops, no physical model can
be derived. However, the tracking behavior of the velocity setpoint can be approximated by a linear
time-invariant system with the transfer function

Llagl(s) Q0

‘C{gsmd[z‘]}(s) b()[i] + bl[i]s et bpm sP

where i € {1, 2}. The system order p and the coefficient vectors g, b, ..., b
the real system. The corresponding differential equation is

can be identified using

ortlgp . » . &t gP
8tp+—1 = (dlag (bp)) diag (a) Gemdji] — Z diag (b;) W ) (5.2)
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This model can be combined with the concept of hybrid dynamics from [40], where the robot joints
are divided into forward-dynamics and inverse-dynamics joints. For HapticGiant, the dynamic model
of the PPU and the manipulator can be jointly written as

MP  MP™\ (P &\ (1P
(e ) () + () = () 6

The forward-dynamics joints in this case are the manipulator joints with known driving torque 73} but
unknown acceleration ¢". For the inverse-dynamics joints, the acceleration ¢P is known. To obtain the
desired manipulator acceleration

(fm) =reea(() () (0)

is calculated. According to [40], this simplifies (5.3) to
Mmg‘m +§,m — Iélrli .
The manipulator acceleration becomes

g'm — Mm—l (Iérrli - glm) ’ (54)
while the motor-side acceleration Q from (5.1) remains unaffected. With the information so far, the
state vector

P grT . . :
wT — (8% . ng ng ng ng QT QT>
and its derivative 1_# are fully defined by combining the information from (5.1), (5.2), and (5.4). To
simulate the system over time, an explicit fourth-order Runge-Kutte integrator [114] with a fixed step
size At and, hence, constant calculation time is used.

m Coulomb Friction

Coulomb friction is present in almost every mechanical system and significantly contributes to the
dynamic behavior of HapticGiant, too. According to [115], the friction force Tgiction, that needs to be
added to the driving force 7 before integration to include this effect for a single joint, is modeled as

—T, if(jIO/\|T‘§,uc
Tfriction = § —Mc Sigﬂ(T), ifg=0A ’T‘ > e
—ue sign(q), otherwise

with the Coulomb friction coefficient p.. Although this model is conceptually simple, it poses major
problems for numerical integration schemes due to the discontinuity at ¢ = 0 and its dependence on
the driving force 7. In practice, this means that a moving mass under Coulomb friction in 1D space
will never come to a full stop with a fixed step integrator, as the velocity will keep oscillating around
zero. This becomes even more complicated when several joints are coupled through a non-diagonal
inertia matrix because the Coulomb friction forces of one joint might cause the breakaway of another
joint with zero velocity.

In literature, a variety of solutions to this problem have been proposed [115-119]. In the context of
HapticGiant, the question of how to model the Coulomb friction was also examined in [S4], which
led to the conclusion that the so-called principle of maximum dissipation (PoMD) from [116] is a
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suitable approach for including Coulomb friction effects in the simulation. The principle states that the
Coulomb friction minimizes the kinetic energy

1. . . .
Exin = B (¢ +A9)TM(EJ +Aq)

by producing a suitable velocity change A¢ within At. Using the generalized impulse p = MAg
and the Coulomb friction coefficients p, the resulting friction effects are encoded in the inequality
constraint

—Atp, <p < +Atp, .

This can be reformulated as minimization problem

.1 _ .
Pt = argmlnipTM lp + gT;g, (5.5)
P

subjectto  — Atu. < p < +Atpu,,

which can be solved using quadratic programming (QP) under real-time constraints. In the context of
HapticGiant, both, the motor- and the load-side of the manipulator joints are expected to experience
Coulomb friction with the coefficients Hf and pg", respectively. In the above problem, the variables are

then
Ag _ =1 % s E] M 0 He
< Q>_M P, g-(e-), M-( B)’ and ‘—‘C_(ﬁ . (5.6)

Aq

If a first-order explicit Runge-Kutta integrator was used, the velocity change A¢ could be applied
after each iteration. However, this would lead to a drift in the position over time as the position is not
corrected. As an alternative, it seems reasonable to divide the velocity change Ag by At to obtain an
acceleration change, that is applied before the integration takes place. As before, this would result in
a position drift: With ¢ = 0, the minimization problem (5.5) reaches its global minimum at p = 0,
which translates to Ag = 0, and, thus, causes no acceleration change. As a result, a driving torque
smaller than the Coulomb friction would still cause non-zero effective acceleration, ultimately leading
to undesired position and velocity changes.

To resolve this issue, Algorithm 5.1 was developed. The key idea of this algorithm is to predict the
system velocity without Coulomb friction before calculating the velocity change according to the

PoMD. Based on that, the acceleration is corrected and predictions for velocity g*T = (q'm+T §+T>

and position g“‘T = (gm+T Q+T) are obtained. The predicted values are subsequently used to
approximate the true gradient for the Runge-Kutta method using

T = (2T ST 1mt  omT L amb  smT Lot oT L4+ AT
r T g 4 E(EI —9) E(q —g) E(Q —0) E(Q -0)" )

which concludes the mathematics behind the simulation of the system dynamics.

m Sensors

Based on the simulated system state 1), the sensors listed in Table 5.1 were integrated into the
simulation. The sensor model of the gyroscope G;, which is depicted in Figure 5.2, contains a
constant bias bg;. - @ bias depending on temperature 7" with coefficient ¢, , and the white Gaussian
noise v ~ N(0, 0 I) with standard deviation o;,. The axis scaling and cross-axis sensitivity are
summarized in the matrix SGi. A simple ADC model with resolution Ag, and saturation wg, max
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Algorithm 5.1 Application of the PoMD in the context of a Runge-Kutta integrator.

qlTl qm
Input: Kinematic state ¢ = (9 ) and ¢ = ( )

%)
N . v (" . (4™
Output: Current acceleration § = ( Q > and predicted state ¢ = (—9 I ) .G = ( Q " )
1: Calculate G,. = <g~“c> using (5.1) and (5.4) // Use predicted velocity
=nc

gk < ¢+ Atg, // Predict velocity as if Coulomb friction did not exist
Calculate A using (5.5) and (5.6) with ¢ = ¢;f;

G ¢ Goe + 270G // Rdjust acceleration

¢t < ¢t +A¢// Adjust predicted velocity

gt —q+ Atg + %At%j // Predict position

return ¢*, ¢, §

AN A b

Sensor Effects

Accelerometer Noise, axis scaling, cross-axis sensitivity, bias, bias drift, saturation, quantization
Gyroscope Noise, axis scaling, cross-axis sensitivity, bias, bias drift, saturation, quantization
Encoder Noise, quantization, 1st-order low-pass for velocity measurement

Force-torque sensor  Noise, deviations regarding true handle mass, lever arm, and center of mass
Joint strain gauge Noise, bias
Limit switch Hysteresis

Table 5.1: Overview of the simulated sensors and included effects.

completes the setup delivering the measured angular rate @gbl The accelerometer model is analog. In
both cases, the respective groundtruth values are calculated using the forward kinematics and gravity
information. The encoder models take into account a zero-mean white Gaussian measurement noise
and quantization steps, that incorporate the transmission ratio and the encoder resolution. Optionally, a
pseudo velocity measurement is provided through numerical differentiation and a first-order low-pass
filter. The force-torque sensor data is generated using the model from Section 4.3.1, but with slightly
deviating values for handle inertia, lever arm, and center of mass compared to the end effector wrench
estimation. Zero-mean white Gaussian noise is then added to the groundtruth data to obtain the
simulated measurements. For the simulation of the joint torque sensors, the corresponding elements of
the spring torque

K(0—q")

Tspring —

are distorted with a constant bias and zero-mean white Gaussian noise. The limit switches are modeled
with a simple position hysteresis to avoid oscillations of the sensor output.

m Parameterization

The simulation depends on a high number of parameters, which were determined using measurements,
datasheets, or existing models. In particular, the inertia properties of the manipulator were calculated
from the CAD model by assigning the correct material properties to the individual parts. Unmodeled
parts, such as screws, were included by adjusting the weight of the individual link parts to match the
total weight of the components after assembly. To account for the masses of the cables, the cables were
weighed and their mass was distributed along the manipulator according to the cable routes. Together
with the maximum joint ratings from the datasheets, the resulting mass, center of mass, and inertia
matrix for each link were then added to the URDF file introduced in Section 4.3.3. This URDF file
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Figure 5.2: The measurement model of the gyroscope sensor at frame G;. Taken from [O2].

also contains the forward kinematics information. Parameters such as the transmission ratio, the rotor
inertia, the joint spring constant, and the joint spring damping were provided by Sensodrive. The
remaining friction parameters, including Coulomb friction, were determined with the procedure from
Section 7.2.2. The behavior of the PPU was identified by recording step responses and fitting a system
of order p = 2 for each axis.

The information for the gyroscope and accelerometer sensors was mostly taken from datasheets,
whereas resolution and range specifications were used directly. Values that are specified with typical
values, such as axis-scaling, cross-axis sensitivity, bias, and bias temperature coefficient, were drawn
from a corresponding uniform random distribution. The standard deviation of the noise was derived
from datasheets and verified by measurements. The encoder resolution and its noise standard deviation
were determined from datasheets and measurements, respectively. If the encoder provides a velocity
estimate, the filter cutoff frequency was obtained from the configuration of the encoder. Measurements
were used to identify the standard deviation of the measurement noise for each axis of the force-torque
sensor. The deviations of the center of mass and the lever arm were drawn from a symmetric random
uniform distribution with a maximum of 1cm and 0.5 cm, respectively. The mass error was set
to 50 g. Lastly, the noise intensity and the bias of the individual manipulator joint strain gauges were
determined from the standard deviation and the mean of measured data. The remaining simulation
parameters are not explained here, as their values are not critical for the fidelity of the simulation.

m User Behavior

With the presented simulation, it is already possible to simulate the effect of arbitrary end effector
wrenches. However, the forces and torques are independent of the actual system state, which is not
realistic. In fact, the human user forms a crucial feedback loop with their musculoskeletal system
that converts pose displacements of the hand into end effector forces and torques, as illustrated in
Figure 5.3. Therefore, a linear omnidirectional spring-damper model is proposed as an option to
simulate the exerted user wrench.

In this model, the end effector force, i.e., the translational part of the wrench,

B B B - B
fH = _kuser,tran (f_L'BU - @BH) + duser,tran@BH

is modeled using a Cartesian spring with stiffness kyserran between a virtual user reference frame U
and the end effector frame H. The damping dyser.ran acts as a dissipative element. The sign convention,
which may seem counterintuitive, is chosen to be compatible with Section 5.1. To calculate the
rotational part of the wrench, the orientation deviation C}! = CEITCE is converted to an axis-angle
notation, yielding the end effector torque

B B, .H B
myg = _kuser,rot (CHfHUaHU) + duser,rot(-‘_dBH

with the spring constant Kyger.ror and the damping parameter dygerror analogous to the translational part.
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Figure 5.3: The user interaction forms a secondary feedback loop. This behavior is especially
important for the design of HapticGiant’s control system.

User HapticGiant

With this concept, the reference pose U can be set to arbitrary values. Besides preprogrammed
reference trajectories or fixed values, the reference pose can be updated at runtime through external
inputs, such as a keyboard or a gamepad. As an alternative, the reference pose can be determined from
the hand pose of a user wearing a Microsoft Hololens 2 [D15]. If the finger poses relative to the palm
are evaluated with a suitable classifier for grasp detection, the state of the dead man’s switch at the
manipulator end effector can be emulated as well. As demonstrated in [S4], the resulting system can
be used as a full-scale and highly immersive virtual prototype of HapticGiant. Evidently, the user is
not receiving any real force feedback in this setup. However, the visually observed pose difference still
provides some feedback about the expected haptic sensation to the user. Hence, interactive experiments
regarding the haptic transparency or stability of the system can still be conducted without having
access to the real system.

m Evaluation

The simulation was implemented in C++ and RTCF with the help of pinocchio [120] for kinematic and
dynamic calculations. To prove the effectiveness of the proposed simulation, two example scenarios
were analyzed on a laptop with an Intel Core i7-9750H CPU.

In the first scenario shown in Figure 5.4a, the system starts with the manipulator set to the configura-
tion g™ = (0 /2 0 w2 0 —0.8)T rad, i.e., the link between the manipulator elbow and wrist
is aligned horizontally. All setpoints are zero. Att = 1.1s, the dead man’s switch is pressed in
simulation, causing the elbow joint (joint 4) to rotate towards the ground. The joint comes to rest after
less than 2's at an angle that is different from the stable equilibrium without Coulomb friction, which
is at g7}, = Orad. Att = 5.1s, the y-axis of the PPU is commanded to move with 0.8 m/s. Due to
the inclusion of the hybrid dynamics in the simulation, manipulator joint 1 begins to rotate during the
acceleration phase of the PPU. Likewise, the elbow joint changes its configuration. When the PPU
has reached constant velocity, the elbow joint remains in a different equilibrium than before the PPU
acceleration, also due to Coulomb friction effects.

In the second scenario, manipulator joint 1 is initially commanded with a constant torque of —20 Nm.
Att = 0.1s, the commanded torque is changed to 166 Nm. The resulting joint velocity regarding
motor- and load-side encoders is shown in Figure 5.4b. As expected with SEAs, the load-side velocity
lags behind the motor-side velocity, which exhibits damped oscillations.

On average, the simulation took 64.8 pus and maximally 115 ps to complete a simulation step of 1 ms,
including all computations for the system dynamics and sensors as well as the handling of input and
output data. This proves that the simulation can run under real-time constraints with a fraction of the
actual cycle time, meaning that there is plenty of time left for other components. The calculation of the
gradient 1_/1 took 3.3 us on average, whereas 2.2 us where spent on solving the quadratic program (5.5).
To get the total time spent for the gradient calculation in one integration step, the stated computation
times must be multiplied by five because the gradient is calculated four times for the Runge-Kutta
integrator and once more to get the system acceleration for the new state.
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Figure 5.4: Dynamic simulation behavior in two example scenarios.

m Discussion

As demonstrated in the previous section, the presented simulation is very fast. In fact, it is faster than
the actual hardware interface, which already spends 109.4 us on average for communicating with the
EtherCAT devices. Many aspects of HapticGiant are modeled in the simulation. In particular, the
joint elasticity and non-linear Coulomb friction effects, combined with a velocity-controlled PPU,
create a unique solution regarding the computational speed and the number of features. Although this
solution is tailored to HapticGiant, the presented combination of methods may be useful for other
robotic systems, especially mobile manipulators, when a general-purpose simulation framework is
unsuitable.

In the current state, the simulation is already satisfactory for developing and testing new features
for HapticGiant. In practice, almost all features from Chapter 7 were developed and tested using
the proposed simulation before they were deployed on the real system. In many cases, only the
parameters related to the human-machine interaction had to be fine-tuned during deployment on the
target hardware, which confirms the benefits of the proposed simulation.

Nevertheless, there is still much room for improvement. Neither the Stribeck effect [121] nor load-
dependent friction effects are considered in the current state of the simulation. Furthermore, the system
dynamics are assumed to be fully deterministic, and the real system has many resonances beyond the
ones coming from the SEAs, as demonstrated in Section 6.1.4. On the input side, extra interaction
wrenches to explore the handling of user-manipulator collisions can be added, although this requires
additional research regarding suitable user models. Moreover, the sensor models can be improved,
especially by incorporating additional error terms and colored non-Gaussian sensor noise. These
improvements would also require more sophisticated methods for system identification and potentially
stochastic system models. With that many options, it is also important to study which effects are
significant for a good match between simulation and reality to avoid overfitting.
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If you cannot measure it
you cannot control it.

JOHN GREBE (1900 — 1984)

At some point, a joint position tracking controller is required for any kinesthetic haptic interface under
admittance control. Basic controllers, such as proportional-integral-derivative (PID) controllers, only
require measurements of the joint position, but suffer from poor performance. More sophisticated robot
joint controllers [122-126], safety features [127], or identification methods [128] require additional
information about the kinematic state of the manipulator. For these, the load-side joint velocity and
acceleration are of particular interest to achieve better tracking behavior, especially in the context
of SEAs, where the load-side joint angles tend to oscillate due to the spring-damper nature of the
underlying system. This is also the case for HapticGiant, which requires accurate and real-time data
for load-side position g, velocity ¢, and acceleration ¢ to achieve optimal control performance.

In theory, the joint position data from the encoders can be numerically differentiated to obtain the
desired data. In practice, however, the differentiation results in noise amplification and delayed velocity
estimates. The noise can be mitigated using an appropriate low-pass filter, but this comes at the cost of
an additional phase delay, especially at higher frequencies, which will negatively affect the stability,
tracking behavior, and disturbance rejection of downstream controllers. While the resulting delay is
usually still tolerable for controllers with velocity feedback, the second numerical differentiation, which
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is used to obtain an acceleration estimate, will result in unacceptable signal properties. To still obtain
accurate and timely kinematic state estimates, additional sensors are required. One promising option
for this is to attach IMUs with gyroscopes and accelerometers to the manipulator. Motivated by the low
cost and small form factors, this idea has also attracted interest from the research community [129].

In [130], the authors propose a method to estimate the velocity of a 1D motion by combining
low-frequency information from position measurements and high-frequency information from ac-
celerometer measurements. For the data fusion, a complementary filter-like approach is compared with
a velocity observer. In both cases, appropriate strategies for estimating the scale factor and the bias of
the accelerometer are included. Although the method is experimentally proven and an extension to 3D
motions is presented, no acceleration estimates are obtained despite the presence of accelerometers in
the sensor setup. In [131], a similar approach is studied to improve the end effector position estimate
of an industrial robot with a triaxial gyroscope and a triaxial accelerometer at its end effector. The end
effector position and orientation are estimated using a complementary filter or a Kalman filter (KF).
In both cases, an improvement of the estimated tool position was observed in practical experiments,
especially in regimes with high acceleration changes. Nevertheless, the approach is only useful for
Cartesian control concepts, since no information about the individual joints is obtained.

An interesting approach moving away from Cartesian estimates can be found in [132], where load-side
joint positions are estimated from motor-side encoders and a triaxial accelerometer at the end effector.
However, this approach is not applicable to HapticGiant because the load-side joint positions are
measured directly by encoders. Furthermore, the exact parameters of the dynamic model as well as the
sensor calibration must be known beforehand.

The methods presented so far require the inertial sensor to be placed at the end effector, which is
questionable for arbitrary kinematic topologies. As an alternative, [133] adds one triaxial gyroscope to
each link of the manipulator to estimate the angular rate of the individual links. In combination with
one additional triaxial accelerometer and three uniaxial accelerometers per link, the joint accelerations
can be additionally estimated. Compared to the number of scalars that are estimated with this setup,
the number of sensors is quite high. In addition, prismatic joints are not considered, and intrinsic
sensor calibration regarding scale factors and accelerometer biases is required. A similar approach is
proposed in [134], where each link is equipped with a triaxial gyroscope and a triaxial accelerometer.
The measured angular velocities and linear accelerations of two adjacent links are used to obtain raw
joint velocity and acceleration data, which is then fused with encoder measurements in two KFs per
joint. As before, this method works only with revolute joints and requires off-line calibration. The
same limitations appear in [135], where a setup with one triaxial accelerometer per link is used to
estimate the kinematic joint state up to acceleration level. In [136], this approach is extended with one
triaxial gyroscope per link. In both cases, no raw joint velocity or acceleration is computed prior to
the fusion with the encoder data. Instead, all data is processed simultaneously in an extended Kalman
filter (EKF) per joint.

Up to this point, all methods require accurate sensor calibrations regarding the sensor pose and the
scale-factor errors. The approach in [126] avoids this problem by using a two-stage filtering approach
within the control system of an exoskeleton. In the first stage, the accelerometer measurements from
each link are used in combination with the differential kinematics to compute a biased joint acceleration
estimate. In parallel, the encoder measurements are numerically differentiated twice and low-pass
filtered to obtain an unbiased but delayed joint acceleration estimate. The biased joint acceleration
estimate is then delayed by a time, which matches the delay of the unbiased estimate, and subtracted
from the joint acceleration from encoder measurements to obtain an estimate of the bias. In the second
stage, the low frequency content of the bias is extracted using a low-pass filter and used to correct
the biased joint acceleration estimate, which is smoothed with another low-pass filter. This approach
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can also handle prismatic joints and is robust to calibration errors, but it depends on one triaxial
accelerometer per joint. Moreover, gyroscope measurements cannot be incorporated, and velocity
estimates are still purely encoder-based.

To overcome the limitations of the presented state-of-the-art methods, a novel kinematic state estimation
method based on an EKF is proposed in the first half of this chapter. Due to its unified approach,
this method can handle arbitrary sensor configurations of gyroscopes and accelerometers on serial
manipulators with prismatic or revolute joints without placement constraints. Furthermore, the
systematic inclusion of measurement errors eliminates the need for accurate intrinsic or extrinsic
sensor calibration. Various experiments will also demonstrate that the proposed method outperforms
comparable methods in terms of estimation accuracy, while still being real-time capable with execution
frequencies above 1 kHz.

Having an algorithm that can fuse data from an arbitrary inertial sensor configuration raises the
question of where to ideally place the inertial sensors. From a naive perspective, as many sensors
as possible may seem to be the best choice. In reality, however, cost, mounting space, bandwidth,
and computational constraints prohibit such a trivial answer. In the specific case of kinematic state
estimation with inertial sensors, the problem of optimal sensor placement encompasses attributes such
as the sensor count, the estimation accuracy, and the measurement range utilization.

The problem of optimal sensor placement arises in various engineering fields [137,138]. In the context
of this chapter, [139] contains a study on the placement of triaxial accelerometers to obtain the most
accurate joint angle estimates for a SCARA manipulator without encoders. In this study, the estimation
error of different discrete sensor placements is quantified using a Monte Carlo simulation and the
results are validated experimentally. A very similar approach is pursued in [140], where optimal IMU
poses for an IMU-based motion capture system are determined based on real data using the root mean
square error (RMSE) metric for different sensor configurations.

The need to run a simulation or an experiment poses the risk of missing scenarios in which the sensor
configuration does not perform as expected. Furthermore, running a full-blown estimator for each
sensor configuration can be very time-consuming for typically large configuration spaces, and it causes
the results to be dependent on the estimation method. A more sophisticated approach is presented
in [141], where the authors exploit the fact that the state covariance matrix of a Bayesian estimator
can be independent of the actual measurements. This facilitates the formulation of an objective
function depending on the sensor positions, which is subsequently minimized. While this method
cures the above-mentioned issues, it cannot be applied to our kinematic state estimation problem
because the posterior covariance of the EKF depends on the linearization point and thus indirectly on
the measurements. Moreover, the method does not take into account additional sensor properties such
as the measurement range. However, this is crucial because a saturated inertial sensor is practically
useless for the proposed state estimation algorithm.

Another, general approach to the problem of optimal sensor placement originates from control theory,
where observability is defined as the ability to determine the state of the system from its output, which
can be interpreted as sensor measurements [142]. As with the kinematic state estimation based on
IMU data, the state variables may not be directly measurable, making the concept of observability a
promising approach for rating different sensor configurations and placements. This idea was also picked
up in [143] to determine optimal sensor configurations for non-linear systems using the observability
Gramian. Unfortunately, the computation of the observability Gramian of non-linear system requires
a nominal trajectory. In the context of the kinematic state estimation, this is an issue as no prior
knowledge about the trajectories may be available. The same method with the same problem appears
in [144], where an optimal sensor set is selected for a variable impedance actuated robot. In addition
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to the missing nominal trajectory, both methods do not consider the measurement range of the inertial
sensors during the placement.

To the best of the author’s knowledge, all existing methods for optimal sensor placement have some
limitations that prevent their direct application to the sensor placement problem for kinematic state
estimation. Therefore, a novel sensor placement method based on the observability Gramian is
proposed in the second half of this chapter. In particular, this method deals with the lack of a reference
trajectory as well as the finite measurement range of the inertial sensors. As a result, the best sensor
configurations with a predefined number of sensors can be quickly evaluated regarding the quality of
velocity and acceleration estimates without the need for simulation or real experiments.

As mentioned above, this chapter is divided into two parts. Section 6.1 presents a novel, inertial
sensor-backed method for the kinematic state estimation of robotic manipulators. Section 6.2 then
answers the question of which inertial sensor configurations are best suited for the proposed estimator.
In both parts, the general problem is covered before the proposed solution is applied to HapticGiant.

This chapter is based on results presented in the author’s publications [02, O3].

m Calibration-Free IMU-Based Kinematic State Estimation

This section presents a novel, IMU-based and calibration-free kinematic state estimation method. First,
the problem is stated more precisely in Section 6.1.1. Then, the estimator concept is introduced in
Section 6.1.2. The evaluation is split into a simulative study and experiments on real hardware in
Section 6.1.3 and Section 6.1.4, respectively.

m Problem Formulation

In the following, we assume a serial kinematic chain consisting of n revolute or prismatic joints with
known forward kinematics. Its kinematic quantities are modeled using the rules from Section 2.3.1.
Each joint is equipped with an encoder, which is positioned at the load-side when SEAs are in
use. For the state estimation, ng > 0 triaxial gyroscopes G = {Gl, cee Gng} and n, > 0 triaxial
accelerometers A = {Aj,..., A,,} are arbitrarily distributed across the kinematic chain. Each
inertial sensor S € G U A is rigidly coupled to its parent link with link start frame p(S). The
mounting offset a_vi g; g and Cg(s) is assumed to be known with tolerances typical for the stage after
manufacturing and prior to extrinsic sensor calibration. Except for these mounting poses and general
sensor characteristics, such as noise level, no parameters are determined by the calibration of individual
sensors. In particular, the biases, scale-factor errors, cross-axis sensitivity, and the exact mounting pose
of the inertial sensors are assumed to be unknown. For the state estimation, the measured data of the

. s ~G1 ~Grng 3 ~ Ay ~An,y 3
gyroscopes and accelerometers is denoted with wyi’ey ... &y, € R7and @y, ..., ayy An, € R?,

respectively, with W being a common reference frame at the base of the manipulator. The raw
measurements of all encoders are collected in ¢ € R™. The goal now is to estimate the kinematic state
composed of joint position ¢, velocity ¢, and acceleration ¢ as accurately as possible using all available
data from the encoders, gyroscopes, and accelerometers. Ideally, the resulting state estimate can be

computed without delay and under real-time constraints.

m Estimator Design

According to the literature presented at the beginning of this chapter, KF-based estimators are a promis-
ing option for the task of inertial sensor-based state estimation. When arbitrary sensor configurations
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are required, the measurement functions are non-linear in general. For this reason, the EKF is a suitable
choice due to its simplicity and computational efficiency. Furthermore, arbitrary sensor configurations
prohibit the use of decoupled estimators per joint as found in [135, 136]. With the requirement of a
calibration-free solution, the measurement error must be handled in some way within the filter. As a
result, the time-discrete system model

I AT AT %At:*’l 00
0 I Al AT 0 0
0 0 I AtI 0 0
Tet1= [ 9 o 0 I 0 0 Tk + Wy,
0 0 0 0 Io0
0 0 0 0 01

with the state
l‘T _ (QT gT Q'T gT b—g b;ll—) e RIX(4n+3(ng+na))

and the sampling time At is proposed. This model combines a constant jerk model with a constant
bias model. It is deliberately formulated without inputs, as these would require either a dynamic
model of the manipulator, directly measurable joint accelerations, or knowledge of the reference
trajectory [134]. Although this means that not all available information may be considered for the
kinematic state estimation, it guarantees that the resulting estimator can be paired with any manipulator
without dictating special requirements. The stacked biases

by = (bTGl bTGna> e R>3%  and

b;ll— — (L)Ll N b—gna> c Rlxi’ma

contain the bias value for each of the triaxial gyroscopes and accelerometers. In an ideal world, these
values are identical to the constant sensor bias. In the proposed estimator formulation, bg and b, serve
as momentary biases reflecting the current sum of all calibration errors, similar to the estimator concept
in [126]. This eliminates the need for an accurate calibration of the inertial sensors. The zero-mean
white Gaussian process noise w, € R 3(":*7) with the covariance

. T T T 21T 2 4T 2 4T 2 AT 2 T
COV(wk):dlag<Qn 0, 0, ozl, chlls UbGnglza UbA113 UbAnali%)

is used to enable the necessary changes of the joint jerk ¢ as well as the bias changes. The individual
standard deviations o are tuning parameters.

The measurement model for the proposed EKF-based filter stacks the measurements from encoders
and inertial sensors. This way, arbitrary inertial sensor setups are feasible, which is an advantage over
the presented state of the art. Furthermore, dynamic switching of sensors at runtime is possible, e.g., to
disable a faulty or saturated sensor. Formally, the resulting measurement vector is

q q
e a -
C—UI/VlGH Li'}Vlel(g7g) +bG1
N S e
i=|%weé, | = | @wé,(@d) +ba,, |+o (6.1)
~A A .
Ay a, ayia (4 4,G) + by,
An, Ang
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Sensor Parameter Value

Encoders  Noise standard deviation 4-10~* m or rad
Resolution 1.2-107°% m or rad

IMUs Gyroscope noise standard deviation 0.32°/s=5.6-10"3rad/s
Accelerometer noise standard deviation 9.5 - 1072 m/s?
Position calibration error Drawn uniformly from [—2, 2] mm
Orientation calibration error Drawn uniformly from [—2, 2] °

Table 6.1: Sensor parameters used for the evaluation in simulation.

Here, v € R7+3(net7a) ig the zero-mean white Gaussian measurement noise, whose covariance matrix
is diagonal with entries corresponding to the measurement noise covariance of the individual sensor
channels. The measured angular rates @%Gi are composed of the groundtruth value @%Gi originating
from the forward kinematics, the momentary bias b, , and the corresponding part of the measurement
noise. The earth rotation is assumed to be negligible for the considered application. The measured
linear accelerations are modeled analogously, except that the effect of gravity is included in QI‘?‘}' A

To use this measurement model in an EKF, the Jacobian 97/sz is required. The partial derivatives
with respect to quantities that appear linear or not at all in (6.1) are trivial to compute, e.g., 99/ob,
and 93/a4. The partial derivatives for the gyroscope and accelerometer measurements with respect to
the desired kinematic state g, ¢, and ¢ are more elaborate due to the nonlinearities of the kinematic
model. Using numerical derivatives for this purpose is theoretically possible, but computationally
expensive because the resulting sub-Jacobian has 3(ny 4+ n,) X 3n entries, requiring many calculations
of the forward kinematics. For this reason, the partial derivatives of the groundtruth angular rates
and linear accelerations are computed analytically using the recursive expressions in appendix A
with complexity O(n?). To calculate these values for arbitrary sensor frames, the approach from
Section 2.3.1 is used. As a result, the partial derivatives of @%Gi are computed recursively using
Theorem A.2. To include the effect of gravity on the accelerometers, Q%ﬂo is set to the gravity
vector gW before calculating the necessary link accelerations in the recursion (2.8). The partial

derivatives of Q%Gi are then computed analogously using Theorems A.3 and A.4. A less accessible
alternative to this approach can be found in [145], where the desired partial derivatives appear as a
by-product in spatial coordinate notation.

For experiments, the proposed estimator, including the scheme for the efficient computation of the
measurement Jacobian, was implemented in C++. Wherever possible, pinocchio [120] is used for
kinematic calculations. The information about the sensor placement and the robot geometry is
automatically extracted from a URDF file, making the implementation robot-agnostic. For the backend,
a custom allocation-free version of the standard EKF was implemented using Eigen [146]. The initial
state of the EKF is determined with low covariance using the joint encoder measurements at standstill.
The biases are zero-initialized with high covariance.

m Evaluation in Simulation

For the first part of the evaluation, the sensor models from Section 5.2 are used. The parameters of the
IMUs are determined based on the datasheet of an Invensense MPU-9520 [D11] with a triaxial gyro-
scope and a triaxial accelerometer as described in Section 5.3, with the exceptions listed in Table 6.1.
The encoder parameters are chosen to match the sensing quality of a Sensojoint Sensodrive 7005 [D3]
joint and are also listed in Table 6.1. In the following, the manipulator model from Figure 6.1 with two
prismatic and six revolute joints is used. The corresponding DH parameters are listed in Table 6.2.
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Figure 6.1: The manipulator used for the evaluation in simulation. The IMUs are drawn as blue
spheres. Note, that IMU 6 and 7 are very close together due to the universal joint that is
formed by the last two joints. Taken from [O2].

Joint 4 0 d a «a
1 0 ) 0 90°
2 90° ) 0 90°
3 93] 0 0.7m 0
4 Q) T 90° 0 0.6 m 180°
5 ) —0.5m 0 90°
6 6] 0 —0.25m 0
7 47 0 0 90°
8 9i8) 0.25m 0 0

Table 6.2: DH parameters of the manipulator used for the evaluation in simulation. Taken from [O2].

Although the model is not equivalent to HapticGiant, it has a reasonable kinematic similarity, which
can be verified by comparing Table 6.2 with Table 4.1. An IMU is placed at the end of each link,
adding a total of eight IMUs to the manipulator. For experiments with fewer sensors, see Section 6.2.3.

The kinematic excitation with a sampling rate of 1 kHz is realized using joint-wise sinusoidal signals
with varying frequencies. To obtain feasible state trajectories, the excitation is windowed with a cosine
window of length 10s. The resulting acceleration amplitude is set to 20 rad/s or m/s as long as the
maximum position does not exceed 30° or 0.52 m. If the excitation exceeds these limits, the acceler-
ation amplitude is adjusted accordingly. This matches the experience from real manipulation tasks
where high-frequency movements are usually paired with low position amplitudes and vice versa. To
consider different situations, 30 initial configurations are drawn uniformly from [—0.52, 0.52] m or rad
and paired with initial phase offsets drawn uniformly from [0, 27]. The temperature is simulated as a
sinusoidal signal with an amplitude of 5 K and a period duration of 10s.

Estimator Performance

For the evaluation, the measurement noise covariance matrix Cov(v) was set according to the values
in Table 6.1. The process noise covariance was set to

Cov(w,) = diag (0f 0f 0f 125217, 0.001%1}, 0.01%1},)
after manual tuning. The large joint jerk noise is necessary to track transient acceleration changes.

As motivated above, the bias drift is much higher than the specified values, enabling the filter to
track the momentary bias instead of the idealized intrinsic sensor bias. In addition, the noise for the
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Figure 6.2: RMSE data of the proposed kinematic state estimation depending on frequency regarding
position, velocity, and acceleration. The solid black line represents the RMSE over all
joints. Taken from [O2].

accelerometer biases is higher than for the gyroscope biases, because acceleration measurements are
more sensitive to misalignment due to the ever-present measurement of the gravitational acceleration.

Figure 6.2 shows the resulting RMSEs over the excitation frequency for all joints. We can see that
the proposed estimator determines the joint positions with an RMSE that is lower than the standard
deviation of the raw encoder measurements from Table 6.1 for frequencies up to 20 Hz. For higher
frequencies, the proposed estimator performs worse than pure encoder measurements and the error
becomes larger than the excitation. However, the absolute errors are still very small. According
to Figure 6.2b, the RMSE of the velocity estimates is more than a decade below the root mean
square (RMS) value of the excitation for frequencies up to 5 Hz, indicating a functional joint velocity
estimation. As with the position estimates, the RMSE is below the noise level of the gyroscopes for
excitations in the frequency range below 0.5 Hz. Similarly, the RMSE of the acceleration estimates in
Figure 6.2c is about a decade below the RMS value of the excitation for frequencies between 0.5 Hz
and 5 Hz. At lower frequencies, the RMSE is greater than the excitation. Although this looks
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problematic at first glance, it is not a real problem because the excitations under consideration are very
low due to the position limits of the excitation. A more serious issue is the limited estimation quality
of the last joint, especially at higher frequencies. However, this is not a limitation of the estimator
itself, but a problem of the sensor setup, in which the only accelerometer affected by the last joint is
mounted in direct proximity to its rotation axis. In this case, the resulting short lever arm makes the
accelerometer insensitive to the joint acceleration of interest.

For the given eight-axis manipulator, each estimator update took 560 us on average to complete on
an Intel Core i7-9750H CPU. From this time, 6 pus were spent on average for the computation of
the Jacobian. Therefore, the estimator not only delivers accurate and meaningful results, but also
real-time compatible computation times, enabling update frequencies greater than 1 kHz with typical
manipulator designs.

To study the effect of different modeling errors, the estimator was tested in simulations with a gradually
increasing number of simulated sensor effects. This validated the estimator’s ability to handle constant
and temperature-dependent biases. Test results with perfect sensor calibrations imply that a good
calibration of the inertial sensors, especially with respect to scale-factor errors, cross-axis sensitivity,
and sensor placement, is beneficial for the estimator’s performance, but not necessary in general. Thus,
the estimator can be considered calibration-free. Furthermore, the estimator appears to be robust
against increased noise levels without parameter adjustments [O2].

Comparison with Other Estimators

Next, the proposed estimator with its full Kalman filter (KF-F') is compared with four competing
concepts for kinematic state estimation. The competitors, whose parameterization is explained in detail
in [O2], are:

* ND: This estimator calculates the first- and second-order numerical derivatives from encoder
data and applies low-pass filters to obtain less noisy velocity and acceleration estimates. Data
from inertial sensors is not considered.

* KF-T: In this estimator concept, the joint velocity and acceleration estimates are obtained from
encoder measurements using a trivial Kalman filter with a constant jerk model. As with ND, no
inertial sensor data is processed.

* KF-D: As presented in the introduction, this estimator with decoupled Kalman filters implements
the concept from [135, 136] to include data from gyroscopes and accelerometers.

* TSF: The last estimator in the comparison is the previously introduced two-stage filtering
approach from [126]. By design, only data from accelerometers is fused with the encoder data.

Based on the evaluation in Figure 6.3, we can see that the proposed estimator (KF-F) outperforms all
competitors in the majority of the tested frequency range. Especially for the acceleration and velocity
estimation, KF-F shows superior properties compared to methods that do not take into account inertial
sensors (ND and KF-T). Interestingly, KF-D performs worse than all other methods, despite having
more data available. This effect is caused by neglecting the IMU biases and calibration errors in
the estimation algorithm. The comparison between TSF and KF-F shows that the proposed KF-F is
superior to TSF in terms of position and velocity accuracy. This is due to the fact that TSF relies solely
on encoder measurements and numerical derivatives for estimating position and velocity. With regard
to the acceleration accuracy, KF-F also outperforms TSF by having lower RMSE values up to 10 Hz.
A closer analysis of the simulation data revealed that this observation also holds on a per-joint basis.
The largest gains are achieved for the last joint, which, as discussed earlier, has a limited observability
regarding the accelerometer measurements. The average computation time for KF-F is 560 ps. In
comparison, ND, KF-T, KF-D, and TSF require < 1 s, 24 ps, 113 ps, and 6 s, respectively, indicating
that the improved accuracy of KF-F comes at the cost of increased computation times.
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Figure 6.3: Comparison of the proposed kinematic state estimation with competing approaches.
Taken from [O2].

m Evaluation on Real Hardware

The evaluation on real hardware is based on experiments with a SCARA manipulator and HapticGiant.

SCARA Manipulator

For this part, the planar SCARA manipulator from Figure 6.4 is actuated with an update frequency
of 1kHz. Both links have a length of 0.25m and are driven by two Sensodrive Sensojoint 3008
motors [D3]. An Invensense MPU-9520 IMU [D11] is mounted on the end effector. The covariance
matrices were manually tuned to

Cov(w,) = diag (0f 12.5%1] 0.005%1% 0.05°1}) and
Cov(v) = diag ((6~10_5)2Q 0.05521% 0.18821§)

to match the environmental conditions. For the experiments, the end effector is moved back and forth
along a straight line. At¢ = 255, the mechanical brakes of the joints are triggered.
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Figure 6.4: The planar SCARA manipulator used for the state estimation experiments on real
hardware. Taken from [O2].

The resulting joint velocity and acceleration estimates are shown in Figures 6.5a and 6.5¢c. For compar-
ison, the encoder data is also plotted as groundtruth after numerical differentiation and smoothing with
an acausal, delay-free Butterworth filter of order eight with a cutoff frequency of 50 Hz. Unfortunately,
the match between estimated and groundtruth data is poor, especially for the acceleration. For this
reason, the actual accelerometer measurements were compared with the expected accelerometer mea-
surements during the braking phase. To obtain these, the encoder data was numerically differentiated
and smoothed as described above. The resulting joint velocity and acceleration estimates are then fed
into the differential forward kinematics to predict the sensor readings. Figure 6.6 shows the resulting
Cartesian accelerations for the second sensor axis. Clearly, there is a significant mismatch between the
expected and actual measurements that cannot be fully attributed to scale-factor errors, cross-axis sen-
sitivity, or small errors in the kinematic model. The smoothing of the numerical derivatives is also not
the cause, since the attenuation of the Butterworth filter for the relevant frequencies is less than 1 dB.
As a consequence, there must be additional errors, which may originate from the encoders, the IMU,
or the limited stiffness of the links in the test setup. To still be able to evaluate the performance of the
proposed estimator without a dedicated motion capture setup, the bandwidth is limited to 10 Hz using
an acausal, delay-free Butterworth filter of order eight, resulting in Figures 6.5b and 6.5d.

From these figures, we can conclude that the proposed estimator is indeed able to estimate the joint
velocities and accelerations, even during abrupt acceleration changes and fast oscillation processes, as
seen after ¢ = 25s. In the presented example, the RMS value of the groundtruth signal is 1.253 rad /s
and 5.727 rad/s? for velocity and acceleration, respectively. The corresponding estimator yields an
RMSE of 0.005 rad/s and 0.430 rad /s2, respectively.

HapticGiant

Unfortunately, all attempts to integrate the proposed estimator into HapticGiant failed. As suggested
by the evaluation with the SCARA robot, one might suspect that the particularly long links of
HapticGiant’s manipulator have insufficient stiffness compared to the joint stiffness. For this reason
a test was performed with the y-axis of the PPU, where a triaxial accelerometer is mounted axis-
parallel to the trolley, in close proximity to the linear encoder measuring the y-coordinate of the PPU.
See Section 4.1.1 for details about the setup. The trolley is very stiff, so the predicted acceleration
should match the measured acceleration. In Figure 6.7a, the expected acceleration is compared to the
measured acceleration analogous to Figure 6.6. Setting the cutoff frequency to 300 Hz ensures that the
relevant frequencies are not attenuated. Interestingly, the measured acceleration is much smaller than
expected, which is the inverse behavior of the SCARA manipulator. Therefore, the author suspects
that there are additional effects within the encoders and inertial sensors, such as internal resonances or
undocumented low-pass filters in the internal signal processing chains, that significantly violate the
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data from acausal filtering of encoder measurements. The highlighted time corresponds

to the moment of brake actuation.
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Figure 6.6: Discrepancies between measured and expected acceleration data.



6.2 Optimal Placement of Inertial Sensors 71

150 T T T 500
Measured acceleration
100 — Airereens Expected acceleration |7 400
™ : = [as}
=z S
g 3 300 5
A £ E
S| ] H =
-100} 3 100
H
-150 L L L 0 -
22.1 22.15 22.2 20 21 22 23

tins tins

(a) Discrepancies between measured and expected acceler- (b) Short-time Fourier transform of the measured acceler-
ation data. ation a5 p2j- The ordinate of the white line is propor-
tional to |gfy -

Figure 6.7: Analysis of the PPU acceleration data in y-direction for a single-axis motion.

model assumptions of the proposed estimator. The spectrogram in Figure 6.7b shows that filtering out
the observed oscillations, which originate from structural vibrations, is not a viable workaround as the
vibrations are velocity dependent and extend into the frequency bands of interest.

m Optimal Placement of Inertial Sensors

The proposed estimator can fuse data from arbitrary inertial sensor configurations, raising the question
of which sensor configurations are actually useful and which are a waste of hardware and computational
resources. In the following, this question is formalized in Section 6.2.1. Then, a novel observability-
based placement procedure is presented in Section 6.2.2 and evaluated on two different manipulators,
including HapticGiant, in Section 6.2.3.

m Problem Formulation

The proposed sensor placement procedure assumes a serial kinematic chain as in Section 6.1.1. Each
joint is equipped with a load-side absolute encoder with known measurement noise standard deviation.
This guarantees that all joint velocities and accelerations are fundamentally observable. To improve
the accuracy of the joint velocity and acceleration estimates produced by the presented estimator, or
any other compatible estimator, additional triaxial inertial sensors can be placed across the kinematic
chain. Each inertial sensor S, which can be either a gyroscope G or an accelerometer A, is described
by the tuple

S = (I, 7, Ymax, | Té’) . 6.2)

In this tuple, Z € {G, A} specifies the type of the sensor with measurement noise standard deviation o,
measurement range +ymax, and mounting offset Tgl at link [ < n. In the following, a set of £ > 0
inertial sensors is denoted as sensor configuration

C={S1, ..., S} .
With this notation, the goal of finding the optimal sensor configuration C* can be written as

C* = argmin J(C) , (6.3)
celCm
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where C, is the set of all feasible sensor configurations with up to m sensors. The objective function J
quantifies the achievable estimation quality with respect to joint position, velocity, and acceleration and
is defined successively in the next section. Furthermore, the maximally expected inertial sensor axis
readings wf?v S.max and aﬁ/ S.max fOT @ given sensor placement (i, Tg‘) must be calculated as a function
of the maximum absolute joint velocities ¢,,,, and accelerations ¢, in order to select sensor models
with suitable measurement ranges +ymax and to exclude infeasible sensor configurations from C,.

m Observability-Based Placement Procedure

To solve the stated problems, we first derive a novel method for computing the configuration-dependent
maximal axis readings of inertial sensors. Then, an observability measure is presented and applied to
select optimal sensor configurations.

Gyroscope and Accelerometer Measurement Ranges

For the derivation of the maximal inertial sensor readings in configuration ¢, we assume that the set of
feasible joint velocities is an axis-parallel ellipsoid. In mathematical notation, this corresponds to

{§=DglGdeR" |, <1} with D, = diag (G- (6.4)

Although this is an approximation, it is a reasonable assumption as not all joints reach peak velocity
simultaneously in typical applications. Alternatively, the ellipsoid can be expanded to include all joint
velocities of interest. Following the same scheme, the set of feasible joint accelerations is defined
using the scaling matrix D; = diag (gpay)-

Based on (2.9) and (6.4), the gyroscope readings on axis ¢ at frame S relative to the base link reference
frame W are

s S ~

Wivsii) = (CW@XXSDQ)[Z, ;9

with the corresponding maximal absolute value

, (6.5)

s _ S
WS max[i] — ax ‘C—Uwsm )

9.4

[i,:]

2Z H(C%JU‘JVM‘;SDQ)

_ S = S

_H(CW‘Z—JWSD‘?)[@:] Qngzz HL‘UWS["]
which follows from || QH , < 1 and the submultiplicativity of the spectral norm [147]. Note, that this
value is a tight upper bound. Combining this over all three axes yields the overall maximal gyroscope

reading at frame .S, which is
S

_ S
WS max — H(’—‘}W,S,max Hoo : (66)
The derivation of the maximal readings for an accelerometer at frame S in configuration ¢ is a bit more
involved. We start with the linear part of the acceleration according to (2.11). After adding the effect
of gravity gW and changing the resolving frame from W to S, we obtain the element-wise sensed
acceleration

3

S S .o . S . S
ayy sy = (CW@%VS)M G+ H,g+ Cip " with H; =Y CpaH,
. PN , j=1

=By =0 =3

by applying (2.12) and (2.13). In this equation, the value of the § term with respect to ¢ and g is fixed
as it only depends on g. The element-wise maximum absolute value of the 3 term is calculated using

Binaxfi] = v ‘@[i]

[i:]

- H (G Ty, Di), |
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with the same derivation as in (6.5). Using the scaling matrix D q from (6.4), the elements of the
quadratic term -y can be rewritten as

g = 4" Hig = ¢'Hi;g with H;=DJH,D,.
The matrix H; is symmetric and therefore has real eigenvalues, which can be ordered as A1, . .., Ay.
Thus, the Rayleigh theorem [147] can be applied, yielding the inequality
M3 < < g g

. n2 T A T . .
Remembering that 0 < ||g]|, = ¢'q < 1, a case distinction can be made according to the definiteness

of H;,. As a result, the element-wise upper and lower bounds of the  term are

0, ifH;is positive definite 0, ifH;is negative definite
Tmin[i] = and - Ymax[i] = :

A1, otherwise An, otherwise

These bounds are also tight, because the feasible values of g include the eigenvectors of H; and 0.
Superimposing the derived bounds and the fixed value for §, while taking into account the symmetry
of /3, yields the axis-wise maximal accelerometer reading

Ty maxli] = max ‘ngsm = Binaxpi) T max (Uminm + 013t maxi) + 9 ’) ;

which is combined to the overall maximal accelerometer reading

aa/S,max = HQ%S,HI&XHOO ) (6.7)

analogous to equation (6.6).

Quantitative Observability Measure

The classical concept of observability from control theory [142] is not useful here because it does not
quantify how well a system is observable. As proposed in [143,144], this problem can be circumvented
by using the observability Gramian [148]. To apply this method, we define the kinematic state

JJT — (qT q'T qT) c Rlxi&n

whose dynamic behavior is described by the deterministic constant acceleration model

OnXTL I’I'LXTL OT’LX’I'L
T=Ax=|O0nxn Onxn Inxn | x. (6.8)
OT’LX’I'L O’I’LX’I’L O’I’LX’I’L
As we will see later, this is a reasonable approximation for the real system if short time horizons are

considered. The corresponding measurement model depends on the sensor configuration C and is
defined as

J(x,C) = y(@,C) +v(C) = | wwé, (¢:9) | +v(C) e RFrstr) (6.9)
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with the same quantities as in the state estimation measurement model (6.1). As in Section 6.1.2,
the sensor noise covariance matrix R, = Cov(v(C)) is populated with the individual sensor noise
variances on the diagonal.

If this system model is time-discretized with sample time At, the observability Gramian G for
non-linear time-discrete systems [148] with time horizon M can be calculated using

M
GC,T)=) ("2, C) Rz I(2,C) BF. (6.10)
k=0

In this expression, ® = exp(AtA) is the constant state transition matrix and J(z,C) = 99(z.C)/og
is the Jacobian used to linearize the measurement function, whose entries can be calculated as in
Section 6.1.2 using Theorems A.2 to A.4. The reference joint trajectory 7 provides the linearization
points 2,k = 0,..., M. Given the measurements §(z(,C), ..., 9(z,,,C), the model defined by (6.8)
and (6.9) can be used with these linearization points to formulate the linear least squares problem
to estimate the initial state x,. In this case, the covariance of the estimate Cov(zj) = G~1(C, T) is
equal to the inverse of the observability Gramian [143,149]. Due to the presence of an encoder at each
joint, the system is always fully observable for M > 2 and therefore G is always invertible, meaning
that G can be used to quantify the estimation uncertainty for any sensor configuration.

However, the observability Gramian or its inverse cannot be plugged directly into (6.3) because the
objective function .J is scalar. To overcome this, the diagonal elements of G ~!, which represent the
expected mean square errors due to its interpretability as a covariance matrix, can be considered. With
this knowledge,

* the velocity observability h4(C,T) = tr(G_l(C ,T) [n+1;2n7n+1:2n]) and
« the acceleration observability h4(C,T) = tr(G™(C, T) 2n+1: 2n+11)

can be defined as scalar observability measures. Theoretically, the position observability can be
formulated as another objective function, but this does not gain meaningful insights because the joint
position is already known accurately from the encoders. To evaluate the observability Gramian, we
also need the reference trajectory 7. Without specifying a particular trajectory, we assume that the
objective function J averages over a set of equally weighted trajectories 7T'. Thus, the objective to be
minimized becomes
1
J(C,h) = Il > nE,T) (6.11)

TeT

and depends on the choice of the observability measure i € {hg, h;}.

To actually use this function for the optimal placement of sensors, some assumptions and simplifications
have to be made:

1. In the original definition, the sum in the observability Gramian (6.10) comes with an infinite
time horizon M — oo. Besides being computationally infeasible, high values for M definitely
violate the constant acceleration assumption in (6.8). On the other hand, three encoder samples
are sufficient to obtain an estimate of z; without additional sensors. Therefore, M = 2 is
selected. With this choice, the objective function (6.11) describes the achievable mean square
error of the joint velocities or accelerations, when three samples are used to reconstruct z.

2. The set of reference trajectories 1" must be defined, even for short time horizons. If certain
reference trajectories are available, they can be used for 7'. Usually, this information is not
available. In this case, the individual reference trajectory 7 with its samples &, can be set to
a constant value Z, which is a reasonable approximation in combination with the short time
horizon. As a consequence, (6.11) collapses to a sum over kinematic states that can be derived
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Algorithm 6.1 The proposed sensor placement procedure.

Input: Maximal number of sensors m
Output: Optimal sensor configuration C*

1:
2:

Identify a set of suitable mounting poses for the inertial sensors.
Select a set of reference trajectories 1" or a set of typical joint configurations that can be used as constant
reference trajectories.

: Calculate the expected maximal gyroscope and accelerometer readings, w3, $,max and ay, S.max> for each

mounting pose over all relevant joint configurations according to (6.6) and (6.7).

: Based on the maximal readings, select a suitable gyroscope and accelerometer model for each mounting

pose.

: Generate the set of feasible sensor configurations C,.
: Solve (6.3) with the objective function (6.11) to obtain C* by performing an exhaustive search over all

elements in C,,.

: return C*

either from situations of interest or by sampling the combined joint position-velocity-acceleration
space with dimension 3n. For manipulators with a larger number of joints, the latter requires
a very large number of samples, which may become computationally intractable. A further
simplification to address this issue is the limitation of the sampling to the joint position space of
dimension n, or to use a set of configurations of interest, while setting the joint velocities and
accelerations to zero. Although this simplification is relatively crude, it still yields meaningful
results, as we will see in the next section.

3. The placement problem (6.3) is a non-linear mixed-integer problem due to the assignment of

each sensor to one of the links and the inversion of the observability Gramian G, for which
finding a global optimum is hard. However, the problem can be greatly simplified by assuming
that all inertial sensors can only be placed at certain discrete positions on the robot, which is
actually a realistic assumption for real robots with a limited number of installation options.
Mathematically this means, that the sensor placement (U, ng) in (6.2) is constrained to p
predefined locations that may contain either a gyroscope, an accelerometer, or both. The number
of feasible sensor configurations with k inertial sensors is then (215). This results in

min (2p,m) 2
Cl = > <k> (6.12)

k=0

feasible configurations with up to m sensors. For a typical robot with six joints (n = 6), three
possible sensor locations per link (p = 3n = 18), and up to twelve inertial sensors (m = 12),
the resulting number of configurations is 2.24 - 10° and therefore still computationally tractable.
This means, that the optimization problem can be transformed into an exhaustive, combinatorial
search over all feasible sensor configurations.

Now, all the components are in place to determine the measurement range of the inertial sensors
and to rate a given sensor configuration in terms of joint velocity and acceleration estimation quality.
Algorithm 6.1 summarizes the necessary steps of the proposed sensor placement procedure.

[FE] Application and Evaluation

The proposed sensor placement method is applied to a SCARA manipulator to illustrate and validate
the methodology. Subsequently, the inertial sensor placement for HapticGiant is optimized.
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(a) SCARA manipulator. (b) HapticGiant.

Figure 6.8: Manipulators used to evaluate the proposed sensor placement procedure. The feasible

inertial sensor poses are marked with blue spheres. Taken from [O3].

SCARA Manipulator

For this part of the evaluation, we will cover the steps of Algorithm 6.1 according to the line numbers:

1.

6.
7.

We consider the planar SCARA manipulator from Figure 6.8a with two joints and two mounting
poses for the inertial sensors. Both links have a length of 1 m.

. For comprehensibility, the configuration shown in Figure 6.8a represents the only, constant

reference trajectory in 7T'.

. Based on the maximal joint velocities and accelerations, which are g';ax = (180 180) °/s

and g';ax = (720 720) °/s?, the maximal gyroscope and accelerometer readings from the
proposed method are wﬁ}sl e = 180°/s, wﬁ?SQ = 265°/s, aa}sl e = 12.6m/s?,
and aﬁ? Sy.max = 92-3M /s2. This can be manually verified using the measurement equations

S X s ~iy
@I/I}Sl = 0 ’ QV[}S1 = g[l] m )
qn 9.81m/s?
. 0 . (G — (4 + dppy)?) m
Wits, = . 0 ‘ , and ayrs, = (g[zl] +4p +g[2]) m
qp) t+ dpg 9.81m/s?

Note, that the definition of the feasible joint velocity and acceleration ellipsoid, as in (6.4), must
be taken into account to obtain correct results.

With these values, we can see that the gyroscope and the accelerometer of an Invensense
MPU-9250 [D11] are suitable sensors. Their noise parameters are extracted from the datasheet.

. Each of the two mounting poses can accommodate no sensor, a gyroscope, an accelerometer,

or both. A maximum of two sensors can be used overall. According to (6.12), this results
in |CQ| =11.

The resulting velocity and acceleration observability scores are visualized in Figure 6.9.

If h = hg, the best configuration is the one with an accelerometer at S7 and Ss.

A closer look at Figure 6.9a reveals that the dual gyroscope configuration yields the highest velocity
observability score. This result is expected because the two joints with aligned rotation axes require
measurements at both links to separate the joint velocities in the measured angular velocities. Just
adding accelerometers to the instrumentation does not significantly improve the velocity observability
score. This is due to the fact that the velocity cannot be determined from integrating the acceleration
data alone when the initial velocity is unknown, as it is the case for short time horizons. Further-
more, the proposed zero-velocity linearization removes the influence of the joint velocity from the
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Figure 6.9: Observability scores for all sensor configurations with up to two sensors on the SCARA
manipulator. The numbers in the colored squares rank the sensor configurations based on
their observability scores. Adapted from [O3].

accelerometer signals. As seen in Figure 6.9b, the acceleration observability score is high when an
accelerometer is placed at the end effector. This results from the fact that the accelerations of the
individual joints produce Cartesian accelerations with different directions at the end effector for the
given SCARA configuration. Interestingly, adding more sensors does not significantly improve the
acceleration observability. Without the accelerometer at the end effector, configurations with two
gyroscopes or with a gyroscope at the end effector and an accelerometer at the first link are the best
choices. However, these perform much worse because of the required numerical differentiation.

Next, the results are validated by running the proposed kinematic state estimator from Section 6.1 with
the examined sensor configurations. For this purpose, the same setup as in Section 6.1.3 is used, except
that placement errors, scale-factor errors, and cross-axis sensitivity are disabled to avoid perturbing
the results. The resulting RMSEs of the estimated joint velocities and accelerations are depicted in
Figure 6.10. A detailed comparison between the ranking in Figure 6.9b and the estimation error over
frequency indeed proves that there is a strong correlation between the acceleration observability h;
and the achievable estimator performance. Interestingly, the acceleration observability also correlates
with the velocity estimation error. Although this is unexpected, it can be explained by the memory
of the state estimator’s underlying KF, which enables the integration of estimated accelerations to
obtain updated velocity estimates. Beyond that, these results show that the approximations made in
Section 6.2.2 do not limit the ability of the proposed method to predict the estimation quality of a
given sensor configuration when the acceleration observability metric is used.

HapticGiant

HapticGiant with the kinematic structure from Figure 3.2 and the potential sensor locations from
Figure 6.8b is too complex for an efficient manual sensor placement. For this reason, the proposed
placement procedure is applied to determine a justified and economically efficient sensor configuration.
To cover all operational states that occur during haptic rendering, the configuration from Figure 6.8b
is augmented with 323 additional configurations. These include variations of the manipulator joint
angle qm between 0° and 135° in 45° steps. The angles qm to q[5] are varied between —22.5° and 22.5°
with 22.5° increments. The remaining joints are position invariant and therefore fixed. The joint limits

= (1.5 15)m/s, g o= (342 342 450 450 804 804 )°/s,
= (6.0 6.0)m/s*, and  §m = (720 720 720 720 720 720 )°/s’

are taken from the conception in Section 3.3 or determined from practical experience with the joints, if
not specified in the datasheets.
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Figure 6.10: Estimation errors for different sensor configurations on the SCARA manipulator. The
colors encode the observability measure J with h = h,; for each configuration. Taken
from [O3].

The resulting maximal inertial sensor readings are listed in Table 6.3 and proof that IMUs with
measurement ranges of +1000°/s and 48 - 9.81 m/s? are sufficient. Based on this, the Botasys
SensONE [DS8] force-torque sensor with an integrated Invensense MPU-9250 IMU [D11], the Gable
Systems SE1-HSD IMU [D10] with an XSENS MTi I-series [D16], and the Beckhoff EP3752-0000
accelerometer [D9] with two STM LIS3DH [D17] can be identified as suitable sensor choices. All
sensors have similar noise characteristics. For this reason, the standard deviations of the Invensense
MPU-9250 IMU are used for the following evaluation of the observability scores.

In total, 110 056 configurations were analyzed using the acceleration observability metric. Table 6.4
lists the best configuration for a given number of sensors. From this, we can see that adding three addi-
tional inertial sensors causes a substantial drop of the objective value, indicating significantly improved
estimates. Adding a fourth sensor further improves the quality of the sensor configuration. However,
this trend ends as more sensors are added. Even a sensor configuration with a gyroscope/accelerometer
pair at the end of each accessible link, resulting in a total of 14 sensors, does not visibly outperform
the configuration with four sensors. Again, these results can be verified using Figure 6.11, where
the predicted estimation accuracies from the acceleration observability h; are reflected by the actual,
simulated RMSEs for the joint velocities and accelerations.

With the knowledge gained, the best sensor configuration with four sensors according to J(C, hy)
was selected for implementation on HapticGiant. Thus, the trolley of the PPU (S3) is equipped
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At frame S1 Sa S3 Sy Sy Se S7 Sy So S10 S11
Wi nmin®/s 0 0 342 342 484 484 484 661 661 661 930

(;Lf&shmaxinm/s2 98 98 98 213 251 36.5 53.0 591 537 535 652

Table 6.3: Maximal inertial sensor readings for the studied mounting poses on HapticGiant. Adapted
from [O3] with HapticGiant’s specification.

Number of sensors  Sensor configuration C log,o J
0 ! 6.89
1 {Aat Si1} 6.66
2 {Q at S11, A at 510} 6.28
3 {g at Sll,Aat SQ,SlO} 1.69
4 {Q at S11, A at 52,510,511} 1.18
5 {g at S11, A at 52,59,510,511} 1.18
6 {g at S11, A at 5278875975107511} 1.18
14* {Q at Sl,5’2,54,.5’7,Sg,5’10,SH,Aat51752,54,57,58,510,5’11} 1.18

* Unoptimized configuration with 14 sensors.

Table 6.4: Best sensor configurations and their observability measures with & = h;, depending on
the number of inertial sensors. Adapted from [O3] with HapticGiant’s specification.
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Figure 6.11: Estimation errors of the examined sensor configurations for HapticGiant. The color

coding corresponds to scores from Table 6.4. Adapted from [O3] with HapticGiant’s
specification.
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with a Beckhoff EP3752-0000 accelerometer. For the end effector (S11), the gyroscope and the
accelerometer in the Botasys SensONE force-torque sensor are utilized. Due to mechanical constraints,
the acceleration measurement at the wrist (S1¢) is obtained using a Gable Systems SE1-HSD IMU,
which contains an excess gyroscope. This setup corresponds exactly to the instrumentation described
in Section 4.1.1.

E] Dpiscussion

In this chapter, a novel, inertial sensor-based approach for the kinematic state estimation of serial
manipulators under real-time constraints was presented. In contrast to state-of-the-art algorithms, the
proposed estimator does not rely on specific sensor configurations or on accurate sensor calibrations.
To achieve this, a generalized kinematic model with states for the sensor biases and calibration errors is
combined with an EKF. The evaluation of the proposed estimator in Section 6.1.3 demonstrates superior
performance in simulation compared to competing methods and emphasizes the importance of inertial
sensors for the purpose of kinematic state estimation. It also highlights that a basic sensor calibration
can improve the estimation accuracy, although the proposed algorithm can handle uncalibrated sensors.

The absence of sensor configuration constraints raises the question of where sensors should be placed
to obtain the most accurate state estimates with as few sensors as possible. This question is answered
by providing a novel, observability-based sensor placement procedure that also takes into account
the expected maximal sensor readings and does not require any knowledge about the actual estimator.
Experiments show that the predicted accuracies of the resulting sensor configurations are in good
agreement with the achievable estimator accuracies. As expected, configurations with many sensors
are not always advantageous for achieving lower estimation errors. Furthermore, the results in simple
cases are consistent with the design engineer’s intuition, which demands that the movement of different
joint axes ideally causes orthogonal sensor excitations and that no integration or differentiation of
the sensor signals is required. This makes the proposed placement procedure a justified tool for both
simple and complex manipulators.

Regarding HapticGiant, the placement procedure was successfully applied to determine suitable inertial
sensors and their placement. Unfortunately, the implementation of the proposed estimator did not
succeed due to a model mismatch as explained in Section 6.1.4. Despite this setback, the experiments
with the SCARA manipulator indicate that the proposed estimator has the potential to improve not
only kinesthetic haptic interfaces, but also any kind of robotic manipulator. Nevertheless, more effort
needs to be put into the analysis of the root cause beforehand.

Beyond the mentioned model mismatch, there are more topics for further research. Currently, all
calibration errors are collected in a single bias term. This could be replaced by an online calibration
method with more parameters. Furthermore, computational optimizations that facilitate the use of
more powerful estimator backends, such as the smart sampling Kalman filter (S2KF) [150], seem
promising. Regarding the sensor placement, the approximations from Section 6.2.2 and their impact on
the placement results should be further investigated, especially the choice of the reference trajectories.
Currently, all joint configurations are considered at once. However, finding the worst and best joint
configurations for a given sensor setup could also provide useful insights for design engineers.

Although the goal of creating a high-end kinematic state estimator for HapticGiant was ultimately
missed in this chapter, system development was not halted. Instead, it was decided to use less powerful
control concepts, which are functional with velocity feedback from numerical differentiation, for the
low-level joint control. This decision is supported by the fact that there are still many open research
questions when it comes to the high-level part of admittance control for a non-idealized kinesthetic
haptic interface, as we will see in the next chapter.
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The senses, being the explorers of the world,
open the way to knowledge.

MARIA MONTESSORI (1870 — 1952)

As motivated in Chapter 1, the goal of this thesis is to create a digital twin (DT) of a serial kinematic
chain. To achieve this goal, the mechanical properties of the kinematic chain of interest must be
rendered convincingly. This means that the haptic representation of the DT must behave dynamically
plausibly, especially regarding inertia, joint limits, and friction. Plausibly here means that a behavior
matching the expectations of the human user is sufficient. Exact replicas are not necessary and some-
times undesirable or even impossible due to the real physical weight of the rendered kinematic chain or
unknown data. For example, an ordinary construction machine is very heavy, and manufacturers do not
provide comprehensive information about the exact mass distribution. In addition, an appropriate force
control algorithm must take into account the inherent constraints of the haptic interface, including
kinematic limitations and safety aspects required for reliable and smooth operation.

The question of how to control kinesthetic haptic devices dates back to the invention of the first
electromechanical teleoperation devices in the 1950s [151]. Since then, a vast number of force
control schemes have been proposed for industrial manipulators and haptic devices alike [152-154].
As a result, the terminology used by different authors is inconsistent, and a complete overview
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would exceed the scope of this thesis. However, there is a common, less intimidating taxonomy that
distinguishes between impedance and admittance control schemes [19,155,156]. In impedance control,
the environment or object to be rendered is described as a mechanical impedance, whose motion,
such as deformation, results in a force. This force is then transformed into joint torque commands,
optionally with additional terms for disturbance rejection. In admittance control, the environment is
described by a mechanical admittance model that is the inverse of the aforementioned impedance. This
means that a measured force is converted into a virtual reference motion, which is then tracked by the
manipulator of the haptic interface using appropriate (low-level) motion controllers.

Typically, haptic rendering is used to display forces that occur during the interaction with surfaces
of 3D volumes [157]. In this case, the impedance is represented by virtual springs generating a
vector field. A popular library that implements this type of rendering and that comes with support
for various surface rendering methods, such as the god-object method [158] or the virtual proxy
method [159], is CHAI3D [160]. Despite its popularity, CHAI3D cannot be used for the presented
goal for several reasons. First, CHAI3D relies on a scene description using geometric primitives,
such as triangles, spheres, and planes. This Cartesian 3D representation is not compatible with serial
kinematic chains with an arbitrary number of DOF. Second, its rendering algorithms are designed
for impedance control schemes that rely on the penetration of constraints to produce force feedback,
regardless of whether the formulation is in Cartesian or joint space. Due to the potentially long lever
arms in serial kinematic chains, a penetration in joint space can result in significant, undesired end
effector displacements. Lastly, HapticGiant’s low backdriveability and high friction, originating from
the joints with strain wave gearing and the belt-driven PPU, make the application of impedance control
schemes challenging [19]. These observations also extend to similar libraries [161]. Consequently, a
different approach based on admittance control is needed to render kinematic chains. Choosing an
admittance control scheme over an impedance control scheme has the positive side effect that the
resulting controller is more portable, because it is not tied to low-inertia, low-friction kinesthetic haptic
interfaces [162].

The desired admittance control scheme must be capable of simultaneously handling the joint limits of
the DT and HapticGiant. When no joint limit is active, the end effector motion must still be constrained
to the DOF, the workspace size, and the dynamic properties of the DT. Conceptually, this corresponds
to the idea of virtual fixtures that were first introduced in [163] and that can be used for guidance [164]
or to avoid forbidden regions. As an example of the latter, [165] proposes three methods to constrain
the range of motion of a teleoperated haptic paddle. However, these methods cannot be applied beyond
teleoperation.

The Cartesian workspace of a manipulator with n DOF can be interpreted as an n-dimensional
hypersurface. With this idea, the method in [166] can be applied to render the DT as parametric surface.
Although this approach seems feasible, it cannot be applied to manipulators with more than two DOF
or kinematic redundancies. Furthermore, the method does not consider joint limits, and it allows
deviations from the surface due to its impedance-like nature. A similar idea utilizing a virtual fixture
for spatial motion constraints under admittance control is proposed in [167]. Based on the measured
end effector forces and the desired constraints, the velocity output of an admittance is modified to guide
along lines and surfaces. A closed-loop compensation ensures that the deviation from the constraints is
minimal. However, this idea is also limited to two DOF and does not consider joint limits.

Moving away from virtual fixtures, the mechanism simulation found in [162] is close to the subgoal
of creating dynamically consistent behavior. For this simulation, the dynamic model of the DT
manipulator, following (2.14), is propagated in time by solving the forward dynamics problem driven
by an external end effector wrench. The resulting output trajectory corresponds to the behavior of a
non-linear admittance and is then used as a setpoint for a motion-controlled industrial manipulator. An
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Figure 7.1: Overview of HapticGiant’s force control architecture for the rendering of DTs. For
simplicity, the integrators are drawn without the clamping described in Section 7.1.2.
The frames are defined in Figure 7.3. Adapted from [O1].

extension of this can be found in [O5], where correcting joint torques and generalized impulses, based
on the theory of rigid body contacts [40], are used to render infinitely stiff joint limits. However, the
rendering of the joint limits is only feasible for the DT. As a result, the motion of the haptic interface is
unconstrained, which either poses a safety risk or causes dynamically inconsistent DT behavior, when
constraints of the haptic interface are encountered.

In general, a complex kinesthetic haptic device leads to many, sometimes conflicting objectives and
constraints. This problem also arises in the context of humanoid [42, 168] or quadruped robots [41],
where hierarchical quadratic programming (HQP), as presented in Section 2.4, is used to solve the
underlying control problem in an elegant yet effective way. To apply HQP, the objectives are formulated
as prioritized hierarchical tasks with equality and inequality constraints. In this way, mission-critical
tasks, such as machine safety, will be always respected, while other less important tasks, such as
trajectory tracking, are fulfilled only if possible. A good application example in the area of haptics is
the ANYexo exoskeleton [48, 126], where HQP is used under real-time constraints to create a controller
for haptic rehabilitation. According to the authors, the formulation respects joint and task space
limits, presumably by applying the formulation from [41]. However, few details are provided, and the
rendering of arbitrary non-linear admittances in a dynamically consistent manner is not addressed.

Nevertheless, the idea of HQP is very promising to solve the complex force control problem that
arises in the context of HapticGiant and the rendering of DTs. Therefore, this chapter presents a
novel, hierarchical force control scheme with the block diagram from Figure 7.1. By using HQP,
the task-based formulation in Section 7.1 can handle joint limits of the DT, joint limits of the haptic
interface, Cartesian workspace limits, and singularities, while rendering a dynamically consistent
version of the DT. For the practical implementation of this admittance control scheme, joint tracking
controllers are required. These are briefly explained in Section 7.2. Finally, Section 7.3 presents
a thorough qualitative and quantitative evaluation of the proposed force control scheme based on
real-world experiments with HapticGiant.

This chapter is based on results presented in the author’s publications [O1, O5].

&N Hierarchical Controller Formulation

In the following, a novel force control scheme for the haptic rendering of arbitrary serial kinematic
chains is presented. In preparation for this, the handling of joint limits is explained in Section 7.1.1.
Subsequently, the control tasks are formulated in Section 7.1.2. The integration of HapticGiant’s PPU
is presented in Section 7.1.3.
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Handling of Joint Limits

There are several methods for enforcing the limits of robot joints. In particular, the following theorems,
extracted from [169] and [41], respectively, are used for the formulation of the control scheme in the
next section.

Theorem 7.1:

Let q and q be the position and velocity of a joint with the acceleration setpoint ¢, which is updated with
the sampling time At and has perfect acceleration tracking. The joint limits regarding position, velocity,
and acceleration are defined as qmin < ¢ < max, —Gmax < ¢ < F+Gmax, Ad —Gax < § < +Gmaxs
respectively. In this case, clamping § to the intersection of the intervals

q1b,1, qub 1

d1b,2, qu 2 / [(_Qmax - Q) (Qmax - Q)] ,

[G ] = accBoundsFromPosLimits(q, ¢) , }A

i o] = ]
[dib,3, Gub,3] = accBoundsFromViability(q, ¢) , and
(g | =

Gib,4, Gub,4] = [—Gmaxs Gmax]

will cause the joint state to stay within the limits at all times for viable initial states. The functions
accBoundsFromPosLimits and accBoundsFromViability as well as the attribute viable are defined
in[169].

Theorem 7.2:

Let q, q, §, and At be as in the previous theorem. Then, clamping { to the interval

. . 2 ) .
[dib,55 Gub,5] = @[Qmin — g — AtG, gmax — g — Atq]

will cause q to converge to a stationary value that satisfies qmin < ¢ < Gmax-

In a reduced variant of Theorem 7.1, the acceleration setpoint is clamped to the intersection of the
first two intervals, which are marked with A. When this is applied to a manipulator with multiple
joints, the resulting vector notation for the lower and upper bound of ¢ is Iy, (g, ¢) and Ly A (g, ¢)s
respectively. As illustrated in Figure 7.2 (solid blue lines), these bounds cause the adherence to joint
position and velocity limits, while acceleration limits are ignored. If Theorem 7.1 is used in its default
form, which is marked with B, the corresponding acceleration bounds I, 5(g, ¢) and [, (g, ¢) result
in compliance with the joint acceleration limits on top of the position and velocity limits, which is also
visible in Figure 7.2 (solid orange lines).

Despite these perfect-looking results, there is a major limitation for practical implementations, as
Theorem 7.1 requires the initial state to be viable [169], which cannot be guaranteed due to numerical
inaccuracies or linearization errors. A workaround for this is to find a viable state close to the actual
state and use this as the initial state. However, this will not drive the state back to a region within
the joint limits as seen in Figure 7.2 (dashed blue and orange lines). An alternative solution to this is
the application of Theorem 7.2 with the vector notation [y, (¢, ¢) and [, (g, ¢) for the acceleration
bounds. As demonstrated in Figure 7.2 (green lines), the resulting acceleration setpoint is also able to
drive the joint position back from non-viable states at the cost of some overshooting and unlimited
velocities and accelerations. For this reason, this method needs to be paired with additional position
margins and other methods for velocity and acceleration limits, when these are of importance.
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Figure 7.2: Visualization of three different acceleration clamping strategies for joint limit avoidance
with At = 0.1s. In all cases, the unclamped acceleration setpoint is set to 10.

A Tasks

As explained at the beginning of this chapter, the force controller must enable the rendering of arbitrary
serial kinematic chains with n DOF in a dynamically consistent way. Thus, the motion of the DT shall
obey the dynamic model

MG +c(q", 6%) = T5 (0") (WE rer — wE) + T — This (7.1)

with the quantities defined in Section 2.3.2. This model, which can be interpreted as a generalized
non-linear admittance in the absence of all other constraints, is driven by the difference between the
desired end effector wrench wg rof and the actual end effector wrench ng . Additionally, the torques Igri
and 7§ act as driving and diss}pating torques in the joint space. The relevant frames are defined in
Figure 7.3.

Based on this, we can now define the tasks for the HQP problem:

1. The kinematic coupling between the end effectors of the haptic manipulator and the DT is
achieved using

..B --B B B .B
<$g[{ - Z%E) _ < kl;,tran(Bl?BE _B.ZB[?> H> + <kD,tran(=ZBE -
YBH ~ WBE ko3 (Cp + CH)rppog

)
: N =s (12
kpso(WhE — Whk) >
by calculating the desired acceleration difference s based on a proportional-derivative (PD)
pose controller with the gains kpgan, Kprots KD.tran, and kpror. The orientation error Cg is
approximated in tangent space using its axis-angle representation. Under ideal conditions, the
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Figure 7.3: The kinematic chain of the DT (red) is rendered using HapticGiant, which is composed

of PPU (green) and manipulator (blue). The force controller is supposed to keep the
frames H and F coincident. Adapted from [O1].

gains can be set to zero, but linearization and other errors require the use of non-zero gains.
Using (2.11), (7.2) can be written as the linear equality task

(9, ~9,) (%) == 7,7~ (9, I,) (h) + 0

with the decision variables ¢™ and ¢°.

. Based on the reduced variant of Theorem 7.1, the safety-relevant manipulator joint position and

velocity limits are enforced by the inequality task

Ioa(@™q") < ¢ <l ald™,q")-

. As explained in Section 3.2, the manipulator features a singularity when the angle of the virtual

sum joint ¢*"¢ = q[ Hias q[5} approaches 0 or 7. To prevent this from happening, the feasible

range of qs‘“g is restricted to the interval [qféﬂg, ng’g] C (0, 7). Thus, the inequality task

V(.0 < (27%) = (i) + ) < Liea™. 4™

based on Theorem 7.2 can be used for singularity avoidance if the margins are sufficiently large.

. Cartesian limits must be introduced to avoid collisions between the supporting frame and the

manipulator of HapticGiant without overconstraining the PPU’s range of motion. In this case,
the position limit g:g Hib < gg g < gg H,ub for three virtual Cartesian joints is of interest. Thus,
the inequality
B .B B B .B
boc@em 251) < 2y < lLwc(ZBH,TEH) (7.3)

can be formulated based on Theorem 7.2. This has the positive side effect that small limit viola-
tions due to linearization are automatically compensated. Substituting ig g in (7.3) with (2.11)
eventually results in the inequality task

(0, 41)(5) - <23 < e, 0, )(5) -2

. In addition to the end effector, the manipulator elbow at frame L can cause collisions. For this

reason, the manipulator elbow position gg 1, 1s constrained analogously to the previous task.
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. Next, the joint limits of the DT are considered by adding the inequality task

Loa(d*, ¢ < ¢ <Ly ald®, 4% (7.4)

analogous to item 2. A violation of the joint limits of the DT is not critical from a safety
perspective, hence the lower priority compared to the other limits.

. To complement item 2 with the less critical manipulator joint acceleration limits, Theorem 7.1 is
applied in its full form, yielding the inequality task

llng,B(gmvg.m) < q <lubB(q q )

. Similarly, the inequality task for the DT joint acceleration limits complements item 6 by requiring

Lvp(d",¢") < ¢ <Lypp(d",q")- (7.5)
. The controller is still insensitive to the wrench exerted by the user. We change this by adding the
desired admittance behavior (7.1) in the equality task
-1 T( B B
G = (M) Ty = (M) (T (W e — w) + 7 — 7 — ) -

The equality is intentionally formulated in the joint position space as this results in geometrically
interpretable slack variables, which was found to be advantageous for poorly conditioned M?.
Without the auxiliary variable 7, the resulting haptic rendering would already respect the
kinematic behavior of the DT at all times. However, the HQP solver will find a solution with
minimal joint acceleration slack when limits are active, which does not necessarily correspond
to a dynamically consistent behavior. In reality, a joint that reaches its upper limit will decelerate
due to a counteracting constraint torque, which in turn may affect the other joints of the
manipulator in a dynamically consistent way. We try to mimic this behavior by collecting the
miscellaneous constraint torques in

si i 1b 1b
Teon = Teon(@con) + Teon(@eon) + Teon (Oeon ) + Toon (Qeon) + Teon(Qeon) € R™

as a function of the auxiliary decision variables o2, € R", o™ € RS, aing € R, o, € R3,
and o € R3. The definition of the individual terms depends on the type of constraint:
(a) The counter-torque o, acting on the individual DT joints to enforce their limits is already

given in the DT joint space, i.e.,

A
=]

=
Q
(@]

o

=
Q

(b) Likewise, the manipulator joint limits are maintained by the counter torque agy, in the
manipulator joint space. According to (2.15), the transformation of this torque into the DT
joint space via the Cartesian space is

\]

”BE

Toon(@bon) = T% (,7;%2)_1@42;{1. (7.6)

(c) The singularity avoidance can be realized using a Cartesian torque with the variable
magnitude agor. The torque vector is parallel to the rotation axes of manipulator joints 4
and 5, which corresponds to C5 T3l The resulting DT joint torque is then

sing /. sing al B smg
Teon ( con) J C } con *

(d) Similarly, the Cartesian end effector constraint is realized using the end effector constraint
force afS,. Transforming this force into the DT joint space using (2.15) yields

Tee ( ee ) JaT ee
Teon\@con Qcon -



88 7 Hierarchical Force Control

Priority Type Task

1 EQ Kinematic coupling

2 IQ  Manipulator joint angle and velocity limits

3 IQ  Singularity avoidance

4 1Q Cartesian end effector limits

5 IQ  Cartesian elbow limits

6 IQ DT (non-linear admittance) joint angle and velocity limits
7 IQ  Manipulator joint acceleration limits

8 IQ DT (non-linear admittance) joint acceleration limits
9 EQ DT (non-linear admittance) dynamics

10 IQ  Generalized constraint torques range

11 EQ  Generalized constraint torques minimization

Table 7.1: Summary of the equality (EQ) and inequality (IQ) tasks. Adapted from [O1].

(e) Finally, the Cartesian elbow constraint is realized using

-1
rimleim) = 3, () Tk
To obtain this equation, the elbow force oS is transformed to the manipulator joint space.
Then, (7.6) is utilized for the transformation into the DT joint space.
10. Without additional tasks, the auxiliary decision variables can take any value at any time. This
does not match the physical reality, where the constraint torques and forces can only counteract
a motion when the constraint is about to be hit. Mathematically, this can be formulated as

—oo < a <0, ifupper, but no lower limit active

0<a<oo, if lower, but no upper limit active , (71.7)
0<a<, if no limit active
m sing ee elb

for each scalar « in the quantities a2, age,, Qeon > Qeop> and ad,. Note, that the last case is
formulated as an inequality constraint to achieve a consistent representation of all cases. The
decision which limits are active is made by taking the optimized values for ¢™ and ¢* from
the previous HQP iteration and inserting them into the inequality tasks, similar to an active-set
strategy [170]. For instance, if an element of ¢* exceeds [, A(g*, ¢*) in (7.4), the upper limit is
considered active and the corresponding entry of a2, can take any value from (—o0, 0].

11. The last task ensures that all auxiliary decision variables are minimized by setting them equal to
zero, in case the problem is still underconstrained.

A summary of the resulting tasks in HapticGiant’s HQP formulation can be found in Table 7.1. In the
above formulation, the limits of the manipulator and the DT are split into separate tasks. Furthermore,
the joint acceleration limits are separated from the joint position and velocity limits. The reason for
this is explained in the following examples.

Example 7.1:

Consider a manipulator consisting of a single prismatic joint with high acceleration limits G3%,.. The DT
is composed of a single prismatic joint, that is parallel to the manipulator joint, with low acceleration
limits @f.x < Gmax- The position limits of the manipulator are within the position limits of the DT and
the kinematic coupling is perfect, i.e., ¢" = ¢*. When the manipulator starts to approach its upper

position limit, the valid acceleration interval [l}{; 5. It ] based on Theorem 7.1 shifts towards negative
accelerations. At the same time, the feasible DT acceleration interval [I§ 5, 15 5] = [—G5axs F0hax] IS
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only affected by the DT acceleration limits, if the parameters are chosen appropriately. Initially, there
is still an overlap between the feasible acceleration intervals.

However, as the manipulator continues to approach its limit, the feasible manipulator acceleration
interval shrinks towards the lower manipulator acceleration limit, eventually resulting in an empty
intersection with the DT joint acceleration interval. If both intervals are stacked in a single inequality
task, the HQP solver will find a solution with slack. This in turn will cause a safety-critical violation
of the manipulator joint position limit. This can be fixed by prioritizing the manipulator joint limits
over the DT joint limits.

Example 7.2:

As in Example 7.1, we consider a manipulator and a DT, each with one prismatic joint. The joints
are parallel and the kinematic coupling is perfect. This time, the DT joint acceleration limit §5,,, is
greater than the manipulator joint acceleration limit ¢4,,, i.e., Ghax > Gmax- The manipulator joint
limits have priority over the DT joint limits in the HQP formulation. When the manipulator joint is far
from its position and velocity limits, the valid acceleration interval after applying Theorem 7.1 in its
full version is [Z{E,Bﬂ ler)B] = [_q.rr;}ax? +éirrrr11ax]'

If the DT now reaches a position limit, the interval [lf‘b’B, lﬂb’B] may become completely disjoint
Srom [l g, I3} 5] due to G > G- In this case, the HQP solver will return a solution that will
eventually cause a violation of the DT joint position limit. To avoid this, the parts of Theorem 7.1, that
depend on the joint acceleration limit, must be reduced in priority to maintain the joint position and
velocity limits for both the manipulator and the DT. This results in the presented separation into two
tasks. Consequently, acceleration limits may sometimes be violated in favor of maintaining the more
important position and velocity limits.

After each HQP iteration, the optimized joint accelerations g™, ¢* are integrated over time to obtain
the joint velocities ¢™, ¢* and positions ¢™, ¢*. Numerical inaccuracies from the optimization and
integration process are corrected by clamping the joint positions ¢™, ¢* to their respective limits.
Additionally, infeasible joint velocities at the position limits, such as a positive joint velocity of a joint
at its upper limit, are zeroed.

Integration of the Prepositioning Unit

The PPU state P and its derivatives ¢, gP are not part of the decision variables in the HQP formulation.
This is due to the fact that HapticGiant’s PPU with the actuation as presented in Section 4.1.1 provides
very limited access to its internal low-level velocity controllers. Therefore, the actual PPU state is
considered as a disturbance for the HQP formulation, which facilitates an independent shaping of the
PPU behavior.

Without loss of generality, this thesis assumes that an optimal PPU position gf’ef satisfies two properties:
First, the planar SCARA manipulator, that is formed by manipulator joints 1 and 2, has maximum ma-
nipulability. For this reason, we desire g5, = 90°. Second, the ground projection of the line between the
frames L (manipulator elbow) and H (manipulator end effector) should be parallel to the line between
manipulator joints 1 and 3. Based on Table 4.1, this translates to gi3 = — arctan(0.53m/0.67m).

With this information and the current end effector position gg 17» all elements of the optimized
manipulator configuration ¢y, can be determined. Thus,

P _ _p B __..B
et =9 T TBH1:2] ~ TBHaux[1:2] 0
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where 2.5 H aux 1S the manipulator forward kinematics solution with configuration gz Subsequently,
the desired position gfef is converted to a PPU setpoint using the control law

ngd = min(max(kPPU(Qfef —4"), Qﬁ))> ng)

with the proportional gain kppy. The velocity limits

b 1 , 1
dn, = 7yl —¢°) and gy = o

AL (EIEb —q°)

are based on a constant velocity prediction over the time horizon At¢, similar to Theorem 7.2, and used
to smoothly enforce the PPU position limits ¢} and ¢b, .

y#2 Low-Level Control

Like any other admittance controller, the proposed hierarchical formulation produces a manipulator
trajectory in joint space with position, velocity, and acceleration samples. These need to be tracked
as accurately and quickly as possible by a low-level controller. Without active limits and good
synchronization between the end effectors of the manipulator and the DT, the HQP formulation
has no position, velocity, or acceleration feedback loops and therefore behaves like a real physical
spring-mass-damper system, which is always passive. Hence, an ideal tracking controller would result
in a stable system with perfect admittance characteristics.

In reality, however, the tracking controller will exhibit phase delays and varying closed-loop gains.
At the same time, the human operator acts as a mechanical impedance that converts the difference
between the desired and the actual hand pose into forces and torques. As previously illustrated in
Figure 5.3, this results in a secondary feedback loop, with potentially high gain due to high muscle
tension, which can lead to instabilities, despite the utilization of a stable trajectory tracking controller.
Worse, it can be shown that any realizable linear admittance control scheme can exhibit contact
instabilities in sufficiently stiff environments, if the rendered admittance is smaller than the passive
device admittance [171]. This means, that the stability limits of the overall system are highly dependent
on the tracking controllers and that there is no linear controller that is stable under all circumstances.
To overcome this issue, several approaches have been presented in the literature, that rely on passivity-
based controllers [172, 173] or on parameter adjustments when oscillations are detected [174,175]. In
the context of HapticGiant, the manipulator elasticity, originating from the SEAs as well as the finite
link stiffness, results in visible mechanical oscillations under manual system excitation with applied
joint brakes. This means that the system has additional complex poles, which pose an additional
difficulty for the controller synthesis.

These two issues alone make it clear that designing a fast and stable joint tracking controller for
HapticGiant is a challenge in itself. Although decades worth of control research can be used for this
purpose, the resulting controller synthesis would be far beyond the scope of this thesis and may still
not contribute significantly to the state of the art. For this reason, HapticGiant’s operation is limited
to comparatively simple joint tracking controllers, which are briefly explained in the next section.
Furthermore, a simple friction compensation scheme is presented in Section 7.2.2.

Joint Tracking Controllers

The PPU setpoint Qfmd is handled as described in Section 4.3.2. The tracking of the desired manipulator
state with ¢™ and ¢™ is done in joint space using the cascaded controller from Figure 7.4. The outer loop
is a proportional position controller that outputs a velocity setpoint, which is extended by the velocity
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Figure 7.4: Block diagram of the joint tracking controller for a single joint.

feed-forward term ¢™. For manipulator joints 3 through 6, the inner loop is realized using a structure
equivalent to a proportional-integral (PI) velocity controller. In an attempt to reduce oscillations, the
inner loop of the first two joints implements a state feedback controller based on [176]. The required
kinematic state estimates g™ and ém are determined from measurements in combination with numerical
differentiation and low-pass filtering, since the kinematic state estimation from Section 6.1 could not be
integrated into HapticGiant as explained in Section 6.1.4. The torque output of the velocity controller
is extended with a feed-forward term for gravity compensation 7gy,,, which is obtained using (2.16)
and the model data from Section 5.3. Another feed-forward term for the estimated user wrench @g 1S
added after transformation into the joint space to increase the achievable mechanical stiffness. Lastly,
the friction compensation from the following section is applied.

Friction Compensation

As summarized in [19], robotic joints with strain wave gearing exhibit a variety of friction phenomena.
For simplicity, the joint friction model in this section is limited to the constant Coulomb friction 7, the
linear viscous friction with coefficient d, the linear load-dependent friction with coefficient y, and the
torque gain calibration k. of the permanent-magnet synchronous motor (PMSM). The corresponding
mathematical model

Temd = Kr ((7c + d|q] + pl|7]) sign(q) + 7 + 1)
= (sign(q) ¢ sign(g)lr| T+1G) (krre krd krp k7)),

relates the commanded torque 7.yq to the measured load torque 7 and the kinematic quantities ¢ and ¢.
With the effective rotor inertia 7, this extends the model presented in [176]. Multiple observations can
be stacked due to the matrix notation on the right-hand side of (7.8) to obtain a least-squares estimate
of the parameter vector (kTTC krd krp kT), from which the desired parameters can be extracted.
This requires that all parameters are identifiable from the excitation signal. Furthermore, the method
for identifying the friction parameters of HapticGiant must be able to respect the joint limits and to
work without disassembling the manipulator. For this reason, a square wave joint velocity reference
with modulated amplitude, that is tracked by a simple velocity controller, is used to obtain data for
the identification. In addition to the velocity, 7 is modulated by driving and braking the joint under
identification by hand to distinguish between 7. and p for joints with little or no gravitational load.

(7.8)

Based on the identified parameters, the modified torque command
4
z-(glnd,comp[i] = ks (T(I:Ir]nd[z] + tanh(ﬁ) (Tc + M|RNEA(gm7,‘m7£‘jm)[i] |) + dq?})

for joint ¢ of HapticGiant’s manipulator is calculated from the cascade output 7

omd- Here, the sign
function is replaced by the tanh function with the tuning parameter € > 0 to avoid chattering around
zero velocity. As a result, the proposed friction compensation considerably improves the subjectively

experienced haptic rendering quality, especially for the highly loaded elbow joint. This is also
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Figure 7.5: The friction compensation reduces the tracking error of joints 4 and 5 to about one third
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Figure 7.6: Example of the stick-slip behavior of manipulator joint 4 (elbow). As a result, the velocity
controller is unable to track the velocity setpoint of 0.05rad/s.

confirmed by the data in Figure 7.5, which originates from an experiment where the end effector is
controlled to stay in a fixed orientation while its height is adjusted. In addition, faster step responses
with less overshooting were experimentally confirmed.

During the identification process of the friction parameters, it was found that there are significant
residual friction effects that cannot be explained by the model (7.8). In particular, the joints exhibit
a strong stick-slip behavior at low speeds as shown in Figure 7.6, which is attributed to the Stribeck
effect [177]. Furthermore, the friction was observed to be temperature- and position-dependent in
combination with variations between identically constructed joints. These findings indicate that more
effort needs to be put into identifying the friction parameters in order to maximize the performance
of HapticGiant. Alternatively, the current manipulator actuators could be replaced with models that
exhibit less friction.

743 Evaluation

For the evaluation, the proposed control scheme was implemented in C++ in combination with
pinocchio [120] for kinematic and dynamic calculations. The HQP solver was implemented as
described in Section 2.4 with QuadProg++ [178] as the backend for solving the quadratic programs.
PROX-QP [43] and gpOASES [179] are available as alternative backends, but preliminary tests showed
that QuadProg++ is the fastest solver for the given problem. All experiments were run with a desired
update rate of 1 kHz on a standard desktop computer with an Intel Core i5-8600 CPU running the
control framework from Section 4.2. In the following, a qualitative and a quantitative evaluation will
be covered in Section 7.3.1 and Section 7.3.2, respectively. In addition, Section 7.3.3 discusses the
observed system limitations.
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Figure 7.7: Experimental data that was captured while rendering a door with HapticGiant. Limits
are marked with dotted lines. Taken from [O1].

Qualitative Evaluation

The qualitative evaluation is divided into two experiments, which focus on the validation of the
controller features and the rendering of DTs, respectively.

Door

In the first experiment, HapticGiant is used to render the door from Figure 1.3a in an encountered-type
haptics scenario. For this purpose, the door with hinge and handle is modeled as a serial kinematic
change with two DOF. The door is considered unlocked when the handle is pushed down far enough
to retract the latch or when the opening angle exceeds a small threshold. To model this behavior in
the HQP formulation, the inequality constraints (7.4) and (7.5) in the tasks for the DT joint limits are
modified, so that the upper and lower position limits for the first joint are set to the same value when
the door is locked. To achieve a dynamically consistent rendering of the locked door, the case

—o0o < a<oo, iflocked

is added to (7.7) for af ) to allow constraint torques in both directions. The driving torque 7,

in (7.1) is used to reconstruct the spring in the handle and the self-closing behavior of the door.

The resulting experimental data is presented in Figure 7.7. The following observations can be made at
the highlighted time points:

ta) The user tries to open the door by pushing and pulling without pushing down the handle. Thus,
the door remains shut.
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t,) When the handle is pushed down to its limit, the door is unlocked. However, it will not open
until the user pushes in the opening direction of the door.

t.) Pushing down the handle while pushing in the opening direction causes the door to pop open.

tq) The door does not open further than the upper position limit of the hinge. Releasing the handle
causes the handle to return to its initial position.

te) After the door is fully released, it slams shut while also respecting the velocity limits.

Isotropic Free-Space Admittance

For the second experiment, the admittance model (7.1) was set up to render an isotropic free-space
admittance by choosing an appropriate kinematic chain with six DOF. This means that a user can
perform arbitrary wrist motions while walking freely in the workspace of HapticGiant, as long as none
of the formulated limits are active. When one of the limits is triggered, the motion of the admittance is
constrained in dynamically consistent manner. This behavior can also be observed in Figure 7.8. For a
better understanding, the following explanations are paired with the highlighted times of interest.

ta) Until ¢,, the user walks in circular motions without any constraints. As shown in Figure 7.8a,
the controller correctly handles motions that go beyond a full rotation of manipulator joint 1.

ty) Figure 7.8d reveals that the manipulator elbow reaches its Cartesian limit in the z-direction. As
a result, the end effector loses one rotational DOF, which causes a torque increase visible in
Figure 7.8c. Shortly thereafter, the end effector also reaches its Cartesian limit, causing a surge
of the user perceived force. Subsequently, the user retreats from both limits.

t.) As seen in Figure 7.8b, the singularity avoidance task becomes active.

tq) The lower position limit of manipulator joint 6 is reached and maintained in Figure 7.8a,
resulting in the loss of a rotational end effector DOF. The low forces in Figure 7.8c prove that
the translation of the end effector is not constrained at all.

te) Similarly, the upper position limit of manipulator joint 4, which is responsible for adjusting the
end effector height, only restricts the end effector translation.

t¢) In Figure 7.8d, the PPU reaches its lower position limit in the y-direction. The end effector
motion is not constrained at all. Instead, the angle of manipulator joint 2 is increased above 90°
to compensate for the lack of PPU motion.

tg) Manipulator joint 2 reaches its upper position limits, while the user continues to move into
the Cartesian limit in the negative y-direction. As a consequence, the end effector motion is
now constrained to the remaining manipulator DOF, and manipulator joint 1 rotates rapidly to
facilitate the desired end effector motion as best as possible. This motion is stopped when the
end effector and the elbow arrive at their Cartesian limits.

Quantitative Evaluation

Quantitative evaluation of kinesthetic haptic devices is difficult because there are many different
experiments and quantities to choose from [16,180]. Recently, the Haptify benchmarking method [181]
has been proposed as an attempt to standardize the performance evaluation of grounded force-feedback
devices. Although Haptify is primarily designed for table-top devices under impedance control with
external instrumentation, most of its methods can be adapted to HapticGiant. The resulting quantitative
metrics are presented below and supplemented with additional metrics specific to admittance-type
force-feedback devices.

Note, that the low-level joint tracking controllers have a large impact on the performance of the device.
This means that the following results are only valid for the current system state with the rather primitive
joint tracking controllers. Therefore, quantitative statements about hardware-induced upper bounds of
the device performance cannot be made without further investigation.
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Figure 7.8: Experimental data that was captured while rendering an isotropic free-space admittance
with 6 DOF. Limits are marked with dotted lines. Adapted from [O1].
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Haptify

The Haptify benchmarking method uses its own instrumentation setup to assess the device performance
independent of the device capabilities. For HapticGiant, this instrumentation is already built in or can
be substituted without significantly affecting the interpretability of the results. Specifically, the end
effector wrenches and accelerations are measured with the dedicated force-torque sensor and the IMU
described in Section 4.1.1. For cost reasons, HapticGiant is not be equipped with a motion capture
system. However, the load-side joint angles can be used to determine the end effector pose with an
accuracy of a few millimeters as long as the link compliance is negligible. Fortunately, this is the case
for all Haptify experiments with small end effector wrenches. The stiffness rendering experiment is
also not substantially affected by this limitation, as the link stiffness is much higher than the rendered
spring stiffness. The ground forces are not measured due to the immense size of HapticGiant.

All of the following experiments were conducted with the same controller parameters. The translational
part of the admittance was tuned to a mass of 12 kg and a damping of 3 N's/m. The rotational inertia
and damping were set to 0.1 kg m? and 0.2 Nms/rad, respectively. Following the Haptify procedure,
which is explained in depth in [181], we obtain the following metrics:

» Workspace shape: With all safety margins in place, the end effector of HapticGiant can be
moved horizontally over a width of 3.36 m and a depth of 4.16 m, independent of the end
effector height. The height adjustment, taking into account the singularity avoidance and the
limits of manipulator joints 4 and 5, spans a height of 0.87 m. Thus, the translational workspace
of HapticGiant is a cuboid with a volume of 12.2 m3. Note, that this data was calculated without
measurements, as the forward kinematics and the control internals of the system are all known.

* Global free-space forces: For this metric, HapticGiant is configured to render an isotropic
free-space admittance by configuring a suitable DT with six DOF as in Section 7.3.1. During the
data acquisition, the device is moved with low end effector velocities. In contrast to the original
procedure, HapticGiant is not turned off for this experiment in order to keep the admittance-
based force controller active. Figure 7.9a shows the recorded linear and angular velocities with
the maximum magnitudes 0.27 m/s and 32 °/s, respectively. The corresponding forces and
torques are visualized in Figure 7.9b. Based on this data, the mean free-space force and torque
are 1.28 N and 0.07 Nm with peaks at 5.31 N and 0.30 Nm, respectively.

* Global free-space vibrations: The global free-space vibrations are evaluated based on the data
from the previous experiment. For this purpose, the end effector accelerometer data is high-pass
filtered and reduced to a 1D signal as described in [182]. Figure 7.10 shows the resulting
amplitude spectrum and time-domain signal. The RMS acceleration and the spectral centroid
are 0.69m/s? and 88.6 Hz, respectively. During the analysis, it was found that the default high-
pass cutoff frequency of 10 Hz [181] removes a significant portion of the vibrations that occurred
during the experiment. For this reason, the evaluation was repeated with a cutoff frequency
of 0.5 Hz, yielding an RMS acceleration of 0.81 m/s? and a spectral centroid at 77.3 Hz.

* Local dynamic forces and torques: The analysis of the local dynamic forces and torques using
non-linear models is omitted for two reasons. First, HapticGiant will not behave identically for
the same end effector pose due to its kinematic redundancy. Second, local models require a base
pose as an operating point. The choice of such a point for HapticGiant is unclear due to its size
and the actuation of the rotational end effector DOF.

* Frictionless surface rendering: For this experiment, HapticGiant is configured to render a
horizontal, frictionless surface with a stiffness of 750 N/m. This is achieved by constructing a
DT with a serial kinematic chain with three orthogonal prismatic joints, one of which resembles
a spring. With this setup, the data in Figure 7.11 was recorded for circular end effector motions
with a maximum velocity of 0.25 m/s. The resulting average planar force magnitude is 1.96 N,
which is in rough agreement with the global free-space forces experiment.
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(b) End effector force and torque. For better visibility, the data was smoothed with a second-order low-pass filter with a
cutoff frequency of 20 Hz.

Figure 7.9: Data captured during the global free-space forces experiment. The +-notation in the
legends indicates mean and standard deviation.

7.1Hz I i | _Ct'fffr oS H

(T 62.6 Hz i i i i i uto equency 0. A
E 0.04 44} b b N —— Cautoff frequency 10 Hz
= I 1 i -=-=- Spectral centroid
2 b i i :
E ] | | |
=, 0.02 A 8-~ e ittt i G
g i i i i
< i i i i

0.00 e I I

0 100 200 300 400 500

fin Hz
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(b) Time-domain signal.

Figure 7.10: Analysis of the end effector vibrations based on accelerometer measurements during
the global free-space experiment.
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Figure 7.11: Data captured during the frictionless surface rendering experiment.

* Stiffness rendering: The setup of the previous experiment is reused for the final Haptify ex-
periment, where the stiffness rendering of HapticGiant is tested by repeatedly pushing the end
effector into the surface. To analyze the stiffness, all samples belonging to the compression
phase were extracted and plotted in Figure 7.12. From this data, we can derive a guaranteed
peak force of 76.7 N, whose value is mainly determined by the peak torque of manipulator
joint 4 (elbow). Other directions, where gravity compensation is not necessary, will have even
higher peak forces. The measured stiffness based on the least-squares method is 818 N/m,
which is 9 % above the expected stiffness. In the Haptify benchmarking method, this translates
to a stiffness rendering accuracy of 109 %. Further analysis of the measurement data revealed
that the reason for the higher-than-expected stiffness can be found in the tracking errors of the
low-level joint controllers. The effect of the finite structural stiffness was not analyzed due to
the lack of groundtruth data and a structural manipulator stiffness much higher than 750 N /m.

Other Metrics

Frequency response: The desired end effector wrench wg ref Was set to zero in all of the previous exper-
iments as the admittance model was used to generate forces and torques. For this reason, the transfer
function between f g rer and f g was evaluated in a separate experiment, in which HapticGiant’s end
effector was attached to two antiparallel, equally preloaded springs with a total stiffness of 140 N /m.
The DT was configured to be a single prismatic joint with its axis parallel to the springs. Its end
effector has a mass of 12 kg and a damping of 20 N s/m. With this setup, the end effector forces were
measured for sinusoidal force setpoints with an amplitude of 5 N and varying frequencies.

The resulting frequency response is depicted in Figure 7.13 and shows good agreement with the ex-
pected transfer function of the corresponding spring-mass-damper system up to frequencies of 3 Hz. At
higher frequencies, the signal-to-noise ratio (SNR) of the end effector force measurements crosses 0 dB,
which impairs the amplitude and phase estimation of the measured force. This is also the reason for
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Figure 7.12: Experimental analysis of HapticGiant’s stiffness rendering capability. The samples with
actuator saturation are overlapping with those without saturation due to the joint torque
required for accelerating the inertia of the manipulator.

the sudden phase deviation at 4 Hz. Thus, HapticGiant has a force tracking bandwidth of at least 3 Hz
with its current low-level controllers.

Admittance parameter boundaries: Until now, the choice of the admittance parameters seemed
arbitrary. However, real admittance controllers cannot be tuned to any inertia or damping due to
stability constraints [33,171]. To examine this behavior for HapticGiant, the admittance from the
Haptify global free-space forces experiment is utilized with the translational mass set to a low value.
Starting with a high translational damping value, the damping is gradually reduced until a user moving
the end effector at will can destabilize the system. This way, the lowest stabilizing damping is identified
for the given mass. The mass parameter is then increased and the search for the lowest stabilizing
damping is repeated. The same procedure is applied to the rotational admittance parameters. Note, that
the exact numerical results of this experiment depend on the user. Nevertheless, the general behavior is
expected to be reproducible.

The results of this experiment are shown in Figure 7.14. At first glance, the stability boundaries for the
translational and the rotational component look similar. In both cases, lower inertia requires higher
damping, and the damping can be omitted entirely above a certain inertia. However, the behavior
differs between rotation and translation for low inertia parameters. For the rotational admittance, the
inertia can be set to very small values, if the damping is high enough. In contrast to that, the controller
was not able to render translational inertia values below 2 kg without becoming unstable, regardless of
the damping parameter. Furthermore, there is a sharp drop in the required damping in the translational
case for masses between 4.5 kg and 5.9 kg. The suspected cause for this is the feed-forward term of the
end effector wrench from Section 7.2.1, which seems to amplify translational end effector oscillations
originating from the limited manipulator stiffness and the large link lengths. This effect is not present
in the rotational case because the link lengths have less effect on the rotational oscillations.

Computation time: For a DT with six joints, the average computation time for the control scheme
including low-level controllers was 529 ps with a maximum of 707 ps. On average, 92.6 % of this time
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Figure 7.13: Measured closed-loop frequency response of the force setpoint in comparison with the

ideal frequency response.

was spent for solving the HQP problem. As a result, the presented control scheme achieves the desired
update frequency of 1 kHz, while leaving enough time for other modules with real-time constraints.

7.3.3

Known Limitations

Several limitations were discovered during the implementation and the evaluation of the controller:

The kinematic models of the haptic manipulator and the DT are both linearized using their
Jacobian. As a consequence, perfect end effector synchronization is never achieved in reality.
Furthermore, a single linearization is used throughout the time horizon At in the case of the
Cartesian limits, which requires At to be small enough. With the linearized kinematic coupling
as the highest priority task, it is also possible to obtain solutions, where there is a small amount
of slack in the task for the DT joint position and velocity limits. The potentially resulting
violation of the DT position and velocity limits is fixed by the existing clamping step after the
integration of the joint accelerations. In this case, the kinematic coupling task will reestablish
the synchronization over time.

The limit switching strategy from task 10 in Section 7.1.2 was observed to cause alternating
limit activation in situations, where more than one limit is active at the same time. As shown in
Figure 7.15, this can lead to oscillations in the joint accelerations signals of the DT. Although
this could theoretically cause manipulator joint chatter, it was found to be irrelevant in practice
due to the low-pass behavior of the manipulator and its joint tracking controllers.

As mentioned above, the end-to-end force control and haptic rendering performance is heavily
dependent on the low-level controllers. In the current state, this leads to non-ideal behavior when
the user desires fine adjustments of the end effector position. To realize such an adjustment, the
user applies a small force. The resulting force causes the position reference of the manipulator to
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Figure 7.14: Stability boundaries for the admittance parameters. The shaded areas represent stable
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Figure 7.15: Joint acceleration ¢* of a planar manipulator with three revolute joints, when all

joints are driven into their upper position limits. All limits are respected despite
the oscillations.

change as expected, but the joints stick at their initial positions due to incompletely compensated
friction. To still achieve the desired adjustment, the user applies more force, which causes a
position overshoot as soon as the manipulator joints break loose.

* There is no dynamic model of the manipulator in the current HQP formulation. This can result in

manipulator reference trajectories that are impossible to track without violating the joint torque
limits.

7#:% Discussion

This chapter introduced a novel force control scheme for rendering the kinematic and dynamic
properties of articulated bodies with HapticGiant. Thereby, DTs for various objects, including doors,
excavators, buttons, and free rigid bodies, can be created. The proposed force controller is formulated
as a set of hierarchical tasks in the framework of HQP. As a result, manipulator joints limits, DT joint
limits, Cartesian limits, and singularities are considered intrinsically and jointly in the control law,
which is a novelty compared to state-of-the-art force control schemes. The proposed control scheme is
also able to handle the PPU of HapticGiant by optimizing its position based on suitable criteria, which
allows for a very large workspace. Beyond that, a concise overview of the low-level control concept,
including a simple friction compensation, was given. Although the presented controller is tailored to
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Metric HapticGiant Touch [D18] Touch X [D18]
Workspace volume in cm? 12.2-10% 11.8-10° 10.4 - 103
Mean free-space forces in N 1.28 0.98 0.87
Free-space vibration RMS magnitude in m/s?  0.81 0.07 0.04
Free-space vibration spectral centroid in Hz 77.3 123.0 162.8
Frictionless surface rendering forces in N 1.96 0.53 0.38

Stiffness rendering accuracy in % 109 47 80

Stiffness peak force in N 76.7 2.7 5.7

Table 7.2: The Haptify metrics for HapticGiant and two commercial table-top devices. The values in
the two columns on the right are taken from [181]. Bold text highlights the best value for
each metric.

the specific requirements of HapticGiant, it can be easily adapted to other kinesthetic haptic devices, if
their manipulator Jacobian is regular. Moreover, the interpretation of the PPU as a known disturbance
enables the application on mobile platforms, even on those that are uncontrollable, e.g., a backpack or
a vessel.

The proposed force control scheme was implemented on real hardware. Performance measurements
show that the control scheme is real-time capable and can achieve update rates of more than 1 kHz.
The qualitative evaluation in Section 7.3.1 demonstrates that the task-based formulation of the control
problem works as expected and that DTs can be rendered dynamically consistent. In fact, the
dynamically consistent rendering works so well that test users sometimes did not notice when they
reached some of the manipulator joint limits, thinking that the DT constrained the motion. The intrinsic
handling of limits has the additional advantage that users cannot endanger themselves or HapticGiant
with careless force and torque inputs. Therefore, almost anyone can use the system with minimal
instruction. In Section 7.3.2, the Haptify benchmarking method was used as a quantitative evaluation
tool to obtain comparable metrics. The results, which also include data for two commercial table-top
devices, are summarized in Table 7.2. From this data, we can see that HapticGiant has a workspace
whose mean edge length is about ten times the length of typical table-top devices. At the same time,
HapticGiant’s mean free-space force is not significantly higher. The comparison also shows that
HapticGiant can render stiff surfaces with a higher accuracy and ten times higher peak forces than
the commercial devices at the cost of higher planar forces. On the downside, HapticGiant has tenfold
increased vibrations with a lower spectral centroid, which limits the rendering of fine textures and
surfaces. Further experiments studied the ability to render force setpoints and the space of admittance
parameters leading to stable behavior.

In future work, the low-level controllers should be revised with special attention to friction effects and
the finite manipulator stiffness to further improve the haptic rendering performance of HapticGiant.
At the level of the HQP formulation, new tasks can be added. For example, a compliance task to
mitigate the severity of collisions between the user and the manipulator is a promising safety feature.
As mentioned above, extra tasks for the dynamic model of the manipulator could be added to avoid
infeasible manipulator trajectories. Furthermore, the HQP formulation should be generalized to support
redundant haptic manipulators with non-regular Jacobians. If required, the limit switching strategy
should be revised to remove alternating limit activations. On the application side, the existing force
and torque setpoints should be used as a starting point for linking HapticGiant with existing haptic
rendering software, such as CHAI3D [160]. In this way, a wide range of existing applications for
kinesthetic haptic interfaces can be made accessible to HapticGiant. Last but not least, new applications,
which take advantage of the unique capabilities of HapticGiant, should be developed. An example of
such an application is given in the next chapter.
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The science of today is the
technology of tomorrow.

EDWARD TELLER (1908 — 2003)

In the previous chapter, we have seen how HapticGiant’s manipulator can be used to render arbitrary
serial kinematic chains or admittances. According to Section 1.2.2, this facilitates the rendering of
DTs in an encountered-type haptic display (ETHD) setup. As an example, the rendering of a single
door at a fixed position has been presented. While this demonstration is already quite immersive, it
does not fully exploit the large workspace of HapticGiant, which can be made even larger in the target
environment (TE) by applying motion compression [45,46]. Thus, the idea of seamlessly displaying
multiple objects, hereinafter called targets, with HapticGiant as a single kinesthetic haptic interface is
obvious. The resulting scenario, where HapticGiant’s manipulator is relocated while the user is not
interacting with it, is sketched in Figure 8.1.

The question now is how to accomplish this. For a maximum degree of user immersion, this thesis
proposes the following two-step solution:

1. When the user is not interacting with an object, predict the next object the user is likely going to
approach. This requires an intention estimation algorithm that processes the user data, such as
head pose and gaze direction, along with the available target positions.
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Figure 8.1: Top view of an example scenario where the user can choose between different DTs.
In this example, the second target must be correctly predicted as the most probable
user intention and HapticGiant’s end effector must be repositioned without collisions.
Optimally, the repositioning process is finished before the user reaches the desired target.

2. Find a suitable PPU and manipulator motion to a pose in agreement with the intention estimation
output from the previous step, while taking into account that the workspace is shared with the
user, who can have a change of mind at any time. This means that collisions must be actively
avoided and that motion planning must be done online.

In general, the research community is familiar with the questions raised by these steps. However, as
outlined below, current solutions either do not fully address the specific requirements for the rendering
of multiple DTs or have limitations that could be addressed with further research. Motivated by this,
the goal of this chapter is to provide a preview on future work with HapticGiant. This also means that
the proposed methods should not be considered as completed research, but rather as a proof-of-concept
for the rendering of multiple DTs.

Estimating a user’s intention is a research topic that has been studied in various fields [183], with
problems ranging from the detection of the low-level intention in 1D manipulation [184] to the
prediction of high-level tasks [185]. The problem of multi-class intention estimation also occurred in
HapticGiant’s predecessor, where the prediction of the user’s next waypoint based on walking direction
and gaze was realized using a Bayesian estimator [186]. To achieve this, the intention is encoded
in a hidden Markov model (HMM), whose observations are hand-crafted ego-centric features. The
necessary conditional probability density function of the feature vector is calculated with a Gaussian
mixture model based on experimentally recorded training data. While this approach could be already
used for the given problem, it depends on manual feature engineering, which may lead to a loss of
accuracy. Furthermore, the estimator cannot handle a user pursuing an unknown waypoint.

These limitations are also present in the conceptually similar Bayesian estimator in [187], which was
published more than a decade later. The head-mounted AR intention recognition (HAIR) method also
deploys an HMM to estimate the user’s intention in the context of collaborative robots [188, 189].
Instead of constructing or learning probability densities, the measured data, consisting of head pose,
gaze direction, and object positions, is directly converted into a likelihood vector based on hand-crafted
rules. This way, the detection of irrational user behavior and unknown targets is enabled.

In the last decade, long short-term memory (LSTM) neural networks (NNs) have gained increased
popularity for estimating the next object a user is going to interact with [190-192]. The advantage of
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these methods is that they automatically learn features from measurements, potentially allowing for
higher prediction accuracy. However, to the best of the author’s knowledge, all NN-based methods
depend on a fixed number of targets with immutable positions, which is a major limitation for the use
case described above. Furthermore, none of the mentioned methods is able to detect whether a user is
pursuing an unknown target.

In an attempt to combine the advantages of the Bayesian and the NN-based methods, the first part of
this chapter, Section 8.1, presents a novel intention estimation algorithm based on recurrent NNs. The
resulting estimator can handle a flexible number of targets, whose positions do not need to be known a
priori, and does not depend on manual feature engineering or extensive parameter tuning. Furthermore,
a user with an unknown target can be detected optionally.

The topic of motion planning can be divided into path planning, where a sequence of waypoints is
obtained without time information, and trajectory planning, where waypoints are determined as a
function of time. As summarized in [193-195], both subproblems have been studied extensively and
come with a variety of solutions. In particular, rapidly-exploring random trees (RRTSs) represent a
well-understood method for finding paths in high-dimensional configuration spaces, which can also
take costs into account with the extension to RRT*. As an alternative to RRT*, the A* algorithm can be
used for path planning on so-called roadmaps, which are undirected graphs spanning the configuration
space. Despite their simplicity and popularity, both methods cannot be used for motion planning in the
context of HapticGiant due to their high computational cost for high-dimensional systems.

A subcategory of motion planning algorithms is specialized in mobile platforms with attached manip-
ulators. HapticGiant can be considered as such a system, allowing the application of the optimized
methods from [196]. However, most of these methods cannot handle dynamic obstacles during global
planning or are too slow, rendering them unusable for the given problem with a moving user. A
noteworthy exception in terms of computational speed can be found in [197], where an approach accel-
erated by graphics processing units (GPUs) is used for online motion planning of mobile manipulators.
Despite its performance advantage, this approach is also unable to handle dynamic obstacles on a
global scale as required for the given problem.

In addition to fast global planning with dynamic obstacles, a suitable motion planning algorithm must
be able to handle the estimated and potentially fuzzy human intention. In the literature [198,199], this is
partially covered by taking into account the knowledge of the human intention to avoid human-machine
collisions. However, as far as the author is aware, no method has been published where the output of
an intention estimation algorithm is directly used to determine the goal configuration of a planning
algorithm.

Based on this concise description of the shortcomings, the second part of this chapter, Section 8.2,
presents a novel motion planning algorithm for HapticGiant that separates the full path planning
problem into two simpler problems for the manipulator and the PPU, respectively. This facilitates the
inclusion of volatile intention estimation outputs as well as the handling of dynamic obstacles in online
scenarios. For the integration with HapticGiant, the resulting system is complemented with methods
for path-to-trajectory conversion and intention processing.

This chapter is based on results presented in the author’s publication [O7].

m Intention Estimation with Recurrent Neural Networks

After formalizing the problem statement in Section 8.1.1, the network architecture for the desired
intention estimation is presented in Section 8.1.2, followed by information about the training process
in Section 8.1.3. The intention estimation is concluded with an evaluation in Section 8.1.4.
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m Problem Statement

In the following, we assume the scenario illustrated in Figure 8.1. In this scenario, a user with head
frame U can move relative to the fixed reference frame W without restrictions while carrying a HMD.
The HMD captures the user’s head pose T‘(/]V and gaze direction dV with HdUH2 = 1. The scene
contains n < N distinct, point-like targets with the positions :_B%Ti' At most, N € N targets are
present at the same time. In this setup, the goal is to estimate the discrete probability distribution that
describes which object the user will interact with next. Formally, this distribution is described by

n
pT:(p1 pn)eRlxn with sz’:1;
i=1

where p; describes the probability that target ¢ is the target the user is going to approach next. Optionally,
the probability distribution p is augmented with the probability ps. The value of pg describes the
probability that the user is not pursuing any of the known targets. Hereinafter, this case is referred to
as no known target. In general, p must be updated in real time. This translates to a required update rate
of about 10 Hz with the intended downstream application in mind.

m Network Architecture

For training and inference, the user and target data is transformed into ego-centric coordinates. As a
result, the situation is fully described by the gaze direction dV and the resulting target positions @%Ti.
This has the advantage that the user position can be omitted from the NN input and that the target
positions can be adjusted without retraining. Motivated by [183,190-192], the following architectures
all have in common that they represent recurrent NNs based on LSTM layers, which process one
sample at a time.

Three different network architectures are proposed and analyzed in the following:

1. Binary classifier: The first architecture, which is depicted in Figure 8.2a, is a binary classifier
trained to predict whether the user is about to approach a particular target or not. This idea
is motivated by [200], where the authors showed that a set of binary classifiers can replace
a single multi-class classifier. During training, a single classifier with the output ¢ is trained
without distinguishing between different targets. With this architecture, § ~ 1 indicates that the
classifier is confident that the considered object is approached. For the inference, n instances
of this binary classifier, each responsible for a different target ¢, are stacked with their sigmoid
activation function of the last layer removed. The resulting outputs are then combined into the
desired probability vector p using a softmax layer.

2. Extended binary classifier: The main disadvantage of the binary classifier is that it is unaware of
the surroundings of its target. For instance, two targets that are arranged in a row from the user’s
point of view are considered fully isolated, even though an estimator could exploit the relative
spatial information to adjust the predicted probabilities. To address this, the second architecture
extends the binary classifier for target ¢ with the auxiliary input

uT

Ugux = (%[/JVTTl e QC%TTi,l 5§%TT1+1 e :—U%TTN>
as illustrated in Figure 8.2b. If n < N, i.e., the maximum number of targets is not reached in
the current scenario, the unused elements of u,, . are set to a reserved value, that does not occur
in the natural input domain.

3. Multi-class classifier: Both variants of the binary classifier cannot detect if the user has no known
target. For this reason, a multi-class classifier is proposed as the third network architecture.

aux
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Figure 8.2: Network architectures for the proposed intention estimation. For inference, both binary
classifiers are instantiated n times and combined with a softmax function. The multi-class
classifier can be used without modifications. Adapted from [O7].

As shown in Figure 8.2c, this classifier processes all target positions and the gaze direction in
ego-centric coordinates to obtain the prediction g_ﬁT = (]51 .oo Dn ﬁ@) for the true probability
vector p, including the probability for no known target. The multi-class classifier has a fixed
number of inputs and is instantiated only once for inference. If there are less than IV targets in the
scenario, the corresponding inputs are set to reserved values, analogous to the extended binary
classifier, and the corresponding outputs are ignored. As a variant, the multi-class classifier can
be trained without the no known target output, so that p* = (p1 ... py). In the following,
this variant is called multi-class classifier without no known target.

m Training

At first glance, datasets with gaze and head pose data, such as [201,202], seem to be suitable for
training and evaluating the proposed network architectures. However, these datasets are typically
created with a focus on eye movement and do not capture interactions with the environment. The
OpenNEEDS [203] dataset is an exception to this, as it also contains information about interactive
objects. Nevertheless, early experiments in the context of [S5] led to the conclusion that the recorded
interactions are too chaotic to be automatically assigned to intentions for specific targets.

For this reason, two custom datasets with approaches to known targets were created by recording head
pose and gaze direction with a sample rate of 60 Hz in an experimental study, where the participant’s
intention to approach a specific target was controlled by verbal or visual commands. The first dataset,
hereinafter referred to as the learning dataset, contains randomly placed, virtual targets, which were
displayed on a Microsoft Hololens2 HMD [D15] in AR mode. During the recording, participants were
instructed to keep approaching the sequentially highlighted targets. To compensate for the HMD’s
narrow field of view, participants were also provided with text-based directional cues on the HMD.
To overcome the need for text-based cues and to get more genuine user behavior, a second dataset,
referred to as the evaluation dataset, was created with fixed, real targets. In this case, the participants
were instructed to approach a specific target using voice commands. Both datasets were published
in [O8].

The learning dataset was partitioned, so that 70 % of the approaches are used for training, 20 % for
validation, and 10 % for testing. To avoid negative side effects of the initial target search, which can be
observed at the beginning of many approaches in the learning dataset, the first 0.5 s of each approach
are discarded from the training data. The training was performed using a modified cross-entropy loss,
where the training data samples are weighted, so that each target approach contributes equally to the
total loss, independent of the duration of the approach. This idea is also reflected in the accuracy
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which sums over the number of approaches N with the individual approach durations D;. In this
expression, d(-, -) is the Kronecker delta function and (7, k) are function arguments referencing to the
probability vectors at time step k£ of approach j. During training, dropout is used as a regularization
technique in the LSTM layers. Furthermore, the hyperparameters of each architecture were optimized
using a random search, that samples from a grid of feasible values for the number of LSTM layers, the
number of hidden states, and the dropout probability.

The training data assigns a single intention to each target approach. To achieve compatibility with the
binary classifier, all approaches with the coordinates of the intended target are used as positive examples.
The negative examples are generated by using the same set of approaches with the coordinates of the
other targets. For the binary extended classifier, this data is augmented by randomly setting some of
the elements in u,, to the reserved value in order to learn the handling of different n. Furthermore, the
order of the elements in u,,, is permuted. The multi-class classifier requires three data augmentation
steps: First, the order of the targets is permuted to ensure that the network is invariant to integer target
identifiers. Second, some input coordinates are randomly set to the reserved value to handle different n.
Finally, data for the no known target class must be generated. For this purpose, the coordinates of one
target are entirely deleted from the training dataset. Approaches to this target are then labeled with no
known target. For the given training data with five coexisting targets, this results in N = 4. The last
augmentation step is omitted if the multi-class classifier is trained without the no known target output.
Detailed information about the training procedure can be found in [O7] and [S5].

m Evaluation

The proposed NN architectures were implemented using TensorFlow [204]. For comparison, the
existing Bayesian classifier from [186] was reimplemented using scikit-learn [205] with a Gaussian
mixture with 50 components. Although the number of components is relatively high, no overfitting
was observed. The second competitor in the following evaluation is the HAIR variant from [188].
As the original code is not available, a custom implementation with the improvements described
in [S5] was created. In the following, all experiments were conducted with N = 5, except for the
multi-class classifier with no known target, where N = 4 was used due to the required approaches
with an unknown target.

Quantitative Evaluation

To compare the proposed NN architectures for intention estimation with each other and competing
approaches, the accuracy measure (8.1) is evaluated on the test part of the learning dataset and the full
evaluation dataset. Furthermore, the average remaining time of an approach, in which the target with
the highest output probability is stable and corresponds to the intended target, is calculated. Hereinafter,
this quantity is referred to as 7T..,. With this definition, higher values for T, indicate less volatile
intention estimates. Lastly, the average runtime of a single inference iteration is measured on an Intel
Core i7-11800H CPU without GPU acceleration.

The resulting metrics are summarized in Table 8.1. From the data, we can see that HAIR is clearly
inferior. All methods have in common that the accuracy on the learning dataset is lower than on the
evaluation dataset. This effect can be explained by the reduced complexity and missing search phases
in the evaluation dataset with fixed instead of random targets. The binary classifier and the extended
binary classifier outperform the Bayesian classifier in terms of accuracy and T¢. on the learning
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Learning dataset (test part) Evaluation dataset .
Iteration ~ Parameters

Estimator Accuracy in %  Teorins  Accuracy in% T ins  time in ms in NN
HAIR 48 2.08 68 2.49 0.17 -
Bayesian 61 2.28 78 2.62 0.45 -
Binary 66 2.67 76 2.48 1.24 27253
Extended binary 64 2.58 78 2.73 1.12 87361
Multi-class w/o 59 2.39 75 2.60 0.66 21573
no known target

Multi-class with 58 2.16 72 234 0.66 20805

no known target

Table 8.1: Performance of the proposed intention estimators compared to existing methods. Bold
text highlights the best value for each metric. Adapted from [O7].

dataset. Regarding T¢.,, this statement also holds for the extended binary classifier on the evaluation
dataset, while its accuracy is on par with the Bayesian classifier. In contrast to that, the binary classifier
is slightly worse than the Bayesian classifier on the evaluation dataset.

Both variants of the multi-class classifier perform worse than the Bayesian classifier with respect to the
accuracy metric, independent of the considered dataset. However, the multi-class classifier without no
known target yields a potentially higher value for 7¢.,, indicating a less volatile intention estimation
compared to the Bayesian classifier. This behavior is advantageous for downstream applications.
Furthermore, the data reveals that the multi-class classifier architecture can handle the no known target
case, when a slight loss of accuracy is tolerable.

The average iteration times in Table 8.1 show that the proposed NN-based intention estimators are
slower than the existing algorithms. Nevertheless, they can still be used without restrictions under
real-time constraints, as the achievable update rate is far beyond the typical output rates of HMDs.
Among the NN-based approaches, the binary and the extended binary classifier are the slowest.

Qualitative Evaluation

To get a better understanding of the estimator output, the example approach from Figure 8.3 is analyzed.
In the presented scenario, it takes about 1.5 s for the human subject to localize the commanded target
in red, which is reflected in the limited translational movement at the beginning. After that, the subject
starts approaching the red target, while avoiding a collision with the cyan target.

The resulting probability estimates in Figure 8.3b indicate that HAIR does not provide a clear prediction,
although the situation is very clear at the end of the approach. In contrast to that, the Bayesian
classifier in Figure 8.3c provides very definite predictions. However, they are quite volatile, especially
between 1.3 s and 2.5s. This behavior, which results from the properties of the learned conditional
probability densities [S5], is neither in line with the understanding of a human observer nor desirable
for downstream systems.

A better behavior is observed for the proposed NN-based intention estimators, whose variants are
depicted in Figures 8.3d to 8.3f. In all cases, the red target is correctly predicted as the most probable
target after 1.6 s. In detail, the binary classifier in Figure 8.3d favors the red target very early, which is
beneficial for the accuracy metric, but premature from a human perspective as gaze and movement
do not indicate the red target at the beginning of the approach. The extended binary classifier in
Figure 8.3e does not show premature behavior, but the prediction is more erratic during the search
phase. Compared to that, the multi-class classifier in Figure 8.3f provides a more plausible prediction,
which is in line with the situational understanding of a human observer.
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(a) 2D projection of the scenario, in which the human subject intends to interact with the target at the red circle. The gray
dots along the user trajectory (black) are spaced 0.5 s apart. The purple bars indicate the gaze direction.
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(f) Multi-class classifier without the no known target output.

Figure 8.3: Intention estimates during an exemplary approach in an environment with five targets.
The colors of the targets match across all subfigures. Adapted from [O7].
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(a) 2D projection. The subject’s target is un- (b) Output probabilities of the multi-class classifier. The
known to the estimator and thus not drawn. gray line corresponds to no known target.

Figure 8.4: Example scenario in which the subject does not approach any of the known targets. The
symbols and colors are the same as in Figure 8.3. Adapted from [O7].

Figure 8.4 can be used to illustrate the behavior of the multi-class classifier with the no known target
output. In the studied example, the subject pursues a target that is unknown to the estimator. At the
beginning, the subject faces the green target, which is reflected in the high probabilities for the green
target and no known target. Then, the subject turns clockwise, causing a temporary probability increase
for the red target. After that, the subject walks in a direction that does not correspond to any of the
known targets, causing the no known target probability ps to become dominant. Despite that, the
probabilities for the orange and blue targets remain increased, as the subject may still adjust the plan in
favor of one of these targets. Therefore, the no known target output behaves in a completely plausible
manner from the perspective of a human observer.

m Intention-Based Motion Planning

HapticGiant must react to the estimated user intention. This can be realized using the novel intention-
based motion planning pipeline from [S6], which was supervised as part of this thesis. The pipeline
consists of three parts: First, a specialized path planning approach is presented in Section 8.2.1. Second,
the planned path is converted into a trajectory in Section 8.2.2. Finally, Section 8.2.3 deals with the
question of how the output of the intention estimation can be transformed into a suitable input for the
path planning. The presentation is completed with a preliminary evaluation in Section 8.2.4.

m Path Planning

The goal of the path planning is to find a path in HapticGiant’s eight-dimensional configuration space,
that connects the current configuration g} = (ggT ¢'T) to a desired configuration qre = (gfeTf qml),
while avoiding joint limits, self-collisions and collisions with the user. As a side constraint, the path
should be as short as possible and try to avoid regions in the workspace that are likely to be occupied by
the user in the near future. In addition, the path planning must be able to react to environmental changes
in real time, as the user’s position and intention are constantly changing. This setup is illustrated in
Figure 8.5a. The current user pose is defined by a green cylinder, which must not be penetrated by the
manipulator. Regions in the 2D projection of the Cartesian workspace that shall be penalized, such as
the area around the current user position, are determined using a planar costmap.
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(a) Visualization of the initial (bottom left) and goal configuration (top (b) Approximation of the manipulator geom-
right) with the user at the position of the green cylinder. The shaded etry for collision checking. The resulting
area around the user marks costmap regions with increased costs. collision ellipsoid is drawn in red.

Figure 8.5: 2D projections of HapticGiant to illustrate the models and simplifications used to solve

the path planning problem. Taken from [S6].

Solving the resulting problem is non-trivial due to the high dimensionality and the complex constraints.
Therefore, additional simplifications and assumptions are required:

Self-collisions are impossible due to the joint limits and the design of HapticGiant.

For the remaining collisions, the manipulator geometry is reduced to the elements after manipu-
lator joint 3, as these are the only parts that can collide with the user by design. This geometry
is projected onto the ground plane and approximated by an enclosing collision ellipsoid as
illustrated in Figure 8.5b.

With this simplification, a user-manipulator collision can be detected by checking whether
the footprint of the user cylinder intersects with the collision ellipsoid. A collision causes the
flag cco1 € {0, 1} to be set.

The configuration cost c.fg is obtained by integrating the costmap over the area of the manipula-
tor’s collision ellipsoid for a given configuration.

The resulting paths should be short in terms of their expected travel time. For this reason,
the cost cgs 1s defined as the weighted Euclidean distance between two samples in the eight-
dimensional configuration space. The weights are the inverse of the maximum joint velocities to
normalize the distance with respect to the velocity capabilities of the different joints.

The total cost of a path segment is ¢y, = Weol Ceol + Wefg Cefg + Waist Cdist With the tunable
weights wefg, Waist, and weol.

Despite these simplifications, common path planning algorithms, such as RRT* or A*, proved to be too
slow for the high-dimensional planning problem. Because of this, a new method with four steps, that
are tailored to HapticGiant and the rendering of DTs, is proposed:

1.

2.

Split the eight-dimensional configuration space into a PPU configuration space with dimension
two and a manipulator configuration space with dimension six.

Plan a manipulator motion that is free of self-collisions by considering only the desired start and
end configuration, gy and g, of the manipulator. In general, any planning method can be used
for this purpose. For HapticGiant, it is sufficient to use linear interpolation with s samples due
to the manipulator design without self-collisions.
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Figure 8.6: Illustration of the roadmap used for the proposed path planning method. The green nodes
represent a PPU configuration, the blue layers a manipulator configuration.
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3. Plan a path for the PPU between gg and gfef. To do this, create a 2D roadmap for the PPU
configuration space and stack s of these roadmaps as shown in Figure 8.6. Each layer in this
stack corresponds to a configuration in the manipulator path. The layers are then connected with
edges that connect adjacent PPU configurations in adjacent layers. The resulting 3D roadmap
can be fed into a lazy A* planning algorithm. As a result, the manipulator movement from item 2
can be continued, paused, or even reversed while the PPU is in motion. Likewise, the PPU can
be paused while the manipulator is moving.

4. Extract the path for all eight DOF by looking up the corresponding manipulator configurations
for each node in the output of the A" algorithm.

Evaluating the 3D roadmap becomes computationally expensive as s becomes large. If this is the
case, the dimension of the roadmap can be reduced to two by assigning an individual manipulator
configuration to each PPU configuration. This can be achieved using a heuristic that linearly maps the
distance between the current and the desired PPU configuration to a configuration in the manipulator
path. For instance, a PPU configuration, whose distance to the desired PPU configuration is half
of the distance between the initial and the desired PPU configuration, is assigned the manipulator
configuration that is halfway between the initial and the desired manipulator configuration.

The outcome of the proposed planning approach and its variant with the heuristic are visualized in
Figure 8.7. Both approaches successfully find a collision-free path. Moreover, the algorithm provides
an appropriate trade-off between avoiding regions with high costs and minimizing the path length. A
study that goes beyond a single example can be found below in Section 8.2.4.

m Path Tracking

The output of any path planning method is a sequence of PPU and manipulator configurations without
time information. In order to track the desired path with HapticGiant, suitable trajectory commands
must be generated from the path information. An additional challenge in the given context is that the
resulting trajectory should utilize the full joint velocity range to achieve short repositioning times. The
resulting problem can be solved using optimization methods. However, the computational effort of
these methods is too high for real-time applications. For this reason, this chapter proposes a simple,
yet effective method for generating the desired trajectory commands from the path information.
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(a) Without heuristic. The manipulator configuration (b) With heuristic. The manipulator configuration is
can be kept in a fixed configuration for several rigidly coupled to the PPU motion.
consecutive samples.

Figure 8.7: Exemplary results of the proposed path planning method. The initial and final configu-
ration correspond to the blue and red collision ellipsoids, respectively. For the sake of
clarity, some of the intermediate configurations are not drawn. Taken from [S6].

In preparation, an auxiliary configuration g,,, with distance D from the start configuration of the path
is calculated via linear interpolation between the path samples. The distance metric for D, whose
value can also be interpreted as a lookahead distance, is the same weighted Euclidean distance as
in Section 8.2.1. Then, ruckig [206] is used to determine a time-optimal trajectory between the
current manipulator state, including non-zero joint velocities and accelerations, and an auxiliary joint
state with ¢ = ¢,,, ¢ = 0, and ¢ = 0. Due to the properties of ruckig, the resulting synchronous
point-to-point trajectory is time-optimal while respecting joint velocity, acceleration, and jerk limits. If
the trajectory was executed from the current state all the way to the auxiliary state, the manipulator
would come to a full stop at the auxiliary state, causing a discontinuous path tracking motion. To avoid
this, the described process is repeated with updated values for the initial state and g, shortly after the
previously generated trajectory is commanded to HapticGiant. This way, the final, static configurations
of the commanded trajectories are continuously postponed, unless the end of the reference path is
reached. Note, that this method is also robust to the frequently expected changes of the reference path.

An exemplary resulting trajectory is shown in Figure 8.8. Because of the lookahead, the resulting
trajectory in Figure 8.8a does not track the reference path exactly. Instead, smoothing is observed. This
is actually desired behavior, as discontinuous direction changes at non-zero velocities would require
infinite joint accelerations. The resulting joint velocities in Figure 8.8b show that the resulting motion
is continuous.

m Processing of the Intention Estimation Output

The presented methods for path planning and path tracking require that the goal configuration g,
is known. If the currently active DT is deterministic, ¢, can be obtained by simply converting the
desired target pose T%,/ into the joint configuration g-':,—,i = (Q%T g&’{r) using the inverse kinematics
solution from Section 4.1.4 and the assumptions from Section 7.1.3. The considered scenario with
the exemplary situation from Figure 8.1 is different because the DT, that will be active next, is not
known deterministically. Therefore, g, depends on the user’s intention and must be derived from
the n available target configurations g, , ..., ¢y, and the intention estimation output p € R". Without
claiming completeness, two strategies are proposed for this task:
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Figure 8.8: Example of the proposed path tracking method with D = 0.3. For simplicity, only the
PPU motion is considered here.
1. Use the target with the highest probability as goal configuration, i.e.,

with  ¢p.x = argmax ﬁ[i]. (8.2)
ie{l,...,n}

Gref = QTL-W
In the example from Figure 8.1, this strategy yields g, = g7, . If the no known target output is
available, (8.2) can be easily extended. In this case, the goal configuration for no known target
can be defined according to the needs of the specific application.

2. The first method is suitable when the estimated probability vector has a distinct maximum.
However, it results in volatile behavior when two targets are almost equally likely. To mitigate
this issue, the estimated probabilities can be taken into account with the goal configuration

I .
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which can be derived by finding the joint configuration minimizing the expected value of the
squared distance to the next target. Again, the distance metric used corresponds to the weighted
Euclidean distance from Section 8.2.1. In Figure 8.1, this method returns a configuration that is
located somewhere slightly to the right of target 2.

EF¥Y Evaluation

The proposed intention-based motion planning algorithms were implemented in Python with the
aid of graph-tool [207] and OMPL [208] for the underlying calls to A* and RRT*, respectively. All
evaluations were conducted in simulation and separately from the intention estimation. This implies
that the processing of the intention estimation output from the previous section was not systematically
evaluated, as the results depend heavily on the actual behavior of the intention estimation and the
chosen scenario.

In the following experiments, the roadmap is configured to have a minimum node distance of 0.2
according to the weighted Euclidean distance. The number of manipulator configuration samples s is
determined dynamically, so that the distance measure does not exceed 0.2. The weights of the cost
function are set to weo = 1000, werg = 0.1, and wgs = 1. For the path tracking, D = 0.6 is chosen
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@ distance & configuration Total number & planning

Planning method cost Y . Caist cost Y Cefg of collisions  duration in 8
RRT* 2.69 16.16 4 10.76
Proposed method w/o heuristic 2.95 17.50 2 0.18
Proposed method with heuristic 3.03 43.48 18 0.06

Table 8.2: Quantitative evaluation of the proposed path planning algorithm for random queries.
Adapted from [S6].

as a good compromise between fast and accurate tracking behavior. Lastly, the user is modeled as a
cylindrical obstacle with a diameter of 1 m in combination with a user-aligned, conical costmap with a
peak cost of 100 and a diameter of 2.4 m.

Open-Loop Evaluation of the Path Planning

In the first part of the evaluation, the path planning algorithm is evaluated in an open-loop setup
on an Intel Core i5-4590 CPU. For this purpose, 1000 queries with uniformly drawn, valid start
and end configurations are generated. In each query, the user position is randomly drawn from a
workspace-centered normal distribution. Its variance is chosen so that 97.5 % of the samples fall within
HapticGiant’s workspace. The queries are sent to the variants of the proposed path planning algorithm
from Section 8.2.1. Furthermore, a standard RRT* planner is used as a baseline algorithm. For a fair
comparison, the returned paths are linearly interpolated and resampled with a constant step size.

The resulting metrics are listed in Table 8.2. From there, it is evident that RRT* achieves the lowest
average distance and configuration costs with a very low number of collisions. However, the average
planning duration reveals that RRT* is much too slow for scenarios requiring dynamic replanning. The
proposed path planning method without the heuristic is about 50 times faster, while the distance and
configuration costs are only slightly increased. The number of detected collisions is comparable to
RRT*. By enabling the proposed heuristic, the average planning duration can be further reduced by a
factor of three, but this speedup comes at the cost of greatly increased configuration costs, indicating
that collisions are more likely to occur when the user is moving.

Closed-Loop Evaluation with Mock Intention Estimates

The second part of this evaluation aims at demonstrating the dynamic, closed-loop behavior of the
motion planning setup. For this purpose, the output of a mock intention estimation is continuously
processed in a pipeline, whose steps correspond to Section 8.2.3, Section 8.2.1, and Section 8.2.2,
respectively. This pipeline runs in parallel with the real-time system simulation from Chapter 5.

Three example scenarios are presented in the following:

* In Figure 8.9a, a static user can choose between two targets. Initially, target 1 has the highest
probability of being the next target. For this reason, HapticGiant moves towards target 1.
After 2 s, the predicted user intention shifts to target 2. As a result, the manipulator is redirected
to a path that does not interfere with the user.

* In Figure 8.9b, the user is on a collision course with the manipulator. The motion planning
avoids the impending collision by successfully executing an evasive movement.

* The final scenario in Figure 8.9¢ contains a moving user, whose intention shifts from target 2
to target 1 after 7s. As expected, the continuously updated motion plan causes HapticGiant to
approach target 2 with a small detour to avoid a user collision before pursuing target 1 due to the
new intention.
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Figure 8.9: Exemplary behavior of the full motion planning pipeline with one or two targets (purple
circles). The points on the trajectories are placed 1s apart. In addition, black circles
indicate the starting points and gray lines connect points with matching timestamps.

m Discussion

In the first half of this chapter, three variants of an LSTM-based NN were presented as a novel
method for estimating the intention of a human user in varying scenarios. The evaluation with a
completely separate dataset shows that the trained models generalize well. In particular, the proposed
extended binary classifier can outperform HMM-based approaches without relying on manual feature
engineering. Moreover, the number of targets does not need to be known at training time, which is
an advantage over existing NN-based methods. As an extension, the proposed multi-class classifier
provides special handling for users that do not intend to approach any of the known targets.

In the second half, a custom intention-based motion planning algorithm was presented, whose goal
is to position HapticGiant’s end effector at the position of the user’s intended target, ideally before
the user arrives there. As part of this, two processing strategies for the estimated intentions, a custom
path planning method for high-dimensional configuration spaces, and a path tracking method based on
ruckig were introduced. The proposed path planning algorithm achieves update rates around 5 Hz. As
a result, collisions with static and dynamic obstacles can be avoided in real time, while the remaining
performance metrics are comparable to the much slower RRT* algorithm.

The results of Section 8.2.4 in conjunction with Section 8.1.4 suggest that the proposed intention
estimation and motion planning algorithms are promising technologies. However, further research
is required for the successful integration into an ETHD, that is capable of simultaneously rendering
multiple DTs. For example, the current state of the intention estimation cannot detect users deliberately
trying to trick the system, and the physical joint limits of HapticGiant restrict the PPU motion to
speeds lower than comfortable human walking speeds. Additionally, extra safety measures, such as
local collision avoidance and mitigation, are necessary to guarantee the well-being of the user.

Independently, the methods in this chapter can be used in applications beyond haptic displays. For
instance, the intention estimation algorithm can be ported to the problem of motion compression or to
collaborative robots. Similarly, the motion planning pipeline can be applied to manipulators on mobile
platforms with little modification.

In future work, the intention estimation may be improved by using more recent network architectures,
such as PointNet [209] or Point Transformer [210]. Futhermore, it should be investigated whether the
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observed discrepancy between the quantitative and qualitative results of the multi-class classifier is a
limitation of the chosen accuracy metric. Another research direction is the integration of additional
input data sources, such as hand pose, posture, and locomotion status.

On the motion planning side, the closed-loop behavior with the full intention estimation should be
studied in real scenarios. This way, the performance of the not yet evaluated intention processing
strategies can be assessed. Currently, the path tracking does not fully utilize the maximum joint ratings.
For this reason, more effort should be put into the path-to-trajectory conversion. Finally, the primitive
conical costmap should be replaced by a more sophisticated model. For example, the target positions
and the intention estimation output can be considered to proactively avoid evasive motions resulting
from the intersection of user and manipulator paths.
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Success is not final, failure is not fatal:
it is the courage to continue that counts.

WINSTON CHURCHILL (1874 — 1965)

The advent of consumer-grade augmented reality (AR) and virtual reality (VR) devices has ushered in
a new era of immersive telepresence, where users can engage with virtual and remote environments in
increasingly realistic ways. Visual immersion is now highly advanced, thanks to decades of research
in motion tracking, display technology, and photo-realistic graphics. This positions haptic feedback
as a critical component for the next leap regarding the level of immersion. In particular, kinesthetic
haptic feedback is a promising approach that enables a user not only to see, but also to feel and
manipulate virtual objects. Despite its importance, the technology required for this endeavor remains
comparatively underdeveloped, especially when it comes to applications that require a large range of
motion.

As a potential solution to this issue, the kinesthetic haptic interface HapticGiant was developed in this
thesis. The resulting prototype has a room-sized workspace, enables the natural locomotion of the user,
and achieves unmatched dexterity. Special emphasis was put on the high-level control architecture,
which enables the rendering of arbitrary serial kinematic chains. Thereby, HapticGiant can be used to
generate haptic feedback that facilitates the perception of a tangible digital twin (DT) without having
to worry about mechanical system limitations. In the big picture, this allows HapticGiant to be readily
used as an encountered-type haptic display (ETHD) in scenarios with a single DT. Beyond that, this
thesis provides a perspective on how HapticGiant can handle scenarios with multiple, coexisting DT's
to further close the sensory gap in telepresence applications.

Next, Section 9.1 summarizes the contributions of this thesis, followed by Section 9.2, which offers an
outlook on future research and applications.
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m Contributions

In the first part of this thesis (Chapters 3 to 5), we covered the conception and realization of HapticGiant.
To this end, the following key contributions were made:

* The kinematic topology of HapticGiant was conceived based on a broad set of requirements,
existing designs from the literature, and practical experience. The chosen topology consists
of a gantry crane-like prepositioning unit (PPU) with two degrees of freedom (DOF) and a
manipulator with six DOF in a user-enclosing configuration. Link lengths, joint sizes, and
transmission ratios were chosen using a novel optimization-driven dimensioning method,
whose objective is to maximize the coverage of reachable poses, velocities, and accelerations
with respect to an anthropometric model of the human arm. The resulting manipulator design was
successfully validated using a dataset with activities of daily living (ADL), resulting in coverage
values of 94.0 %, 93.7 %, and 90.1 % for position, velocity, and acceleration, respectively.

* Based on this concept, a physical prototype was developed using the methods of System
Generation Engineering (SGE). After manufacturing, the moving parts, weighing 36.8 kg, span
a total link length of 2.5 m. Thanks to the optimized design and the inclusion of a slip ring
in the manipulator construction, the system can handle a variety of hand poses in a very large
workspace, including the examples in Figure 9.1. Other key features are the system-wide
EtherCAT fieldbus, the torque sensors in the manipulator joints, and the 3D force-torque sensor
located at the end effector. Wherever possible, the design uses off-the-shelf components to
simplify maintenance and hardware expansion. Special attention has been paid to functional
safety to ensure the user’s well-being under all circumstances.

* On the software side, Real-Time Control Framework (RTCF) was developed as a novel tool
to increase modularity, developer productivity, and interoperability while satisfying the perfor-
mance requirements of the control system. In particular, RTCF is fully compatible with Robot
Operating System (ROS) and benchmarks have proven its ability to handle control frequencies
well beyond 2 kHz with low latency and jitter.

* In addition, HapticGiant comes with a custom simulation environment for system dynamics
and sensor characteristics. Unlike existing solutions, the simulation considers effects such
as joint flexibility and HapticGiant’s velocity-controlled PPU. Furthermore, the simulation
leverages the principle of maximum dissipation (PoMD) to efficiently simulate Coulomb friction
in addition to linear friction effects, resulting in an average computation time of 64.8 us for a
full simulation update with a step size of 1 ms.

In the second part of this thesis (Chapters 6 and 7), we dealt with suitable algorithms to enable and
improve the haptic rendering of serial kinematic chains. This resulted in the following contributions:

* A novel kinematic state estimator based on the extended Kalman filter (EKF) was developed
to improve the available information on joint positions, velocities, and accelerations by incorpo-
rating gyroscope and accelerometer measurements. The inclusion of bias states for each inertial
sensor axis enables arbitrary inertial sensor configurations without the need for sensor calibration.
Simulations with an eight DOF manipulator were performed to compare the estimator with
approaches from the literature, showing superior performance. With an average update time of
less than 560 ps per iteration, the estimator is suitable to be used in environments with real-time
requirements. These results were also confirmed experimentally on a real selective compliance
assembly robot arm (SCARA) manipulator with two DOF. On the downside, the integration of
the estimator into HapticGiant failed due to an unexpected mismatch between accelerometer
and encoder readings.

* Motivated by the flexibility of the proposed state estimator, the question of the ideal sensor
configuration was addressed. In this context, an efficient method for calculating the maximal
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(a) Natural user locomotion while haptic rendering is active. The time between two consecutive frames is 1 s.
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(b) A selection of user-reachable hand poses.

Figure 9.1: Examples of the user interaction with HapticGiant. Adapted from [O1].

absolute readings of triaxial inertial sensors at a given position was presented, alongside an
approximate observability measure based on the observability Gramian. By combining these
methods, it is possible to identify and rank feasible sensor configurations, leading to a procedure
for the optimal placement of inertial sensors. This procedure was successfully validated on
a SCARA manipulator and HapticGiant by comparing the predicted estimation quality with
results from the kinematic state estimator mentioned above. Ultimately, the proposed procedure
has resulted in the sensor configuration that is installed on HapticGiant.

* HapticGiant must provide haptic feedback that matches the kinematic and dynamic properties
of the DT. Therefore, a novel hierarchical optimal force controller was developed to render
arbitrary serial kinematic chains. In this controller, the rendering is formulated as a set of
prioritized equality and inequality tasks, which take care of the kinematic coupling, manipulator
joint limits, singularity avoidance, Cartesian limits, and DT joint limits. As a result, any serial
kinematic chain can be presented to the user through a corresponding non-linear admittance
that behaves in a dynamically consistent manner when a hardware limitation is reached. This
in turn ensures that the motion of the DT aligns with the user’s intuition. The controller is
complemented by a custom PPU optimization strategy and suitable low-level controllers. In
total, the average computation time for a DT with six joints is 529 us, indicating feasible update
rates of at least 1 kHz.

* The proposed control scheme was successfully put to test in real-world experiments. As part
of these, the Haptify benchmarking method was utilized. The resulting metrics show superior
workspace volume and stiffness rendering, with free-space forces comparable to commercial
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devices with considerably smaller workspaces. However, these performance advantages come at
the cost of significantly higher vibration levels.

The last part of this thesis (Chapter 8) explored the seamless rendering of multiple DTs, resulting in
the following contributions:

* A novel approach for intention estimation was developed to predict which target, i.e., which
DT, the user is likely going to approach. To achieve this, the available sensor and target data
is fed into a neural network (NN) with a long short-term memory (LSTM) architecture after
an ego-centric transformation, yielding a probability distribution over the targets. Due to a
lack of suitable datasets in the literature, two datasets with intention data were created. The
performance of the intention estimation was found to be comparable to existing methods, but
without the need for manual feature engineering, a fixed number of targets, or predefined target
positions.

* Based on the intention estimation, a motion planning pipeline was developed to pave the way
for rendering multiple DTs in an ETHD setup. As part of this, HapticGiant’s eight-dimensional
configuration space was separated into two subspaces, which were then reconnected using a
novel extension to roadmap-based path planning. Compared to RRT*, this reduces the average
computation time by a factor of about 50 without a significant loss of path quality. The
subsequent path tracking was realized using ruckig in combination with a constant lookahead to
achieve fast reaction times and smooth trajectories. Closed-loop tests in simulation confirmed
the desired behavior. Moreover, two approaches for the conversion of the intention estimation
output were presented.

m Future Research

Throughout this thesis, future research directions were already discussed at the end of each chapter.
Nevertheless, this section will recall aspects that the author considers to be crucial for the further
development and the performance of HapticGiant. In addition, a brief outlook on potential research
topics beyond the scope of HapticGiant will be given.

Practical experience with the prototype suggests that the low-level controllers are currently the main
bottleneck affecting haptic quality. In particular, vibrations and stick-slip behavior limit the achievable
level of transparency. As a countermeasure, the low-level controllers may be enhanced by adding
more feed-forward terms, which are based on the available system models, or by incorporating joint
torque feedback. Additionally, the controller performance may be improved by taking into account
joint flexibility and, if relevant, link flexibility. This also requires extensive system identification and
the addition of further effects to the simulation.

Another way to improve HapticGiant’s control performance is to complete the integration of the
proposed kinematic state estimation. In order to benefit from its full potential, the mismatch between
the accelerometer and encoder readings must be resolved first. Next, a partial, initial calibration of
the inertial sensors with respect to biases and scale-factor errors appears to be a simple yet effective
method for further reducing the estimation errors, from which the low-level controllers will benefit.

At a higher level, the current limitations of the hierarchical optimal force controller from Section 7.3.3
need to be addressed. This includes avoiding infeasible manipulator trajectories and improving the
limit switching strategy to avoid oscillatory behavior. Beyond that, a collision mitigation strategy can
be implemented as a measure to improve machine safety, ideally as a separate task in the hierarchical
quadratic programming (HQP) formulation.
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The most important step towards a fully operational demonstrator that can render multiple DTs in
an ETHD setup is a closed-loop test of the proposed motion planning strategy in conjunction with
the presented variants of the intention estimation. In particular, this test will shed light on how the
proposed methods for processing the intention estimation output perform in practice. Given the typical
human walking speed, the repositioning process will likely be too slow to provide a seamless user
experience in many cases. To improve this situation, the intention estimation may be enhanced to
the point where its multi-class classifier variant achieves the same performance as the other variants.
Furthermore, the path tracking may be improved to gain a higher utilization of the joint velocity range.
If the system is still too slow, the goal of simultaneously rendering multiple DTs must also be taken into
account during the design of the target environment (TE) or in future hardware iterations. In any case,
high-speed motion demands enhanced safety precautions and tight switching between rendering and
repositioning, making a future integration of the path or trajectory tracking into the HQP formulation
an attractive goal.

Depending on the insights gained from the above steps, HapticGiant’s hardware may need to be revised.
If this is the case, the design should be refined as well by integrating the gained knowledge into the
proposed optimization-driven design method.

From an application perspective, HapticGiant is on the verge of being ready for many different practical
use cases. For instance, the system can be coupled with state-of-the-art haptic rendering software to
enable a multitude of existing haptic applications. Moreover, HapticGiant opens up new perspectives
on classical teleoperation by enabling not only manipulator movements but also platform movements
over large distances. Thanks to the intrinsic handling of the DT joint limits with regard to velocity
and acceleration, the presented hierarchical force control scheme can also be used for teleoperating
sluggish systems, such as the excavator shown in Figure 1.3b. Returning to the overall goal of highly
immersive telepresence, HapticGiant giant’s end effector can be replaced with a tool turret, which is
equipped with different props. As a result, the realistic rendering of additional objects, such as walls,
buttons, and other rigid items, becomes possible without any need for disrupting the user experience.

Beyond the scope of HapticGiant, the knowledge and experience gained in this thesis can contribute to
the development of other, potentially very-large-scale kinesthetic haptic interfaces. In particular, the
proposed hierarchical optimal force controller as well as the optimization-driven design method are
adaptable to other requirements and kinematic topologies. An interesting extension is the addition of
bimanual manipulation capabilities, although this introduces additional complexity, especially when
the ability for natural user locomotion must be maintained. Regarding potential applications, the
achievable level of immersion in the general context of very-large-scale ETHDs should be studied in
detail. This will not only identify potential improvements, such as the addition of tactile feedback, but
also use cases where devices such as HapticGiant provide the greatest benefit.






APPENDIX

Partial Derivatives of the Kinematic
Equations

This chapter is based on results presented in the author’s publication [02, O3].

In this chapter, the theory from Sections 2.2 and 2.3.2 is used to derive the first- and second-order
partial derivatives of quantities that occur in the forward kinematics of an articulated body up to
acceleration level Hereinafter, the skew-symmetric matrix of the joint rotation axes is abbreviated

as RO, = [r9 . Likewise, T 9=t — |97 x| is defined for the joint translation axes.
€j— 15 Bj €j—15;
Theorem A.1:

The partial derivative of the joint rotation matrix Ceﬁj__1 with respect to the joint configuration a1 is
7 9q
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dq T e85 T By

Proof. The rotation matrix CGJ can be converted to axis-angle notation with the axis r ! 18 and the

angle Qe;_185 = dpy)- Therefore, w o i qm . With (2.2), this yields
aCy " (¢
Bi bl _ oe-1 €—-1 _ - €1 €1
ot - er‘—lﬁj Cﬁjj - g[ﬂRej'—ﬁjCﬁjj )
Direct application of the chain rules results in
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Comparing both equations yields the desired result. As defined in Section 2.3.1, r B = 05 is true
for prismatic joints. Hence, the found expression is also correct for prismatic Jomts O
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Lemma A.1:

The partial derivative of the joint rotation matrix ijﬂl with respect to the joint configuration ;1 is

T Ry, O
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Proof. We obtain
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by swapping €;_1 with 3; in Theorem A.1. Applying (2.1) directly yields the desired result. 0

Theorem A.2:

The partial derivatives of the angular velocity in the body frame c_uaﬁﬁj with respect to the joint
configuration q and its derivatives q and § can be calculated using the recursive expressions

( Bj—1

_ B, 9wws, o .
= N €51 ﬁj o e,
89[@'] Rﬁj—lﬁjb—uWﬂj , =]
L0, ifi >
Bj—1
v B, s, o .
— 07— B i e. ., and
Oiyy | Cecrgp,» =]
0, ifi >
a@‘%ﬁj _
. 03 .
9
Proof. Changing the resolving frame of (2.5) to 3; yields
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The underbraces contain the dependencies on the kinematic state for the individual terms. Thus, we
see that
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for i = j using Lemma A.1. The remaining derivatives with respect to the joint position are zero.
Analogously, the derivatives with respect to the joint velocities are
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for i < 7,
B;
a"gwﬁj _ Cﬁj Pt
Ay — o

for i+ = 7, and zero for ¢ > j. The derivatives with respect to the joint accelerations are all zero,
because the joint accelerations do not appear in (A.1). O

Theorem A.3:

The partial derivatives of the angular acceleration in the body frame Qz%} 3 with respect to the joint
configuration q and its derivatives q and § can be calculated using the recursive expressions
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Proof. Changing the resolving frame of (2.6) to 3; yields
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Again, the underbraces show how the terms depend on the kinematic state. The desired partial
derivatives follow immediately with the same scheme as in Theorem A.2, except that the angular
acceleration also depends on the joint accelerations. O

Theorem A.4:
Bj

The partial derivatives of the linear acceleration in the body frame a;; 8 with respect to the joint
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configuration q and its derivatives q and q can be calculated using the recursive expressions
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which stems from (2.3). The remainder of the proof is analogous to Theorem A.3. O

Theorem A.5:

The first-order partial derivative of the link start frame orientation ng with respect to the joint
configuration q can be calculated using the recursive expression
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Proof. According to (2.4) the orientation of the body frame is
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As before, the underbraces contain the dependencies on the joint configuration g for the individual
terms. The application of the product rule yields the derivative
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remains. For ¢ = j, the derivative is
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after the application of Theorem A.1. For 7 > j, the derivative is zero. This result is also correct for
prismatic joints because r:j - 5, = 0 in this case. O
Theorem A.6:

The second-order partial derivative of the link start frame orientation CE‘; with respect to the joint
configuration q can be calculated using the recursive expression
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The required first-order partial derivatives of CEZ can be calculated using Theorem A.5.

Proof. With (A.2), we know that
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Deriving this with respect to 41 yields
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With the dependencies on the joint configuration in underbraces, it is easy to see that
20W

— P —9
94594y

if £ < ¢ or k < j. This also matches the observation that a joint can only affect the part of the
kinematic chain that comes after the joint.

If ¢ = k, the first and second term are zero. Now, two subcases have to be considered separately: In
the first case, j = k holds. This causes the third term to be zero as well, yielding
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after applying Theorem A.1 twice. In the second case, £ > j holds, causing the fourth term to vanish.
The third term remains and is simplified to
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using Theorem A.1.

Next, j = kis considered in two subcases, where the first and the third term are zero. The subcase ¢ = k
is already covered. The subcase k£ > ¢ removes the fourth term and yields
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What remains is the case £ > ¢ and k > j, where all terms except for the first one are zero. Thus,
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is true for this case. O

Theorem A.7:

The second-order partial derivative of the link start frame position Q—U%Bk with respect to the joint
configuration q can be calculated using the recursive expression
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The required first- and second-order partial derivatives of CEZ can be calculated using Theorems A.5
and A.6.
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Proof. According to (2.7), the position of frame [y, is
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The derivative with respect to 9 is then
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Deriving this with respect to 41 yields
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Analog to the proof of Theorem A.6, all terms become zero when k < ior k < j. If K = ¢ = j, the

result is zero as well, because (%gx = 0. If £ = ¢ in combination with & > j, only the fourth term

remains. In this case,
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is the desired derivative. Likewise, the condition k£ = j and k£ > ¢ eliminates all terms except for the
third and yields
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Finally, if £ > ¢ and k > j, the first and the second term are non-zero. The result is then
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APPENDIX

Example Code for RTCF

<launch>
<node name="rt_runner" pkg="rtcf" type="rt_runner" output="screen">
<rosparam param="mode">"wait_for_components"</rosparam>
<rosparam param="ros_mapping_whitelist">".xros.x"</rosparam>
<rosparam param="num_components_expected">2</rosparam>
<rosparam param="frequency">1000.0</rosparam>
</node>
<node name="examplel" pkg="rtcf" type="rt_launcher" args="rtcf_examples
— PaperExample">
<remap from="out_port" to="/tmp"/>
<remap from="in_port" to="/ros/in"/>
<rosparam param="is_first">True</rosparam>
</node>
<node name="example2" pkg="rtcf" type="rt_launcher" args="rtcf_examples
— PaperExample">
<remap from="out_port" to="/ros/out"/>
<remap from="in_port" to="/tmp"/>
</node>
</launch>

Listing B.1: Example of a ROS-compatible launch file with two real-time components that are loaded
into an rt_runner and executed at 1 kHz. Taken from [O6].
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#include <std_msgs/Float32.h>

#include <rtcf/macros.hpp>
#include <rtcf/rtcf_extension.hpp>
OROCOS_HEADERS_BEGIN

#include <rtt/Component.hpp>
#include <rtt/Port.hpp>

#include <rtt/RTT.hpp>
OROCOS_HEADERS_END

class PaperExample : public RTT::TaskContext, public RtcfExtension
{
public:
PaperExample (std::string const &name)
TaskContext (name), port_out_ ("out_port"), port_in_("in_port") {}

bool configureHook ()

{
this->ports () ->addPort (port_in_);
this->ports () ->addPort (port_out_);
double param = this->getNodeHandle () .param("/test_param", 0.0);
NON_RT_INFO_STREAM ("Fetched param with value " << param);
return true;

}

void updateHook ()

{
RT_INFO ("Update hook called!");
port_in_.read(msg_);
port_out_.write (msg_);

bool startHook () { return true; }
void stopHook () {}
void cleanupHook () {}

private:

RTT: :OutputPort<std_msgs::Float32> port_out_;
RTT: :InputPort<std_msgs::Float32> port_in_;
std_msgs::Float32 msg_;

}i

ORO_CREATE_COMPONENT (PaperExample)

Listing B.2: A minimal working example of an RTCF component. Taken from [O6].
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