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ABSTRACT

In this work, we study algorithms for the virtual disassembly motion planning. In the
course of this work, we address three topics from rigid and deformable disassembly
motion planning in the automotive industry. The focus is the digital mockup process
of a vehicle and we improve existing algorithms but also solve new problems. In the
first part of our work, we study rigid body motion planning. In particular, we consider
the problem-dependent parameters of state-of-the-art planners. In all planners, these
parameters have to be defined a priori by the user individually for each dataset. We
present an approach that avoids the need for user-adjusted parameters by sampling
the parameters randomly during runtime and additionally improves the performance of
motion planning. We present a comprehensive experimental analysis of the parameters
and the resulting performance. The performance is evaluated in comparison to the
well-established open source motion planning library OMPL (Sucan et al., 2012) as well
as to the commercial motion planning software Kineo™ Kite Lab (Kineo™, 2016).
In the second part of our work, we study the performance of collision detection in
disassembly motion planning for rigid bodies. In this application, collision detection is
the major subroutine of the planner and is used to compute the samples for the motion
planner. We study in detail the characteristics of the collision detection algorithms in
the literature as well as the characteristics of the computed samples. Based on our
findings we present a novel algorithm for collision detection in a disassembly motion
planner. We compare our approach to well-established collision detection libraries
like the Proximity Query Package (Larsen et al., 1999) and the Flexible Collision
Library (Pan et al., 2012). In the last part of this work, we address the task that
the engineers have to validate the disassembly of a vehicle. We study in detail this
task and evaluate the contribution of state-of-the-art algorithms. We present a motion
planning problem which cannot be solved by these methods. We call this new motion
planning problem, the Invalid Initial State Disassembly Motion Planning Problem.
This problem is about computing disassembly paths for deformable objects that are
modeled as rigid bodies and are in collision at the beginning of the planning. Besides

a study of this problem, we also present an algorithm that can solve the problem.
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ZUSAMMENFASSUNG

In dieser Arbeit werden Algorithmen zur virtuellen Montageplanung untersucht. Der
Fokus liegt hierbei auf dem Digital Mock-Up Prozess eines Automobilfahrzeugs. Es
werden drei Problemstellungen aus dem Bereich der Pfadplanung mit starren und
deformierbaren Objekten behandelt. Im ersten Teil der Arbeit werden Algorithmen
zur starren Pfadplanung untersucht. Wir befassen uns mit den problemabhéngigen
Parametern, mit welchen der Pfadplaner realisiert wird. Diese Parameter werden bis-
her a priori durch den Nutzer separat fiir jeden einzelnen Datensatz festgelegt. Wir
werden einen neuen Ansatz vorstellen, der das Festlegen dieser Parameter durch den
Nutzer vermeidet und dabei sogar noch die Geschwindigkeit des Planungsprozesses
verbessert. Hierzu werden wir eine umfassende experimentelle Analyse der Parameter
vorstellen. Die Geschwindigkeit unseres Ansatzes wird mit der Open Source Motion
Planning Library OMPL (Sucan . a., 2012) und der kommerziellen Lésung KineoT™
Kite Lab (Kineo™, 2016) verglichen und evaluiert. Im zweiten Teil der Arbeit be-
fassen wir uns mit der Laufzeit der Kollisionserkennung eines Pfadplaners und opti-
mieren diese fiir die Ausbauplanung von starren Objekten. Dazu untersuchen wir die
Charakteristik moderner Kollisionsalgorithmen und der fiir die Planung berechneten
Konfigurationen. Auf Basis dieser Untersuchung leiten wir einen Ansatz ab, der die
Kollisionserkennung beschleunigt und vergleichen die Geschwindigkeit unseres Ansat-
zes mit moderner Open Source Software wie dem Proximity Query Package (Larsen
u. a., 1999) und der Flexible Collision Library (Pan u. a., 2012). Im letzten Teil dieser
Arbeit befassen wir uns mit einer Aufgabe des Ingenieurs innerhalb des DMU Pro-
zesses. Das Thema ist hierbei die Validierung des Montageprozesses eines Fahrzeugs.
Wir untersuchen, in wieweit Pfadplaner zur Losung des Problems verwendet werden
und extrahieren eine Fragestellung, welche mit modernen Pfadplanern nicht gelost
werden kann. Wir nennen dieses Problem das Invalid Initial State Disassembly Moti-
on Planning Problem. Bei dieser Fragestellung geht es darum, wie man Ausbaupfade
fiir deformierbare Objekte berechnen kann, welche starr modelliert sind und sich zu
Beginn der Planung in Kollision befinden. Wir untersuchen diese Fragestellung und
stellen einen Algorithmus vor, welcher in der Lage ist, fiir dieses Problem Pfade zu

berechnen.
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INTRODUCTION

Our work is motivated by the digital mockup (DMU) (Déllner et al., 2000) process
in the automotive industry. The DMU process is a tool for all stages of the product
lifecycle (Day, 1981) and part of the product lifecycle management (Wei Liu and Bris-
son, 2009). The DMU process starts in the introduction stage of the product lifecycle,

v v v ¥

Development Development Development Development
Component A Component B Component Z

Component data

DMU process at
- vehicle development
- production planning.

Change Requests

Configured entire
vehicle data

Proximity PDM System

Requirements | Buildability

Assembly | Service-
Process | ability
Validation

Data supply for
manufacturing,
service, ...

Fig. 1: Context of the DMU process.

where it is used to control the development of the product digitally. In this stage,
the goal is that a virtual prototype replaces a manufactured prototype. This carries
over to the actual growth and stabilization stage where the methods and models of



INTRODUCTION

the DMU process are used to configure and further improve the product. In the de-
cline stage, the DMU process is used to support a new iteration of the product or
the introduction of a entirely new product. An overview of methods and models of
the DMU process in the automotive product development was presented by Dollner
et al. (2000). The DMU process operates on a three-dimensional representation of all
the components of the product. This representation is stored in the product data
management system (PDM system) (Wei Liu and Brisson, 2009) which takes track
of the product data. Besides a three-dimensional representation, the PDM system
stores additional meta information like part numbers and suppliers but also valuable
information for the release to manufacturing, like the spatial position and orientation
of the components and the assembly sequence. In Figure 1, one can see the context
of the DMU process. The development teams release part versions of the individual
components to the PDM system which stores the progress in a database. The task
of the engineers working on the DMU process is to frequently check out the entire
vehicle from the PDM system including the components and information mentioned
above. They have to ensure the validity of the product and submit change requests to
the development teams.

The DMU process includes several tasks. In the proximity control, components of the
product are checked for violations of tolerance values, collisions with their environment
or spatial conflicts with other components. In the buildability control, the components
are checked whether a disassembly path from their installed position exists. In the as-
sembly process validation, the path from the buildability control is validated whether
it can be processed for example whether there are tools to realize it. In the serviceabil-
ity control, the focus is to check whether a component can be serviced and to evaluate
the complexity of the service. In this setting, complexity means the spatial free-space
of the disassembly path and the tools that can be used for the servicing. In the DMU
process, the engineers are supported by a visualization of the scenario, peripherals like
a 3D mouse and software tools like a motion planning software. The motion planning
software plans a path for a three-dimensional object from an initial configuration that
is free of collision to a given goal configuration that is also free of collision. In general,
the goal configuration is a configuration that represents a disassembled state, e.g. the
separation of the components bounding box and its environment. An example for a
disassembly path is given in Figure 2. In yellow we see the near environment of the
component, and in green, we see the component itself that has to be disassembled
from its installed initial configuration. From left to right we see the path that has to

be computed and verified.
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Fig. 2: Example of a disassembly path.

Motion planning has a significant role in the buildability control of the DMU process
and is the focus of our work. The methods, algorithms and data structures for motion
planning that we present in this work are focused on the usage in the buildability
control but can also be used in the other tasks of the DMU process. The application
of motion planning algorithms in the DMU process demands several basic conditions

and requirements for our work that we will discuss in the following.

1.1 Basic Conditions and Requirements

The DMU process is a part of the early stage of the development of a product. This
results in the following conditions and requirements for our presented methods. First,
in this stage of the development, one cannot ensure the presence of meta information.

In particular meta information like

e Material of the Data: For example, part A consists of steel and part B consists

of polypropylene.

e Labeling of the Data: For example, part A is a screw, part B is a cable and
part C is a bolt.

e Hierarchy of the Data: For example, part A has two sub-parts A1l and A2.

e Fastening of the Data: For example, part A has two sub-parts Al and A2
and Al is welded to A2.
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The only data one can ensure at this early stage are the CAD models. From this CAD
models, one can compute the triangle meshes, given a particular resolution. A fine
resolution results in a large triangle set and wvice versa for a coarse resolution. These
meshes are the input to our work as they are the only reliable source in the DMU
process. The quality of the computed meshes varies. Examples of quality measures of

a mesh are

1. whether all objects have a volume, in particular, thin sheets are represented as

a volume,
2. whether the mesh has no large holes,
3. whether the mesh is a watertight/ 2-manifold mesh
4. whether numerical close vertices are merged,
5. whether there are no degenerated triangles and

6. whether state-of-the-art algorithms can compute a numerical stable tetrahedral

mesh.

The quality of a mesh is determined by the algorithms that compute the triangular
discretization of the CAD model as well as various post-processing algorithms that are
applied to the mesh. In the industry, data that is supplied to external software/sup-
pliers often undergoes post-processing algorithms that remove data that is relevant to
the construction or that are affected by copyrights. These post-processing algorithms
can decrease the quality of the mesh.

In our work, we will focus on algorithms that are not limited to high-quality meshes.
Especially we want to avoid the need for an automatic computation of tetrahedral
meshes. Our experience showed that the computation of tetrahedral meshes for data
in the DMU process is challenging. Even with highly optimized state-of-the-art ap-
proaches, it is by no means an automatic procedure. In our work, we designed our
algorithms so that the mesh only needs to fulfill the quality measures 1 and 2. This
ensures that the engineer can apply our algorithms to a large portion of his datasets
without manually analyzing and repairing the input datasets in the DMU process.

A primary requirement for algorithms in the DMU process is a high level of automation.
This means that there should be no user interaction needed for the computation as
well as no tuning of algorithmic parameters. For the tuning of algorithmic parameters,
it is essential to have knowledge about the internal algorithms to determine suitable

parameters. Due to the variety of algorithms that are used in the DMU process, the
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engineers do not necessarily have a full understanding of the underlying algorithms.
Therefore algorithms that are free of any parameter adjustments are advantageous.

At last, another requirement for our methods is the performance. In most cases, the al-
gorithms in the DMU process are executed on the workstations of the engineers rather
than on a computer cluster. Moreover, online algorithms and algorithms that can be
integrated into the workflow of the engineers are advantageous. Therefore a major
topic of our work is the performance of motion planning which we will be highlighted

in various aspects.

1.2 Our Contribution

In this section, we show in detail the contribution of our work. First, we want to

describe the focus points which are
1. low requirements for the input data supplied in the DMU process,
2. ease of use of the presented approaches, like no parameter adjustments,

3. the performance of online interaction with the user as well as the performance

in offline computations,
4. the stability of the algorithms,
5. a simple implementation of the presented methods,
6. a specialization and improvement of existing methods to the DMU process, and
7. the presentation of algorithms for the solution to a new problem.

In the last section, we described the basic conditions for the DMU process. The first
three focus points of our work are derived directly from these conditions of the DMU
process. Besides these three focus points, we also focus our approaches on stability
as it ensures a continuous workflow for the engineer. If algorithms are unstable in
the DMU process, it results in manual work. For example, if a motion planning algo-
rithm fails, the engineer has to manually define the disassembly path by sequentially
defined translations and rotations with the aid of a visualization of the scenario and
a 3D mouse. Another focus of our work is on simple implementation which can easily
be added to the existing software. It is motivated by the fact that we want our ap-

proaches to be easily reproducible. Next, we want to focus on the specialization and
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improvement of existing methods. In the DMU process, many problems are solved by
state-of-the-art algorithms which are not necessarily tuned for the application in the
DMU process. We will focus on investigating these state-of-the-art approaches and
present new approaches that specialize and improve them to the DMU process. At
last, we will also study new problems. We present our methodology and case studies.
Based on these results we describe solutions to the problems and evaluate them on
several benchmark datasets.

In our work, we present three results. They are called

e the Completely Randomized Rapidly Exploring Random Tree Connect (short:
CR-RRTC) (Schneider et al., 2015b),

e the Fast Alternating Random Ray Approach (short: FARR) (Schneider et al.,
2017) and

e the Invalid Initial State Disassembly Motion Planning algorithm ( short: InIState
Motion Planner) (Schneider et al., 2015a).

Each of these approaches has different focus points which we will address in the
following together with their contributions. We will discuss the focus points of all our
approaches with a spiderweb diagram. The corners represent our focus points. Each
of our algorithms is visualized by a path through the spiderweb. The path for each
approach is defined by the evaluation. We evaluate each approach on a scale from No

to Low to Medium to High focus.

Our first approach is called the Completely Randomized Rapidly Exploring Ran-
dom Tree Connect. This approach presents a solution to three-dimensional rigid
body motion planning. Nowadays sampling-based motion planners use the power of
randomization to compute multi-dimensional motions at high performance (LaValle,
2011). This performance is based on problem-dependent parameters like the weighting
of translation versus rotation and the planning range of the algorithm. Former work
uses constant user-adjusted values for these parameters which are defined a priori.
The contribution of this work is to present a new approach which extends the power
of randomization by varying the parameters randomly during runtime. This approach
is the first work that introduces a random, and especially variable, selection of the
motion planning parameters during the planning time. So with our approach we
improve an existing method on a well-known problem. Selecting the motion planning

parameters randomly avoids a pre-processing step to adjust them and avoids the need
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— CR-RRTC

Simple

implementations .
Low requirements

for input data

Performance

Ease of use
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Solution to Improvement to
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Fig. 3: Focus of the CR-RRTC approach.

for any algorithmic knowledge about the algorithms for the engineer in the DMU
process. With this approach, we focus on the ease of use of three-dimensional rigid
body motion planning. The requirements on input data for our approach are the same
as for a general motion planning algorithm and not focused. In general, the method
for adjusting the parameter is straightforward to understand and implement and can
be applied to the many existing motion planning algorithms. Moreover, our approach
improves the performance in comparison to existing methods in the majority of the
benchmarks. To compare our approach, we present a comprehensive experimental
analysis and study of the parameters and the resulting performance. The algorithms
and data structures were implemented in the library (RASAND, 2010-2017), but we
also compare the results of our work with the open source motion planning library
OMPL (Sucan et al., 2012) as well as the commercial motion planning software
Kineo™ Kite Lab (Kineo™, 2016). Stability was not focused in this approach as
rigid body motion planning algorithms are stable.

Our second approach is called the Fast Alternating Random Ray Approach. The
topic is the improvement of performance for collision detection in motion planning
algorithms. So the primary focus is again on improving existing methods. In sampling-

based three-dimensional rigid body motion planning, one of the major subroutines is
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Fig. 4: Focus of the FARR approach.

collision detection. In particular for motion planning problems with narrow passages
like in disassembly motion planning, many samples have to be checked by a collision
detection algorithm. In this application, the runtime of the motion planning algo-
rithm is even dominated by collision detection. We study in detail the characteristic
of samples in motion planning scenarios and show that the samples in this application
have a very specific characteristic. The characteristic is that many of the samples
are in collision and have small penetration volumes. Collision detection for samples
with this characteristic has never been addressed in the literature. We introduce a
data structure as well as an algorithm that makes use of this characteristic by com-
bining well-know data structures like a distance field and an octree with the swap
algorithm (Llanas et al., 2000). The collision detection algorithm we present is used by
a motion planning algorithm and not the by the user. Therefore ease of use is not in
focus. State-of-the-art approaches to collision detection have little requirements to the
mesh. Some of them, like the bounding volume hierarchies, can even handle triangle
soups. To stay comparable to these approaches, we focus on presenting an approach
that has little requirements on the input data. As our approach is based on these
well-known data structures, we can ensure a simple implementation of the underlying
data structures. Nevertheless, the collision detection algorithm itself is quite challeng-

ing to implement. The primary focus of our FARR approach is on performance. For
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three-dimensional rigid body motion planning with narrow passages, we compare our
approach to well-established collision detection algorithms. The commonly available
collision detection libraries that we use as comparison are the Proximity Query Pack-
age (PQP) (Larsen et al., 1999) and the Flexible Collision Library (FCL) (Pan et al.,
2012). Besides the collision detection itself, we will also benchmark the application to
motion planning. In general motion planning algorithms can be categorized into two
subcategories. The tree-based (Lavalle, 1998) and roadmap-based planners (Kavraki
et al., 1996). We will show the impact of our approach on both types of motion
planning algorithms. At last, we also focused on stability. We ensured that the results

of our approach are the same as in the above-mentioned state-of-the-art approaches.

— InIState Motion Planner

Simple

implementations .
b Low requirements

for input data

Performance

Ease of use

Stability

Specialization and
Solution to Improvement to
a new problem existing methods

Fig. 5: Focus of the InIState Motion Planner.

The last result that we present in this work is called the Invalid Initial State Disas-
sembly Motion Planning algorithm. In this approach, we will deal with a new motion
planning problem from the DMU process. We will study, define and solve this new
problem. In the DMU process, the contribution of the motion planning algorithm for
the computation of a disassembly path is quite limited. The main work is done manu-
ally by the engineer rather than by an automatic computation of the motion planning
software. The main reason for this is the following:

In order to compute a path with a motion planning algorithm the initial configuration
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has to be free of collision. But in practice, almost every component is in collision at its
initial state. The reasons for these collisions are analyzed and categorized in detail in
this work. In order to start a state-of-the-art motion planning algorithm, the engineer
first has to manually place the object into a state that is free of collision. In most cases,
this means that the complex part of the disassembly path, where the maneuverability
of the component is quite restricted, must be defined manually. We call this problem
of finding a path from the initial invalid position to a position that is free of collision,
the Invalid Initial State Disassembly Motion Planning Problem. We will also derive a
more formal definition of the InIState problem later in this work.

In the literature, there exists no algorithm that can calculate a reasonable disassembly
path for an invalid initial state. We will present a novel algorithm which overcomes
this limitation by computing information about the flexible parts of the dynamic ob-
ject and incorporating this information into the disassembly planning. Therefore the
primary focus of this result is the solving of a new problem. But we also specialized
our approach for the DMU process. Deformation models and also their integration to
motion planning algorithms is challenging. In our approach, we evaluate an approach
for the deformation model, which is originated in the field of computer graphics and
animation, for its application in the DMU process. This deformation model has the
advantages that the requirements to the mesh are little, the deformation model is very
simple to implement, stable and computes deformations in real time. This all matches
our focuses for the DMU process. But we also focus on the ease of use for the user.
Therefore, we present a method that automatically determines the crucial parameter
in the resulting new motion planning algorithm. As the input to our algorithm is only
the triangle meshes, we have to put a high focus on low requirements for our approach.
We put a focus on a simple implementation e.g. by using deformation model that
is easy to implement. For analyzing the performance and stability of our approach,
we evaluated the approach on a benchmark dataset that is modeled after real world
motion planning scenarios from the DMU process and shows that our new approach

can solve the InIState problem.

1.3 Structure

Our work has six chapters. After this introduction, we will summarize the background
that is needed for our work in the second chapter. This chapter contains the back-

ground about rigid and deformable motion planning algorithms as well as the basic

10
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data structures that are needed for our three approaches. In the three following chap-
ters we deal with our three approaches. In each chapter, we describe our methodology
and in particular the studies that we initiated. Moreover, we describe the approaches
and the experiments. In the experiments, we present the benchmarks that we use for
evaluation as well as the results for these benchmark sets. At the end of our work, we
draw a conclusion and give insights about future work in the field of motion planning

in the DMU process.

11



2

BACKGROUND

In this chapter, we will focus on the background of our work. The topic is rigid and
deformable motion planning. We deal with motion planning for three-dimensional
bodies, a problem with at least six degrees of freedom. For such high degrees of
freedom sampling-based motion planners are needed to solve the problems efficiently.
We will introduce two well-known sampling-based motion planning algorithms. A
primary ingredient of these motion planning algorithms is spatial data structures for
tasks like collision detection or near neighbor search. The basis of these data structures
is also covered in this chapter. At last, we introduce deformable motion planning and
how algorithms solve deformable motion planning problems in general which include

the background of various deformation models.

2.1 Motion Planning

Fig. 6: An example of a single-query motion planning problem. Move the piano from the entrance
to the living room (Piano Movers Problem).

12
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Fig. 7: An example of a multi-query motion planning problem. Move the bunny to different locations
in the mace.

The motion planning problems studied in our work are defined by a scene consisting
of a set of static objects S; that we can join to one object S and a dynamic object
D. Each object is represented by a set of primitives. In this work, we consider
triangles as primitives. The translations and orientations of D are mapped uniquely
to a configuration ¢. Applying a configuration ¢ to D is denoted by D(c). The space
of all possible configurations is called the configuration space C. For C' we define the

validity function v : C'— {0,1}. A well-known example for v is:

0 = 1 ifDe)NnS =10 (1)

0 otherwise

The configuration space C' is the union of the set of all valid configurations, called
Ctree = {c € C'| v(c) = 1}, and the set of all invalid configurations, called Copstacie =
{c € C | v(e) = 0}. For C we define a metric with the distance function d :
C x C' = R that is used to define nearest neighbors. For a set of n configurations
Csampled = {€0--.cn—1} and a configuration ¢ € C the nearest neighbor is defined
as NN(c, Csampled) = O<7Z”L<i7?_1d(ci,c). The motion planning problem is defined as
follows:

Definition 1 (Motion Planning Problem (Single-Query))

Given cinit € Clree, the valid initial configuration of D, and cgyoq1 € Cpree, the valid goal
configuration of D. The single-query motion planning problem is to find a continuous

path o : [0,1] = Ctpee with 0(0) = cing and o(1) = cgoqr, if one exists.

13
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This definition is the single-query version of the motion planning problem. An example
for a single-query motion planning is shown in Figure 6. There, we see the problem of
moving a piano the entrance of an apartment to the living room. We also define the

multi-query motion planning problem as follows.
Definition 2 (Motion Planning Problem (Multi-Query))

Given n tuples (lyiy, Choat): i € [0,n = 1] with ¢} € Clpee, the valid initial configu-

i

rations of D, and Cgoa

1 € Cfree, the valid goal configuration of D. The multi-query
motion planning problem is to find n continuous paths {o; : [0,1] — Cfpec} with
0:(0) = ¢t ;, and o;(1)

= czoal, if they exist.

Fig. 8: An example of a disassembly motion planning problem. Separate the tube/flange from its
environment (Flange Problem).

An example for a multi-query problem is shown in Figure 7. There, we see the problem
of moving a bunny to multiple positions in a maze. In our work, we consider three-

dimensional rigid bodies. Therefore C'is defined as

R

1x

SE(3):{A|A:<

¢
) e R ReR*3 t e R,
5 1
RTR = RRT =1, det(R) = 1},

the special Euclidean group SE(3) that represents three-dimensional rigid body mo-
tions (Kumar, 2007). Each configuration ¢; € C defines a translation ¢; and a rota-
tion R; of the dynamic object D. Note that the rotation could also be defined by a
quaternion ¢ € IH. Note that in some algorithms the translation ¢ is restricted to a
three-dimensional interval B that is defined by tmin, tmae € R?. This done to limit

14
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the configuration space and speed up the computation. In our work, we also consider
disassembly planning, a subproblem of the single-query motion planning problem. In
the disassembly planning problem, the validity function v is defined as in Equation 1.
Moreover, the goal configuration cyeq is defined as a set of configurations Cyoq. Two

common definitions of Cy,q are
e all configurations that separate the bounding boxes of D and S or

e all configurations that realize a minimal distance of D and S larger than a given
threshold.

The disassembly motion planning problem is defined as:

Definition 3 (Disassembly Motion Planning Problem)

Given cipit € Cfree C SE(3), the valid initial configuration of D, and Cyoqi C Cree C
SE(3), the valid set of goal configurations of D that represents the disassembled states.
The disassembly motion planning problem is to find a continuous path o : [0,1] —

C'tree with 0(0) = cinit and o(1) € Cyoq, if one exists.

2.2 Sampling-based Motion Planning

To solve motion planning problems, especially for high dimensions of freedom, one can
apply sampling-based motion planners. Those algorithms use samples of C' to build
up a data structure that characterizes the free space Cpy . of the problem. Due to
this discretization, the solution is a finite sequence of configurations. In recent years
sampling-based motion planners became popular, especially for disassembly planning.
There are tree-based approaches like the rapidly-exploring random tree (RRT) (Lavalle,
1998) for single-queries and roadmap-based methods like the probabilistic roadmap
methods (PRM) (Kavraki et al., 1996) for multiple queries. For a deep insight into
these algorithms, we refer to the work above and the comprehensive work from LaValle
(2011) and LaValle (2006). In the recent years, researchers were focused on solving mo-
tion planning problems with narrow passages (Hsu et al., 2003) (Zhang and Manocha,
2008) (Hsu et al., 1998) (Sam Rodriguez and Amato, 2006). A narrow passage is a part
of the solution path which is highly restricted in all degrees of freedom. Especially dis-

assembly motion planning problems are often characterized by narrow passages near
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2.2 SAMPLING-BASED MOTION PLANNING

the initial configuration. In the following sections, we will briefly sum up the main

approaches in sampling-based motion planning that are essential for our work.

2.2.1 Rapidly-Exploring Random Trees

cgoal
®

Cfree

= Cops] ool

/\,V\/C’\‘
- VobsJ
— ~

line 9 ...iterate... line 9-11

Fig. 9: An example of the Rapidly-Exploring Random Tree.

The Rapidly-Exploring Random Tree (RRT) (Lavalle, 1998) is a very common algo-

rithm for single-query motion planning problems. The main idea behind an RRT is to

sample random configurations ¢,q,q to build up a tree T" and find a path in 7. The

RRT algorithm is shown in Figure 9 and Algorithm 1. The tree T is rooted in the ini-

tial state c;ni¢ and consists of configurations and edges. When a random configuration

Crand 18 computed, the algorithm determines the nearest neighbor cpeqr € T. After-

wards, the getValidEdge function tries to draw a valid edge from cpeqr t0 Creng With

at most range;q, length. The edge is sampled with a given resolution. The validity

of each of this sampled configurations on the edge is ensured by a collision detection

algorithm. The valid part of the edge from cjeqr t0 Cpew is inserted into the tree T'. In

16
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Algorithm 1: RRT (cinit, Cgoal, "0NgEmaz, tiMemaz)

T.init(cim-t)
while (! TimeElapsed(Tqz)) do

Crand < RandomState() 3

Cnear < NearestN(cpqng, T) 4

Cnew <+ getValidEdge(cnear, Crand, "aNgemaz) 5

if (! Trapped) then 6

T.addVertex(cpew) 7

T.addEdge(cpear; Cnew) 8

if goalReached(cnew,Cgoar) then 9

t return Path(T') 10

return ApprozPath(T) 11
Algorithm 2: RRTC (cinit, Cgoal, rangemaz)

T .init(cingt ), To.init(cgoar) 1

while (! TimeFElapsed(Tia)) do 2

Teurrent; Tother < Swap(T1,T3) 3

Crand < RandomState() 4

Cnear < NearestN(crand, Teurrent) 5

Cnew < getExtend(cpeqr, rangemaz) 6

if (! Trapped) then 7

Tewrrent-addVertex(cpew) 8

Teurrent-addEdge(cnear, Cnew) 9

Cnear' < NearestN(cpew, Tother) 10

Cnew'  getExtend(cpeqr, rangemaz) 11

if (! Trapped) then 12

Tother-addVertex(cpew) 13

Tother-addEAge(Cncart Cneus) 14

if (Reached) then 15

t return Path(T1,T5) 16

return ApprozPath(Ty,Ts) 17

17
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case the entire edge is not valid the algorithm is trapped and a new configuration is
sampled. As the configurations cpey are selected based on nearest neighbors, the RRT
has a space-exploring behavior. The exploration takes place until a given goal state is
reached and a path is found or the maximum time is elapsed. In the second case, only
a portion of the path or an approximated path can be returned. The RRT algorithm is
not biased towards the goal, it only evaluates if the goal is reached. Therefore the RRT
algorithm is well suited for disassembly motion planning problems because they have
a large set of goal configurations. But if only a single configuration cgyy is given, al-
gorithms without a goal bias have a low performance. Therefore, Kuffner and LaValle
(2000) presented the Rapidly-Exploring Random Tree-Connect (RRTC) which is very
similar to the RRT. It builds up two trees with one located at cgqr+ and one located
at cgoar- The second tree in cyoq realizes the goal bias. Moreover, the RRTC proved
to perform well in many challenging benchmarks (Kuffner and LaValle, 2000). The
RRTC algorithm is given in Algorithm 2. The RRTC samples a configuration c,qnq4
uniformly in C' in each iteration and selects one of the two trees to expand. A possible
selection criterion is the sum of edge lengths in each tree. The sample point ¢4
is then tried to be connected to its nearest neighbor cjeqr in the selected tree. After
extending cyeqr, the algorithm tries to connect the trees by using the last configuration
of the edge as new sample point cje,, for the other tree. This process is repeated until

both trees are connected, hence a valid path is found.

18
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2.2.2 Probabilistic Roadmap Methods

] T —_—
Cfree = Cobs- .C goal Cfree o ® =" Cobs b e
s |

e — C goal

3
C goal

~—
=~ 3
el %qobss

line 1-3

line 6-;9

/\/‘C

—

Qobs § m

line 10-15
Fig. 10: An example of the Probabilistic Roadmap Method.

Algorithms based on the RRT approach are not suitable for multi-query motion plan-
ning as the data structure depends on the initial and goal configuration. For multi-
query motion planning Kavraki et al. (1996) presented the Probabilistic Roadmap
Methods (PRM). The parallelizable version of the PRM algorithm is given in Algo-
rithm 3 and Figure 10. The algorithm builds up an undirected graph of vertices V'

and edges E in order to compute paths o; for each tuple (c The inputs to

Cinit> goal)
the algorithm are the initial and goal configurations, the number of samples n and
the radius r. After initializing £ and V in line 1-3, the algorithm computes n sample
vertices from Cfpee in line 4-5. In line 6-10 the algorithm computes the edges £ for
all the vertices v € V. Therefore, the algorithm computes for each vertex v the set
of vertices U with a distance smaller than r. For each vertex u € U the algorithm
tries to draw a valid edge from u to v. At last the algorithm computes for each tuple
(Chits Choay) the shortest path o; in the graph if one exists. This is the result of the
algorithm.
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2.2 SAMPLING-BASED MOTION PLANNING

Algorithm 3: PRM ({(¢},is, ¢pu) } 75 7)

E+ 0, V<10

foreach ((Cﬁnit, Céoal) = {(Cgm‘t? C;oal) }) do
V<« Vud ,ud

N goal
for j + 0 ton do
V <V UCFreeSample()

foreach v € V do
U «+ Neighbors(v,V,r)
foreach © € U do
if (edgelsValid(u,v)) then
t E <+ EU (u,v)

foreach ((Cﬁmt, Cgoal) = {(C;:m't» nyoal) }) do

if connected(clyy, o, V, E) then

t o; = shortestPath(c.,,, Cyoal> Vs E)
else
t O; < 0

return {o;}

10

11

12

13

14

15

16
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2.2.3 Expansive Space Tree

Algorithrn 4: EST (Cinit7 Cgoal> T'15 702)

T.init(cingt) 1
while (! TimeElapsed(Tpq:)) do 2
Cway < chooseWaypoint(T') 3
Cnew +— expandWaypoint(cyay, 1) 4

if (! Trapped) then 5
T.addVertex(cpew) 6

T .addEdge(cway; Cnew) 7

T .updateWeights(r2) 8

if goalReached(crew,Cqoa1) then 9

t return Path(T) 10
return ApprozPath(T) 11

At last, we present the Expansive Space Tree approach (EST) (Hsu et al., 1997). The
work of Erbes (2013) showed that an extended version of this algorithm performs well
for disassembly planning with narrow passages. As we use the EST approach later in
this work, we explain it in the following. The algorithm is very similar to the RRT
presented in Section 2.2.1. A pseudo code of the EST is shown in Algorithm 4 and we
will explain the algorithm using Figure 11. In the first picture of Figure 11 we see an
intermediate state of the algorithm. The algorithm builds up a tree and for each node
of the tree a weight is assigned. These weighted tree nodes are called waypoints. An

example for the weight is the inverse of the number of neighbors in a radius rs:

weight = #neighbors

In the second image and in line 3 of Algorithm 4 the waypoint cyq, with the small-
est weight is computed. In the following, this waypoint is expanded by sampling a
configuration cpe, in a radius 71 around cyqy. In the fourth image and in line 6-8 of
Algorithm 4, the configuration ¢, is added to the tree T, if possible, and the weights
are updated. In the following, the algorithm is iterated until the algorithm can connect

the data structure to cyoq similar to the RRT approach.
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Cgoal Cgoal cgoal
[ ]

cgoal

1/3

e | —
—~— ~ —~—— ~ ~
Cinit = Cobs3 Cinit = Cobs3 Cinit ~— Cons3

line 6-8 ...iterate... line 9-11

Fig. 11: An example of an Expansive Space Tree approach.

2.2.4 Motion Planning Parameters

The performance of motion planners is very input sensitive. It depends on the dataset,
on the selected planner as well as on several parameters. The RRTC is a motion
planner which needs less parameter tuning than other planners (see Lindemann and
LaValle (2005, page 4,7)). In the following, we will discuss the two main parameters.
First, the metric used in the algorithm is important for the performance of the motion
planner. A metric for motion planning was proposed by LaValle (2006) and Yershova
and LaValle (2007):

de(c1, co,ur,u2) = uy - de(tr, t2) + uz - dg(qr, ¢2) (1)

with the Euclidean distance di(t1,t2) = ||t1 — t2||2 and the distance dy(q1,q2) =
minf{acos(q1 - q2), acos(qi - (—¢qz2))}. LaValle and Yershova describe the importance of

a proper scaling of the distances d; and d, with some non-zero real constants uy and
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u9. These parameters control the importance of the translation versus the importance
of the rotation of D. Note that (1) can also be expressed by only one parameter u
if the equation is divided by uz. Amato et al. (1998) studied the performance for
several metric spaces on the PRM. They proposed a similar metric and investigated
its parameters. Amato et al. showed that the importance of translation increases in
highly restricted C-space regions. Vahrenkamp et al. (2011) investigated the topic
of parameter-free motion planning algorithms, focusing on the resolution parameter
to ensure exact motion planning. In this manner, exact motion planning means that
the edges are verified exactly and not by a sampling resolution. They proposed a
unification of the C-space for robotic applications. A similar unification we will use
later in our work.

The second parameter is the parameter for the maximal length of an edge rangenqz
in a tree-based planner. This parameter was rarely studied in the literature. Often
greedy approaches for rangenq, were proposed, e.g. by Sam Rodriguez and Amato
(2006). Greedy approaches try to extend the configuration cpeqr until the sampled
configuration ¢,q4png 0r Copstacie 18 reached. They perform well in many benchmarks,
especially in the famous Alpha Puzzle benchmarks. Nevertheless, there are examples
where a greedy approach decreases performance dramatically.

To deal with the parameters, previous work proposed methods to vary the planner
during runtime. For example, Morales et al. (2004) presented a Probabilistic Roadmap
Method (PRM) that varies the planner depending on a partition of C. For each part of
the partition, the planner is selected based on features like the ratio of free nodes. The
drawback of this work is the need of user interaction and parameter tuning. Tapia et
al. (2009) extended this work to overcome this disadvantage.Later in our work, we will

also present an approach that deals with the two parameters of the RRT efficiently.

2.2.5 Sampling for Motion Planners

Every sampling-based motion planner needs to compute samples of C.c. in a pre-
defined sampling region. An example of a sampling region is shown on the left of
Figure 12. There are many sampling strategies besides a uniform sampling. Espe-
cially for problems with narrow passages the Gaussian sampling and the bridge test
are often used. Examples of the sampling strategies mentioned above are shown in
Figure 12 and Figure 13. In the Gaussian sampling (Boor et al., 1999) the border of

Cops is sampled with a higher probability. Therefore a uniform sample ¢,4pq is com-
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Fig. 12: Examples for the sampling region (left), uniform sampling (middle) and bridge test sampling
(right) visualized in the workspace.

L]
Cfree ° ° °

Fig. 13: Examples for uniform sampling (top), Gaussian sampling (middle) and bridge test sampling
(bottom) in the configuration space.

puted. If ¢qnq is valid, ¢,qnq is accepted as Gaussian sample if a second configuration
Crnormal 18 invalid. The second configuration ¢,,ormer is sampled from a normal distribu-

2 is a parameter of

tion N (crang,0?) with mean c¢,q,q and variance o2. The variance o
the sampling. If ¢,4,q is invalid, its is accepted as a Gaussian sample if configuration
Cnormal 18 invalid. The bridge test (Hsu et al., 2003) is very similar. In the bridge test,
a bridge is defined by two invalid configurations ¢,qnd, Cnormar and the valid midpoint
configuration ¢,,;q. Like in the Gaussian sampling, ¢4, is uniformly sampled and

Crnormal 1S drawn from a normal distribution. But in contrast, both samples need to
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be invalid and ¢;;,;4 must be valid. Only if this holds true, ¢,,;q is accepted as a bridge
test sample and added to the data structure. Otherwise, the sampling restarts right
from the beginning. In contrast to a uniform sampling, the Gaussian and bridge test
sampling strategies share the same characteristic. They use the structure of Cys. In

practice, a mixture of all three sampling strategies is used.

2.3 Spatial Data Structures

Every motion planner has a validity function v : C' — {0, 1} that defines, whether
a configuration is valid or not. In the general motion planning problem validity is
checked by a collision test (see Section 2.1 Equationl). A common collision detection
algorithm is the Voxmap PointShell™ algorithm by McNeely et al. (2005). The main

Fig. 14: Example for the Voxmap PointShell ™ algorithm.

idea of this algorithm is to voxelize S and sample the surface of D. We denote the
voxelization of S by V(S). Each voxel of V(S) intersects S or is inside of S. The
collision detection algorithm takes every point p; on the surface of D and tests if
it lies inside V(S). If so, a collision is detected. If no point lies inside V'(S), the
objects do not collide. For more information about VPS and how to speed up the
computation, we refer to Mikel Sagardia and Hirzinger (2008). The general application
of the VPS algorithm to assembly planning is evaluated in (Johnson and Vance, 2001).
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The algorithm is important for our work, as we extend the VPS algorithm to calculate
a special intersection volume instead of a simple collision.

Another algorithm that can be used for collision detection is the Gilbert-Johnson-
Keerthi (GJK) Algorithm (Gilbert et al., 1988) which is based on the computation
of Minkowski differences. This algorithm can be applied to convex objects or to non-
convex objects in conjunction with a convex decomposition. This algorithm is applied
to motion planning if additional information like the minimum distance or maximum
penetration depth (Bergen, 2001) is used in the motion planning algorithm.

At last, there are Bounding Volume Hierarchies (Gottschalk et al., 1996) which are

very popular and which we also use in our work. A BVH is a hierarchical partition of

Root

Level 1

Level 2

Level 3

N S S 5 S SR O S W

Fig. 15: Example for a Bounding Volume Hierarchy.

a given object that is stored in a tree structure as shown in Figure 15. The object is
defined by a set of primitives, e.g. triangles. The root of the tree stores the bounding
volume of all triangles. Each subsequent child node stores the bounding volume of
the subset of all triangles belonging to its subtree. In our work, we use oriented

bounding boxes (Gottschalk et al., 1996) as bounding volumes for the hierarchies. For
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the objects D and S this data structure is precomputed. For the collision detection
query the trees of the objects are traversed. In the traversal, the bounding volumes
in the nodes are tested whether they are free of collision or not. In case the node
is a leaf, the corresponding triangles are tested for intersection. For our work, it is
important to notice that there are two early outs in the traversal of the BVH: One
for objects that are in collision and one for objects that are free of collision. In
the first case, the early out is the first intersecting triangle pair that is found by
the algorithm. As soon as this witness for the intersection is found, the algorithm
can return the result. In our work, we present a speedup for this first early out.
The second early out is the separation of the trees. When the tree is traversed only
intersecting nodes are tested. In case there are no intersecting nodes, the bounding
volumes separate the objects and the objects are free of collision. A deeper insight
and summary about collision detection with BVH’s can be found in (Ericson, 2004). A
common approach to accelerate collision detection is to use problem specific bounding
volumes in the hierarchy. This can range from simple bounding volumes like spheres
and axis-aligned bounding boxes to complex shapes like convex hulls (Ehmann and
Lin, 2001). Moreover, one can accelerate the collision detection by using the Edge
Volume Heuristic (Dammertz and Keller, 2008) which subdivides triangles in order
to accelerate collision detection. The Early Split Clipping (Ernst and Greiner, 2007)
uses a similar approach. There, the primitives are also subdivided but only for the
construction of the BVH. In the query phase, the original triangles are used. Therefore,
the primitives are referenced in multiple bounding volumes. In contrast to the basic
BVH approach where each primitive is only referenced once. Another well-known
idea to accelerate collision detection is presented in (Leonidas Guibas and Zhang,
1999) (Gottschalk et al., 1996) and (Ehmann and Lin, 2001). There, the authors use
the caching heuristic which assumes that sequential configurations are only a small
distance away from each other and therefore the last tested configuration can be used
to accelerate the current query. The caching methods are not usable for the sampling
in a motion planner as in general, the distance between two sampled configurations is
not small enough. At most one could use this heuristic for the collision detection in the
edge verification of the motion planner. But in challenging real-world examples with
narrow passages the number of collision detection calls along the path is negligible in
comparison to the number of collision detection calls in the sampling. In this work, we
present a workspace acceleration data structure and an algorithm on top of the BVH
for collision detection in the sampling computation of any motion planner.

At last, we sum up two basic spatial data structures that are used in this work. The
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2.4 NEAREST NEIGHBOR DATA STRUCTURES

Fig. 16: Example for a Distance Field (red: low distance, green: high distance).

first data structure is the distance field. As shown in Figure 16, a distance field
discretizes the objects and their environment with a grid. Each grid cell stores the
minimal distance to the surface of the object. A survey on distance fields and their
computation can be found in (Jones et al., 2006). The second data structure is the
octree. An octree is a quadtree in three dimensions. An example for a quadtree is
shown in Figure 17. The resolution of the quadtree is defined by the maximal depth
of the tree. To compute the quadtreewe start with the root quad, which contains the
whole or parts of the object. It is subdivided into smaller quads in each level of the
hierarchy. As long as the quads contain geometry and the hierarchy has not reached
the maximal depth the quads are subdivided. An overview about octrees and their

computation can be found in (Tang, 1992).

2.4 Nearest Neighbor Data Structures

Every sampling-based motion planner needs to calculate nearest neighbors. In our
work, the particular requirements for the nearest neighborhood data structure are:
High performance, dynamic updating and a query phase with arbitrary metric. Yer-
shova and LaValle (2007) proposed a suitable nearest neighbor search. They use a
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2.4 NEAREST NEIGHBOR DATA STRUCTURES
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Fig. 17: Example for a quadtree with a depth of four.

spatial subdivision that is very similar to a kd-tree to find nearest neighbors in motion
planning algorithms. All configurations are stored in a binary tree. The root node
Nroot Of the tree stores the bounding box of the scene and each child node n; in the tree
represents a subspace. The resulting leaves nq, ¢ store at most k& configurations each.
The algorithm dynamically updates the data structure. During the query phase, the
nearest neighbor NN (¢, Csampied, 4) = mim{dc(ci, c,u) 1 ¢ € Cygmpled} to the configu-
ration ¢ with the current metric is determined. First, a point location of ¢ takes place
and identifies the leaf n;.,¢ containing c. Second, the metric is used to calculate the
minimal distance dpi, of ¢ to all k configurations in nj,¢. Finally, the tree is recur-
sively checked based on the current metric by visiting adjacent nodes and repeatedly
updating d,;n. For a deeper insight, we refer to the work of Yershova and LaValle
(2007). Pan et al. (2010) used a data structure to find approximate nearest neighbors
in a GPU-based PRM approach. Their Local Sensitive Hashing (Wang et al., 2014)
approach can be modified to fulfill our requirements. We examined the performance
of both approaches and came to the conclusion that a Local Sensitive Hashing is only
suitable for a large number of configurations as occurring in a PRM. Therefore, our

work uses the data structure of Yershova and LaValle.
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2.5 Deformation Models

In this work, we deal with a deformable motion planning problem. For deformable
motion planning algorithms, one needs a deformation model to simulate the deforma-
tions. In the industry, the analysis of deformation properties is often realized by using
deformation models based on the finite element methods (FEM). For an introduction
to FEM we refer to the work of Sifakis and Barbic (2012). Determining the elastic
parameters is crucial for the simulation. For an automatic determination of the pa-
rameters in the application of robot motion planning we refer to the work of Frank
et al. (2014). For the disassembly motion planning in this work, we adjusted the FEM
parameters manually as we use the FEM approach only for one reference dataset.

The simulation technique we use in this work is the position based dynamics (PBD)
framework from Miiller et al. (2007). This work uses geometric constraints to model
plausible deformations in real-time. PBD is a geometric approach to a physical prob-
lem. In recent years the method proved well to approximately simulate physical be-
havior solely based on the geometry and the used constraints. Key benefits of the
method are stability, speed, and a simple implementation. The method matches
the application in this work very well as the input is plain geometry without any
physical information. A comprehensive survey can be found in (Bender et al., 2014).
The primary ingredients of the PBD based algorithms are the geometric constraints.
The constraints we use are the well-known position constraint and the bending con-
straint (Miiller et al., 2007), (Kelager et al., 2010). Other well-know approaches for
modeling deformations are the mass-spring systems (Liu et al., 2013) or the projective
dynamics approach (Bouaziz et al., 2014). All those approaches mentioned above can
also be used for our work. We choose the PBD approach, mainly due to performance

and simplicity of the approach.

2.6 Deformable Motion and Disassembly Planning

In recent years deformable motion planning draws more and more attention. For
an overview of deformable motion planning, we refer to the work of Frank (2013).
In general, there are three possible approaches to solve deformable motion planning
problems. First, there are approaches, like Rodriguez et al. (2006), Gayle et al. (2005)

and Bayazit et al. (2002), which are based on physical simulations during the motion
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planning algorithm. So the actual deformation is computed during the motion planner
and forces resulting from the motion are applied to the deformation model. Due to
the complexity and computation time for simulating deformations, these planners have
a long computation time. Second, there are approaches like Frank et al. (2014) and
Mahoney et al. (2010) that propose to precompute approximate deformations in a
pre-processing step and use them during planning. Using precomputed deformation
models speeds up the planning, but also approximates the deformation process. At
last, there is the approach of motion planning without physical simulation. This is
addressed by Phillips-Grafflin and Berenson (2014). Their approach plans motions for
deformable objects with a voxel-based representation and measures the intersection
of voxels. The intersection volume of voxels is assumed as a measure of deformation
and integrated to the motion planner. In this work, we propose a motion planning
algorithm for the disassembly of industrial parts that combines the second and third
approach. This means we use a precomputed deformation data structure and apply
ideas from the planning without physical simulation to solve the problem, Schneider et
al. (2015a). The disassembly planning for industrial parts is also addressed by Jianwei
Guoa et al. (2013). They use the contact information combined with fitting methods
to plan the disassembly. In comparison to our work, their framework only addresses
linear disassembly directions whereas the method that we present can handle arbitrary
motions. Moreover, they solve the problem of fastening elements by including user

interaction with a GUI whereas we propose an algorithm without user interaction.

2.7 Software and Libraries

This work is implemented in the RASAND (2010-2017) library. RASAND is a software
solution for proximity queries, registration, packaging and motion planning. Addition-
ally, there are a variety of external libraries that we use as a starting point but also as
a comparison of our results with state-of-the-art algorithms. For motion planning, we
compare the results of our work with OMPL (Sucan et al., 2012) and the commercial
software Kineo™ Kite Lab (Kineo™, 2016). For comparing our approach on collision
detection we use the open source Flexible Collision Library (FCL) (Pan et al., 2012)
and the Proximity Query Package (PQP) (Larsen et al., 1999) as a state-of-the-art
comparison. For the computation of the FEM results in our work we use the Vega
FEM Library (Barbi¢ et al., 2012). The tetrahedral meshes that we use for the FEM
simulations are computed by the TetGen library (Si, 2015).
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THE COMPLETELY RANDOMIZED RRT-CONNECT

The approach that we will present in the following is based on our publication ”"Com-
pletely randomized RRT-connect: A case study on 3D rigid body motion planning”.
It was presented at the IEEE International Conference on Robotics and Automation
in 2015 (Schneider et al., 2015b).

3.1 Motivation and Main ldea

Nowadays sampling-based motion planners use the power of randomization to com-
pute multi-dimensional motions at high performance. Nevertheless, the performance
is based on two problem-dependent parameters. The first parameter u weights the
importance of the rotation versus the translation of the dynamic object in the nearest
neighbor search. The second parameter range,,., determines the maximal length of
an edge in the tree. Former work uses constant user-adjusted values for these param-
eters which are defined a priori. In motion planning libraries these parameters are
defined as constant values that proved well in many problems. However, to ensure
a good performance, these parameters must be experimentally recalibrated a priori
depending on the problem data. These experiments are very time consuming and
take much longer than the actual planning and second, a certain level of algorithmic
knowledge is necessary to perform the calibration.

The huge influence of constant parameters on the performance of a motion planning
algorithm is exemplarily shown in Table 1. Park et al. (2016) used the RRTC algo-
rithm of the open source motion planning library OMPL on a commodity personal

computer using the OMPL benchmark scenarios shown in Figure 18. On a similar
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3.1 MOTIVATION AND MAIN IDEA

Table 1: Performance comparison OMPL, Parameters.

Benchmark Not adjusted Manually
(Park et al., 2016) | Adjusted
Apartment 20.15s 4.46s
AlphaPuzzle 1.5 || 19.92s 0.34s
Basy 0.12s 0.067s

Ry

w”g

Fig. 18: OMPL benchmark scenarios. Left: Apartment; Middle: AlphaPuzzle 1.5; Right: Easy.

hardware configuration we were able to reproduce their results, but with manual ad-
justments of the parameters u and range,,q., we obtained a much better performance
which is shown in the third column of Table 1. The work of Park et al. (2016) did
not focus on optimizing motion planning parameters as we did. Nevertheless the dif-
ference in performance shows the importance and potential that are hidden behind
an optimization of these parameters. Our work proposes a new method to avoid an a
priori specification of constant parameters. We extend the power of randomization by
varying the parameters randomly during runtime. This avoids the pre-processing step
to adjust parameters and moreover improves the performance in comparison to exist-
ing methods in the majority of the benchmarks. Our method is simple to understand
and implement. This is the first work that introduces such a random selection of the
motion planning parameters. In the following, we will extend the Rapidly-Exploring
Random Tree-Connect (RRTC) (Kuffner and LaValle, 2000). Nevertheless, our work
can be easily adapted to other tree-based motion planners. To compare our approach,
we present a comprehensive experimental analysis of the parameters and the result-
ing performance. The algorithms and data structures were implemented in our library
RASAND and we compare our approach with the results of OMPL (Sucan et al., 2012)
and the commercial software Kineo™ Kite Lab (Kineo™, 2016).
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3.2 OUR APPROACH

3.2 Our Approach

As we randomize the parameters during runtime, we call our approach the Completely
Randomized RRTC. But before we can present the overall motion planning we need

to define the nearest neighbor metric and the range.

3.2.1 Nearest Neighbor Metric

In chapter 2.2.4 we presented the common metric d. to measure distance in motion
planning algorithms with d.(c1, 2, u1,u2) = wuy - de(t1,t2) + u2 - dg(qi,¢2). In our
work we modify the neighborhood metric (1). We define a metric d., based on d. with
d, € [0,1]:

d(cr,ca,u) = u-dy(ty, ta) + (1 —u) - dy(q1,q2); we (0,1). (2)

The distance between two configurations is always a value in the interval [0, 1]. This
unification is necessary to compare different problem data on a common basis, regard-
less the scaling of the problem data. To scale d; to d} € [0, 1], we multiply d; with v—*
where v is the maximum extension ||t;ez — tminl|2 of B. B is the bounding box of the
scene. With this we obtain d}(t1,t2) = v~ - |[t1 — t2]]2. To scale dg to df, € [0,1], we

' -min{acos(qy - g2), acos(q1 - (—q2)) }-
To finally define di, we use a convex combination of d; and dj with the parameter

multiply d, with 7=! and obtain do(q1,q2) =

u € (0,1) and obtain (2). Equation (2) is used to determine nearest neighbors in
C-space and the parameter u denotes the influence ratio of the translation versus the

rotation in the distance computation.

3.2.2 Measuring the Range

The range is the length of an edge in the tree and rangey,q, is the maximal value for
range that is allowed during the algorithm. The most straightforward approach is to
use the nearest neighborhood metric (2) to measure the range. Obviously, in such an
approach the range would depend on the parameter u. Our approach is different as

we want to sample range,,q, independently from the parameter u. In our approach
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we propose to measure range as the maximum of the translation and the rotation of
an edge:
range(ci, ¢;) = maz{dy(ti, t;), dy(qi, q5) }- (3)

3.2.3 Completely Randomized RRT-Connect

Algorithm 5: CR-RRTC (¢init, Cgoar)

T .init(cinit), T.init(cgoar) 1
while ! TimeFElapsed(Tq) do 2
Tewrrents Tother < SwapAmountOfSamples(77, T5) 3
Crand < RandomState() 4
Cnear < NearestN(crand, Teurrent, rand(0, 1)) 5
Cnew  getExtend(cpeqr, rand(0,1)) 6

if (! Trapped) then 7
Teurrent-addVertex(cpew) 8
Teurrent-addEdge(cnear; Cnew) 9

Cnear’ < NearestN(cpew, Tother, rand(0,1)) 10

Cnew — getExtend(c,,eqp, rand(0,1)) 11

if (! Trapped) then 12
Tother-addVertex(cper) 13
Tother-addEdge(crear s Crew’) 14

if (Reached) then 15

t return Path(Ty,Ts) 16

return ApprozPath(T1,Ts) 17

Algorithm 5 is a pseudo-code notation of the developed approach. We define the
metric as in Section 3.2.1 and range as in Section 3.2.2. The only differences to the
original RRTC are implemented in lines 5,6 and lines 10,11 where both parameters u
and rangemq,; are now sampled uniformly in (0,1) in every iteration and a different
swap function in line 3. The swap function uses the number of samples in each tree
to determine which tree is expanded in the current iteration. We call the algorithm

Completely Randomized RRTC as we do not only sample the translation and rotation
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3.2 OUR APPROACH

of D, but also the two major parameters u and rangepq, of the algorithm. The idea
behind this approach is explained in the following. Previous work uses a constant
value for rangep,q,» depending on the difficulty of the problem data. If a small value
for rangemq, is used, the performance of the algorithm decreases for simple bench-
marks, since the expansion of the tree is slow. A large value or a greedy approach
for rangemq, results in a high performance for simple benchmarks, but to solve more
complex benchmarks with restricted passages in C'ty¢., small edges are needed to find
a solution. Nevertheless, greedy approaches (see Section 2.2.4) are used frequently
since the resulting lengths of the edges in an RRT planner will decrease automatically
while the algorithm proceeds. This is due to the fact that the more configurations
are added to the tree, the smaller the distance to the nearest neighbor or to the bor-
der of Uy becomes and therefore the length of the edges. The motivation behind
sampling rangemqz is to randomly allow large range values to solve easy benchmarks.
But also allow small range values because short edges are needed to pass through re-
stricted regions without solely exploring the border of C'¢.c.. The parameter u defines
the importance of the translation versus rotation. A high value of v means that the
translation is voted higher. Hence in the nearest neighbor search m,¢q has a small
translational distance to ¢.qnq. This is important if the translation is highly restricted
and a rotation of D is needed to plan further (e.g in the Alpha Puzzles). The same
goes vice versa for low values of u. But such knowledge is not known a priori and
cannot be derived by an easy geometric guess. Even more, we note that the optimality
of u is a local and not a global feature. For an iteration, it is not clear in advance
whether translation or rotation should be favored. The key insight of our work is
that using a variable value for w results in higher performance. We reason this as
follows: In an RRTC many sample points are rejected. A sample point is rejected if
the nearest neighbor cpeqr is trapped (see Algorithm 2, line 8). Those trapped cpear
are configurations that are often, particularly in the beginning of the algorithm, far
away from cgpqre. Which configurations are far away is defined by the metric that
results from the parameter u. To expand the tree at those configurations is crucial
for the algorithm to explore C. Sampling v in each iteration results in different ways,
configurations can be extended and it reduces the number of trapped iterations which
speeds up the expansion of the tree. Our approach increases the performance which

is experimentally shown in the next chapter.
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3.3 Experiments

In this section, we present the experimental results of our proposed algorithm as well as
the results of our parameter study. All results presented are measured on a commodity
personal computer with an Intel i7-950 processor and 8 GB of RAM, compiled under
Linux with the g++ 4.8.1 compiler. All performance measures are done with at least

100 runs and the mean value is presented. All results are computed on one core of the
CPU.

Fig. 19: Used OMPL Benchmarks (Easy/Hard): Alphal.5/Alphal.2, Apartment/Home,
Easy/Twistycool.

As benchmark scenarios, we use six benchmarks that are supplied with OMPL (see
Figure 19). Those six benchmarks are three pairs of two very similar benchmarks each
with an easy and a more challenging version. Moreover, we use an easy and a more

challenging version of an engine disassembly scenario that is shown in Figure 20.
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Fig. 20: Engine Disassembly Scenario.

3.3.1 Parameter Study

To show the impact of parameters on the performance, we implemented the RRTC
with the metric defined in Chapter 3.2.1 and the range of the tree as in Chapter 3.2.2.
We performed a parameter study on v and range,q., that evaluates the performance
for varying values of u and rangepq, with a resolution of 0.1. The performance is
averaged over at least 50 runs. This parameter study was done for every benchmark,
and we measure the percentage of the maximum runtime 7,,,, that is defined in
Algorithm 5. This provides us the optimal constant parameter pair for every single
benchmark. We visualize the results of the parameter study with a heat-map. In
Table 2 we see the result of the parameter study for the Alpha 1.2 puzzle. The best
performance with fixed parameters for the Alpha 1.2 puzzle is achieved by choosing
u = 0.65 and rangeq, = 0.45. In Table 3 the heat-map of the Apartment benchmarks
is shown. The best performance with fixed parameters for the Apartment is achieved

by choosing u = 0.25 and rangenq, = 0.05.

The results for the remaining benchmarks are shown in Figure 4 to Figure 9. First,
we see that the heat-maps differ depending on the benchmark. This means there are
no single optimal values for all benchmarks. Second, we notice that the influence of
rangemaqq is less than the influence of u. Nevertheless, we can see our statement from
Chapter 3.2.3. For simple benchmarks, like the Easy Benchmark (Figure 6) or the
Alpha 1.5 benchmark (Figure 4), high values for rangem,q, should be favored.
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Table 2: Heatmap of Alpha 1.2, Values in %, Tynas = 35s.
rangemaz

u | 005 015 025 035 045 055 065 0.75 085 0.95

Table 3: Heatmap of Apartment, Values in %, Tynaz = 2.5.

rangemaz
u | 0056 015 025 035 045 055 0.65 075 085 0.95
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Table 4: Heatmap of Alpha 1.5, Values in %, Typax = 2.5.
rangemaz

u | 005 015 025 035 045 055 065 0.75 085 0.95

Table 5: Heatmap of Home, Values in %, Tynaz = 20s.
range,
u | 0.05 0.15 0.25 035 045 0.55 0.65 0.75 0.85 0.95
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Table 6: Heatmap of Easy, Values in %, Tiuazr = 1s.
rangemaz

u | 005 015 025 035 045 055 065 0.75 085 0.95

Table 7: Heatmap of Twistycool, Values in %, Typaz = 35s.

rangemaz
u | 0056 015 025 035 045 055 0.65 075 085 0.95
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Table 8: Heatmap of Enginel, Values in %, Tjnae = 40s.
rangemaz

u | 005 015 025 035 045 055 065 0.75 085 0.95

Table 9: Heatmap of Engine2, Values in %, Tynae = 40s.
rangemaz
u | 0.05 0.15 0.25 035 045 0.55 0.65 0.75 0.85 0.95
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3.3.2 Examined Algorithms

To show the performance of our CR-RRTC approach, we compare three algorithms
that are implemented in our RASAND Library, one algorithm provided by OMPL and
one provided by the Kineo™ Kite Lab. Our algorithms, as well as the OMPL algo-
rithm, use the same collision detection algorithm from Erbes (2013). Our approach
from Algorithm 5 is denoted with CR-RRTC. Another algorithm that we use is our
implementation of the RRTC with our metric (see Section 3.2.1) and range (see Sec-
tion 3.2.2) and is denoted with Def-RRTC. This implementation uses two constant
default values for range;q, and u. We determined the constant parameter values for
the Def-RRTC by the mean value of all optimal parameters that we analyzed in the
benchmarks of Chapter 3.3.1. We and set u = 0.583 and rangée;q, = 0.417. The third
algorithm is the same implementation as the Def-RRTC, but instead of using constant
default values for range,q, and u it uses for each benchmark the constant optimal
parameters determined by the parameter study in Chapter 3.3.1. We will denote this
algorithm with Opt-RRTC. It is evident that comparing the Opt-RRTC is not fair as
the optimal constant parameters are unknown in advance and can only be obtained by
such a parameter study. Nevertheless, we benchmarked the Opt-RRTC to present the
best performance that is possible by choosing constant values. We use the implemen-
tation of the RRTC from OMPL and denote it with OMPL-RRTC. As OMPL does
not use scaling and sets u = 0.5, using the OMPL-RRTC without any adjustments
of rangemq, is not competitive to our Def-RRTC. However, we wanted to give a ref-
erence to OMPL, and so we adjusted for each benchmark range,,q., as proposed in a
file supplied by OMPL, which even improves performance. For Enginel and Engine2
we set rangemar to 1.0. At last, we used the default algorithm of Kineo™ Kite Lab.

Kite is a closed source software, and we used it without any parameter adjustments.

3.3.3 Comparison

The results of our comparison are shown in Figure 21. First, we note that in almost
all benchmarks our motion planners based on the RASAND library (CR-RRTC, Opt-
RRTC and Def-RRTC) outperform the OMPL-RRTC although the same collision

detection and sampling resolution is used. This especially shows the effectiveness of our
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scaled metric from Chapter 3.2.1. Second, to highlight the good performance of our CR-
RRTC approach, we compare it with the Def-RRTC that uses default parameter values
as in previous work. We see that with exception of the Alpha puzzles, our algorithm
always outperforms the Def-RRTC. For the Alpha 1.2 Puzzle we have to point out
that the default constant parameter value of Def-RRTC is, by pure chance, nearby the
optimal constant value (compare Table 2 and Chapter 3.3.2) which results in the good
performance of the Def-RRTC. Comparing the CR-RRTC approach to the Opt-RRTC
in the Twistycool and Enginel benchmarks shows that our approach can outperform
the Opt-RRTC in single benchmarks. This implies that in some benchmarks randomly
selected parameter values can even be better than the optimal constant parameter
values. Again we point out that those optimal values are unknown in advance. In
the remaining benchmarks (Apartment, Home, Easy, Alpha 1.5, Alpha 1.2, Engine2)
we see that the CR-RRTC proves a good performance that is near the Opt-RRTC.
At last, the comparison to Kite and the OMPL-RRTC shows that our CR-RRTC

implementation is competitive to other implementations.
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Fig. 21: Performance comparison of our approach based on the mean value (standard deviation) in
seconds.
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THE FAST ALTERNATING RANDOM RAY APPROACH

The approach addressed in this chapter is based on our publication ”Collision Detection
for 3D Rigid Body Motion Planning with Narrow Passages”. This paper is accepted
for publication on the IEEE International Conference on Robotics and Automation

2017 and will be presented at the upcoming conference in May 2017 (Schneider et al.,
2017).

4.1 Motivation and Main ldea

In Section 2.2 we presented the rapidly-exploring random tree (RRT) (Lavalle, 1998)
for single-queries and roadmap-based methods like the probabilistic roadmap meth-
ods (PRM) (Kavraki et al., 1996) for multiple queries. These motion planners need to

perform the following four major subroutines:
1. Sampling valid configurations.
a) Sampling strategy.
b) Workspace data structure and algorithm for collision detection.
2. Near neighbor search.
3. Edge verification.

4. Shortest path in a graph.
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4.1 MOTIVATION AND MAIN IDEA

The focus of current research is the acceleration of the subroutines noted above. Sub-
routine 4) was studied comprehensively over the last decades in many research fields.
Subroutine 3) is addressed by lazy approaches like Lazy Probabilistic Roadmap Meth-
ods (Bohlin and Kavraki, 2000) and by motion planning using the Lower Bounds Al-
gorithm (Salzman and Halperin, 2015) which reduces the number of edge verifications.
These approaches proved to increase the performance by delaying the edge verification
until it is necessary. With such lazy approaches the runtime of subroutine 3) is almost
negligible and the main tasks remain subroutines 1) and 2) (Salzman and Halperin,
2015, page 4171, Figure 5). Subroutine 2) is also well-studied in many research fields.
In the field of motion planning an algorithm to increase the performance of the near
neighbor search by applying random grids is presented in (Kleinbort et al., 2015). In
subroutine 1) we have to compute valid samples. Therefore, we have to choose a
sampling strategy (1a) like the uniform sampling, the Gaussian sampling (Boor et al.,
1999) or the bridge test (Hsu et al., 2003) (see Section 2.2.5). Also, we need a data
structure and an algorithm to classify samples as valid/invalid (1b). The topic of this
chapter is collision detection in subroutine 1b).

As presented in Chapter 2, two well-studied algorithms for collision detection are
the bounding volume hierarchy (BVH) (Gottschalk et al., 1996) and the Voxmap
PointShell™ algorithm (VPS) (McNeely et al., 2005). The decision which algorithm
to choose for optimal performance in motion planning depends on the problem.

The advantage of the BVH is that in the case that the objects are free of collision, the
algorithm can detect this fast with the separation of the hierarchies. In the case that
the objects are in collision, the traversal of the hierarchy enables the algorithm to focus
on regions of the objects that are close to each other. Note, that in the latter case this
comes at the price of at least as many expensive bounding volume intersection tests as
the depth of the BVH indicates. The VPS algorithm, in contrast, has the advantage
that it heavily relies on simple look-ups in a three-dimensional array. Single look-ups
are inexpensive, and if the objects have a large intersection volume, the VPS algorithm
can detect collisions fast. But the VPS algorithm (without an additional broad phase)
does not focus on regions that are near each other. Therefore, the algorithm might
end up testing many or all points of the pointshell in the case of a configuration with
a small intersection volume or free of collision. For disassembly motion planning with
narrow passages, most of the configurations are in collision with small intersection
volumes. The BVH approach is mostly chosen for motion planning problems with this
characteristic although the BVH has to be traversed for almost every configuration

from the root to at least one leaf.
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In this chapter, we introduce a data structure and an algorithm that makes use of
the characteristic of the samples. To solve the collision query for motion planners effi-
ciently it is important to have an approach that has a very fast early out if the objects
are slightly in collision. Neither the BVH nor the VPS algorithm provides this. Our
approach achieves such an early out by taking the basic idea of the VPS algorithm,
combining it with a custom data structure based on an octree and a distance field, us-
ing a custom variant of the swap algorithm (Llanas et al., 2000) and applying this to
a BVH computation. Our main idea is to introduce a data structure and an algorithm
that is executed a priori to the BVH traversal. Our approach can detect a witness for
a collision in a fraction of the time a BVH needs because it is solely based on array
look-ups. This data structure and algorithm without the backup of a subsequent BVH
traversal is semi-approximate. This means, if our algorithm computes that the objects
are in collision, they are really in collision and we have a witness. If our algorithm
states that they are free of collision, we cannot guarantee this result. Only in this case,
we execute a subsequent BVH traversal to verify the result. Obviously, the results
of our approach together with the subsequent BVH traversal are exactly the same
results as using solely a BVH. Later we will show that for three-dimensional rigid
body motion planning with narrow passages our approach achieves a speedup of up to
5.0 compared to well-established collision detection libraries like the Proximity Query
Package (PQP) (Larsen et al., 1999) and the Flexible Collision Library (FCL) (Pan
et al., 2012).

4.2 QOur Approach

4.2.1 Fast Alternating Random Rays Algorithm

The algorithmic idea of our approach is based on the Swap algorithm of Llanas et
al. (2000). This is an algorithm for the distance computation between convex objects.
Algorithm 6 is a modified version of the Swap algorithm. Given two convex polyhedra
01, O2, the general idea is that the algorithm starts at a point a of object O;. From this
point on we alternate between the object surfaces in the following way. We iteratively
compute the nearest point b to a on Oz as well as the nearest point @’ to b on Oy (line
6-7). In our work, we call all the line segments between a and b rays. The algorithm

converges to the unsigned distance minimum between the two objects (Llanas et al.,
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Algorithm 6: ModifiedSwapAlgorithm(Oq, Oz, a)

if (inside(a,03)) then

return true

else

b0

while (a # b) do

b < nearestPoint(a, O2)
a’ + nearestPoint(b, O1)
if (inside(b, O1)) then

return true

if (inside(a’, O2)) then

return true

[a—

i o

f (a =d') then

return false

a <+ a

return true

10

11

12

13

14

15
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2000). The difference between Algorithm 6 and the Swap algorithm from (Llanas et al.,
2000) are several early outs we introduce as our objective is collision detection instead

of distance computation. All possible outcomes of Algorithm 6 are shown in Figure 22.

Fig. 22: Collision detection with a random ray.

Case a) results if the starting point a of O; is inside Oz which witnesses the collision
(Algorithm 6, line 1). In case b) the random rays converge and for some iteration a
and b are equal and the objects intersect (Algorithm 6, lines 5 and 15). In case c) an
intersection is found if in some iteration the point b is inside O; (Algorithm 6, line 8-9).
The same holds in case d) for the point @’ inside Oy (Algorithm 6, lines 10-11). Note
that case d) can only occur for non-convex objects. In the last case, if in some iteration

a and a’ are equal, the objects are free of collision (Algorithm 6, lines 12-13).

Algorithm 6 works correctly for convex objects but can also be used to semi approx-
imately detect collisions for arbitrary non-convex objects. If we apply the algorithm
to arbitrary objects, we can no longer guarantee that we find a collision of the objects,
as the rays converge to a local distance minimum and not necessarily to the global
minimum. But if the algorithm reports a collision, then this outcome is definitely
correct and we have a witness for collision. For objects with a complex geometry, the

probability of detecting a collision with a single starting point is not sufficiently high.
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Algorithm 7: SwapAlgorithmNonConvex(O1, O3, k)

for i < 0 to k£ do 1
a < randomVertex(Oq) 2
if (ModifiedSwapAlgorithm(O1, Oz, a)) then 3
t return true 4
return false; 5

Algorithm 8: FastAlternatingRandomRays(O1,02, k, T')

applyTransformation(Os, T') 1
if (SwapAlgorithmNonConvex(O1, O, k)) then 2
t return true 3
else 4
t return CDwithBVH(O1, O2) 5

Therefore we execute the algorithm £ times with different randomly selected starting
points. This is shown in Algorithm 7. The question arises how large k needs to be, in
order to achieve a sufficiently good semi-approximate collision detection. This ques-
tion is addressed in the experiments.

In Algorithm 8 we present the overall collision detection algorithm. We use Algo-
rithm 7 as an early out for a BVH. If Algorithm 7 computes an intersection, we can
return the result. If not, we execute the bounding volume hierarchy traversal. We call
Algorithm 8 the Fast Alternating Random Rays (FARR). By running Algorithm 7 a
priori to the BVH traversal we obtain a high performance early out in case of collision,
but also an overhead in case the objects are free of collision or the collision is not found.
To keep the overhead minimal, we have to supply Algorithm 6 with a data structure

that can compute at high performance
e whether a query point p is inside an object O and
e the nearest point to p on the surface of the other object.

This data structure is addressed in the next chapter.
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4.2 OUR APPROACH

4.2.2 Data Structure

In three-dimensional rigid body motion planning, we plan paths for a dynamic object
through an environment with several static obstacles. Without the loss of generality,
we can always assume one dynamic and one static object. If the environment consists
of several obstacles, we can simply join these objects and treat them as one obstacle.
The data structure we present in the following can be used with arbitrary translations
and rotations. That means we need to compute the data structure only once for each
of the objects for the whole planning. The goal of our data structure is to maximize
the performance in case of collision and minimize the overhead in case of no collision.
The most computationally expensive task in Algorithm 6 is the computation of the
nearest point to a query point p on the surface of an object O as well as the inside test.
We solve both tasks with a discretization. We build up a precomputed look-up table
for the object O. The realization is a signed distance field D which is implemented
using a three-dimensional array of cells. It stores the following information in each

cell:
1. Whether the cell is inside/outside O or intersected by a triangle of O,
2. the nearest point on the surface of O to the cell center and
3. the triangle this nearest point lies on.

We define the size of D as 1.3 times the bounding box of O. With this limited size,
we avoid the computation of a distance field for the whole scene. But a query point p
might lie outside of D. Especially in Algorithm 6 we need to locate arbitrary points p
in D and we need to take this into account. In case p is inside of D we can compute
the corresponding cell with an integer division and get the information noted above.
In case p is outside, we apply an orthogonal projection of p onto the boundary of D
and get portho. The cell for porp, is then used as the cell for p. For Algorithm 6 we
need to build up two data structures D; and Ds for O; and Oy as we need to query
both objects. The third information stored in the data structure are the triangles of
the nearest points. We use this information in line 5 of Algorithm 6 if we reach a == 0.
Then we test the triangles of the nearest points to a and b for an intersection. This test
is necessary as, due to performance, we do not want to test the criteria a == b with
floating point precision but with an e. We choose € to be as small as 6.0 - 1075 times

the extension of the dynamic object. To avoid false positives with the introduction of
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€, we need to test the triangles for an intersection.

Although we limit the size of D, the problem of distance fields is their high pre-
computation time and their storage. To reduce the computation time we propose to
replace the three-dimensional array by an octree. This means we stop the subdivision
as soon as the corresponding node is completely inside/outside the object. Using the
octree, the cell size is large in empty regions and fine near the surface of the object.
Note that the octree is only used for the construction of the data structure. In the
query, we use the complete 3D array of cells to retain the constant look-up time. Each

array cell stores the information provided by the corresponding octree node.

4.3 Experiments

In this chapter, we evaluate our approach. We analyze the number of random rays and
the performance in motion planning. The results are benchmarked on a commodity
personal computer with an Intel i7-950 processor and 8 GB of RAM, compiled under
Linux with the g++ 4.8.1 compiler. All our algorithms as well as external algorithms
use double precision and are executed on a single core of the CPU. For our octree-based

distance field, we assume a hierarchy level of 8 which corresponds to a resolution of
28 = 256.

4.3.1 Benchmarks

To benchmark our approach, we use six disassembly motion planning benchmarks
which are shown in Figure 23. The dynamic objects are colored in green, whereas
their environments are colored in yellow. The first three benchmarks are from our
applications (Hofmann, 2015) and represent data similar to those in a car interior.
The other three benchmarks are the well-known Flange problems in three decreasing
difficulties 1.0, 0.95 and 0.9. Flange 1.0 is the original dataset and is quite challenging.
For Flange 0.95 and Flange 0.9 the diameter of the tube is shrunken by 5 and 10 percent
which reduces the difficulty. In Figure 23 the initial, free of collision, configurations
are shown. The motion planning problem is to find a collision free path from this
initial configuration to a configuration which represents a disassembled state, e.g. the

separation of the bounding boxes. An example of a solution path for dataset 3 is
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Fig. 23: Used benchmark dataset.

Fig. 24: The Solution for dataset 3.

shown in Figure 24. The important motion planning properties of the benchmarks
are shown in Table 10. First, we consider the number of triangles. Dataset 1 and 3
are exported from a CAD Software with a precision of 0.2 mm. This is a very coarse
but common precision for motion planning in the car industry. The intention is to
keep the number of triangles as small as possible to reduce the computation time for
collision detection in the motion planner. In dataset 2 we increased the precision to
analyze the performance of our approach with large numbers of triangles. The Flange
problems, dataset 4 to 6, also have a small number of triangles, similar to dataset 1.

Next, we consider the number of samples that are needed to plan a path with a motion
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Table 10: Properties of the benchmark set.
Dataset #1 #2 #3 #4 #5 #6
Triangles 6,684 280,589 35,698 6,296 6,296 6,296
Samples | 1,374,084 | 1,023,147 | 84,232 | 168,618 | 26,141 | 17,908

linva.hd 99.80% | 99.80% | 96.22% | 89.55% | 44.48% | 30.10%
ortion

planner. The two most challenging problems are datasets 2 and 3. Dataset 1 and 4
have a medium difficulty, and dataset 5 and 6 are easy problems. This is also reflected
by the invalid portion of the samples. The invalid portion is the percentage of all
tested samples that are in collision. The higher this portion is, the more challenging is
the planning of a path through the narrow passages of the motion planning problem.
The motion planner we use is from Erbes (2013) and is based on an Expansive Space
Tree (LaValle, 2006). This algorithm can solve all six benchmarks in less than an
hour. But we also tested the results for the Flange benchmarks with the Open Motion
Planning Library (OMPL) (Sucan et al., 2012) and obtained similar results.

4.3.2 Number of Random Rays

In this section, we answer the question how to choose a good value for k. The number
of random rays k has an influence on two subjects. First, it has an influence on
how many collisions are detected by Algorithm 7. In the following, we call this the
detection rate. The detection rate is the percentage of all invalid configurations that
are detected as invalid configurations. Second, it has an influence on the overhead
that is produced in the case Algorithm 7 does not find a collision. With a high value
for k, we expect the algorithm to have a high detection rate but also a large overhead
and wice versa for a small value of k.

Detection rate: The detection rate of Algorithm 7 for each benchmark is presented
in Figure 25. We used for each benchmark 10,000 invalid samples which are generated
by the motion planner. We measured the detection rate with an increasing number of
k. We observe that for the datasets 1,2 and 4 we achieve a high detection rate of > 90%
with only 30 random rays. For the other three datasets, the detection rate is worse.
At first glance, one could think that the shape of the geometry is the primary factor
for the detection rate. That this is not the case can be concluded from the fact that
the Flange 1.0 problem (#4) has a significantly better detection rate than the other
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Fig. 25: Detection rate for each benchmark set with a disassembly planner.

two Flange problems (# 5 and #6) although the shape of the geometry is almost the
same. The main contribution to the detection rate comes from the characteristic of the
tested samples. If the configurations have small contacts at multiple local positions,
Algorithm 7 can miss intersections. So the detection rate depends on the motion
planning problem. It also depends on the used motion planner. In this work, the
samples of Figure 25 are generated by a tree-based motion planner. The other large
group of motion planners is the roadmap-based motion planners like the Probabilistic
Roadmap Method (PRM) (Kavraki et al., 1996). In this motion planners, the samples
are drawn uniformly from a predefined bounding box around the environment. In such
a sampling strategy more configurations present large intersection volumes. We used
the PRM from the Open Motion Planning Library (Sucan et al., 2012) and evaluated
the detection rate similar to Figure 25. As expected, the result is that for the samples
of such roadmap-based motion planners only 15 random rays are enough to ensure a
detection rate of >90% for all benchmarks. But roadmap methods are not suited for
disassembly problems and therefore are not able to solve our problems in a reasonable
time and on a commodity personal computer with only 8 GB of RAM. Nevertheless,

we want to point out that our approach translates well to other planners like the PRM
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as we will show later in this chapter.

Overhead: We investigated the worst-case overhead of our approach. We have done
this by executing our approach for each benchmark on 10,000 valid samples. So our
approach produces an overhead in each single sample. We observed two things. First,
the overhead is, as expected, linear in the number of random rays. But second, the
absolute overhead is similar for all benchmarks regardless of the number of the triangles.
This is explained by the fact that Algorithm 1 is only based on a constant lookup time
in a 3D array and that we stop the algorithm (Algorithm 1, line 5) after 19 iterations.
Number of Random Rays: To choose an appropriate value for k, we analyzed the
overhead relative to the BVH runtime and decided to choose k = 30. With this value,
the overall FARR algorithm is, in our benchmarks, not slower than the pure BVH
approach even if we consider simple examples with a small number of triangles like in
dataset 6. The overall performance for all benchmarks with k£ = 30 is presented in the

next section.

4.3.3 Performance for the Disassembly Planner

To measure the performance of our approach, we compare it to the BVH implemen-
tation of the Flexible Collision Library (FCL) (Pan et al., 2012) and the Proximity
Query Package (PQP) (Larsen et al., 1999). Both libraries are from the same group,
and our investigation showed that they perform almost the same and the results are

equally good. Therefore we always state them together in the following. For the

Table 11: Performance speedup to FCL/PQP.

Dataset | #1 | #2 | #3 | #4 | #5 | #6
Speedup | 9.47 | 7.63 | 2.35 | 2.12 | 1.15 | 1.04

performance comparison, we executed our motion planner on all our benchmarks. We
first checked all generated samples for collision with FCL/PQP and measured the run-
time for collision detection on each dataset. Afterward, we enhanced FCL/PQP with
our FARR approach and measured the computation time again. The speedups are
presented in Table 11. We observe that our approach can accelerate the computation
by a factor of 2.0 to 9.5 for the medium and hard benchmarks (#1 - #4). For simple
benchmarks (#5 - #6) we are able we to achieve similar performance as the pure
BVH implementation of FCL/PQP. In the later cases, the acceleration at the invalid
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Table 12: Overall motion planning performance.

Dataset #1 #2 #3
FCL/PQP: Pre-Processing 0.03s 1.47s 0.16s
FCL/PQP: Other MP Tasks 0.71s 0.68s 0.14s
FCL/PQP: Collision Detection || 344.41s | 1037.86s | 36.57s
Sum: 345.15s | 1040.01s | 36.87s
FARR: Pre-Processing 28.27s 73.88s 21.01s
FARR: Other MP Tasks 0.71s 0.68s 0.14s
FARR: Collision Detection 36.36s 136.03s 15.56s
Sum: 65.34s | 210.59s | 36.71s
Speedup: 5.28 4.94 1.00
Dataset #4 #5 #6
FCL/PQP: Pre-Processing 0.03s 0.03s 0.03s
FCL/PQP: Other MP Tasks 0.50s 0.11s 0.04s
FCL/PQP: Collision Detection || 118.84s 30.91s 37.43s
Sum: 119.37s | 31.05s 37.5s
FARR: Pre-Processing 8.70s 11.31s 12.19s
FARR: Other MP Tasks 0.50s 0.11s 0.04s
FARR: Collision Detection 56.18s 26.87s 35.93s
Sum: 65.38s 38.29s | 48.16s
Speedup: 1.83 0.81 0.78

configuration balances the overhead for the valid configurations.

At last, for the overall motion planning performance, we must take the pre-computation
time for the data structures as well as the time of the other motion planning tasks
into account. This is presented in Table 12. As expected, computing a BVH is
much faster than additionally computing our octree-based distance field. This has an
influence on the overall motion planning performance. For the simple datasets (#5
- #6) our approach should not be used. But for the real challenging problems with
narrow passages (#1 - #4) our approach has a substantial performance advantage.
We achieve a speedup of up to 5.0 in these benchmarks. Note, that we assume the
motion planner to be queried only once. With multiple queries, the overall motion

planning performance of our approach improves even further.

4.3.4 Performance for Roadmap Methods

In this chapter, we want to address two additional topics. First, we have already
evaluated our approach on a tree-based planner that is tuned for narrow passages in

disassembly problems. The invalid portion of over 96% is characteristic for this kind
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of planners. We now show that our approach is also able to improve the performance
with roadmap methods.

Second, we will show that we can also improve the performance of a highly optimized
BVH implementation from Erbes (2013) in addition to the public available BVH imple-
mentation of the Flexible Collision Library (FCL) (Pan et al., 2012) and the Proximity
Query Package (PQP) (Larsen et al., 1999). As reference benchmark in this chapter,
we use benchmark #3 from Figure 23. We use benchmark #3 as this is the only real
world benchmark dataset from Figure 23 that can be solved by a roadmap method

using 1,000,000 samples.

Table 13: Computation of 1,000,000 valid uniform samples.

Algorithm Speedup | Invalid Samples | Inv. Portion
FCL 1.0
Erbes (2013) 1.31
FCL4+FARR 197 ~ 613.600 ~ 38.03%
Erbes (2013)+FARR 2.28

The invalid portion in the sampling of a motion planner differs, depending on the
problem data as well as the sampling strategy. For roadmap methods with a uniform
sampling the ratio of valid and invalid configurations depends on the size of C'¢.¢. and
Cops- This is related to the definition of the planning region, the region where a path
is computed by the motion planner. We assume in the following experiments that
the planning region is reasonably defined. We choose two times the extension of an
axis aligned bounding box around the objects. We now benchmark our approach with
various sampling strategies. First, we uniformly sample the planning region of the car
part benchmark. The results are shown in Table 13. We generated one million uniform
samples and observed a speedup of up to 2.28. The invalid portion of our planning
problem was about 38%. For most challenging motion planning scenarios, a uniform
sampling strategy is not sufficient and different sampling strategies, like the Gaussian
sampling and the bridge test, are applied. For the Gaussian sampling and the bridge
test, the invalid portions are different. Both sampling methods use the parameter o2
for the normal distribution. In the Gaussian sampling, o determines the distance to
Cops and in the bridge test the length of the bridge. In Figure 26 we investigate the
invalid and valid portions of the sampling for our car part scenario for different values
of 62. We observe that the portion of invalid samples is always higher than the 38%
from the uniform sampling. Moreover, for small o2, the invalid portion is up to 60%.
This makes our approach especially efficient for this kind of sampling as shown by

the performance results in Figure 27. There we investigate the speedup with the two
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Fig. 26: The valid and invalid portion for different values of 2.
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27: The FARR performance in the motion planning scenario.
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sampling strategies. We see that our approach can accelerate the computation of the
samples by a factor of 2 to 3 depending on the chosen o?. With this result, we showed
that our approach is not only practical for tree-based motion planner but is also able

to accelerate the collision detection in the sampling of roadmap-based methods.

4.3.5 Discussion

In this section, we will discuss our approach in a wider field of applications. For
motion planning, collision detection algorithms are used for the sampling of valid
configurations but also for the edge verification. There, one discretizes the edge and
uses a collision detection algorithm for the verification of the resulting configurations.
The question arises whether the FARR approach can also be used here. We have shown
that our approach is dependent on the invalid portion of the tested configurations. The
edges in a motion planner are built up in Cfpc.. This means that a high portion of
the tested configurations is valid, which in consequence causes a lot of overhead for
the FARR approach. We tested this scenario using an RRT approach and observed
a performance decrease. Therefore, we do no recommend to apply our approach for
the edge verification of a motion planner. In general, we do not recommend using our
approach in the motion planning for environments that are not cluttered with obstacles.
In these scenarios, there are few invalid configurations that need to be tested by the
motion planner, and therefore the overhead is too high.

For applications other than motion planning, the performance of our approach mainly
depends on the invalid portion of the configurations that are tested. But it also
depends on the number of triangles of the models. A high number of triangles favors
our approach in comparison to a state-of-the-art BVH approach, especially in scenarios
that need a lot of collision queries. With a higher number of triangles, the depth of
the BVH increases and herewith the time to traverse the data structure in the collision
query. For the FARR approach, with a higher number of triangles, the pre-computation
time for the distance field increases. But in the collision query, the paths of the random
rays are basically the same. So in conclusion, to decide whether one should use the
FARR approach on their application depends on the scenario and the input data. For
the disassembly planning with narrow passages, we showed that the FARR approach

can achieve a substantial speedup.
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The main algorithmic idea that we present in the course of this chapter is based on
our publication ”A motion planning algorithm for the invalid initial state disassem-
bly problem”. It was presented at the 20th International Conference on Methods and
Models in Automation and Robotics in 2015 (Schneider et al., 2015a). In this chapter,
we present the approach in detail. First, we present our methodology for the prob-
lem. Second, we give an extended insight into the background and application of our
approach. At last and foremost, we present the final version of our approach that we

highly improved regarding performance compared to the published results.

5.1 Study of the InlState Problem

In this chapter, we put our focus on disassembly planning in the DMU process. In
particular, we put the focus on the task where the engineers have to validate that
given components of a vehicle can be disassembled from their installed position. They
are supported by software tools like a three-dimensional rigid body motion planning
software. In cooperation with Schneider et al. (2013), we extracted and analyzed the
main challenge the engineers are facing in their work on the disassembly planning.
They are facing the challenge that the objects are not free of collision in their installed
position, although state-of-the-art motion planning algorithms have the requirement
of a valid, free of collision, initial configuration. We call this problem the Invalid Initial
State Disassembly Motion Planning Problem (short: InIState problem), which will be
defined in a more formal way in the course of this chapter. State-of-the-art motion

planning algorithms cannot be applied to scenarios that have this problem and the
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engineers are left alone with a lot of manual tasks. In the following, we describe our
methodology to face this problem.

To get a comprehensive understanding of the problem we initiated a study (Schneider
et al., 2013). In this study, we investigated motion planning scenarios that have to
be checked during the DMU process of a vehicle. In cooperation with engineers from
the Daimler AG, we analyzed over 800 motion planning scenarios. In each scenario,
we investigated the disassembly path with a CAD software and an integrated state-
of-the-art motion planner. We documented various aspects regarding the disassembly
process. One aspect that we documented is the number of InIState problems in the
investigated motion planning scenarios as well as the reasons for the InIState problem.
Moreover, we documented the individual characteristics of the problem regarding the
motion planning algorithm as well as the characteristics of the disassembly paths that
the engineer himself has to define manually.

In the further course of the work and based on the initiated study of the problem
we define five representative benchmark scenarios. This benchmark dataset is used
for evaluation of different approaches to this problem. Therefore, we will analyze the
current algorithmic approaches to the problem and extract the existing scientific gap
in the literature. To close this gap, we propose a new approach that we developed.
We describe, analyze and benchmark this approach in the course of this chapter in
detail.

5.1.1 The DMU Process

The flowchart of the DMU process where our study took place is shown in Figure 28.
This process is not automated. The work units that have to be done manually by an
engineer are highlighted in yellow. The process starts by loading the current scenario
from the PDM system into the workbench of the software. Then the scenario is
tested whether the initial state is valid or not. This is done by a collision detection
algorithm. In most cases, the initial state is not valid, and the engineer has to manually
solve the InlIState problem. With the support from the visualization of the motion
planning software, the engineer navigates the dynamic object to an intermediate valid
configuration c;jzer that is as near as possible to the installed position. In the next step,
he manually defines a path o1 with successive translations and rotations from the initial
to the previously defined valid configuration c;nter. With this manually defined path,

the InIState problem is solved. In the next steps, a state-of-the-art motion planner is

64



5.1 STUDY OF THE INISTATE PROBLEM

Load Data

Collision

Checker
~n
Cinit iS valid
Initial State?

Navigate Object
yes no to a .vaIiId.
Planni configuration Cier
Path
Smoother .

— Define a path o,
Smooth Path from initial

to valid
—— 3 ,
Proximity configuration

T~
Evaluate
Tolerances
Interpret
Result

Fig. 28: Disassembly Planning in the DMU Process.

executed and plans a path o9 from the valid configuration c;,¢er to a configuration that
represents the disassembled state. In the next two steps, the path is post-processed.
It is smoothed, and tolerance values for the path are computed. This means that the
distances of the object to its environment along the path are evaluated. At last the
results are interpreted by the engineer. He evaluates whether the component can be
disassembled or not. These tasks are repeated for each disassembly scenario of the
vehicle.

5.1.2 Results of the Study

In the following, we will describe the insights about the InIState problem we gained
from studying the DMU process and derive a formal definition of the InIState prob-

lem.
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Amount of Invalid Initial States

The first insight we made is about the amount of invalid initial states. The invalid
initial states are the cause for the InIState problem. The initial state of the dynamic
object is the assembled state of the scenario. If the geometry of the dynamic and
static object intersect in the assembled state, state-of-the-art motion planners are not
able to compute motion paths. In our study, we found out that every scenario we
investigated presented an invalid initial state. The only scenarios where the dynamic
object and its environment were not in collision were those where the environment or
the object itself were missing due to the lack of data. We investigated scenarios from
the early development stage. Therefore about 10% of the scenarios had some missing
data.

Reasons for the Invalid Initial States

The primary purpose of the DMU process is to verify a product in the introduction
stage of the product lifecycle. In this stage, meta information for the object are

incomplete or even missing. For example
e the exact surface of the object,
e the material properties of the object,
e the differentiation of rigid and deformable parts
e and even the kinematics of the objects.

For several reasons, these missing information leads to invalid initial states. First, in
the interior of a vehicle, the majority of the components are fixed to their environment
with fastening elements like clips. The suppliers of such fastening elements offer the
CAD models of the clips in a rigid version. This rigid version shows the clips in their
relaxed state. These relaxed fastening elements cause invalid initial states. Other
invalid initial states are caused by bolts and screws. Those fastening elements are
used to fix components of the vehicle that are not visible to the customer or relevant
for the stability of the vehicle. In CAD systems the threads of the screws are rarely
modeled in detail. Often they are represented as colliding over-sized tubes. These
tubes, together with the bolts, cause invalid initial states. Another reason for the
invalid initial states are the surfaces of the CAD models. In CAD data, the surfaces
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Surface 2
Triangles

Fig. 29: Surface discretization and invalid initial state.

are modeled with Bezier and/or NURBS surface patches. For an efficient performance
in the DMU process, these surfaces are discretized to triangle meshes with a certain
precision e. A common approach is to define e as the maximum distance of the surface
to its approximated triangle mesh. This precision is coarse in order to get meshes that
have a small number of triangles. In Figure 29, we see how the precision is defined for
Surface 2. But such a low precision can cause an intersection with other components,
consider Surface 1 in Figure 29. But even when neglecting the discretization, some
components are fixed to their environment by friction-based connections. In those

cases even the exact surfaces intersect. In Figure 30, we show the distribution of the
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Fig. 30: The distribution of the causes for the invalid initial states.

above-mentioned reasons for the invalid initial states within our 800 motion planning

scenarios. With 31%, the largest portion of the invalid initial states is caused by clips.
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Fig. 31: The characteristic of the invalid state.

The second largest group with 21% is the group of screws and bolts. The invalid
states caused by surface discretization and friction-based connections have an amount
of 18%. With a sum of 70%, we see that the main contributors to the invalid initial
states are fastening elements. In the last group with 20%, there are invalid states that
are not related to the fastening of the components but to the fact that we considered
a three-dimensional model under development. An example is cable harnesses that
are not correctly modeled in the CAD data or dummy objects that are added by the

engineers to allocate construction space for future components.

Characteristics of the Invalid Initial States

Next, we want to address the characteristics of the invalid initial states near the in-
stalled position. The primary characteristic we evaluated is the size of the intersection
volume (IV) that causes the invalid initial state. As we see in Figure 31, 70% of all
invalid initial states have a small intersection volume. With small, we mean that the
intersection volume is smaller than the volume of a screw. So most of the invalid initial
states are not immediately apparent, and one needs the help of a collision detection
algorithm to detect the collision. Although small, regarding the intersection volume,

they prevent state-of-the-art motion planning algorithms to plan a path.
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Fig. 32: Characteristics of the disassembly paths.

Invalid Initial State Disassembly Motion Planning Problem

From the results above we can conclude that planning the disassembly in real world sce-
narios leads to a new important type of disassembly motion planning problem, namely
the Invalid Initial State Disassembly Motion Planning Problem (short: InIState prob-
lem). It can be defined as follows:

Definition 4 (Invalid Initial State Disassembly Motion Planning Problem)

Given cinie € C C SE(3), the initial configuration of D, and Cyeq C Cpree C SE(3),
the set of valid goal configurations of D that represents the disassembled states. The
solution path & : [0,1] — C with 6(0) = ¢y and (1) = cgoat € Cyoal Is the
disassembly path for D if its exact surface, kinematics and deformations including

material properties are taken into account. The Invalid Initial State Disassembly
Motion Planning Problem is to find an realistic approximation o of 6 in the absence

of this information.

In reality, the dynamic object D would deform during the movement, leading to a
disassembly path & that is free of intersections. The primary challenge of the InIState
problem is that in the CAD data the dynamic object D is rigid and its exact surface,

kinematics, and deformations are not available for planning. The only data that are
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available at this early stage of the DMU process are the triangle meshes. Therefore
methods and algorithms are needed that approximate the real path &. The main
difference to the disassembly motion planning problem is that in consequence the
path o we are looking for, including the initial configuration c;y;;, will consist of
configurations of Cfpe. and Cps. That means that o will cause intersections of the

rigid object D with its environment.

Characteristics of the Disassembly Paths

At last, we consider the disassembly paths for the invalid initial states. We group the
disassembly paths in linear and nonlinear disassembly paths. A linear disassembly
path is a path where the object can be disassembled from its near environment by
moving it along a straight line. A nonlinear path mostly consists of a complex motion
including translations and rotations. As a second criterion, we consider whether the
path can be derived from the fastening elements or not. If a path can be derived from
a fastening element, the engineer can use the orientations of the fastening element to
define the disassembly path. In Figure 32, we see the distribution of the categories.
For the engineer, the easiest paths to define manually are the linear paths that can
be derived by a fastening element. This category is represented with 41%. The most
time-consuming paths to define manually are the two types of nonlinear paths and the
linear paths that are not defined by any fastening element. These last three categories
together represent 49% of the scenarios, showing the importance to design algorithms
for the InIState problem to support the engineers in their task to plan and define paths
in the DMU process.

Context of the InlState Problem

In this section, we consider the context of the InIState Problem in the field of motion
planning. In the literature, the InlState problem is only addressed by Jianwei Guoa
et al. (2013). But their work is limited to linear disassembly paths and puts a focus
on the illustration of the disassembly and not primarily on the computation a path.

But in a wider context, one can consider the InIState motion planning problem as
a motion planning problem with uncertainty (Dadkhah and Mettler, 2012). These
problems have their origin in the motion planning for robots. There, one cannot ensure

the exact configuration of the robot as each configuration can only be approximated.
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In our case, one could consider the evaluation of a configuration as uncertain too. The
classification of a configuration to the forbidden configuration space is uncertain, as
the colliding parts of the geometry could be deformable and therefore the configuration
could be valid.

In an even wider context, one could consider the InIState motion planning problem as
a problem of constraint motion planning (Pivtoraiko and Kelly, 2006). In constraint
motion planning, one considers motion planning problems with constraints on the path.

Examples for a constraint are: The object
e is only allowed to move along paths with a low curvature,
e has to keep a minimum proximity to its environment or
e that the length of the path must not exceed a certain length.

For the InIState motion planning problem, one can define a vague constraint. One can
define the constraint that the motion planner has to take into account the unknown
properties of the dynamic object, like the deformable parts. The basic approach of
constraint motion planning is to consider the constraint in the computation of the

edges of the data structure.

5.2 Dataset
Table 14: Attributes of the datasets.

Dataset #1 #2 #3 #4 #5
Triangles D 67,134 48,308 6,544 2,448 26,290
Triangles S 43,918 26,364 26,430 4,250 16,810
Disassembly . . . . .

. nonlinear | nonlinear | nonlinear | nonlinear | linear
Motion

For the support of our work, Hofmann (2015) designed and constructed datasets for
the InlState problem. The five datasets represent different challenges for the motion
planning algorithms caused by clips. The datasets are given as triangle sets. They are
modeled with respect to different scenarios we faced in our study. The datasets are
shown in Figure 33 and the properties of the datasets are listed in Table 14. We have
analyzed that the main contributors to the InlIState problem are fastening elements.

Therefore the datasets we present are representative for the InlState problem caused
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Fig. 33: Dataset 1-5 for the InIState problem.

Fig. 34: Close-up view on dataset 2. Orange: One clip that causes intersections along the disassembly
path, Red circles: Triangles that are in collision at the initial state.

by clips fastening elements. In Figure 34, we see a close-up view on dataset 2 that
shows the intersection of the dynamic object and its environment. The first four
datasets of Figure 33 have disassembly paths that are nonlinear. Dataset 5 has a
linear disassembly path. In those five datasets various types of fastening elements are
represented. In Figure 35, we show details of the datasets 2 to 5. Dataset 1 is very
similar to dataset 2.

First, we see that dataset 2 has three flexible clips and a rigid guide rail on the
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left. The outer parts of the clips are intersecting the environment at the initial state.
Moreover, the clips will cause intersections all along the first part of the disassembly
path. The guide rail has no intersection with the environment but determines the
rotational disassembly motion we see in Figure 2. Dataset 1 from Figure 33 is a
variation of dataset 2. Only the number of clips is increased from 3 to 8. In dataset 2
the intersection volume caused by the three clips is very small. A naive approach by
simply allowing the motion planner a small threshold of intersection volume succeeds
for dataset 2. In contrast, for dataset 1 the intersection volume of the 8 clips is larger
than the volume of the guide rail. The naive approach fails in dataset 1 as it ignores
the guide rail.

Dataset 3 has six clips and two guide rails. In this dataset, the clips are large. As we
see in the first and second detailed view, the clips are even larger than the guide rails.
This makes motion planning challenging for this dataset.

Dataset 4 is an example of friction-based tension. Although the object has two clips,
the component is mainly fixed by the friction of the two guide rails. Therefore the
surface of the dynamic object and its environment are intersecting.

Dataset 5 is a representative example for a linear disassembly path. As we see in the
detailed view, the clips of dataset 5 are thick and almost rigid in comparison to the

clips of the other datasets.
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Fig. 35: Details of datasets 2-5. Left: Bottom View. Right: Detailed View.
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5.3 State-of-the-Art Approaches

Fig. 36: Examples of shrinking an object.

In this section, we deal with state-of-the-art approaches to solve the InIState problem.
The approaches to this problem are rather basic. The methods to deal with the In-
[State problem are all placed around the idea of softening the definition of collision.
One well-known approach is to shrink the object. An example for the shrinking of an
object is shown in Figure 36. A shrinking algorithm can be found in (Ma and Wan,
2001). The algorithm computes the shrunken object based on a voxelization. Another
straightforward idea to solve the InIState problem is to replace the collision detection
algorithm by an intersection volume or penetration depth algorithm. So a configura-
tion is considered to be valid if the intersection volume or the penetration depth is
below a certain threshold. In our experience, these two simple approaches can enable a
motion planning algorithm to work for the InIState problem if the discretization of the
CAD data to triangle sets or a friction-based connection cause the invalid initial state
(Category "Surface” from Figure 30). For the category "Screws and Bolts” a naive
approach is to detect cylinders in the components, for example by fitting algorithms
like in (Beder and Forstner, 2006). For all categories, including the remaining large

category of "Clips” fastening elements, we present a solution in the following.

5.4 Our Approach

As described earlier, the only input for the motion planning in the DMU process is the
triangle meshes of the dynamic object and their environment. To solve the InlState
problem, we developed a new approach, the InIState motion planner. This algorithm

is the topic of this section and will be described and benchmarked in detail. The main
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idea of our approach is to give the motion planner the knowledge about deformable
regions and teach the algorithm to use this information properly during the planning.
To achieve this, we enhance a state-of-the-art motion planner with a special validity
test and a pre-processing step. The pre-processing step is the computation of a mesh
labeling. We label flexible fastening elements of the dynamic object D by using a
deformation model. The deformation model is arbitrary, but we will describe a defor-
mation model that is tuned towards our needs. This information of the pre-processing
is integrated to the motion planner. Also, we apply a special intersection volume test
during the motion planning. The individual ingredients of our approach are described

in the following subsections.

5.4.1 Labeling

Mesh labeling and the related mesh segmentation are widely used in applications from
computer graphics, animation, and games but also in the field of industrial applications.
A survey of methods for mesh segmentation can be found in (Shamir, 2008) and (Attene
et al., 2006). In (Attene et al., 2006), Attene et al. categorize mesh segmentation into

two groups:
1. Purely geometric segmentation and
2. semantics-oriented segmentation.

The labeling in this work falls into the second category. The semantic we address is the
property of being more or less deformable than other regions of the mesh. The labeling
measures how geometrically deformable the object is at a vertex in comparison to all

other vertices.

Background and Goals

The straightforward approach for the computation of the labeling is to use a deforma-
tion model for the object, apply a unit force on each vertex of the object and measure
the displacement of the vertex. Large displacements label high deformable regions and
vice versa for small displacements.

Well-known deformation models that could be used for the computation of the labeling

are based on the finite element method and a tetrahedral mesh of the object. This
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usage has two major requirements. First, one needs a tetrahedral mesh. In our appli-
cation the objects are represented by triangle meshes. To automatically compute the
tetrahedral mesh, the triangle mesh has to be watertight and the computed tetrahedra
must be non-degenerate. Second, one needs a stable implementation of a deformation
model based on the finite element method.

In our work, we focus on an alternative approach for the computation of the labeling

with the following goals:

1. Usage of a deformation model based on the surface in order to avoid the need of

a tetrahedral or voxel mesh.
2. No need for strictly watertight meshes.

3. Similar results as in a finite element approach. Physically plausible but not

necessarily physically correct behavior.
4. High performance and high stability of the deformation model.
5. Simple implementation for an easy addition to existing motion planners.

Several reasons motivate these goals, in particular for the application on deformable
disassembly motion planning. In this application, the objects are often rather thin
and a volumetric representation is challenging. Moreover, the triangle meshes are not
necessarily a 2-manifold. This means that the meshes are not watertight, triangles may
intersect or overlap, and even holes can occur. In the deformable disassembly planning,
one is not primarily interested in the exact stresses. This is the topic of a modal
analysis. One is more interested in a fast and stable computation of deformations to
enable the motion planning algorithm to compute a path. At last, deformation models
are a broad and complex field, and simple approaches facilitate the introduction to
deformable motion planning for a user.

To achieve these goals, we present an approach that is based on the position-based
dynamics framework (Miiller et al., 2007), a method from the field of computer graphics
and animation. This method trades physical correctness for the following benefits:
The deformation model is very stable and performs in realtime. Also, the method is
very easy to implement and can be added easily to existing motion planners which fit
our defined goals. We show in this work how to apply the position-based dynamics
approach to the deformation labeling of an object using the surface representation
solely, study the number of constraints for the model, compare the results to the ones

achieved with a finite element method and evaluate the performance.
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To use the surface for the deformation model, we project volumetric properties of the
mesh onto its surface. There are many approaches for achieving this. One approach
that assigns volumetric properties to mesh vertices is described by Shapira et al. (2008).
In their work, they use the shape diameter function to compute a skeletonization and
a segmentation of a mesh. The shape diameter function measures the diameter of
an object at a given vertex. As described in Shapira et al. (2008), the distance from
the vertex to the medial axis can be assigned to each vertex. This method is related
to our method as we use an approximation of the medial axis. Another work from
Amenta et al. focuses on an approximation of the medial axis (Amenta et al., 2001).
In our work, we use an alternative algorithm from Weller and Zachmann (2010). This
algorithm is intended to build up an inner sphere tree which is a data structure for
proximity queries. As a side effect, the first iteration of the algorithm computes an
approximation of the medial axis. This algorithm is easy to implement, fast, and
achieves sufficiently good results for our application. In particular, this method can

deal with small errors in the mesh, like small holes and overlapping triangles.

Algorithm and Implementation

In this section, we describe how we apply and modify the PBD framework to solve
the labeling problem. There are a few basic assumptions for our approach. First,
we need a mesh because the mesh defines our constraints. The mesh does not need
to be completely watertight. Small holes are allowed and only lead to some missing
constraints which are not critical. Second, we assume that the vertex normals of the
mesh are correct, which means they direct to the outside of the object. These two
assumptions are rather weak. A third assumption comes from the incompleteness of
the data in real world application where physical properties are often missing. There,
the data does not always store the physical properties. So we assume that the object
consists of one single material.

Using only the surface for modeling three-dimensional deformation is highly critical
as the vertices have no information about the volume of the mesh, e.g. the thickness
of the object at a certain vertex. We cannot assume that a straightforward usage of
a surface model alone leads to the same results as a volumetric model. But we want
to use solely the surface model due to the small number of constraints and the small
storage requirements. So we try to map the volumetric information onto the mesh
surface and use this as a parameter in the PBD algorithm to approximate the three-

dimensional deformations sufficiently good. How we compute the mapping is shown
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Algorithm 9: Phase |

Input: Mesh D with n vertices
Output: {v;} — {5}, 7€ [0,n—1]

foreach v; € D do 1
pi = v; — 0- vertexNormal(v;) 2
while (/converged(p;)) do 3

Pnear = nearestPoint(p;, D) 4
Lpipi_‘_e'(pi_pnear) 5
- vi = Si(pi, [|Prear — pill) 6

Algorithm 10: Phase II

Input: D, {v;} = {S;},i€[0,n—1]
Output: {v;} — {d;} ,i € [0,n—1]

foreach v; € D do 1
t m; = p - volume(v;) 2
C=19 3
C <+ C U positionsConstraints(D) 4
C' < C U bendingConstraints(D) 5
initPBD(solverlterations N, Damping da;, Stiffness k, At, m;, D, C) 6
foreach v; € D do 7
resetPBD() 8
fext; = —o- vertexNormale(v;) 9
executePBD(t) 10
update({dp...dn—1}) 11
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in Algorithm 9 which is similar to the algorithm for the inner sphere tree from (Weller
and Zachmann, 2010). The input of the algorithm is a mesh D with n vertices. The
main idea of this algorithm is to compute a mapping {v;} — {S;} that assigns a sphere
S; to each vertex v; of D. The center of the sphere S; is near the vertex v; and centered
approximately on the medial axis. To compute this mapping, we go over all vertices of
the mesh. For each vertex v; we need to compute the center p; of S;. First, we move
v; a small distance ¢ to the inside of the mesh with the usage of its negative vertex
normal. The resulting point p; is used as the starting point for the iterative process in
line 3. In each iteration, we compute the point pjeqr that lies on the mesh and has the
smallest distance to p;. Now the point p; is pushed to the opposite direction of peqr-
The € is a cooling function which, in our case, decreases linearly with every iteration.
With this process, the point p; approximates a point on the medial axis of the mesh
(see (Weller and Zachmann, 2010)). The resulting sphere S; is defined by the center
p; and the distance from p; to ppeqr. This sphere S; is stored for the vertex v;. So
for each vertex v; the volumetric information is a sphere S; approximately centered
on the medial axis. S; is near the vertex v; because we choose the point p; near the
vertex v; as starting point. The sphere S; gives us an approximation of the diameter
of the object at the vertex v;.

Algorithm 10 shows the computation of the actual labeling with the PBD algorithm.
For our labels we compute a mapping {v;} — {d;} that assigns a deformation value
d; to each vertex v;. For each vertex v; we have to define its mass. We approximate
the vertex mass as described in the following. For each vertex v; we define a volume.
The base of the volume is a third of the area of all triangles that have v; as vertex.
The height of the volume is the diameter of the medial axis sphere S;. This volume
together with the density p define the masses m; of v;. Note that the mass of a vertex
takes into account the thickness of the object at v; as well as the triangulation of the
mesh. Afterward, we compute the constraints. In Algorithm 10 a position constraint is
computed for each edges of the mesh. Position constraints are applied to two vertices.
E.g. the two vertices of an edge in the mesh. If the edge is stretched, the vertices
are pushed towards each other by the constraint. If the edge is compressed, the ver-
tices are pushed away by the constraint. In Algorithm 10 we also apply a bending
constraint to every two triangles that share an edge. This is realized by applying a
position constraint to the two vertices of the neighboring triangles that are not part
of the shared edge. After the initialization of the parameters, the computation of the
labels is executed for each vertex v; on the surface. For each v; we apply an external

force in the opposite direction to the vertex normal and simulate a given time ¢ with
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the PBD algorithm. The size of the external force is determined by a parameter o.
The value o is a scaling factor that is applied to the direction of the force. Afterward,
we measure the displacements {dp...d,,—1}; for all vertices in iteration i. The displace-
ments {dp...d,—1}; are measured in Euclidean distance and summed over all iterations.
So for each vertex v; the value d; measures the displacements over all iterations. This
value d; is used as a measure for the deformation. A high value means that the vertex
can be deformed easily and a low value means that the vertex is nearly rigid. The
overall computation time is dominated by the second phase. More precisely, it is dom-
inated by the number of constraints that are used in the PBD algorithm. To keep the
runtime low, we limit our approach to the position constraints and a single bending
constraint for each pair of neighboring triangles. The bending constraint is realized
by applying a position constraint to the opposing vertices of the neighboring triangles.
For a mesh with E edges, we only need 2 - E' position constraints. We will prove in the
experiments that this small number of constraints provides a sufficiently good labeling
of the vertices and a high performance.

Next, we give some details about the implementation parameters. We scaled all
datasets to an axis-aligned box with the largest extension of 1.0. For the computa-
tion of the deformation values, we simulated 1 second with the time interval At = 30
milliseconds. We used linear damping with a value of da; = 0.99. For the number
of iterations, we were able to choose a low value of N = 3 and still get plausible
deformation values. For the stiffness, we used the formula from Miiller et al. (2007)
with & = 1 — (1 — k)Y and k = 0.99. The one remaining parameter is the value o
for the external force. This parameter is the same for all vertices and very important.
If o is too large, any vertex can be moved. Otherwise, if ¢ is too small, none of the
vertices moves. To determine o automatically, we chose a heuristic that is based on
the local diameters of our object. We chose o related to the smallest diameter of the
object. This ensures that we can detect small elements of the object. To measure the
diameter in each vertex, we used the results from the first phase where we computed
the approximate medial axis spheres. We took the minimum radius 7,,;, of all those
spheres to determine o by ¢ = k- rpin. We chose kK = 5.25 as this value showed
good results in our tests. These parameters were used to obtain the results that are

presented in the experiments chapter.
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5.4.2 Maximum Local Intersection Volume

Besides the labeling, we need another ingredient for our algorithm. As noted before, an
RRT can use the intersection volume for the getValid Edge function (see Algorithm 1)
to compute paths for the invalid initial state problem. This approach is simple but
too simple and fails in many benchmarks. In our algorithm, the motion planner uses
a method that we call the maximum local intersection volume (MLIV). In contrast to
a simple intersection volume an MLIV is defined as:

Definition 5 (The (Mazimum Local) Intersection Volume)

Given two polyhedra D and S, the intersection volume is given as IV(D,S):= DN S.
n

If IV(D,S) # 0 partitions into n disjoint volumes IV (D,S) = |J V;, we define the
=1

1=
maximum local intersection as MLIV(D, S) := max{V1, Va, ..., Vs }.

Thus, only the largest connected component of the intersection volume contributes to
the MLIV. It is evident that the computation of the MLIV is more complex than an
intersection volume computation. But our work shows that the MLIV achieves far
better results because collisions are considered independently. For each configuration
the MLIV is different. How we calculate the MLIV is described in the following:

Algorithm 11: Compute MLIV(c)
Input: ¢ € C-Space, V(S5), V(D)
Output: MLIV(c)

foreach s; € V(D) do 1
if (lalreadyVisited(s;)) then 2

if s; € V(S) then 3

CCj «+ startFloodFill(s;) 4
setVisited Voxels() 5

n < size(maz(CCy)) 6
MLIV(¢) < vozelSize -n 7

To compute the MLIV for a configuration ¢ we extend the VPS (Voxmap-PointShell
Algorithm™ (McNeely et al., 2005)). Beside a voxelization of S, like in the VPS, we
also use a voxelization of D. In order to compute the MLIV we test every voxel center
s; of V(D) whether it is inside V(S) or not. Note that we only have to test s; if the
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corresponding voxel intersects the surface of D. Only the inside test of s; is similar to
the VPS. If s; is inside V'(S), we start a flood fill algorithm (see (Torbert, 2016)) with
this voxel. During the flood fill algorithm, we check every neighbor of the currently
visited voxel of D whether it is also covered by any voxel of S. Only if this holds true,
the neighbor is added to the flood fill algorithm. At the end of the flood fill algorithm,
we computed the first connected component C'C;. To avoid computing a connected
component C'C; multiple times, we have to flag all voxels that are part of C'Cj; as
visited. We repeat this process for all surface points s;. Afterward, we determine the
largest connected component which represents the MLIV. Due to the voxelization, the
computation is only an approximation of the MLIV. Nevertheless, this approximation

is sufficient for our application and shows a good performance.

5.4.3 Validity Computation

After precomputing the labeling, we now combine it with the MLIV from Algorithm 11.
The labeling is computed by vertex and the MLIV is computed by voxel. Therefore,
as the vertices have a coarser resolution than the voxels, we need to assign a labeling
value for each voxel. This done by interpolating the labeling in the same resolution
as the voxel field for the MLIV computation. With this, we assigned a color value for
each voxel. Our goal now for the validity computation on the motion planner is that
voxels with a low value in the labeling contribute more to the MLIV than voxels with
a high value in the labeling. Therefore, the intersection volume of deformable parts
is weighted lower than the intersection volume of rigid parts. For our planner, we use
a linear relation between the value of the MLIV and the labeling. The computation
is shown in Algorithm 12. The only difference to Algorithm 11 is the post-processing
step in lines 6-9. There, we measure the volume of the connected component based on
the labeling that we computed in the pre-processing. This is done by multiplying the
size of a voxel with returned value of the function colorValue(vozxel). This function
returns a value between 0 and 1, where 0 means deformable and 1 rigid. With this,
deformable parts of the object do not contribute to the MLIV at the configuration
c.
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Algorithm 12: Compute Labeled-MLIV(c)
Input: ¢ € C-Space, V(S), V(D)
Output: Labeled-MLIV(c)

foreach s; € V(D) do 1
if (lalreadyVisited(sj)) then 2

if s; € V(S) then 3

CCj «+ startFloodFill(s;) 4

L setVisited Voxels() 5
foreach C'C; do 6
cvj =0 7
foreach voxel € CC; do 8

t cvj+ = vozxelSize - colorValue(vozel) 9
MLIV(c) - maz{cv;} 10

5.4.4 The InlState Motion Planner

For our InlIState motion planner, we alter the motion planner of Erbes (2013), which
is based on the EST (Hsu et al., 1997). In principle many motion planners can be
used, our approach is not limited to the motion planner of Erbes. For example, we can
use the CR-RRTC that we presented in Chapter 3 or the PRM (Kavraki et al., 1996).
This results in similar paths but a much lower performance than with the approach
of Erbes. The reason is explained in the following. Due to the problem statement, we
deal with motion planning problems that feature very restricted motions, the so-called
narrow passages, near the initial state. Motion planners like the CR-RRTC or the
PRM, draw samples from the whole C-Space. In the EST approach, one samples lo-
cally in a small sphere around the already computed data structure. In the beginning
of the algorithm, the data structure only contains the initial state. This means that
with the EST approach, it is more likely to sample the important configurations that
lead the algorithm through the narrow passage. This results in higher performance.
But the limited sampling radius of the EST has the consequence that it explores the
C-Space at a lower speed in comparison to the other two mentioned algorithms. But
this is not important for the performance of disassembly motion planning.

The two changes that one needs to apply to a motion planner in order to get our
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InIState Motion Planner are described in the following. First, we need to replace the
getValidEdge function by the Labeled-MLIV computation of Algorithm 12. To get a
validity function, we introduce a threshold 7. If the Labeled-MLIV value, the result
from Algorithm 12, is below 7 the configuration is considered as valid and invalid
otherwise. Note that 7 introduces an early out for Algorithm 12 and can speed up the
computation substantially. If in the processing of Algorithm 12 the current value cv;
exceeds T, the configuration is not valid and the computation is terminated.

The value of 7 is critical for the path planning. For low values of 7 the planner
only allows small local intersections of the objects. Therefore only paths with little
intersections are calculated, and the opposite holds true for large values of 7. For low
values of 7 there is possibly no path and for large values of 7 the computed path may
be not reasonable. There are two methods to set this value.

First, the threshold 7 can be set by the user. The value for 7 is related to the volume
of the fastening elements. The engineer can set the value relative to the volume of
the largest fastening element. This heuristic proved well in our benchmark datasets.
Second, one could define 7 by a heuristic. We present an algorithm to determine a
suitable value for 7 automatically. How to achieve this is explained in the next section

together with the overall algorithm.

Second, we need to define a goal state cyoq; for our InIState Motion Planning algo-
rithm. In a disassembly motion planner, the goal state is often defined as a set of
configurations Cyeq (e.g. all configurations that separate the bounding boxes of D
and S). These goal states are needed in the goalReached function in Algorithm 1
to determine if the planning algorithm can be terminated. This definition of Cyeq
can also be used for our planner. But in our algorithm, we want to terminate the
computation with the Labeled-MLIV computation as validity function earlier to im-
prove performance. Computing the Labeled-MLIV is more expensive than a collision
detection. We propose to define Cypq := {c | distance(S, D) > 1} with ¢ as the
maximal extension of a fastening element. The value of ¢/ can be estimated by the
labeling, e.g. by computing the largest connected component of deformable voxels in
the labeling. After this computation, we can assume that the fastening elements do
not affect the disassembly path. For the remaining path, we can use a state-of-the-art
motion planner to plan the path for the separation of the objects. This approach di-
vides the solution path o into two parts o1 and o9, computes cinter (see Section 5.1.1),
and improves the performance of our overall motion planner.

We call any disassembly motion planner that is altered in the above-described way,
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an InIState Motion Planning algorithm. How we use this approach for the overall

algorithm in a DMU process is described in the next section.

5.4.5 Overall Algorithm

Triangle
Meshes

Calculate
Labeling

Init Data
Structures

Estimate Increase
Threshold 7 Speed s

InIState Motion

Fail
Planning

Success|| 01

Regular Mo-
tion Planning

Disassembly ¢ Optional Post-
Path o Processing

Fig. 37: The flowchart of our algorithm.

The structure of the overall algorithm for the DMU process is summarized in Figure 37.
State-of-the-art parts are marked in blue whereas our new algorithmic parts are marked
in yellow. The only inputs to our algorithm are the triangles of S and D. The output
is the disassembly path o which consist of invalid and valid configurations.

First, we calculate the labeling. Second, we initialize the motion planner by calculating

other data structures (e.g. Bounding Volume Hierarchies). Afterward, the Inlstate
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Motion Planning loop starts. We want to ensure an automatic process. Therefore a
suitable value for 7 must be determined. The parameter is highly dependent on the
data and must be computed individually for each dataset.

A straight forward approach is to start at the lowest possible value for 7 := Tjests
namely the Labeled-MLIV value computed for ¢;,;;. We now increase 7j,yest linearly
with a fixed step size d; and test every value 7/ = Tjest + k - 01 whether a path can
be found in a given maximal planning time. As a small step size is needed, this results
in many tests (> 25) each taking a full planning time. The entire computation time
is high with this simple approach. Therefore we want to propose a method that is
able to reduce the number of loops significantly. At first glance, a bisection would
be a suitable approach. But due to the high performance variance of sampling-based
motion planners, the bisection is unstable and could converge to a high value of 7.
We propose a method that uses the expansion speed s of the RRT to determine a
suitable value for 7. The expansion speed s of a planner is defined by the number of
added configurations in 7" per second planning time (e.g. 4 configurations per second).
So we start with an initial speed s;n;¢ and increase Tjyest until the expansion speed
Sinit 1s reached. The resulting 7 is then used to start the InlState Motion Planning
with 2 minutes planning time. In case the InIState Motion Planning fails, the speed
is linearly increased by s’ = s;uis + k - 92 and a new value for 7 is computed. In our
algorithm, the initial speed s;,;¢ is set to 4 configurations per second and d9 is set to
5 configuration per second. In the case of success, we calculated the path o for the
disassembly problem. The next steps in the algorithm are the regular path planning

to calculate o and some post-processing steps (e.g. smoothing).

5.5 Evaluation and Experiments

In this section, we will evaluate the approach for the labeling as well as the InIState
motion planner. The goal of the evaluation of the labeling is to show that our ap-
proach, based on the position-based dynamics approach, is able to distinguish between
deformable parts and rigid parts of the input geometry. In the evaluation of the In-
[State motion planner, our goal is to evaluate whether our approach is able to compute

disassembly paths for our benchmarks from Figure 33.
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5.5.1 Labeling

)

Fig. 38: Zoom-in on important areas of dataset 3.

All dynamic objects of Figure 33 contain some deformable clips. These clips are part
of the dynamic mesh and are modeled as rigid objects although they are deformable.
On the left-hand side and in the middle of Figure 38 we see one clip of dataset 3 in its
relaxed and stressed position. The goal of the labeling is to provide the motion planner
with the information that this part of the geometry, the clip, is more deformable than
the remaining parts of the mesh. On the right-hand side of Figure 38 we see the guide
rail of dataset 3. It is almost rigid due to the cross braces that attach the guide rail
to the base plate. The labeling must be able to distinguish between the clips and
the guide rails. For the comparison with a state-of-the-art FEM approach, we used a

reference model. This reference model is described in the following section.

Reference Model

> L 4

Fig. 39: Labeling of dataset 3 with a corotational linear elasticity model, using the finite element
method.
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Dataset 3 is used as a reference model. For dataset 3 we computed the labeling with
a finite element method. The result is shown in Figure 39. It was computed using the
algorithms from the Vega library (Barbi¢ et al., 2012) on a tetrahedral representation
of the object with 4531 tetrahedra computed by TetGen (Si, 2015). As deformation
model, we used the corotational linear elasticity model. For the material properties,
specified by the mass density, Young’s modulus and Poisson’s ratio, we assumed the
values of polypropylene (900 kg/m3, 1300 MPa, 0.45). For all vertices we applied
a force of 500 N in the opposite direction of the vertex normal and measured the
displacement. We simulated 10 timesteps with 33ms each. Note that computing the
tetrahedral mesh as well as applying the forces includes a lot of manual work due to
degenerated tetrahedra, as well as instability in the linear solver (caused by the input
data). Moreover, TetGen (Si, 2015) was not able to compute a tetrahedral mesh for
all datasets. Therefore we use dataset 3 as reference model.

In Figure 39, a high displacement is colored in green and a low displacement is colored
in red. We see that the FEM deformation model can distinguish the flexible clips
from the rigid base plate and the rigid guide rails. In the following, we will show that
our new method based on the PBD framework and working solely with the surface

representation can compute a similar result.

Phase |

Fig. 40: The computation of the approximate medial axis spheres. Top: Small spheres of the clip.
Bottom: Larger spheres of the base plate.
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First, we present the results of the first phase. As previously described, we compute
the approximated medial axis spheres for each vertex. For dataset 3 the spheres are
shown in Figure 40. We can observe that the spheres are located approximately on
the medial axis and provide a measure of the thickness of the object in each vertex.
The spheres at the clips are smaller than the spheres at the base plate. In Figure 41
one can see the results of the first phase as a color coding for all four datasets. Marked
in blue are vertices with large associated spheres and in yellow the vertices with small
spheres. We observe that the presented method can capture the diameter and the
local volume of the datasets. For dataset 4 the diameter is almost the same for every
vertex. The computation time for the first phase is less than a second and therefore

negligible.

Phase |l

Next, we take a closer look at the results for the second phase, the labeling with
the PBD approach. In Figure 42, we present three different outcomes for dataset 1.
With this experiment, we want to analyze the type and number of constraints that are
needed to obtain a similar result as with the FEM approach shown in Figure 39. The
color code red describes a low deformation value, which means a small displacement d;
in the PBD simulation. The color code green describes a high deformation value which
means large displacements d;. The three results in Figure 42 differ in the realization
of the PBD constraints.

The first labeling is computed by using the PDB framework only with a single position
constraint for the two vertices of each edge in the mesh. We can see that the colors of
the vertices are not distinct. Solely using the positions constraints of the surface is not
sufficient and does not lead to plausible deformation values for our application. Next,
we see the results when we add the bending constraints to the position constraints
to get a certain amount of surface tension. We see that the labeling is now able to
detect the clips as deformable. Nevertheless, the method cannot detect the base plate
as rigid as the algorithm has no information about the thickness of the base plate.
With the same reason, the rigid guide rails are labeled as deformable. The model can
detect that the guide rails themselves are rigid, caused by the cross braces. But the
method fails to classify the base plate as rigid and so the guide rails are labeled as
completely deformable as they are attached to a deformable part. The last picture
shows the actual result of the coloring by additionally using the thickness information

from the first phase. Note that this does not add any additional constraints. We
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see that the algorithm is now able to detect the base plate as rigid and therefore
the guide rails are less deformable than the clips. This result is similar to the FEM
result from Figure 39 with two small differences. First, the guide rails in Figure 42
are more deformable than in the FEM model from Figure 39. According to the FEM
model, only the tip of the guide rail is deformable. Second, on the backside of the
mesh, we see a light greenish coloring. These differences are caused by the fact that
we use a model that approximates the deformations by geometric constraints and the
reduction from three to two dimensions. In our benchmarks, having the application
of motion planning in mind, these small artifacts did not turn out to be critical. We
successfully tested the labeling with the motion planning algorithm. At last, we want
to take a look at the results of the labeling for the remaining benchmarks. They are
shown in Figure 43. We can see that the algorithm can detect the deformable clips
for the first three benchmarks. Dataset 5 in Figure 43 shows the limitation of our
approach. For this dataset, we are not able to detect the clips. This is reasoned by
the fact that the clips in this example are rather thick and nearly rigid. Therefore
the resulting displacements of all vertices are very similar. This is not a problem for
the application as the intersection volume in the disassembly, caused by such a nearly
rigid clips, is very small and our motion planner even without the labeling can handle

such scenarios.
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Fig. 41: Results of phase I. Vertices with a large medial axis sphere are marked in blue, vertices
with a small sphere in yellow.

92



5.5 EVALUATION AND EXPERIMENTS
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Fig. 42: Labeling with 1. position constraints, 2. positions + bending constraints and 3. positions
+ bending constraints + phase I.

93



5.5 EVALUATION AND EXPERIMENTS
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Fig. 43: The results of phase II. Vertices with a large displacement are marked in green and vertices
with a small displacement in red.
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Performance

The focus of the labeling is not on performance but on simplicity and small require-
ments of the approach. Nevertheless, we will shortly present the runtimes. For our
reference model, our approach takes around 69 ms per loadcase. Computing one load-
case with the straightforward FEM approach on the tetrahedral mesh of the same
reference model takes about 0.7s in average. With the 3119 loadcases of the reference
model, this results in an overall computation time of over half an hour. But note that
we have not optimized the FEM approach.

We want to have an approach that can compute the results so fast that it is reason-

Table 15: Performance for the benchmark datasets.

Data | Loadcases Time Time Time Speedup
per loadcase Overall Overall
(Singlecore) (Singlecore) | (Multicore)
Set 1 | 3970 69ms 274.9s 71.5s 3.84
Set 2 | 3262 62ms 202.2s 38.0s 5.32
Set 3 | 3119 67ms 208.9s 42.8s 4.88
Set 4 | 1233 22ms 27.7s 5.4s 5.13
Set 5 | 2254 49ms 111.3s 20.9s 5.33

able to wait for it on a daily basis. Therefore we also parallelized our approach. In
the fourth column of Table 15 we see the overall performance on a single core. The
overall performance ranges from 1 to 5 minutes. In comparison, the reported single
core performance for the volumetric representation in our previously published results
(Schneider et al., 2015a) ranges from 20 to 34 minutes. In the fifth column of Table 15
we see the overall performance if we enable CPU parallelization. Then the runtime
ranges from 5 seconds to 1.5 minutes. We parallelized the computation of the labels
such that each thread computes the label for one vertex. With this workload, we can
achieve a speedup of 3.8 to 5.3 in our implementation which is a solid scaling for the

used hyper-threaded quad-core CPU.

5.5.2 InIState Motion Planner

This section presents the results of our InIState motion planner on all five benchmarks

of Figure 33. In Table 16 we present the results of different approaches on all datasets.
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Table 16: Results for the benchmark datasets.

Data || Shrink | IV | MLIV | Labeled-MLIV
Set 1 - - + +
Set 2 - + + +
Set 3 - - - +
Set 4 - - - +
Set 5 - + + +

A negative result means that the algorithm was not able to compute a path or com-
puted an incorrect path. We applied state-of-the-art approaches as we described in
Section 5.3. First, we applied a motion planner that shrinks the dynamic object for
planning and executes a state-of-the-art motion planner with a collision detection as
validity function. This simple approach is not able to compute paths in any of our
benchmarks as shrinking the object is only useful for invalid initial states reasoned
by data inaccuracy. But in our benchmarks, the invalid states are caused by flexible
fastening elements. Second, we evaluated a planner that uses the intersection volume
for the validity function in a motion planning algorithm. This planner can compute
paths for dataset 2 and 5 but fails in the remaining benchmarks. Third, we present a
planner that uses the maximum local intersection volume (MLIV) for the motion plan-
ner solely. In addition to the intersection volume approach, this planner can compute
a path for dataset 1 because the different connected components of the intersection
volume are considered independently with the MLIV. But this algorithm still fails in
dataset 3 and 4 as one single clip and the guide rail have the same volume, and the
planner cannot distinguish between a guide rail and a fastening element. At last, we
present the results of our algorithm that uses the MLIV approach combined with the
labeling. This approach can compute paths for all five datasets.

In Table 17, we now see the performance of our InIState planner. In the second

Table 17: Performance for the computation of the solution path.

Data || Misc | Labeling | Estimate 7 | Value for 7 | Planning Sum
Set 1 || 20.0s 71.5s 2.4s 5 2.1s 96.0s
Set 2 || 16.6s 38.0s 6.5s 20 19.3s 80.4s
Set 3 || 34.7s 42.8s 25.6s 646 66.8s 169.9s
Set 4 || 12.7s 5.4s 56.8s 2884 30.0s 104.9s
Set 5 || 19.8s 20.9s (24.6s) (632) (120.0s) 248.1s

+38.9s 1005 +23.9s

= 63.5s = 143.9s
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column, we see the time that is needed to build up all the different data structures
that are necessary for the motion planner. These data structures are, for example, the
voxel fields for the static and dynamic object, the computation of the bounding volume
hierarchies and other minor data structures. This task takes about 30 seconds and is
executed on a single core of the CPU. In the second column, we see the runtime for
the computation of the labeling. The performance is achieved by using the multicore
version of our labeling approach and is the same as in Table 15. It ranges from 5
seconds to 1.5 minutes. In the third column, we see the runtime for the estimation of
7. For the parameter 7 we presented a heuristic for the computation of this parameter.
After applying the heuristic which is based on the expansion speed s of the tree, the
planner tries to plan a path in a given planning time. If this planning fails, the process
is looped until the planner finds a path. In the first four datasets the initial speed s;,t

Fig. 44: The calculated path for dataset 2.

was enough to compute 7 for the motion planning in the latter stage of the algorithm.
For the fifth benchmark, one needs a second iteration to compute 7. The runtime of
the first iteration is shown in brackets in Table 17. The runtime for the estimation of
7 ranges from a few seconds up to a minute. This part of the algorithm is also paral-
lelized. The actual values for 7 are presented in the fourth column. In the fifth column
we see the runtime of the actual planning with the estimated parameter 7. To get this
planning time, we applied our InIState motion planner to an approach that is tuned
for motion planning with narrow passages (Erbes, 2013). This algorithm is based
on the Expansive Space Tree approach (Hsu et al., 1997) and computes edges of the
tree in parallel on the CPU. (see Section 2.2.3) So the planning time for our InIState
motion planner ranges from a few seconds up to 3 minutes. In the last column we

summed up the runtimes of all tasks and see that the overall runtime of our InlState
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Fig. 45: The calculated path for dataset 1.

Fig. 46: The calculated path for dataset 3.

Fig. 47: The calculated path for dataset 4.
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Fig. 48: The calculated path for dataset 5.

motion planner is about 1.5 to 4 minutes. At last in Figure 44 we see an example of
a path that is calculated with our algorithm. It weaves out the dynamic object in a
highly complex motion. The planner disassembles the dynamic object by lifting up
the deformable clips one by one from right to left and by finally detaching the rigid
rail on the left by a rotating downward motion. This is the correct motion path that
disassembles the two objects. The paths for the remaining datasets are shown in Fig-
ure 45 to Figure 48. In those figures we see the disassembly paths that we wanted to
compute for our benchmarks. For dataset 1 to 4 we see the complex motions that are
needed to disassemble the dynamic objects from their environments. The disassembly
path of dataset 1 is very similar to the one of dataset 2. For dataset 3 and 4 (Figure
46 and Figure 47) we see that our planner takes the rigid guide rails as well as the
flexible clips into account and therefore computes the disassembly path correctly. In
Figure 48 we see the linear disassembly motion (a movement along a straight line) of
dataset 5. The motion path is less complex than the paths from dataset 1 to 4 but
is still difficult to compute. The dynamic object in this benchmarks fits tightly into
its environment which causes a narrow passage for the motion planner. This is also

shown by the planning runtime for this dataset in Table 17.

5.5.3 Limitations

In the process of our work, we tested the InlState motion planner on the previously
presented benchmark datasets but also on different other datasets, including original
data from the automobile industry. Based on these experiments we will describe

the limitations of our approach in the following. First, our approach is limited to
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volumetric representations of the objects. We encountered datasets, especially very
thin ones, that contain parts which are not extruded to a volumetric body in the CAD
software. This means that only a surface represents this parts of the object instead
of an actual volume. Therefore, one cannot compute an intersection volume and our
approach ignores these parts. Such non-volumetric representations are common for
older CAD software and are not permitted in modern CAD software. Second, our
approach assumes that the environment has a reasonable size in comparison to the
dynamic object as well as its deformable parts. Our approach computes a voxelization
of the dynamic objects and its static environment. If the environment is unnecessarily
large, the size of the needed RAM for the voxelization is bigger than the 8 GB of
our test system. This problem can be solved by a heuristic that removes parts of the
environment or by only exporting the relevant data from the CAD software. Third, for
the computation of the labeling, we applied a certain amount of force to each vertex.
We automatically determined the amount of force by a heuristic that is based on the
thickness of the object. In some datasets, this heuristic fails. If the force is too large,
the result can be that parts of the geometry are labeled as deformable, although they
are rigid. And wice versa for the situations when the force is too small. But in our
tests, the heuristic succeeded in many datasets. For the computation of the labeling,
we also have to take into account, that we apply a geometric deformation model on
the surface of the objects. Although we take into account the thickness, as well as
the tessellation, of the mesh, it is an approximation. At last, our approach is limited
to the computation of a reasonable path for the InlState motion planning problem.
The evaluation of the path is left to the engineer. Approaches to evaluate the paths
automatically by an algorithm have to be addressed in the future work of the InlState

motion planner.

5.5.4 User Interface

At last, we want to present the user interface that was programmed, from ground up,
for this work. The user interface is shown in Figure 49 and is called RasandViewer. The
software is programmed in C++ using Qt 5 (Qt, 1995-2017) as the cross-platform appli-
cation framework and OpenGL (OpenGL, 1997-2017) as the graphics API. The library
that is used as basis and extended in this work is the RASAND library (RASAND,
2010-2017). The RasandViewer is programmed using the model-view-controller pat-

tern to enable an easy addition to various other applications. Due to this flexibility
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Fig. 49: RasandViewer

other applications of the RASAND library were added to the user interface. On the
top of Figure 49, we see the tabs for each application like the distance validations of
components, registration and much more. The forth tab contains the motion planning
algorithms from Chapter 3 as well as the collision detection algorithms from Chapter
4. The fifth tab, that is visible in Figure 49, contains the user interface for our InIState
motion planner that we presented in the current chapter. On the left of Figure 49, we
see the loaded objects of the scene, some basic properties of the input data and at the
bottom, we see a toolbox for the motion paths of the dynamic objects. In the center
of Figure 49, we see the OpenGL window that visualizes the data.

In the following, we will describe the interaction with the software for the InIState
motion planner. First, the user loads the geometric objects and initializes the data
structures by pressing the ”Init Data Structure” button. The subsequent processing
time is the sum of the second and third column of Table 17. Next, the user can visu-
alize the result of the pre-processing, the thickness and deformation labeling, by using
the drop-down box. In the next step, the user can decide whether he wants to set the
parameter for the planning manually or if he intends to use the presented heuristic.
In case the user sets the parameter manually, the software visualizes the parameter
T by a light-blue cube. This light-blue cube is shown in the center of Figure 49. It
visualizes the intersection volume 7 that is considered as valid by our InIState mo-
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tion planner. After the parameter is determined, one can start the planning with the
right-hand button. In the end, the computed solution path is loaded and the user can
apply the path to the dynamic object and even manipulate it on the lower left-hand
side. The user can manipulate the path by recording manual paths and adding them
to the computed path. At last, the user can export and save the path a proprietary
path file.

102



OUTLINE

6.1 Overall Conclusion

In the previous chapters, we addressed three problems in the field of motion planning
in the DMU process. In the following, we want to quantify the contributions of all

three approaches.

Our first approach, the Completely Randomized RRT-Connect (CR-RRTC), is an ap-
proach to three-dimensional rigid body motion planning. With a study of the main
parameters of a state-of-the-art motion planning algorithm, we showed that the param-
eter selection is different for each benchmark dataset and that the parameters cannot
be derived by geometric features of the datasets. These parameters are determined by
the motion path which is unknown a priori. We presented an algorithm that samples
the parameters rangemq; and u in the motion planning algorithm uniformly during
runtime. The CR-RRTC is the first motion planning algorithm that applies variable
values to the parameters rangemq, and v during runtime. Our approach contributes to
the performance of motion planning in the majority of the presented benchmarks with
a speedup up to 3.10 in comparison to the constant default values of state-of-the-art
motion planning algorithms. Another important result of our approach is the findings
that our new variable parameter selection, in some benchmarks, can even outperform
the performance of the optimal constant parameters which can only be determined by
a time-expensive study like the one that we initiated in our work. This shows us that
the parameters should not be constant values over the whole planning phase of the
algorithm but should be computed during the planning. Another contribution of the
CR-RRTC is that the algorithm simplifies the motion planning in the DMU process.

In our approach, there is no need for the engineer to define the parameters beforehand.
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And at last, the CR-RRTC is easy to implement and can easily be added to existing

motion planners.

In our second approach, we addressed collision detection. We presented an approach
to collision detection for disassembly motion planning with narrow passages. The
finding of our approach is that a huge portion of the samples in these applications
are in collision with small penetration volumes. State-of-the-art collision detection
algorithms which are used in common motion planners are not using this information.
We presented an approach that makes use of this characteristic. For the application
of three-dimensional rigid body motion planning with narrow passages, our approach
achieves a speedup of 2.0 to 9.5 for the collision detection and a speedup of up to
5.0 for the overall motion planning performance in comparison to well-established
collision detection libraries like the Proximity Query Package (Larsen et al., 1999)
and the Flexible Collision Library (Pan et al., 2012). This is a substantial speedup
for the motion planning in the DMU process. We evaluated our approach on a tree-
based planner as well as on a state-of-the-art roadmap-based planner. For the data
structures of our approach, we used well-known data structures like a distance field

and a bounding volume hierarchy.

At last, we presented the Invalid Initial State Disassembly Motion Planning Problem in
the context of the DMU process. We described this problem in the context of the DMU
process and how it is addressed by state-of-the-art methods. We initiated a study and
analyzed the main reason for this problem (Schneider et al., 2013). The reason is that
each and every part of the vehicle is fastened to its environment. This, in conjunction
with the rigid modeling of the vehicle, causes the InIState problem. Besides the reasons
and the amount of invalid initial states we also analyzed the characteristics of the
invalid initial states and derived a formal definition of the problem. Based on the
findings of this study a set of five datasets was presented (Hofmann, 2015) that we
use in our work as benchmarks. Besides, studying the problem, we also presented a
solution to the problem. We presented an algorithm that is able to compute paths for
the InlState problem. These paths can be used to support the engineer in the DMU
process in two major aspects. First, with our method, the engineer can judge whether
the component can be disassembled or not. Second, the engineer does not have to
define the disassembly path manually with sequential translations and rotations.

The key ingredients of the algorithm are a special intersection volume and a labeling
of the dynamic object that is based on a deformation model. The two ingredients are

included to a motion planner. Using a deformation model in the DMU process is quite
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challenging due to the input datasets which only consist of triangle meshes. As we
wanted to keep the requirements on the mesh low, we decided to add a deformation
model from computer graphics and animation to our motion planner. This model
trades physical correctness for simplicity, performance, and stability. We tested the
labeling as well as the overall algorithm on the benchmarks that we presented. We
showed that our InIState motion planning algorithm can compute complex non-linear
disassembly paths for two objects although they collide in their initial state and along
the disassembly path. The algorithm can automatically distinguish between flexible
and rigid parts and can successfully incorporate this information together with the

connected components of intersection volumes to a motion planner.

6.2 Future Work

In this chapter, we want to discuss the future work of our approaches. We also want
to analyze which of the addressed problems we see as the most promising topic for
the development of future methods in the DMU process. Therefore, we evaluate the

future work of our three approaches individually in the following.

6.2.1 The Completely Randomized RRT-Connect

In the Completely Randomized RRT-Connect approach we showed that a variable
selection of the parameters during runtime is advantageous. We chose to select the
parameters randomly with a uniform distribution and by that we removed the need
for user adjusted parameters. Also, we also improved the performance of the motion
planning. The only topic for future work that is left is to investigate other variable pa-
rameter selections and improve the performance even further. Two topics could be the
usage of a different distribution or a definition of the parameters based on the problem
data. Regarding the first topic, we already tested different distributions during the
process of our work. But these methods did not result in a consistent performance in-
crease in comparison to the uniform selection. Regarding the second topic, we showed
that the parameters are not depending on the geometry of the dynamic and static

object but on the solution path. As the solution path is unknown beforehand, one
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cannot use it for determining the parameters. At most, one could change the parame-
ters during runtime based on the already computed data structure. In conclusion, we
think that the benefits of the future work for the CR-RRTC approach are limited.

6.2.2 The Fast Alternating Random Ray Approach

In our FARR approach, we introduced a new data structure and algorithm to speed up
collision detection in disassembly motion planning. We see the three following topics
for future work. First, in our FARR approach, we use random starting points on
the surface to achieve a substantial speedup in collision detection. A straightforward
approach for future work is to investigate whether a different strategy for the selection
of the starting points would result in an even more improved performance. In the
process of our work, we already tested other strategies. For example the strategy of
choosing points with a high curvature as starting points. The performance of this
strategy varied in comparison to the random starting points. In some benchmarks, we
obtained a higher performance than with random points but in some scenarios, the
performance decreased. Therefore we stuck with random points because of simplicity
of randomly selected points.

Second, in our approach, the result of one starting point is independent of the results of
the other starting points. Moreover, the data structure that is used in the algorithm
does not need to be altered during the motion planning. At first sight, this makes
our approach a candidate for a GPU implementation. Nevertheless, the amount of
starting points with round about 12 is very low. Moreover, in a tree-based motion
planner, collision detection calls are sequential. This means that the collision query in
the current iteration is dependent on the collision query of the previous iteration. To
achieve a benefit from a GPU-based collision detection, one would need a roadmap-
based planner instead of a tree-based planner. An example for such a roadmap-based
planner, implemented on the GPU, is the one of Manocha et al. (2010). In this motion
planner, a GPU version of our approach seems very promising. But roadmap-based
planners are not suitable for disassembly motion planning which is the main focus of
this work.

At last, our approach is focused on collision detection for rigid bodies. For future
work, one can investigate whether it is possible to extend our approach to the collision
detection of deformable shapes. The primary challenge in such an approach would be

the update of the distance field data structure. One would need a method to update
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the data structure in case the shape deforms. This update method needs to have
such a high performance that it does not negate the performance benefit of the overall

approach.

6.2.3 Invalid Initial State Disassembly Motion Planner

At last, we address the future work of the InIState problem. With the introduction
of the Invalid Initial State Disassembly Motion Planner, we solved the problem of
planning disassembly paths for objects that are not free of collision due to the various
reason we presented. For future work, we want to address two topics that we will

discuss in the following.

Online Approach

Classical motion planners, as well as our InIState motion planner, are offline algo-
rithms. This means that the engineer starts the algorithm with the input data and
waits till the computation is finished. A topic for future work could be the realization
of an online approach. In an online approach, the engineer can follow the motion plan-
ning in realtime and even more, can interact with the motion planning algorithm. An
online algorithm has benefits. Not only that the online methods are easier to integrate
into the workflow of the engineer but also, the algorithm is no longer a black box for
the engineer like state-of-the-art motion planners. This results in higher trust into the
algorithm, helps the engineer to understand the computation of the disassembly path,
and in the end, helps him to evaluate the disassembly.

Classical motion planning algorithms that can compute results in real-time are highly
challenging even for low-dimensional configuration spaces. For example, Katrakazas
et al. (2015) recently presented a survey on real-time motion planning for vehicles.
This is a motion planning problem that has a three-dimensional configuration space
whereas the motion planning of three-dimensional rigid bodies has a six-dimensional
configuration space. Moreover, the configuration space for the motion planning of
deformable objects has the same degrees of freedom as the deformation model. Never-
theless, we see a future work for real-time motion planning for the InIState problem.
In the following, we will describe a method that could be used for the future develop-

ment of real-time methods that address the InIState problem. We do not only describe
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Fig. 50: Top left: Clip; Top right: Base plate; Bottom left: Initial Configuration; Bottom right:
Intersection of the clip.

the method, but we also initiated a proof of concept. For the proof of concept, we
use a simple dataset that is shown in Figure 50. The static object is a base plate
with a hole in the center. The dynamic object is a clip that is deformable and fits the
hole of the base plate. The goal of the motion planner is to compute a path for this
InIState problem. We use this dataset for the following reasons. First, this dataset
has a very small amount of only 2000 triangles which makes real-time deformation
possible. Second, the disassembly path is approximately a motion along a straight
line, which is a motion that is not as complex as the scenarios of the DMU process
that we investigated in our work. The method we will present in the following has a
major difference to a classical motion planner. The method works in the workspace
of the problem and not on the configuration space. The basic idea is that the motion
is computed by a deformation model and collision responses from the environment
rather than by a data structure in the configuration space. Therefore, we start the
computation from a disassembled state near the initial state. The path is computed by
the interaction of the dynamic object and its environment. With the use of collision
responses and the resulting forces, the dynamic object is guided from its disassembled
state to its initial state. The structure of our method is shown in Figure 51. The
first task is to sample a configuration cpeqr of the dynamic objects that represents a
disassembled state. This means we look for a configuration that is free of collision and
is close to the initial configuration.

A simple algorithm for the sampling is shown in Algorithm 13. Repeatedly the al-
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Fig. 51: The structure of the presented method.

gorithm samples a configuration, evaluates the distance to the initial configuration,
and applies a collision detection until a certain time elapsed. For the measuring of
the distance of two configurations in this algorithm, we measure the displacements of
the vertices of the oriented bounding box of the object from the first configuration to
the second configuration. After sampling cpeqr We apply forces to each vertex of the
dynamic object. The forces are defined by the center of the object. We apply forces in
the direction, pointing from the center of the object in the current state to the center
of the object in the initial configuration. While these forces are applied to the object,
the algorithm evaluates whether the dynamic object has reached its initial configura-
tion. This evaluation is realized by measuring the distance difference of all vertices in
the current and the initial configuration. If this difference reaches a local minimum,
we assume that we reached the initial configuration. We detect this local minimum
by interpolation over multiple timestep iterations. During the whole computation, we
store the vertex displacements. These particle displacements define our path. As this
algorithm is an online algorithm, the engineer could interact with the algorithm. But
note, he does not necessarily need to. First, during the sampling of the disassembled
configuration, the engineer could accept, reject or even guide the sampling in order
to find a good starting point for the algorithm. Second, the engineer can apply cus-

tom forces to the object to guide the dynamic object to its initial configuration. We
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Algorithm 13: Sampling(D, 5)

d < o0 1
%
Csample < 0 2
while TimeFElapsed do 3
Crand < RandomState() 4
if (distance(ﬁ), Crand) < d) then 5
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return Cygmple 9
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Fig. 52: Top Left: Sampled configuration; Bottom Right: Result configuration.

tested this method with our above-mentioned benchmark and obtained the results
that are shown in Figure 52. The results are computed without user interaction. In
the first image, we see the sampled configuration using Algorithm 13. The algorithm
sampled a configuration that is free of collision and has a small distance to the initial
configuration. In the following images, we see the movement of the dynamic object.
This movement results from the contact forces and the directional forces to the initial

configuration that we apply to the deformation model. In the last image, we see the
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result configuration. This is the configuration when the algorithm decided to stop the
computation of the path as the sum of all vertex distances is minimal. We see that
the deformation model has deformed the outer parts of the clips as expected. Using
this approach on datasets of the DMU process reveals the following two challenges for
future work.

First, there is the challenge for the deformation model. In our proof of concept, we
used a benchmark set with less than 500 triangles. Triangle datasets in the DMU
process, like the one that we used in this work, have >>2.500 triangles. Even with
modern hardware, our deformation model is not able to compute the deformations in
realtime for these benchmarks. Moreover, the deformation model that we used is not
tuned for the objects in the DMU process. So for future work, one could focus on
different geometric-based deformation models that suit this approach.

The second challenge of the approach is the sampling of the configuration that repre-
sents the disassembled state. In our approach, we sampled a configuration that is free
of collision and is near the initial configuration. This fails in more complex datasets.

We explain this by the example that we see in Figure 53. In Figure 53, we see four

Fig. 53: The sampled configurations of dataset 2.

configurations of dataset 2. In the first image, we see the initial configuration. In the
second and third image, we see two examples of configurations that are sampled by
our approach. In the last image, we see the configuration that we actually need for

motion planning. The problem is that the distance to the initial configuration in the
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second and third image is smaller than in the fourth image. Even with a different dis-
tance measure, we obtain similar results. The statement runs as follows: For complex
datasets like dataset 2 we do not only want a configuration that is free of collision
and near the initial state but we want a configuration that is free of collision, near the
initial state, and located on the disassembly path. In the fourth image of Figure 53
the configuration is the one that we are looking for as we know that this configuration
is on the disassembly path. But as the disassembly path is the result that we want
to compute, the sampling algorithm cannot distinguish between a correct and false
configuration. So the future work of this method we need to take a closer look at the

sampling approach.

Path Evaluation

The second topic for the future work of our InIState motion planner comes from the
DMU process that we described in Figure 28. The topic that we addressed in our
work is the automatic computation of the disassembly path. The remaining manual
task in Figure 28 is the evaluation of the disassembly path. In this task, the engineer
evaluates whether the objects can be disassembled or not. It would be beneficial to
automate the path evaluation as well.

A method one could use is to use an upper threshold 7,4, for the value 7. This thresh-
old 7Ty would be defined before the path computation and describes the maximal
labeled intersection volume that is allowed for the path computation. If our approach
can compute a path with a 7 lower than 7,,4,, we consider the path as correct. But,
we would need a proper heuristic for 7,,4,. As the evaluation of paths is crucial for the
DMU process, one would need to evaluate the heuristic on a large number of datasets.
Additionally, an approach to this problem could be to use a deformation model on
the calculated disassembly path to automatically evaluate the stresses of the object.
In this process, one could define certain thresholds for the stresses. Exceeding those
thresholds would mean that the object breaks during the disassembly. As in our DMU
process, the material properties of the objects are unknown one would need a geomet-
ric approach to this problem again.

In conclusion, we see that there are a few promising ways for future work of our In-
[State approach. With our InIState motion planner, we enabled the computation of
the disassembly paths which creates the base for further development in the DMU

process of automated disassembly planning.
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