
STUTTGARTER BEITRÄGE ZUR PRODUKTIONSFORSCHUNG

JULIAN RICARDO DIAZ POSADA

Optimized Model-Based Path Generation 
for Robotic Manufacturing Processes

STUTTGARTER BEITRÄGE ZUR PRODUKTIONSFORSCHUNG



 
Julian Ricardo Diaz Posada

Optimized Model-Based Path Generation  
for Robotic Manufacturing Processes

STUTTGARTER BEITRÄGE ZUR PRODUKTIONSFORSCHUNG BAND 106

Herausgeber:  
Univ.-Prof. Dr.-Ing. Thomas Bauernhansl
Univ.-Prof. Dr.-Ing. Kai Peter Birke
Univ.-Prof. Dr.-Ing. Marco Huber
Univ.-Prof. Dr.-Ing. Dipl.-Kfm. Alexander Sauer
Univ.-Prof. Dr.-Ing. Dr. h.c. mult. Alexander Verl
Univ.-Prof. a. D. Dr.-Ing. Prof. E.h. Dr.-Ing. E.h. Dr. h.c. mult. Engelbert Westkämper

FRAUNHOFER VERLAG



Kontaktadresse:
Fraunhofer-Institut für Produktionstechnik und Automatisierung IPA, Stuttgart
Nobelstraße 12, 70569 Stuttgart
Telefon 07 11/ 9 70-11 01
info@ipa.fraunhofer.de; www.ipa.fraunhofer.de

STUTTGARTER BEITRÄGE ZUR PRODUKTIONSFORSCHUNG

Herausgeber:
Univ.-Prof. Dr.-Ing. Thomas Bauernhansl1,2

Univ.-Prof. Dr.-Ing. Kai Peter Birke1,4

Univ.-Prof. Dr.-Ing. Marco Huber1,2

Univ.-Prof. Dr.-Ing. Oliver Riedel3
Univ.-Prof. Dr.-Ing. Dipl.-Kfm. Alexander Sauer1,5

Univ.-Prof. Dr.-Ing. Dr. h.c. mult. Alexander Verl3
Univ.-Prof. a. D. Dr.-Ing. Prof. E.h. Dr.-Ing. E.h. Dr. h.c. mult. Engelbert Westkämper1,2

1 Fraunhofer-Institut für Produktionstechnik und Automatisierung IPA, Stuttgart
2 Institut für Industrielle Fertigung und Fabrikbetrieb (IFF) der Universität Stuttgart
3 Institut für Steuerungstechnik der Werkzeugmaschinen und Fertigungseinrichtungen (ISW) 
  der Universität Stuttgart
4 Institut für Photovoltaik (IPV) der Universität Stuttgart
5 Institut für Energieeffizienz in der Produktion (EEP) der Universität Stuttgart

Titelbild: © Fraunhofer IPA; Rainer Bez

Bibliografische Information der Deutschen Nationalbibliothek
Die Deutsche Nationalbibliothek verzeichnet diese Publikation in der Deutschen Nationalbibliografie; 
detaillierte bibliografische Daten sind im Internet über www.dnb.de abrufbar.
ISSN: 2195-2892
ISBN (Print): 978-3-8396-1614-7

D 93

Zugl.: Stuttgart, Univ., Diss., 2019

Druck: Mediendienstleistungen des Fraunhofer-Informationszentrum Raum und Bau IRB, Stuttgart
Für den Druck des Buches wurde chlor- und säurefreies Papier verwendet.

© by FRAUNHOFER VERLAG, 2020
Fraunhofer-Informationszentrum Raum und Bau IRB
Postfach 80 04 69, 70504 Stuttgart
Nobelstraße 12, 70569 Stuttgart
Telefon  0711 9 70-25 00
Telefax  0711 9 70-25 08
E-Mail verlag@fraunhofer.de
URL http://verlag.fraunhofer.de 

Alle Rechte vorbehalten

Dieses Werk ist einschließlich aller seiner Teile urheberrechtlich geschützt. Jede Ver wertung, die 
über die engen Grenzen des Urheberrechtsgesetzes hinausgeht, ist ohne schriftliche Zustimmung 
des Verlages unzulässig und strafbar. Dies gilt insbesondere für Vervielfältigungen, Übersetzungen, 
Mikro ver filmungen sowie die Speiche rung in elektronischen Systemen.
Die Wiedergabe von Warenbezeichnungen und Handelsnamen in diesem Buch berechtigt nicht 
zu der An nahme, dass solche Bezeichnungen im Sinne der Warenzeichen- und Markenschutz-
Gesetzgebung als frei zu betrachten wären und deshalb von jedermann benutzt werden dürften.
Soweit in diesem Werk direkt oder indirekt auf Gesetze, Vorschriften oder Richtlinien (z.B. DIN, 
VDI) Bezug genommen oder aus ihnen zitiert worden ist, kann der Verlag keine Gewähr für 
Richtigkeit, Vollständigkeit oder Aktualität übernehmen.



Optimized Model-Based
Path Generation for Robotic

Manufacturing Processes

Von der Fakultät Konstruktions-, Produktions- und
Fahrzeugtechnik der Universität Stuttgart

zur Erlangung der Würde eines Doktor-Ingenieurs (Dr.-Ing.)
genehmigte Abhandlung

Vorgelegt von
Julian Ricardo Diaz Posada
aus Bogotá D.C., Kolumbien

Hauptberichter: Univ.-Prof. Dr.-Ing. Dr. h.c. mult. Alexander Verl
Mitberichter: Prof. Dr.-Ing. habil. Björn Hein

Tag der mündlichen Prüfung: 09.12.2019

Institut für Steuerungstechnik der Werkzeugmaschinen und
Fertigungseinrichtungen (ISW) der Universität Stuttgart

2020





Foreword of the author

First of all I want to thank God for giving me the opportunity to develop this enriching doctoral research.
This thesis is a result of my work as a Research Fellow at the Fraunhofer Institute for Manufacturing
Engineering and Automation (IPA) in Stuttgart, Germany. I would like to give special thanks to
Prof. Dr.-Ing. Dr. h.c. mult. Alexander Verl and Prof. Dr.-Ing. habil. Björn Hein for supervising,
supporting, and reviewing this research work. Particulary, I am sincerely thankful to Dr. Thomas Dietz
who as team leader guided me in the definition of the topic and who enriched this research with fruitful
discussions. Also, I want to thank Junior-Prof. Dr.-Ing. Andreas Pott for giving me his feedback in
different stages of this research work.

I am also very grateful with Dr. Ulrich Schneider with whom I started my career at IPA during my
Master thesis and who supported me in the development of this thesis. My gratitude goes also to
my colleagues Dipl.-Ing. Alexander Kuss, Dr. Milad Geravand, and Dr. Manuel Drust with whom I
discussed the topic and who provided me with valuable feedback. I want to thank also all my colleagues
within the department of Robot and Assistive Systems, especially to the members of the groups "Robot
systems for production processes" and "Industrial robotics: handling and intralogistics". Special thanks
to Christoph Martin M.Sc., Manuel Mönnig M.Sc., Dr. Susanne Oberer-Treitz, Gesine Schleth M.Sc.,
Dr. Valentin Schmidt, Dr. Alexander Spiller, and Patrick Stelzer M.Sc. with whom I had the opportunity
to work in research and industrial projects. Further thanks to Dr. Maximo A. Roa who also provided
me feedback in a stage of this work. My gratitude goes also to all the students who during my time at
IPA supported my activities as research fellow and who were always motivated with the research and
development topics performed at IPA.

I also want to acknowledge the support from Dipl.-Ing. Martin Hägele for his work as Head of
Department, and from Dr. Werner Kraus who for some time lead the group in which I worked. Special
thanks also to Dr. Thomas Dietz, Dr. Gauthier Hentz, and Martin Henkel M.Sc. for their feedback
on the document. I want to acknowledge the proofreading of M.A. Luzia Schumacher who not just
proofread this document but also all my publications. My gratitude also goes to Heide Kreuzburg who
supported all the organizational issues related with this PhD.

To my wife Tzvetelina Hadjipetkova my most sincere acknowledgment and love for all her support
and company during the years developing this thesis. I also want to thank all my family and relatives
who during all my life supported me and who provided me with the education and taught me all the
values which led me to reach this stage in my live. Thank you all for all the love, happiness, and advice
given to me throughout all my life and during the development of this research work. To my daughter
Isabella all my love. I am so happy that you are with us now. May God bless and provide you with
good health, long life, and happiness.

Kornwestheim, April 2020 Julian Ricardo Diaz Posada

iii



Short Summary

Optimized, efficient, and intuitive robotic programming is still a challenge in manufacturing and one of
the main reasons why robots are not widely implemented in small and medium-sized enterprises and
not broadly used for tasks such as milling, deburring, or welding. Reasons for this challenge are the
time-consuming, complex, primarily manually optimized, and expert-dependent path generation for
robotic manufacturing processes.

In order to effectively and efficiently respond to the current product variability demands, small and
medium-sized enterprises require easy and optimized programmable robotic manufacturing systems
for achieving profitable and rapid changeover. To make up for this deficiency, this dissertation raises
the following research question: How to automatically generate offline optimized paths in reaction to
infeasibilities for robotic manufacturing processes under constraints and process optimization criteria?
This research question is answered with the following proposed and evaluated thesis: Robotic manufac-
turing process paths can be automatically optimized under defined process criteria by methodologically
configuring and deploying sample-based generation algorithms, based on the procedural interpretation
of the product, process, and resource model-based components of the robotic manufacturing process.

The basis for defining this thesis is the synergy found between four different research areas on
robotics, which constitutes the state of the art of this document. These areas are: (1) the offline
programming for robotic manufacturing processes, (2) the sample-based path generation, (3) the
knowledge representation in robotic manufacturing and (4) the research and advances on specific
robotic manufacturing processes such as welding, milling, and deburring. In this research, current
advancements on these different areas are taken into account in order to develop, implement, and test
the proposed architecture and methodology. The state-of-the-art analysis underscores and emphasizes
that the lack of knowledge formalization, structured approach, and model-based architectures used in
synergy with state-of-the-art algorithms is the reason for not having automatic optimized programming
under constraints and optimization criteria for robotic manufacturing processes; resulting in the main
contribution of this work.

A novel approach is introduced for interpreting methodologically the components of a robotic
manufacturing process using the product, process, and resource classification as input. Mathematical
equations for the product features, selected by the end-user over the computer-aided design files of the
workpiece in a simulation environment, are automatically generated based on models of each individual
product feature. Likewise, the manufacturing process parameters are semantically described and used
in order to relate the process and the resources, which are articulated industrial robots for the use-cases
studied in this dissertation.

The approach interprets the product, process, and resource components for simplifying the path
planning problem. This is achieved by parameterizing the translational product constraints and
the optimal or reference rotations of the product features in one dimension and configuring the
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process degrees of freedoms into a novel robotic manufacturing processes configuration space. This
configuration space is introduced with the goal to relate product constraints with the degrees of freedom
and constraints of the manufacturing process and to simplify the complexity of the problem by allowing
its solution in reasonable computation times for industrial and practical applications as demonstrated
in the implemented and evaluated use-cases.

Three different use-cases are presented for simulating and evaluating the optimal path planning
architecture and approach. The purpose of the evaluation in three different use-cases is to demonstrate
the configurability of the approach and the re-usability of the defined models and implemented
functions among different robotic manufacturing processes and criteria. Optimized robotic paths are
generated for the manufacturing processes in reaction to infeasible robot configurations such as collision,
unreachabilities, or maximum joint limits. The first use-case explores automatic and optimized collision
avoidance in robotic welding. The second use-case explores the optimization of robot stiffness during
robotic milling by using the intrinsic degree of freedom of the milling process. The third use-case
demonstrates the use of a two dimensional laser scanner for sensor-guided robotic deburring which is
optimized in order to get favorable measurements while assuring the deburring constraints.

The simulation and validation of these three different robotic manufacturing use-cases validate the
configurability of the architecture and approach. Furthermore, it is demonstrated that optimized
paths for manufacturing processes can be automatically computed by using the novel approach and
architecture. The approach introduced in this thesis show how the state-of-the-art development in
robotic offline programming software, sample-based motion planning, robotic knowledge description,
and modeling of specific robotic manufacturing processes can be used as input for improving robotic
motions after further modeling the robotic manufacturing process and for generating automatic robot
programs by using the proposed concept named Automatic Optimized Offline Programming (AOLP).

This contribution demonstrates that the required robot programming time and the final robot process
quality is improved by using the proposed approach and architecture in the implemented use-cases.
Comparison between the widely used teach-in approach and a commercial offline programming software
demonstrates this improvement. This approach verifies that the programming of robots does not
require experts if robotic manufacturing models are used; that the robotic manufacturing processes can
be automatically optimized, using sample-based algorithms after the methodological interpretation of
the robotic manufacturing process; and that the general architecture can be used for several use-cases
which reflect the solution to the above-defined research problem. This work concludes with an outlook
on further potentials of the optimized path planning for robotic manufacturing.
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Zusammenfassung

Optimierte, effiziente und intuitive Roboterprogrammierung ist nach wie vor eine Herausforderung
in der Roboterfertigung und einer der Hauptgründe dafür, dass Roboter in kleinen und mittleren
Unternehmen (KMU) nicht weit verbreitet sind. Aufgaben wie Fräsen, Entgraten oder Schweißen
können nicht allzu häufig mit Industrieroboter in KMUs eingesetzt werden, vor allem wegen der
zeitaufwändigen, komplexen, vorwiegend manuell optimierten und von Experten abhängigen Bahnpla-
nung für Roboterfertigungsprozesse (RMPs von seiner Abkürzung im Englischen „robotic manufacturing
processes“).

Um effektiv und effizient auf die aktuellen Produktvariabilitätsanforderungen reagieren zu können,
benötigen KMUs einfache und optimierte programmierbare Roboterfertigungssysteme, damit eine
schnelle Umstellung lukrativ ist. Um diesen Mangel auszugleichen, wirft diese Dissertation folgende
Forschungsfrage auf: Wie generiert man automatisch offline optimierte Bahnen für robotergestützte Fer-
tigungsprozesse unter Einschränkungen und Prozessoptimierungskriterien? Diese Forschungsfrage wird
mit der folgenden Behauptung beantwortet: Die Roboterbahnen für Fertigungsprozesse können unter
definierten Prozesskriterien automatisch optimiert werden, indem probabilistische Algorithmen method-
isch konfiguriert und eingesetzt werden. Diese Konfiguration basiert sich auf der „Produkt, Prozess
und Ressource“ (PPR) modell-basierten Beschreibung und der verfahrenstechnischen Interpretation
des RMPs.

Nach der Einführung des Themas in Kapitel 1 werden die Grundlagen und der Stand der Technik in
Kapitel 2 vorgestellt. Grundlage für die Definition dieser Arbeit ist die Synergie, die zwischen vier
verschiedenen aktuellen Forschungsbereichen, die in dem Stand der Technik ausführlich beschrieben
werden, besteht. Diese Bereiche sind: (1) die Offline-Programmierung (OLP) für Robotersysteme, (2)
die probabilistische Bahnplanung, (3) die Wissensrepräsentation in der Roboterfertigung und (4) die
Forschung und Fortschritte bei bestimmten Roboterherstellungsprozessen, wie z.B. Schweißen, Fräsen
und Entgraten. In dieser Forschungsarbeit werden aktuelle Fortschritte auf diesen verschiedenen Gebi-
eten dargestellt, um die vorgeschlagene Architektur und Methodik zu entwickeln, zu implementieren
und zu testen. Der Befund von dem Stand der Technik betont, dass mangelnde Wissensformalisierung,
strukturierte Herangehensweise und modellbasierte Architekturen, die in Synergie mit modernen Algo-
rithmen verwendet werden, der Grund dafür sind, dass es keine automatisch optimierte Programmierung
unter Einschränkungen und Optimierungskriterien für RMPs gibt, was zu dem Hauptbeitrag dieser
Arbeit führt.

Kapitel 3 stellt den verallgemeinerten Ansatz und die implementierte Architektur vor. Dieser Ansatz
wird als „Automatic Optimized Offline Programming“ (AOLP) für Roboterfertigungsprozesse bezeichnet,
aufgrund der Automatisierung im Vergleich zu dem regulären OLP. Der neuartige Ansatz wird zur
methodischen Interpretation der Komponenten eines Roboterherstellungsprozesses unter Verwendung
der PPR-Klassifizierung als Eingabe eingeführt. Mathematische Gleichungen für die Produktmerkmale,
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die vom Endbenutzer über die Computer-Aided Design (CAD) -Dateien des Werkstücks in einer
Simulationsumgebung ausgewählt werden, werden automatisch basierend auf Modellen jedes einzelnen
Produktmerkmals beschreiben. Ebenso werden die Parameter des Fertigungsprozesses semantisch
beschrieben und verwendet, um auch den Prozess zu verknüpfen. Die in dieser Dissertation untersuchten
Ressourcen sind 6-Achs-Gelenkarmroboter.

Der Ansatz interpretiert die PPR-Komponenten, um das Bahnplanungsproblem zu vereinfachen. Dies
wird erreicht, indem die translatorischen Produktbedingungen und die optimalen oder gewünschten
Rotationen des Produkts in einer Dimension parametrisiert werden. Die Prozessfreiheitsgrade werden
ebenfalls in einem neuartigen Konfigurationsraum „C-space“ mit dem Namen RMP C-space konfiguriert.
Dieser C-Raum wird eingeführt mit dem Ziel, Produktbedingungen mit den Freiheitsgraden und
Bedingungen des Herstellungsprozesses in Beziehung zu setzen und die Komplexität des Problems zu
vereinfachen. Dadurch wird die Bahnplanung in diesem C-space in vernünftigen Berechnungszeiten für
industrielle und praktische Anwendungen ermöglicht, wie in den evaluierten Anwendungsfällen gezeigt
wird.

In den Kapiteln 4 bis 6 werden die Implementierung der Anwendungsfälle, die experimentelle Unter-
suchung und die Ergebnisse dargestellt. Es werden drei verschiedene Anwendungsfälle zur Simulation
und experimentellen Auswertung der optimalen Bahnplanungsarchitektur und des Ansatzes vorgestellt.
Der Zweck der Bewertung in drei verschiedenen Anwendungsfällen besteht darin, die Konfigurier-
barkeit des Ansatzes und die Wiederverwendbarkeit der definierten Modelle und implementierten
Funktionen zwischen verschiedenen Fertigungsprozessen und -kriterien für Roboter zu demonstrieren.
Optimierte Roboterbahnen werden für die Fertigungsprozesse als Reaktion auf nicht realisierbare
Roboterkonfigurationen wie Kollisionen, Unerreichbarkeiten oder Überschreitungen der Gelenkgrenzen
generiert.

Kapitel 4 stellt den ersten Anwendungsfall vor, die automatische und optimierte Kollisionsvermeidung
beim Roboterschweißen. Die Vermeidung von Kollisionen ist eine zeitaufwändige Aufgabe, selbst bei
den modernsten Methoden wie Teach-In und die OLP-Ansätze. Dies begründet die Implementierung
des vorgeschlagenen Ansatzes. Die herstellungsoptimale Funktion wurde als Bewertung des minimal
erforderlichen Winkels einer nicht kollisionserzeugenden Roboterkonfiguration zum Erreichen der
optimalen Ausrichtung für das Schweißen definiert. Die Simulation wurde für zwei unterschiedliche
Werkstücke mit kontinuierlichen Merkmalen vorgestellt, das erste mit linearen und das zweite aus
einem halbumlaufenden und einem linearen Merkmal, um die Modularität des Ansatzes zu zeigen.

Experimente für den ersten Anwendungsfall wurden durch Vergleich des vorgeschlagenen AOLP
und des Teach-In-Ansatzes durchgeführt. Die Programmierzeit mit dem AOLP ist 4.23 mal schneller
als der Teach-In-Ansatz für die gegebene Schweißaufgabe. Darüber hinaus verbesserte das AOLP die
Homogenität der geschweißten Nahtdicke um 35.62 %. Der Ansatz wurde auch mit einer kommerziellen
OLP-Software verglichen, um eine spezifische Kollisionsvermeidung während des Roboterschweißens zu
erreichen. Der Vergleich zeigte auch, dass das AOLP schneller ist als die kommerzielle OLP-Software
(3.84 mal schneller). Als Erweiterung des Ansatzes wurde die nahezu optimale Werkstückpositionierung
für das Roboterschweißen, um Gelenkbewegungen zu minimieren, vorgestellt und validiert.

Kapitel 5 beschreibt den zweiten Anwendungsfall. In diesem Anwendungsfall wird die Optimierung
der Robotersteifigkeit beim Roboterfräsen anhand des intrinsischen Freiheitsgrades des Fräsprozesses un-
tersucht. Die Optimierung wurde definiert als die Minimierung von Translationsabweichungen als Folge

vii



der Roboternachgiebigkeit, die durch die in jedem Gelenk angebrachten Drehmomente verursacht wird,
welche auf Prozesskräfte und Gelenkgewichte zurückzuführen sind. Das simulierte und gefräste Produk-
tmodell besteht aus vier linearen Merkmalen, die ein Quadrat bilden. Es wurden zwei unterschiedliche
Strategien zur Interpretation des Produkts und zur Definition des Bahnplanungsproblems adressiert.
Der Fokus auf diese beiden Strategien wurde in diesem Anwendungsfall aufgrund der Diskontinuitäten
in der „Costmap“ gegeben. Die Diskontinuitäten sind Resultat der Optimierungsfunktion in Bezug auf
die Produktmerkmalsdefinitionen. Beim Roboterfräsen wurden die optimierten Bahnen mit den nicht
optimierten Bahnen verglichen. Nach der Messung der Frästiefen mit einer Koordinatenmessmaschine
(KMG) werden für beide Strategien Verbesserungen der mittleren absoluten Abweichung der Frästiefen
aufgezeichnet (51.17 % und 57.40 % mit der „single“ und „multiple“ Strategien beziehungsweise).

Kapitel 6 erörtert den dritten Anwendungsfall und demonstriert die Verwendung eines zweidimen-
sionalen Laserscanners zum sensorgesteuerten Entgraten von Robotern, der optimiert ist, um günstige
Messungen zu erhalten und gleichzeitig die Entgratungsbedingungen zu gewährleisten. Die manuelle
Programmierung dieses Anwendungsfalls ist zeitaufwändig, da die Entgratungsbedingungen beim
Drehen des „Tool Center Point“ (TCP) zur Erzielung optimierter oder gültiger Messungen mit dem
Sensor kompliziert sind. Die zu optimierende Funktion wurde anhand zwei Kriterien definiert. Symme-
triekosten wurden festgelegt, um den maximalen Informationsgehalt aus den gemessenen Merkmalen
zu erhalten, und es wurden Tiefenkosten eingeführt, um den Ort festzulegen, an dem das 2D-Profil
gemessen wird. Die Roboterkonfiguration ist als durchführbar definiert, wenn das Sichtfeld des Sensors
das Werkstück für eine Messung schneidet. Darüber hinaus wurde eine Zustandsmaschine implemen-
tiert, um die verschiedenen Schritte des sensorgeführten Prozesses zu berücksichtigen. Die Optimierung
wurde für ein Produkt mit fünf linearen kontinuierlichen Merkmalen unter Verwendung eines optimalen
probabilistischen Algorithmus simuliert. Die Simulation wurde unter Verwendung des vorgeschlagenen
Ansatzes und der Architektur durchgeführt und analysiert.

Die Simulation und Validierung dieser drei verschiedenen Anwendungsfälle für die Roboterfertigung
bestätigen die Konfigurierbarkeit der Architektur und des Ansatzes. Des Weiteren wird gezeigt, dass
optimierte Bahnen für Fertigungsprozesse mithilfe des neuartigen Ansatzes und der neuen Architektur
automatisch berechnet werden können. Der vorgestellte Ansatz zeigt auch, wie die Weiterentwicklung
in der robotergestützten Offline-Programmierung (OLP), der probabilistischen Bahnplanung, der
Wissensbeschreibung in der Robotik und der Modellierung spezifischer Fertigungsprozesse von Robotern
in dem AOLP-Ansatz einbezogen werden kann.

Diese Arbeit endet und präsentiert weitere Perspektiven der optimierten Bahnplanung für die
Roboterfertigung in Kapitel 7. Der wissenschaftliche Beitrag zeigt anhand der Anwendungsbeispiele,
dass die erforderliche Roboterprogrammierungszeit und die endgültige Qualität des Roboterprozesses
durch die Verwendung des vorgeschlagenen Ansatzes und der vorgeschlagenen Architektur verbessert
werden können. Der Vergleich zwischen dem weit verbreiteten Teach-In-Ansatz und kommerzieller
OLP-Software beweist diese Verbesserung. Dieser Ansatz stellt sicher, dass für die Programmierung
von Robotern keine Experten erforderlich sind, wenn Roboter-Fertigungsmodelle verwendet werden.
Außerdem können die Roboterherstellungsprozesse nach der methodologischen Interpretation des RMP
automatisch mit probabilistischen Algorithmen optimiert werden. Die Optimierung basiert sich auf
eine allgemeine Architektur, die für mehrere Anwendungsfälle verwendet werden kann, die die Lösung
des oben definierten Forschungsproblems widerspiegeln.
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1 Introduction

1.1 Motivation

Manufacturing production requirements and market demands have been evolving drastically during
the last decades. Nowadays, mass production is not the only requirement, as product variability and
customization combined with the growing amount of Small and Medium-sized Enterprises (SMEs)
producing goods also play an important role in the current production scenario (Marvel, Messina et al.
2015, Dietz, Schneider et al. 2012, Nilsson, Johansson et al. 2005). Robotics and automation solutions
in manufacturing have evolved and emerged in order to face the mass production. Furthermore, robots
are considered flexible and universal machines, which can perform several tasks. Notwithstanding,
these solutions still need to be further developed in order to satisfy the changeability and adaptability
requirements that will allow for the wide adoption of Industrial Robots (IRs) for manufacturing by
SMEs (Hägele, Nilsson et al. 2008).

Under current market constraints, robots cannot be used cost-effectively for a wide range of production
tasks in SMEs as the production is driven by smaller lot sizes for several product variants, which
demands frequent changeover (Dietz, Schneider et al. 2012). A crucial factor for satisfying the
changeability and adaptability requirements of robotic systems for SMEs is an effective and efficient
production configuration. To further illustrate this need, Figure 1.1 depicts a comparison of the phases
of robot use between mass and SME production (Dietz, Schneider et al. 2012).

Robotic system in mass production

High gain through performance optimization

Robotic system in small and medium lot size production

Configuration efficiency decisive for the
production

t

t
Development

Production
Configuration

Figure 1.1: Comparison of phases of robot use in mass production and SME production scenarios (Dietz,
Schneider et al. 2012).
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An essential issue of robot configuration is its programming. The spectrum of practical manufacturing
applications can be increased if robots were easier to program (Hägele, Nilsson et al. 2008). The
reduction of the programming time and the improvement of the process quality achieved with industrial
robots will enhance the benefit of these systems, pushing forward its investment and adoption by SMEs.
The development of approaches and architectures facilitating end-users to program a robot with a
higher level of abstraction is an intrinsic requirement of the current production scenario (Pires 2009).
Therefore, with the motivations of improving the programming experience and the process quality in
Robotic Manufacturing Processes (RMPs), the problem is stated below.

1.2 Problem Statement

Robotic systems for manufacturing purposes have become more common in the industry due to
their versatility and low cost. However, in order for robots to be widely utilized by SMEs, current
re-configuration and high-quality production demands to address time-consuming, expert-dependent,
non-optimized, and complex programming processes.

Existing programming methods do not completely satisfy the current production demands. The
primary methods used in industry, known as the teach-in and the Offline Programming (OLP) methods,
are time-consuming and still present disadvantages for many industrial sectors. The teach-in approach
requires stopping the robot during the programming, which affects the productivity of these systems.
Moreover, if the geometries of the products are complex and the scenario requires dexterous robot
movements, the teach-in process demands significant programming time because a programmer must
configure many complex poses. Costly and rare experts that are capable of operating the robot
controller and optimally setting the manufacturing process are required when using this method.

The OLP method does not require to interrupt manufacturing. However, to program the path
in the simulation environment is also a time-consuming task, which requires qualified personnel. In
case of infeasible robot movements with respect to the process (such as collisions, unreachabilities, or
maximum joint limits), the end-user needs to operate the robot in the simulation manually in order
to generate feasible paths. Using this method, the process criteria are rarely optimized. Moreover,
optimized paths are only generated in stand alone implementations and not based on a general approach.
Despite this, the OLP approach clusters several knowledge representation of RMPs, which can allow
the implementation of general approaches and utilize its offline nature for using algorithms to generate
paths in a faster and optimized way, therefore improving process quality while avoiding infeasibilities as
demonstrated in this research. Other recent methods such as Programming by Demonstration (PbD),
sensor-based, and augmented/virtual reality are still not robust enough for gaining acceptance in
industrial scenarios.

Existing robot programming methods can be enhanced with the formal description of knowledge
and the use of algorithms, which allow the automation of the path generation processes. A common
denominator for the automatic generation of robot programs is the variety of infeasibilities that can
appear through the execution of a process. Also, the optimization of movements for improving manu-
facturing process quality is important for the current production scenario. Due to these requirements,
optimal sample-based algorithms are explored in this research for solving the proposed problem, while
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also taking into account that these types of algorithms allow for the probabilistic exploration and
optimization.

Several authors confirm these evaluations. Schraft and Meyer (2006, p.1) affirm that “SMEs currently
do not often use robots in their production; due to the complex handling, especially the time-consuming
programming”. Pan, Polden et al. (2012, p.87) assert that “although an automated flexible production
cell is an intriguing prospect for small to medium-sized enterprises in current global market conditions,
the complexity of programming remains one of the major hurdles preventing automation using
industrial robots for SMEs”. Polden (2014, p.iii) states also that “programming robotic systems to
carry out industrial manufacturing processes is often a difficult, time consuming, and costly exercise
task”. Denkena, Wörn et al. (2004) also point out that the cost of programming the robot and its
consequences, such as the teach-in, is a neglected aspect of robot deployment and emphasize the need
for improving effectiveness in programming robotic actions.

A critical challenge to robotic path generation is the lack of a generalized framework for generating
optimized paths for improving the process quality. A generalized approach would be appropriate
taking into account the variety of process in which robots could be used. Knowledge models are
not procedurally interpreted in order to allow the robotic path planning. Stand alone optimized
solutions have been proposed in literature without them being a part of a general approach. Main
optimizations have been focused on the transition paths of the process and not on the paths performing
the manufacturing process itself. Also, the quality of the manufacturing process is directly related to the
robotic paths, which emphasizes the importance of optimizing them. Bolmsjo (2014, p.4) also realizes
this challenge when expressing that “automatic programming is a challenge for generic applications in
industrial environment where it is important to achieve performance and quality with a high degree of
certainty”.

Based on the above, optimized, efficient, automatic, and intuitive robotic programming is still a
challenge in robotic manufacturing and one of the main reasons why robots are not widely implemented
in SMEs for manufacturing purposes. In order to effectively and efficiently respond to current product
variability requirements, face the lack of qualified personnel for programming robots, improve the
robotic manufacturing process quality, reduce the required programming times, and simplify the
programming complexity, SMEs must be provided easy and optimized path planning for robotic
manufacturing systems as a contribution to achieve profitable and rapid changeover.

The conception and implementation of an automatic optimized path generation for robotic sys-
tems, which satisfies the process constraints and optimizes process criteria, can improve the robot
programmability and process quality in manufacturing scenarios. This will lead to the implementation
of automatic and simple-to-use tools for generating optimized robotic paths, which address the better
configuration of manufacturing processes using industrial robots. Such contribution to the state of the
art will enhance the changeover, which is of relevant importance to the competitiveness of industries and
the SME sector. Based on the motivations and in the generalized needs of the robotic manufacturing
community, a summarized problem statement and the research question is given below:
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Summarized Problem Statement and Research Question

The generation of optimized paths for robotic manufacturing processes is currently time-
consuming, complex, expert-dependent, and its optimization is primarily manual, and case-
specific. Based on this deficiency, the following research question is proposed and will be
solved in this thesis:

How to automatically generate offline optimized paths in reaction to infeasibilities for Robotic
Manufacturing Processes (RMPs) under constraints and process optimization criteria?

1.3 Thesis Statement and Objectives

In order to solve the above-stated problem, the following thesis is proposed:
Robotic paths for manufacturing process can be optimized offline by implementing inputs based on:

• state-of-the-art models of products (geometric description), knowledge-based description of the
process, and robot models (e.g. kinematic models),

• criteria for optimization of robotic manufacturing process,

• and specification of the robotic manufacturing task.

And by automatically configuring optimal sample-based path generation algorithms based on the
procedural interpretation of the RMP; where the RMP is modeled into its Product, Process, and
Resource (PPR) components and implemented into a generalized architecture.

To defend this proposition, the following objectives are proposed:

• First objective

Conceptualize and develop a model-based description of robotic manufacturing processes while
taking into account the state of the art. This model-based description must offer a clear, structured,
coherent, and computer-readable understanding of manufacturing processes performed with
industrial robots and must be conceived and programmed in order to describe different processes.
Moreover, this model-based description must allow the use of information and characteristics of
the manufacturing process into robotic path generation algorithms.

• Second objective

Conceive and implement an approach and architecture in order to automatically configure path
generation algorithms and characterize the RMP process using the PPR model for allowing its
optimization. The automatic configuration must satisfy the constraints and allow the exploration
of the process Degrees of Freedom (DoFs) in relation to the manufacturing task. This automatic
configuration is intended as a novel way of representing and dealing with robotic manufacturing
process tasks. It must allow the offline computation of optimized paths for achieving processing
with industrial robots by allowing the definition of optimal criteria in the required spaces, such
as the Cartesian and joint space.

• Third objective

Implement, experiment, and evaluate the proposed model-based description, the approach, and
the architecture for generating optimized robotic paths in different manufacturing processes
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while optimizing process related criteria. Robot programs with optimized movements will be the
output of the developments performed under the second objective and will serve as input for the
evaluation on robot cells. The approach, architecture, and implementation will be experimentally
evaluated with the optimized collision avoidance in robotic welding, the optimized stiffness in
robotic milling, and the optimization in simulation of the sensing strategy for a sensor-guided
deburring process.

1.3.1 Focus of the Thesis and its Delimitation

The main focus of this dissertation is to approach the research question with the purpose of offering
solutions to SMEs regarding the use of industrial robots in manufacturing processes for improving
the required programming time and the final process quality. Consequently, the focus is to simplify
the programming and at the same time to optimize paths by exploring the intrinsic functional
redundancy of manufacturing processes, with the ultimate goal of improving the programmability and
the manufacturing quality. Moreover, attention is given to the modularity of the approach in order to
conceive a general architecture and improve the changeability of robot programming systems.

Due to the focus on SMEs, it is established that serial rotatory joint industrial articulated robots,
as defined by the International Organization for Standardization (2012), IFR Statistical Department
(2017), are the type of robots to be studied in this thesis. This category of robots is currently the most
used type of robots in industry; and according to the IFR Statistical Department (2017, p.108), the
share of total supply in 2016 was 61 %. Moreover, the focus is delimited to manufacturing processes
for products with one dimensional features, such as lines, circumferences, or curves. Such processes
represent an important share of the overall industry and therefore a high-level of priority and attention
is given to them. Furthermore, in order to address straight-forward implementation by SMEs and
to provide competitive advantage to commercial industrial robot controllers, processes with constant
linear velocity will be the primary focus of attention. These processes also represent an important
share of the current required processes in industry. Example of processes in which these features and
characteristics are to be observed are the robotic welding, milling, or deburring.

The focus of this contribution is also centered on the path generation for the actual process
execution, which has not been deeply studied in literature, in contrast to the sequence optimization
or the task planning of transitions and auxiliary motions/paths in free-space which have been more
widely researched. Due to the goal of offering solutions for SMEs, applied experimentation, and easy
applicability must be conducted with robot cells and manufacturing processes. In order to verify
the concept, the proposed approach, architecture, and implementation must allow computations in
reasonable time for demonstrating the relevance and usefulness in industrial applications. However, it
is worth mentioning that the focus of the thesis is not on improving the computational time of the
implemented solution.

The approach and architecture must demonstrate that the automatic generation of optimized paths
can be conducted for different processes by interchanging models. However, the focus of this thesis
is not the further modeling of RMPs; instead, the focus is on using models that already exist in the
literature setting them into the proposed PPR model.
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1.4 Structure of this Thesis

This thesis is organized as follows:

• Chapter 2: Fundamentals and State of the Art

The basic foundations of this thesis are given in this chapter. Four main knowledge areas
on robotic manufacturing are reviewed: (1) The robotic path generation, (2) the knowledge
representation for RMPs, (3) the offline programming software, and (4) the path generation in
the use-cases evaluated in this contribution. This chapter concludes with a proposition based on
the analysis of the state of the art (refer to Section 2.7).

• Chapter 3: The Automatic Optimized Offline Programming Approach for Robotic Manufacturing

This chapter starts with the introduction of the proposed model-based description of the RMP in
Section 3.1. Section 3.2 describes the robotic manufacturing process configuration space, which
is a required concept for the definition of the approach. Section 3.3 formally defines the problem
solved by the approach (refer to Section 3.4 with an extension described in Section 3.5) and the
implemented architecture (refer to Section 3.6). The development of this chapter addresses the
fulfillment of the first and second objective (refer to Section 1.3).

• Chapters 4, 5, and 6: Implementation of the Use-Cases, Experimental Investigation, and Results

These chapters explain the implementation of the optimized path generation approach in the
investigated research use-cases. The evaluation and analysis of each implementation are described
in detail for each use-case. The use-cases implemented and evaluated are (1) the optimized
collision avoidance in robotic welding (refer to Chapter 4), (2) the optimized stiffness for robotic
milling (refer to Chapter 5), and (3) the optimized sensing strategy for sensor-guided robotic
deburring (refer to Chapter 6). Moreover, the automatic close-to-optimal workpiece positioning is
also implemented for the welding and milling use-cases. These chapters approach the development
of the third objective (refer to Section 1.3). For all use-cases, a similar structure as in Chapter 3
is addressed in order to illustrate the generalized proposed approach of this research.

• Chapter 7: Conclusions and Outlook

The conclusions and outlook of this work, outlining the potentials of the approach, are provided
in this chapter.
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2 Fundamentals and State of the Art

The following chapter presents the main methods and algorithms (refer to Section 2.1) used for the
robotic path generation for manufacturing processes. A qualitative comparison of the methods and
algorithms is performed in order to prioritize them with respect to the stated problem. The next section
is dedicated to the knowledge representation in robotic manufacturing considered a key component of
the automatic programming of robotic paths (refer to Section 2.2) followed by a review of some OLP
software for industrial robots (refer to Section 2.3). The next three sections of this chapter (2.4, 2.5,
and 2.6) give the state of the art of the implemented use-cases. To conclude, Section 2.7 presents a
proposition based on the analysis of the overall state of the art and describes and defines the problematic
in the robotic manufacturing processes studied.

2.1 Path Generation for Robotic Manufacturing Processes

According to its definition, a robot is an “actuated mechanism programmable in two or more axes
with a degree of autonomy, moving within its environment, to perform intended tasks” (International
Organization for Standardization 2012, p.2). Taking this into account, the path, trajectory, and motion
generation problem are key issues in robotics and therefore these topics have been intensively studied
and researched by the community.

The path is defined by the International Organization for Standardization (2012, p.14) as an “ordered
set of poses” and the trajectory is a “path in time”. Current robot controllers available in the market
provide well-developed and researched trajectory control and motion planning modules (both as defined
by the International Organization for Standardization (2012)) to control the movement from point to
point of a manipulator.

In the literature, the term planning is used for the calculation of paths as well as for the computation
of sequences of paths or motions in order to achieve a certain task. In this dissertation, the term
planning or generation is used as defined by the International Organization for Standardization (2012)
for the computation of the actual path, which is the topic of study. If specific reference to the process
sequencing is required the term "task planning" will be used, which is defined by the International
Organization for Standardization (2012, p.30) as the “process of solving the task to be carried out
by generating a task procedure which includes subtasks and motions”. An example of compilation
of algorithms and developments related to the sequencing and scheduling in robot cells is provided
by Dawande, Geismar et al. (2007). Note that focus of this work is the "path planning" and not the
"task planning".

Important developments and technological achievements have been performed in the area of trajectory
generation of point-to-point and multi-point trajectories (point-to-point trajectories with interpola-
tion and approximation). These achievements are nowadays state-of-the-art technologies which are
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commercially available for controlling actuation systems such as servo-drives in order to command a
manipulator in space and time (Biagiotti and Melchiorri 2008). These technologies, accessible with
each commercial robot controller, are relevant for the presented work because they are used to run the
generated robot paths. However, note that the developments of this thesis are related to the "path
planning" and not the "trajectory generation".

The path generation/planning problem has been intensively researched as well. Several methods
and algorithms have been proposed and implemented for solving this complex task. This section
presents the state of the art with respect to this topic by outlining the different variants of methods
and algorithms available for solving the problem in robotic manufacturing applications.

2.1.1 Robot Programming Methods

The following subsection presents different programming methods available for robotic manufacturing
processes. They are classified into: manual programming, offline programming, programming by
demonstration, sensor-based programming, and programming using augmented/virtual reality. Methods
combining the previous classifications are also possible programming variants. Figure 2.1 depicts these
methods. The description of each method is offered below.

(a) Manual programming. (b) Offline programming. (c) Programming by
demonstration.
Photo (Meyer 2011).

(d) Sensor-based programming.
Photo (Fraunhofer IPA,
Rainer Bez).

(e) Programming using virtual
reality. Photo (Schmirgel,
Zimmermann et al. 2007).

Figure 2.1: Robot programming methods.

• Robot Manual Programming

Manual programming are the methods that require the end-user to create a program directly
on the robot. As defined by Biggs and Macdonald (2003), this kind of programming can be
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segmented into text-based and graphical. Text-based programming uses controller specific, generic
procedural, or behavior-based languages for generating manually code. Graphical programming
offers visualization environments for generating these programs with a direct relationship to the
generated code instructions (Biggs and Macdonald 2003).

Today in industry, the most common practice of manual programming is the teach-in approach,
lead-through, or teach programming (as officially defined by the International Organization for
Standardization (2012)). Here the end-user holds a control device which allows the movement of
the robot Tool Center Point (TCP), flange, or joints in different coordinate systems for saving
robot poses textually or graphically for generating a robot program addressed to perform the
task. Figure 2.1a depicts this programming method.

• Robot Offline Programming (OLP)

The OLP is defined as the “programming method where the task program is defined on devices
separated from the robot for later entry into the robot” (International Organization for Standard-
ization 2012, p.18). This method of programming uses a three dimensional (3D) simulation of the
robot cell components. Geometrical features are used in order to teach poses to the robot. The
simulation of the robot movements allows the end-user to identify drawbacks, such as collision,
and to modify generated paths.

The main advantage of this method is that the operation of the real robotic system does not
have to be interrupted during the initial programming phase. The main drawback of this method
is that generated paths are not very accurate due to the differences between the geometries
and locations of the elements in the simulated and the real scene (Kuss, Ksensow et al. 2017).
A further deficiency is that OLP bases its programming just in geometric approaches, which
is the reason why infeasibilities have to be treated manually. Geometrical approaches in OLP
are methods, heuristics, or algorithms based just on the geometries of the simulated objects to
generate paths. A detailed investigation of some of the current available OLP software for robotic
manufacturing is provided in Section 2.3. Figure 2.1b illustrates this programming method.

• Robot Programming by Demonstration (PbD)

The robot PbD or lead-through is the method to teach a path or motion to a robot by demonstrat-
ing the task instead as using machine commands for creating the program. As with the offline
programming method, one of the main goals of this approach is to avoid direct code programming.
A detailed description and the history of robot PbD has been offered by Billard, Calinon et al.
(2008). As a brief summary of this description, initial implementations used symbolic reasoning
for teaching primitive actions into point-to-point movements. Then, state actions were encoded
into graph-based representations for allowing symbolic reasoning to modify the nodes of the
graph. Later on, several machine learning techniques were introduced for recognizing elemen-
tary operators and the generalization of a task. In these ways, several applications have been
developed using different interfaces such as vision, data gloves, laser range finder, or kinesthetic
teaching (Billard, Calinon et al. 2008).

In industrial environments, several applications of PbD have been reported. For example, the
Fraunhofer Institute for Manufacturing Engineering and Automation (IPA) developed procedures
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and methods which constitute the basis for handling and manufacturing processes demonstrating it
in a welding application (Helms 2007). Meyer (2011), reports an increase of 45 % time improvement
among four users while programming a robotic Metal Active Gas (MAG) welding task comparing
a developed PbD approach and the manual programming with the robot panel. Embedding of
learning approaches into PbD robotic systems have been also reported in industrial environments
for improving programmability. An example is presented by Hollmann, Rost et al. (2010) which
uses hidden Markov models for adapting user and process features. Further institutes have also
implemented PbD methods for robotic programming. For instance, Pires, Veiga et al. (2009)
presented a coworker scenario for SMEs and referred some related applications. A survey of robot
learning from demonstration has been presented for robotic assembly operations (Zhu and Hu
2018). Figure 2.1c describes this programming method.

• Sensor-based Robot Programming

The following classification notates the applications in which additional sensors to the robot are
used for supporting the programming of the manufacturing tasks. Common examples of these
applications in industry are the joint edge detection and joint seam tracking which have been
mainly implemented using contact and two dimensional (2D) laser scanners. For instance, Kah,
Shrestha et al. (2015) present a survey of different sensor and systems available for the welding
application. Applications using 3D sensors by matching the taken point cloud with the Computer-
Aided Design (CAD) models of the product have been also lately presented in the literature (Kuss,
Dietz et al. 2017).

The programming of the manufacturing task using this method is commonly supported by
CAD formats of the product or by geometric specifications. The end-users initially locate the
robot close to the feature intended to be manufactured for then configuring some parameters
of the sensor-based approach. Final programs are generated by obtaining information from the
sensors or by compensating errors during execution. This method emerged mainly in reaction
to the inaccuracies presented in manual and OLP methods due to product tolerances, robot
dependent errors, and the geometric mismatching between the modeled and the real robot cells.
The sensor-based programming can generate the programs before the execution of the robotic
manufacturing task or compensate deviations during the process itself in the Cartesian space.
Figure 2.1d depicts this programming method.

• Programming using Augmented/Virtual Reality

Augmented and virtual reality techniques have evolved during the last years allowing developers
and researchers to implement applications in several fields including the programming of robots
and manufacturing tasks. Both techniques use computer generated information for facilitating
the programming process. Augmented reality “overlays computer generated graphics, text, and
three dimensional (3D) models over real video stream. Virtual information is embedded into
the real world, thereby augmenting the real scene with additional information” (Ameri, Akan
et al. 2010, p.56). Virtual reality “provides an indirect experience by creating a virtual space
that interacts with the human sensory systems and overcomes spatial and physical constraints of
the real world” (Choi, Jung et al. 2015, p.40).
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The field of augmented/virtual programming in robotics is relatively new in comparison with
approaches such as the manual and the OLP. Choi, Jung et al. (2015) review virtual reality
applications in manufacturing industries in which some Industrial Robot (IR) solutions are
observed. Some examples are offered by Ameri, Akan et al. (2010) who discuss some virtual reality
applications in industrial environments using robots and present an application. Also, Schmirgel,
Zimmermann et al. (2007) present an augmented and a virtual reality demonstrator using a Light
Weight Robot (LWR). Figure 2.1e illustrates this programming method.

This subsection presented the main methods used for the robotic path generation for manufacturing
processes. These methods are qualitative compared in the next subsection (2.1.2) with respect to how
good these can solve the stated problem (refer to Section 1.2).

2.1.2 Comparison among Programming Methods

Different methods are available for programming robotic manufacturing tasks and have been categorized
and reviewed in Subsection 2.1.1. According to the observation of applications in industry, it can
be mentioned that the manual approach is the most used one in the SME sector. This assumption
is also shared by other authors such as Pan, Polden et al. (2012, p.88) who state that the “online
programming is still the only programming choice for most SMEs”. From the literature review, it is
observed that even though the scientific community has achieved important steps in the conception of
new methods; these are not widely used in industrial manufacturing environments and that just single
use-cases are referred in literature. Alatartsev, Guedemann et al. (2012, p.365) also share this view
when stating that “After analyzing different programming methods for industrial robots for the last
20 years, we have come to a conclusion that modern approaches in computer programming are not
actually applied in industrial programming”.

As part of the methodology, a qualitative comparison between methods is offered in this subsection
in order to illustrate which of the methods is more suitable for solving the stated problem: How to
automatically generate offline optimized paths in reaction to infeasibilities for RMPs under constraints
and process optimization criteria? The comparison is done based on the state of the art and on
observations from industrial implementations through expert judgment by the author. Five different
technical criteria are defined for the comparison. These criteria have been defined taking into account
their relevance with respect to the stated problem. The definition of the criteria and evaluation for
each method are explained below. A scale for the evaluation is proposed as follows: well-fulfilled,
partially-fulfilled, and poorly-fulfilled. Table 2.1 summarizes the assessment.

• Computation of Optimality

The computation of optimality is defined as the ability- i.e. facility, efficiency, and effectiveness-
to compute optimized paths. Considering the nature of the question addressed in this work, this
is defined as a relevant criterion. The evaluation is based on the possibility for optimizing a given
criterion.

For the manual programming method, the optimization depends purely on the programmer.
As stated by Pan, Polden et al. (2012, p.87) “the quality of the program is limited by the
skills of the operator and once the program is generated, it is very difficult to make further
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amendments”. Similarly, in the PbD method the final quality of the program relies on the
programmers demonstration expertise. Sensor-based approaches also rely the quality on the
programmers’ specification of the relation between sensor, product feature, and robot reaction.
For that reason, the qualification of poorly-fulfilled is given to these methods.

For methods in which an extrinsic programming approach is used (performed on devices separated
from the robot), the option of computing optimality is of easier application. Examples of this
are almost all the references presented in the Subsections 2.4.4 and 2.5.3 in which state-of-
the-art optimizations for the robotic welding and milling are presented and which are based
on OLP systems. The intrinsic characteristic of having a simulated environment allows the
implementation of algorithms for testing different configurations and for applying optimal criteria.
Due to this, the well-fulfilled qualification is then given to the OLP approach. Although, literature
of optimization using augmented or virtual reality methods was not found during the state-
of-the-art review, this method is also based on an extrinsic programming which could allow
iterative offline computations. Nevertheless, the optimization using augmented or virtual reality
would require higher computational performance due to its complexity in comparison to the OLP.
Therefore, the partially-fulfilled qualification is granted to this method.

• Automatic Programming

The criterion of how well each method allows automation is also evaluated. A complete automatic
system is defined as a system which does not require human intervention. Due to its nature, the
manual, and the PbD methods are qualified as poorly-fulfilled because they always require the
intervention of the operator.

Methods such as OLP, sensor-based, and augmented/virtual reality require some human configu-
ration such as robot kinematics and objects in the scene, sensor-process parametrization, and
task definitions. Furthermore, the CAD and sensor models should be provided for their operation.
However, current research is pointing out the automation, simplification, and improvement of the
intuitiveness of these methods (Leali, Pini et al. 2013). In comparison with the manual and the
PbD method, these methods could be automated to a higher degree. Due to these reasons, a
partially-fulfilled scale is given to these methods.

• Accuracy

The accuracy criterion is defined as the robot quality of being precise positioned with respect to
the manufacturing process. This is a relevant issue when programming robots for manufacturing
which influences the process quality.

The sensor-based approach reachs relevant accuracy due to the compensation based on the sensor
feedback. Sensors used in this method are industrial oriented and therefore considered accurate.
Several examples of industrial implementations for the welding process as example are reported
by Kah, Shrestha et al. (2015). For this method, a well-fulfilled rank is adopted.

The manual approach offers relative accuracy depending on the programmer. An expert pro-
grammer can manipulate the robot to the desired position and orientation for compensating
workpiece inaccuracies and robot-dependent errors. However, this compensation is limited to
human accuracy. Due to this, the partially-fulfilled rank is given to the manual approach.
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The PbD could also be considered accurate due to the use of sensor feedback. However up
to date, no specification of the reachable accuracies is provided. These accuracies depend on
the measurement systems and the learning effectiveness of the demonstrated paths. Moreover,
the accuracy in implementations such as the walk-through approach or the use of cameras for
recording human movements depends on the demonstration itself. Therefore, a partially-fulfilled
score is also provided.

Methods which poorly-fulfill the accuracy criteria are the OLP and the augmented/virtual reality.
Mismatching between the modeled and the real robot cells is the reason. In manufacturing
environments, tolerances are narrow and also the exact positioning of the robot, product, and
additional objects are crucial for achieving pose accuracy and process quality. Due to the
operation in a virtual environment, this information does not match the reality causing that
these methods are qualified with poorly-fulfilled.

• Proven-in-use

The proven-in-use criterion is related to the evidenced sufficient operation of the approach.
This criterion is of importance because final implementation in real robots cells is intended as
an objective of this study. Manual programming and OLP are widely used approaches in the
industry and can be defined as simple and robust technologies (less involved complex systems
and processes) in comparison to the other approaches. Consequently, the rank of well-fulfilled is
given to these methods.

The sensor-based methods are also available in the industry and have been adopted if accuracy
is demanded. Similarly, the augmented/virtual reality has been rapidly developed over the last
years giving this technology a relevant level of maturity. For these two methods, the qualification
of partially-fulfilled is provided mainly because these processes use additional hardware such
as sensors and 3D glasses which compromise the robustness in some range. Moreover, these
methods were introduced and developed after the manual programming and OLP supporting also
the evaluation. Finally, the PbD is not well-established because this method is relative new and
non-proven robust in manufacturing scenarios which justifies the qualification of poorly-fulfilled.

• Safety during programming

In current industrial environments, the safety is a crucial topic when implementing automatic
systems. Thus, it is also an established criterion on the technical aspects to be evaluated during
the programming in this subsection. Casualties using industrial robots must be prevented and
in consequence several technologies such as safety fences and safety modules are available when
programming robots in order to overcome risks.

The OLP and augmented/virtual reality methods relay on extrinsic programming, thereupon the
interaction with the robot-machine is just required in case of needing over "teach-in" the path for
compensating inaccuracies. The same "teach-in" approach is required for manual programming
and it is nowadays strongly regulated. Just specific teaching modes, constraining the velocity, are
allowed for programming the robot in this way. Therefore, a partially-fulfilled range is assigned
to the previous methods. Other methods use intrinsic sensors and feedback to interpret the
intentions of the end-user, recognize the objects in the scene, or sense the characteristics of the
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process in order to generate programs. Therefore, they are more complex to keep safe. Regardless
of the advances of these technologies, these methods are qualified with a poorly-fulfilled scale.

The proposed scale for the evaluation is represented as follows:

� meaning well-fulfilled,
�� meaning partially-fulfilled, and
� meaning poorly-fulfilled.

For each scale, the numerical evaluation 5, 3, 1 is assigned respectively in order to assess the methods.
Table 2.1 summarizes the comparison among these methods, presents the average of the technical
criteria, and depicts the evaluation showing that the most suitable method to use and further develop in
order to solve the proposed problem is the Offline Programming (OLP). Mainly, the facility to compute
optimality in comparison to other methods makes the OLP preferable. It is worth mentioning that,
the previous statement does not imply that this method is better than the others in general. Instead,
the analysis focuses on how good the methods can solve the proposed problem (refer to Section 1.2).

Table 2.1: Comparison of programming methods in robotic manufacturing.
Scale: �= well-fulfilled = 5; ��= partially-fulfilled = 3; �= poorly-fulfilled = 1

Programming methods

Criteria Manual
Programing OLP PbD Sensor-

based
Augmented
Reality

T
ec

hn
ic

al

Optimality
Computation

� � � � ��
Automatic
Programming

� �� � �� ��
Accuracy �� � �� � �
Proven-in-use � � � �� ��
Safety �� �� � � ��

Average All Criteria 2.6 3.4 1.4 2.6 2.6

2.1.3 Robot Path Generation Algorithms

The following subsection presents the different algorithms available for generating paths in robotic
manufacturing processes. They are generally classified in this contribution as: grid-based, computational
mathematical, bio-inspired, and sample-based algorithms. A similar general classification was described
by Yang, Qi et al. (2016). Approaches combining the previous classifications are also possible
programming variants. A description of each algorithm is offered below:
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2.1.3.1 Grid-based Search

These kinds of algorithms are based on the use of a grid for computing a path. Some authors refer
these algorithms such as roadmap methods (Latombe 1991). The grid is a set of discrete nodes through
which the algorithm leads the robot to a goal node moving itself to an adjacent node. The most
recognized algorithms are the Dijkstra algorithm, the A-star algorithm (A*), the visibility graph, the
planning over a cell decomposition, and the planning over a Voronoi diagram (Latombe 1991).

The Dijkstra algorithm finds the optimal path in a grid by evaluating in each node the best connection
to all adjacent nodes successively up to the point of reaching the goal node. The A* is an evolution of
the previously described algorithm. The novelty in comparison with its predecessor is that it includes
a heuristic estimate of the cost to get to the goal node. Therefore, it considers first the options that
lead in the fastest way to the solution. This gives the reason, why it is also considered an informed
search algorithm. The visibility graph “mainly applies to two-dimensional configuration spaces with a
polygonal C-obstacle region. The visibility graph is the non-directed graph whose nodes are the initial
and goal configurations and all the C-obstacle vertices” (Latombe 1991, p.12). The cell decomposition
“consists of decomposing the robot’s free space into simple regions, called cells, such that a path between
any two configurations in a cell can be easily generated” (Latombe 1991, p.14).

In the literature for industrial robotics and robotic manufacturing processes, several applications are
reported using these algorithms. Verbarg (1998) presents an approach using the A* algorithm with
clearance computation and a denominated sparsity heuristic for computing not necessarily optimal
collision-free paths conceived for robotic welding. Halperin, Latombe et al. (2000) present a framework
for finding motions in order to assemble products by defining a motion space by constructing different
graphs related to the constraints of the assembly process. Hein (2003) formulates an automated
collision-free algorithm for industrial robots based on the A* search in the space spanned by the
robot joints with hierarchical distance computation based on the given CAD model improving results
optimizing the computed paths by the A* algorithm.

Besides, Thomas, Barrenscheen et al. (2003) present an assembly sequence planning by projecting
the C-space of obstacles using the stereographic projection for building a graph used for the planning
phase. Denkena, Wörn et al. (2004) describe the advantage of using planning algorithms in industrial
scenarios, such as the hierarchical A*, which divides the grid in a hierarchical way. Further references
such as (Verbarg 1997, 1998, Ting, Lei et al. 2002, Erdös, Kemény et al. 2013, Polden 2014, Larsen,
Pham et al. 2015, Larkin, Short et al. 2016, Spensieri, Carlson et al. 2016a) relate the use of this
categorization of algorithms for the robotic welding process and collision avoidance. Review of these
publications are given in Section 2.4.

2.1.3.2 Mathematical Computation Algorithms

Mathematical computation algorithms as defined by Yang, Qi et al. (2016, p.4) “include linear algorithms
and optimal control. These methods model the environment (kinematic constraints) as well as the
system and then bound the cost function with all the kinematic and dynamic constraints bounds
which are inequalities or equations to achieve an optimal solution”. This sort of algorithms approaches
to model the robot, task, and environment in a mathematical way; for instance using differential
equations.
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On the robotic manufacturing side, some implementations are to be observed in the literature. On
Subsection 2.4.1, some works for the robotic welding using these algorithms are presented (Huo and
Baron 2005, Bayan, Pereira et al. 2005, Gerdts, Henrion et al. 2012, Björkenstam, Spensieri et al.
2014, Landry, Gerdts et al. 2014). Also, Subsection 2.5.3 refers some publications using mathematical
computation algorithms for the robotic milling as example (Makhanov, Batanov et al. 2002, Owen,
Croft et al. 2008, Xiao and Huan 2012, Subrin, Sabourin et al. 2013, Mousavi, Gagnol et al. 2017).

2.1.3.3 Bio-inspired Algorithms

As defined by Yang, Qi et al. (2016, p.5) bio-inspired algorithms “originate from mimicking biological
behavior to solve problems. This kind of planning methods leaves out the process of constructing
complex environment models to search a near optimal path based on stochastic approaches”. Two
main subcategories are also defined by the same author: the evolutionary algorithms and the neural
networks.

Some of the most used bio-inspired algorithms in planning are the genetic algorithms, neural networks,
reinforcement learning, and the ant colony optimization. Due to the latest developments of these
algorithms and the power of computation of computers more implementations on industrial scenarios
are to be observed in the literature. Examples of applications for the robotic welding are provided in
Section 2.4 with the following publications (Mitsi, Bouzakis et al. 2008, Liao, Wang et al. 2010, Wang,
Shi et al. 2015, 2016, Doan, Tao et al. 2016).

2.1.3.4 Sample-Based Algorithms

A detailed description of these algorithms and their fundamentals is offered because these algorithms
are identified as the best suited (refer to Subsection 2.1.5) to answer the proposed research question
(refer to Section 1.2).

Sample-based algorithms started to be developed when complex path problems were approached.
Basic foundations remote to the introduction of the Configuration Space (C-space) by Lozano-Perez
(1983). The C-space is defined as follows,

Definition of Configuration Space (C-space)

As defined by Lynch and Park (2017, p.12) “The C-space is the n-dimensional space
containing all possible configurations of the robot. The configuration of a robot is represented
by a point in its C-space”.

As defined by Latombe (1991, p.xi) “the geometry of the task can be mapped in this configuration
space. Physical concepts, such as force and friction, can also be represented in this space as additional
geometrical constructs”. In contrast with the grid-based search, these sort of algorithms do not require
a previous mapping of the grid. These algorithms explore the C-space by sampling states which
are the specification of one transformation applied to the rigid body or robot in this C-space. The
state (denoted as s) is also referred in all the related literature as sample or configuration. The same
denotations will be used in this thesis.

16



2.1 Path Generation for Robotic Manufacturing Processes

Several algorithms have been proposed under this category. These algorithms are classified in the
literature as single-query and multiple-query. Single-query algorithms compute solutions, in case of
existing, for just a pair of start and goal states. In contrast, multiple-query algorithms are able to
find solutions for multiple pairs of start and goal states at the cost of representative computation
for building the data structure. Some of the most representatives single-query algorithms are: The
Rapidly-exploring Random Tree (RRT), Transition-based RRT (T-RRT), the RRT Connect (Kuffner
and Lavalle 2000), the Lower Bound Tree RRT (LBTRRT), the Sparse Stable RRT, the Parallel RRT
(pRRT), the Lazy RRT (LazyRRT), the Expansive Space Trees (EST), the Kinematic Planning by
Interior-Exterior Cell Exploration (KPIECE), the Search Tree with Resolution Independent Density
Estimation (STRIDE), the Path-Directed Subdivision Trees (PDST), the Fast Marching Tree algorithm
(FMT*) and the Bidirectional Fast Marching Tree algorithm (BFMT*), among others. Some of the
most representatives multiple-query algorithms are: Probabilistic Roadmap (PRM), its variant the
Lazy PRM, the Spars, and its second version. A summary of several derivations of the PRM and the
RRT is provided by Short, Pan et al. (2016).

Other algorithms which are categorized under sample-based are the potential fields. The potential
fields do not require grids. As defined by (Latombe 1991, p.295) “the potential function is typically (but
not necessarily) defined over free-space as the sum of an attractive potential pulling the robot toward the
goal configuration and a repulsive potential pushing the robot away from the obstacles”. As examples,
implementations of this algorithm for avoiding collision are referenced in Subsection 2.4.3 (Juang 1998,
Csiszar, Drust et al. 2012).

As stated by several authors, the sample-based algorithms have emerged as an efficient and extended
solution to the complex motion problems of robots (Elbanhawi and Simic 2014, Lavalle 2011, Choset,
Lynch et al. 2005) in several applications (Tsianos, Şucan et al. 2007). Moreover, nowadays open-source
software is available for implementing and evaluating further applications and the optimality of this
technique has been further researched and in some of the cases proved. Having introduced the sample-
based algorithms, the definition of path generation problem will be given. Authors such as Latombe
(1991), Lavalle (2011) have similarly defined the path and the path generation problem as follows:

Formal Definition of Path:

The path is defined as the continuous function σ : [0, 100] → Rn, where n is the dimension
of the path generation problem. The 100 constant represents the percentage of the path.
The path is defined as feasible if σ(τ) ∈ Sfree, for all τ in [0, 100]. Here the feasible region is
denoted as Sfree and the infeasible region as Sunfree. Figure 2.2 depicts the path.

Formal Definition of the Path Generation Problem:

In a C-space or space (e.g. the 2D or 3D Euclidean space, respectively R2 and R3, or the
Cartesian space SE3 , as defined in (Lavalle 2006, p. 148)), with an infeasible region Sunfree,
given an initial placement of the robot or start state (ss), compute how to gradually move the
robot into a desired goal state (sg) so that it never touches the infeasible region. Figure 2.2
depicts the path generation problem.
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Figure 2.2: Configuration space with feasible and infeasible regions, start and goal states,
and a path. Similar depicted as by (Lavalle 2006, p.157).

With respect to the planning using sample-based algorithms, an important topic is the constraining
of movements. Some works are to be found in literature: Yao and Gupta (2005) present an approach for
alternating between the task and configuration space in order to satisfy end-effector positions. Stilman
(2007, 2010) constrains the planning in joint space representing constraints in the task space for later
using sample-based algorithms in order to plan. Berenson, Srinivasa et al. (2011) outline similarly a
framework for representing constraints which are later taken into account for the planning using sample-
based algorithms. The previously presented approaches are focused on constraining non-manufacturing
tasks and have been tested mainly for object manipulation or grasping which are applications in which
sample-based applications are more widely used as noticed in the literature review.

On industrial implementations, some stand-alone applications using sample-based algorithms are
reported in literature. For instance, on the robotic welding scenario, the works from Larkin, Short
et al. (2016) and Polden (2014) use PRM and Lazy PRM respectively for planning the transition
motions in free-space. Bohlin and Kavraki (2000) presented a performance test for a 6 DoF robot using
RobotMaster for picking plane sheets of metal which should be positioned in a hydraulic press for being
bent demonstrating that the Lazy PRM algorithm just required exploration of 0.1 % of the roadmap
in comparison with its predecessor the PRM algorithm. Other applications are for instance the one
presented by Maeda, Ushioda et al. (2008) who improved industrial robot programming of a pick and
place task by manually demonstrating the volume sweeping and the planning using a single-query
bi-directional probabilistic roadmap planner. After having introduced the sample-based algorithms,
their optimal versions are described below.

Optimal Sample-based Algorithms

Optimization has been researched in many sciences and this is also the case in robotics. Important
advances have been reached in the area of robot control which aims to map movements from the
task space to the joint space in order to generate control functions, such as the signals required by
the servomotors of an industrial robot for optimizing specific criteria. On the other hand “for global
aspects of motion, it seems that optimality criteria is more problematic” (Toussaint, Ritter et al. 2015,
p.381) and therefore optimized motion methods have been approached for overcoming the complexity
of the problem.

A clear distinction between optimal and optimized motion has been explained by Laumond, Mansard
et al. (2014). Optimal planning refers to finding the unique optimal solution, while optimized planning
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refers to iteratively finding better solutions approaching to the unique optimum. As mentioned
by Laumond, Mansard et al. (2014, p.82) “most of the time, robot algorithms aiming at computing an
optimal motion provide in fact an optimized motion which is not optimal at all, but is the output of a
given optimization method”.

The optimized approach has also been applied with the sample-based approach. After the appearance
of the first algorithms and their successful implementation in some applications, the formal analysis
of the solution quality returned by such algorithms was properly analyzed by Karaman and Frazzoli
(2011) who also evolved the most relevant algorithms existing by the time, the PRM and RRT, and
defined the path planning problem for finding a path with minimum cost as follows:

Formal Definition of the Optimized Path Generation Problem:

Given a path generation problem (as defined above) and a cost function C(·) � 0, find
a feasible path σ∗, such that C(σ∗) = min{C(σ) : σ ∈ Sfree}. If such path does not exist,
report failure (Karaman and Frazzoli 2011).

After having introduced formally the optimized path generation problem, some relevant concepts
which are later used in the description of optimal algorithms are introduced. Sample-based motion
algorithms are not complete due to their probabilistic nature. “Even though these algorithms are not
complete, they provide probabilistic completeness guarantees in the sense that the probability that the
planner fails to return a solution, if one exists, decays to zero as the number of samples approaches
infinity” (Karaman and Frazzoli 2011, p.846). “Moreover, the rate of decay of the probability of failure
is exponential, under the assumption that the environment has good visibility properties” (Karaman
and Frazzoli 2011, p.847). The characteristic of probabilistic completeness is of importance in the
implementation and in practical scenarios because software should define if there are feasible paths.

Another important concept is the one of asymptotic optimality. This concept states that the longer
a path generation algorithm runs, which means as longer the algorithm explores the C-space and its
different configurations, the better the retrieved path with respect to a given cost C(σ) is. The notion
of asymptotic optimality provided by some algorithms assures the convergence to an optimum which is
one of the main characteristics explored in order to compute optimality. Marble and Kostas (2017,
p.5) define asymptotic optimality in path planning as follows: “an algorithm is asymptotically optimal
if, for any path planning problem and cost function C(σ) that admit a robust optimal solution with
finite cost c∗, the probability that it will find a solution of cost c∗(σ) converges to 1 as the number of
iterations approach infinity”.

Another concept attained in this field is the one of asymptotic near-optimality and it has been
defined from the area of graph planning and graph spanners by relaxing the optimum definition. As
defined by Marble and Kostas (2017, p.7), “an algorithm is asymptotically near-optimal if, for any
path planning problem and cost function that admit a robust optimal solution with finite cost c∗,
the probability that it will find a solution of cost c∗ ≤ tc for some stretch factor t ≥ 1 converges
to 1 as the number of iterations approach infinity”. This relaxation has been introduced mainly in
order to reduce computational complexity. The previously introduced concepts are important for the
definition of some optimal sample-based planning algorithms. Some optimal sample-based algorithms
are introduced below:
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• The Rapidly-exploring Random Tree* (RRT*)

The RRT* algorithm is based on its predecessor RRT. The RRT algorithm was introduced
by Lavalle (1998) as a randomized data structure designed for a broad class of path planning
problems. In contrast with the PRM algorithm, the RRT is initialized with a graph that includes
the initial state for later expanding a tree of feasible trajectories. The optimized variant of this
algorithm or RRT* has been introduced by Karaman and Frazzoli (2011). This algorithm avoids
the formation of cycles by removing edges that are not part of the computed better cost path
over the tree.

• The informed RRT*

The informed RRT* is an evolution of the RRT*. This algorithm was introduced by Gammell,
Srinivasa et al. (2014) for improving the convergence rate and final solution quality by focusing
the search estimating a subset of states that can improve a solution for problems seeking to
optimize an specific cost. “This subset can be estimated by a prolate hyperspheroid (a special
type of hyperellipsoid) with the initial and goal states as focal points. The probability of adding
a new state from this subset through rejection sampling of a larger set becomes arbitrarily small
as the dimension of the problem increases, the size of the sampled set increases, or the solution
approaches the theoretical minimum.” (Gammell, Srinivasa et al. 2014, pp.3003)

• The Batch Informed Trees (BIT*)

The BIT* is an algorithm based on the unification of graph- and sample-based planning techniques
introduced by Gammell, Srinivasa et al. (2015). The algorithm uses the ordered nature of graph
methods and the anytime scalability of sampling-based methods. This algorithm has been shown
to be probabilistic complete and asymptotic optimal (Gammell, Srinivasa et al. 2015).

• The Transition-based Rapid-Random Tree (T-RRT)

The T-RRT algorithm combines the exploratory strength of the RRT with stochastic optimization
methods that use transition tests which accept or reject new potential states (Jaillet, Cortés
et al. 2008). This planner allows the path planning considering the cost function defined over
the configuration space following valleys and saddle points of the C-space costmap. The planner
computes low-cost solutions with respect to a quality criterion based on the notion of mechanical
work (Jaillet, Cortés et al. 2016). Bi-directional enhancement of this algorithm has also been
presented by Devaurs, Siméon et al. (2013).

• The Probabilistic Roadmap* (PRM*)

The PRM* algorithm is based on its predecessor the PRM and the simplified PRM. The PRM
planner consists of a planning method which is accomplished in two phases. The first one is the
learning phase, in which a probabilistic roadmap is constructed as a graph with feasible states
and edges computed with a local planner. The second one is denominated the query phase, which
connects the configured start and goal state with two nodes initially for finding later a feasible
path through concatenation (Kavraki, Svestka et al. 1996). The simplified modification initializes
the vertex set and performs the same work as the PRM method, with the difference that it allows

20



2.1 Path Generation for Robotic Manufacturing Processes

connections between vertices in the same connected component with a predefined connecting
distance.

The "star strategy" of the Probabilistic Roadmap (PRM) has been introduced by Karaman
and Frazzoli (2011) proving the asymptotic optimality of the algorithm and its probabilistic
completeness. This asymptotic optimality characteristic is gained due to the introduction of a
function which decreases the connecting distance with respect to the number of samples and the
dimension of the space.

• The Lazy PRM*

The Lazy PRM* algorithm is based on its predecessor PRM. The Lazy PRM in comparison to
the PRM minimizes the number of checks performed by the validity check function. This planner
assumes initially all nodes feasible and searches for the shortest path. In case of finding infeasible
nodes, these are removed from the path and the planner either searches for a new shortest path
or updates the roadmap with new nodes for continuing finding a new shortest path (Bohlin and
Kavraki 2000). Advantages of this planner is the less requirement of processing time because it
does not explore the overall roadmap.

• The Spars Roadmap Spanner

The Spars Roadmap Spanner algorithm has been proposed by Dobson, Krontiris et al. (2013).
This planning algorithm provides probabilistic completeness, near-optimality, and the probability
of adding nodes to the spanner which converges to zero as iterations increase. In contrast
with other planners, the near-optimality characteristic allows this algorithm to compute good
quality paths with finite-size roadmaps showing that the relaxation of the optimality allows faster
computation of close-to-optimal solutions (Dobson, Krontiris et al. 2013).

• The Spars Roadmap Spanners Version 2.0

The Spars V2 algorithm offers probabilistic completeness and asymptotic near-optimality as the
previously introduced Spars method. As described by its author, “the improved method provides
these properties by building two graphs in parallel: a dense asymptotically optimal roadmap
based on PRM* and its spanner” (Dobson and Bekris 2013, p.4106). Experimental evaluation
shows that this algorithm significantly reduced memory requirements upon construction versus
other methods.

• The Fast Marching Tree algorithm (FMT)*

The FMT* as stated by its author is an “algorithm which performs a lazy dynamic programming
recursion on a predetermined number of probabilistically drawn samples to grow a tree of paths,
which moves steadily outward in cost-to-arrive space” (Janson, Schmerling et al. 2015, p.883).
This algorithm has been proven to be asymptotically optimal and it has been demonstrated that
it converges to an optimal solution (Janson, Schmerling et al. 2015). Bi-directional search has
been also implemented using the FMT* and the proof of asymptotically optimality with this
planner modality has been demonstrated by (Starek, Gómez et al. 2015).
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This subsection (2.1.3) presented the main algorithms used for the robotic path generation for
manufacturing processes. These algorithms are qualitative compared in Subsection (2.1.5) with respect
to how good these can solve the stated problem (refer to Section 1.2). The following subsection present
some path planning libraries.

2.1.4 Path Generation Libraries

Advances in the area of robotic path generation facilitate today the access to different software
packages. These software packages permit further development and testing of new robot applications and
algorithms. Some of the existing libraries are: The "motion strategy library" (Lavalle 2003), the "robotics
library" (Rickert and Gaschler 2017), the "Open Motion Planning Library (OMPL)" (Şucan, Moll et al.
2012) (also available in the application "MoveIt" in the Robot Operative System (ROS) (Coleman,
Sucan et al. 2014)), "CuikSuite" (Porta, Ros et al. 2014), the "Open Robotics Automation Virtual
Environment (OpenRAVE)" (Diankov 2010), the "Motion Planning Kit" (Stanford Univ. 2006), the
"motion planning kernel" (Gipson, Gupta et al. 2001), the "search-based planning library" (Ferguson
2013), and the "Matlab robotic toolbox" (Corke 2011) which also provide some sample-based algorithms.
A trajectory description conception has been intended for unifying the semantics required for interfacing
some motion planning libraries (Alatartsev, Guedemann et al. 2012).

From these libraries, the OMPL is selected in this contribution because it is (1) among the current
and continued maintained libraries, (2) it provides several planning algorithms of different kinds
(multi-query, single-query, control-based, and optimal sample-based planners) and (3) it is a widely used
library in the community. A detailed description of this library is offered by the Kavraki Lab (Kavraki
2017). In general, a problem definition class is provided by OMPL for specifying the start and goal
states and for having a pointer to the generated path. Another class allows the specification of the
planning algorithm. Moreover, the space information class gathers the specification of the C-space
(StateSpace class), a validity check function, the motion validator, and a valid state sampler.

2.1.5 Comparison among Path Generation Algorithms

Several algorithms have been proposed for planning robotic manufacturing paths. Subsection 2.1.3
categorized and described them. With the aim to determine which kind of algorithms further explore
for solving the research question, a qualitative analysis for comparing and prioritizing these categories
is provided through expert judgment by the author.

The comparison evaluates the following technical criteria: Computation of optimality, modeling
complexity, computational requirements, and configuration requirements. Each of this criteria is
defined and evaluated below. These criteria have been defined taking into account their relevance with
respect to the stated problem. The same scale as in the previous comparison is proposed: well-fulfilled,
partially-fulfilled, and poorly-fulfilled. Table 2.2 summarizes the assessment.

• Computation of optimality

This criterion evaluates if the algorithms can compute optimal paths. If proper mathematical
models are provided and proper optimization methods are used, it is possible to calculate

22



2.1 Path Generation for Robotic Manufacturing Processes

and compute the optimum. Therefore, the only algorithm evaluated with well-fulfilled is the
mathematical computation.

Sample-based algorithms are on their basic versions, such a PRM and RRT, not capable of
computing optima. However, on their latest evolution, these algorithms offer the characteristic
of asymptotic optimality and near-optimality. Due to this characteristic, which assures an
approximation to the optimum, these algorithms are evaluated with partially-fulfilled. Contrary,
as stated by Yang, Qi et al. (2016, p.13) in the grid-based search “the nodes provide an incomplete
structure of the configuration space. Therefore, this kind of method can only achieve the best
result limited by the representation of environment”. This deficiency is shared in the literature
and therefore a grade of poorly-fulfilled is assigned to this kind of algorithm.

Refering to bio-inspired algorithms, for instance in the case of genetic search, Larsen, Kim et al.
(2017, p.246) mentioned that “really crucial for the success of the genetic algorithm is the fitness
function” which should be defined meaningfully for the comparison of the different chromosomes.
Meaning that the optimality depends on definitions of the problem itself which gives the reason
for the evaluation of this algorithm with poorly-fulfilled.

• Modeling Complexity

Due to the nature of the mathematical computation algorithms, exact models are required for its
functioning (e.g. differential equations). This kind of modeling is more complex, in some cases,
than the modeling in a discrete fashion representing difficulties for the implementation. This
can be illustrated with the collision avoidance in robotics (refer to Subsection 2.4.3). Due to the
complexity of collision objects in real scenarios, it is complex to establish mathematical models
for such structures. Implemented applications use instead discrete modeling for detecting the
collision between objects in OLP. Due to this reason, the modeling complexity criteria for the
mathematical computation is evaluated as poorly-fulfilled.

Instead, the sample-based and bio-inspired algorithms can function with discrete and/or continu-
ous modules. As example, a sample-based algorithm can use a collision detection function based
on discrete models of objects such as the Stereolithography (STL) formats and in synergy relay
in a mathematical model of the robot kinematics. Thus, the modeling complexity is evaluated for
these two algorithms as well-fulfilled. Grid-based algorithms are evaluated as partially-fulfilled
because they require a grid and therefore a more detailed and complex model of the C-space.

• Computational Requirements

The criterion of computational requirements is evaluated due to its importance on the implemen-
tation phase and on the final effectiveness and efficiency of a planning system. Computational
requirements for continuous mathematics, and mainly if it is related with optimization, are
considered high. Nowadays, some state-of-the-art programming languages offer options to specify
equations symbolically. These definitions and computations demand more resources. In relation
to the preceding, the score of poorly-fulfilled is assigned to the mathematical computation.

Similarly, a deficiency of grid-based methods is that the complexity of the grid grows exponentially
if the C-space increases its dimensions, incurring in the decrease of the computational performance
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in high-dimensional problems. Lavalle, Branicky et al. (2004) point out the benefits of random
sampling in comparison with grid-based methods when dealing with high dimensions. Therefore
the poorly-fulfilled evaluation is assigned to the grid-based methods.

In regard to sample-based planning as argued by Tang, Khaksar et al. (2012, p.20) and reflected
in the literature; “despite their simplicity, which is exemplified in the basic PRM planner, the
sampling-based planners are capable of dealing with robots with many degrees of freedom and
with many different constraints. Among other, the sampling-based planners can take into account
kinematic and dynamic constraints, closed-loop kinematics, stability constraints, reconfigurable
robots, energy constraints, contact constraints, visibility constraints, and others” which justify
the degree of well-fulfilled.

Bio-inspired algorithms are also considered efficient with respect to computational requirements.
However, a comparison between sample-based algorithms (RRT and T-RRT) and, for example, the
genetic search method has depicted better performance for the sample-based algorithms (Larsen,
Kim et al. 2017). Therefore, a qualification of partially-fulfilled is given to this category.

• Configuration Requirements

Previously required configurations can make the implementation and usage of algorithms diffi-
cult. Mathematical algorithms do not require any kind of configuration and therefore the best
qualification (well-fulfilled) for this category is assigned.

Sample-based and grid-based algorithms require some parametrization for its proper functioning
such as the discretization step of the C-space. Moreover, each algorithm requires specific
configurations. The degree of partially-fulfilled is given to these categories.

Bio-inspired algorithms require also several parametrizations. For instance, as reported by Larsen,
Kim et al. (2017), a genetic search for the planning of industrial robots requires the configuration
of parameters such as individual count, number of iterations, single mutation rate, one-point
crossover rate, random portion selection, population count, collision interpolation distance, and
fitness weights which are more configurations than for other methods. Moreover, as also stated
by Larsen, Kim et al. (2017), for this kind of algorithms, the definition of fitness function is of
importance for finding a near-optimum which is also considered a configuration requirement. Due
to this reason, the poorly-fulfilled degree is taken into account for the bio-inspired algorithms.

The proposed scale for the evaluation is also represented here as follows:

� meaning well-fulfilled,
�� meaning partially-fulfilled, and
� meaning poorly-fulfilled.

For each scale, a numerical evaluation 5, 3, 1 is assigned respectively in order to assess and se-
lect the most suitable algorithm. Table 2.2 summarizes the comparison among algorithms, presents the
average of the criteria, and depicts the evaluation, concluding that the most suitable kind of algorithms
to use in order to solve the proposed problem are the sample-based algorithms. Mathematical algo-
rithms allow the computation of the unique optimum with the disadvantages of being more particular
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and requiring higher computational performance. Sample-based algorithms instead do not compute the
unique optimum but allow the approximation to the optimum without compromising the complexity
and the computational requirements.

Due to the previous given comparisons and taking into account that a general approach and
architecture is desired, the sample-based algorithms are then further studied in this research. It is
worth mentioning that, the previous statement does not imply that this category of algorithms is better
than the others. Instead, the analysis justifies which sort of algorithms is more suitable for solving the
proposed problem (refer to Section 1.2).

Table 2.2: Comparison of programming algorithms in robotic manufacturing.
Scale: �= well-fulfilled = 5; ��= partially-fulfilled = 3; �= poorly-fulfilled = 1

Programming Algorithms

Criteria Grid-based Sample-based Mathematical
computation

Bio-inspired

Optimality
Computation

� �� � �
Modeling
Complexity

�� � � �
Computational
Requirements

� � � ��
Configuration
Requirements

�� �� � �
Average
Criteria

2.0 4.0 3.0 2.5

This section (2.1) presented the state of the art of the path generation for manufacturing processes
describing the main methods and algorithms. A qualitative comparison between them was performed.
Based on the comparison, the Offline Programming (OLP) method and the sample-based algorithms
are defined as the most suitable to use and further develop in order to solve the proposed problem.

2.2 Knowledge Representation in Robotic Manufacturing

Knowledge representation and its semantics have been a field of constant research and development in
robotics for manufacturing due to the complexity of the task that robots are intended to perform. The
following section presents a structured overview on this field. A dedicated subsection (refer to 2.2.1) is
offered to the PPR model due to its representative use in the robotic manufacturing context and its
use in this research.

• Spatial Descriptions and Transformations

Since the early development of robotics theory, spatial descriptions and transformations in order
to model robot kinematics and dynamics have been established, i.e. Craig (1989). Nowadays,
these descriptions and transformations are widely adopted in robotics. Moreover, open-source

25



Chapter 2 Fundamentals and State of the Art

software can be used for describing these geometric and spatial relations between bodies, i.e. (Laet,
Bellens et al. 2013a,b).

• Formalisms

As an extension to these descriptions, formalisms or formal descriptions in mathematical, logical,
or semantical terms have also appeared in order to facilitate modeling of robot tasks and controls.
For instance, the Task Frame Formalism proposed by Mason (1981) provided initial methodologies
for synthesizing robot force control. In this work, a task was semantically modeled by describing
the manipulator translation and angular velocity, the force and torque at the TCP, and the task
geometry constraints. Further development of this formalism is extended to the manipulation of
objects through compliant motion (Lozano-Perez, Mason et al. 1984, Kröger, Finkemeyer et al.
2004).

Later approaches have been proposed in order to reduce complexity when programming
robots. De Schutter, De Laet et al. (2007) introduced a systematic constraint-based approach
to specify complex tasks of general sensor-based robotic systems consisting of rigid links and
joints. This approach integrates both instantaneous task specification and estimation of geometric
uncertainty. This knowledge representation of tasks is the base for the derivation of the control
structure proposed with iTaSC (Instantaneous Task Specification using Constraints). This control
structure is proposed for satisfying constraints between the object’s and feature’s frames. In this
way, relative robot motion between objects is dynamically controlled for accomplishing robot
tasks (Rutgeerts 2007). An application of this approach has been reported by Laet, Decre et al.
(2007). Later research has focused on the interpretation of geometric constraints for specifying
robot control (Scioni, Borghesan et al. 2015, Borghesan, Scioni et al. 2016).

• High-level Planning and Task Planning

Parallel to the development of formalisms, extensive research has been performed also in the area
of high-level and task planning. High-level planning uses symbolic states descriptors and operators
that characterize the effects of actions over the descriptors. Two main formalisms are to be found
in the literature: The set-theoretic representation and the classical representation (Ghallab, Nau
et al. 2004). Moreover, the Planning and Domain Definition language has been proposed as the
semantic modeling tool and it is extensively used for this sort of planning (McDermott, Ghallab
et al. 1998).

On the industrial robotics site, several applications are to be found in the literature using
high-level planning. Stenmark and Malec (2015), Stenmark (2015) outline a system for high-
level programming with code generation and natural language understanding. Arnold (2008)
presents an environment for offline programming of industrial robots with a high-level language,
a declarative language, and a user front-end interface on case studies such as pick and place,
palletization, and traffic control with a robot. Wolfe, Marthi et al. (2010), Choi and Amir (2009)
describe approaches combining high-level planning, and motion planning for robotic manipulation
applications. Stenmark and Nugues (2013) report a system, evolved from the core ontology
Rosseta, for appropriating knowledge representation and reasoning services for industrial systems.
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2.2.1 The Product, Process, and Resource Model in Robotic Manufacturing

The Product, Process, and Resource (PPR) model is a classification structure for managing modularity
in production (Cutting-Decelle, Young et al. 2007). Therefore, the PPR model is a widely used
concept on the knowledge representation for industrial robot applications. Each classification in respect
to RMPs is reviewed in next subsections. This model is used for instance in the process planning
phase (Nielsen 2003), on the exchange of plant engineering information (Schleipen and Drath 2009),
in product life cycle management systems (Sang, Tae et al. 2010), on the modeling of industrial
robotic systems cost (Dietz, Pott et al. 2015), the digital modeling and simulation (Agyapong-Kodua,
Haraszkó et al. 2014), the planning of production systems in the context of digital factory (Feldmann,
Schmuck et al. 2008), the definition of production skills (Pfrommer, Schleipen et al. 2013) and in the
orchestration of service-based manufacturing systems (Pfrommer, Stogl et al. 2014, 2015). Moreover,
the PPR model is taken as a base in several international standards motivating the International
Organization for Standardization (ISO) mandate to adopt it as a management tool for managing
modularity (Cutting-Decelle, Young et al. 2007).

Some examples are to be found in the literature referring to the PPR model with respect to industrial
robotics: Schraft and Hartfuss (1994) report knowledge-based programming systems for robotic
arc welding where geometric information is defined from the CAD model and the welding process
information is encoded as rules for generating robot movements. Hartfuss (1996) specifies a knowledge-
based method identifying the product spectrum, the welding process, and the robot itself for welding
activities in the steel building construction sector. Arikan and Balkan (2000) use segmented surface
models from a computer-assisted design software for programming the robotic spray painting using
process models.

Furthermore, Mark, Bohlin et al. (2014) describe a system which generates collision-free paths
for robotic sealing stations in paint shops by modeling the process and a task definition based on
the geometry for optimizing the process sequence. Stenmark and Malec (2015) define the skill of a
robot as the link of the three components: product, process, and resource. Defining for the case of a
robot-based production system the skill as a "coordination of parameterized actions". Perzylo, Griffiths
et al. (2015) relate a preliminary evaluation of an industrial assembly use-case and a wood-working
use-case (Perzylo, Somani et al. 2016) in which the domain specific knowledge is modeled with the
PPR approach. An error source structure for the identification and model-based compensation of
errors in robotic manufacturing has been proposed using the Product, Process, and Resource (PPR)
model (Diaz Posada, Schneider et al. 2016).

In addition to the previously mentioned exemplifications, it is worth mentioning that the PPR
model is also widely implemented as a semantic base in some state-of-the-art OLP industrial software
which includes robotic resources such as Delmia (Delmia 2017). Furthermore, the data format named
Automation Markup Language (AML) based on eXtensible Markup Language (XML) supports also
the PPR approach. Examples have been proposed for the storage and exchange of plant engineering
information (Drath, Lüder et al. 2008). Also, Schleipen and Drath (2009) describe the modeling of
manufacturing plants using the three-view-concept with AML. Extension of this work derives skill of
production plants from the PPR view (Schleipen, Pfrommer et al. 2014).
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On the robotic industrial implementation, the AML data format also reports advantages. Kuhlenkoet-
ter, Schyja et al. (2010) report robot workcell simulation. Krug (2013) utilizes AML for the automatic
configuration of robotic systems in a plug and produce approach. Moreover, uses of AML on the Robot
Operating System (ROS) are reported by linking model-driven approaches and ontological reasoning for
industrial applications (Hua, Zander et al. 2016). As a complement to the AML data format, the PPR
manufacturing processes classification has been also embedded into automatic configuration files for
industrial processes like the XML format. An example of this is described in the publication presented
by Sang, Tae et al. (2010).

For illustrating this concept, Figure 2.3 depicts the PPR model. Figure 2.4 shows the PPR model
structure in the assembly task of an industrial robot using the Delmia software. A comprehensive
review of knowledge-based robotic manufacturing based on the PPR approach has been presented to
classify the different models available in each category (Kuss, Diaz Posada et al. 2016). A detailed
review of each category is offered below.

Resource/Robot

Product Process

Figure 2.3: The PPR Model.

Figure 2.4: PPR model in Delmia for the simulation of a robot task.

2.2.2 The Product Model

As defined by Kuss, Diaz Posada et al. (2016, p.349) “The product models describe the properties and
geometries of the manufactured goods at different levels of completion”. These models can be classified
as suggested by Nielsen (2003) as follows: structure-oriented, geometry-oriented, feature-oriented,
knowledge-based, and integrated product models. Due to the nature of this dissertation, special interest
is given to the geometry and feature classification.

Representations of product models have been leveraged thanks to the development of CAD tech-
nologies due to the integration of semantic representation of object geometries and features. This
representation permits the characterization of products and resources in virtual environments allowing
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the design of robot products and cells in software (refer to Section 2.3). CAD models for automated
path planning can be classified into parametric and mesh (Chen, Fuhlbrigge et al. 2008). Mesh models
tile a surface using other geometric shapes, normally polygons or triangles, for constructing the mesh.
Parametric models instead offer “precise representation of the part geometry. It provides entities such
as points, lines, arcs, splines, NURBS surfaces, and solid elements” (Chen, Fuhlbrigge et al. 2008,
p.523). Several formats are nowadays available for modeling products using CAD software. Some
of the most relevant examples of neutral CAD formats (non-proprietary) are: the STandard for the
Exchange of Product model data (STEP) (ISO 10303-21), the COLLADA (ISO/PAS 17506), the STL,
the VRML, the JT, the IGES, and the Parasolid.

The latest research on the use of CAD formats for the improvement of the industrial programming
experience is based on the extrapolation of ontological representations of manufacturing tasks (Perzylo,
Somani et al. 2015, Kuss, Ksensow et al. 2017). The description of the manufacturing task allows
the linking of geometrical and topological feature descriptions such as lines, curves, circumferences,
or splines to the discrete description of the CAD format. These feature descriptions constituted the
base of the boundary representation which describes shapes using the limits of the topological and
geometrical entities.

Some applications are to be found in the literature for improving robotic programmability based on
CAD (Perzylo, Griffiths et al. 2015, Perzylo, Somani et al. 2016, Kuss, Ksensow et al. 2017). All of
them are based on the identification of features on the product. As defined by Kuss, Ksensow et al.
(2017), there are three main approaches for determining these features: by including them in the design
phase, by mapping techniques, and by recognizing the feature which opens the possibilities to OLP
systems for including such descriptions.

2.2.3 The Process Model

The definition of process model proposed by Nielsen (2003, p.63) state that “a manufacturing process
is a process that transforms a physical object from one state to another”. Two main connotations of
process models are to be found in the literature: the semantic and the mathematical.

The first connotation focuses on the set of actions required for manufacturing a product. Some
formats have been proposed to specify the process in this category. The Process Specification Language
(PSL) offers a set of logical terms standardized under the ISO 18629 for describing processes. Based
on the Unified Modeling Language suitable for programming UML/P, the domain specific language
LightRocks (Light Weight Robot Coding for Skills) has been proposed for programming robots (Thomas,
Hirzinger et al. 2013). The Rule Markup Initiative (RuleML) and the Production Rule Representation
(PRR) are global organizations promoting industry standards for specifying process models. The
second connotation of process models refers to the mathematical modeling of process characteristics
acquired through empirical or theoretical methods. Several models exist for the different manufacturing
processes.

2.2.4 The Resource/Robot Model

The resource model is defined by Nielsen (2003, p.66) as “an object that is used to fulfill some needs of
the user. Hence, for the purpose of manufacturing, categories of resources include equipment, humans,
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and information”. Due to the nature of this research, the resources considered in this dissertation
are 6-joint serial industrial robots. This sort of robots will be referred as robot through this text.
Mathematical models for these robots have been widely studied, are available, and are firmly established
in literature such as the forward kinematics with the Denavit-Hartenberg (DH) parametrization, the
inverse kinematics, the robot dynamic modeling (Craig 1989, Siciliano, Sciavicco et al. 2010), and the
robot compliance/stiffness models (refer to Subsection 2.5.2). These models will be used as basis for
the transformations between Cartesian and Joint space through this study.

General knowledge-representations for the kinematic and dynamic of robots have been proposed as
well by some authors. For instance, Djuric and ElMaraghy (2009) present a concept for representing
different robotic systems in a reconfigurable plant model. Kuhlenkoetter, Schyja et al. (2010) describe
the parametrization of robot models with support of COLLADA (Diankov, Ueda et al. 2011), AML,
and MathML for robot workcell simulations. Lately, the Universal Robot Description Format (URDF)
has also appeared as a widely used XML-based description format for representing robots in the Robot
Operating System (ROS).

This section (2.2) presented the state of the art with respect to the knowledge representation in
robotic manufacturing. The Product, Process, and Resource (PPR) model is identified as a widespread
model in industry. Therefore, the PPR components with focus on RMPs were also detailed. Due
to the previous, the PPR model is adopted in this research as base for the description of the RMPs.
Arguments for this adoption are further detailed in Subsection 2.7.1.

2.3 Offline Programming Software for Robotic Manufacturing
Processes

Several commercial and open-source software are available today in the market for the simulation and
generation of paths for industrial robotic systems. This section introduces some relevant software in
this area. Furthermore, Table 2.3 summarizes information of some of these software packages. The
information of the table has been extracted from the official web-pages and communication with the
software providers before the month of June in 2017.

Nowadays, the geometric modeling and the features definition functionalities are state-of-the-art
characteristics of OLP software. Simulations of robotic paths and collision checking algorithms are also
common functions. Specialized robot packages offer analysis of reachability, singularities, joint limits,
and wrist flips which are fields that have been intensively studied and further decoded into software.
Desired clearance to obstacles can be also defined in some applications in order to condition the manual
path generation. Some solutions, just commercial ones, offer specific packages and functionalities for
manufacturing processes. Those functions include mainly specification of manufacturing tools and time
optimization of devices sequences for processes such as drilling and riveting.

Other OLP software include planning for sensor compensated process, an example of this is the
ABB Robot studio software. As another functionality, the simulation of robot signals is provided by
software packages such as Gazebo, V-Rep, and RobCAM Siemens. Even though there is an important
development of the OLP software for robotic manufacturing, it is not observed that robot movements
are automatically optimized in relation to process and robot optimization criteria. The analysis tools,
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in the best cases, provide the end-user with a Graphic User Interface (GUI) in order to manipulate and
adapt the robot movements in case of infeasible states such as collision, joint limits, or singularities.
These manual adaptations explain the requirement of specific robotic and manufacturing process
knowledge in order to accomplish the programming task.

Table 2.3: Some relevant OLP software for the generation of robotic paths for manufacturing processes
including open-source packages.

Characteristics/
Software
Packages

Commercial or
Open-Source

Robotic
Analysis Tools

Manufacturing
Process Tools

Main Characteristics

Robotmaster
(MasterCAM)

commercial

- collision checking
- reachability
- singularities
- joint limits
- robot cycle time
- constant tool
orientation

- sequencing
strategy
- no process
simulation
- integration of
specific process
parameters

- all CAD formats
- configuration of tooling axis
- macros available for control
of peripheries
- flexible programming
through SDK (C/C++)

KineoCAM
Siemens

Originally Kineo
(LAAS-CNRS)

commercial - collision checking
- desired clearance to
obstacles and length definition

Gazebo open-source

- collision checking
- include dynamic
simulation engines
- different sort of
robots

n/a
- generates sensor data and
noise

Delfoi - Visual
components

commercial

- collision checking
- reachability
- singularities
- joint limits

- Delfoi ARC offers
(Welding
Procedure
Specification)
- Delfoi CUT offers
creations of milling
tools to be
included in the
robot simulation

- all CAD formats
- flexible programming
through Python
- possible finite elements
functionalities
- configuration of tooling axis

V-Rep open-source
- include robot
libraries

n/a

- minimum distance calculator
- include sensor (Proximity
and vision)
- interface with the reflexxes
library

CGTech -
Vericut VDAF

commercial

- collision checking
- singularities
- processing time

- sequencing
strategy
- visualization
process steps

- all CAD formats
- adaption through internal
post-processor
- mathematical formulas and
equations possible
- configuration of tooling axis

CENIT commercial
- collision checking

- sequencing
strategy and
categorization
- definition of
process
parameters. e.g.
spray pistols
setups

- all CAD formats
- based on Delmia V5
- configuration of peripheries
possible
- configuration of tooling axis
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Characteristics
/Software
Packages

Commercial/
Open-Source

Robotic
Analysis Tools

Manufacturing
Process Tools

Main Characteristics

ABB Robot
studio -

Machining
power pack

commercial

- collision checking
- singularity
- checking of
robotic path for
collision,
singularity, wrist
flips

- set of machining
process parameters
- pre-defined path
generation
strategies and
patterns

- planning for force and torque
sensor compensated processes
- intuitive programming for
end-user of force and torque
control

Delmia commercial

- cycle time
optimization
- auto-positioning
of robots
- Plotting of the
workspace
Envelope for
design purposes

- Special toolboxes
for milling,
welding, polishing
and painting
- Setting of process
parameters

- Open system which can be
program based on XML files
- Virtual teach pendant for
interactive robot programming

In addition to the previously presented information, some surveys and comparisons are found in the
literature with respect to OLP for robotic systems. These studies are mainly focused on open-source
tools as stated by some authors due to its easy accessibility. For instance, Staranowicz and Mariottini
(2011), Tom, Yuval et al. (2015) present an overview of eight and three open-source and commercial
software respectively used in robotics. Ivaldi, Padois et al. (2014) show results of a comparative study
based on end-user feedback for eighteen open-source and commercial robot simulations tools. Erez,
Tassa et al. (2015) compare the robotic simulation tools Bullet, Havok, MuJoCo, ODE and PhysX.

In comparison to the open-source simulators, few surveys are found in the peer-review literature
for commercial solutions. One of them is presented by Klingstam and Gullander (1999) in which
an overview of some of the simulation tools for computer-aided production engineering is offered.
Some robotic applications are reviewed and characteristics such as the supported robot languages are
evaluated. Wang, Li et al. (2011) describe an architecture for the development of commercial robot
simulation systems.

Even though few surveys are available in the literature for the commercial products, several authors
report the implementation of robotic use-cases using them. Pires, Godinho et al. (2004) present a
welding robotic systems program in which the task definition of the process is facilitated by the use of
the CAD software AUTOCAD. An extension of this approach also for programming welding robots
based on CAD has been presented with Autodesk Inventor (Neto, Mendes et al. 2013, Neto and Mendes
2013). Chen, Fuhlbrigge et al. (2008) uses also CAD information for automating the spray painting
with industrial robots based on tessellated CAD models.

Other authors, such Mohammad, Babariya et al. (2008), detail the modeling of a deburring process
using Delmia. Vosniakos and Chronopoulos (2009) describe a general-purpose CAD turned into a robot
programming and simulation environment exemplifying it into a loading/unloading task. Polden, Pan
et al. (2011) report an offline programming of a welding cell using Delmia by automating some of the
tasks such as the semi-automatic method of defining weld seams and the geometric definition of frames
over this tasks. Stenmark and Malec (2015) describe an implementation of a generic knowledge-base
system architecture using ABB Robot studio for realizing force-controlled tasks performed by one-armed
and two-armed robots. Behnam, Berbyuk et al. (2010) implement in ABB Robot Studio an optimization
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of the robot and task positioning. Doan, Tao et al. (2016) use also ABB Robot Studio for optimizing
the redundancy in robotic welding using a particle swarm approach. Ahmed, Yuan et al. (2015) plan
multiple layers for robotic welding in Matlab with a simulation in the RobotMaster environment.

This section presented the advances on robotic OLP software. The next three sections describe the
state of the art for the path generation of the robotic manufacturing processes and use-cases studied in
this thesis. Sections 2.4, 2.5 and 2.6 present the state of the art of the implemented use-cases: the
optimized collision avoidance in robotic welding, the optimized stiffness for robotic milling, and the
optimized sensing strategy for sensor-guided robotic deburring, respectively. Based on the state of the
art of each use-case, the problematic and motivation for each of these, with respect to the topic, is
presented in Subsection 2.7.2.

2.4 Path Generation in Robotic Welding

The collision between the robot, welding workpieces or products, and additional objects is one of the
most performed and studied task in robotic manufacturing. This is one of the major problems which
programmers face during robot programming of complex welding workpieces. Moreover, the collision
avoidance is a topic of high interest in the robotic community due to the intrinsic nature of the robot
being a movable object in space without the robotic welding process being an exception. The following
subsection provides an overview of the path generation for the robotic welding process.

2.4.1 Methods and Algorithms in Robotic Welding

Several path planning methods and algorithms (refer to Section 2.1) have been used to the robotic
welding task. The grid-based planning have been reported by Verbarg (1997, 1998) where a non-
optimal algorithm for finding collision-free paths for the welding robots in Audi AG in Ingolstadt
was implemented. For this application, the A* algorithm was implemented in synergy of an heuristic
for controlling the expansions of the algorithm. Extending to sample-based planning, Larkin, Short
et al. (2016) generate paths for robotic welding from STL models by decomposing the problem into
sequential sub-problems. Tags are generated from the STL files, A* algorithms are used to find welding
motions, then a PRM algorithm is implemented for transition motions. Erdös, Kemény et al. (2013),
Polden (2014) present other examples of grid- and sample-based approaches reviewed in the next
subsections. Some other publications demonstrate the implementation of grid-based methods such as
A* and potential fields in Subsection 2.4.3.

Another programming method also reported on welding scenarios is the Programming by Demonstra-
tion. Helms (2007), Meyer (2011) report implementation of the PbD approach for welding robots (For
more detail in this application refer to Subsection 2.1.1). Furthermore, geometrical and mathematical
based path planning have been also reported in some publications. As example, Chou, You et al.
(2007) compute joint trajectories over a reconstructed surface modeled with a B-spline of third order
by commanding the welding torch over points on the surface taking into account its normal vector for
the orientation. Lima and Bracarense (2009) present a geometrical planning for shielded metal arc
welding. Other mathematical approaches such as the presented by Huo and Baron (2008, 2005), Bayan,
Pereira et al. (2005) are reference below in Subsection 2.4.4.
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As an example of sensor-based programming Kim, Rhee et al. (1999) use information of a laser
vision sensor for programming robotic welding tasks. The approach of using sensors is in some
occasions implemented in practice. Kah, Shrestha et al. (2015) reference some applications of sensor-
based programming for robotic welding. Optimal control approaches are also to be found in the
literature (Gerdts, Henrion et al. 2012, Björkenstam, Spensieri et al. 2014, Landry, Gerdts et al.
2014). These references are reviewed later in this section. Similarly references are reviewed later for
bio-inspired algorithms (Mitsi, Bouzakis et al. 2008, Liao, Wang et al. 2010, Wang, Shi et al. 2015,
2016, Doan, Tao et al. 2016). The previous demonstrates the wide spectrum of methods and algorithms
used for the robotic welding path planning problem.

2.4.2 Knowledge-Based Approach and OLP in Robotic Welding

The area of knowledge-based programming (refer to Section 2.2) and CAD-based path generation have
been driven by the robotic welding on the manufacturing sphere. Early definitions of knowledge-based
welding are reported by Schraft and Hartfuss (1994) by describing a knowledge-based programming for
robotic arc welding which generates programs from CAD data by defining the following knowledge
bases: weld feature interpretation, minimization of cycle time, and generation of robot movements.
More recent applications such as the one of Bickendorf (2014) proposes an automatic CAD-based
offline-programming based on technological knowledge and rules described in XML formats. Computing
of geometrical paths for difficult reachable weld seams for the robotic welding of ship-sub-assemblies
with seam-tracking sensors are programmed based on these rules. Another example is the one offered
by Ding, Pan et al. (2015a,b) where a process planning strategy for arc additive manufacturing by
decomposing and sliding the STL model of the product and using tool-path patterns is performed
using different programming methods and algorithms.

2.4.3 Collision Avoidance in Robotic Welding

The collision avoidance has been studied in the robotic community from the early beginning. The basic
function for approaching collision avoidance in OLP is the collision detection. Several algorithms and
methods have been proposed (Kockara, Halic et al. 2007, Jiménez, Thomas et al. 2001). Moreover,
nowadays open-source packages offer some algorithms such the case of the Faster Triangle-Triangle
Intersection Tests (Devillers and Guigue 2002). Lozano-Perez and Wesley (1979), who introduced also the
C-space, describe an algorithm for planning collision-free paths for polyhedral objects among polyhedral
obstacles. Implementations on industrial scenarios have been also proposed. For instance, Hein,
Salonia et al. (2001) present a collision-free time optimized algorithm based on rounding for industrial
environemnts. Likewise, Ting, Lei et al. (2002) report collision avoidance algorithms for industrial
robots by means of using the wave expansion methods and the depth-first search approach. Gerdts,
Henrion et al. (2012) instead, describe a time-optimal control problem to find the fastest trajectory for
a robot while performing collision avoidance.

Methods such as the potential fields have been also reported in the literature for avoiding colli-
sions. Juang (1998) describes the online collision avoidance for industrial robots by following the
negative gradient of the potential field method. Similarly, Csiszar, Drust et al. (2012) present an online
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path planning collision avoidance algorithm for industrial robots using the artificial potential field
method.

Other robotic scenarios have also arisen concerning the collision avoidance. Multiple robot sequencing
has called also the attention of researchers with respect to the collision avoidance. Examples are offered
by Larsen, Pham et al. (2015) who present a collision-free path planning for cooperating robots in an
industrial environment and Spensieri, Carlson et al. (2016b) who describe an iterative approach for
planning collision-free routing and scheduling on multiple robot stations in car manufacturing by first
using an exact branch and bound method and then solving the collision problems.

The welding process has not been an exception in the collision avoidance research. Landry, Gerdts et al.
(2014) presents a collision-free path planning of welding robots by solving an optimal control problem
representing the objects by convex polyhedra and using the sequential quadratic method. Ahmed, Yuan
et al. (2015) present a collision-free path planning for multiple layer welding of offshore oil rigs using
the A* algorithm by building a weld bead layout based on the cross-sectional area of the joint. Polden
(2014), Polden, Pan et al. (2017) test an automatic OLP system in an industrial robotic welding system
with 13 DoF by using an extension of the Lazy PRM and post-planning optimization for the robot
transitions and auxiliary motions which are computed collision-free. Mitsi, Bouzakis et al. (2008) report
a time optimized collision-free path planning determining an amount of intermediate configurations as
node poses for robotic welding by using a hybrid method combining a genetic algorithm, a hill-climbing
method, and a constraint handling method.

2.4.4 Path Optimization in Robotic Welding

In the field of welding, the need of optimization of controllable parameters and an approach for modeling
the process, robot, and sensors for preparing the task offline has been pointed out by Bolmsjö, Olsson
et al. (2002). Stand-alone optimization of the robot motion with respect to the manufacturing process
are found in the literature. For instance, Huo and Baron (2008) studied a joint-limits avoidance strategy
by a virtual rotation around the electrode axis for arc-welding robots implemented in joint space. Dolgui
and Pashkevich (2004), Dolgui, Pashkevich et al. (2005) proposed that the weld may be processed in
the out-of-position location charged by reduction of the welding speed in order to satisfy the quality
specifications and considered a cluster-based welding operations plan for minimizing processing time in
an arc-welding robotic cell with positioning table. In this work, a geometric description of the feature
is defined and the welding torch spatial location is described relative to the welding frame.

Furthermore, Huo and Baron (2005) propose using the twist of the end-effector decomposing it
into two orthogonal sub-spaces in order to solve functional redundant tasks. Similarly, the same
authors (Huo and Baron 2008) introduce a redundancy-resolution algorithm to optimize the joint
space trajectory of an arc-welding task for avoiding joint-limits and singularities. Bayan, Pereira et al.
(2005) proposed using the screw theory for optimal welding positioning and trajectory planning using
also virtual chains providing bi-dimensional examples. Ericsson and Nylén (2007) describe the use of
robotic simulation and finite elements simulation for minimizing distortion while keeping complete
joint penetration by optimizing the robot welding speed.

The sequencing and optimization of transition motions report several studies in the literature. As
example, Behnam, Berbyuk et al. (2010) present a proposed algorithm for optimizing the cycle time
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by changing the path position with respect to the robot position in simulation environments. Erdös,
Kemény et al. (2013) relate the computation of a close-to-optimal sequence of welding tasks for the
remote laser welding process based on a solution derived from the traveling salesman problem and path
planning heuristics. Carlson, Spensieri et al. (2014) use systematic search algorithms for minimizing
dimensional variation and robot movement required time in welding stations for the automotive car
body assembly process.

More on the sequencing optimization is presented by Björkenstam, Spensieri et al. (2014). These
authors describe an optimal sequencing of industrial robots using optimal control for the welding of 20
stud welding points of car body using an industrial robot. Spensieri, Carlson et al. (2016a) describe
the optimization of the robot placement for improving cycle time without taking into account the
orientations by having as input the robot model, the CAD model of the workpiece, and a set of tasks.
Several OLP systems offer packages for optimizing robot sequences (refer to Section 2.3).

Further optimization is also found in the literature by using bio-inspired algorithms (refer to
Subsection 2.1.1) In this area, Liao, Wang et al. (2010) relate a time-optimal trajectory planning for a 6
joint welding robot using adaptive genetic algorithms between the points of discretized trajectory. Wang,
Shi et al. (2015) optimize the robotic spot welding sequences with a partition mutation. Wang, Shi
et al. (2016) use a double global optimum genetic algorithm particle swarm optimization for optimizing
paths for the spot welding process by taking into account the shortest path. Doan, Tao et al. (2016)
use a modified particle swarm for optimizing the energy consumption of a welding robot by exploring
one rotational DoF.

On the workpiece position optimization for the robotic welding process, some works are also to be
found. An energy reduction consumption approach for an exemplary spot welding task optimizing
the robot platform position by varying its position in a discrete grid has been investigated (Eggers,
Hansen et al. 2014). A workflow has been outlined in which a workpiece is placed taking into account
the defined task points of a path avoiding collision without including a fine placement optimization
for a remote robotic laser welding process (Erdös, Kardos et al. 2016). The optimization of the
robot base position has been discussed for reaching the predefined tasks and for minimizing cycle
time using a derivative-free optimization algorithm taking into account collisions for a spot welding
application (Spensieri, Carlson et al. 2016a).

2.5 Path Generation for Improving Robotic Milling Accuracy

In the current industrial scenario, robots are rarely used in contact operations such as machining and
finishing as they entail unsatisfactory accuracies, complex programming, and control methods. Further,
the disparity between accuracy specifications, communication technologies, and control methods
required for such operations, calls for greater efforts in robot programming and control.

Evidence of these challenges is that industrial robots are still not widely used for machining purposes.
Proof of that are the IFR statistics. According to the IFR, just 1 %, 1.4 %, 1.7 % and 1.1 % of the
operational stock of industrial robots at the end of each year, respectively 2014, 2015, 2016, and
2017 were related to processing tasks such as mechanical cutting, grinding, deburring, milling or
polishing (IFR Statistical Department 2014, 2015, 2016, 2017), which is a small quantity taking into
account the flexibility and reconfigurability of robotic systems.
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One of the reasons for this low stock of processing robots is the inaccuracy. A Computerized
Numerical Control (CNC) is 50 times stiffer than a robot (Tyapin, Kaldestad et al. 2016) and the robot
is by factor 100 more inaccurate than machine tools (±1 μm in comparison with ±0.1 mm) (Atmosudiro,
Keinert et al. 2014). Another important reason is the complex program generation process and the
difficulty of optimizing robotic paths for improving quality. Robots in processing possess advantages over
conventional tool machines when comparing dexterity overextended workspaces and the changeability
to new processes and products (Jayaweera and Webb 2011) but are not adopted due to the many
challenges faced.

Reasons for addressing optimization and automatic programming are that several advantages can be
derived if robots were widely used for machining operations. Some of these reasons are: (1) less work
space will be required if robots are used for machining instead of CNC machines (Atmosudiro, Keinert
et al. 2014, Slavkovic, Milutinovic et al. 2014); (2) robots are now less expensive than CNC machines
and could represent cost savings in industry (Minhas, Lehmann et al. 2011, Pandremenos, Doukas
et al. 2011); (3) robots are more flexible and can also be used for doing other tasks in addition to the
machining operation, such as picking the workpiece, if the robot is provided with a tool changer and a
gripper, increasing the productivity (Karim and Verl 2013); (4) the dexterity of the robot can be used
more effectively to machine complex machining parts (Atmosudiro, Keinert et al. 2014, Pandremenos,
Doukas et al. 2011); and furthermore, (5) a robot can substitute heavy manual work, which may be a
risk for human health (Jayaweera and Webb 2011).

Several authors have also pointed out challenges and reasons for addressing automatic programming
and compensation in this regard. Three main obstacles, (1) insufficient rigidity, (2) poor accuracy
and (3) complex programming, have been identified for the machining of hard materials with robotic
systems (Karim and Verl 2013). The demand for quick reconfiguration of robots for precise machining
applications has been pointed out as a required strategy for responding to the current demand of
product individualization (Minhas, Lehmann et al. 2011). Similarly, the complexity of programming
has been pointed out as of one of the most important limiting factors (Slavkovic, Milutinovic et al.
2014).

The need of a path programming module embedded in Computer-Aided Manufacturing (CAM)
software for compensating machining errors such as chatter, produced due to low robot stiffness
and high machining forces, and improving quality while taking into account unreachabilities and
singularities has been also pointed out as a need for the offline programming in robot high-accuracy
machining (Leali, Pini et al. 2013, Pandremenos, Doukas et al. 2011). Robot stiffness, vibrations, and
system natural frequencies are also referred as critical factors (Iglesias, Sebastián et al. 2015).

In reaction to these challenges on robotic machining, the scientific community has proposed error
source modeling identification, compensation, and some optimization. On the error source identification,
for instance, Schneider, Ansaloni et al. (2013) have experimentally determined several error sources and
proposed strategies for improving robotic machining accuracy through modular compensation (Schneider,
Drust et al. 2014, Schneider 2017). Following subsections give further insights on the compensation
(2.5.1) and optimization (2.5.3) in this ambit.
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2.5.1 Error Compensation in Robotic Milling

The error source compensation in robotic milling can be classified as model-based and sensor-based
compensation (Schneider, Drust et al. 2014). Both approaches are presented for giving the reader an
insight of the compensation techniques and modeled knowledge used for improving accuracy. In both
approaches, it is noticed that milling process models are widely used. Several investigations exist in
this regard outside the robotic community in form of standards or process specifications (Altintas 2000,
Budak and Tekeli 2005, Gomeringer 2014). Some of them have been modeled also in relation with
industrial robots systems (Matsuoka, Shimizu et al. 1999). In this regard, the stiffness/compliance of
the robot is widely used in compensation approaches. Subsection 2.5.2 present an overview of these
models.

Model-Based Compensation in Robotic Milling

Some authors report approaches and implementations using model-based compensation. Abele,
Bauer et al. (2010) predict in simulation the tool displacement for the milling process and propose an
offline compensation approach based on the process force and chip geometry calculation, a cutting force
model, and a robot model. Previous modeling of the industrial robotic milling process was developed
by these authors (Abele, Rothenbücher et al. 2008).

Bauer (2011) implements a sensor-based and a model-based compensation for the robot milling
process. The model-based compensation uses a robot dynamic model and a milling force model with
which the robot deviations due to process forces are computed and compensated reporting 37 % of
error reduction. In this publication, the CAD/CAM software Unigraphics NX 6 is used to generate
initial milling trajectories for a specific workpiece. The robot poses and the technological parameters
such as feed-rate, spindle speed, and tool are parsed also from this software. The compensation is
performed afterwards based on these parameters.

Besides, Lehmann, Halbauer et al. (2012, 2013) propose a three-step approach; machining strategy
generation, offline force compensation, and online force compensation; as a strategy to compensate the
force-induced accuracy influences. Bauer, Friedmann et al. (2013) experiment with two model-based
compensations: The ideal milling force and the deviation mirroring using robot structure models and
process force calculation. Haage, Halbauer et al. (2014) present a compensation method for increasing
robotic machining accuracy using offline compensation computed based on robot kinematics, a process
force and a dynamic robot model used to calculate the compensations embedded into the PowerMill
tool. Results demonstrate more prominent deviations on the corners of a 2D machined rhombus with
maintained orientation, without using the DoF of the process, during machining (Haage, Halbauer
et al. 2014).

Other authors such as Klimchik, Bondarenko et al. (2014) compensate the path by modeling
the interaction between the milling tool and the workpiece and experiment in aluminum reporting
improvements on the avoidance of static deviation of more than 90 %. Slavkovic, Milutinovic et al.
(2014) model cutting forces and the robot compliance in order to predict the cutting force-induced
tooltip displacements for offline compensation of cutting force-induced errors in five-axis machining.
Experimental results in aluminum depict improvements of 180 μm.
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In other researches, opportunities and challenges of productivity increase while planning robotic
paths in joint space in an offline approach have also been reported. Experimentation in joint space
depicted a higher robot TCP velocity, at expenses of path accuracy, in comparison with the planning
in Cartesian space (Atmosudiro, Keinert et al. 2014). Tyapin, Kaldestad et al. (2016) implement an
offline path compensation by computing the deformations using estimated process forces based on a
static force model and the identified joint stiffness models.

Sensor-Based Compensation in Robotic Milling

Some authors have reported also advances on compensation for robotic milling through sensor-based
approaches. Liu, Cheng et al. (2001) propose an adaptive control constraint of machining processes with
a constant cutting force control system. Pan and Zhang (2008), Wang, Zhang et al. (2009) introduce
an online deformation compensation approach based on a robot structure model for controlling the
material removal rate. This approach controls the machining force by adjusting the robot feed speed
in real-time for improving the part quality. Bauer (2011) proposes a compensation by comparing
camera information and CAD information and using the Iterative Closest Point (ICP) algorithm for
compensating product errors in robotic milling.

Furthermore, Sörnmo, Olofsson et al. (2012a) ensure time-efficiency and improve the accuracy
of robotic machining processes removing the maximum amount of material per time unit through
adaptively controlling the applied force, as well as continuously compensating for the path deviations
caused by process forces. In a further work, a control with a piezo-actuated high-dynamic micro
manipulator is performed (Sörnmo, Olofsson et al. 2012b). Schneider, Momeni-K et al. (2014) model the
robot stiffness and compensate in real-time computed deviations due to forces and torques measured
at the robot TCP.

Other controls without compliance or process models, such as the position control of industrial
robots in real-time using optical measurement systems for machining purposes have been proposed
for improving accuracy (Schneider, Diaz Posada et al. 2013). Schneider (2017) presents also a dual
time real-time control compensating the low frequencies with the robot and the high frequencies with
an external compensation mechanism in which the spindle was mounted achieving a mean absolute
deviation of 32 μm for the milling of steel.

2.5.2 Compliance Models for Robotic Milling

As described in the previous subsections (model- and sensor-based compensation), several authors refer
stiffness/compliance models for the compensation in robotic milling. Different models and methods
found in the literature are referenced below: One of them calculates the Cartesian stiffness based on
the polar stiffness and the use of the Jacobian matrix (Abele, Weigold et al. 2007). The same authors
propose later the use of virtual joints (Abele, Bauer et al. 2008). The identification of the diagonal
joint stiffness matrix is approached by applying external wrenches and the modeling of a diagonal joint
stiffness matrix (Dumas, Caro et al. 2010, 2011).

Moreover, the stiffness modeling of heavy industrial robots with gravity compensation has also
been studied (Klimchik, Wu et al. 2013). Another method for measuring gear deviations uses a laser
interferometer-based technique (Slamani and Bonev 2013). The robot stiffness is also identified by
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the clamping method in which the robot is locked in a closed kinematic loop and then exercises joint-
based movements while sensing motor position and torque (Haage, Halbauer et al. 2014). Schneider,
Momeni-K et al. (2014) identify robot stiffness as linear descriptions on the ranges where no backlash is
observed and as non-linear functions when backlash is noticed. Third order polynomials are addressed
when gear deformation is noticed. Cho, Kim et al. (2017) use deflected circular trajectories for the
identification of kinematic screw and joint compliance.

2.5.3 Path Optimization in Robotic Milling

Several authors have pointed out the optimization as an enabler for improving accuracy and pro-
grammability for robotic milling. Optimization of the parameters, such as workpiece location, natural
frequencies of the robot, and robot structure in given configurations, are pointed out as important
criteria for the machining process (Lehmann, Halbauer et al. 2012). The mapping of a rigidity map for
choosing optimal joint configurations has been stated as one of the future research issues (Chen and
Dong 2013). Bauer (2011) points out in the outlook of his thesis that multiple criteria optimization for
the motion generation is conceivable in particular when errors should be compensated in rounding
areas such as corners. In this work, it is mentioned that this could reduce programming times and
increase accuracy. Lehmann, Halbauer et al. (2012) identify machining parameters and characteristics
such as the location of the workpiece in the robot workspace, appropriate feed rates, number of points
considered for the motion planner, axes reversals, and cut strategies as optimizers to improve machining
quality. A look-ahead function for improving accuracy is proposed in this paper as future work.

For improving robotic machining it has also been determined that the combination of holistic
programming in CAM and the optimization of the redundancy can be used in conjunction with
kinematic parameter optimization (Schneider, Diaz Posada et al. 2014). Karim, Hitzer et al. (2017) also
state, after analyzing the dynamic behavior of a six-axis industrial robot within the entire workspace
in respect of machining tasks, that the optimal pose in consideration of the excitation and oscillation
directions can be chosen on the basis of characterization.

Some stand-alone optimizations are to be found in the literature. Most of them are solved through
numerical or optimal control approaches. A numerical approach is presented by Makhanov, Batanov
et al. (2002) in which global interpolation of the required surface by a virtual surface is used to optimize
robotic milling taking into account the scallop height. Owen, Croft et al. (2008) address an offline
planner for optimizing stiffness through trajectory resolution finding initially a stiffer position and
providing several input configurations for later using a real-time trajectory planner with tool speed
control for reducing demand of actual torques. Matsas and Vosniakos (2010) use two genetic algorithms,
one for maximizing the manipulability of the robot and the second one for minimizing joint torque
loads, in robotic milling.

Furthermore Xiao and Huan (2012), relate a numerical optimization approach to solve the redundancy
of the milling process. An optimization problem is proposed and the measure of manipulability is
used for resolving wrist singularities. This problem is optimized through discrete cut points. Subrin,
Sabourin et al. (2013) compare two different kinematics, a hybrid robot with a parallelogram close
loop by defining an optimization problem and the criteria of stiffness, dexterity in a given direction,
and mechanical performance. Nelaturi, Burton et al. (2015) describe a methodology by defining a
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configuration space obstacle for planning automatically time/cost near-optimal plans for the machining
of products. In contrast to the last three presented optimizations, this one does not use optimal control
and numerical techniques, this planning process is solved using a weighted A* search. Xiong, Ding et al.
(2017) propose a feed-direction stiffness based index in order to optimize each cutting location point.

The automatic robot stiffness pose optimization for robotic processes has been presented in literature.
The redundancy of the tool tip is explored for determining the minimum deviation in the z direction in
Cartesian space due to the end-effector and joints weights using the compliance model of a Kuka robot
modeled in joint space. 7th order polynomials are used to fit deformations for finding the most rigid
pose. Figure 2.5a depicts the redundancy of the process. Figure 2.5b describes the fitted polynomial
for optimizing robot stiffness. Moreover, different criteria are defined, such as end-effector stiffness
optimization in the process direction, damping, collision, and reachability. Additionally, different
interpretations for applications, such as drilling, deburring, cutting, and milling are described (Schneider,
Diaz Posada et al. 2015). Mousavi, Gagnol et al. (2017) present a regenerative chatter vibration block
for assuring that the robot keeps its path through the stable milling zone by using the functional
resolution of the robot. The block is based on a dynamic model of the robot and a cutting force model.

(a) Discretization of the rotational DoF around
the tool axis in three different poses on the
example of a Quantec KR270 Ultra with a
drilling/milling tool (Schneider, Diaz Posada
et al. 2015)
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around tool axis (Schneider, Diaz Posada et al.
2015)

Figure 2.5: Robot stiffness pose optimization.

Workpiece placement optimization for milling have also been described in the literature. The
dependency of the robot stiffness with respect to the workpiece position is the main optimized criterion.
Genetic algorithms have been proposed for optimizing the positioning of the workpiece in respect to
the power consumption of a Stewart platform (Lopes and Pires 2011, Pires, Machado et al. 2014).
The best placement of the workpiece have been optimized taking into account the elastostatic robot
and the cutting force models using genetic algorithms (Caro, Dumas et al. 2013). Dumas, Caro et al.
(2011) describes a workpiece positioning optimization problem using the kinematic redundancy of the
milling process. For solving this problem, the constraints and the optimization are defined and solved
with required human intervention using the MasterCAM software for two different workpiece positions
predefined in the workspace.
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2.6 Path Generation for Error Compensation in Robotic Deburring

Robots are low-cost, reliable and flexible manufacturing solutions for industrial automation and therefore
they could be extensively used where the lot size is small and the variation of profile geometries is
high such as the deburring process. However, like the milling process, they are not widely used in
industry due to their complex programming, process configuration, and required accuracy (Jayaweera
and Webb 2011). In a contact operation such as deburring, in order to compensate errors due to
robotic interaction with the tool and the workpiece for facilitating the programming experience, one
can use either offline or online compensation/programming strategies or a combination of both (Dietz,
Schneider et al. 2012).

While offline compensation/programming requires an accurate process model, the online method
requires integrating sensor systems to measure errors in real-time. Offline compensation/programming
methods use a combination of robot model and a machining process model to modify the robot tool
path offline for machining. On the other hand, online methods compensate the robotic path errors or
interaction forces during the process, based on whether position or force is measured. An overview of
implementations and approaches for both methodologies, which serve as the basis for the development
of the deburring use-case presented in this dissertation are offered below.

2.6.1 Offline Compensation and Programming in Robotic Deburring

Offline compensation/programming like in the previously described processes is also based on OLP
systems. Some authors have reported programming using these software tools. As examples, Moham-
mad, Babariya et al. (2008) present an offline simulation of the robotic deburring process and the
required configuration steps using an OLP software. Leali, Pellicciari et al. (2013) describe an offline
programming method for the robotic deburring of aerospace components enhanced with digitalization
techniques for localizing the workpiece and calibrating the robot. Vuong, Lim et al. (2013) review the
simulation and offline programming for contact operations and present a programming case study for
the automated surface grinding.

In addition to the programming based on simulation environments, sensing systems are used in
synergy for enhancing the offline programmability and the accuracy of deburring systems. Sensors
are used before the execution of the process to acquire information of the real scene. Several authors
report the development of this kind of programming and compensation. Examples are: Lee, Kang et al.
(1999) who implement a burr shape recognition based automatic robotic deburring system with laser
vision sensors in which the burr is modeled, reconstructed, separated and matched in order to adapt a
pass path planner. Jayaweera and Webb (2010, 2011) who use a laser scanner sensor to determine the
component’s exact location prior the deburring operation of aero-engine components.

Moreover, Leo and Selvaraj (2014) who present a five axis robotic system provided with an external
optic camera used for recognizing workpiece positions and edges for generating robot programs. Kuss,
Drust et al. (2016) adapt offline generated paths to shape deviations of the workpieces for the robotic
deburring processes by describing dimensional tolerance specifications and matching the CAD model
and a point cloud taken with a 2D laser scanner of the workpiece using the ICP method. Abele, Haehn
et al. (2016) describe a time-optimal tool path sequence generation for a robotic deburring process
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based on the STL format of the workpiece. In this publication, an A* algorithm is used in order to
optimize the time of the deburring sequence.

2.6.2 Online Compensation and Programming in Robotic Deburring

Online compensation and programming are also found in the literature for the robotic deburring
use-case. A relevant approach due to the contact nature of the task is to compensate force and torques
by sensing them at the robot TCP. Vision systems are also used to detect the workpiece and to
react on uncertainties such as the workpiece positioning and tolerances. Combination of both sensing
systems (force/torque and vision) are also reported. Moreover, radial and axial compliant spindles
usually characterized by pneumatic actuation are also used to partially compensate inaccuracies with
the disadvantage of requiring the identification of optimized parameters for achieving good quality
deburring (Berselli, Pellicciari et al. 2016).

Some examples of the online deburring are the works from Chung and Kim (2006) who modeled the
deburring robotic process and proposed a control design presenting simulation studies with different
tools. Song and Song (2013) describe a robotic system which saves a set of manually taught poses over
the workpiece, recalculates the position and orientation of the workpiece using the ICP algorithm, and
later controls the robot using force control based on an impedance strategy. And Jonsson (2013) who
relate a force control application for the deburring/cleaning of iron castings.

Examples of force/torque and vision compensation are described by Bone and Elbestawi (1992)
who outline a robotic edge deburring system provided with both force and vision sensors. In this
application, the path is generated by a task planner and then later by the action of a controller, the
depth is compensated to improve quality. Zhang, Chen et al. (2006) generate online paths based on the
feedback of a camera and a force/torque sensor. A hybrid force/vision controller is proposed for the
automatic robotic deburring of cast aluminum wheels.

Cheah, Hou et al. (2010) present a visual motion approach with force tracking control taking into
account uncertainties of a constraint surface, robot model, and a camera model. Simulation results
for planar and curved surfaces are presented in this work. Zhang, Cabaravdic et al. (2004) describe a
real-time simulation approach by implementing a neural-network of the overall process model consisting
of a contact, force, process, and workpiece model for the grinding of sculptured surfaces.

2.7 Proposition

As presented in the "Problem Statement" section (1.2), the need for an automatic, optimal, and intuitive
robotic programming is still a challenge in the programming of manufacturing processes. The previous
sections in this chapter introduced four main knowledge areas of the robotic manufacturing, i.e. (1)
The robotic path generation, (2) the offline programming software, (3) the knowledge representation
for RMPs, and (4) the path generation in the use-cases evaluated in this contribution. This section
performs an analysis of them and proposes a synergy among the knowledge areas. This synergy is the
base to define the proposed approach and architecture in the next chapter.
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As part of the analysis comparisons were conducted among the methods and algorithms as presented
in Subsections 2.1.2 and 2.1.5, respectively. The arguments for selecting the OLP and the sample-
based techniques for solving the stated problem were given. Subsection 2.7.1 presents as proposition,
based on the performed analysis and the state of the art, the potential of the synergy among the four
presented knowledge areas for approaching automatic optimal path generation for robotic manufacturing
processes. Finally, Subsection 2.7.2 provides the problematic and motivation of the studied use-cases,
as proposition for further improvements in these processes.

2.7.1 Synergy Among State-of-the-Art Research Areas

A conclusion of the state-of-the-art analysis is that important advances have been achieved in each
investigated field, namely: path generation, knowledge representation, OLP systems, and in the
modeling of specific robotic manufacturing process itself. Even though these developments, an
automatic, changeable, and structured approach is still missing for overcoming the programming and
re-configuration problems of the path generation for RMPs, which is the main contribution of this
research. It is observed that the potential of establishing defined synergies, proper coaction, and
further research on the presented knowledge areas is a key issue for leading to automatic optimized
path generation systems for RMPs in a generalized way. This subsection describes this synergy.

Important advances have been achieved regarding the programming methods and algorithms for
RMPs and industry has accessibility to different options such as OLP software when conceiving the
programming of a robot cell (refer to Section 2.1). Notwithstanding, the available path programming
algorithms have not been fully explored on those software interfaces. A reason for that, and being
one of the main drawbacks noted from the state of the art, is the lack of incorporation of the current
knowledge representation such as CAD formats and the existing path generation algorithms into the
OLP method. Figure 2.6 depicts the four knowledge areas in robotics required as state of the art for
enhancing robot programmability for manufacturing purposes. The proposed synergy among these
knowledge areas is the contribution of this thesis.

OLP for robotic systems Knowledge representation

Optimal sample-based path
generation

RMPs modeling

Reachability, joint limits,
collision detection

Image from (Karaman
and Frazzoli, 2011)

e.g. CAD formats: STL, STEP
Automation Markup Language

Image from (Bauer, 2011)

Automatic
optimized path
generation for

robotic
manufacturing

processes

Resource/Robot

ProductProcess

Figure 2.6: Synergy among knowledge areas of robotic manufacturing as potential for the automatic
optimized path generation.
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Confirmation of this deficiency is for instance observed from the description of using OLP provided
by Perzylo, Griffiths et al. (2015, p.2008): “Industrial solutions such as Delmia or Process Simulate
offer sophisticated robot programming interfaces that scale to a full production line with multiple
robots. However, they require the programmer to specify robot tasks on a low level that requires
expertise in robotics, thereby making these solutions difficult to use for untrained shop floor workers.
The operators typically have to train for several weeks to learn how to use these interfaces. Even small
changes in the robot program require significant programming effort.”

An important identified source of knowledge representation on this synergy is the CAD product
models (refer to Subsection 2.2.2). The potential of using them into planning algorithms, such as
the sample-based, is highlighted for reaching the goal of automatic optimized planning. Pires (2006,
p.2) manifested also his interest in such a system: “It would be very interesting if the information
from CAD files could be used to generate robot programs. That is, the CAD application could be
the environment used for specifying the way the robots should execute the required operations on the
specified parts.”

Besides, not just the geometrical knowledge representation of the product must be embedded into
planning algorithms. Instead, also the notion of optimality with respect to the performance of the
intended process should be approached for conceiving more complete systems. This lack of optimality
has been pointed out also by other authors. Pan, Polden et al. (2012, p.91) state that “as most of the
existing OLP software is not able to provide an optimal solution automatically. [...] Although some
components for path planning and process optimization, such as collision detection, layout planning,
time measurement, etc. are available, a complete path planning function does not exist and is fully
relied on the process knowledge of the programmer.” Similiarly, Nilsson, Johansson et al. (2005, p.2)
said that “the generated motions from ideal CAD data have to be adjusted to current workpiece and
process requirements. Thus, the adaptation of the robot requires adaptation and optimization of
trajectories and process data."

In regard to OLP, industry counts on highly developed commercial and open-source robot simulation
software which allows modeling of robot cells, collision checking, and mapping of robotic dependent
properties such as reachability, maximal joint limits, and singularities. However, as stated in COMET
(2013, p.1), “what the CAM systems do lack is knowledge about the kinematics and dynamics of the
robotic system; they are programmed to compute the tool paths for the simpler kinematics of standard
machine tools. When confronted with a robot kinematic profile, the system cannot produce automatic
collision-free path planning, automatically avoid singularities, and identify reachability. Also, the
redundancy of certain robot axes is not used for potential optimization.” Therefore, characteristics of
OLP systems must be further used in synergy with planning algorithms to solve this deficit.

Specifically for the sample-based planning, no approach or architecture relates the C-space with the
robotic manufacturing process even though this need was already visualized by Verbarg (1998, p.2231)
when he mentioned that “the relations between workspace and configuration space are still unsettled.”
This deficiency is due to the main focus given by the community to other research and development
topics such as the optimization of sequencing and assembly tasks which approach grid-based methods
due to the difficulty of defining continuous spaces for these tasks, and the focus given to the planning
in free-space for mobility, manipulating objects, and grasping.
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To conclude, in a general approach, the specific process models must be linked with the path planning
process in order to conglomerate the required knowledge for manufacturing with robots. The PPR
model is identified as a well-defined and developed categorization for approaching this linkage. This
was also pointed out by Kuss, Diaz Posada et al. (2016, p.350) when stating that “the models of specific
manufacturing processes, required for a physical planning of robotic paths, are currently not integrated
well with existing model formulations in manufacturing engineering. One reason is that research in this
discipline is focused on the development of new algorithms and not on the formalization of knowledge
for usage in automated robot program planning”.

2.7.2 Problematic and Motivation in the Studied Robotic Manufacturing
Processes

The following subsection presents the problematic and motivation in the studied Robotic Manufacturing
Processes (RMPs). The state of the art of the studied RMPs, i.e. welding, milling, and deburring were
presented in Sections 2.4, 2.5, and 2.6 respectively. The specific use-cases are defined in Chapters 4, 5,
and 6.

• Optimized Collision Avoidance in Robotic Welding

Robotic welding is one of the most performed tasks in manufacturing with Industrial Robots (IRs).
According to the IFR Statistical Department (2017), the proportion of operational stock of welding
and soldering robots is of 26.5 % by the end of 2016, only exceeded by handling applications
which could be considered less complex due to the fewer constraints involved in this process.
Despite this, also as stated by the IFR Statistical Department (2017), about 75 % of welding
robots were shipped to major car production facilities worldwide depicting that just large scale
companies can afford the implementation and programming of these systems.

The robotic welding process has been widely investigated as specified in Section 2.4. Several
methods and algorithms have been used in order to enhance the programmability as described in
Subsection 2.4.1. Moreover, the collision detection and avoidance is a topic widely researched
due to its intrinsic nature when using robots (refer to Subsection 2.4.2) and the optimization of
the process has been approached as well as detailed in Subsection 2.4.3.

Nonetheless, the developments in collision avoidance have been done in the programming of
transitions and auxiliary motions in free-space. Most of the reported development making use of
grid-based and sample-based algorithms are intended for solving the transition paths and the
sequencing of the welding process. To the best knowledge of the author and based on the literature
review, no concrete approach with sample-based algorithms has been implemented for optimizing
the welding process taking into account infeasibilities. Furthermore, all described applications are
reported as single use-cases and are not part of a modular and a changeable architecture allowing
optimization of several processes. Due to the previously mentioned arguments and as further
contribution of this work, the first use-case proposed in this dissertation is the implementation
and investigation of an optimized collision avoidance using optimal sample-based algorithms for
the welding processes.
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• Optimized Stiffness for Robotic Milling

As described in the literature, robotic systems have become more common in the industry due
to their low cost, flexibility, and versatility. However, the main challenge for this technology,
in order to be also used extensively in machining operations, is its lack of absolute accuracy.
One of the factors affecting the absolute positioning accuracy during machining is the lack
of robot stiffness, which is the criterion studied and optimized in this use-case. Moreover,
another extra challenge of robotic machining is the time-consuming, expert-dependent, and
complex programming process. For this process, qualified personnel with experience in machining
operations and robot programming is always required. In addition, the optimization of the
machining processes nowadays is mainly achieved due to manual intervention on the generation
of programs using the teach-in approach.

Several authors pointed out the need of optimization in the literature (refer to Subsection 2.5.3).
For instance, Tyapin, Kaldestad et al. (2016, p.5511) state that “the stiffness of a manipulator
depends on the configuration, hence the stiffness could be found in different configurations and
interpolation techniques could be used to compute the stiffness in all other configurations.” And
the conclusions from Pan and Zhang (2008, p.453), which determine that “the pattern of the
process structure deformation is related to all of the following parameters: robot configuration,
the location in the workspace, and the direction as well as the magnitude of the process force”,
which confirms the relevance of optimizing robot configurations with respect to the robot stiffness.

Even though several research works have been conducted on error source identification, their
compensation (Subsection 2.5.1), and robot joint compliance modeling (Subsection 2.5.2), few
studies are to be found regarding optimization in this area (refer to Subsection 2.5.3). The
optimization noticed in literature is case-specific and not performed with sample-based algorithms
which justify the relevance to investigate and research in this direction.

Taking into account the identified drawback, the need to increase robot accuracy while machining,
the potentials of optimizing stiffness based on the robot configuration, and the state of the art,
confirms the need for improvement in the area of robotic machining. This use-case is proposed
as contribution for addressing automatic optimization of robot stiffness in order to minimize
deviations due to the robot compliance in a machining task using the functional DoF of the
milling process, implemented into a general and changeable approach.

• Optimized Sensing Strategy for Robotic Deburring

Robots are accessible and universal machines which could enhance the productivity when deburring
is required. However, robots are still not widely used in industry for this purpose mainly due
to the lack of accuracy and complex programmability. In comparison with the robotic milling
process, more sensor-based applications have been proposed for the deburring task. Examples
of offline (Subsection 2.6.1) and online (Subsection 2.6.2) programming and compensation have
been referenced. The facility of sensing properly single defined product features, such as edges,
with nowadays available sensors is one of the reasons for the online trend.

Sensor-based systems are becoming more popular in the industry and the scientific community
due to the accessibility of these components. 2D and 3D sensors and computational systems such
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as Programmable Logic Controllers (PLCs) or computers are nowadays available for industrial
implementation. However, they are not widely implemented in SMEs due to their complex
programmability. OLP systems are tools which could be used for facilitating and enhancing the
programming experience also when sensors are available. Other authors such as Dietz, Schneider
et al. (2012) share also this opinion, by finding that an offline program generation system which
incorporates sensor information, CAD models, and human input can effectively reduce the overall
programming effort.

Following these ideas, a system which programs itself automatically by taking into account
optimized sensing will be of advantage for industrial applications. While programming sensor-
based or sensor-guided systems, difficulties such as not seeing the targeted feature or the proper
fixing of the visibility area in respect to the workpiece is a time-consuming and a tedious work
for programmers. To the best knowledge of the author, there is up to date no development of
such optimization sensing strategy for the robotic deburring processes. This sensing strategy
implemented in the general approach is the main contribution of this use-case. Therefore, in
order to improve the programming experience, a system which optimizes the sensing criteria
automatically for a 2D sensor-guided deburring system is proposed as the third use-case of this
dissertation.

• Automatic Close-to-Optimal Workpiece Positioning for Robotic Manufacturing.

A specific aspect on the robotic programmability is the workpiece positioning. Even though this
is a general problem in the programming of robotic manufacturing task, only few and case-specific
solutions are to be found in literature as reported in Subsections 2.4.4 and 2.5.3 for the welding
and milling use-cases, respectively.

For the workpiece positioning most of the in the literature presented developments are related
to the time-sequencing optimization or task planning and not to the optimization of the actual
motion during the execution of the manufacturing process in respect to manufacturing criteria.
All the reviewed publications are stand-alone implementations for specific use-cases. A general
architecture and approach has still not been clearly defined. This deficiency is attributed to the
lack of a proper model-based approach for handling different processes and optimization criteria
in order to automatically optimize RMPs.

To overcome these deficiencies and to improve the programming experience of RMPs, as further
contribution, the automatic close-to-optimal workpiece positioning for robotic manufacturing
is addressed as an extension on the presented use-cases. The general approach for the close-
to-optimal workpiece positioning is presented in Section 3.5. Exploration of the changeability
and optimization in two processes is addressed. The first one is the welding case in which the
optimal orientation in respect to the product feature is optimized in the path planning phase
and a minimum joint movement and gravity cost are also used as criteria while positioning the
workpiece by using the DoFs of a rotatory table (refer to Subsection 4.5.4). The second use-case
presents the positioning of the workpiece in which the robot stiffness is optimized during path
planning in a machining table (refer to Subsection 5.5.4).
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3 The Automatic Optimized Offline
Programming Approach for Robotic
Manufacturing

This chapter describes the approach and architecture of the path generation for solving the stated
problem. This approach is named Automatic Optimized Offline Programming (AOLP) for robotic
manufacturing processes due to its automation compared to the offline programming. Section 3.1
introduces the proposed model-based description of the robotic manufacturing process. Section 3.2
defines the robotic manufacturing process configuration space. Section 3.3 formulates formally the
AOLP problem. These sections offer key definitions for detailing the approach and architecture. Section
3.4 describes the approach based on the definition of the model-based structure. Section 3.5 extends
the general approach with the automatic close-to-optimal workpiece positioning. Section 3.6 outlines
the general architecture of the path generation. Finally, Section 3.7 concludes this chapter.

3.1 Proposed Model-based Description of the Robotic
Manufacturing Process

As identified in Section "Proposition" (2.7), the Product, Process, and Resource (PPR) model is a
well-defined and developed categorization for describing Robotic Manufacturing Processes (RMPs).
Therefore, this model is adopted and further developed in this contribution. Some of the existing models
are adopted and some are further developed in order to establish the approach and the architecture.
The following sections detail the product, the process, and the resource models. Moreover, the definition
of feasible region is provided. Figure 3.1 depicts the general model-based description of the RMP
which constitutes the input for the approach and architecture. Each input is introduced in the next
subsections (from 3.1.1 to 3.1.3).

The RMP is defined with homogeneous transformations (T ) describing the relative poses of the
PPR components. The rotation matrix of the homogeneous transformation is denoted with the symbol
R. The world coordinate system (w) is fixed. The pose of the product p is expressed in the world
frame by the transformation T p

w. From the product frame, the process frame (proc) is defined with the
transformation T proc

p constituting the transformation chain of the RMP. The robot TCP is commanded
to the T proc

w frame in order to perform the task. Figure 3.2 depicts the described transformations.
The approach and implemented architecture compute automatically the transformations taking into

account the PPR model-based description. The transformation T p
w is computed taking into account the

CAD model of the product, the product features selected by the end-user, and the equations associated
to each product feature. This transformation constraints the desired translation and orientations of the

49



Chapter 3 The Automatic Optimized Offline Programming Approach for Robotic Manufacturing

O
LP

P
ro

ce
ss

m
od

el
s

R
M

P
In

pu
ts

:
P

P
R

m
od

el
an

d
ta

sk
sp

ec
ifi

ca
ti

on

R
ob

ot
m

od
el

s
End-user task specification over OLP

STEP
format

Manufacturing
task description

STL
Converters

STL
Format

Process models in
XML

Parameterization
of the robot in

AML

Optimal process
criteria

Model Software

P
ro

du
ct

m
od

el
s

C
A

D
So

ft
w

ar
e Product

Process

Resource
Robot

Figure 3.1: Approach and architecture inputs: model-based description of the RMP. With images
from (Craig 1989, Dolgui and Pashkevich 2004, Slavkovic, Milutinovic et al. 2014, Schneider,
Diaz Posada et al. 2015).

w

T p
w

proc

p

T proc
p

TCP

Figure 3.2: World, product, and process coordinate systems and their transformations.

product coordinate frame. Two interpretations of the transformation T p
w are defined leading to different

strategies (the single and the multiple problem strategy) for defining the path planning problem. Refer
to next subsection for further detail of the strategies. The transformation T proc

p is defined taking into
account the process model specified in an XML format. This transformation specifies the constraints
and DoFs of the process. Based on this model-based structure, detailed specified in next subsections
for each of the PPR components, the automatic interpretation and planning takes place into a defined
C-space for computing the RMP optimized paths.
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3.1.1 Product Model

The product model is the representation of the workpieces which have to be manufactured. The product
models used in this approach and architecture are based on the CAD formats of the workpieces. These
models are denoted as (P). Parametric and mesh models (i.e. STEP and STL, respectively) are used
in order to take advantage of each modeling type.

In this implementation, STL files are used for the final visualization in the simulation and for
the collision detection as described in Subsection 3.2.1. The mesh models have as an advantage the
characteristic of representing surfaces better by tiling them into other shapes such as triangles.

The STEP models are adopted for identifying geometric features such as points, lines, curves,
and circumferences, among others. This is a key factor in the implementation of this approach and
architecture. State-of-the-art software allow the modeling of products based on the specification of
these features and their encoding in a semantic way in formats such as the STEP format.

In the implementation of the optimized path planner, STEP files are used for the generation of
the manufacturing task description as presented by Kuss, Ksensow et al. (2017). The manufacturing
task description offers, based on the STEP model of the product, the possible features which could be
manufactured. This information is linked to the simulation environment for allowing the selection of
product features from the simulation. This selection in conjunction with the process model setting
(refer to Subsection 3.1.2) and the definition of the validity functions (refer to Subsection 3.2.1) defines
the task specification.

A further contribution to the existing parametric models of products is the implementation of mathe-
matical equations in software for their interpretation in a path planning problem. Each different feature
in a product model is related to a function which generates an equation symbolically in software. These
features could be for instance lines, curves, or circumferences describing the product. Parameterized
equations are generated in the world coordinate system taking into account the transformation T p

w

and the information of the CAD file which is encoded relative to the p frame. Differentiation between
the translational and rotational components of the homogeneous transformations is addressed in this
model-based approach. The parameterization is explained below.

Parameterization of the Product Models

The variable k is introduced for parameterizing the equations describing the product. Parame-
terizations addressed in this work for the translation features are one-dimensional and can thus be
represented by this variable. The constant kg is designated to represent the end of the path over the
variable k and the constant ks for the start. The constant kd is introduced for notating the end of
the parametrization of a single product feature. In the use-cases presented, the constant kd has been
defined as 100. This constant is kept as defined over all the path plannings and shown C-spaces and
costmaps in this document. The constant 100 is introduced to represent the parametrization as a
percentage scale [%] over the product feature. This constant can be changed in the software if desired.
For each feature, the length denoted as l can be computed from the CAD geometry and the assigned
model-based equation in case of being required.
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The simplest example of product features is for the linear ones. The description of the translational
component of the homogeneous transformation for these features consists of the parameterized line
equations in the Cartesian space by having as input the start (s) and goal (g) position vectors (�V )
of each of the line features (�Vsm and �Vgm respectively defined in the product coordinate system p).
Each selected feature regardless of its type (e.g. linear or circumferential) is identified with m ∈ N.
The number of features selected by the end-user in the simulation is denoted by u ∈ N. The global
position of the line is known in the simulation due to the fact that the transformation from the world
coordinate system to the origin of the product coordinate system is determined (T p

w). Figure 3.3a
depicts the linear feature. Equation (3.1) describes the parameterization of a linear product feature
(below the Figure 3.3a).

The optimal or reference rotational definition of the homogeneous transformation for each product
feature is defined as a specific model for each process using quaternions (q) depending on the manu-
facturing characteristics. For instance, if a linear feature model identified with m demands constant
orientation, this is defined by having as input the start quaternion qsm, and then computing the optimal
rotation matrix. This is denoted as follows, Rsm = Rq(qsm). The function for calculating a rotation
matrix from a quaternion is denoted as Rq. The goal quaternion is denoted as qgm.

Quaternions are addressed for the generation of equations of the product on this approach because
this rotational representation is singularity-free as opposed to other descriptions such as the Euler angles.
This is an important characteristic when interpolating or parameterizing rotations. Nevertheless, the
end-user parameterizes conventions of orientation in Euler descriptions which are more intuitive. The
setting of values for α, β, and γ being the rotations around �x, �y, and �z respectively are accessible to
the end-user for manipulating the product in an AML configuration format. Note that if required,
the rotational component is also parameterized with respect to k. An example of this is the optimal
rotation interpolation definition between intersections among product features (detailed described in
the coming Subsection 4.2.1) or the definition of optimal orientations for circumferential features.

Further examples of features are the semi-circumference and the circumference. Figures 3.3b and 3.3c
depict these features. For parameterizing the translation of these features, rotational information is
also required. A convention is defined in the simulation environment in which the �x vector is parallel to
the tangent of the circumference and the �z vector parallel to the normal vector of the circle for defining
the product. Robot directions, defined with the �x vector for instance, can be adapted by the end-user
as desired. The center of the circle �cm and its circle radius | �rm | can also be determined by geometry.
These inputs are used in order to define the translational constraints of the semi-circumference and
circumference paremeterized with k as described in Equations (3.2) and (3.3), respectively (below
Figures 3.3b and 3.3c).

Taking advantage of the product translation description, the orientation is also parameterized with k

for defining the product orientation convention through all the feature. By having the start orientation
Rsm = Rq(qsm) of the semi-circumference or the circumference, the orientations are parameterized
w.r.t. the k dimension. As example for the semi-circumference, at the end of one feature (k = 100), the
final orientation describing the product qgm rotates 180 Degrees (Deg) around �z. For the circumference,
this rotation is of 360 Deg. Figures 3.3b and 3.3c depict the parameterization of orientation for the
circumferential features. The described parameterizations are set as equations in the transformation
T p

w.
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)
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Figure 3.3: Product models of translational constraints for different features.

Product Interpretation Strategies for Multiple Continuous Features

For multiple continuous features, the path generation problem can be defined as a single problem
by concatenating the selected features or as a multiple planning problem (one problem per feature).
The approach has been programmed in order to analyze both cases by defining different strategies
for interpreting the product (the multiple or single problem strategies). Figure 3.4 depicts these
two product interpretations with the example of a product with three features (two linear and one
semi-circumferential). The programmer defines if the interpretation must be approached as one or
as multiple problems. The variable � is introduced for this implementation, defining the number of
problems. Product strategy interpretations are then addressed in the modular-based concept as the
nature of the process demands it. This is one advantage of the proposed approach. The two different
strategies are defined below:

T p
w =

⎧⎪⎪⎨
⎪⎪⎩

T p
w ∈ [0, 100)

T p
w ∈ [100, 200)

T p
w ∈ [200, 300]

⎫⎪⎪⎬
⎪⎪⎭

k = 0

k = 100

k = 200

k = 300

(a) Illustration of the single problem strategy.

1T p
w 2T p

w

3T p
w

k = 0

k = 100

k = 200

k = 300

(b) Illustration of the multiple problem strategy.

Figure 3.4: Illustrations of the different product interpretations.
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3.1.1.1 Single product interpretation and problem strategy

For the single problem strategy, piecewise equations for the handling of multiple features on a product
are defined. The piecewise equations concatenate the product models defining a single model for several
features. The piecewise intervals are defined with respect to the specified kd constant and the number
of the features specified in the problem (u). Note that each product feature description in this research
is a continuous model of the translation and the rotation defining the product.

Algorithm 1 describes the automatic interpretation of a single u = 1 or multiple-continuous linear
features u > 1 with constant orientation interpreted using the single problem strategy. In both cases,
the number of path problems is one (� = 1). The output of this algorithm is the transformation world
to product T p

w(k) parameterized in k with u number of piecewise equations. This transformation is
denoted with Equation (3.4) Note that the output of this algorithm is an equation. The automatic
generation of equations related to the products is one of the key features on the implementation of the
model-based description in the software. The translation and rotational components vary depending
on the type of model associated with each product feature. In Algorithm 1, parameterized linear
components are specified as an example. However, if other feature types are selected, such as the
semi-circumference, its specific equation is then defined in the translational component of T p

w. If
the rotations are also parameterized with respect to k, the equations are defined to the rotational
component of T p

w. Rotational parameterizations are defined for each use-case specifically as in the
welding use-case (refer to Subsection 4.2.1).

Algorithm 1 Algorithm for automatic interpretation of linear features with constant orientation in a
product with single problem strategy.

Input: (�Vs1 ...�Vsu),(�Vg1 ...�Vgu),(q
s1...q

su
), u, kd

Output: T p
w(k) {automatic generated equation} (3.4)

1: T p
w

(
DoFp

)
= T p

w(k) =

2:

[
Rq(q

s1) �Vs1 + ( k
kd

)(�Vg1 − �Vs1)
0 1

]
, k ∈ [0, kd]

3: if u > 1 then
4: for m = 2 to u do

5:

[
Rq(q

sm
) �Vsm + ( k

kd
)(�Vgm − �Vsm)

0 1

]
, k ∈ ((m − 1)· kd, m· kd]

6: m = m + 1
7: end for
8: end if
9: return T p

w(k)

Advantage of using the single problem strategy is that just one planning problem is defined for
treating several product features generalizing the implementation. Disadvantage of this strategy is the
impossibility of implementing heuristics or algorithms to control the movements between features in
the problem definition phase. Note that due to the piecewise equations and the definition of one path
planning problem for treating several features, in case of discontinuities over the robotic manufacturing
process Configuration Space (C-space) (detailed defined in Section 3.2) these are not properly handled
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when changing from one feature to the next one. Therefore, this strategy is suitable when the C-space
describes a continuous costmap such as the welding use-case (refer to Chapter 4). Note that these
discontinuities are case-specific and appear on the C-space due to the relation between the definitions
of the process manufacturing optimality and the product features.

3.1.1.2 Multiple product interpretation and problem strategy

If a multiple problem strategy is selected, then the product model is an array of homogeneous
transformations T p

w(k) relating the model of each feature. The left superscript notates the identifier
of the path generation problem as in Equation (3.5). If a multiple problem strategy is selected, then
� = u, defining for each selected feature a path generation problem.

A multiple problem strategy allows the proper avoidance of discontinuities of the costmap defined by
the optimal definitions for the RMPs for some state cost and product definitions, such as in the milling
use-case (refer to Chapter 5). the avoidance of discontinuities is achieved by implementing a heuristic
algorithm for constraining the goal state of one feature and the start state of the next one in the path
problem definition phase. Here the orientation in SE

3 and the evaluation of manufacturing optimiality
are constrained to not deviate significantly. As disadvantage, this strategy demands the software
to iterate the interpretation, the path problem configuration, and the sampling and optimization, u

numbers of times. This represents longer computational times for the sampling and optimization. The
difference between sampling and optimization computational times for both strategies can be observed
in the robotic milling use-case (refer to Subsection 5.5.2).

⎛
⎜⎜⎜⎜⎜⎝

1T p
w

2T p
w

...
�T p

w

⎞
⎟⎟⎟⎟⎟⎠ (3.5)

3.1.2 Process Model

The process model in this thesis is defined geometrically and through state and motion cost formulations
as described in next subsections.

3.1.2.1 Geometrical Definition

The process model (PROC) is geometrically defined with the homogeneous transformation denoted as
(T proc

p (·)), meaning the transformation from product to process. The orientation is defined using the
Euler convention, which is more intuitive for the end-user for defining the constraints and DoFs of the
manufacturing process. The description is performed locally, meaning with respect to the coordinate
system of the features of the product.

A fixed transformation from the product to the process is defined with the constants (x, y, z, α, β, γ)proc.
The DoFs of the process (DoFproc) are defined depending on its nature and set as the allowed transla-
tions and rotations of the transformation T proc

p (·), i.e. (δx, δy, δz, δα, δβ, δγ)proc. Note that depending
on the process some of these DoFs may be fixed. Equation (3.6) states the homogeneous transformation
from product to process of a general manufacturing process. The function Reul calculates a rotation
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matrix from the angles describing the orientation given in Euler convention. The fixed transformation
and the DoFs including their ranges are defined via XML format. The ranges are defined by specifying
the maximal and minimal deviations for each DoF (e.g. αmax and αmin for the rotational DoF δα).
Figure 3.5 depicts the process model, the transformation product to process T proc

p and one rotatory
DoF of the process δα, as example with a welding torch and a workpiece.

Examples of the XML process models are given in Listings 4.1 and 5.1 for the welding and milling
process in Chapters 4 and 5, respectively. The XML file with the process parameters is linked from a
general AML file which describes the robot cell.

T proc
p

(
DoFproc

)
= T proc

p

⎛
⎜⎜⎝

δx, δα,

δy, δβ,

δz, δγ

⎞
⎟⎟⎠

proc

=

⎡
⎢⎢⎢⎢⎢⎣

Reul

⎛
⎜⎜⎝

α + δα

β + δβ

γ + δγ

⎞
⎟⎟⎠

proc

⎡
⎢⎢⎣

x + δx

y + δy

z + δz

⎤
⎥⎥⎦

proc

0 1

⎤
⎥⎥⎥⎥⎥⎦ (3.6)

T proc
p

(p)

(proc)
αmin

αmax

Figure 3.5: Illustration of the process model and the product to process transformation T proc
p .

3.1.2.2 State and Motion Cost

The state and motion cost are defined in a general way in this subsection. These concepts are
intrinsically related to the manufacturing process and describe the evaluation of optimality of a robotic
manufacturing process. Specific definitions of state and motion cost for each manufacturing use-case
are given in Sections 4.3, 5.3, and 6.3 for the robotic welding, milling, and deburring use-cases.

State cost

The state cost defines how expensive a specific robot configuration is for the manufacturing process.
The state cost definition for the proposed approach defines the optimum at zero or at the minimum
possible value. This definition is of importance for the reuse of algorithms in the approach. Other
definitions could be applied, but this will represent changes in the algorithms. Figure 3.6 depicts two
state costs si and si+1 in a two dimensional C-space defined by δα and k. The dimensions δα and k

have been defined as example. The extra dimension defines the state cost Cs of each state which is
computed with the function Cs(·). Note that the state cost can be defined for any dimensionality. The
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3.1 Proposed Model-based Description of the Robotic Manufacturing Process

state cost is a discrete evaluation of the optimality for just one specific state. The evaluation of the
state cost through all the C-space defines the denominated RMP costmap or state elevation map for
the manufacturing process model.

si+1Cs

Cs(si)

ki

ki+1
δαi+1

δαi

Cs(si+1)si
Integral
cost

Figure 3.6: Illustration of the state cost.

Manufacturing Motion Cost

Based on the definition of state cost, the manufacturing motion cost CM computed with the function
CM(·) is defined as the cost of the robot movement over the interconnected states through all the path
(σ). This cost is specifically related to the manufacturing process itself.

Two main types of manufacturing motion cost are used in the presented use-cases, the integral
and the mechanical motion cost. Further extension of these costs, available in the OMPL source
code (Kavraki 2017), allow taking into account the k parameterization which defines the constraints
of the product model over the path σ (refer to Section 3.1.1). The integral cost charges the motion
based on the area defined under connected states (see the lines connecting the states forming areas in
Figure 3.6). For the welding use-case (refer to Subsection 4.3.2) and the sensing strategy optimization
(refer to Subsection 6.3.2) the integral motion cost has been implemented. The integral motion cost is
denoted as follows,

CM(σ) =
∫

Cs dk. (3.7)

The mechanical cost charges the motion depending on the slope between states for keeping the path
on the valleys of the RMP costmap. The mechanical work motion cost has been developed to compute
motions that minimize the climbing of high-slope regions on elevation maps of the terrain (Jaillet,
Cortés et al. 2008). As defined by Jaillet, Cortés et al. (2008, p.2146), the idea of the mechanical work
is that “positive variations of the parametric cost function can be seen as forces acting against motion
and thus producing mechanical work. We propose to use this loss of ‘energy’ induced by the mechanical
work for measuring the quality of a path. In the case of negative variation of costs, the system does
not lose any energy. Then, a small penalty proportional to the distance is added in order to favor
shortest paths of equal mechanical energy”. The mechanical cost is defined for a path σ, with σ+ as
portions of the path with positive slopes and with ε as a small penalty proportional to the distance
adapted from the definition proposed by Jaillet, Cortés et al. (2008) as follows,

57



Chapter 3 The Automatic Optimized Offline Programming Approach for Robotic Manufacturing

CM(σ) =
∫

σ+

δCs

δk
dk + ε

∫
σ

dk. (3.8)

The mechanical cost is implemented in the milling use-case where it is used in synergy with the T-RRT
algorithm for optimizing the robot stiffness (refer to Subsection 5.3.2). Selection of the mechanical cost
for this use-case is due to the need of avoiding high-slope regions over the RMP costmap. Note that
for any use-case presented in this research both costs could be adopted.

Backward motion policy cost

Several manufacturing processes demand movements just in one direction including the three use-
cases presented. Therefore, a policy cost Cp defined with the function Cp(·) is introduced in order
to avoid undesired backward motions. This policy cost is implemented taking advantage of the
parameterization k, which constrains the translation of the product features. Thus, if a movement
is attempted by the sample-based algorithm in the negative direction (from ki+1 to ki as depicted in
Figure 3.6), then an infinite cost is assigned as described in Algorithm 2 in order to avoid that motion.
Note that the infinite cost is assigned in software with a large number.

Algorithm 2 Backward motion cost policy.
Input: ki, ki+1

Output: Cp {cost policy if backward motion must be avoided}
1: if (ki+1 < ki) then
2: return Cp = Cp (ki, ki+1) = ∞
3: else
4: return Cp = Cp (ki, ki+1) = ∅

5: end if

Angular velocity motion cost

The angular velocity motion cost is defined as the rate of change between the k parameterization of
two generated samples (ki and ki+1) for the angle describing a rotatory DoF of the process. Based
on this definition, this motion cost is implemented in order to constrain the angular velocity with
respect to (w.r.t.) the k parameterization. For setting this, a maximum admissible angular velocity
(| rmax |) and the desired angular velocity (| rd |) both w.r.t. the k parameterization, defined with units
[Deg

% ] for one rotational DoF, have to be specified by the end-user. Constants | rmax | and | rd | are
parameterized as positive quantities, representing positive and negative ratios in the path planning.

Given these inputs, equations are defined for penalizing undesired ratios. For implementing these
equations in a general way, the given end-user inputs are normalized in a range from 0 to 1. The
ratio border value is defined as bv = |rd|

|rmax| representing the desired angular velocity in the normalized
scale. The normalized angular ratio (ar), for one rotational DoF (δα for instance), is defined as in
Equation (3.9) and dictated by the interconnection trials done by the sample-based algorithm. Using
the previous definitions, a ratio cost factor (rc) is defined for constraining the ratios w.r.t. k, as defined
in Algorithm 3, where r1 and r2 are constants and h the power factor.
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Equations and parameters defining the ratio cost factor are heuristically defined based on the common
manufacturing costmaps of the C-spaces for a certain process. Different equations and parameters can
be defined depending on product, processes, and cost functions by the developers of software modules.

The equations of Algorithm 3 have been parameterized with r1 = 1, r2 = 100, and h = 2; and tested
for the welding use-case (refer to Subsection 4.5.2). Ratio cost factors for different ratio border values
are plotted for the spectrum of the normalized angular ratio in Figure 3.7. The normalization allows
the generalization of this heuristic and therefore | rmax | and | rd | are specified in the implemented
use-cases (as in Subsection 4.5.2).

ar =
| ki+1 − ki | · | rmax |

| δαi+1 − δαi | (3.9)

Algorithm 3 Algorithm for computing the ratio cost factor.
Input: ar, bv, h

Output: rc {ratio cost}

1: if (ar > 1) ∨ (ar < 0) then

2: return rc = ∞ {ratio cost policy}

3: else if ar ≤ bv then

4: return rc = −r1·(ar−bv)h

(bv)h + 2 {ratio cost for rates slower than bv}

5: else if ar > bv then

6: return rc = r2·(ar−bv)h

(1−bv)h + 2 {ratio cost for rates faster than bv}

7: end if
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Figure 3.7: Ratio cost factor rc versus the normalized angular ratio ar for different ratio border values
bv in order to constrain the angular velocity w.r.t. k.
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Total Motion Cost

The total motion cost is the weighted sum of the manufacturing motion cost, policies, and further
costs implemented in order to constrain the motions of the planning approach. The manufacturing
motion cost and the backward motion policy cost (Cp) were described above. Moreover, an angular
velocity motion cost (rc · CM ) has been also implemented to constrain angular velocities taking into
account the costmap of the RMP C-space. Detailed definitions of these costs were given above.

Weighting factors are provided in order to define the prioritization of the optimization. The weighting
factor wM , set between 0 and 1, defines the average in which the manufacturing motion cost must be
taken into account with respect to the angular velocity motion cost. The weighting factor wp, set as 0
or 1, defines if backward motions must be avoided. The total motion cost Ct and its function Ct(·) is
defined as the sum of the motion costs and policy costs prioritized with weighting factors as defined by
the end-user as denoted in the following equation,

Ct = wM · CM︸ ︷︷ ︸
Weighted manufacturing

motion cost

+ (1 − wM ) · rc · CM︸ ︷︷ ︸
Weighted angular

velocity motion cost

+ wp · Cp︸ ︷︷ ︸
Backward motion

policy cost

(3.10)

The definition of state and motion costs and the transformation T proc
p in which the constraints and

DoFs of the process are specified allow the description of the manufacturing process. These definitions
are implemented in the modular-based structure in order to allow the changeability of process models.
Specific process transformations and state and motion costs are defined in Chapters 4, 5, and 6 for the
robotic welding, milling, and deburring use-cases.

3.1.3 Robot Model

The robot models (ROBOT) used in this work are adopted from existing models in the literature
as stated in the state of the art (refer to Subsection 2.2.4). The robot Denavit-Hartenberg (DH)
parameters for describing the specific robot kinematics are defined based on the information obtained
from the robot provider datasheet. Rotations of joint servomotors are described around the �z axis
of each joint frame. This setting is performed using the AML file which specifies the robot cell.
The spanned configuration space due to the robot joints is defined as J and named the robot joint
space. Another robot model used is the robot joint compliance model which is described in detail in
Subsection 5.2.4.

The forward kinematics is defined as x = FK(j) in which xT = [x, y, z, α, β, γ]robot defines a pose
of the TCP in SE

3 with x, y, and z for the translation and α, β, and γ for the rotation around
the translation components, respectively. The notation j[6x1] represents the robot joint positions in
joint space (being of 6 dimensions for an industrial manipulator). Each joint frame is denoted with j

following the number referring to the joint. The forward kinematics is parameterized and implemented
using the Denavit-Hartenberg (DH) notation (Craig 1989, Siciliano, Sciavicco et al. 2010).

The inverse kinematics is defined as j = IK(x) and it has been implemented with the geometrical
approach similar to the one described in (Siciliano, Sciavicco et al. 2010) decomposing the problem in
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two decoupled problems. Specifically, the solution for manipulators with a spherical wrist has been
implemented in the simulation environment. Due to the fact, that the last three consecutive revolute
joint axes intersect at a common point, first the robot wrist position is calculated from the TCP pose.
Then, the inverse kinematics for the first three joints is computed by taking into account the solution
of the 3 DoF anthropomorphic arm. Finally, the inverse kinematics of the orientation (three last joints)
is computed as the solution of the spherical wrist.

Due that the inverse kinematics has multiple possible solutions, its software function is constrained to
one solution by setting the front/back position, the elbow up/down or the wrist up/down configurations.
Results presented in this work are configured with a front position, elbow up, and wrist down configu-
rations, which resembles manufacturing operations in the evaluated cells. Moreover, all automatically
generated programs for manufacturing have been run in Cartesian space because the real calibrated
parameters of the robot kinematics in their controllers are unknown and the final manufacturing
process quality is highly dependent on this calibration. In the proposed path planning approach robot
singularities could be avoided by charging the movement between two robot configurations when the
robot joint velocities overpass a higher threshold.

3.2 Robotic Manufacturing Process Configuration Space (RMP
n)

The Robotic Manufacturing Process (RMP) Configuration Space (C-space) is defined as a C-space in
which the product translational constraints and the optimal orientations through a product feature are
set in one dimension and the further DoFs of the process as further dimensions. Definitions of cost
functions, which may include robot models, are associated to the C-space for evaluating each robot
configuration in order to allow the optimization of RMP paths.

This novel configuration space is proposed for allowing and simplifying the computation of optimized
paths for robotic manufacturing. This C-space is denominated the robotic manufacturing process
configuration space (RMP

n) and it is used jointly with the Cartesian space (SE3) and the joint space
(J). The dimensionality of this space is denoted with n. In the use-cases implemented, the maximal
dimension of this space is four, one dimension constraining the product features and three rotational
DoFs. Nevertheless, this space can be further extended to any dimensionality as required.

The functionality of this C-space is to relate motions with the product, process, and robot components
of a manufacturing system. The main goal of the inclusion of this C-space is the simplification of the
description of a manufacturing process. This is achieved by incorporating the PPR constraints into
this C-space and setting the common DoFs of the PPR components as dimensions. Figure 3.8 depicts
the involved C-spaces in the approach and their transformations.

The inverse kinematics j = IK(x) is used for transforming poses x from SE
3 to joint positions

j[6x1] in J, and the forward kinematics x = FK(j) for the other way around (both defined in
Subsection 3.1.3). Similarly, the function for transforming from RMP

n to SE
3 is introduced and

denoted as f(s) : RMP
n → SE

3, where s denotes a robot state. For the other way around, i.e. from the
Cartesian space to the RMP

n, no transformation is required on the implementations experimented in
this thesis because the path planning process happens in RMP

n. Instead, the information regarding the
feasibility of a state (refer to Subsection 3.2.1) and the state and motion costs (refer to Subsection 3.1.2.2)
are used in the sampling of this C-space for allowing the planning and the optimization.
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Robotic manufacturing
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Figure 3.8: Configuration spaces involved in the optimal path generation.

The transformation from the RMP C-space to the Cartesian space (f(s) : RMP
n → SE

3) is defined
based on the kinematic chain of the robotic manufacturing process. The product and process models
are taken into account depending the intended manufacturing process. The DoF of the product (DoFp),
characterizing the constraints and desired orientations, is parameterized with k. This defines the
transformation T p

w as described in Section 3.1.1. The transformation T proc
p is defined with the process

constraints and its DoFs (DoFproc). Equations for the translational components in the Cartesian space
and the quaternions describing the rotations are automatically generated by the approach as denoted
in the following equation,

f(s) = T p
w (DoFp) · T proc

p (DoFproc) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

x = fx(k) · fx(DoFproc)

y = fy(k) · fy(DoFproc)

z = fz(k) · fz(DoFproc)

q1 = fq1(k) · fq1(DoFproc)
...

q4 = fq4(k) · fq4(DoFproc)

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(3.11)

As stated in literature, the configuration space is a tool for formulating motion planning problems
precisely (Latombe 1991). The C-space is defined by Lavalle (2011, p.13) as, “the set of all rigid body
transformations that can be applied to the robot”. Up to date, no defined definition and/or approach
exist for defining C-spaces for robotic manufacturing processes. This is one of the main contributions of
this thesis. The task space is defined by Lynch and Park (2017, p.32) as “a space in which the robot’s
task can be naturally expressed. For example, if the robot’s task is to plot with a pen on a piece of
paper, the task space would be R2”. Similarly, the task space for robotic manufacturing processes
can be defined as R2 or R3. The RMP

n differs from the task space defined by other authors (Lynch
and Park 2017, Canudas de Wit, Bastin et al. 1996) because it relates product features entities (such
as lines or semi-circumferences) into one dimension, process related DoFs into further dimensions,
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and moreover includes the state cost for creating costmaps which represent the RMP for allowing
planning and optimization using sample-based algorithms. Note that the product features entities are
constraints interpreted as a DoF in the RMP C-space.

The main goal of the inclusion of the RMP C-space is the simplification of the manufacturing process.
This simplification is achieved by methodologically and automatically transforming the translation
constraints of the product and the optimal orientations with respect to the process into a DoF (the
dimension defined with k) and by interrelating this DoF with the DoFs and constraints of the process.

As example, Figure 3.9 depicts an RMP
2 and the mapping of samples to SE

3. The product consists
of two features: a semi-circumferential and a linear. The translational constraints and the optimal or
reference orientations of the product are set in the k dimension in the RMP

2. This example depicts
the setting of the C-space with the single problem strategy. For the multiple problem strategy, an
RMP

2 for each feature would be defined. The k dimension is set up to 200 because two features are
interpreted (100 percentage per feature). As example, the dimension δα is defined for the DoF of the
process. The maximal and minimum deviations from the optimal or reference orientation are defined
with the variable αmax and αmin, respectively. The following subsection describes the feasible region of
the RMP

n.

SE
3

RMP
n

f(s) : RMP
n → SE

3 semi-
circumferential
feature

linear
feature

k = 0

αmax

linear
semi-

circumferential
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orientation
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Figure 3.9: Example of the RMP C-space and the mapping of samples to the Cartesian space.

3.2.1 Feasible Region of the Robotic Manufacturing Process Configuration Space

The feasible region of the robotic manufacturing process configuration space is defined as all the states
in the RMP

n that are mapped to valid robot configurations in SE
3 through f(s). The feasibility is

defined as the binary discrete decision (true or false) of the validity of a robot configuration. In
this implementation, the functions of collision detection, maximal joint limits, and reachability are
considered for defining the feasibility. Use of these functions is decided by the end-user on the software
GUI (refer to Section 3.6). If more than one function is selected, a conjunctive decision is conducted.

The software function for determining feasibility is defined as IsValid(·) → True ∨ False, stating this
the validity or non-validity of a state. The infeasible region denoted Sunfree is the set of all non-feasible
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states. The feasible region or workspace of the C-space is defined as Sfree = RMP
n \ Sunfree. The

validity functions which define this region are defined below.

Collision Detection

The implemented collision detection function is based on the "faster triangle-triangle intersection
tests" (Devillers and Guigue 2002). This method computes whether or not two triangles in the Cartesian
space intersect. An open-source code (Guigue and Devillers 2003) has been used in the simulation
environment for implementing this method. The STL product models and the STL models of the robot
joints and further objects in the scene, defined by triangles, are loaded into the simulation environment
and their position and orientation can be manipulated as desired. In this way, collisions between
entities such as the product and the robot can be computed.

First testing collisions within the bounding boxes allows to speed up the computation. The bounding
boxes method determines a closed volume that completely contains the object. Heuristics functions are
also applied to improve the computation, such as the one that robot joints can not collide if the joint
limits are set. The validity function first identifies if the bounding boxes triangles collide. Just in case
they do, the collision analysis between STL objects is also performed. The final result of this function
is the true or false determination of collision for a given configuration of the objects in the workspace.

Maximum Joint Limits

The maximum joint limits function determines if the joints are in the defined range. The minimum
(minji) and maximum (maxji) joint limits are specified for each robot joint (i) based on the information
provided by the providers. These limits are specified by the end-user in the AML file. This functionality
avoids the generation of infeasible paths and programs in the OLP software saving programming time
in the implementation phase. The following equation describes this function,

true if,
{

minji ≤ ji ≤ maxji

}
. (3.12)

Reachability

The robot reachability is defined as the robot ability to move its joints in order to reach an specific
pose. Figure 3.10 depicts the robot lengths and transformations involved in the computation of the
reachability. The orientation of the robot base (rb) coordinate system is the same as the one of the
world frame (w) depicted in black.

The robot reachability evaluation is defined here based on two heuristic evaluations. For this
evaluation the �Xw vector is defined from the coordinate frame of joint two to the coordinate frame
of joint five of the robot. Note that �Xw defines the start of the robot wrist. The first heuristic is
if the x and y components of �Xw vector are in between a range defined by εx and εy respectively(
| �Xw,x | > εx

)
∧
(
| �Xw,y | > εy

)
. This range delimits an unreachable volume close to the robot base

taking into account also the z dimension. The second heuristic is if the norm of the vector �Xw is less
than the addition of the lengths of joint two (l2), three (l3), and four (l4) obtained for each robot from
their data-sheets and configured for each use-case via the AML file

(∥∥∥ �Xw

∥∥∥ < (l2 + l3 + l4)
)
.
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The vector �Xw is computed taking into account the desired transformation from the robot base (rb)
to the TCP (T tcp

rb ) which is composed of the desired rotation matrix Rdes and position vector �Xdes.
The notation �Vj2→rb defines the vector from the coordinate frame of joint two to the robot basis. The
computation of reachability is summarized in Algorithm 4. DH notates the Denavit-Hartenberg data
structure containing the robot lengths.

T tcp
rb

�Xw

l2

l4 l3
l5 + l6

�Vj2→rb

(rb)

(tcp)

x
z

y
(w)

Figure 3.10: Robot lengths and transformations involved in the heuristic for the reachability computa-
tion.

Algorithm 4 Heuristic for reachability computation.

Input:
(

DH, T tcp
rb =

[
Rdes

�Xdes

0 1

])

Output: Reachability
�Xt = �Xdes − Rdes · [0, 0, l5 + l6]T

�Xw = �Vj2→rb + �Xt

C1 = True ∨ False ←
((

| �Xw,x | > εx

)
∧
(
| �Xw,y | > εy

))
C2 = True ∨ False ←

∥∥∥ �Xw

∥∥∥ < (l2 + l3 + l4)

if C1 ∧ C2 == True then
return Reachability = True

else
return Reachability = False

end if

3.3 Formal Problem Formulation

The following path generation problem is defined for addressing improvements in the programmability
and reconfigurability of robotic manufacturing systems while providing manufacturing quality.
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Given:

1. a workspace W ; for the object of this study W ∈ SE3, where SE3 denotes the Cartesian space in
which the robot cell is simulated.

2. a PPR model (refer to Section 3.1) consisting of

a) a Product model, denoted as (P);

b) a Process model, denoted as (PROC);

c) and a Resource model, which for the object of this study is a six joint articulated robot,
denoted as (ROBOT);

3. a task specification (refer to Subsection 3.1.1);

4. and a total manufacturing cost Ct =
i=d∑
i=0

wiCi(·), where d is the number of different motion cost

functions Ci(·) and wi their weighting factors (refer to Subsection 3.1.2.2).

Compute automatically and offline a feasible path: σ : [ks, kg] ∈ RMP
n, with ks, and kg being the

real numbers parameterizing the start and goal of a geometric product feature respectively, such that
f (σ(ss)) : RMP

n → SE
3 = xs and f (σ(sg)) : RMP

n → SE
3 = xg.

And optimize the path (σ∗) with respect to the total manufacturing motion cost for improving
the RMP, Ct(σ∗) = min{Ct(σ) : σ ∈ Sfree} .

Where ss is the start state, constrained by k = ks; and sg the goal state, constrained by k = kg. The
notations xs, xg are the start and goal optimized configurations in SE

3 satisfying the RMP constraints;
and the RMP

n, the C-space interpreted based on the PPR model-based components.

After the formal definition of the problem, the proposed approach and architecture for solving it are
described in the next sections.

3.4 Proposed Approach: The Automatic Optimized Offline
Programming

The Automatic Optimized Offline Programming (AOLP) is an approach based on the further de-
velopment of the widespread PPR model as described in Section 3.1 for configuring automatically
state-of-the-art sample-based path generation algorithms in order to optimally solve a robotic manu-
facturing task. The approach is proposed with the goals of simplifying the programming of a robotic
manufacturing process, and of decreasing the dependency of robot experts in the re-configuration phase.
For describing the approach, the definitions of the PPR model (refer to Section 3.1), the RMP

n and
its feasible region (refer to Section 3.2), and the formal problem formulation (refer to Section 3.3) have
been introduced for facilitating its explanation.

The solution approach consist of three main steps as depicted in Figure 3.11: (1) the systematic
interpretation of the manufacturing process using as inputs the model-based description of the PPR
(from step 1 to 4 in Figure 3.12), (2) the automatic configuration of a state-of-the-art optimal sample-
based algorithm and a path planning problem in the interpreted RMP

n (from step 5 to 8 in Figure 3.12)
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and (3) the sampling and solving in the RMP
n, for finally mapping the optimized path to the Cartesian

or joint spaces and parsing it finally into a functional and optimized robot program (from step 9 to 12
in Figure 3.12). Figure 3.11 depicts also the model dependencies for each of the three main steps.

Task
specification

1. Interpret the product and process

Product

Process

Resource

2. Automatic configuration of the
path problem and planner algorithm

3. Sample, solve, and transform to SE
3

or J

model approach steps

Task
specification

1. Interpret the product and process

Product

Process

Resource

2. Automatic configuration of the
path problem and planner algorithm

3. Sample, solve, and transform to SE
3

or J

model approach steps

Figure 3.11: Inputs required by the general steps of the approach.

This contribution proposes to solve the problem formulated in Section 3.3 with the employment of
optimal sample-based path generation algorithms, with the definition of optimization criteria in the
C-spaces SE

3 and J by evaluating the optimality in these C-spaces and giving back this information to
the RMP

n for defining the costmap.

The solution approach for solving the defined problem then becomes the interpretation (notated as
the software function Interpret(·)) of the PPR classification (composed by the P, PROC, and ROBOT
models) in the workspace (W ) for automatically setting and configuring an optimal sample-based
algorithm (OSBA) for offline finding a feasible and optimized path σ∗ with a final total cost Ct as
denoted in Equation (3.13).

In this equation, the RMP
n denotes the robotic manufacturing process C-space of dimension n (refer

to Section 3.2), B the bounds of the dimensions derived from the PPR model, ss and sg the initial
and goal states respectively, the function f(s) : RMP

n → SE
3 as defined in Section 3.2, Ct(·) the total

motion cost function, and the IsValid(·) function as defined in Subsection 3.2.1.

Interpret (W , P, PROC, ROBOT) → (RMP
n, f , n, B, ss, sg) →

OSBA (RMP
n(f , n, B), ss, sg, Ct, IsValid) → (σ∗, Ct).

(3.13)

The detailed required steps for the interpretation and for the automatic configuration of the sample-
based algorithm are enumerated and described below. The workflow of the approach is depicted in
Figure 3.12.
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Figure 3.12: Workflow of the approach.

1. Define inputs:

The first step is the specification by the end-user of the PPR model and the task. The
product is defined by loading the CAD file of the workpiece and by selecting the features to
be processed in the simulation environment for determining the task specification. Moreover,
the parametrization of the process model, the robot type and kinematic parameters, the selec-
tion of the optimization functions, and the definition of validity functions to take into account
must be specified via XML, AML, and/or the GUI. This determines the required inputs, i.e.
(W , P, PROC, ROBOT, Ct, IsValid).

2. Define number of path generation problems:

As defined in Subsection 3.1.1, the path generation for multiple selected product features
can be treated with the single or the multiple problem strategy depending on the nature of the
manufacturing process and if the costmap presents discontinuities. In the case just one feature is
selected, the number of path generation problems is one, � = 1. If a single problem strategy is
desired and multiple features are selected, then the piecewise approach is used and also � = 1
(refer to Subsection 3.1.1.1).
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If the multiple problem strategy is selected (refer to Subsection 3.1.1.2), then � = u. This
will indicate the approach, that one iteration of the approach must be performed per feature.
The multiple strategy permits to address discontinuities which appear on the RMP

n due to the
relation of the state cost and the features of the product. Example of this is the milling use-case
in which orthogonal continuous features are treated (refer to Subsection 5.5.2). Here in synergy
with the multiple problem definition, a heuristic algorithm and a genetic search have been applied
in order to overcome the discontinuities. These are further detailed in step 5 of this approach.

3. Interpret the product and the process model:

The product (P) is interpreted taking into account the product features and the definitions of the
translational and rotational components for defining the T p

w(k) as described in Subsection 3.1.1.
Notice that each manufacturing process may have different translational and rotational models
depending on its nature. For instance, in the welding use-case the optimal rotational component
is parameterized with respect to k if multiple edges are involved (refer to Subsection 4.2.1).
The process interpretation encodes the DoFs and also the constraints of the process in the
transformation T proc

p . The final interpretation is then the generation of equations defining the
transformation T proc

w as denoted in the previously introduced Equation 3.11.

4. Check the feasibility of the optimal path:

After determining the transformation from the world to the process coordinate frame T proc
w , for

some manufacturing cases, the optimal path can be determined without the need of exploring
the DoFs (IsValid(·) → True ∨ False). An example of this is the welding use-case, for which the
optimal path is known, without knowing if this path is feasible through all the product features
(refer to Chapter 4 for more detail about the welding process). Based on this, the feasibility can
be evaluated to avoid sample-based planning in case of it not being required. For example, in the
collision avoidance use-case, it is just required to perform all the interpretation and configuration
of the sample-based algorithms in case a collision obliges the use of the DoFs. If the optimal or
reference path is feasible, then no sample-based planning will be required.

5. Define the start and goal states:

Sample-based algorithms require the definition of start and goal states (ss and sg respectively).
The software functionality StartGoalStates(·) is intended to define these for each process. Previ-
ous steps parameterize the path along the product features with the k dimension. Definition of
the start and goal states are required for the other DoFs such as the rotational components which
are not defined with respect to k. The start and goal states are in this approach minimized with
respect to the specified state cost (Cs) taking into account also the valid function (IsValid(·)).

For defining the start and goal components in all DoFs, regions are defined by constraining ks = 0
and kg = u · kd for the start and goal region respectively for the single problem strategy and with
ks = (m − 1) · kd, and kg = m · kd for each feature (m) with the multiple problem strategy and
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by allowing exploration in the other DoFs. Remember that u is the number of selected continues
features as defined in Subsection 3.1.1.

Heuristic and genetic search methods have been implemented for optimizing states in the start
and goal region. For the welding use-case, a heuristic to find the range of collision is defined
for finding the start and goal states (refer to Section 4.4). For the milling and sensing strategy
optimization, the state cost function is minimized using the DoF in ks and kg with the genetic
search algorithm. The workpiece position optimization algorithm in the welding and milling
use-case also uses the genetic search for finding the minimum.

Moreover, if the multiple problem strategy is selected (refer to Subsection 3.1.1.2), the goal state
of one feature and the start state of the next one in the path problem definition are constrained
in SE

3 with a heuristic algorithm to not deviate much in orientation and state cost in order to
prevent robot poses deviating significantly in the Cartesian space.

6. Define the dimensions of the RMP
n:

The path planning problem dimensions are required for establishing the relationship between
the computed transformations and the functionalities on the overall operation of the approach.
These dimensions are the DoFs of the PPR components. The function DetermineDim (P, PROC)
defines the dimensions of the RMP

n (DoFRMP) by grouping the number of variables of each
of the mathematical descriptions of the PPR components (i.e. DoFp, DoFproc) as expressed in
Equation (3.14). The number of dimensions (n or DimRMP) is also computed by performing the
summation of the number of DoF of the product and process (i.e. Dimp, Dimproc) as expressed in
equation (3.15). Figure 3.13 depicts the DoF of the product translation constraint parameterized
with k and δα as example of a rotational DoF of the process. Besides, an extra dimension which
defines the state cost is also illustrated. Note that this dimension is not part of the RMP

n.

DoFRMP = DoFp ∪ DoFproc, (3.14)

n = DimRMP = (Dimp + Dimp) ∈ N > 0. (3.15)

Product DoF

Process
DoF

St
at

e
co

st

k

δα

Figure 3.13: Representation of a RMP
2 with extra dimension depicting the state cost.

7. Define bounds of the RMP
n:

The bounds of the RMP
n are defined with the minimum and maximum value of the dimensions of

the PPR components. These bounds are determined by the software function Bounds (P, PROC).
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Equation (3.16) describes for example the determination of the bounds for the k dimension
with the single problem strategy and the rotational DoF δα. Specification of the maximum and
minimum values for the rotational component happens through the process model. The output
of this function is the arrangement of vectors B of dimensions [n × 2] for this example. The first
column is dedicated to the maximum values, the second one to the minimum ones. Each row
references a dimension of the RMP. This example of bounds’ settings is referred later in the
welding use-case (refer to Section 4.4).

B =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

k,

{
ks = 0

kg = u · kd

δα,

{
αmin

αmax

...

(3.16)

8. Set the RMP
n and compute the transformation f(s) : RMP

n → SE
3:

In this step the RMP
n is set accordingly to the inputs of the PPR model and the definitions

done from Step 5 to 7. As presented in Section 3.2, the RMP
n simplifies the path generation

problem. Thus, for evaluating the feasibility or optimization, the mapping to SE
3 is required.

For achieving this, the mapping function is defined as follows,

f
(

DoFp,

DoFproc,

)
: RMP

n → SE
3 = T p

w

(
DoFp

)
· T proc

p

(
DoFproc

)
· (3.17)

Where the DoFp and the DoFproc are the Degrees of Freedom (DoFs) of the product and the
process, respectively. Note that this equation resembles the interpretation explained in the
step 3 with the difference that this equation is directly associated to the C-space. Moreover,
here all the related software functions are constrained to the dimensions of the C-space. For
the studied use-cases, the DoFp is defined by the k dimension and the DoFproc by the free
rotational components. Note that due to the modularity of the approach further extensions could
be implemented. The computation of this function in software is denoted as RMPtoSE3(·). This
function is in charge of encoding the translation constraints of the products in the dimension k

and setting the equations for the rotational DoFs.

9. Configure the path generation problem, sample, and solve:

Based on the previous steps, the RMP
n has been defined and the path planning problem

and the Optimal Sample-based Algorithm (OSBA) can be configured. Then, the start and goal
states, the total motion cost function, and the specification of the validity function are used for
sampling and finding an optimized path σ∗ with final cost Ct. This is denoted with the following
equation,

OSBA (RMP
n(f , n, B), ss, sg, Ct, IsValid) → (σ∗, Ct). (3.18)
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The resolution of the state validity checking function has been set to 0.001%. This resolution
determines the discretization step of the added vertices to the path. The longest valid segment
in a planning has been set higher than the maximum delta of bounds in order to allow that the
planner finds solutions from the start to the goal state directly in case of this being possible.
Some of the path planning algorithms require specific settings. This will be reported in this
document when a planner which requires them is set.

Implemented and tested algorithms in the implementation chapter are: The RRT*, the T-RRT,
the informed RRT*, and the Batch Informed Trees (BIT)* (see Subsection 2.1.3.4). A benchmark
among these algorithms for the welding use-case is presented in Subsection 4.5.2.

10. Terminate automatically the path planning process:

Some of the optimal sample-based planning algorithms do not terminate automatically. An
example of this is the RRT* which terminates planning after a certain amount of time specified by
the end-user. In order to overcome this deficiency, a heuristic algorithm is implemented which uses
as a basis the asymptotic behavior of the optimal sample-based algorithms for determining when
an algorithm is coming close to its optimum. This heuristic algorithm is used in the approach in
order to terminate automatically the optimization. This feature makes the configuration of the
planning problem more intuitive for the end-user.

Algorithm 5 describes how the termination condition is conceptualized. The sample-based
algorithm is started and the total motion cost is checked iteratively after each rewire loop. The
rewire loop computes or tries to generate a new path (from start to goal) with new samples.
A maximum planning time (tmax) is specified in order to terminate the algorithm in case the
heuristic does not finish the process. If a better total motion cost is obtained, then the heuristic
is triggered. A negative exponential function of the form (ai · e−ki·t + C∞i), where ai, ki, and
C∞i are constants and t the elapsed time is fitted with the software function (Fit(·)) having as
inputs the tuples of values of the varied total motion cost and its corresponding time (Ct, and t

respectively). In Subsection 4.5.2, final fittings for two plannings after finishing automatically
the sample-based optimization for the welding use-case are depicted (Figures 4.10a and 4.10b).

Two rules are evaluated by the heuristic. The first one, evaluates the derivative of the motion
cost w.r.t. the time evaluated at that time in which the last total motion cost was optimized.
This value is compared with the desire delta of the derivative rule ΔDdes. Note that the ΔDdes

is defined by the programmer after analyzing the exchange rate of the total motion cost with
respect to the required planning time for the specific use-cases. This rule can be deactivated in
the software, if desired. In Subsection 4.5.2, the derivatives of the motion cost for two specific
path plannings are also depicted (Figures 4.11a and 4.12a). The second rule evaluates the delta
between the fitted motion cost C∞i and the last computed total cost Cti with respect to the
desired delta cost ΔCdes. In Subsection 4.5.2, the deltas of motion cost for two specific path
plannings are also depicted (Figures 4.11b and 4.12b). The heuristic terminates the sample-based
algorithm if each rule is satisfied in a number of repetitions (r).
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Algorithm 5 Heuristic for the automatic termination of sample-based algorithms.
Input: OSBA, tmax, ΔCdes, ΔDdes, r, i = 1
Output: {stop sample-based algorithm}

1: ti = 0 {start timing}
2: while ti < tmax do
3: (σ∗

i , Cti
) ← OSBA (RMP

n(f , n, B), ss, sg, Ct, IsValid) {check the optimization status of the OSBA}
4: if (Cti

< Cti−1) then
5: (ai · e−ki·t + C∞i

) ← Fit (Ct, t) {fit equation}

6: Di =
(

δCt

δt

∣∣∣
i

< ΔDdes

)
{heuristic rule 1: cost derivative w.r.t. time (true or false evaluation)}

7: ΔC∞i
= ((C∞i

− Cti
) < ΔCdes) {heuristic rule 2: delta of motion cost (true or false evaluation)}

8: if (ΔC∞i ∧ ΔC∞i−1 · · · ∧ ΔC∞i−r ) ∧ (Di ∧ Di−1 · · · ∧ Di−r) then
9: return {stop sample-based algorithm}

10: else
11: i = i + 1
12: end if
13: end if
14: end while
15: return {stop sample-based algorithm}

11. Simplify or improve path:

After finding a path, the possibility of simplifying it by having less robot poses over it, discretizing
it in a certain amount of poses, or to smooth the movements of the path is possible through
algorithms. These functionalities are triggered automatically, if desired by the end-user, in order
to enhance the final robotic path. In the implemented software, two simplification algorithms
from the OMPL library are adopted: The interpolate function from the PathGeometric class and
the reduce vertices function from the PathSimplifier class. These algorithms are available in the
OMPL source code (Kavraki 2017).

Another path improvement algorithm has been implemented when the single problem strategy
is addressed (refer to Subsection 3.1.1.1). Here the addition of robot states in the RMP

n is
done when finishing or starting each product feature. This is done in order to not violate the
translation constraints of the task, such as in the corners.

12. Retrieve the path to SE
3 or J and generate a robot program:

The final step in the approach is to map the found feasible and optimized path from the RMP
n

to the SE
3 or J. The mapping to SE

3 is achieved using the automatically generated function f(·).
This step will not be denoted in the next presented algorithms. After retrieving the path, the
simulation of the robot movement can be played in the software to visualize the results. The final
step is to generate a specific robot program by parsing the path into the specific robot language
such as the Kuka Robot Language (KRL) for the Kuka robots or the RSV for the Reis robots.

This section presented the proposed approach for solving the defined problem in Section 3.3. The
following section presents an extension of this approach for computing close-to-optimal workpiece
positions.
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3.5 Approach Extension: The Automatic Close-to-Optimal
Workpiece Positioning

To address improvement in the robotic manufacturing configurability and its programmability while
maintaining manufacturing quality, the following path generation problem is additionally defined for
demonstrating the usability of the proposed approach:

Compute automatically and offline a feasible and close-to-optimal workpiece pose T wp
w (homogeneous

transformation from the world (w) to the workpiece frame (wp)) in the Cartesian space (SE3) by
exploring defined DoFs of the workpiece pose (position and/or orientation), optimizing the workpiece
localization criteria Cwp, and at the same time, the robotic manufacturing path (σ∗) under a specific
total motion cost Ct, weighted as defined in Equation (3.19). The weighting factors wt and wwp are
defined by the end-user in order to specify the prioritization of the optimization.

Ctwp = wt · Ct + wwp · Cwp (3.19)

In order to automatically solve the problem defined above, the solution approach previously proposed
(refer to Section 3.4) is extended in order to include close-to-optimal workpiece positioning. For
achieving this, first a systematic interpretation of the relations of the PPR components with respect
to the path generation problem is addressed based on the specified manufacturing task. Second, the
computation of an optimized path is performed using a sample-based algorithm by exploring the
functional DoFs of the process (e.g. rotation around a milling tool or rotational DoFs for the welding
process). Here if required, the exploration of the process constrained start and goal regions is performed
for finding the optimal start and goal states in a certain workpiece position. Then, the planning is
commanded by the workpiece positioning component which optimizes T wp

w .
Finally, the workpiece position optimization component is used for approximating the global optimum

over the costmap of the workpiece position DoFs on several iterations commanded by a simulated
annealing algorithm. The objective of this process is to retrieve back a robot program with a close-to-
optimal workpiece position with an optimized path over it. Figure 3.14 depicts the workflow of the
close-to-optimal workpiece positioning in which the steps of each local path planning and the workpiece
optimization are described as an extension of the general approach.

In order to optimize the workpiece pose, a simulated annealing algorithm is implemented to run
the planner iteratively for finding a close-to-optimal pose. The termination condition is defined
with an acceptance probability function that depends on the cost difference between the current and
next state and the current temperature value of the simulated annealing algorithm. The algorithm
searches different states using the Manhattan distance heuristic, which initially allows exploration in
all directions to avoid getting stuck in a local minimum. The temperature of the algorithm decreases
after each iteration in accordance with the defined cooling rate. After some time of exploration, a
close-to-optimal solution is found T wp

w and the optimized path σ∗ is subsequently computed for that
workpiece state, which is retrieved back as the solution.
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Figure 3.14: Flow diagram for the close-to-optimal workpiece positioning with optimized path planning.

3.6 Architecture and Software Implementation

The architecture of the AOLP approach is depicted in Figure 3.15. Inputs for the interpreter are
the model-based descriptions of the PPR components as described in Section 3.1. Outputs of this
interpreter are: (1) the configuration for the state validation function (refer to Subsection 3.2.1) which
constitutes the formulation for determining if a state can be taken into account in the planning, (2) the
manufacturing motion cost which constitutes a quantification of the relation between interconnected
valid samples and the manufacturing optimum (refer to Subsection 3.1.2.2), and (3) the required
configuration of a state-of-the-art optimal sample-based planning algorithm and the definition of the
RMP

n.
The interpreter’s outputs are then run into the sample-based algorithm for computing an optimized

path which is later parsed into a robot program constituting the output of the proposed architecture
and solution approach. If desired, workpiece pose optimization can be approached by iterating the
planner as described in the previous section. The software implementation of this architecture is
detailed below.

Software Implementation

An overview of the software implementation is depicted in Figure 3.17. The simulation environment
runs in the programming language C#. CAD models can be loaded into the simulation environment by
loading STLs and Object File Formats (OBJs). STEP models are used to generate the task description
as described in Subsection 3.1.1. The Open Graphics Library (OpenGL) is used for manipulating
the objects in the environment and constitutes the base for the scene visualization package. Initial
positions and orientations of the objects are defined in the AML. The software has a GUI for allowing
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Figure 3.15: General architecture of the automatic optimal path generation for robotic manufacturing
processes.

interaction with the end-user. Moreover, functionalities for selecting features over the workpieces in
the simulation are also available.

In order to configure the AOLP system, the robot cell is described via AML using the PPR
classification. This model-based description and software structure facilitates the changeover when
facing different requirements of the PPR components. Different requirements are for instance, a
different process, workpiece to be manufactured, robot provider, or the robot models to take into
account, as shown in the use-cases described in Chapters 4, 5, and 6. The process model is defined
in an XML format linked to the AML. This model specifies the geometrical relations between the
product feature and the process frames as defined in Section 3.1. Moreover and depending on each
process, specific parameters could be defined in this XML. Specific XML models are depicted in
Subsections 4.2.2 and 5.2.2. Figure 3.16 depicts the first levels of a welding robot cell modeled in the
AML editor, highlighting the components of the PPR model.

The robot models (refer to Subsection 3.1.3) such as the inverse and forward kinematics and the
joint compliance model are defined in the C# environment. These models are also parameterized
from the AML (e.g. the DH parameters). The main reason for implementing these models in the
simulation environment is that they run simultaneously with the simulation. This assures a most
efficient computation. Equivalently, the state validity functions (refer to Subsection 3.2.1) are also
implemented in this environment because they relate the objects of the scene and the robot models.

The product models for the translational and rotational features defined in Subsection 3.1.1 are
coded in Python. A software module for interpreting the geometrical process specifications given
in the XML format is also conceived in this programming language. These models are defined as
mathematical equations in a symbolic way using the SymPy library. Mathematical equations are
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Figure 3.16: Model-based description in AML using the PPR model categorization.

automatically generated based on the end-user input taking into account the specified transformations
(refer to Section 3.1). This step is illustrated in Figure 3.17 with the software functionality "RMP
transformation equations generation" which also includes the algorithms for generating the piecewise
equations, previously defined in Subsection 3.1.1, in case the RMP task specification demands it.

The main advantage of this implementation is that mathematical descriptions are automatically
determined depending on the required configuration. For interfacing these equations with the sample-
based algorithm, a C file is automatically generated evoking the symbolic equations for being compiled
into a Dynamic-Link Library (DLL) using the GNU Compiler Collection (GCC) or the Microsoft
Visual Studio 2010 compiler (cl.exe).

The state and motion cost models are defined in C++. They are referenced from the XML and
are used in the interpretation step. After the interpretation (refer to Section 3.4), a sample-based
algorithm is configured in OMPL. The OMPL version linked as a library is the 1.1.0.

Furthermore, an automatic algorithm for defining start and goal regions constrained in the k

dimension (ks and kg, start and end point of the parameterized product feature) is also implemented
using the goalregion class of the OMPL (Kavraki 2017). A genetic search algorithm, using the OMPL
GeneticSearch class, is embedded in C++ in order to find the most optimal start and goal state while
avoiding the infeasibilities. Heuristic algorithms are also implemented to find the optimal start and
goal states.

The path generation, programmed in C++, is compiled into an DLL linked to the simulation software.
The output of the architecture after the input of the end-user, which is to define the task, is a path in
the RMP C-space which is transformed to the Cartesian or joint space for later simulating or parsing
it into a robot program.

The implementations performed on the framework of this dissertation are all the modules specified
under the optimal path generation, the robot modeling, the implementation of the validity functions
and the required adaptations to the AML and XML models in order to interface them with the planning
approach and architecture. All the computations presented in the implementation chapters (from 4
to 6) have been performed with the same hardware1. All the coordinate systems depicted in these

1Computations were performed in a Dell Precision M4800 laptop with processor Intel Core i7-4900MQ - 2.8 Hz and 16
Gb of RAM
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chapters follow the Red Green Blue (RGB) convention- red, green, blue for �x, �y and �z respectively-.
Figure 3.17 depicts the overview of the previously described software implementation.

3.7 Conclusion

This chapter presented the model-based description of Robotic Manufacturing Processes (RMPs).
The product models use CAD files of the workpiece into the simulation environment. As further
modeling, equations constraining the translation and optimal or desired orientations with respect to
the product are generated automatically based on the model-based description of the features. The
manufacturing process is modeled geometrically with the homogeneous transformation from the product
to the process coordinate system by defining the DoFs and constraints of it. These specifications are
set via an XML file. Moreover, the process is also defined with state and motion cost which define
the optimality of the manufacturing task. The robot model is adopted from the state of the art and
configured via an AML describing the robot cell.

The robotic manufacturing configuration space (RMP
n) is defined as the C-space in which the

product translational constraints and the optimal orientations through a product feature are set in
one dimension and the further DoFs of the process as further dimensions. The maximal dimension of
this space in the implementation is four, one dimension constraining the product features and three
process rotational DoFs. Nevertheless, this space can be further extended to any dimensionality as
required. The RMP

n allows and simplifies the computation of optimized paths for robotic manufacturing
using sample-based algorithms. Furthermore, the problem for planning optimized paths for robotic
manufacturing process is defined and solved with the proposed approach and architecture.

The proposed approach, named the Automatic Optimized Offline Programming (AOLP), consists
of three main steps, namely (1) the systematic interpretation of the manufacturing process using
as inputs the proposed model-based description of the PPR, (2) the automatic configuration of a
state-of-the-art optimal sample-based algorithm and a path planning problem in the interpreted RMP

n

and (3) the sampling and solving in the RMP
n, for finally generating an optimized robot program.

The architecture, describing also the software implementation, has been detailed in this chapter.
This approach and architecture are proposed for solving the stated research question: How to

automatically generate offline optimized paths in reaction to infeasibilities for robotic manufacturing
processes under constraints and process optimization criteria? Ultimate goals of the approach and
architecture are to improve the required programming time and the quality of robotic manufacturing
processes. Evaluation of these goals is performed in the proposed use-cases.

The next three chapters present the implemented and evaluated use-cases. The definitions of the
use-cases based on the deficiencies encountered in the state of the art and their analysis were performed
in Subsection 2.7.2. For each use-case different product, process, and resource models are taken into
account. Notwithstanding, the same architecture and approach have been used to solve the path
optimization problem and some models have been used in multiple use-cases. The use-cases are: (1)
the path generation for the optimized collision avoidance in robotic welding (refer to Chapter 4), (2)
the optimized stiffness in robotic milling (refer to Chapter 5), and (3) the optimized sensing strategy
for robotic deburring (refer to Chapter 6).
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4 Optimized Collision Avoidance in Robotic
Welding

This chapter presents the implementation, experimental investigation, and results of the welding
use-case. The problematic and motivation of this use-case was defined in Subsection 2.7.2. This chapter
is organized as follows: Section 4.1 defines formally the problem of optimized collision avoidance in
robotic welding. Section 4.2 describes the model-based structure of this use-case. Section 4.3 introduces
the state and motion cost. Section 4.4 describes the interpretation of the robotic welding process and
the automatic configuration of optimal sample-based algorithms for the computation of optimized
paths when collision avoidance is required. Section 4.5 presents the simulation and the experimentation.
Section 4.6 concludes this use-case.

4.1 Problem Definition

The following problem is defined: compute automatically and offline an optimized collision-free path σ∗
satisfying the product and process constraints. The robot must optimize the welding torch orientation
with respect to the welding process optimal orientation. The optimization is enabled by using the
degrees of freedom of the process throughout all the welding seam while avoiding the collisions
encountered (Diaz Posada, Dietz et al. 2016).

4.2 Product, Process, and Resource Modeling

This section describes the proposed PPR model representation for this use-case.

4.2.1 Product Model

The welding product model, denoted as (P) and generally described in Subsection 3.1.1, consists of
the mathematical description using homogeneous transformations of single or multiple continuous
T-joint seams of a welding workpiece. These weld seams are selected by the end-user by clicking in the
simulation over the workpiece STL model.

Two different workpieces will be used in this use-case. The simulation and experimentation results
are presented for each workpiece: The first one is composed of just linear features (refer to Figure 4.1a).
This workpiece is addressed in order to demonstrate the generation of piecewise equations with the
single problem strategy used to deal with continuous product geometrical features. For this workpiece, a
specific model in which the optimal rotation is interpolated between features’ intersections is presented,
this being a typical welding requirement. The description of the translational component of the
homogeneous matrix consists of piecewise equations for this workpiece as defined in Subsection 3.1.1.
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4.2 Product, Process, and Resource Modeling

The second workpiece is composed of a semi-circumferential and a linear feature for demonstrating
that the approach can interpret different geometrical descriptions (refer to Figure 4.1b). For the second
workpiece, the multiple problem strategy is selected.

(a) Model of a workpiece with linear features. (b) Model of a workpiece with a semi-
circumferential and a linear feature.

Figure 4.1: Product models of workpieces for the welding use-case.

The rotational component of the welding product is modeled based on a defined orientation convention
for the T-joint seams. A quaternion, denoted as q

m
, is computed based on the normal vectors of the

two T-joint planes for linear features. Remember that m identifies one of the selected product features
as defined in Subsection 3.1.1. For curved features the tangential plane is taken into account. Note
that this convention can be defined as desired. However, the process model must be parameterized
based on this definition. A percentage of the k parameterization (as defined in Subsection 3.1.1) in
which the rotation between seams may occur is introduced and denoted as ζ (refer to Figure 4.2). ζ is
then specified between 0 and 100. Rotations from seam (m) to seam (m + 1) are calculated as follows,

δq([m]→[m+1]) = (q
m

)−1 · q[m+1], (4.1)

and transformed to the axis-angle representation (θm for the angle and �Tm for the vector) with the
following function

[θm, �Tm] = Q2AA(δq[m]→[m+1]). (4.2)

Based on the computation of θm and the definition of kd which is the end of parametrization of a
single product feature set as 100 as defined in Subsection 3.1.1, the optimal rotation from one weld
seam to the next continuous weld seam is defined for the ζ percentage of each weld seam parameterizing
this in k with the angle to rotate around �Tm as follows,

gm(k) = θm ·
(

k − (kd · m − ζ)
2ζ

)
. (4.3)
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This rotational component is defined for the number of selected seams with optimal rotation
interpolation between feature’s intersections as described in Lines 7 and 8 of Algorithm 6 for the first
workpiece. Algorithm 6 describes the automatic interpretation of the multiple seam product model
with optimal rotation interpolation between feature’s intersections with the single problem strategy

For the second workpiece (the one with the semi-circumference), the optimal rotation interpolation
between feature’s intersections is not required because the rotations between the product features is
zero. Therefore, Equation (4.3) is not assigned in this case and instead the quaternion defining the
product is assigned as the optimal orientation.

Algorithm 6 uses the function Rq(qm) to calculate a rotation matrix from a quaternion and the
function Raa(gm(k), �Tm) for transforming from the axis-angle into the rotational matrix notation.
The descriptions of the rotation and the translation are then used as in Algorithm 6 for describing
the homogeneous matrix for each range. Remember that u denotes the number of selected continues
features. �Vsm and �Vgm denote the start and goal position vectors, respectively, of a product feature m

as defined in Subsection 3.1.1.
The output of Algorithm 6 is the transformation world to product T p

w(k) parameterized in k,
constraining the product translational features and defining the optimal orientation, as described in
Equation (4.4). Note that this equation is automatically generated by the algorithm taking into account
the product model. The dimension of the RMP

n determining the product translational constraints
and optimal orientation is then determined with the variable k (denoted also as DoFp). Figure 4.2
depicts the geometrical descriptions previously introduced.

Welding direction vector

Product

Welding rotation vector

Seam 1
Seam 2

Welding torch w

T p
w

T proc
p

k = 0k = 2 · kd

k = kd

ζ ζ

(�Vs1 , q1)

(�Vg1 , q1)(�Vs2 , q2)

(�Vg2 , q2)

a

a1

a2

b

a

a1

a2

b

Figure 4.2: Illustration of two continuous T-joint seam product models and their notations.
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Algorithm 6 Algorithm for automatic interpretation of the multiple seam product model with optimal
rotation interpolation between feature’s intersections with the single problem strategy.

Input: (�Vs1 ...�Vsu),(�Vg1 ...�Vgu),(q1...q
u
), ( �T1... �Tu) ζ, u, kd

Output: T p
w(k) {automatic generated equation} (4.4)

1: T p
w

(
DoFp

)
= T p

w(k) =
2: if u = 1 then

3:

[
Rq(q1) �Vs1 + ( k

kd
)(�Vg1 − �Vs1)

0 1

]
, k ∈ [0, kd]

4: else

5:

[
Rq(q1) �Vs1 + ( k

kd
)(�Vg1 − �Vs1)

0 1

]
, k ∈ [0, (kd − ζ))

6: for m = 1 to (u − 1) do

7:

[
Rq(q

m
) · Raa(gm(k), �Tm) �Vsm + ( k

kd
)(�Vgm − �Vsm)

0 1

]
, k ∈ [(kd · m − ζ), (kd · m))

8:

[
Rq(q

m+1) · Raa(gm(k), �Tm) �Vsm+1 + ( k
kd

)(�Vgm+1 − �Vsm+1)
0 1

]
, k ∈ [kd · m, (kd · m + ζ))

9:

[
Rq(q

m+1) �Vsm+1 + ( k
kd

)(�Vgm+1 − �Vsm+1)
0 1

]
, k ∈ ((kd · m + ζ), (kd(m + 1) − ζ)]

10: m = m + 1
11: end for

12:

[
Rq(qu) �Vsu + ( k

kd
)(�Vgu − �Vsu)

0 1

]
, k ∈ ((kd · u − ζ), kd · u]

13: end if
14: return T p

w(k)

4.2.2 Process Model

Position and rotation constants of the transformation T proc
p , as defined in Subsection 3.1.2, are values

derived from the standardization or from the expertise of welders. For T-joints which are the product
features treated in this use-case, an optimal welding angle of half the angle between both T-joint
planes is recommended. The �x direction of the process frame defines the welding path. The �z vector
defines the vector in which the welding torch points. The DoFs can be defined as any of the rotational
components. As first example, the DoF is defined as δα, being this the rotation around �x.

The process is modeled into an XML file linked to the AML as defined in Subsection 3.1.2. Listing 4.1
shows an XML model with the characteristics previously defined activating one rotational DoF. Dark
blue texts represent software identifiers and black texts are characteristics defined by the end-user. This
model also defines a fixed value in the �z component, being this the stick-out required by the welding
process. The XML describes the geometrical transformation from product to process T proc

p (depicted in
Figure 4.2). Parameters defined under the semantic specification (<FrameConstraintsDoF>) specifies
the constraints or fixed dimensions (type="Fixed") and the DoFs of the manufacturing process
(type="Range"). The minimum (min="") and maximum (max="") values (αmin and αmax as example
for the δα DoF) are assigned as bounds as presented in Equation (3.16). Constant values are defined
under the category (value=""). These values are linked in the path planner to Equation (3.6). The
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models for the optimization criteria, defined in Section 4.3, for this use-case are identified in the
software under the semantic name specified in the category (OptimizationFunction name="").

1<Process name="Welding" type="T−Weld">
2 <FrameConstraintsDoF>
3 <GeoParameter name="x" unit="mm" type="Fixed" value="0"/>
4 <GeoParameter name="y" unit="mm" type="Fixed" value="0"/>
5 <GeoParameter name="z" unit="mm" type="Fixed" value="10"/>
6 <GeoParameter name="α" unit="Deg" type="Range" min="−20" max="30" value="45"/>
7 <GeoParameter name="β" unit="Deg" type="Fixed" value="0"/>
8 <GeoParameter name="γ" unit="Deg" type="Fixed" value="0"/>
9 </FrameConstraintsDoF>

10 <OptimizationFunction name="Optimized_Collision_Avoidance_Welding">
11 </OptimizationFunction>
12</Process>

Listing 4.1: Semantic modeling of the welding process in XML format

4.2.3 Robot Model

The resource model, denoted as (ROBOT), in this case an industrial robot, is defined with the forward
and inverse kinematics as defined in Subsection 3.1.3 which allows the mapping from J to SE

3, and the
other way around respectively, as defined in Section 3.2.

4.3 State and Motion Cost

4.3.1 State Cost

The welding process is defined as optimal if no deviation in orientation is required from the optimal
rotation (fixed values of the process model). This optimal rotation is defined by process experts,
standards and/or technical experimentation. Based on the definitions of Section 4.2, the welding
process is optimal if the process DoFs are zero, meaning that the optimal transformation from world
to process is described as follows,

T procopt
w (k) = T p

w(k)· T proc
p (0). (4.5)

Based on this optimal function for the welding process, the state cost is defined as the minimum
required angle (θsi), calculated using the axis-angle representation, of a non-collision generated sample
(si = [ksi , αsi ] as example for one rotational DoF) for reaching the optimum, defined as θopt = 0, on a
certain k value of the parameterized T-joint seams. The state cost is denoted as follows,

Cs(si) = | θsi | . (4.6)

Note that the state cost is one dimensional and independent of the number of rotational DoFs. It is
calculated based on the orientation in SE

3 which is mapped from the generated sample in the RMP
n.

The notation θsi represents the minimum required angle of rotation to reach the optimum orientation.
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4.3.2 Motion Cost

The manufacturing motion cost CM(·) for this use-case is defined as the integral function of the state
cost of the interconnected states through all the path as follows,

CM(σ) =
∫

Cs dk. (4.7)

Note that the definition of this motion cost is valid for any path problem dimensionality. As example
for one rotational process DoF (s1 = [ks1, αs1], and s2 = [ks2, αs2]), the manufacturing motion cost is
calculated by computing the area under the costmap which connects the minimum angle of rotation of
these two samples (θs1 and θs2 for sample 1 and 2, respectively). For two rotational DoFs, the integral
is computed as the volume below the costmap.

Moreover, the motion cost policy Cp, introduced in Subsection 3.1.2.2 in order to avoid backward
motions which are undesired for the welding process, is applied in this use-case. The total motion cost
is then calculated as the sum of the manufacturing motion cost and the backward cost policy in case
the angular velocity motion cost is not selected (refer to Subsection 3.1.2.2 and to Subsection 4.5.2
for the later use of this cost in this use-case). The total motion cost for the welding process is then
defined as follows,

Ct = CM + Cp. (4.8)

4.4 Optimized Path Generation for Collision Avoidance in Robotic
Welding

This section describes how the proposed approach, presented in Section 3.4, interprets the welding
process and configures the sample-based algorithm for finding an optimized path for avoiding collisions
while maintaining the optimum welding angle as much as possible. Note that in this section just the
particularities of this use-case in respect to the general solution approach are presented.

The product, process, and resource models for this use-case were defined above. Specific product
models were implemented for defining the optimal rotation when dealing with continuous multiple weld
seams (refer to Subsection 4.2.1). Moreover, the state and total motion cost for the robotic welding
were also specified in Section 4.3. These components and the specification of the validity function, in
this use-case the collision detection (refer to Subsection 3.2.1), compose the required input definition
and allow the definition of the transformation T proc

w .
A particularity of this use-case is that the optimal path is known beforehand as defined in Equa-

tion (4.5). Based on this definition, it is determined in the simulation environment if the optimal path
(T procopt

w ) is practicable by evaluating the feasibility of this transformation in the range of [0, kg] by
using the function IsValid(·) as follows,

True ∨ False ← IsValid (T procopt
w ([0, kg])). (4.9)

If the optimal path is viable, the implemented software returns the path which is also a useful
functionality for the programming experience. However, this work focuses on optimal reactions to
infeasibilities such as collisions which could appear on the path and which requires the robot manipulator
to rotate in order to avoid them. In case of collision if desired by the end-user, a function determines
the range of the feature in which the collisions are present. The function uses the IsValid(·) and the
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state cost Cs(·) evaluations as an extension to reduce the search in the RMP
n. This function, named

CollisionRange(P, PROC, ROBOT, Cs, IsValid), determines for this use-case the start ss and goal state
sg parameterized in k before and after the collision taking into account a specific motion percentage
among k, defined by the end-user. The values in the k dimension of these states kss, ksg are used
for defining the ranges of the optimal solution. The paths before kss and after ksg, σ∗

j−1 and σ∗
j+1

respectively, are then defined as optimal and are not interpreted for further sample-based optimization.

Note that in this specific use-case, if the range is automatically determined, the start and goal
state in the k dimension are not defined as ks = 0 and kg = kd as in the general approach. If the
determination of the collision range is desired, the general function StartGoalStates(·) is substituted
by the function CollisionRange(·). Other aspects of the general approach remain the same. Thus, the
dimensions of the process are defined as described in Section 3.4. Note that due to the general proposed
approach just specific changes related to the nature of the process are required. These changes are
commanded from the process descriptor given in the XML.

Finally after the interpretation, the robotic manufacturing process is configured into a state-of-the-art
sample-based path generation algorithm. Notice that for the welding use-case and the first workpiece,
the single problem strategy is addressed (ρ = 1), because it facilitates a faster planning over the welding
costmap that does not present discontinuities. The reason for this is that the rotational component
has been parameterized in relation to the dimension k. Meaning that the RMP

n does not present
discontinuities. Note that this is not the situation for the later presented use-cases. For this use-case,
the results in the next section will be presented using the RRT* algorithm. Algorithm 7 presents the
approach for finding the optimized motion σ∗ taking into account the presented models and the general
approach definition given in Section 3.4.

Algorithm 7 Automatic interpretation and calculation of optimized collision avoidance for robotic
welding using RRT*.

Input: P (eq. (4.4)), PROC (refer to Subsection 4.2.2), ROBOT (as defined in 4.2.3),
Ct (eq. 4.8), IsValid (refer to Subsection 3.2.1), kg

Output: σ∗ {optimized path avoiding the collision}
1: T

procopt
w (k) ← Interpret(P, PROC, ROBOT) (as in eq. (4.5))

2: if False ← IsValid (T procopt
w ([0, kg])) then

3: f ← RMPtoSE3 (P, PROC, ROBOT)
4: [ss, sg] ← StartGoalStates(P, PROC, ROBOT, Cs, IsValid) = CollisionRange(·)
5: B ← Bounds (P, PROC)
6: n ← DetermineDim (P, PROC)
7: {sample and calculate optimized path over the collision}

σ∗
j ∈ [kss, ksg] ← RRT* (RMP

n(f , n, B) ss, sg, Ct, IsValid).
8: {retrieve optimal paths without collision}

σ∗
j−1 ∈ [0, kss) and σ∗

j+1 ∈ (ksg, kg]
9: return σ∗ = {σ∗

j−1, σ∗
j , σ∗

j+1} {concatenation of optimal and optimized paths}
10: else
11: return σ∗ = T

procopt
w (k) ∈ [0, kg]

12: end if
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4.5 Optimization in OLP Software and Experimentation

To evaluate the proposed approach and architecture, two different workpieces and different collision
configurations for robotic welding are tested. The workpieces are addressed for demonstrating the
product features modeling. The workpieces were explained and depicted in Subsection 4.2.1.

4.5.1 Experimental Setup

The welding robot cell modeled in the simulation environment and used for the experimentation of
this use-case consists of an industrial robot Reis RV30-26 provided with a welding rotatory table and
a Schunk tool changer reference SWK-040Q. The robot cell is provided with two end-effectors. One
end-effector has a 2D laser scanner reference scanControl 2900-50 from the company Micro-Epsilon. In
the other, the welding torch is mounted. Figure 4.3 depicts the welding robot cell and its components.
A TCP/IP connection is available to communicate the simulation environment with the robot controller
in order to transfer automatically programs generated with the previously described interpretation and
configuration of the RRT* algorithm.

The robot cell is simulated using the CAD files of its elements into the internally developed software
configured with the PPR model-based characterization described into the AML format as introduced
in Section 3.6. The robot, peripherals, and end-effectors are described under this resource classification.
The CAD files of the Reis robot joints and its Denavit-Hartenberg kinematic parameters are associated
with the resource structure. The CAD file of the product (workpiece) is also linked in this AML format.

Reis robot
Welding torch
Laser scanner
Workpiece
Tool changer
Rotatory table

a

a

b

b

c

c
d

d d

e

e

e

f

f

Figure 4.3: Welding robot cell.

4.5.2 Optimization in OLP Software

The following subsection presents the results obtained for the two different analyzed workpieces.

Workpiece with linear features

The first workpiece evaluates a collision avoidance for a T-joint seam of linear components in three
configurations in simulation (Diaz Posada, Dietz et al. 2016). A fixed rotation of +45 Deg is set from
the product orientation in δα and the stickout is defined for this workpiece as 10 mm for the three
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configurations as in listing 4.1 in page 84. The first configuration set the rotation around the welding
direction vector (i.e. δα) as DoF of the manufacturing process as displayed in listing 4.1. Maximum
and minimum bounds for this DoF are +30 and -20 Deg respectively. In the second configuration
the rotation around the welding rotation vector (i.e. δγ) is set as DoF. Maximum and minimum
bounds for this DoF are defined as +50 and -150 Deg respectively. A change of the DoF is addressed
to illustrate the functioning of the XML parametrization. And for the third, a collision avoidance over
the intersection of two product features is evaluated for demonstrating the advantage of the single
problem strategy with the algorithm for generating piecewise equations as introduced in Section 3.4.

After the automatic configuration presented in Subsection 4.4, the RRT* finds an optimized path for
avoiding the collision using δα as depicted in Figure 4.4a. The collision object during the welding is an
L form bar depicted in Figure 4.4b. The results in joint space and a sequence of robot movements are
also depicted. The sample cost of each valid sample is observed thanks to the color map. The right
part and left part of the motion were not sampled due to the pre-definition of optimum for this specific
manufacturing process using the function for finding the start and goal states. Figure 4.4a depicts 1918
valid states. The path generation evaluated 9068 collision states which are not depicted. The states
with collision over the sampled ranges and the non-sampled areas are plotted in white in this section.
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(a) (up) Evaluated valid states and optimized interconnected path in the RMP
2 for avoiding a collision using

the rotation around the welding direction vector δα. (down) Robot joint movements through the computed
optimized path after mapping the solution found in RMP

2.

Collision
object

1 2 3

(b) Sequences of robot movements in the simulated robot scene demonstrating the optimized collision avoidance.

Figure 4.4: Collision avoidance in RMP
2, joint movements, and robot sequences using the process

degree of freedom δα for avoiding automatically a collision.
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For testing the re-configurability of the path generation with respect to changes of the welding
process model, a second configuration is evaluated. The DoF of the process is changed to the welding
rotation axis δγ. This rotation has less influence on the welding process quality and can be easily
prioritized by an expert welder without having experience with robotics, which is one of the main
advantages of the proposed approach. For re-configuring this feature, changes of lines 6 and 8 of
Listing 4.1 are performed as specified in Listing 4.2. A simulation for two different amounts of times
and therefore valid samples (2502 and 225) results in optimized paths as depicted in Figure 4.5. The
path does not vary significantly between both plannings. However, the path is smoother when more
sampling time is allowed. It is worth noting that if a path is not possible, the path generation returns a
message to the end-user stating that no interconnection between the start and goal states was possible.

6 <GeoParameter name="α" unit="Deg" type="Fixed" value="45"/>
7 <GeoParameter name="β" unit="Deg" type="Fixed" value="0"/>
8 <GeoParameter name="γ" unit="Deg" type="Range" min="−150" max="50" value="0"/>
9 </FrameConstraintsDoF>

Listing 4.2: Semantic changes for adapting the process DoF.
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Figure 4.5: Evaluated valid states and optimized interconnected path in the RMP
2 for avoiding a

collision using the rotation around the welding rotation vector δγ for (up) 2502 and (down)
225 valid samples.

The third configuration evaluates the optimal path generation by simulating a collision avoidance in
the corner between the first and second seam using δα. Three continuous seams were selected in the
workpiece depicted in Figure 4.6b, therefore the k dimension is set from 0 to 300. The collision object
is also depicted in this figure. The welding direction vector is defined as the DoF of the process δα.

Figure 4.6 depicts the results in RMP
2 and in the simulation environment. The position and

orientation of the robot are also depicted in SE
3 showing the changes of the manufacturing process

coordinate frame when avoiding the collision and the optimal rotation from edge to edge as defined in
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the product model (corner in the range between 1160 and 1200 [mm] in x). Sequences of the robot
simulation are also depicted demonstrating the robot movements achieved by interpreting the PPR
model for optimal path generation. The range sampled over the RMP

2 is between 48 [%] and 148 [%]
due to the determination of the start and goal states using the function CollisionRange(·).

(a) (up) Evaluated valid states and optimized interconnected path in the RMP
2 for avoiding a collision using the

rotation around the welding direction vector δα for multiple seams. (down) Plot of frames in the Cartesian
space with the found optimized welding path.

Collision
object

1 2

3 4

(b) Sequences of Robot movements in the simulated robot scene for the optimized collision avoidance.

Figure 4.6: Optimized robot collision avoidance over two continuous linear features.
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Workpiece with semi-circumferential and linear features

In order to evaluate and demonstrate the modularity of the approach, a workpiece with continuous
features, first a semi-circumferential and second a linear feature, is tested. Figure 4.7 depicts the
workpiece and the collision objects (bars avoiding the optimal welding orientation). The feasibility
checking of the optimized path (refer to item 4 in Section 3.4) has been deactivated for demonstrating
that the approach also works properly without this add-on (CollisionRange(·) function not active).
The feasible region is defined with the collision detection (refer to Subsection 3.2.1).

Workpiece

Collision objects

Welding torch

a

a

a

a

a

b

b

b

c
c c

Figure 4.7: Real (left) and simulated (right) workpiece with a semi-circumferential and a linear feature
and the collision objects.

The end-user is instructed to select the edges by clicking on them on the desired sequence in the
simulation environment. This constitutes, together with the setting of the process model, the task
definition. The process model specified in XML is defined for this task with a stickout of 15 mm and also
with a fixed rotation of 10 Deg in γ. This angle is configured taking into account the recommendation
of experienced welders. Moreover, the maximum and minimum of the DoF δα are defined as +45
and -45 Deg respectively. The previous mentioned parameters constitute the process model input for
computing the transformation from product to process T proc

p (refer to Section 3.1). Listing 4.3 depicts
the changes of the rotational components in the XML. The convention used in the planning is the
Euler z,y,x. Figure 4.8 depicts the transformation between the defined product and process coordinate
system.

6 <GeoParameter name="α" unit="degree" type="Range" min="−45" max="45" value="45"/>
7 <GeoParameter name="β" unit="degree" type="Fixed" value="0"/>
8 <GeoParameter name="γ" unit="Deg" type="Fixed" value="10"/>

Listing 4.3: Process model for the workpiece with semi-circumferential and linear features.

The multiple problem strategy has been configured for this use-case taking into account that the
product features are continuous. The product equations are then automatically generated as in
Equation (3.5) in page 55, considering the semi-circumferential and linear product models (refer to
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T proc
p

45 Deg

10 Deg

�x = Weldingdirection

�y

�z = Welding
torch pointing
direction

(p)

(proc)

Figure 4.8: Transformation from the product (p) to the process (proc) coordinate system for the welding
use-case.

Equations (3.2) and (3.1) respectively in page 53), and using the architecture and software implemen-
tation presented in Section 3.6. Figure 4.9 shows the state cost elevation map for this path planning
problem. In this figure, the collisions between objects in the scene are the non-displayed state costs
(transparent spaces).

The termination algorithm, which determines when the sample-based algorithm is coming close to
its optimum based on the behavior of the asymptotic optimality, was set in this simulation (refer to
item 10 in Section 3.4). The desired delta of motion cost has been set to ΔCdes = −0.5. The desire
delta of the derivative rule has been set to ΔDdes = −25. The minimum number of iterations for
the termination algorithm was set to 30 and the number of required repetitions as r = 3. Taking
into account these conditions, the path planning was performed. The automatic interpretation and
generation of equations took 4.26 Seconds (s). The plotting of the RMP C-space, just required for
depicting purposes, took 0.759 s. The results and characteristics of the sampling and optimization are
summarized in Table 4.1. The heuristic iterations are the ones required by the termination algorithm.
The final transformations from RMP

2 to SE
3 and the process finalization took 3.71 s.

Table 4.1: Results and characteristics of the path planning for the semi-circumferential and linear
features for the optimized collision avoidance in the robotic welding use-case.

Product Initial total Final total Evaluated Rewires Heuristic Duration for
Feature motion cost motion cost states iterations optimization

[Deg · %] [Deg · %] Nr. Nr. Nr. and sampling [s]

Semi-circumferential 951.09 506.702 6173 217058 49 30.531
Linear 1731.10 704.603 3109 99747 31 15.387

Figure 4.10 presents the cost evaluations and the fitted function for the automatic termination of
the RRT* algorithm. Figures 4.11a and 4.12a depict the motion cost derivative w.r.t. the time for
the semi-circumferential and linear features, respectively. Figures 4.11b and 4.12b depict the delta of
motion cost for the semi-circumferential and linear features respectively.
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Figure 4.9: State cost elevation map, RMP samples (blue bubbles) and computed path (black bubbles
and lines) for the semi-circumferential k ∈ [0:100) and linear k ∈ [100:200] product features.
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(a) Total motion cost evaluations and fitted func-
tion for the semi-circumferential feature.
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(b) Total motion cost evaluations and fitted func-
tion for the linear feature.

Figure 4.10: Total motion cost evaluations and fitted function for the automatic termination of the
RRT*.
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Figure 4.11: Heuristic evaluations for the automatic termination of the RRT* algorithm for the semi-
circumferential feature.
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Figure 4.12: Heuristic evaluations for the automatic termination of the RRT* algorithm for the linear
feature.

Constraining of the angular velocity through motion cost optimization

Constraining of the angular velocity w.r.t. the k dimension has been simulated for the welding
use-case and the collision avoidance over the semi-circumferential feature depicted in Figure 4.7. The
angular velocity motion cost, described in Subsection 3.1.2.2, is used to also constrain the rate of
change of δα. The weighting factor wM has been set to 0.5. In this way, the manufacturing motion
cost and the angular velocity motion cost weight 50 percent each. The backward motion policy cost is
activated because these movements are undesired for this manufacturing process. The parametrization
and equations defined in Subsection 3.1.2.2 in the general definition of the angular velocity motion cost
are also valid for this analysis.

94



4.5 Optimization in OLP Software and Experimentation

For the welding process, the maximum admissible angular velocity has been set as follows (rmax =
5 [Deg

% ]). Path planning simulations for desired angular velocities rd equal to 0.1, 1, 2, and 4 [Deg
% ]

(ratio border value bv equal to 0.02, 0.2, 0.4, and 0.8, respectively) are plotted in Figure 4.13. The
collisions between objects in the scene are the non-displayed state costs (transparent spaces) over the
RMP

2s. The planning was allowed for 240 s using an automatically set RRT* algorithm, which was
considered a proper time to optimize the total motion cost.

(a) Path planning with bv = 0.02. (b) Path planning with bv = 0.2.

(c) Path planning with bv = 0.4. (d) Path planning with bv = 0.8.

Figure 4.13: Path planning (black bubbles and lines) over the welding use-case RMP
2 constraining the

angular velocity w.r.t. k with different bv factors for the collision avoidance through the
semi-circumferential feature.

Table 4.2 summarizes the results and characteristics of the plannings. The "initial and final total
motion costs" values from Table 4.2 show the costs when constraining the angular velocity. Lower
values of the "ratio border value" represent greater "final total motion costs" due to the restriction to
fast angular rates. This restriction does not allow the approach to plan paths with states which have
better state costs but which represent a faster angular rate as in the different paths of Figure 4.13.
Note that the shown results of the constraining of the angular velocity also takes into account the
manufacturing cost and therefore the relation between total costs and ratio border values is not linear.
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Table 4.2: Results and characteristics of the path planning constraining the angular velocity w.r.t. k
for different ratio border values in the welding use-case.

Ratio border value Initial total motion Final total motion Evaluated states Rewires
cost [Deg · %] cost [Deg · %] Nr. Nr.

0.02 3254.57 1274.589 73607 3406672
0.2 1366.89 736.804 76841 3571606
0.4 1532.43 599.957 85386 4007401
0.8 1326.21 538.542 75310 3493525

Path planning with more than one process DoF

Planning with more than one process DoF is also possible with the proposed approach and it has
been simulated for the welding use-case. In order to depict this, the planning was performed using δα

and δβ as DoFs with the bounds specified in Listing 4.4. The path planning was allowed for a maximum
time of 1200 s and performed for the semi-circumferential feature. As in the previous plannings, the
RRT* was used. The termination condition algorithm was active in order to demonstrate that this
algorithm is independent of the problem dimensionality.

<GeoParameter name="α" unit="degree" type="Range" min="−45" max="45" value="45"/>
<GeoParameter name="β" unit="degree" type="Range" min="−90" max="90" value="0"/>
<GeoParameter name="γ" unit="degree" type="Range" min="0" max="0" value="0"/>

Listing 4.4: Semantic modeling of the welding process in XML format for the collision avoidance using
δα and δβ as DoFs specifying its bounds.

Figure 4.14 depicts the path planning (black bubbles) and the RMP
3 for the optimized collision

avoidance using both DoFs. Figure 4.15 complements the previous plot by showing two perspective
views of this RMP

3. The state costs in the RMP C-space has been plotted translucent in order to
observe the costmap. Collisions are plotted as null values in the previously introduced plots (less
colored areas). The planning optimizes the path in order to keep the optimal cost states. In order to
depict the collision avoidance, Figure 4.16 depicts two perspective views of the path and the collision
states demonstrating the functioning of the algorithm. Table 4.3 summarizes the required times for
the planning and Table 4.4 the results and characteristics of the sampling and optimization.

Table 4.3: Required path planning times in the robotic welding use-case using δα and δβ as process
DoFs.

Interpretation Plotting Sampling and Transformations Total
[s] of space [s] optimization [s] [s] [s]

3.74 109.37 303.96 3.75 420.82

Table 4.4: Results and characteristics of the sampling and optimization in the robotic welding use-case
using δα and δβ as process DoFs.

Initial total Final total Evaluated Rewires Heuristic Duration for sampling
motion cost motion cost states iterations and optimization

[Deg · %] [Deg · %] Nr. Nr. Nr. [s]

2116.94 471.77 20980 759383 35 303.96
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Figure 4.14: 3D representation of the planned path (black bubbles) in the RMP
3 for the optimized

collision avoidance of a semi-circumferential feature using δα and δβ as process DoFs.

(a) Top view. (b) Frontal view.

Figure 4.15: 2D-projections of the planed path in the RMP
3 depicted in Figure 4.14.

(a) Same view point as in Figure 4.14 (b) Different view point as in Figure 4.14

Figure 4.16: 3D views depicting the collision (points) and the planned path (bubbles) of the represen-
tation depicted in Figure 4.14.
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Planning using other algorithms

Previously presented plannings were all performed using the RRT* algorithm. A benchmark among
different optimal sample-based planners is offered for the collision avoidance of the semi-circumferential
part. These algorithms are the RRT*, the informed RRT*, the T-RRT, and the BIT*. Each algorithm
was run for 50 times after the interpretation of the manufacturing task and its completion time and final
total cost was recorded. The manufacturing task was set as the planning of the semi-circumferential
path using δα as DoF.

The automatic termination heuristic (refer to step 10 in Section 3.4) was set for the different
algorithms except for the T-RRT. The latter algorithm terminates automatically when the tree reaches
a solution. The optimization of this algorithm is performed over each tree extension. The desired delta
of motion cost for the termination algorithm has been set to ΔCdes = −0.5. The desired delta of the
derivative rule has been set to ΔDdes = −25. The minimum number of iterations for the termination
algorithm was set to 30 and the number of required repetitions to r = 3. the maximum planning
time (tmax) was set to 90 s. The state and total motion cost defined in Section 4.3 was set for all the
algorithms.

Boxplots for the obtained total motion costs and the required planning durations are depicted in
Figure 4.17 and Figure 4.18, respectively. The boxes represent the 25th and 75th percentile (p1 and p3

respectively). The whiskers (p3 + 1.5 · (p3 − p1) and p1 − 1.5 · (p3 − p1)) extend to the most extreme
data points not considered outliers. The outliers are plotted individually using the + symbol. No
specific configurations were applied to the algorithms with respect to the OMPL default configurations.
The only algorithm which required settings was the BIT*. The PruneThresholdFraction parameter
was set to 0.2, the RewireFactor parameter to 0.2 and the SamplesPerBatch to 250. The modified
parameters are defined in the implementation of this algorithm in the OMPL source code.

The RRT* presents the best cost-time performance as seen in both figures. The final total motion cost
converge more to the optimum for the RRT* and the informed RRT* algorithms and their variability
is less in comparison to the other two algorithms as shown in Figure 4.17. The algorithm with the
highest final total motion cost is the T-RRT. The median, percentiles, and whiskers of the T-RRT
are higher in comparison to the other algorithms. Moreover, this is the algorithm with more outliers,
namely four. This is associated to the exploration nature of the T-RRT. This algorithm optimizes on
the search through the goal and no further optimization is done after connecting a path.
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Figure 4.17: Comparison of the final total motion cost with different optimal sample-based algorithms
for the collision avoidance of the semi-circumferential feature.
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Results do not vary for the planning duration as drastically as for the final total motion costs among
the sample-based algorithms except for the BIT*. The BIT* never triggered the automatic termination
heuristic in the 50 iterations. Instead the maximum planning time always triggered the termination
condition as it can be seen in Figure 4.18. The fastest triggering of the automatic termination was
achieved with the RRT* with 8.38 s. This algorithm presents also the fastest median 19.99 s. The
less variability of planning durations is observed for the T-RRT. The RRT* and the informed RRT*
present outliers just when the termination condition is not triggered. This benchmark demonstrates
that the proposed approach allows the use of different sample-based algorithms for the optimization of
manufacturing processes. Figure 4.19 depicts the benchmarked algorithms showing the vertices of the
planning.
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Figure 4.18: Comparison of the required plannings durations with optimal sample-based algorithms for
the collision avoidance of the semi-circumferential feature.

(a) RRT* (b) Informed RRT*

(c) T-RRT (d) BIT*
Figure 4.19: Different path planning algorithms depicting their vertices and computed paths.

99



Chapter 4 Optimized Collision Avoidance in Robotic Welding

4.5.3 Welding Robot Experimentation

Two experiments have been approached for the evaluation of this use-case. The first experimentation
has been performed for programming the industrial robot described in Subsection 4.5.1 with the
proposed AOLP and with the teach-in approaches, using the workpiece with semi-circumferential and
linear features (refer page 91 and Figure 4.7) while having to avoid collisions which do not allow keeping
the most optimal orientation. The required programming time and final process quality was evaluated
in this experiment. Nine participants performed the programming with the mentioned approaches.

Furthermore as second experiment, a comparison of the required programming times using the AOLP
and a commercial OLP software was also performed. In this experiment, six participants without
previous experience with the internal developed software and the commercial robot programming tool
Delfoi simulated the task. Focus of this experimentation is the required programming time. Initially,
the coordinate systems defined in the product and in the robot welding tool were explained to the
participants. Figure 4.8 in page 92 depicts the coordinate systems introduced to the participants.

Experiment 1: Comparison between the proposed AOLP and the teach-in approaches

Experimental task description

The task description given to the nine participants (two women and seven men) was as follows:
The same workpiece type, continuous semi-circumference (first) and linear feature (second) must be
welded with the following considerations: First, the welding torch should have a distance of 15 mm
with respect to the welding seam for assuring a proper stick-out for the process. Second, in order to
get a good welding quality, 45 Deg should be kept as possible between the two welding-seam surfaces.
Third, the �x vector (welding direction) should have 10 Deg difference with respect to the welding seam
in order to assure good welding quality. Fourth, the only DoF of the tooltip is the rotation around the
�x vector. The maximum and minimum deviations from the desired configuration are +45 Deg and
−45 Deg in the DoF δα.

The participants were asked to perform the task in the fastest and most optimal way. The optimality
of the task was explained as trying to keep the most optimal welding orientation and distance in respect
to the welding seam while avoiding the collisions as specified in the task description. The participants
were provided with a vernier caliber and a half circle protractor for measuring, if desired, the TCP
distance and orientation in respect to the welding seam while manually teaching the welding task.

Experimental procedure

Documentation of the programming with both approaches was provided to the participants. Ex-
planation of each approach before performing the task was provided and the time the process took
was measured. For the programming via AOLP, the participants were asked to configure the process
model and to generate a program automatically with the simulation environment. Required times
for both tasks were also measured. For the teach-in approach, the teaching time was measured up to
completion before testing the program. The localization of the workpiece was done previously using a
laser-tracker AT-901 for the AOLP approach taking into account that this is not part of the automation
implemented during this work. In order to compensate this, all participants received an initial program
for the teach-in programming were the approach and retrieve paths were already established. The
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initial program defined the start and the end robot pose for the welding. Additionally, the welding
control initialization was linked as required to the robot program.

Experimental results

Comparison between the required programming time and the welding quality is the focus of this
experimentation. Each participant generated programs with both approaches. Figure 4.20 depicts
the sequence of an automatically generated robot program for the welding process avoiding optimally
collisions while satisfying the continuous semi-circumferential and linear features’ constraints in the
simulation environment and in the robot cell. The RMP

2 and one path planning as example for this
experimentation has been depicted in Figure 4.9 in page 93.

Collision
objects

1
1

2

3

4

5

6

Figure 4.20: Sequence of robot movements in simulation and with the real robot for the optimized
collision avoidance for welding a workpiece with continuous semi-circumferential and linear
features.

Figure 4.21 summarizes the required time to program the robot by each participant. From the nine
participants, three of them had no previous experience programming robots (participants 2, 4, and 9),
three had previous experience programming robots different than Reis (participants 1, 3, and 8), and
three of them had experience programming Reis robots (participants 5, 6, and 7) and knew beforehand
the AOLP approach. The programming time average for each group of participants illustrating the
influence of programming experience is depicted in Figure 4.22. The average programming time of
all participants is also depicted in this figure. The measured required times for the explanation,
configuration, and planning of the proposed approach are faster than the existing teach-in method for
the given collision avoidance task. Factors of the AOLP being faster than the teach-in approach are
listed in Table 4.5.
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Figure 4.21: Required programming time for the welding task involving collision avoidance using the
Automatic Optimized Offline Programming (AOLP) and the teach-in approaches for all
participants.
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Figure 4.22: Influence of the programming experience on the required programming time for the welding
task involving collision avoidance with the AOLP and the teach-in approaches for the
groups of participants.

Under the label "AOLP: planning and sending of program", the time required for configuring the
simulation environment through the programmed macros, the clicking over the desired weld seams, and
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Table 4.5: Factors of the AOLP being faster than the teach-in approach.
without robot with robot with Reis

Task programming programming programming All Participants
experience experience experience

Explanation 1.03 1.47 1.50 1.24
Configuration and planning 4.96 3.81 3.73 4.23

the required planning time of the proposed approach was measured. Table 4.6 lists the required times
to compute an optimized solution. The time required for the proposed approach is subdivided into
the interpretation of the PPR components, the plotting of the space (just required for visualization
purposes), the sampling and optimization, and the transformations of the solution from the RMP
C-space (RMP

n) to the Cartesian space (SE3). The slight differences in the interpretation, plotting of
space, and transformations times are associated to the CPU and RAM utilization at each planning
time. Variations between the sampling and optimization times are due to the automatic termination
algorithm (refer item 10 in Section 3.4). Parameterization of this algorithm applies as specified in
page 92. After the computation, the participants sent a program automatically to the Reis controller
by using a programmed macro. The maximum and minimum computation time taking into account
the given conditions were 92.21 s and 39.64 s, respectively.

Table 4.6: Required programming time for the path planning for the semi-circumferential and linear
features for all participants.

Participant
Task 1 2 3 4 5 6 7 8 9

Interpretation [s] 3.80 4.64 3.72 5.31 3.68 4.82 3.82 4.44 3.67
Plotting of space [s] 0.76 0.76 0.72 0.80 0.75 0.84 0.79 0.75 0.74

Sampling [s] 42.51 54.10 40.63 80.79 32.54 48.15 49.55 30.01 42.91
Transformations [s] 3.80 4.64 3.73 5.31 3.68 4.83 3.82 4.44 3.68

Total [s] 50.87 64.14 48.8 92.21 40.65 58.64 57.98 39.64 51.00

The welding quality was evaluated by measuring twenty welding throat thicknesses for each workpiece.
The throat thickness is defined as by the International Organization for Standardization (1992). The
throat thickness was measured with a 2D laser scanner, scanControl 2900-50 from the company
Micro-Epsilon mounted on the robot flange, as depicted in Figure 4.23, and by using a Fraunhofer IPA
internally developed tool for computing it automatically, given as input the profile to be evaluated.

Figure 4.23 depicts the twenty laser profiles taken for measuring the throat thicknesses after overlaying
images of each profile for each workpiece. The five first measurements were taken before the first
collision avoidance. The five next measurements were taken during the collision avoidance of the
semi-circumferential part. The next five after this collision avoidance, and the last ones in the linear
feature where the second collision was avoided.

For each workpiece, the mean of the throat thicknesses was calculated and the absolute deviation of
each measurement with respect to the workpiece mean was taken into account in order to evaluate
the homogeneity of the welding. Figure 4.24 depicts the absolute errors w.r.t. the mean of the throat
thicknesses for each participant and method.
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1
5 10

15

20

Figure 4.23: Laser scanner with the twenty measured throat thicknesses after overlaying images of each
taken profile.
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Participant 9
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Participant 6
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Participant 7

Figure 4.24: Absolute errors w.r.t. the mean of the throat thicknesses. Red points represent the teach-
in approach and blue the proposed AOLP. Measurement 1-5: before the first collision,
measurement 6-10: avoiding collision of the semi-circumferential feature, measurement
11-15: after first collision avoidance in the circumferential feature, measurement 16-20: in
the linear feature.
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Table 4.7 lists the mean of the absolute error w.r.t. the mean of the throat thicknesses for each
participant and method depicting that the AOLP is more homogeneous than the teach-in. The throat
thicknesses homogeneity improved 35.62 %, in comparison with the teach-in, using the proposed AOLP
approach for this specific experimentation.

Figure 4.25 depicts some examples of the final quality of the welded workpieces with both methods.
Workpieces 10 and 11 were welded by participant 2 and workpieces 8 and 9 by participant 3. Table 4.8
and Table 4.9 summarize the results and characteristics of the path planning for the semi-circumferential
and linear features respectively for all the participants. The planning process of the semi-circumferential
feature of participant four did not trigger the termination algorithm because several initial total motion
costs including backward motions affected the fitting function.

Table 4.7: Mean of the absolute error w.r.t. the mean of the throat thickness for each participant and
method.

Participant
Method 1 2 3 4 5 6 7 8 9 All - average

AOLP [mm] 0.35 0.19 0.20 0.28 0.28 0.24 0.34 0.24 0.23 0.2611
Teach-In [mm] 0.45 0.44 0.61 0.50 0.35 0.26 0.31 0.42 0.31 0.4056

Workpiece 10 Workpiece 11

Workpiece 8

(a) Example of workpieces welded using the
teach-in approach.

Workpiece 9

(b) Example of workpieces welded using the
AOLP approach.

Figure 4.25: Example of welded workpieces using the Automatic Optimized Offline Programming
(AOLP) and the teach-in approach.
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Table 4.8: Results and characteristics of the path planning for the semi-circumferential feature for the
different participants.

Participant Initial total Final total Evaluated Rewires Heuristic iterations Duration of
motion cost motion cost states Termination alg. optimization

[Deg · %] [Deg · %] Nr. Nr. Nr. [s]

1 1192.92 517.160 4167 139236 48 25.13
2 1212.41 503.297 9255 342127 56 37.57
3 1096.85 530.112 3285 106259 31 20.26
4 1187.63 492.352 19283 776623 Max. Time 60
5 1062.85 532.153 2306 70931 31 17.06
6 915.92 508.023 6622 235018 35 33.84
7 1378.23 541.453 3545 115879 31 21.92
8 1394.28 549.832 2440 75621 35 18.30
9 1272.05 510.819 6124 215098 56 28.50

Table 4.9: Results and characteristics of the path planning for the linear feature for the different
participants.

Participant Initial total Final total Evaluated Rewires Heuristic iterations Duration of
motion cost motion cost states Termination alg. optimization

[Deg · %] [Deg · %] Nr. Nr. Nr. [s]

1 1554.32 704.385 4965 169746 42 17.38
2 1246.07 727.375 5469 189402 44 16.52
3 1424.32 689.084 6972 249018 31 20.37
4 1581.78 712.562 4078 135854 37 20.79
5 1500.88 706.495 4899 167172 36 15.47
6 1265.55 704.277 3875 128140 34 14.31
7 1537.41 686.863 9643 358347 62 27.63
8 1593.62 704.286 3325 107739 37 11.71
9 1246.07 705.417 4522 152726 43 14.40

Experiment 2: Comparison of required programming time with a commercial OLP sys-
tem

The same task evaluated above (welding of the semi-circumferential and linear features avoiding
collisions) was simulated by six participants using the commercial software Delfoi and the proposed
AOLP approach using the internal developed simulation. A document describing the task was given to
each participant as in the previous experiment. Additionally, a video showing the programming in each
simulation environment was prepared and given to the participants. Each participant was allowed to
watch each video for 5 minutes. Support was given during the simulation as requested for the usage of
the commercial and the internal developed software. Figure 4.26 depicts both simulation environments.

The DelfoiArc toolbox was used for the configuration of the simulation in Delfoi. This toolbox allows
the automatic planning based on geometrical features. The geometrical approach allows generating
robot poses based on the workpiece geometry without reacting to infeasibilities. In this way, end-users
were guided to plan a path for the semi-circumferential and the linear features based on the CAD
model. Collisions have to be avoided by adding poses and re-teaching the geometrically generated
poses. The internally developed simulation environment included the AOLP approach and used an
RRT* as in the previous experiment for optimizing the path. As in the previous experiment, the
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participants were asked to perform the task in the fastest and most optimal way and the optimality
was also verbally explained.

The end-user had to select the desired features to be welded and to follow the macros. Both
simulation environments were previously configured. The configuration consisted of the preparation
of the scene and the setting of the collision detection function. For the Delfoi software, the welding
process in the DelfoiArc toolbox was previously configured. Similarly, the welding process parameters
in the XML format were previously configured in the internal developed simulation. Therefore in
contrast to the first experiment, no configuration of the process was required in this experiment by the
participants.

The time for the programming using each simulation environment was measured up to the point
in time the simulation was run without collisions. Six participants performed the simulation. The
average required time using the Delfoi software was 629 s. For the AOLP approach with the internally
developed simulation, the average required time was 163.5 s. The given welding task for avoiding
the collision was achieved 3.84 times faster using the AOLP in comparison to the commercial OLP
software.

Collision
objects

(a) Delfoi simulation environment.

Collision
objects

(b) Internal developed simulation environment with the AOLP approach.

Figure 4.26: Simulation of the collision avoidance in two different OLP environments.

107



Chapter 4 Optimized Collision Avoidance in Robotic Welding

4.5.4 Close-to-Optimal Workpiece Positioning for Robotic Welding

As a further extension to the implementation, the workpiece positioning (refer to Section 3.5) for the
welding process with a rotatory table is also simulated and evaluated (Diaz Posada, Mukherjee et al.
2018). Characteristics such as avoidance of welding defects due to the gravity or the facilitation of the
optimal welding angle are criteria commonly defined by the process experts. The rotatory table offers
two DoFs denoted as Ψ1 and Ψ2 as depicted in Figure 4.27a. The bounds for angle Ψ1 are defined as
95 Deg and -95 Deg. The bounds for angle Ψ2 are defined as 170 Deg and -170 Deg. Figure 4.27b
depicts the real robot cell (Reis RV30-26 as defined in Subsection 4.5.1 in page 87).

The optimal orientation with respect to the product feature is optimized in the path planning phase
as presented in previous sections. Moreover, a minimum joint movement and gravity cost are also used
as criteria while positioning the workpiece by using the DoFs of the rotatory table. The path plannings
are performed in this subsection for the semi-circumferential feature of the workpiece presented in
Figure 4.1b in page 81.

Ψ2
-170 170

Ψ1

-95

95

(a) Simulation of the welding robot cell,
rotatory table, and workpiece.

(b) Welding robot cell.

Figure 4.27: Simulation and real robotic welding cell.

The DoF of the process is defined as the rotation around the vector δα, in which the welding direction
is defined. This is achieved by configuring the process in the XML format. The validity functions taken
into account in the workpiece optimization are the reachability and maximum joint limits functions (as
defined in Subsection 3.2.1). Validity results for discretizations every 10 Deg for this use-case over the
defined DoFs of the workpiece positioning problem are depicted in Figure 4.28. If the planner cannot
interconnect a solution between the optimized start or goal state, or if there is not a possible goal or
start, the planner reports the anomaly (red color). This anomaly is caused due to the costmap of the
RMP

2 for the specific workpiece position.
The state cost for the welding path planning Cs is defined as in Subsection 4.3.1 and equation (4.6)

in page 84. Based on this definition, the total motion cost for the welding process wCt is defined as the
integral cost over the current computed path plus the backward policy as described in Subsection 4.3.2
and equation (4.8) in page 85. The total motion cost has units in [Deg ·%] and it is divided over ten in
order to obtain similar ranges in comparison the other costs in this use-case.
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reachable and no joint
limits exceeded

joint limits exceeded

unreachable

planner cannot find
a solution

unreachable and
joint limits exceeded

Figure 4.28: Validity evaluation for the workpiece positioning in the welding use-case. Dark blue: reach-
able and no joint limits exceeded; Light blue: joint limits exceeded; Green: unreachable;
Orange: unreachable and joint limits exceeded; Red: planner cannot find a solution.

Note that the welding total motion cost is the only one taken into account in the path planning phase.
Other later defined costs are considered during the workpiece positioning. Figure 4.29a depicts the
costmap through all the feasible workpiece poses (unreachable states are not explored) after running an
RRT* algorithm through the automatically set RMP

2 for 20 seconds in order to optimize wCt. In this
case, an initial check is done in order to evaluate if the optimum through the dimension k is feasible.
Remember that the k dimension parameterizes the translation constraint of the weld seam (as defined
in Subsection 4.2.1).

For the workpiece positioning, two additional cost are defined: The first one is the joint movement cost
for welding (wCj) in order to prioritize less joint movements during manufacturing process execution.
This functionality is useful if energy savings are desired. Each joint is assigned with a different weight
wj depending on its relevance. These weighting factors wj are defined in the simulation taking into
account the power consumption of each servo-motor. The deviations δθ of each joint j through all
the poses h over the computed path are calculated as in Equation (4.10). Figure 4.29c depicts the
costmap after the planning phase for each of the computed and feasible paths over a discretization of
10 Deg over the DoFs of the workpiece positioning.

wCj =
6∑

j=1

(
wj ·

h∑
i=1

δθj,i

)
with δθj,i = θj,i+1 − θj,i (4.10)

Moreover, a gravity cost wCg is also defined for the welding use-case. In this process, it is not desired
to weld in the direction in which gravity makes the welding material fall down over the welding-seam.
In order to avoid this, a vector defined from the translation component of the product start (xs,ys,zs)
and goal (xg,yg,zg) in SE

3 is computed and its components are evaluated as defined in Equation (4.11).
The angle Φ determines the influence of gravity over the welding process. If it is null, this means that
there is no gravity influence because the z components of the product feature start and goal are on
the same level. Its maximum value is obtained if Φ = 90 Deg. Figure 4.29b depicts the costmap of
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the gravity cost. Note that the costs considered during the workpiece positioning (i.e. wCj and wCg)
have units in [Deg] in comparison with the units of the total motion cost ([Deg ·%]) in which the k

dimension is implicit.

wCg = Φ = tan−1

⎛
⎝ zg − zs√

(xg − xs)2 + (yg − ys)2

⎞
⎠ (4.11)

(a) Total motion cost wCt . (b) Gravity cost wCg.

Simulated annealing start
Simulated annealing end

(c) Joint movement cost wCj with simulated annealing.

Figure 4.29: Costmaps for the workpiece positioning optimization in the welding use-case.

After these definitions, the workpiece localization cost for the welding process is defined with
weighting factors wjm and wg as follows,

wCwp = wjm · wCj + wg · wCg (4.12)

The simulated annealing (as presented in Section 3.5) has been run in two different configurations
for optimizing the workpiece pose. The first one takes into account just the joint movement cost (refer
to Figure 4.29c). Results of two simulated annealings are displayed over the costmap. The orange
rectangle symbolizes the start of the simulated annealing. The orange hexagonal star, the end of the
algorithm. The transformation world to workpiece T wp

w is obtained by commanding the table to this
configuration. The optimized path σ∗ is the one in this workpiece pose. Please note that the costmap
was plotted by iterating the planner and it is just performed for explanation purposes.
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Programs were generated for the optimized position Ψ1 = −32 Deg and Ψ2 = 130 Deg (optimized
solution) and Ψ1 = −35 Deg and Ψ2 = 20 Deg (worst solution over the costmap). The weights
configured for this criterion are w1 = 0.22; w2 = 0.32; w3 = 0.175; w4 = 0.12; w5 = 0.12; and
w6 = 0.045 which correspond to the factors of power consumption of each servomotor. Figure 4.30
depicts the joint values obtained from the robot controller after moving the robot with an automatically
generated program in Cartesian space. Slightly different velocities were set manually for each program.
Note that the velocities do not influence the joint movement cost. The joint movement cost as specified
in Equation (4.10) for the optimized and worst workpiece position are calculated as 24.39 Deg and
94.51 Deg respectively considering the joint values obtained from the Reis controller, demonstrating
the operation of the optimization.
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(a) Joint movements for the optimized workpiece
position.
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(b) Joint movements for the worst workpiece posi-
tion.

Figure 4.30: Robot joint movements for the optimized and worst welding workpiece position with joint
movement optimization.

The second different configuration of the simulated annealing is done with a weighting factor of
wt = 0.33 (refer to Equation (3.19) in page 74), wjm = 0.33, and wg = 0.33 for depicting how the
criteria could be combined and defined by the end-user. Note that wwp, introduced also in page 74,
is defined as wwp = wjm + wg. The weighting factor wt is for the total motion cost defined as in
Subsection 3.5. The costmap of this configuration and results of two simulated annealings are depicted
in Figure 4.31.

Figure 4.32a depicts the punctual path planning when the most optimal path is possible (no
infeasibilities on the optimum). The optimized path is defined from k = 0 to k = 100 for δα = 0.
The samples are also displayed here for illustration purposes. Figure 4.32b depicts the punctual path
planning and the algorithm avoiding the infeasible robot poses. Optimized start and goal states are
found and an optimized path is found over the costmap after the exploration of the RRT*. This path
has a higher cost than the optimal one. Results of the optimization in the start and goal region (Ss,
Sg) can be observed here (refer to step5 in Section 3.4). Figure 4.32c depicts the planning in an area in
which the path is not possible. This situation was depicted with red color in Figure 4.28. Note that in
the costmap the k dimension defines the constrained semi-circumferential feature. Transparent spaces
in the costmaps represent infeasibilities (in this case: unreachabilities and/or maximum joint limits).
Relations of Ψ1 and Ψ2 can be observed between these plots and Figures 4.28 and 4.29a.
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Simulated annealing
start
Simulated annealing
end

Figure 4.31: Weighted costmap for the workpiece positioning in the welding use-case with the simulated
annealing algorithm and the computed close-to-optimal workpiece pose.

(a) Path planning in the costmap for optimizing welding orientation in the rotatory table configuration
Ψ1 = 20 Deg and Ψ2 = 0 Deg with generated samples (blue bubbles). Welding optimal
orientation possible through all the seam.
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(b) Path planning in the costmap for optimizing welding orientation in the rotatory table configuration
Ψ1 = −35 Deg and Ψ2 = −20 Deg. Welding optimal orientation not possible through all the
seam.

(c) Path planning in the costmap for optimizing welding orientation in the rotatory table configuration
Ψ1 = −30 Deg and Ψ2 = −100 Deg. Path generation not possible.

Figure 4.32: Path planning (black bubbles and lines) and costmaps for different rotatory table configu-
rations.
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4.6 Conclusion

This chapter described the use-case of the optimized collision avoidance in robotic welding. The main
contribution is the performance evaluation of the proposed approach with significant improvements in
terms of the required programming time and final welding quality. The avoidance of collisions is a
time-consuming task using state-of-the-art methods and therefore the implementation of this use case.

In order to illustrate the modularity of the approach, the simulation has been carried out on two
different workpieces with continuous features, the first with linear features and the second composed of
a semi-circumferential and a linear feature. In this use-case, the state cost has been defined as the
minimum required angle of a non-collision generated sample for reaching the optimal orientation for
welding.

The termination algorithm, the angular velocity motion cost, and the path planning with more
than one process DoF have been computed and evaluated. Moreover, a benchmark of four different
sample-based algorithms was carried out. Experimentation has been performed by comparing the
proposed AOLP and the teach-in approach. The programming time is on average 4.23 times faster than
the teach-in approach for the given welding task. Moreover, the AOLP improved the homogeneity of the
welded throat thickness by 35.62 % after experimentation with a robot cell for the evaluated use-case.
The approach is on average 3.84 times faster than those implemented in a commercial OLP software
for the evaluated collision avoidance. As an extension, the close-to-optimal workpiece positioning for
robotic welding has been presented and validated for the minimization of joint movements.
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5 Optimized Stiffness for Robotic Milling

In this chapter, the use-case of automatic robotic path generation for the milling process is described.
The problematic and motivation of this use-case was defined in Subsection 2.7.2. The main difference
of this use-case in comparison with the others is that this one uses models in joint space of the robot
for building the costmap which defines the robotic manufacturing process. The process forces and the
robot joint compliance model are used to optimize the robot stiffness. Both strategies for interpreting
multiple product features (refer to Subsection 3.1.1) are simulated and evaluated in experimentation.

A similar structure as in the approach and architecture as well as in the welding use-case chapters
is addressed for depicting the modularity of the approach. Section 5.1 formally defines the problem.
Section 5.2 describes the product, process and resource model of this use-case. Section 5.3 introduces
the state and motion cost. Section 5.4 describes the interpretation and planning of the stiffness
optimized path. Section 5.5 presents the simulation and experimentation results of the computed
optimized paths. Section 5.6 concludes this use-case.

5.1 Problem Definition

To address improvements in robotic machining accuracy, the following path generation problem is
defined as in (Diaz Posada, Schneider et al. 2017): compute automatically and offline a feasible and
optimized path σ∗ optimizing the stiffness of the robot fstiff = (fcompl)−1 by using the degree of
freedom of the rotation around the tool axis δγ throughout all the feature to be milled. The optimized
path must take into account the specified end-user task definition and the product, process, and
resource components specified by models as determined in the next section.

5.2 Product, Process, and Resource Modeling

The following section describes the proposed product, process, and resource models for this use-case
which are the inputs required for the automatic interpretation and configuration of the path planner in
order to solve the stated problem.

5.2.1 Product Model

The product model for this use-case consists of multiple continuous milling paths of a workpiece. The
milling paths are selected by the end-user with a click using the simulation environment, determining
in this way the task specification of the process. The end-user determines with the clicks the sequence
of the machining. The software has been developed for allowing the modification of the direction of a
selected machining path. The workpiece to be machined is composed of linear features.
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Chapter 5 Optimized Stiffness for Robotic Milling

The linear product features for this use-case have been modeled with the two different strategies
presented in Subsection 3.1.1. In the first one, the single problem strategy applying the model-based
piecewise approach is used for computing the transformation T p

w(k). Algorithm 1 (refer to page 54) is
used for symbolically encoding this transformation defining just one planning problem (ρ = 1).

The multiple problem strategy is applied for the second evaluation. Here for each feature, a path
generation problem is defined, being then ρ = u and the T p

w(k) as defined in Equation (3.5) in page 55.
Remember that u denotes the number of selected continues features. This strategy is implemented for
avoiding abrupt changes of orientation in SE

3 due to the RMP
n’s discontinuities, presented as a result

of the nature of the state cost with respect to the product features definitions. A heuristic function is
implemented for assuring that the state costs and that the configurations in SE

3 of each goal and next
feature start states do not deviate significantly (refer to step 5 in Section 3.4). The optimization in the
OLP (refer to Subsection 5.5.2) and the experimentation (refer to Subsection 5.5.3) will be presented
taking into account these two strategies.

The rotational component for both strategies of the milling path is modeled by obtaining a quaternion
denoted as q based on a defined product orientation convention. This orientation is computed taking
into account the direction vector of the machining process as the �x vector of the tool coordinate system
(red vectors depicted in Figure 5.1) and the �z vector as the direction in which the milling tool points
(blue vectors depicted in Figure 5.1). The quaternion and the start and end points of each linear feature
are used to compute a homogeneous transformation defining the frame attached to the workpiece
feature in which its orientation match with the desired milling direction. Figure 5.1 depicts the product
model and its notations for the milling process. The DoF of the product (denoted DoFp) is represented
with the variable k as in the previous use-case. Remember that as defined in Subsection 3.1.1, �Vsm

and �Vgm are the start and goal position vectors of the features. The constant kd = 100 is the end of
parametrization for a single product feature.

5.2.2 Process Model

As defined in Subsection 3.1.2, the process description is performed locally, meaning with respect
to the coordinate system of the machining path in the workpiece. Position and rotational constants
(x, y, z, α, β, γ)proc for this transformation are zero values because the tool needs to satisfy the constraint
of the product milling path (tool in contact operation with the workpiece). The DoF of the process
(DoFproc) is defined as δγ, which is the rotation around the tool axis (�z axis of the tool coordinate
system as in Figure 5.1; the RGB convention- red, green, blue for �x, �y and �z respectively- is used
here and through all the document). Figure 5.1 depicts the inputs required for interpreting the
transformation T proc

p . The following equation notates the transformation for this use-case,

T proc
p

(
DoFproc

)
= T proc

p

(
δγ

)
proc

=

⎡
⎢⎢⎢⎢⎢⎣

Reul

⎛
⎜⎜⎝

0
0
δγ

⎞
⎟⎟⎠

proc

⎡
⎢⎢⎣

0
0
0

⎤
⎥⎥⎦

proc

0 1

⎤
⎥⎥⎥⎥⎥⎦ .

(5.1)
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Figure 5.1: Illustration of two milling paths on the product and its notations for two linear features.

The definition of the process model parameters is done in an XML file. In this file, the process
parameters are specified and the degree of freedom for the process are set. Listing 5.1 depicts the
semantic model of the milling process in the XML format with process parameters, such as spindle
speed, feed rate, depth of cut, number of tool teeth, and the process frame characteristics. For this
use-case, also process parameters are determined because a model for computing the forces due to the
milling is adopted. The computation of process forces is explained below. The calculation of robot
deviations due to compliance is explained in Section 5.3. For the milling process, the minimum (δγmin)
and maximum (δγmax) of rotation around the tool axis are defined as -180 Deg and +180 Deg due to
the complete possible rotation around the vector in which the milling tool points (�z).

1<Process name="Milling" type="Edge">
2 <Parameter name="SpindleSpeed" unit="1/min" value="10000"/>
3 <Parameter name="FeedRate" unit="mm/min" value="300"/>
4 <Parameter name="DeepCut" unit="mm" value="1"/>
5 <Parameter name="ToolDiameter" unit="mm" value="8"/>
6 <Parameter name="NrToolTeeth" unit="Nr" value="4"/>
7 <FrameConstraintsDoF>
8 <GeoParameter name="x" unit="mm" type="Fixed" value="0"/>
9 <GeoParameter name="y" unit="mm" type="Fixed" value="0"/>

10 <GeoParameter name="z" unit="mm" type="Fixed" value="0"/>
11 <GeoParameter name="α" unit="degree" type="Fixed" value="0"/>
12 <GeoParameter name="β" unit="degree" type="Fixed" value="0"/>
13 <GeoParameter name="γ" unit="degree" type="Range" min="−180" max="180" value="0"/>
14 </FrameConstraintsDoF>
15 <OptimizationFunction name="Stiffness_Optimization">
16 </OptimizationFunction>
17</Process>

Listing 5.1: Semantic modeling of the milling parameters in XML format.
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Process Force Calculation

The process model also specifies the process-dependent parameters that are used to estimate the
forces experienced by the robot end-effector during the milling. These parameters are determined
according to the tool producer’s specifications. In this way, the feed per tooth (fz) in mm/tooth is
quantified. The feed rate Vf in mm/min of the tool is calculated using the standardized equation
Vf = nz · z · fz. Where nz is the spindle speed in rpm, z the number of cutting teeth, and d the
diameter of the tool in mm. From this equation, fz can be determined.

The above calculated parameters are used to estimate the process force by using the equation specified
by Gomeringer (2014). The force in machining direction is calculated using the following equation
�FP roc = ap · hm · Kc (Gomeringer 2014, p.350), where hm is the chipping thickness, calculated with
hm = 360◦

πΔφ◦ (ae
d )fz (Gomeringer 2014, p.350). Here Δφ is the entry angle calculated by cosΔφ = 1 − 2ae

d .
The constant ae is the depth of cut in mm; d is the diameter of the tool in mm; Kc is the material-specific
cutting coefficient, and ap the cutting width in mm (as in (Gomeringer 2014, p.346)).

5.2.3 Robot Model: Joint Wrench Computation due to Process Force and Joint
Weights

This subsection describes the models of the resource component, in this case, an industrial robot
denoted as (ROBOT) with a mounted milling tool on its end-effector. These models consist of the
robot forward and inverse kinematics generally described in Subsection 3.1.3, the wrench computations
in joint space, and the robot joint compliance models which are explained below.

The wrench in joint space is defined in a coordinate system A as the tuple composed of the force and
the moment as follows (ωA) = [ �F , �τ ]T , where �F = [Fx, Fy, Fz]T represents the forces and �τ = [τx, τy, τz]T

the moments in the �x, �y and �z directions of frame A. For computing the wrenches, which are required
for the state cost evaluation (refer to Subsection 5.3.1), the process force and joint masses with their
center of masses are required as inputs. The evaluation of the process force �FP roc was described in
Subsection 5.2.2 and the estimation of masses and the center of masses are detailed in Appendix A.

The wrench of each joint (in frame A) is computed using the transformation from its following
joint or coordinate system where forces or moments are applied (in frame B) with the force-moment
transformation Tw (Craig 1989, p.181), where R represents the rotation matrix and �V the translation
vector as follows:

ωA =
[

�F A
A

�τA
A

]
=
[

RA
B 0

�V A
B × RA

B RA
B

] [
�F B

B

�τB
B

]
= TwA

B(ωB) = TwA
B

([
�F B

B

�τB
B

])
. (5.2)

For joint 6, the computed milling force is mapped from the calibrated TCP frame (tcp). Moreover,
the weight of the end-effector mEE is mapped to the joint frame taking into account its center of mass
cmEE . Other center of masses are denoted as cm followed by the respective joint indicator.

Other wrenches for each joint (j) due to joint masses (denoted as mj with the respective joint
indicator) are computed in the same way. All joint weights have been defined in the negative �z direction
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5.2 Product, Process, and Resource Modeling

in the global coordinate system (pointing in the gravity force direction). Equation (5.3) describes the
computation of wrenches for a six-joint articulated robot for static poses.

ωj6 = Twj6
tcp([ �FP roc, 0]T ) + Twj6

cm6([mj6, 0]T ) + Twj6
cmEE

([mEE , 0]T )

ωj5 = Twj5
j6(ωj6) + Twj5

cm5([mj5, 0])
...

ωj1 = Twj1
j2(ωj1) + Twj1

cm1([mj1, 0]).

(5.3)

Based on the joint wrench computation, the joint’s moment tuple τj is defined as the moment applied
in the �z direction for each robot joint as denoted in the next equation. The �z vector in joint space
defines the positive rotational vector of each robot joint.

τj(mj , cmj , mEE , cmEE , �FP roc) = [j6τz, j5τz, j4τz, j3τz, j2τz, j1τz]T . (5.4)

5.2.4 Robot Model: Joint Compliance Model

The robot joint compliance model has been identified for the Kuka KR270 R2700 ultra using the
methodology described by Schneider, Diaz Posada et al. (2015). The model has been identified with
one hundred measurements for each of three different measured robot poses. The effects of backlash are
identified using third order polynomials. Positive and negative linear equations are used to model the
compliance where no backlash is observed. Constants sa . . . sh, smin, and smax define these equations.
The following equation notates the compliance model fcompl of a joint jm, where m is the identifier of
each joint. The input of this function is the joint moment τjm applied in the �z direction and its output
is the respective joint deviation δjm.

δjm = fcompl(τjm) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

sc · τjm + sd , τjm ∈ (−∞, smin)

se · τ3
jm

+ sf · τ2
jm

+ sg · τjm + sh , τjm ∈ [smin, smax)

sa · τjm + sb , τjm ∈ [smax, ∞)

⎫⎪⎪⎪⎬
⎪⎪⎪⎭ . (5.5)

Figure 5.2 depicts the compliance model for each joint on its rotational �z component (rotation
around the joint axis) (Diaz Posada, Schneider et al. 2017). The different colors for the punctual
measurements determine the three different measured poses. Two colors determine the different type
of models. Green lines in the pictures determine the linear models; the red functions depict the third
order polynomials. Values of the compliance models (sa . . . sh) for the six joints of the Kuka KR270
R2700 ultra are provided in Table B.1 in Appendix B. Table B.2 in the same appendix describes the
lower and upper ranges smin and smax respectively, where the non-linearities are determined for each
robot joint.
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Figure 5.2: Joint compliance models for the Robot Kuka KR270 R2700 Ultra and their non-linear
descriptions around the �z axes of all six joints.

5.3 State and Motion Cost

5.3.1 State Cost

The state cost function Cs(·) (generally introduced in Section 3.4) evaluates the robot stiffness in
the milling process. It is defined as the translation deviations as a result of robot compliance caused
by wrenches applied in each joint due to process forces and joint weights. These deviations are the
Euclidean distance between the desired poses and the deviated poses caused by the robot compliance.
The robot inverse kinematics is used here to transform samples from the Cartesian space to the
joint space.

For calculating the robot translation deviations in Cartesian space δx, it is necessary to first transform
the samples to joint space because the robot compliance models are only available in this space. Initially,
the deviations in all joints δj due to joint moments (τj , as previously defined) are computed taking
into account the robot joint compliance model with the following equation,

δj = fcompl(τj). (5.6)
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5.3 State and Motion Cost

After determining the deviations in joint space δj, the robot translation deviations in the Cartesian
space δx are then computed using the forward kinematics for every individual robot pose as follows,

δx = FK(j + δj) − FK(j). (5.7)

Finally, the state cost is calculated as the Euclidean distance of the robot translation deviation in
Cartesian space as follows,

Cs(δx) =
√

(δxx)2 + (δxy)2 + (δxz)2 = Cs(k, δγ). (5.8)

The state cost is then a function defined for the dimension k and the degree of freedom δγ of the
milling process, with state costs belonging to the positive real numbers as denoted in the following
equation,

Cs(δx) →∈ R ≥ 0. (5.9)

Figure 5.3 depicts the described process for computing the state cost taking as inputs the product
and process models for interpreting the RMP

n, then transforming RMP-samples to the Cartesian space
and then to the joint space in order to calculate joint deviations caused by the the robot compliance
for finally computing the Euclidean distance of the deviations which is defined as the state cost of the
process.
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Figure 5.3: State cost computation for the stiffness optimization in robotic milling.
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5.3.2 Motion Cost

Taking into account that the state cost is defined as undesired robot deviations due to its compliance
characteristic and that it is desired that the motions of the robot keep the stiffest configuration for
minimizing translation deviations, the objective of an appropriate path generation problem for the
analyzed motion problem is defined as the computation of low-cost paths following valleys and saddle
points over the RMP C-space when moving from the initial to the goal state (as in Figure 5.8 in
page 127).

Considering the previous definition and the state of the art of sample-based path planners, the
mechanical work motion cost (Jaillet, Cortés et al. 2016, 2008) adapted to take into account the k

parameterization has been chosen as the manufacturing motion cost for solving the proposed problem.
The mechanical work motion cost has been developed to compute motions that minimize the climbing
of high-slope regions on elevation maps of the terrain (Jaillet, Cortés et al. 2008), which can be directly
related to the proposed robot stiffness optimization problem.

The positive variations of the cost function, which in this use-case is the deviation due to the robot
compliance, can be extrapolated to the proposed problem, as the movements that represent more
deviations along the path. In this way, the mechanical work is adopted for the stiffness optimization
problem as denoted in Equation (5.10) for a path σ, with σ+ as portions of the path with positive
slopes and with ε as a small penalty proportional to the distance adapted from the definition proposed
by Jaillet, Cortés et al. (2008).

CM(σ) =
∫

σ+

δCs

δk
dk + ε

∫
σ

dk. (5.10)

The mechanical cost in synergy with planners such as the T-RRT computes low-cost paths that
follow valleys and saddle points of the configuration space costmap as required in the proposed problem.
As mentioned by Jaillet, Cortés et al. (2016, p.635) “the filtering of the transition test relies on the
gradient of cost function along the local motion to connect a given state to the RRT tree, resulting in
an expansion biased to follow the valleys and the saddle points of the configuration space costmap”,
which satisfies the requirements for optimizing stiffness.

Moreover, similar to the welding use-case, the milling process does not tolerate backward motions.
Thus, the same backward policy cost Cp = ∞ is assigned, if the condition (ks2 < ks1) is encountered
(refer to Subsection 3.1.2.2). This illustrates the modularity of the approach. Based on the introduced
costs, the total motion cost is then defined as Ct = CM + Cp taking into account the definitions done
in this section.

5.4 Optimized Path Generation with Stiffness Optimization

The stiffness optimization problem for the milling use-case is solved by using the general proposed
approach and architecture (refer to Chapter 3). First, an interpretation of the Product, Process, and
Resource (PPR) model as presented in Section 5.2 is performed. The optimization criterion of robot
stiffness by minimizing deviations due to the robot compliance is also defined (refer to Section 5.3).
Second, an automatic configuration of a state-of-the-art optimal sample-based path algorithm (T-RRT
in this case), including its state validity definition and the state and motion cost functions is performed.
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5.4 Optimized Path Generation with Stiffness Optimization

And third, the computation of an optimized motion for parsing it into a robot program, which optimizes
the robot stiffness, is executed.

For this use-case, the rotation around the tool axis (refer to Subsection 5.2.2) is the degree of freedom
of the process. The constraint of the product for the milling process is the path in which the milling
needs to be performed. The simplification of the Cartesian space in relation to the milling process is
performed via the RMP

n in order to reduce the computational requirements of the space sampling
process. Both strategies, the single and multiple path optimization problem are evaluated in simulation
and experimentation. This is summarized in Algorithm 8 with the variable m which denotes the path
problem identifier.

The product and process models are interpreted in order to define the corresponding dimensions and
bounds of the RMP

n as defined in Section 3.4. The function f(s) : RMP
n → SE

3 is then defined as
the transformation from the world to the process coordinate system (T proc

w (k, δγ) for this use-case).
This transformation is required when evaluating the state cost presented before and when planning in
the RMP

n for mapping samples to the Cartesian space. This transformation is specified for a milling
process having as dimensions the parameterized line equation with parameter k and the degree of
freedom of the tool δγ as denoted in the equation below,

f(k, δγ) = T proc
w (k, δγ) = T p

w(k)· T proc
p (δγ). (5.11)

For the proposed stiffness optimization problem, two is the number of dimensions of the RMP
2

(n = 2). The general function (DetermineDim (P, PROC)) is applied for determining the dimensions
in software. The bounds of the RMP

2 for this path optimization problem are defined through the
function (Bounds (P, PROC)) which differs depending on the strategy selected. The minimum and the
maximum value of the k dimension in the product model are assigned for the single problem strategy as
defined in Equation (5.12) and for the multiple as defined in Equation (5.13) for each product feature.
The minimum and maximum rotation around δγ is defined as in the XML (refer to Subsection 5.2.2).

1B =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

k,

{
kmin = 0

kmax = u · kd

δγ,

{
δγmin

δγmax

(5.12)
mB =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

mk,

{
mkmin = (m − 1) · kd

mkmax = m · kd

mδγ,

{
δγmin

δγmax

(5.13)

The start and goal states are defined with the minimum and maximum value of the k dimension.
Note that if the single problem strategy is selected then ρ = 1 and therefore just one evaluation is
done in Algorithm 8. For the single problem strategy, the following definitions are valid ks = 0 and
kg = u · kd. For the multiple problem strategy mks = (m − 1) · kd and mkg = m · kd are assigned to
each feature. For the δγ dimension, the start and goal values are defined by choosing the best state
cost in mks and mkg (refer to step 5 in Section 3.4).

The function of finding the minimum deviation by discretization calling the state definition is denoted
as (min(·)). In the multiple problem strategy, a heuristic method is programmed for assuring that the
state cost and that the robot configuration in SE

3 of each goal and next feature start do not deviate
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significantly. This definition allows that the goal of one feature and the start of the next one in the
Cartesian space present smooth robot movements. The definition of the initial and goal states for this
use-case with the multiple problem strategy is denoted as follows,

m[ss, sg] =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

mk,

{
mks = (m − 1) · kd

mkg = m · kd

mδγ,

{
mδγs = min(mks, δγ, Cs, IsValid)
mδγg = min(mkg, δγ, Cs, IsValid)

(5.14)

The number of dimensions n is automatically configured into a RealVectorStateSpace object in the
OMPL (Kavraki 2017). The number of dimensions for this use-case is two (being these dimensions k

and δγ). The involved functionalities interpret this configuration for assuring proper mapping among
spaces and planning. The initial and goal states m[ss, sg] are also assigned to this RealVectorStateSpace.
Finally, a T-RRT algorithm is automatically configured.

Algorithm 8 describes the process for the automatic interpretation and computation of robotic milling
optimizing stiffness using the T-RRT sample-based planning algorithm. Results for both strategies are
presented in next section depicting the influence of discontinuities in the RMP

2 and their avoidance
using the described heuristic and the multiple problem strategy. The IsValid(·) function is defined as
the maximum-joint limits evaluation.

Algorithm 8 Automatic interpretation and computation of the robotic milling process for optimizing
stiffness using a T-RRT algorithm.
Input: P (Equation (3.4) or (3.5) depending on the interpretation strategy), PROC (Equation (5.1)),

ROBOT (as defined in Subsection 5.2.3), Ct (as defined in Section 5.3), IsValid, ρ

Output: σ∗ {stiffness optimized path for the desired milling process}
1: for m = 1 to ρ do
2: mf(k, δγ) = mf(k, δγ) ← RMPtoSE3 (mP, PROC, ROBOT)
3: [mss, msg] ← StartGoalStates (mP, PROC, ROBOT, Cs, IsValid)
4: mB ← Bounds (mP, PROC) as in Equation (5.12) or (5.13)
5: mn ← DetermineDim (mP, PROC)
6: {sample and calculate optimized path for each feature}

σ∗ ∈ [mks, mkg] ← T-RRT (RMP
2(mf , n, mB), mss, msg, Ct, IsValid)

7: m = m + 1
8: end for
9: return σ∗ ∈ [1ks, ρkg] {retrieve concatenated optimized path of all features}

Note that the discontinuities are present in the RMP
2 due to the changes of the product coordinate

system orientation for each feature, which represents different robot joint configurations and therefore
translational deviations. The final program is improved in this use-case by adding a pose in the corners
for assuring the accomplishment of all product constraints.
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5.5 Optimization in OLP Software and Experimentation

The following section presents the computation of robot stiffness optimization for a milling task in the
OLP software and the experimentation in the robot cell introduced in Subsection 5.5.1. The optimization
and experimentation is categorized into the two different strategies used for the interpretation of
the product and the path planning problem (the single and multiple problem strategy, refer to
Subsections 5.2.1, 5.4, and 3.1.1).

Subsection 5.5.2 presents the path optimization in OLP software and the generation of paths used
for comparing final milling accuracies. Main goal of the robot stiffness optimization is to address
improvements in the robotic machining accuracy. With the generated paths, milling experimentation
(refer to Subsection 5.5.3) is performed in order to evaluate the final accuracy of the milled contours
and their depth deviations by comparing the optimized and non-optimized paths. Subsection 5.5.4
presents the close-to-optimal workpiece positioning for robotic milling.

5.5.1 Experimental Setup

The robotic machining system consists of a Kuka Quantec KR270 R2700 ultra industrial robot, an
end-effector with a Chopper spindle tool reference 3300 H S5 from the company Alfred Jäger GmbH
(Ober-Mörlen, Germany) (refer to Figure 5.5). An RSP tool changer reference TC 480-1 is used to
exchange different end-effectors. The robot is mounted in a machine bed of 14 tons with a table and a
mechanical gripping system to hold the workpiece. Figure 5.4a depicts the described components. A
2D laser scanner and a laser tracker AT-901 is used in the experimentation (refer to Subsection 5.5.3)
in order to localize the workpiece in the work-cell. For automatically generating the stiffness optimized
robot program for the machining process, the robot cell has been modeled in the internally developed
simulation software (refer to Section 3.6) in which the presented optimization has been implemented.
The simulation of this robot cell is depicted in Figure 5.4b.

(a) Robot milling cell. Photo (Fraunhofer IPA,
Rainer Bez).

Global
coordinate

system

TCP
coordinate

system

(b) Simulated robot milling cell.

Figure 5.4: Real and simulated robotic milling cell.

Figure 5.5: Robot end-effector with the milling tool.
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5.5.2 Optimization in OLP Software

The end-user has the option in the internally developed OLP software to define the desired milling paths
by clicking and to re-orientate the product coordinate frame, in case the opposite machining direction
is desired. The convention of the product frames is defined as in Subsection 5.2.1. Figure 5.6 depicts
the CAD model of the test workpiece with four selected linear machining paths (u = 4) constituting a
square. The programs generated for the experimentation (refer to Subsection 5.5.3) follow the sequence
between corners from A to B, B to C, C to D, and D to A, as depicted in Figure 5.6. Red and green
vectors represent the �x and �y direction of the product frame. These vectors are depicted at the end
of each linear feature. The selection of the features by the end-user consists of the denominated task
definition, which is interpreted taking into account the product and process models as defined in
Section 5.4.

1

3

2

4

A

B

D

C

Figure 5.6: STL model of the real workpiece with 4 selected edges and its corners A, B, C, and D.

The software offers the possibility to generate paths without optimization. This path generation
is based just on the geometrical specifications. For all linear features, a path has been generated
without optimization. Figure 5.7 depicts the sequence of robot movements for a four-edge machining
task without optimization following the product convention (comparison path for the single problem
strategy). Note that due to its definition, the �x vector follows the milling path. Due to the infeasible
robot kinematics, the fourth path applies the rule to go in opposite direction of the �x vector of the
product frame. Moreover, the software also allows the generation of paths with constant orientation
through all the features (comparison path for the multiple problem strategy). Different comparison
paths has been approached in the experimentation for each strategy for resembling the rotational
movements of the optimized paths and their consequent inaccuracies due to robot calibration.

If the optimization function is selected, the overall process of automatic configuration of the T-RRT
is performed using the methodology described in Section 5.4. The result of the sampling-based process
is a robot motion σ∗ in the RMP

2 with optimized stiffness. The T-RRT algorithm was parameterized
with an initial temperature of 0.01, a range of 7, temperature change factor of 0.1, and set frontier node
ratio of 0.1 after experimentation with the algorithm. These parameters are defined in the source code
of the T-RRT algorithm in OMPL. The ε factor of the mechanical work motion cost, as defined in
Equation 5.10 in page 122, has been parameterized to 5 × 10−5. Euclidean robot translation deviations
(state cost) are retrieved in mm for the optimization and experimentation. Simulation results for the
two different implemented strategies are described below.
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Figure 5.7: Sequence of robot movements for a four-edge machining task without optimization following
the product convention (comparison path for the single problem strategy). Note that due
to the definition, the �x vector follows the milling path.

Optimization in OLP with the single problem strategy

After defining just one path generation problem (ρ = 1) and interpreting the four selected edges into
one piecewise equation and planning over the RMP

2, an optimized path is generated. Figure 5.8 depicts
the state cost deviation elevation map and the planned path from the start to the goal state (ks = 0
and kg = u · kd, respectively) (Diaz Posada, Schneider et al. 2017). In this figure, the infeasibilities
(i.e. max. joint limits) are not depicted to illustrate the overall C-space. Note that the costmap is
just generated to illustrate the RMP

2. During planning, just samples of this C-space are required. As
defined in Equation (5.14), the start and goal states have been optimized by minimizing the state cost.
kd has been set as 100 as defined in Subsection 3.1.1.
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Figure 5.8: State cost (Euclidean robot translation deviation) elevation map of the path generation
problem for optimizing stiffness in robotic milling and the optimized path (black bubbles
and lines) with the single problem strategy.
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When representing changes of features in RMP
2 in the product dimension k, there are discontinuities

in the elevation map, which corresponds to the multiples of the parameter kd. At this stage in the
RMP

2, the definition of the product changes as defined in Algorithm 1. The change due to this
discontinuity informs the path planner algorithm of transitions on the RMP

2. Therefore, in order
to prefer less cost over short paths, the parameter ε (refer to Equation (5.10)) has been set low in
relation to the motion cost values. This allows the algorithm to find feasible paths with lower costs
also through the discontinuities.

The optimized milled path in the RMP
2 used as an automatic generated final robot program for the

experimentation is illustrated in Figure 5.9. The optimized path in SE
3 in the simulation environment

is depicted in Figure 5.10. The generation of this motion using the T-RRT has been achieved in less
than ten seconds. The optimized path converges to the valleys in which the robot stiffness is maximized
in a slightly different way than the solution presented in Figure 5.8. This slight difference is due to the
random sampling characteristic of the sample-based path planning algorithms used in this research.
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Figure 5.9: RMP
2 for the four milled paths with their state cost (Euclidean robot translation deviations)

and a computed optimized path using the T-RRT algorithm with single problem strategy.

Table 5.1 lists the required path planning times for computing the result shown in Figure 5.9 and
Table 5.2 summarizes the results and characteristics for the sampling and optimization processes in the
robotic milling use-case optimizing stiffness for the 4 linear features using the single problem strategy.
Configurations of the T-RRT and the mechanical work motion cost were set as previously defined.
Note that in comparison with the RRT* results presented in Subsection 4.5.3, there are no values for
the initial total manufacturing cost, the rewires, and the heuristic iterations. This is because, per
definition, the T-RRT optimizes during the search through the goal state. No further optimization is
done after connecting a path from the start to the goal state. This being the reason why the automatic
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termination algorithm (refer to item 10 in Section 3.4) is not used when setting the T-RRT as planning
algorithm. Required times for the "plotting of space" and "sampling and optimization" are less than
for the welding use case (refer to Subsection 4.5.2) because the collision detection takes longer to be
computed and the T-RRT sample less than the RRT*. Milling results obtained with this optimized
path are presented in the next subsection.

Fi
rs

t
pa

th
Se

co
nd

pa
th

T
hi

rd
pa

th
Fo

ur
th

pa
th

1 2

4

3

5

7

6

8 9

10 11 12

Figure 5.10: Sequence of robot movements for a four-edge machining task with optimized stiffness after
generating the path with the T-RRT algorithm using the single problem strategy.

Table 5.1: Required path planning times for the robotic milling use-case optimizing stiffness for the
four linear features using the single problem strategy.
Product Interpretation Plotting Sampling and Transformations Total
feature [s] of space [s] optimization [s] [s] [s]

All linear features 5.09 0.43 0.83 0.74 7.09

Table 5.2: Sampling, optimization results, and characteristics in the robotic milling use-case optimizing
stiffness for the four linear features using the single problem strategy.

Product Final total Evaluated States in Duration
Feature manufacturing States solution for sampling

cost [mm] Nr. Nr. and optimization [s]

All linear features 0.515 316 41 0.83
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Optimization in OLP with the multiple problem strategy

A robot motion was also optimized using the multiple problem strategy (ρ = u) and the heuristic for
not allowing representative rotational deviations in the Cartesian space as detailed in Section 5.4. This
strategy is conceived for avoiding the discontinuities over the RMP

2. The path generated after planning
is depicted in Figure 5.11. The OMPL simplification algorithms for interpolating and reducing vertices
were used after the sample-based planning phase (refer to step 11 in Section 3.4).

Due to the planning in a continuous costmap for each feature the optimized path is more easily
found than with the previously described strategy. Even though in the RMP

2 the path presents
discontinuities, when this solution is mapped into SE

3, the discontinuities are not present due to the
implemented heuristic which constrains the start state of each product feature closely to the previous
goal state. Figure 5.11 depicts the path planning with the multiple problem strategy for the optimized
milling task. Slight changes of the tool orientation in SE

3 are computed due to the optimization.
Figure 5.11 also depicts the path in the RMP

2 used for comparison (constant orientation in SE
3 with

non-optimal stiffness configuration).

Figure 5.11: RMP
2 for the four milled paths with their state cost (Euclidean robot translation devia-

tions) with the computed optimized path using the T-RRT algorithm and the multiple
problem strategy (blue dots and lines), the simplified path (white dots and lines), and the
path used to compare the milling accuracy (black dots and lines).

Table 5.3 lists the times needed for computing the results shown in Figure 5.11 and Table 5.4 summa-
rizes the acquired results and characteristics for the sampling and optimization in the robotic milling
use-case optimizing stiffness for the 4 linear features using the single problem strategy. Configurations
of the planner and the mechanical work motion cost were set as previously defined. The states in the
solution are always 20, because the interpolation was activated and set in this way. Note that the final
total motion cost is less using this strategy than the single problem strategy due to the avoidance of
discontinuities. It can be also observed, that the final total motion cost of the 2nd linear feature is
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higher than the other ones. This is due to the most relevant slope of this feature over the RMP
2 with

respect to the others as it can be noticed in the previously shown Figure 5.8. Milling results obtained
with this optimized path are presented in the subsection below.

Table 5.3: Required Path planning times for the robotic milling use-case optimizing stiffness for the
four linear features using the multiple problem strategy.
Product Interpretation Plotting Sampling and Transformations Total
feature [s] of space [s] optimization [s] [s] [s]

All 4 linear features 4.29 0.53 1.73 0.48 7.03

Table 5.4: Sampling and optimization results and characteristics in the robotic milling use-case opti-
mizing stiffness for the four linear features using the multiple problem strategy.

Product Final total Evaluated States States in solution Duration for sampling
Feature motion cost [mm] Nr. Nr. and optimization [s]

1th linear feature 0.014 18 20 0.55
2nd linear feature 0.152 28 20 0.44
3rd linear feature 0.010 18 20 0.45
4th linear feature 0.005 33 20 0.29

Total 0.181 97 80 1.73

5.5.3 Experimentation

Experimental evaluation of the described approach and optimizations in the OLP software were
performed for both strategies using the robot cell described in Subsection 5.5.1. The robot milling
tool was calibrated as described in Appendix C. Four continuous milling paths composing a square as
depicted in Figure 5.6 in page 126 were milled using an automatically generated program with the
optimized path and without optimization for both strategies as described above.

The machined workpiece consists of a block of steel ST-37. The four machined paths are the sides
of a square of 8.6 cm over the upper face of the steel cube. The configured depth is 1 mm. The yield
strength of the steel is 235 N/m2. A solid carbide slot drill HPC tool has been used for these milling
tasks. The tool has a diameter of 8 mm, and it is from the company Holex. The tool has four teeth
and a corner chamfer width at 45 Deg of 0.2 mm. The milling was performed with a rotatory speed of
10000 rev/min. The feed rate was programmed as 0.005 m/s. Entering the material (first movement in �z

direction), before starting the milling in �x direction, was programmed with a feed rate of 0.001 m/s.
Information given before is valid for all the milled paths. Results obtained in the experimentation are
described categorizing both different strategies.

Experimentation with the single problem strategy

The 2D laser scanner reference scanControl 2900-50 from the company Micro-Epsilon (Ortenburg,
Germany) was used for localizing the workpiece in the robot workspace relative to the robot base
coordinate system for the two milled squares. The workpiece CAD model is used to generate a
corresponding reference point cloud in order to locate the workpiece using the ICP algorithm by
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comparing the reference with a point cloud obtained with the sensor (Kuss, Drust et al. 2016) (the
localization is not part of this dissertation).

The translation deviations δxx, δxy and δxz of the computed path based on the models are depicted
in Figure 5.12. The most representative deviations are in the z direction due to the joint weights
acting in this direction. The path optimization improved deviations in this direction as demonstrated
below. In this figure, the parametrization of the four edges is performed as described in Algorithm 1 in
page 54. The segment A to B is parameterized as [0, 100), B to C as [100, 200), C to D as [200, 300),
and D to A as [300, 400] automatically after the task definition.

Figure 5.13 depicts the two machined squares. In the x-y plane, the inner and outer contours
visualize that the optimized path is not more accurate. These deviations were expected due to the
lack of absolute positioning accuracy of the robotic system while changing the TCP orientation during
milling, which is the case of the optimized path. Deviations of the complete kinematic chain up to the
TCP are up to 0.35 mm in x and 0.5 mm in y direction, due to rotations around z (δγ) as described
in Appendix A. Some of the deviations in the machining are focused in Figure 5.13a to illustrate the
milling inaccuracies in the x-y plane of the optimized milled path.
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Figure 5.12: Translational deviations on x, y, z for the found solution based on the models.
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(a) Machined workpiece with optimization.

A B

CD

(b) Machined workpiece without optimization.

Figure 5.13: Machined workpieces with corners A, B, C, and D using the single problem strategy with
and without optimization.
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For analyzing the milled paths, the inner contour of the square sides was measured with a Coordinate-
Measuring Machine (CMM) Videocheck HA400. The 2D geometry of the milled paths is detected using
the camera of the machine. By a suitable parametrization of the bright and the dark field, the 45 Deg
phase over 0.2 mm of the tool can be detected. Several images are interposed by the machine in order
to obtain the 2D data, which allow measuring the square edges. Based on this measurement, lines are
fitted over the square sides without taking into account places where noisy measurements are observed
in order to evaluate the parallelism between edges. Moreover, the same CMM machine was used with
a surface feeler in order to measure the depth with respect to the upper plane of the steel cube.

The path in which the depth was measured was programmed with a 4 mm offset, half of the tool
diameter, with respect to the fitted lines of the squares (between the internal and external square
measured by the CMM). The parallelism of the sides of the optimized mill are not better than the one
with the non-optimized path. Angle deviations between the parallel sides for the non-optimized and
optimized square are −0.099 Deg and −0.417 Deg, respectively. For the perpendicular sides, the angle
deviations are −0.02 Deg and −0.66 Deg, respectively.

The effects of the optimization has been verified in the z direction where depth deviations were
improved. Figure 5.14 depicts the measured depth deviations for the paths with and without opti-
mization. In order to overcome and neglect as much as possible workpiece localization errors, the first
measured depth for both millings are defined as the zero deviation. The errors for the first depth with
respect the to the programmed milling depth (1 mm) are -0.33 mm and -0.75 mm for the optimized
and non-optimized path, respectively. This error is attributed to the inaccuracies of the workpiece
localization and therefore the referencing with the first measured depth.

In Figure 5.14, the same parametrization in k of the milling path as in Figure 5.12 applies. Comparing
Figure 5.14 and Figure 5.9, it is observed that when the planner performed significant changes of
orientation such as in the segment from 100 to 200 (B to C) the depth accuracy also reduced significantly.
Improvement in the milling depth is noticed in the optimized path. The mean absolute deviation
through all the path was computed for the optimized and non-optimized paths as 0.312 mm and
0.639 mm, respectively. This depicts an accuracy improvement of 51.17 %, reflecting the functioning of
the model-based robot stiffness optimization approach.
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Figure 5.14: Depth deviations for the optimized and non-optimized mills with the single problem
strategy.
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Experimentation with the multiple problem strategy

The workpiece localization for this milling experimentation is performed using a laser tracker system
AT-901. A coordinate system is measured in the robot TCP. Another coordinate system is measured
in the workpiece corner, where the reference frame in the CAD model of the workpiece is located. Both
coordinate systems are determined by measuring geometries and robot movements. By computing the
kinematic chain, the workpiece localization in the real scene is calculated by having as input the robot
pose in which the TCP was measured. The same procedure was used for localizing both milled squares.

The experimental machining was done with automatic generated programs in SE
3 based on the paths

computed and depicted in Figure 5.11 in page 130 . The same CMM and procedure for measuring
the milling results are used as in the single problem strategy. The non-optimized path was generated
and milled using the same workpiece localization method and with the same conditions (tool wear,
environmental condition, robot conditions).

As with the single problem strategy, the parallelism of the sides of the optimized mill are not better
than the ones with the non-optimized path. Angle deviations between the parallel sides for the non-
optimized and optimized square are −0.024 Deg and −0.032 Deg, respectively. For the perpendicular
sides, the angle deviations are −0.027 Deg and −0.037 Deg, respectively. The reason for this is the
robot calibration. Figure 5.15 depicts the machined workpieces with and without optimization, focusing
on the representative depth deviations. The angle deviations for the optimized mills with the multiple
problem strategy are less than with the single strategy due to the avoidance of discontinuities. Due to
this avoidance, the robot does not change its orientation drastically during the milling.
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CD

(a) Machined workpiece with optimization.

A B

CD

A

B

(b) Machined workpiece without optimization.

Figure 5.15: Machined workpieces with corners A, B, C, and D using the multiple problem strategy
with and without optimization.

Figure 5.16 depicts the depth deviations for the milling process using the multiple problem strategy.
Improvement in the milling depth is also noticed in this experimentation. The error for the first
depth with respect the to the programmed milling depth (1 mm) are -0.024 mm and -0.15 mm for
the optimized and non-optimized path, respectively. As for the previous strategy, the zero deviation
is defined for the first depth measurement. The mean absolute deviation of the milling depth was
computed for the optimized and non-optimized paths as 0.092 mm and 0.216 mm respectively. This
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depicts an accuracy improvement of 57.40 %, reflecting the improvement of the model-based robot
stiffness optimization approach.

The mean absolute deviation is better using this strategy than the single one, this is attributed due
to the avoidance of discontinuities in the RMP C-space and the used workpiece localization method. A
laser tracker offers better measurement accuracies than the 2D linear scanner used in the previously
presented results. The pick observed in the optimized mill in Figure 5.16 corresponds to the depth
difference between the start and goal. For the non-optimized mill, picks are measured when starting
the second linear feature and when finishing the milling. These picks are correlated with the focused
images in Figure 5.15.
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Figure 5.16: Depth deviations for the optimized and non-optimized mills with the multiple problem
strategy.

5.5.4 Close-to-Optimal Workpiece Positioning for Robotic Milling

The automatic workpiece positioning has been also implemented for the robotic milling process with
a static table in which the workpiece can be translated (Diaz Posada, Mukherjee et al. 2018). The
translation of the workpiece is defined with two degrees of freedom denoted as d1 and d2 as depicted in
Figure 5.17a with their bounds. Fig 5.17b depicts the real robot cell.

The stiffness optimization state cost (here mCs) has been presented in Section 5.3 and it is used
on the sample-based optimal path planning for improving the machining quality. In contrast to the
presented implementation in Subsection 5.5.2, the deviations are computed in μm in order to make
changes to the workpiece positioning optimization algorithm more visible. The functional DoF of the
milling process is defined as δγ, being the rotation around the tool axis as in the previous subsections.
A circular product model as defined in Equation (3.3) in page 53 is selected in this use-case. The
circular feature selected over the STL format of the workpiece is depicted in Figure 5.6 in page 126.

The total motion cost for the milling use-case for optimizing the workpiece position (mCt) is defined
as the integral state cost over the parameterized k dimension of the product feature with backward
policy Cp. Note that in this close-to-optimal optimization, the used cost is an integral one and not
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(a) Simulation of the milling robot, static table,
and workpiece.

(b) Real milling robot cell. Photo (Fraunhofer IPA,
Rainer Bez)

Figure 5.17: Simulation and real robotic milling cell.

the mechanical work as in Subsection 5.5.2 (refer to Equation 5.15). The reason for this is that the
algorithm used for optimizing the path is in this use-case an RRT* and not a T-RRT. Due to the
nature of the T-RRT, the optimization is finished once a path is found. Instead, the RRT* allows
further exploration of the RMP

2 for improving the path performance under a certain specified time.
The further improvement after finding a path is more suitable for optimizing the workpiece position
and therefore the choice of the RRT* algorithm. The backward motion cost Cp is also added here. The
following equation describes the total motion cost,

mCt(σ) =
∫

mCs dk + Cp. (5.15)

Figure 5.18 depicts the costmap of the optimized stiffness for different workpiece positions. The
costmap was generated on iterations each 20 mm. The planner was allowed to optimize for 60 seconds.
As defined in Section 3.5, a simulated annealing algorithm run for computing a close-to-optimal
workpiece position. The orange rectangle symbolizes the start of the simulated annealing and the
orange hexagonal star, the end of the algorithm. The results of two simulated annealings (T wp

w when
mapped to RMP

2) are depicted showing that the algorithm converges to close-to-optimum values of
the total motion cost.

Figure 5.19 illustrates the planning in a specific workpiece pose in which the state costs are less than
in the ones of Figure 5.20. Note that in the path planning depicted in Figure 5.19 the minimum of the
scale is of approximate 900 μm while in the planning depicted in Figure 5.20 is of approximate 2100
μm. Note that in the RMP

2, the k dimension defines the constrained circular path for the milling
use-case. Due to the nature of the process, the DoF is complete and therefore values close to 180 Deg
are allowed to interconnect with values close to -180 Deg as in Figure 5.19. The optimized path in
RMP

2 (σ∗) is depicted with black bubbles and lines.
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Figure 5.18: Total motion cost mCt for different workpiece positions with the results of two simulated
annealings.

Figure 5.19: Path planning (black bubbles and lines) in the costmap for optimizing translation deviations
due to robot compliance in the optimized workpiece position d1 = 1800 and d2 = 200.

Figure 5.20: Path planning (black bubbles and lines) in the costmap for optimizing translation deviations
due to robot compliance positioning the workpiece in the worst position (d1 = 2200 and
d2 = 400).
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5.6 Conclusion

This chapter described the use-case of optimized stiffness for robotic milling. The improvement of the
milling depth accuracy due to the path optimization computed in the general proposed approach and
architecture is the main contribution of this use-case. The state cost has been defined as the translation
deviations as a result of robot compliance caused by wrenches applied in each joint due to process
forces and joint weights. The total motion cost has been defined as the addition of the mechanical
work motion cost for the defined state cost and the backward motion policy. The simulated and milled
product model consists of four linear features forming a square. Two different strategies used for the
interpretation of the product and the definition of the path planning problem have been addressed.
Focus on these two strategies has been given in this use-case due to the presented discontinuities in the
costmap. The discontinuities are a result of the nature of the state cost with respect to the product
feature definitions.

A T-RRT sample-based algorithm has been used for planning using the single problem and multiple
problem strategy definition. In the single problem strategy, the discontinuities are not avoided in RMP

2

and therefore significant variation in the robot orientations are obtained in the final robot program in
SE

3. This optimized path has been compared with a robot path following the product conventions
depicting an improvement with the optimization of 51.17 % with respect to the mean absolute deviation
of the milling depth . The optimized path with the multiple problem strategy, has been compared with
a path which does not change its orientation in SE

3. By means of this strategy, the discontinuities in
the RMP

2 in between product features are avoided. Improvement of the mean absolute deviation of the
milling depths are of 57.40 % with the multiple problem strategy. Improvements in the x-y plane of the
millings are not observed due to the robot and end-effector inaccuracies for both startegies, recalling
the efforts of further research and improvements in this regard. As an extension to the approach for
this use-case, the close-to-optimal workpiece positioning for robotic milling is also simulated.
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6 Optimized Sensing Strategy for Robotic
Deburring

In this chapter, the use-case of optimized sensing strategy for robotic deburring as defined in Sub-
section 2.7.2 is described. The main difference of this use-case in comparison with the others is the
involvement of a sensing system. An optimal definition of the measurement with the sensor is introduced
for defining the costmap for automatically programming a sensor-guided deburring process. Moreover,
this process has as particularity the requirement of a state machine, an issue that is also addressed
using the proposed approach and architecture by setting additional algorithms which facilitate the
automatic programming of the state machine.

This chapter is structured as follows: Section 6.1 formally defines the problem. Section 6.2 describes
the PPR model of this use-case. Section 6.3 introduces the state and motion cost. Section 6.4 describes
the interpretation and planning of the optimized sensing strategy for robotic deburring. Section 6.5
presents the simulation of the optimized paths. Section 6.6 concludes this use-case.

6.1 Problem Definition

For improving the robotic programmability of a sensor-guided robotic process, the following path
generation problem is defined: compute automatically and offline a feasible and optimized path σ∗
optimizing the sensor measurements by using the DoF of the deburring process δγ, while at the same
time constraining the robotic path to the user-specified product features. Figure 6.1 depicts the
sensor-guided deburring process in which a 2D measurement of the workpiece is taken before the
deburring in order to compensate for workpiece and robot deviations in a later stage of the machining
process.

Figure 6.1: Illustration of the sensor-guided process. Photo (Fraunhofer IPA, Rainer Bez)
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Chapter 6 Optimized Sensing Strategy for Robotic Deburring

6.2 Product, Process, and Resource Modeling

This section describes the proposed PPR model representation for this use-case.

6.2.1 Product and Process Models

The product model for this use-case consists of five linear features (u = 5) intended to be deburred
with sensor compensation. Each linear feature is modeled as described in Subsection 3.1.1 under the
multiple problem strategy (ρ = u) for describing the transformation world to product T p

w(k). The
selected features are interpreted as defined in Subsection 3.1.1 with multiple planning problems (refer
to equation (3.5) in page 55).

Product reference frames are defined starting and finalizing the edge as for the milling case. Ori-
entations of these reference frames are defined with the quaternion qm of each feature frame (m).
Figure 6.2 depicts the STL model of the workpiece in the simulation environment. The coordinate
frames depicting the convention defining each feature are displayed also in this figure (machining
directions �x -red vectors- and tool vectors �z -blue vectors-).

�z

�y

�x

Figure 6.2: Illustration of the product model, the selected linear features, and its coordinates for the
optimized sensing strategy use-case.

The process model of the given use-case is analogous to the milling one presented in Subsection 5.2.2.
The DoF of the deburring process is also δγ being the rotation around the tool axis �z (blue axis in
Figure 6.2 following the RGB convention). Due to the geometrical relation between the position of the
sensor and the deburring spindle, the bounds of this DoF are defined for the minimum as δγmin = −50
Deg and for the maximum as δγmax = 50 Deg of rotation around the tool axis. The transformation
T proc

p is defined as in Equation (5.1).
The kinematic arrangement of the sensor with the deburring tool in the current setup makes the

sensor traverse a path ahead of the tool. The kinematic relationship between the tool (tcp) and
sensor frame (sen) is used to generate an offset path and a mapping distance d between the sensor
measurement frame (mea) and the tool frame. This distance is calculated with the equations which
constrain the first product feature to be deburred and then numerically evaluated by giving the known
information of the transformations: robot base (rb) to TCP (T tcp

rb ), TCP to sensor (T sen
tcp ), and sensor

to expected measurement of the workpiece (T mea
sen ) (as detailed explained in (Diaz Posada, Kumar et al.

2016)). These transformations are depicted in Figure 6.3.
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6.2 Product, Process, and Resource Modeling

Later, the entire path is modeled into four process states (sensing, deburring, stop sensing, and stop
deburring) as shown in Figure 6.3. A state machine model ensures a reliable system by restricting
the system to be at only one of the four states at any point of time. The individual states are as
follows: (1) Sensing: the tool is not in contact with the product. The robotic system is ready to receive
sensor measurements and compute the tool position. (2) Deburring: the tool is in contact with the
product. The compensation is active and simultaneously sensor measurements are recorded. (3) Stop
sensing: the tool is in contact with the product. The sensor measurements are not recorded but the
compensation mechanism is active. (4) Stop deburring: the tool is not in contact with the product and
the sensor system is also in a deactivated state.

Workpiece

Deburring
tool

Sensor

States
(1) sensing
(2) deburring
(3) stop sensing
(4) stop deburring

T sen
tcp

T mea
sen

d

Workpiece

(tcp) (mea)

(sen)

Figure 6.3: Deburring process state machine. (1) sensing, (2) deburring, (3) stop sensing, and (4) stop
deburring.

6.2.2 Robot and Sensor models

The resource model (ROBOT), being a 6 joint rotatory articulated robot, is defined with the forward
and inverse kinematics as defined in Subsection 3.1.3. An end-effector is mounted to the robot TCP
with a deburring tool and a 2D sensor as depicted in Figure 6.1. The transformations flange to TCP
and flange to sensor have been calibrated as described in (Diaz Posada, Kumar et al. 2016).

The sensor model is implemented in the simulation environment. The sensor field of view is modeled
as a trapezoid taking into account the specifications of the sensor as depicted in Figure 6.4. The
collision detection algorithm (refer to Subsection 3.2.1) has been further programmed in order to
retrieve the intersection points between the workpiece and the sensor field of view in the simulation.
Based on these intersection points, vectors describing the workpiece surfaces are computed as depicted
in Figures 6.4 and 6.5 ( �V1 and �V2).

The intersection point (Pi in Figures 6.4 and 6.5) between these two vectors is also computed and
defined as the translation component of the expected measurement in the workpiece. The deburring
direction �x is defined as the vector described by two consecutive translation components (Pi−1 and
Pi). Using the deburring direction and one of the vectors describing a product surface, the expected
measurement coordinate frame is computed (mea). Moreover, the sensor model has been programmed
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in order to determine if the sensor field of view is not intersecting the workpiece, constituting this the
validity function (IsValid(·)) which defines the feasible and infeasible regions of the RMP

n.

�V1

�V2

Pi

Figure 6.4: Sensor measurement model for computing the expected measurement calculation.

6.3 State and Motion Cost

6.3.1 State Cost

In order to define the state cost of a measurement, two criteria have been taken into account based on
the empirical evaluation performed with the sensor and the algorithm which interprets the real 2D
profile. The empirical evaluation determined that the algorithm works more robustly and accurately
if information of both measurement features of the 2D profile is available. In order to codify this
criterion, a symmetry cost has been defined as the relation of the magnitude of the vectors �V1 and �V2

as depicted in Figure 6.5 and expressed as follows,

Csym (k, δγ) =
‖ �V1‖
‖ �V2‖ (6.1)

As second criterion, and as specified in the sensor provider specification, it is desired that the
measurement is taken in a specific area of the trapezoid. In order to decode this, a depth cost is also
established in order to condition the place in which the 2D profile is taken. This criterion is established
as the relation of the magnitude of �V3 (refer to Figure 6.5) and the desired depth ddes as follows,

Cd (k, δγ) =
‖ �V3‖
ddes

(6.2)

Workpiece
Sensor field of view

�V1

�V2

�V3

Pi

Figure 6.5: Illustration of the state cost for the deburring use-case.
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6.5 Optimized Path Generation with Sensing Strategy Optimization

Finally, the state cost for the deburring use-case is defined based on the two previously introduced
criteria as denoted with the following function,

Cs (k, δγ) =
(

1 −
(Csym + Cd

2

))2
(6.3)

Note that if both costs (Csym and Cd) are equal to one, meaning that the magnitude of �V1 and �V2

are equal and that the depth of the measurement �V3 is as desired, the state cost is zero representing
the most optimal measurement as depicted in Figure 6.5. Deviations from this optimum are charged
as in Equation (6.3). The cost is computed in the RMP

n by giving the sampled dimensions k and δγ,
transforming these to SE

3 for finally performing the computation in the simulation environment.

6.3.2 Motion Cost

The manufacturing motion cost for the deburring process is defined as the integral function of the cost
of the interconnected states through all the path (σ). Similar to the welding and milling use-cases,
the backward policy cost is added in case that backward states in the k dimension in the RMP

n are
interconnected (Cp = ∞ for backward motions). The following equation notates the motion cost for
the deburring process,

Ct(σ) =
∫

Cs dk + Cp. (6.4)

6.4 Optimized Path Generation with Sensing Strategy Optimization

The sensing strategy optimization is based on the general proposed methodology and architecture
(refer to Chapter 3). The PPR model is interpreted as in the other use-cases. The main difference
of this use-case is the calculation of the state and motion cost based on a sensor model. Moreover,
the interpreted paths to be deburred are offset with the computed parameter d which is part of the
product model. The general algorithm defined in Section 3.4 is approached for the computation of the
paths optimizing the sensing as described in the following algorithm,

Algorithm 9 Automatic interpretation and computation of the sensing strategy optimization for
robotic deburring using an RRT* algorithm.
Input: P (Equation (3.5)), PROC (Equation (5.1) and d), ROBOT (as defined in Subsection 5.2.3),

Ct (equation 6.4), IsValid (as defined in Subsection 6.2.2), ρ

1: for m = 1 to ρ do

2: T proc
w (k, δγ) = mf ← RMPtoSE3 (mP, PROC, ROBOT, d)

3: [mss, msg] ← StartGoalStates (mP, PROC, ROBOT, Cs, IsValid, d)
4: mB ← Bounds (mP, PROC, d) as in Equation (5.12) or (5.13)
5: mn ← DetermineDim (mP, PROC)
6: {Sample and calculate optimized path for each feature}

σ ∈ [mks, mkg] ← RRT∗ (RMP
2(mf , n, mB), mss, msg, Ct, IsValid)

7: m = m + 1
8: end for
9: return σ∗ ∈ [1ks, ρkg] {retrieve concatenated optimized path}
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6.5 Optimization in OLP Software

To evaluate the proposed sensor-guided robotic deburring use-case, the previously described models,
and state and motion costs have been tested in simulation as described below.

6.5.1 Experimental Setup

The architecture of the system is designed to reduce programming and set-up times by modeling the
task and the process model. The robotic deburring process is semantically modeled into a software
using the AML and the XML formats as for the other use-cases. Based on the task description,
the robotic deburring process is interpreted by the path generation software component to generate
deburring paths constraining the motions.

The software architecture of the robotic system facilitates the visualization of the robot cell and
the interaction with the workpiece. The robotic deburring system is depicted in Figure 6.6. The
cell consists of a Kuka Quantec KR270 R2700 ultra industrial robot manipulator, a Biax pneumatic
spindle deburring tool with adjustable deflection and a 2D laser scanner, scanControl 2900-50 from the
company Micro-Epsilon mounted on the robot flange. The spindle allows the configuration of different
stiffnesses and deflections providing the system with a range of tolerance when deburring the workpiece.
The laser scanner provides the robotic system with measurements of the workpiece to compensate the
robot using a control system after the optimized program generation (Diaz Posada, Kumar et al. 2016).

a Robot

a

b
c

d

e

b
c

d
e

f

f

Robot flange
Spindle
Sensor device
Workpiece
Machining table

Figure 6.6: Deburring robot cell. Original photo (Fraunhofer IPA, Rainer Bez)

144



6.5 Optimization in OLP Software

6.5.2 Optimization in OLP Software

As depicted in Figure 6.2 in page 140, a five edges workpiece has been loaded into the OLP software as
an STL file in order to allow the end-user to select the edges. The deburring process model is linked
from the AML file and the algorithm for computing the offset d is also referenced from this product
model. The overall architecture is then used in order to interpret the RMP

2 for later sampling and
planning over it using an RRT* algorithm for each feature.

Figure 6.7 depicts the state cost elevation map with the computed path over it and the infeasible states
from a 3D perspective after allowing planning for 120 s using an RRT* algorithm and interpolating
the final path for each feature in 20 discretizations. Infeasible states are robot configurations where
the sensor cannot measure the workpiece (transparent spaces in the figure).

Figure 6.7: Sensing state cost elevation map for the deburring use-case and final computed optimized
path (black bubbles and lines) for the five product edges workpiece.

The RMP
2 depicted in Figure 6.7 does not start in zero in the k dimension in comparison with

the other use-cases (refer to Subsections 4.5.2 and 5.5.2). The reason for this is the state machine
implemented and the computed parameter d (refer to Subsection 6.2.1) which offset the path. For this
use-case, the multiple problem strategy (refer to Section 3.1.1.2) has been used. With this strategy
each edge is treated as a different path optimization problem. Figure 6.8 depicts the same planning
and RMP

2 with its two dimensions in a 2D view. The infeasible states are also shown in this figure as
transparent spaces.

Proper selection of the end and start goals has been done as defined in Section 3.4 for avoiding
representatives changes in orientation in the Cartesian space SE

3 when deburring from one to another
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Figure 6.8: RMP
2 for the five product edges with its sensing state costs and the computed optimized

path (black bubbles and lines) using the RRT* algorithm for the deburring use-case.

edge. In the final computed path abrupt changes in orientations of the process DoF are present in
RMP

2 due to this selection. These abrupt changes are due to the discontinuities of the state cost
values between different edges as can be seen in Figure 6.7. It is worth emphasizing that these abrupt
changes in RMP

2 are not abrupt changes in the Cartesian space due to the implemented heuristic
constraining the start and goal states of following features.

The computed optimized path in SE
3 in several steps over the workpiece outlining the sensor-guided

process is shown in Figure 6.9. In steps 2, 4, 6, and 8, the change of orientation with respect to the
product orientation definition optimizing the measurement can be observed. The start position of the
robot accomplishing the sensor constraints and the complete path is depicted in Figure 6.10.

Results and characteristics of the path planning specifying the different maximum allowed sampling
times using the RRT* algorithm for the sensor-guided deburring use-case are listed for all product
features in Table 6.1. From the table, the asymptotic behavior of the optimization can be noticed with
the improvement of final cost when planning longer times for almost all features. Exceptions are due
to the sample-based nature of the used algorithms.
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1 2 3

4 5 6

7 8 9

Figure 6.9: Sequence of robot motions for the sensor strategy optimization.

Table 6.1: Times, results, and characteristics of the path planning for different maximum allowed
sampling times using the RRT* algorithm for the sensor-guided deburring use-case.

Allowed Product Initial Final Evaluated Rewires Interpre- Plotting Transfor- Total
sampling feature total cost total cost states Nr. tation of space mations time [s]
time [s] Nr. Nr. time [s] time [s] time [s]

10 1 37.59 37.587 29 320

10.25 2.374 7,353 69.977
10 2 37.22 37.217 32 368
10 3 31.55 28.603 31 352
10 4 35.38 33.981 41 519
10 5 15.06 14.163 37 451
30 1 73.30 33.523 116 2018

9.446 2.131 6.987 168.564
30 2 31.98 31.174 117 2040
30 3 39.10 32.050 126 2238
30 4 38.50 28.273 156 2921
30 5 15.06 13.598 154 2875
120 1 35.69 30.242 808 21049

9.306 2.038 7.791 619.135
120 2 35.61 25.797 1016 27511
120 3 39.10 23.939 986 26567
120 4 54.11 24.851 1025 27799
120 5 17.43 13.742 973 26164

Figure 6.10: Computed optimized path in SE
3 over the deburring workpiece.
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6.6 Conclusion

This chapter described the use-case of optimized sensing strategy for robotic deburring. The manual
programming of this use-case is time-consuming due to the complexity of accomplishing the deburring
constraints while rotating the robot TCP for getting optimized or valid measurements with the sensor.
The optimization of the sensing strategy in the general approach demonstrated in simulation is the
main contribution of this use-case. The state cost has been defined with two criteria on the empirical
evaluation performed to a 2D laser scanner. A symmetry cost is defined for getting information at its
maximum of both measured features and a depth cost is introduced in order to condition the place
in which the 2D profile is taken. The state is defined as feasible if the field of view of the sensor is
intersecting the workpiece for taking a measurement. Moreover, a state machine has been implemented
for taking into account the different steps of the sensor-guided process. The optimization has been
simulated for a product with five linear continuous features using an RRT* sample-based algorithm
and a path problem automatically interpreted, defined, and configured using the proposed approach
and architecture.
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7 Conclusions and Outlook

7.1 Conclusions

This thesis presents a novel approach for interpreting methodologically the components of the robotic
manufacturing process using as inputs the proposed product, process, and resource classification and
models for automatically generating offline optimized robotic paths, by procedurally configuring and
deploying sample-based algorithms. The approach and architecture are based upon and propose the
synergy between the following four main robotic research areas: (1) the offline programming for robotic
manufacturing processes, (2) the sample-based path generation, (3) the knowledge representation in
robotic manufacturing and (4) the specific modeling of the robotic manufacturing processes studied as
use-cases. This approach is proposed to make up for the deficiency that the path generation for robotic
manufacturing processes is time-consuming and complex, expert-dependent, and its optimization is
primarily manual.

The approach is based on the structured interpretation of the proposed model-based description of
the robotic manufacturing process. Furthermore, a novel robotic manufacturing process configuration
space is introduced. The Cartesian translational product constraints and the optimal or reference
orientations of the product model are mapped in one dimension of this configuration space. The
rotational process degrees of freedom are represented as further dimensions. The product, process,
resource, and end-user defined task specification are taken into account for automatically generating
the required transformations for mapping between the proposed configuration space and the Cartesian
and Joint space. Moreover, an automatic termination heuristic is defined in order to determine when a
solution is optimized by taking into account the asymptotic nature of the used algorithms. Based on
the interpretation, a path planning problem and a sample-based algorithm are automatically configured
for allowing computation of paths, optimizing the defined process and motion criteria while avoiding
infeasibilities such as collisions, unreachabilities, and/or maximum joint limits.

The architecture is implemented using inputs, which are further developed, from widely used models,
semantic descriptions, and software packages. An offline robotic simulation environment has been
improved for interpreting the end-user task specification and for executing the proposed approach. The
outputs of the approach are optimized paths and ready-to-use robot programs. Two different strategies
have been implemented and evaluated for interpreting multiple product features and for defining the
path planning problem. The single problem strategy defines one path planning problem for all selected
features. The multiple problem strategy determines a path planning problem per feature. This strategy
allows the avoidance of discontinuities in the costmaps of the robotic manufacturing processes. The
approach is evaluated in three different use-cases that demonstrate its generality and model-based
structure.
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The first use-case deals with the optimized collision avoidance for robotic welding. Different product
features, such as the linear and semi-circumferential weld seams are evaluated. Optimal welding gun
orientations are defined for obtaining good welding quality and deviations from this optimum are
charged accordingly into the state cost definition. Motion cost policies are used in order to avoid
backward robot motions. Furthermore, in this use-case, the constraining of the angular velocity and the
planning using multiple process degrees of freedom are presented. Experimentation in a real robot cell
demonstrates that the proposed approach, named Automatic Optimized Offline Programming (AOLP),
is 1.24 times faster to be explained to programmers and that the programming time is 4.23 times faster
than the teach-in approach on average for the given welding task. Moreover, it has been demonstrated
that the AOLP improves the homogeneity of the welded throat thickness by 35.62 % in comparison to
the teach-in approach for the evaluated use-case. Experimental evaluation of the required programming
time using the AOLP in comparison with a commercial offline programming software was also measured
as 3.84 times faster on average for the welding use-case.

The second use-case demonstrates the optimized stiffness path generation for robotic milling. Stiffer
robot poses, which results in better process quality, are determined with the approach. The milling
process intrinsic redundancy is solved with the proposed approach optimizing the Euclidean robot
translation deviation, taking into account the compliance model in joint space of an industrial robot.
Due to the modular-based structure of the approach, some models are reused from the welding use-case
such as the linear features of the product and the backward motion policy. The two different product
modeling strategies have been experimented in a real robot-milling of a steel workpiece. Improvements
in the depth deviations with the single and multiple problem strategies are calculated as 51.17 % and
57.40 % respectively.

For the milling and welding use-cases, the workpiece close-to-optimal positioning has also been
simulated based on an extension of the proposed approach. Evaluation in the welding robot cell of the
workpiece positioning has been performed minimizing the robot joint movements.

The third use-case simulates the automatic programming of sensor-guided robotic deburring by
optimizing the sensing process while accomplishing the deburring process constraints. The field of
view and the symmetry of the profiles are optimized as sensing strategy. Manual programming of this
use-case is time-consuming due to the involvement of sensors. Here, empirical criteria are defined for
optimizing the field of view of a two dimensional laser scanner and the measurement with respect
to the workpiece. The costmap of this manufacturing process has been simulated and the path
automatically optimized in reasonable programming times (120 seconds for close-to-optimal solutions)
while maintaining the deburring constraints, thus improving the programming experience.
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7.2 Outlook

The approach could be further developed in order to take into account robot tool center point velocities
within the translational constraints of the product. For achieving this, advances of the kinodynamic
planning can be additionally embedded into the proposed architecture.

Moreover, the proposed approach could be linked with high-level planning approaches in order to
plan process steps for completely manufacturing products based on the description of the product,
process, and resource components. Furthermore, the standardization of models should be defined in
order to allow for the information exchange with other systems, such as robot controllers.

Future work based on this approach is the implementation of further models for the product, process,
and resource components in other robotic manufacturing processes or use-cases, such as robotic laser-
cutting. The extension of product features such as surfaces for robotic painting is also of interest.
Moreover, more complex processes models could be linked by relating, for instance, finite-element
software.

The proposed approach is complete automatic for the end-user. However, for the implementation of
new optimization criterion some parameters of the sample-based algorithms may require initial tuning
by the programmers in order to improve their performance. Further work to avoid this tuning is to
implement learning techniques for performing this initial tuning automatically. Learning algorithms
could be used also to learn the path planning process from the proposed approach to compute the
paths faster. Furthermore, informed approaches for sampling taking into account the manufacturing
cost could be approach to explore the configuration spaces more effectively.
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Appendixes

A. Robot Joint Mass and Center of Mass Estimation

This appendix describes the process for estimating the robot joint masses mjn and center of masses cmjn

required in the wrench computation at each joint (refer to Subsection 5.2.3). Moreover, this appendix
lists the estimated masses and center of masses for a Kuka KR270 R2700 ultra. The estimation process
is based on the CAD model of the industrial robot. From the technical data, the total weight of the
robot is known. The complete volume of the robot is estimated using the software SolidWorks. A
material with manual set density is assigned to all joints in order to make the CAD model weigh the
same as specified in the technical data. After this step, each joint is selected and its mass and center
of mass is estimated with the same software. The estimation is done under the assumption that all
joints are solid and that they are composed of the same material, which is not true for the real robot.
For obtaining the exact center of masses, other methods need to be approached. However, this method
was good enough for proving that the stiffness can be optimized in robot motions using sample-based
techniques. Figure A.1 depicts the center of masses for each joint. For the last robot joint, the center
of mass is shown also with the one of the end-effector. Coordinate systems are depicted using the
RGB convention. Table A.1 lists the mass and center of mass for each joint of the Kuka KR270 and
its end-effector.

cm3cm1 cm2

cm6cm4 cm5

Figure A.1: Illustration of the center of mass for each joint of the Kuka KR270 R2700 ultra.
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Table A.1: Mass and center of mass of the end-effector and each joint for a Kuka KR270 R2700 ultra
estimated based on its CAD model and its total weight.

Joint Mass [kg] cmx [mm] cmy [mm] cmz [mm]

Joint 1 (j1) 395.72 −4.24 −3.06 175.3
Joint 2 (j2) 239.75 431.54 2.8 −235.73
Joint 3 (j3) 178.30 222.13 25 3.36
Joint 4 (j4) 17.60 1.35 0 −154.06
Joint 5 (j5) 57.93 54.3 0 37.8
Joint 6 (j6) 3.29 0 0 13.88

End-effector (EE) 40.2 −8.86 12.26 104.41

B. Parameters of the Joint Compliance Model for the Robot Kuka
KR270 R2700 Ultra

The values of the joint compliance models (sa . . . sh) for the six joints of the Kuka KR270 R2700 ultra
are provided in Table B.1. Table B.2 describes the lower and upper ranges smin and smax respectively,
where the non-linearities are determined for each robot joint. The robot joint compliance parameters
have been identified for the Kuka KR270 R2700 ultra using the methodology described by Schneider,
Diaz Posada et al. (2015).

Table B.1: Parameters for the linear functions and third order polynomials describing the joint compli-
ance models for the robot Kuka KR270 R2700 ultra.

Joint sa sb sc sd

1 5.88 × 10−09 1.31 × 10−03 5.71 × 10−09 -1.41 × 10−03

2 1.06 × 10−08 -1.55 × 10−03 1.23 × 10−08 1.00 × 10−03

3 1.37 × 10−08 9.47 × 10−04 1.70 × 10−08 -4.04 × 10−03

4 6.77 × 10−08 -6.13 × 10−03 7.14 × 10−08 -2.10 × 10−03

5 4.27 × 10−08 5.01 × 10−04 5.92 × 10−08 2.01 × 10−03

6 1.74 × 10−07 -2.64 × 10−03 1.23 × 10−07 7.74 × 10−06

Joint se sf sg sh

1 -1.33 × 10−18 5.03 × 10−16 3.13 × 10−08 -4.68 × 10−05

2 6.82 × 10−21 -1.10 × 10−14 1.23 × 10−08 1.00 × 10−03

3 -2.59 × 10−20 -4.09 × 10−14 6.32 × 10−09 5.89 × 10−04

4 8.04 × 10−18 -1.84 × 10−14 9.19 × 10−09 -4.16 × 10−03

5 1.40 × 10−19 -2.24 × 10−14 4.29 × 10−08 5.58 × 10−04

6 6.28 × 10−17 5.22 × 10−12 1.74 × 10−07 -2.64 × 10−03

Table B.2: Limits for the linear functions of the compliance models for the robot Kuka KR270 R2700
ultra.

Compliance Limits Joint 1 Joint 2 Joint 3 Joint 4 Joint 5 Joint 6

smin -0.8 × 105 0 -9 × 105 -5 × 104 -1.5 × 105 -0.5 × 105

smax 0.8 × 105 1 × 106 -1 × 105 5 × 104 1 × 105 0
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C. Robot Tool Calibration and Accuracy

The robot milling tool depicted in Figure 5.5 in page 125 was calibrated using a laser-tracker AT-901.
In order to calibrate the system, the robot flange position was computed by projecting a measured
circle by moving axis 6 on the flange plane. The �z vector of the flange is defined as the normal vector
of the circle. The robot is moved in another Cartesian axis in order to have a second component to
build an orthogonal frame. The vector of the milling tool is measured with a vector tool, which is
mounted on the spindle and which allows measuring two laser-tracker targets. A plane in the spindle is
measured in order to compute the tool position by intersecting the measured tool vector and the plane.
One of the flange vectors is projected into the spindle plane for constructing another vector, which
allows computing an orthogonal frame in the tool. In this way, the transformation from the flange to
the tool is calibrated. Moreover, three targets are fixed to the tool in order to measure the position
and the rotational accuracy of the tool. Figure C.1 depicts the tool accuracy while rotating around the
�z axis (δγ) from -20 to 30 Deg each 5 Deg, which was the visible range for the laser-tracker. Table C.1
lists the deviations. Deviations of up to 0.35 mm in x, 0.5 mm in y, and 0.47 mm in z are observed for
these rotations.
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Figure C.1: Robot deviations due to rotation around the z-axis (δγ).

Table C.1: Robot deviations due to rotation around the z-axis (δγ).
Deviation x [mm] y [mm] z [mm] α [Deg] β [Deg] γ [Deg]

Average 0.17 0.27 0.28 0.04 0.03 0.03
Maximum 0.24 0.30 0.22 0.06 0.02 0.05
Minimum -0.35 -0.50 -0.47 0.02 -0.07 -0.02
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Robotic programming is still a challenge in manufacturing. Reasons for this 
challenge are the time-consuming, complex, primarily manually optimized, 
and expert-dependent path generation. Therefore, easy and optimized 
programmable robotic manufacturing systems are required.

To make up for this deficiency, this dissertation raises the following research 
question: How to automatically generate offline optimized paths for robotic 
manufacturing processes (RMPs) under constraints and process optimization 
criteria? This research question is answered with the following evaluated 
thesis: Robotic paths can be automatically optimized by methodologically 
configuring and deploying sample-based generation algorithms, based on 
the procedural interpretation of the Product, Process, and Resource model-
based components of the RMP.

The generalized approach and implemented architecture is named Auto-
matic Optimized Offline Programming. Three different use-cases are pres-
ented for evaluating the path planning approach: (1) The optimized collision 
avoidance in robotic welding, (2) the optimized stiffness for robotic milling, 
and (3) the optimized sensing strategy for robotic deburring.
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