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Abstract

Casting is a manufacturing process by which melt is poured into a mould with a cavity of the
desired object form and then allowed to solidify. Due to the pouring process as well as dur-
ing solidification casting defects like shrinkage, pores or cracks may appear that can influence
the cast objects’ mechanical properties and usability. Designing a new type of casting always
requires the production of a new pattern first. Before release of serial production a series of
initial samples is created. During this evaluation step possible problems are identified, that may
occur for example due to the mould layout. Often non-destructive testing techniques are used
to inspect single samples. Non-destructive testing (NDT) defines a group of analysis techniques
used to evaluate the properties of materials or components without causing damage. A common
NDT technique is industrial Computed Tomography (CT), which produces 3D cross-sectional
images of an object from flat X-ray images.

In the course of this master’s thesis effort, a new approach for first article inspection is
introduced. The goal of this approach is to explore a series of industrial CT volumes, with the
objective to evaluate the casting design. Using the pipeline investigations of the reliability of the
production can be performed. The variability analysis is based on a segmentation approach for
defect detection which enables to differentiate discontinuities from the rest of the volume.

In case regions of high defect concentration should be identified, a clustering approach is
applied to all samples within the series. The input data set used for clustering consists of the
defects’ centres of gravity. This way the clustering algorithm can be applied to a set of data
points in 3D space. Two different clustering approaches have been implemented (mean-shift
and k-means++ clustering). In the further course the cluster information is used to analyse the
variability of the sample series, since they represent regions of high defect concentration. The
analysis of large defects, in contrast, directly operates on the data produced by the defect de-
tection stage. The data of all samples is compared to find possible overlaps. For the variability
analysis it is important to know whether regions can be found that contain defects in more than
one trial sample. The identification of such regions shows that the casting process tends to pro-
duce errors in certain parts of the object, which may necessitate a change in the manufacturing
process parameters. The visualisation of the pipeline is done by using a 2D transfer function
approach in a 3D rendering environment, where the results can be explored individually by the
user.






Kurzfassung

Beim Fertigungsverfahren des Giellens entsteht aus Schmelze, die in einen Formhohlraum ge-
gossen wird und dann erstarrt, ein neuer fester Korper einer bestimmten Form. Durch den Vor-
gang des EingieBens bzw. durch das Erstarren konnen sich im neuen Werkstiick Defekte wie
Lunker, Poren oder Risse bilden, welche die mechanischen Eigenschaften und die Verwend-
barkeit des Werkstiickes beeinflussen konnen. Da der Hohlraum einer Gussform die Form des
fertigen Werkstiickes bestimmt, ist es notwendig, beim Entwurf einer neuen Art von Gusskor-
per zuerst einen Prototyp der neuen Gu3form zu produzieren. Bevor diese die Serienreife erhalt
miissen Testserien angefertigt werden. Diese werden bendtigt, um mogliche Produktionsproble-
me erkennen zu konnen, welche sich zum Beispiel durch die Auslegung der Gussform ergeben
konnen. Oft werden Methoden der zerstdrungsfreien Werkstoffpriifung (engl. non-destructive
testing, kurz NDT) eingesetzt, welche es erlauben, die Qualitit eines Werkstiickes zu untersu-
chen ohne es zu beschédigen. Eine beliebte Technik ist hier die industrielle Computertomogra-
phie (CT), welche aus Rontgenbildern eines Objektes Schnittbilder in 3D erzeugen kann.

Im Rahmen dieser Diplomarbeit wird eine neue Methode zur Evaluierung von Testserien
vorgestellt, welche zur Uberpriifung der Serienreife einer neuen Modelleinrichtung erstellt wur-
den. Ziel ist es, innerhalb von industriellen CT Volumsdatensitzen Regionen mit einer hohen
Konzentration an Defekten bzw. besonders grofle Defekte zu erkennen und iiber eine Serie von
Objekten zu verfolgen. Die Analyse basiert auf einem Segmentierungsalgorithmus welcher es
erlaubt, Defektregionen vom Rest des Volumendatensatzes zu unterscheiden.

Soll die Analyse Regionen mit einer hohen Konzentration an Defekten erkennen, so wird
zuerst eine Clusteranalyse durchgefiihrt. Zum Vergleich wurden zwei verschiedene Clusteral-
gorithmen (mean-shift und k-means++) implementiert. Dabei dienen die Schwerpunkte der be-
rechneten Defekte als Eingabedatenmenge. Im weiteren Verlauf konzentriert sich die Variabi-
litdtsanalyse auf die berechneten Cluster, da diese Regionen mit einer hohen Konzentration an
Defekten repriasentieren. Im Gegensatz dazu arbeitet die Analyse von besonders grolen Defek-
ten direkt mit den durch die Defektanalyse gewonnenen Daten. Ziel ist es, die Daten aller Test-
objekte zu vergleichen, um Uberlappungen feststellen zu konnen. Cluster bzw. groBe Defekte,
die in einem Grofteil der Testobjekte vorkommen, sind fiir die Analyse von grofer Bedeutung.
Sie reprasentieren Regionen, die gefihrdet sind, wihrend des Herstellungsvorgangs Defekte zu
entwickeln, was eine Anderung der Produktionsparameter notwendig machen kann. Die Visuali-
sierung der Pipeline wurde mittels 2D Transferfunktion in einem 3D Volumenrenderer realisiert,
um eine individuelle Bearbeitung der Ergebnisse durch den Benutzer zu ermdglichen.
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CHAPTER

Introduction

Casting is a versatile process for producing engineered work pieces by pouring melt under high
pressure into moulds, then letting to solidify and breaking out of the mould subsequently [93]].
A mould is a hollow object of a certain material (e.g. fireclay, ceramic, limestone, plumb or
steel) whose cavity defines the geometry and shape of the component to be produced. Moulds
can be designed to produce complex shapes with a high degree of accuracy and repeatability.
Therefore, casting is suitable for a wide variety of complex shapes that would be difficult or
uneconomical to be constructed by other manufacturing processes. Castings can be found in
thousands of consumer, commercial and industrial products - ranging from automobiles to toys.

The most common casting process is metal casting [4], which is also one of the oldest
metal working techniques in the world. Liquid metal or metal compositions are used as casting
materials to be poured into a mould and then allowed to solidify (Figure [I.I). After being
broken out of the mould, the work piece usually is finished with grinding, sanding, and polishing
before being sold. A wide variety of materials can be used to make moulds for metal casting,
whereas the material needs to be strong and durable enough to withstand the temperatures of hot
metal (e.g. wood, limestone or ceramic). To do metal casting, people usually need access to a
foundry, a facility which has been specially outfitted for work with hot metals. Some foundries
are equipped to handle a range of metals, including metals which need a very high temperature
for working.

By their nature, all cast bodies will exhibit to some degree casting defects [[79)]. Casting
defects are defined as irregularities in the casting that are undesired. Defects that have an ad-
verse effect on the casting’s mechanical properties and usability have to be removed or corrected.
Other defects that to not have this effect are also called discontinuities or imperfections. They
can be tolerated since the casting still remains useful and in tolerance. Shrinkage defects oc-
cur during solidifaction when feed metal is not available to compensate for shrinkage. Open
shrinkage defects are open to the atmosphere whereas closed shrinkage defects are irregularities
that form within the casting. The formation of bubbles within the casting is called gas porosity.
Melt can hold a large amount of dissolved gas which bubbles within the material as it cools
down. Gas porosity may present itself on the surface of the casting or the pores may be trapped
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Figure 1.1: Metal casting process. Liquid metal is poured into a mould where it is then let to
solidify. Image property of the Austrian Foundry Research Institute.

inside the metal. Nitrogen, oxygen and hydrogen are the most encountered gases in cases of
gas porosity. To prevent this kind of defect, the casting material may be melted in a vacuum, in
an environment of low-solubility gases or under a flux that prevents contact with the air. An-
other possibility is to add materials to the melt that remove gases (e.g. oxygen can be removed
from copper by adding phosphorus). Hydrogen formations can be avoided by first drying the
mould before puring the melt. Metal casting defects especially include misruns, cold shuts, and
metallurgical defects [38]]. Misruns occur because the liquid metal does not completely fill the
mould’s cavity, leaving unfilled parts. Cold shuts emerge from the fact that two fronts of liquid
metal do not fuse properly during solidification. Both types of defects can be caused by certain
characteristics of the casting material (chemical composition, low temperature) or by the form
of the mould’s cavity (too narrow cross-sections, sharp edges, insufficient ventilation). Two
types of metallurgical defects exist: hot tears and hot spots. Hot tears are failures in the casting
that occur as the casting cools and can be prevented by proper mould design. Hot spots are
areas on the surface of casting that become very hard because they cooled more quickly than the
surrounding material and can be avoided by proper cooling practices.

Whenever a new type of work piece should be produced, it is necessary to design a new pat-
tern first. The development of a new mould consists of three major stages: product design, tool-
ing development and foundry trials [4]]. During the product design stage product requirements
like overall shape, individual features, wear resistance and material composition are analysed.
The tooling development stage can be further classified as the design of the mould’s main cavity
and leads to the generation of a new pattern. Within the last development stage trial castings are
produced in the foundry. The trial casting objects are inspected to see if they include external or
internal defects. Based on the results, the manufacturing process may be modified and certain
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parameters (like the melt temperature or the mould’s form) may be adopted to improve casting
quality. Afterwards the newly constructed mould can be released for serial production.

Often non-destructive testing techniques are used to inspect the test samples of a foundry
trial run. Non-destructive testing (NDT) defines a group of analysis techniques used to evalu-
ate the properties of materials or components without causing damage (Section [2.1). It is an
essential tool in construction engineering and manufacturing (e.g. automotive industry, heavy
machinery industry and plant industry). Since NDT does not permanently alter the object being
inspected it is often the only possibility to evaluate the overall product. Common NDT methods
include ultrasonic (UT), magnetic-particle (MT), radiographic (RT), but also industrial Com-
puted Tomography (CT) scanning. This is a process which uses flat X-ray images to produce 3D
representations of the scanned object.

1.1 Problem Statement

Foundry engineers are interested in developing an automatic method for analysing the results
of the foundry trial stage when developing a casting. Foundry trials consist of a series of test
castings that have all been produced using the same mould and identical production process pa-
rameters. The test castings need to be inspected carefully to identify inner and outer defects, to
detect possible problems within the production process. The defect detection is nowadays often
done by NDT (Section 2.1). Since 3D CT has become common in NDT in recent years [9]],
researchers already concentrated on the topic of defect detection within industrial CT volumes
(Section [2.1.T)). Defect detection approaches can be used to analyse the occurrence of defects
within castings, whereas these algorithms are intended to be applied to individual castings only.
However, when analysing foundry trials, defect occurrence within the whole series of test cast-
ings has to be evaluated.

The goal of the analysis is to determine whether defects occur within the castings and
whether correlations between the castings can be found (Figure [I.2). Foundry engineers are
interested in the fact whether

e regions exist that contain a high concentration of defects, or
e very large defects occur,
e that appear in more than one of the castings of a certain foundry trial.

The occurrence of defects in a number of parts means that the production process has a certain
probability in producing defective parts. Depending on the number, types and size of defects, this
may necessitate adjusting the production process parameters (e.g. metal temperature, ventilation
or the mould’s shape).

The input data for a foundry trial analysis consists of the digitised test castings and their
corresponding defect detection information. The castings are inspected by NDT, therefore the
defect detection approach has to adapted according to the NDT technique used (e.g. CT or UT).
The foundry trial analysis is independent of the chosen NDT technique, because it is based only
on the results of the defect detection algorithm.



» \
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Figure 1.2: A foundry trial for a new pattern consists of a series of test castings which were
produced using the same mould, therefore they all exhibit the same shape and dimensions. Each
of the castings may contain castings defects, which are illustrated as dark regions in (a). For
analysing foundry trials, it is important to know whether regions of high defect concentration
exist that occur in more than one test casting. Such regions are illustrated in (b) - defects in the
blue region are present in two of the test castings, whereas defects in the orange region occur in
all castings of the foundry trial.

Foundry engineers are especially interested in a visual representation of the analysis results.
The regions or large features appearing in more than one test casting are marked so that they
are immediately visible to the user. The basis for the visualisation is the shape of the casting,
since this will later on represent the work piece to be produced. Based on the visualisation
results foundry engineers are able to evaluate the uniformity of the production process and the
suitability for serial production.

1.2 Pipeline Overview

The aim of this master’s thesis is the implementation of a variability analysis pipeline for the
foundry trial stage when developing a new mould. The analysis explores a series of 3D industrial
CT volumes which represent test castings of a certain foundry trial. The CT data originates from
a test data set produced by the Austrian Foundry Research Institute (Section[3.1). After analysing
the test castings (Chapter [3)), visual tools are provided to the foundry engineers for exploring the
analysis results (Chapter ). The different stages of the pipeline are illustrated in Figure

In a first step defects have to be detected within the given test castings. For this the defect
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Figure 1.3: Overview of the variability analysis pipeline presented in this thesis. The pipeline
consists of two main stages: the variability analysis and the exploration stage. Within the vari-
ability analysis, defects returned by a defect detection mechanism may be pre-processed (e.g.
clustered) and then transferred to the actual variability analysis mechanism. This results in the
creation of a variability volume, which forms the basis for the subsequent exploration stage.
For the user, this is the most visible part. Results are visualised using a 2D transfer function
approach specified by the user’s input parameters.

detection approach described by Hadwiger et al. [34] is used, a new segmentation method to
identify casting defects based on a region growing approach. This results in a list of defects for
every available test casting. In the further course the variability analysis does either concentrate
on individual defects, or on regions inside the objects with a high concentration of defects. The
identification of such regions is done by a clustering approach, whereas the defects’ centres of
gravity are used as input data points. This results in a list of clusters of a certain size for every
trial object. Then it is observed if any of the available clusters, or defects, can be retrieved in
any other castings of the foundry trial. If so, this means that the casting process tends to produce
errors in these parts of the castings. The most important and visible process step for the user is
the exploration stage. It is used by the foundry engineer to decide on the next steps concerning
the current foundry trial. The provided exploration techniques allow the user to view the results
of the variability analysis.

1.3 Thesis Structure

This thesis is organized as follows: Chapter [2] contains some basic fundamentals considered
important to the understanding of the implementation, together with an overview of the current
state of the art. The defect detection algorithm where this thesis is based on is described within
this chapter in Section Chapter [3|discusses the implementation of the variability analysis
and introduces the algorithms and data sets that have been used. Chapter [ is dedicated to
describe the visualisation of the results and how they can be explored individually by the user. A
discussion and quantification of the results can be found in Chapter[5] The master’s thesis then
closes with a conclusion and some suggestions for further work (Chapter [6).






CHAPTER

Fundamentals and State of the Art

In this chapter the fundamentals and current state of the art concerning the main topics of this
thesis are discussed. This involves several topics from visualisation like non-destructive test-
ing, industrial CT data, 3D volume rendering, GPU-based direct volume rendering and cluster
analysis.

The first Section (2.1)) is dedicated to an introduction to non-destructive testing techniques
in the special case of industrial CT data. The principle of data acquisition from industrial CT is
described as well as defect detection algorithms and non-destructive testing techniques within
the field of foundry technology. Section[2.2]concentrates on different aspects of 3D visualisation
of volume data. This involves 3D visualisation of industrial CT data, GPU-based rendering and
1D as well as 2D transfer functions. The last Section (2.3]) describes the two cluster analysis
algorithms used in this thesis, mean-shift and k-means clustering.

2.1 Non-destructive Testing

Non-destructive testing (NDT) specifies a wide range of analysis techniques used in science and
industry to evaluate the properties of a material, component or system without causing damage to
it. NDT works for many different objects like machine parts, cast metal, ceramics and compound
materials, wood, as well as for plastics. Beside non-invasive techniques like ultrasonic, magnetic
particle and radiographic approaches, computed tomography (CT) has become more and more
important in NDT. Its use has created powerful new possibilities, but also new challenges in
the field of NDT, which are described in Section [2.1.1] For NDT applications, the visualisation
of data is just one part of the work flow. Other tasks like defect detection, computation of
properties like material porosity and accurate comparisons have to be carried out beforehand.
Defect detection, which is used to detect errors like cavities, pores, cracks, or inhomogeneities
within industrial work pieces, is described in Section[2.1.2]




2.1.1 Industrial CT

X-ray computed tomography (CT) is an imaging method employing tomography where images
are created by computer processing. Already a method most common in medicine, CT was
subsequently extended and is now used for a variety of industrial tasks [40]]. However, compared
to medical CT, industrial CT uses a different principle which is referred to as cone beam CT
(Figure |2;1'|) Such scanners utilize a narrow, focussed cone beam of radiation which scans an
industrial work piece that is placed on a rotary element. At each angular position of a 360 degree
turn a 2D image of the work piece is recorded. The complete series of penetration images allows
reconstructing the 3D representation of the scanned work piece. This allows for much faster data
acquisition, as the data required for multiple slices can be acquired in one rotation.

X-ray source Flatpanel detector

o

Rotary plate

Figure 2.1: Industrial CT scanner in cone beam design. The x-ray (left) sends out a narrow
cone beam of radiation which scans a work piece placed on a rotary element (centre). At each
angular position of a 360 degree turn a 2D image of the work piece is recorded (right) [40].

Another advantage of industrial CT over medical CT data is its accuracy. Since in this field
only objects are examined which are not harmed by X-rays, industrial CT systems can work with
higher resolutions than those employed for medical purposes [52]]. Industrial CT scanners are
continuously advanced in order to achieve higher resolutions [40]. This allows highly detailed
measurements and examination of the scanned work pieces.

2.1.2 Defect Detection

An important task in NDT is the evaluation of the properties of a certain material or work piece.
For this, operations like defect detection, computation of properties like material porosity and
accurate comparisons have to be carried out before visualisation. This Section is dedicated to
the field of defect detection only, since this is the basis for the variability analysis presented in
this master’s thesis. Furthermore, only defect detection on CT data will be considered.
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Related Work

Defect detection describes the task of automatically identifying discontinuities within materials,
which can be cracks, holes or inclusions. Defects may be of various shapes and sizes. The
first defect detection approaches working with CT data concentrated on the evaluation of 2D
images [6,41]]. Later approaches already enabled defect detection within 3D CT data [|31,6891]].
Huang et al. [46]] were the first to introduce region-growing into the field of defect detection
for non-destructive testing of CT data. Hadwiger et al. [|34]] developed an approach for defect
detection and interactive volume exploration. Unlike the approach by Huang et al [46]], their
technique allowed to interactively explore the volume. The segmentation was not re-computed
during visualisation, but only if different parameter settings should be used.

Defect Detection and Quantification by Hadwiger et al.

The defect detection and interactive volume exploration approach by Hadwiger et al. [34] is
explained in more detail in this Section, since the variability analysis described in this thesis
builds on it (Section [3.2)).

The presented pipeline approach consists of two stages: a complex pre-computation stage,
and an interactive exploration stage. Although the exploration is the conceptually most im-
portant and most visible part for the user, the basis for interactivity has to be determined in a
pre-computation step first. This partition of the two stages enables to interactively explore the
volume. The segmentation is not re-computed during visualisation, but only if different param-
eter settings should be used.

During the pre-computation stage defects are detected via region growing in multiple passes.
In each pass, for each seed candidate, a region is grown as far as possible given two size thresh-
olds. These limits assure that the detected defects are larger than a given minimum as well as
smaller than a given maximum size. If a grown region satisfies these two criteria, it is transferred
into a so-called feature. In all region growing passes after the first one, completely new features
are started using seed candidates as well as existing features are grown further until they reach
a region growing limit (Figure [2.2). The thresholds are adapted accordingly in every region
growing pass to allow new features to be created and existing features to grow further.

The region growing progress for each voxel is recorded in feature size curves and can be later
retrieved during the exploration stage. Starting at a value of 0, the size of the emerging features is
recorded in each iteration step. Seed voxels that start new features record the entire growth curve
for this feature. Additional voxels that become part of this feature share the feature growth curve
of the seed voxel. This leads to one representative size curve for every feature, which is stored in
a feature growth table. Each row in this table illustrates the sampled growth curve for a feature
over time, whereas each column represents a time step. The feature growth table is stored in a
16-bit two-channel 2D texture for rendering. All per-voxel information needed to reconstruct
full feature size curves is stored in a 3D feature volume. For the visual exploration, this volume
is stored in a 16-bit two-channel 3D texture. During rendering, texture fetches from the feature
volume and the feature growth table yield everything needed to reconstruct the voxel’s feature
size curve.



time=0

I culled voxels B new features B growing features
X seed voxels O previous features B merged features

Figure 2.2: The region growing of the pre-computation step is performed in multiple passes. In
each pass, new features can be created or features may merge. Existing features may grow in all
passes except in the first one [34].

The exploration stage is the most visible one for the user where it is possible to classify
features based on certain parameters as well as pick single features. The current classification is
shown in a 3D volume view in real-time. The feature regions are mapped to colour and opacity
based on user-defined selections. An exemplary visualisation can be seen in Figure [2.3]

Figure 2.3: Feature exploration example. The feature sizes are visualised with a colour gradient
from red (small) to blue (large), whereas very large features have been set to transparent. The
user-defined selection, which is done by using widgets in a 2D transfer function over feature size
and voxel density, can be seen in the middle of the Figure. Furthermore, a single feature has
been picked which is marked in light green [34)].

10



2.1.3 Non-destructive Testing for Metal Castings

Casting is a manufacturing process where melt is poured into a mould and let to solidify. Af-
terwards, the new work piece is broken out of the mould. The most common casting process
is metal casting where metal or metal compositions are used as casting materials. Usually a
foundry is needed to do metal casting that is equipped with facilities to handle hot metal. By
their nature, all cast bodies will exhibit to some degree casting defects. They define conditions
in a cast body that affect the object’s mechanical properties and usability and therefore must
be corrected or removed. Further information on casting can be found in Chapter [T} Several
approaches have been adopted to enable automatic evaluation of castings. This Section concen-
trates on NDT approaches in the field of metal casting, since this is the topic relevant for this
master’s thesis.

The first automated inspection approaches by Borener and Stecker [8]], Hecker [39] and
Herold et al. [42] were based on single 2D X-ray images. Mery and Filbert [[69,/70] extended
these approaches to track defects over a sequence of X-ray images (Figure [2.4). The casting
inspection approaches implemented for 2D images were later extended to be used with 3D com-
puted tomography (CT) data [[9]. Hytros et al. [48]] proposed an approach where CT data is used
to monitor the solidification progress in aluminium castings. Simon and Sauerwein [87] used CT
data to make inferences on the quality of the produced castings. Pabel et al. [71] implemented an
approach to verify the impact of a suboptimal melt quality on the static and dynamic mechanical
properties of aluminium castings.

Whenever a new type of work piece should be created, it is necessary to create an appro-
priate mould first. Georgeson et al. [33]] proposed an approach where the process of mould
development is supported by the use of CT data. However, use of CT during mould develop-
ment is still an open line of research. The most recent applications concentrated on developing
techniques for flow simulations to predict how the newly created mould will behave during cast-
ing [47,(78,92]]. Kor et al. [56] proposed a formal optimization method based on a parameter
system that formally describes the complexities of the mould development process.

2.2 3D Volume Rendering of Industrial CT

Volume rendering describes a set of techniques used to display a 2D projection of a 3D discretely
sampled data. It comprises several rendering approaches such as direct volume rendering. This
Section concentrates on the topic of volume rendering of industrial CT data sets, since this is the
topic relevant for this master’s thesis. An analysis of all recent findings in the area of 3D volume
rendering will go beyond the scope of this Section, wherefore the reader may refer to previous
work [[121/35/62] for a brief introduction to volume rendering techniques.

As mentioned in Section [2.1.] a great advantage of industrial CT is the use of high ray den-
sities that guarantee high accuracy within the data. Industrial CT volumes are generally quite
large with voxels commonly stored with 16 bits of precision. This leads to several hundred MB
to one or more GB of raw data per scan which need to be processed and analysed. Therefore,
approaches had to be developed that allow this huge amount of data to be processed. Reinhart
et al. [80] and Wilson et al. [98]] implemented efficient representation techniques to allow in-
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Figure 2.4: Tracking of defects over series of X-ray images. In the first image (top) potential
defects are detected within a series of X-ray images of a casting (arrows indicate false detec-
tions). The potential defects are then tracked over the series of X-ray images based on their
spatial location, which can be seen in the second image (bottom) [70]].

teractive exploration. Huang et al. [46] developed a set of visualization techniques for feature
defect detection and modelling that is able to handle high resolution industrial CT data. Frey
and Ertl [28]] proposed a parallel multi-resolution volume rendering approach for visualizing
large data sets. Hadwiger et al. implemented a brick caching approach to overcome the
texture size limitations on the GPU. The volume textures are divided into smaller bricks and
only the active bricks are packed into a single 3D brick cache texture which is loaded into the
GPU memory.

2.2.1 GPU-Based Direct Volume Rendering

Direct volume rendering (DVR) is a volume rendering technique where every sample value is
mapped to a certain opacity and colour value. DVR enables the rendering of volume data without
attempting to impose any geometric structure on it. Instead, it operates directly on the volume
data and simulates the interaction between light and a volume. Several optical models can be
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found that describe light interaction with volume densities considering different parameters like
absorption, emission, scattering and shadows [[67]].

The mapping of volume densities to optical properties like opacity and colour is done through
a transfer function. In the simplest case, this is a lookup table mapping a density value to a cer-
tain RGBA value (colour and opacity). However, this concept has been already extended to the
concept of multi-dimensional transfer functions (see also Section[2.2.2).

The most popular approach for DVR is ray-casting, which was first proposed by Levoy [60]]
in 1988. It is an image-based rendering technique, since the computation emanates from the
output image and not the input volume data. In this approach a ray is cast for every pixel of the
image plane through the available volume data. The goal of ray-casting is to approximate the
volume rendering integral for every viewing ray. In the first step, interior data values are sampled
along the ray at evenly spaced positions. Since rays often lie in between several voxels, it is
necessary to interpolate between nearby voxels to determine the sample value. In the next step,
the classification step, colour and opacity values are assigned (using a transfer function) to the
sample points along the ray, and afterwards they are shaded. At the end, during the composition
step, the final pixel value is determined based on the defined contribution of classified and shaded
sample values (Figure [2.5).
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Figure 2.5: Volume ray casting in four steps. In (1) a ray is cast for every pixel of the image
plane through the volume. Then sampling points have to be determined along the ray, which
often lie between voxel positions and therefore have to be computed through interpolation (2). In
the classification stage (3), sample points are assigned a colour and opacity by using a transfer
function, and they are shaded. At the end, the final pixel value is determined by compositing the
sample values along the ray (4) [96]]

There are several possibilities in which order these steps can be performed. The term pre-
classification refers to the process of assigning colour and opacity to the samples before inter-
polation. Post-classification, on the other hand, describes the process of applying interpolation
before classification (as described in the previous paragraph). Pre- and post-classification will
produce different results. The results of both rendering pipeline approaches will only be equal
in case the transfer function is constant or identity [[10]].

The concept of ray-casting can be adapted to be executed by a fragment program on the
GPU. GPU-based ray-casting benefits from the parallel architecture of modern GPUs as pixel
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values can be computed in parallel. Ray-casting computations on the GPU are performed by
executing the following steps:

1. Ray Determination: To step along a ray, its entry position, its length and its direction have
to be computed. For this a bounding box of the volume is rendered with colour coding
of each vertex position in object space. Two images are rasterised, where the first one
rasterises the front faces of the geometry and the second one rasterises the back faces.
The first image determines the ray entry positions.

2. Ray Direction: A direction texture is calculated by the difference of the back faces and the
front faces (Figure [2.6). The ray directions are stored in the RGB values of the textures
and the alpha values determine the ray lengths.

3. Ray Traversal: The fragment program now uses the calculated textures to initialise rays
and determine sampling points along them. When fetching samples, hardware-native tri-
linear filtering is used. The fetched density values are mapped to colour and opacity
according to the transfer function settings.

Figure 2.6: Setup for GPU-based ray-casting. From left to right: Front faces, back faces, and
direction texture [|84)].

Several performance optimisations can be defined to avoid unnecessary computations, like
empty space skipping or early ray termination. For empty space skipping, the volume is divided
into smaller sub-blocks containing a fixed number of voxels. Only non-empty blocks form the
data-dependent bounding geometry which is passed to the GPU. Early ray termination is used to
stop the ray traversal in case it has left the volume or when the composited opacity value reaches
a certain threshold.

The first GPU-based ray-casting algorithms were implemented by Roettger et al. [82]] and
Kruger and Westermann [58]]. They used multi-pass ray-casting where the ray traversal process
is still initiated by the CPU. Several approaches exist that propose different applications for
GPU-based ray-casting, for example for the rendering of quadratic surfaces [86], for landscape
visualisation [66] or for rendering virtual globes [22]. Scharsach [83] implemented a GPU-
based ray-casting approach that allowed fly-through applications like virtual endoscopy. Other
applications concentrated on the GPU-rendering of large data sets [45] and on industrial CT in

particular [36[100].
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2.2.2 2D Transfer Functions

In general, a transfer function is used in direct volume rendering to assign optical parameters like
colour and opacity to values of a volume data set. The transfer function defines how different
parts of the volume will be rendered, and therefore designates the amount of information that
is displayed in the volume renderer. In the simplest case a transfer function 7" is defined by
a lookup table based on the implementation described in Equation f(x,y, z) describes a
scalar function that returns the density value at position (x,y, z). This density value is mapped
to a colour defined by R, G, B and an opacity value a.

T(f(r,y,2)) = R,G,B,« 2.1)

The specification of an appropriate transfer function is a crucial task which is difficult to
accomplish. There are two main reasons for this: Usual interfaces for setting transfer functions
(based on moving control points defining a set of linear ramps) are not guided by the dataset
in question. Furthermore, transfer functions are inherently non-spatial, since their assignment
of colour and opacity does not include spatial position as a variable. 2D transfer functions
overcome these problems in most instances. They allow better discrimination between various
structures in the volume data, since more dimensions are involved. Therefore, the use of 2D, 3D
or even multi-dimensional transfer functions became more and more popular in recent years [[76].

The first 2D transfer function was actually proposed by Levoy [60] in 1988, who added the
gradient as the second dimension to his transfer function implementation. The application for
multi-dimensional transfer functions was initiated by Kindlmann and Durkin [53|] who imple-
mented a semi-automatical approach for transfer function design. The resulting transfer function
was still one-dimensional, but they included the gradient magnitude and the second order direc-
tional derivative of the scalar field into their computations. True multi-dimensional transfer
functions were first proposed by Kniss et al. [55]. They used a 3D transfer function to clas-
sify samples during volume rendering. Furthermore, the authors proposed an interactive user
interface for multi-dimensional classification. A similar technique was later used by Correa and
Ma [21] who implemented a visibility-driven approach where users can manage a complex set
of transfer functions on the basis of histograms.

Several other 2D transfer function applications have been developed. Hladuka et al. [44]
presented a curvature-based transfer function approach with the aim to distinguish between dif-
ferent shape classes. Their approach was later advanced by Kindlmann et al. [54]] by combining
an implicit formulation of curvature with a convolution-based reconstruction of the field (Figure
[2.7). Applications can be found in the field of surface smoothing, visualisation of iso-surface un-
certainty and non-photorealistic rendering. Another approach using multi-dimensional transfer
functions for non-photorealistic shading styles has been adopted by Bruckner and Gréller [[11].
Additional lighting models are used to combine different shading styles interactively in a single
transfer function (Figure 2.8).

Other approaches aim at improving the quality of renderings in the medical field by applying
2D transfer functions. Zhou et al. [[104]] proposed an approach where distance information was
combined with the original volume to assign optical properties. The user defined a focal point of
interest to which the Euclidean distance of all sample positions is calculated. A similar distance-
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Figure 2.7: Four different curvature measurements. First principle in (1), second principle in
(2), mean in (3) and Gaussian curvature in (4). Zero curvature is illustrated in blue; all other
iso-curvature contours are displayed in black [54)].
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Figure 2.8: Non-photorealistic rendering using multi-dimensional transfer functions. Different
non-photorealistic rendering approaches are combined with certain style transfer functions. Us-
ing these style transfer functions, a multitude of different shading styles can be combined in a
single rendering. In this figure four different style transfer functions are illustrated, where the
lighting models are shown in the bottom right respectively [11]].

based approach was implemented by Tappenbeck et al. [90]. Rezk-Salama et al. [81]] provided
interfaces with semantic information based on semantic models that are defined from reference
data sets. The relevant structures were then represented by one or more transfer functions (Figure

9).

2.3 Cluster Analysis

Cluster analysis or clustering is the task of partitioning a set of objects into groups (called clus-
ters) so that the objects in the same cluster are more similar to each other than to those in other
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Figure 2.9: Semantic rendering of medical images. In Semantic models each entity, defined
from reference data sets, is represented by one or more transfer function primitives. This allow
extracting relevant structures from a computed tomography (CT) angiography data set. In this
example the list of entities comprise skin (1), bone (2), brain tissue (3) and blood vessels (4) [81]].

clusters. An important step is to select a distance measure which will determine how the sim-
ilarity of two patterns is calculated [51]]. Cluster analysis methods can be divided into the two
groups of hierarchical and non-hierarchical approaches. Hierarchical methods construct a clus-
tering tree, whereas non-hierarchical methods sequentially assign each pattern to a cluster [89].
The two clustering approaches described in this Section (k-means and mean-shift) both belong
to the group of non-hierarchical methods.

2.3.1 k-means Clustering

k-means clustering is a well-known example of a non-hierarchical, non-parametric cluster anal-
ysis method. Originally adopted by MacQueen in 1967, it became a ,,popular, simple and
practically useful* [89]] approach for applying cluster analysis. The idea of k-means clustering
is that the number of clusters K is already known before starting the analysis. To start the al-
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gorithm, K initial cluster starting points (exemplars) are identified. The k-means method then
consists of two main stages: In the first stage, all available patterns are allocated to one of the
K clusters according to a certain distance measurement. The cluster exemplars are re-computed
every time a pattern has been added to the cluster. This way it is assured that the cluster ex-
emplars represent the centres of gravity of the patterns within a cluster (Figure 2.10). In the
second stage, the exemplar positions are considered as final cluster positions and all patterns are
allocated to the closest cluster respectively.
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Figure 2.10: k-means iterations. In the first step (1) patterns are assigned to their nearest clus-
ters respectively, whereas the cluster exemplars are illustrated with circles. Then the exemplars
are re-computed to represent the centres of gravity of the cluster patterns (2). The patterns are
re-assigned to their nearest clusters respectively (3) according to the new positions of the cluster
exemplars. These three steps are iteratively repeated until the final cluster positions have been
found [|95]]

In summary, the k-means algorithm consists of the following steps [89]:
1. Define the number K of clusters

2. Initialise the cluster starting points vy, ve, ...vx, where some patterns are chosen to serve
as cluster starting points.

3. First pass: Allocate patterns to the K clusters (do not process those patterns that were used
to initialize clusters). Re-compute the cluster exemplars after a pattern has been added to
the cluster. Repeat this step until the cluster exemplars do not change any more.

4. Second pass: Let the final exemplars be exemplars of the resulting clusters. Allocate all
patterns to the final clusters by using the same distance criterion as on the first pass.

Lloyd [63]] proposed a local search solution for implementing the k-means algorithm in 1982
that is still widely used today [1,[37,(97]]. Due to its simplicity, the k-means method has its lim-
itations and many variations exist. Kanungo et al. [50] adapted the classic k-means approach
to use a kd-tree as the only data structure to improve the algorithm’s performance. Elkan [25]
used the triangle inequality to accelerate the algorithm. Frahling and Sohler [26] extended the
classic k-means algorithm by using core sets (i.e. small weighted sets of points that approxi-
mate the original point set). Furthermore, the concept of k-means has been adapted for parallel
programming [|57,/102].
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Especially the accuracy, but also the speed of k-means can be greatly improved by choos-
ing the initial starting points in another mode than just randomly. Arthur and Vassilvitskii [3]]
implemented their k-means++ algorithm in 2006 which follows the implementation steps of
the classic k-means algorithm, but uses a more sophisticated way of choosing the initial staring
points. In general, the initialisation approach aims at spreading the K initial cluster centers away
from each other. It consists of the following steps:

1. Choose one center randomly from the given data points.

2. For each pattern v, compute the distance D(v) between v and the nearest starting point
that has already been chosen.

3. Choose one new data point as a new starting point. A point v is chosen as a starting point
with probability proportional to D(v)2. This way it is ensured that the new data point is
probably far away from the already chosen starting points.

4. Repeat Steps 2 and 3 until K starting points have been found.

After all initial starting points have been found, standard k-means clustering is used to find the
final cluster positions. However, the improved seeding method gives considerable improvements
in the final error of k-means. It successfully overcomes some of the problems associated with
other ways of defining initial cluster-centres for k-means clustering [|59].

2.3.2 Mean-Shift Clustering

Mean-shift as originally introduced by Fukunaga and Hostetler [30] is a non-parametric, iterative
procedure for seeking the maxima (i.e. modes) of a density function given by a set of discrete
data samples. The method was revisited by Cheng [13]] to develop a more general formulation
and to demonstrate its potential use in clustering and global optimization problems. Comaniciu
et al. [[16}/17] adopted this idea and introduced the use of the mean-shift approach for a number
of image processing problems, including segmentation, discontinuity-preserving smoothing and
- finally - clustering. Mean-shift clustering allows grouping a set of points without having prior
knowledge of the number of clusters in the data set [18]].

Mean-shift finds the densest data regions, which are defined by the maxima of a probability
density function given by a set of discrete data samples. It avoids estimation of the probability
density function by estimating the density gradient instead. The procedure uses search win-
dows (i.e. kernels) which are moved in the direction of the strongest increase in density until
convergence. The final locations of the kernels define the density maxima (i.e. modes) of the
underlying probability density function of the data.

A mean-shift kernel is defined as decreasing function of the distance from a given point
(mean) to points in the data. For initialisation, the kernel is positioned randomly over the data
and its centroid is identified. Then it is moved to the location of the identified centroid, which
now represents the kernel’s mean. The vector determining the kernel’s new position is called
mean-shift. The re-calculation of the kernel’s position is repeated until it does not change any
more (i.e. the mean-shift turns zero). A data set can be partitioned into clusters by defining
several initial sample points.
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Figure 2.11: Mean-shift iterations. The initial region of interest is positioned randomly over
the data in (a). Then its centroid is determined, and the new region is moved to the location of
the identified centroid. The vector determining the positional change is the mean-shift. In the
next step (b), a new mean-shift vector is determined and the region is moved accordingly. These
steps are repeated until convergence. The final location identifies the local density maximum
(i.e. mode) of the probability density function (c). In this Figure it can be seen that patterns
covered by a cluster in the initial stage may not be part of this cluster any more when the final
position has been found [|89].

A certain mean-shift vector is always proportional to the gradient of the underlying prob-
ability density function. In each further iteration step the weight of nearby points is used for
re-estimation of the kernel’s mean which moves the kernel accordingly (Figure 2.TT)). Mean-
shift vectors are determined in the remaining steps until convergence. In regions of low density
the steps of the algorithms are big. The steps decrease as the kernel is moved towards the local
maxima. Traditionally radially symmetric kernels are used which are isotropic in shape, al-
though other kernels could also be employed since the mean-shift algorithm does not constrain
their shapes [94].

The guaranteed convergence of the mean-shift algorithm to the local maximum is obtained
due to the adaptive magnitude of the mean-shift vector. The magnitude of the mean-shift vector
always converges to zero. This eliminates the need to choose adequate step sizes for the mean-
shift iterations [[18]]. The convergence speed, however, depends on the kernel employed. For a
uniform kernel convergence is achieved in a finite number of steps. Whenever data points are
weighted, the mean-shift procedure is infinitely convergent [[89]. A small lower bound value of
change between steps may be used to stop the convergence process.
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Implementations of mean-shift clustering have been proposed by Freedman and Kisilev [27]]
and Phat et al. [77]. Georgescu et al. [32] as well as Xiao and Liu [99] proposed solutions
to the problem that the high computational complexity of the mean-shift procedure limits its
practical application in high dimensional and large data sets. Mean-shift clustering has also
been adapted for parallel programming to improve its performance [72}|103]]. Other applications
of the mean-shift procedure are located in the field of real-time object tracking [[19] and blob
tracking [|141}/74].

2.3.3 Complexity

As stated in the first part of Section[2.3] the similarity of patterns grouped together in a cluster
is determined by a certain distance measurement. This will influence the shape of the resulting
clusters as well as the computational complexity of the approach. Common distance functions
are:

e FEuclidean distance: The 2-norm distance between two points given by the Pythagorean
formula.

e Manhattan distance: The distance between two points is given by the sum of the absolute
differences of their coordinates.

o Mahalanobis distance: This distance function differs from the Euclidean distance in that
it takes into account the correlations in the data set and is scale-invariant. When the
Mahalanobis distance is used, the clustering algorithm will form hyper-elliptical clusters.

o Hamming distance: The Hamming distance between two strings of equal length is defined
by the number of positions at which the corresponding symbols are different.

Furthermore, the aim of a cluster analysis is to minimize the within-cluster variance e%( for
each cluster as defined in Equation ny, is the cardinality of cluster £ and x; j, is the i-the
pattern of cluster k. The reader may refer to Sonka et al. [[89] for a brief deduction of e%(.

N
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The square error of the clustering results E%( is then defined as the sum of the within-cluster
variances (as defined in Equation [2.3)). Therefore, the aim of a clustering algorithm is to mini-
mize the square error criterion E%(

K
E% = Z % (2.3)
k=1

In this thesis, the Euclidean distance is used as distance function for implementing the clus-
tering. Together with the minimization argument mentioned in Equation [2.3] this leads us to the
following definition:

22



,The problem of partitioning a set of vectors in Euclidean space into subsets (clusters) with
the criterion of minimizing the sum of squares of the distances from the cluster elements to
the cluster centers [...] is known in the literature as the MSSC (Minimum-Sum-Of-Squares
Clustering) problem.* [23].

It can be shown that the one-dimensional variant of the MSSC problem can be solved in
polynomial time [23]], but all other variants (even the two-dimensional case) are NP-hard [2,/65]].
Therefore, it is not possible to efficiently provide an optimal clustering result in an automated
way.
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CHAPTER

Implementation

The goal of the variability analysis pipeline is to help foundry engineers decide on a cast mould’s
suitability for serial production (Section [I.I). The goal of the complex analysis stage, whose
components are described in this chapter, is to inspect the given volume data sets and make
investigations of the reliability of the production. Although it is a technically complex and time
consuming task, only minimal user input is required for this stage. The variability analysis
aims at analyzing a foundry test run, therefore the input data consists of a set of volume data
sets (i.e. more than one). These data sets represent a series of digitised castings that have
all been produced by the same mould. All analysis computations are based on an initial defect
detection step [34] which identifies given casting defects in the volume data sets. The subsequent
variability analysis step aims at identifying volume parts with certain criteria that recur within
other volumes of the foundry test run.

The first Section (3.1I) concentrates on the input data used for implementing the prototype of
this thesis. The initial defect detection step is described in Section[3.2] Based on this data are the
variability analysis computations, which are described in Section[3.3] The results of the analysis
are stored in a way so that they can be used for the exploration, which is described in Section[3.4]

Terms definitions:

e Prototype: A prototype represents a new type of casting that is planned to be mass-
produced. No digital representation of the prototype exists at this production stage. There-
fore it has to be calculated from the available casting data sets (Section (3.4.1]).

o Test mould: A test mould that generates the prototype needs to be produced before release
into serial-production to test the entire manufacturing process.

o Test runs: Test runs are test casting processes using the test mould. The resulting castings
have to be inspected carefully to identify possible problems in the manufacturing process.

e Object: Castings that belong to a certain test run are called objects. They have been
digitised by a 3D industrial CT scanner to be able to inspect them by NDT techniques.
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3.1 Data Acquisition

The variability analysis approach described in this thesis aims at analyzing a casting test run and
it has been implemented to work with 3D industrial CT data. Therefore, it is assumed that the
input data for this approach consists of a set of 3D CT scans (i.e. more than one) which represent
a series of objects. There are no restrictions on the size and/or resolution of the scans or on the
number of data sets. However, it is important that the size and resolution of the data sets are
consistent across the input set. Otherwise it will not be possible to compare or integrate the data
obtained from these different measurements. Furthermore, the spatial registration of the data
sets was not part of the implementation, so it is assumed that the data sets are already aligned.
The reader may refer to Hill et al. or Penney et al. for further information on volume
data set registration.

The data sets used in this thesis were provided by the Austrian Research Foundry Institute
(Osterreichisches Gieferei-Institut - OGI). They created a test data set consisting of three ob-
jects. The development of defects was simulated by drilling holes into the objects (Figure [3.T)).
Four regions containing boreholes were created per object. It it has been taken care of that some
of these regions occur at the same spatial location in every of the test objects. Afterwards the
modified castings were digitised by using a 3D industrial CT scanner to provide volume data
sets for the visualisation and analysis computations.

=y

—
S

o
e

aa

(@) (b)

Figure 3.1: Test run provided by the Austrian Research Foundry Institute for implementing the
variability analysis. Three metal castings were produced using the same mould. After solidifi-
cation holes have been drilled into the objects to simulate the development of large defects. The
dimensions of the objects can be seen in (a), and the boreholes are marked in (b). Both figures
have been produced by rendering the 3D volume data set representation of the objects.
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3.2 Defect Detection

The variability analysis supplies information about the distribution of defects over a series of test
castings. Therefore, it is necessary to detect casting defects within the given data sets before the
analysis can be started. Further information on defect detection can be found in Section [2.1.2]
No information about possible casting defects in the given input data is known beforehand. The
defect detection produced by the segmentation algorithm proposed by Hadwiger et al. [34]] was
used as the input data for this thesis. Defect detection is started separately for every volume data
set, since it might be necessary to adapt parameters according to individual object parameters
(e.g. different defect dimensions).

After applying the method, a list of defects (features) is created for every given casting object
(see also Section [2.1.2] for a more detailed description of the algorithm). A feature consists
of a set of connected voxels and is the virtual representation of a physical defect. Since all
further computations in this thesis are based on virtual object representations (instead of physical
parameters), the term feature will now be used to refer to casting defects.

Features can be classified by several parameters (e.g. feature size, roundness ...), and this
information is used to control the feature exploration via a 3D transfer function approach. Using
a stack of 2D histograms features can be selected or rather hidden by the user, based on certain
parameters (Section [2.1.2)). For the variability analysis, these parameters allow to individually
select certain feature classes that should be used for the variability analysis computations. Since
not all available defects influence the stability and safety of a casting, foundry engineers may
decide to eliminate certain feature classes from further computations (Figure [3.2).

3.3 Variability Analysis

Variability analysis aims at finding object parts that exhibit certain criteria and recur within
the given test run. Such object parts can either be areas of a certain size within the objects,
but can also be represented by single data points. Based on the object parts that are used as
input, two types of variability analyses can be identified: a region-based and a feature-based
approach. The region-based analysis works with regions of high feature concentration, whereas
the feature-based approach is working with individual feature voxels.

3.3.1 Region-based Variability Analysis

An analysis approach very favoured by foundry engineers is the region-based variability analy-
sis. It first finds regions of high feature concentration within objects and then tries to track these
regions over the complete test run. In case regions tend to appear in more than one object, this
means that the manufacturing process has a certain probability to produce defects in these areas
- which may necessitate a change in certain production process parameters.

Clustering

As a method to identify regions of high feature concentration we decided to use a clustering
algorithm. Clustering approaches divide a set of data points into groups based on their similarity.
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Figure 3.2: 2D histograms are used to explore features through a 3D transfer function. His-
tograms visualise certain feature parameters (here: voxel density against feature roundness)
and allow the user to individually select features based on these parameters. A selection based
on the roundness, like the one indicated in (a), would omit lenghty features like cracks or cold
shuts. The deselected features are shown in (b). The widget size in the y-direction (round-
ness) defines which feature should be included in the selection. The widget dimension in the
x-direction (voxel density) defines which parts of the feature should be visible. For the variabil-
ity analysis, the foundry engineer can use these 2D histograms to refine the variability analysis
by concentrating only on certain feature sets.
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The similarity measurement used for computing the clusters is the Euclidean distance (Section
2.3).

Features are not represented by a single data point, but by a connected set of voxels. To
be able to cluster this information we decided to choose the centre of gravity as a distinctive
representative for every feature. Equation |3.1| shows how the centres of gravity are computed:
For a certain feature ¢, the sum of all voxel positions V,, is build and then divided by the total
number of voxels v. Applying this formula to every feature f; leads to a set of 3-dimensional
vectors 5;. The 3-dimensional centres of gravity .5; are used as input for the data clustering
algorithm.

1 v
A a 1
S Un;)v (3.1)

Additional user-input is required to specify some clustering-specific parameters. We imple-
mented two different clustering approaches, mean-shift and k-means++, to be able to compare
the different results (Section [5.1.1).

Mean-shift is a method to seek the maxima of a density function given by discrete data sam-
ples. It uses a kernel of a certain size to iteratively re-estimate its mean based on the nearby data
points (Section[2.3.2). The approach is started from a random list of sample points. The iteration
is repeated until the mean’s position does not change any more - then the mean represents the
maxima of the density function at this point. Therefore, the user has to define two parameters
for this clustering approach:

e Sample Points: We decided to use a regular grid of initial sample points which is spanned
over the whole volume data set. The user can define the total number of grid points (e.g.
64, 125, 216 ...).

o Kernel Size: The user can define the size of the mean-shift kernel by specifying a radius
value.

Both parameters greatly affect the clustering result (Section [5.1.1)). If the grid of initial sample
points is not dense enough, it may happen that several maxima will not be found. A very dense
grid increases the chance to find all available maxima, but increases the computational effort as
well. The kernel size defines how many nearby data points are considered when re-estimating
the kernel’s mean. It has to be chosen carefully, since a kernel size that is too small will result in
slow convergence. On the other hand, a kernel size that is too big might merge several modes.
However, it is guaranteed that the final convergence of the mean-shift clustering is independent
of the chosen kernel size (Section [2.3.2)).
To speed up the calculations, two rules are defined:

e The iteration is stopped and the cluster is discarded if a mean-shift kernel does not cover
any data points. This way all initial sample points that are only surrounded by air are
eliminated from further calculations.
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e The iteration is also stopped if a mean reaches a position that has already been reached by
another mean. In this case both iteration paths would lead to the same result; therefore it
is only necessary to follow one of the ways completely.

Although computationally still intensive, the mean-shift algorithm performs very fast which
enables the user to try out different parameter settings when deciding on a certain clustering.
The quality of different clusterings is evaluated visually by the user as described in Section
4.2.1

k-means++ clustering uses the iterative k-means clustering algorithm together with a more
sophisticated way of selecting the initial data samples. For classic k-means clustering the initial
data points are selected randomly, whereas k-means++ clustering aims at spreading the initial
cluster centers away from each other. The process is briefly described in Section [2.3.1]

Unlike the mean-shift algorithm, k-means++ always takes into account all available data
points to adjust the given mean values (Section [2.3.1)). The initial means are chosen from the
set of data points and then iteratively re-estimated according to the nearby data points. The k-
means++ algorithm needs to know in advance how many clusters should be created. Therefore,
the user has to define only one parameter: the number of clusters. All other computations
(selection of initial sample points and iterative mean re-estimation) are executed automatically.
Like the mean-shift algorithm, the k-means++ algorithm performs very fast which enables to
give immediate feedback to the user.

The user has to compute the clustering for every given object separately. The reason for this
is, like for the defect detection, that it may be necessary to adjust parameters according to certain
object individualities. Visual feedback is provided to the user to help decide whether the current
clustering is appropriate (Section 4.2)). At the end a list of regions of high feature concentration
(clusters) is created for every object (Figure[3.3).

Every cluster has the following parameters:

e Mean: The location of the cluster’s centre of gravity, which in fact defines the location of
the cluster. It consists of a 3-dimensional vector, defining a voxel position.

e Size: It is assumed that all clusters are sphere-shaped; therefore the size defines the radius
of the cluster. The size is computed after the iteration stopped and the cluster’s final
position has been found (Section [2.3.1)). Then the cluster size is defined as the distance
from the mean to the outmost feature covered by the cluster.

o Number of features: The number of features covered by this cluster.

It may happen that clusters overlap in case that their means are close together. Then features will
be covered by more than one cluster. Although solutions exist to avoid this [[5,/61]], we finally
decided to allow cluster overlaps. The reason is that further analysis stages do not concentrate
on individual features, but on the clusters itself. Therefore, it is important to keep the full cluster
information and not to find an optimal division of the underlying data points. However, overlaps
have to be considered during exploration (Section §.2)).
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Figure 3.3: This figure shows how a clustering for the 11 selected features in (a) may look like.
The clustering has been calculated using the mean-shift algorithm, which has divided the data
into 4 clusters (b). The location and size of the final clusters are illustrated, whereas their means
are painted as dark points. Other examples for clusterings can be found in Figures[3.4|and[3.3]

Variability Analysis

The region-based variability analysis approach aims at tracking regions of high feature concen-
tration (RHCs) through a test run. RHCs are represented by clusters which have been computed
during the clustering stage. The variability analysis now uses this information to answer the
question whether RHCs exists that tend to appear in more than one object within a given test
run. If this is the case, this means that the manufacturing process has a certain probability to
produce defective parts.

The variability analysis merges the cluster information of different objects computed during
the clustering step. Cluster merging is done based on their spatial location, whereas a cluster’s
location is defined by its mean. Since it is required that all given volume data sets are aligned,
it can be assumed that clusters at approximately the same spatial position actually refer to the
same RHC within the prototype (Figure [3.6). Therefore, such clusters are merged to form one
RHC in the further process.

However, due to differences in the feature distribution within the given objects it is very
likely that cluster means do not exactly exhibit the same voxel positions in all data sets (although
they refer to the same RHC). Therefore, the variability analysis algorithm tolerates small shifts
between the cluster means. Two overlapping clusters will be still assumed to represent the same

31



(b)

Figure 3.4: This figure shows how a clustering for the 259 selected features in (a) may look like.
The clustering has been calculated using the mean-shift algorithm, which has divided the data
into 6 clusters.

RHC, if their overlap is great enough. Their means both have to be covered by the other cluster
respectively. In summary, two clusters are merged if:

e their means are located at the same voxel position,

e or their means are not located at the same voxel position, but the mean of the first cluster
is covered by the second cluster and vice versa.

Using these rules it is possible to start with a set of clusters of one object and find all existing
counterparts in all other given objects. This somehow tracks clusters through the given test run
(Figure [3.7). The tracking is done for every cluster available within every object O; to not lose
any information. This leads to a final list of clusters available within the prototype P. These
final clusters can then be classified by counting the number of objects they appear in. The test
run produced for this thesis consists of three objects. Therefore, it was possible to identify a
maximum of three different cluster variability classes: 1 - cluster appears in one object, 2 -
cluster appears in two objects, 3 - cluster appears in all three objects. The higher the variability
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Figure 3.5: This figure shows how a clustering for the 2563 selected features in (a) may look like.
The clustering has been calculated using the mean-shift algorithm, which has divided the data
into 21 clusters. Some of the clusters seem to overlap, but they are actually located successively.
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Figure 3.6: Two objects O1 and Os in (a) contain a set of features that are concentrated in a
certain region respectively. After data clustering these regions are represented as two clusters,
named C1 and Cy in (b). Since the data sets are aligned, the locations of the clusters C'y and Co
are located at the same spatial location within the prototype P. Therefore, the clusters C1 and
Cs can be summarised as the cluster C; within the prototype P in (c).

class, the more objects exhibit a cluster, and the more important it is therefore to carefully inspect
this region when analysing the manufacturing process.

The parameters of the resulting clusters are computed as the arithmetic average of the cluster
values they are connected to. Equation [3.2] shows how the size s;, mean m; and number of
features f; are computed for a cluster C;. The number n represents the number of clusters the
current cluster C; is connected to.
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Figure 3.7: Three objects O1_3 contain a set of clusters respectively. For the top cluster (painted
in red) it is possible to track it over the whole test run since it can be found in all objects. The
middle cluster (painted in blue) can only be found in the objects O1 and Os. The third cluster
(painted in green) is only available in the last object. This leads to a classification of the clusters
within the prototype P in three classes (1,2 and 3) based on their availability within the test run.

1n—1 ln—l 1n—1
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During the merging phase all clusters in all objects are inspected to see if cluster pairs in
other objects can be found. If this is the case, the cluster counterparts are marked to avoid
multiple assignments. Algorithm [3.1]gives a description of the algorithm in pseudo code. There
it can be seen that the analysis is started for every cluster within all objects of the input set (line
1 and 2). The function ClusterList(object) returns all clusters that belong to a certain object.
Only clusters that have not already been merged are taken into account (which is checked by the
function State(cluster, state). Then the function EqualPositions(cluster, cluster) tests whether the
positions of two clusters are equal (line 6), where small shifts between the means are allowed. If
a new cluster [ is found that belongs to the same region as the current cluster c, it will be added
to the merge list of ¢ (line 7). Then c’s size is updated (line 8), and I’s state is set to merged
(line 9).

Applying the variability analysis described in this Section to a test run leads to a list of clus-
ters for a certain prototype that can be classified by their variability parameter v. v is defined
by the number of objects the cluster appears in (i.e. how many times it could be merged with
another cluster from another object). Furthermore, each cluster is sphere-shaped and has a posi-
tion (mean) m, a size s and a number of corresponding features f. This information can then be
used to enable the visual exploration for the user (see Section§.3.1).

3.3.2 Feature-based Variability Analysis

Another type of analysis approach described in this thesis is the feature-based variability anal-
ysis. Foundry engineers are not only interested in the fact whether regions of high feature con-
centration appear in more than one object, but also in the fact whether large features can be
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Algorithm 3.1: Region-based variability analysis

input : set of objects Sp
output: list of clusters P for a prototype P

1 v=0;

2 for object o in Sp do

3 for cluster c in ClusterList(o) do

4 if State(c, 'merged’) == false then

5 for object p in Sp and o /= p do

6 for cluster I in ClusterList(p) do
7 if EqualPositions(c, [) == true and State(l, 'merged’) == false then
8 Merge(c, 1);

9 CalculateNewSize(c, 1);
10 SetState(l, *merged’);
1 end
12 end

13 end

14 end
15 end
16 end

tracked in the test run. In the case where large defects appear in some of the objects, it is im-
portant to know whether these are just outliers or whether the casting material tends to produce
holes or does not completely fill the mould in certain parts. The feature-based variability anal-
ysis approach directly uses the defect detection information without computing regions of high
feature concentration first. Unlike clusters, features do not exhibit geometric parameters like a
centre (mean) or a size value, but they are rather defined by a set of connected voxels (Section
[2.1.2). Therefore, when trying to spot overlaps between features of different objects, the analysis
approach needs to operate on voxel-based data.

The feature-based variability analysis starts by creating a temporary variability volume V.
This volume exhibits the same dimensions as the objects of the test run. Since the objects are
aligned, the position of a voxel v; within an object O; is the same as the position of a voxel v;
within V. Based on these assumptions, a voxel-based approach can be used to assign the voxels
of V avariability class. A voxel variability class defines in how many objects a voxel is marked
as a feature voxel. To get this information, counters are assigned to every voxel in V. Before
starting the analysis, all counters are initialised by being set to zero. During the analysis all
objects are scanned, and the counters in V' are increased every time object voxels can be found
that are marked as feature voxels (Figure[3.8). A high counter at the end means that the voxel v;
within V' is a feature voxel that appears in more than one object.

Algorithm [3.2] gives a description of the algorithm in pseudo code. Before starting the anal-
ysis, the voxels in volume V have to be initialised (Initialise(volume)), which means that their
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Figure 3.8: Feature-based variability analysis. This analysis approach directly uses the defect
detection information without computing regions of high feature concentration first. For every
voxel position v; it is counted how many times it represents a feature voxel in the objects O;. In
this figure the coloured regions mark large features in the objects O1_3. The voxel position vy
represents a feature voxel in all three objects, whereas the voxel position vs is only covered by a
feature in object O1 and Oz (not in object O3).

counters are set to zero (line 1). Then for every object o the list of corresponding features (pre-
viously calculated by the defect detection) is allocated by the function Features(object). Every
feature f consists of a set of connected feature voxels (line 3), which can be allocated by the
function FeatureVoxels(feature). For every feature voxel v, the counter of the corresponding
voxel in V' is increased by one (line 4) by using the function IncreaseCounter(volume, voxel).

Algorithm 3.2: Feature-based variability analysis

input : set of objects Sp
output: counter c assigned to every voxel v in variability volume V'

1 Initialise(V);

2 for object 0 in Sp do
3 for feature f in Features(o) do

4 for voxel v in FeatureVoxels(f) do
5 ‘ IncreaseCounter(V, v);

6 end

7 end

8 end

At the end, the counters of all voxels in the variability volume V' have been set to a certain
value ¢, where 0 < ¢ < j and j represents the number of objects. A counter value of zero means
that no feature voxel can be found at this place in any of the objects. A counter value of one
means that features can only be found in one of the objects and therefore they are very likely to
be classified as outliers. Voxels with a high counter value show areas of overlapping features of
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different objects and will therefore be of high interest. The information stored in V' is used to
build the data sets needed for exploration (Section 4.3.2).

3.4 Results

After applying the variability analysis computations to a certain test run, the results need to be
visualised in a way that they can be explored by the user. This involves the creation of two main
data sets: the prototype volume and the variability volume. The prototype volume is a digital
representation of the prototype that builds the basis for the exploration. The variability volume
stores the information computed during the analysis stage in a per-voxel format.

3.4.1 Prototype Volume

Since the approach described in this thesis aims at analysing a mould’s suitability for serial
production, the user’s interest concentrates on the mould’s cavity. Its shape represents the work
piece that should later be produced. However, the prototype exists only as a production plan at
this stage and no digital representation of it is available. To visualise it, the prototype’s shape
has to be gained from the shapes of the available objects within the test run.

A possibility to obtain a digital prototype representation would be to simply select one of
the objects and make it become the prototype’s representative. However, this may lead to an
incorrect solution, since objects may exhibit failures (e.g. misruns) that cause differences from
the prototype’s outer dimensions. If the wrong object was chosen, the prototype’s dimensions
will not be displayed correctly. Therefore, it has been decided to reconstruct the prototype based
on all available objects instead. The average density volume of all input data sets is computed
and assumed to represent the prototype. By averaging the data, object individualities (i.e. small
defects or misruns) are filtered out and the prototype’s size is reconstructed considering the size
of all available objects. The new data set exhibits the same size and resolution as the objects’
ones. This new prototype volume builds the basis for all further exploration steps (Section |.I)).

3.4.2 Variability Analysis Volume

The variability analysis information computed during the analysis stage has to be prepared in a
way that it can be used during the exploration stage (Chapter ). The most important parameter
gained through the analysis is the variability class of certain objects parts. Based on the type of
variability analysis, variability classes are either assigned to clusters or to feature voxels. The
exploration for both analysis types is predominantly based on this parameter.

It has been decided to store it as a a per-voxel information, regardless of the variability anal-
ysis type chosen. Since the feature-based analysis is already based on voxel-based information,
the results can be directly transferred into the variability volume. In case the region-based ap-
proach has been chosen, the resulting clusters are defined by all voxels that are inside them. For
both analysis types, a 3D variability volume is used to store the variability analysis results. This
volume is later used during exploration to build a 3D texture out of it (Chapter {)). The only
difference between a region-based variability volume and a feature-based variability volume is
the amount of information stored per voxel.
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Region-based approach

The region-based variability analysis results in a list of clusters that exhibit the following pa-
rameters respectively: mean, size, number of features and variability class. Now, for preparing
the variability volume, the clusters have to be represented by the set of voxels they cover. When
preparing the variability volume, the list of clusters is scanned and every voxel covered by a
cluster is assigned the corresponding information. At the end, the following data is stored for
every voxel:

e Variability class: The variability class the cluster belongs to. It will be set to 0 if no
variability information is available - this means that the voxel is not covered by any cluster.

e Radius: This value is computed as the distance between the cluster mean and the current
voxel’s position.

e Size: The size of the cluster the voxel belongs to.

e Control parameter: This control parameter is set to 0 if the current voxel does not belong
to a cluster, and set to 1 otherwise. This parameter currently reflects the same information
as the variability class, but it has been introduced in case it might be needed for future
work (Chapter [6)).

The variability class information is the most important one since it defines the visibility and
colour of this voxel. Its value is consistent for all voxels covered by a cluster. The information
about the radius and the cluster’s size are needed to reconstruct the voxel’s position within the
cluster. This is on the one hand needed to adapt the voxel’s opacity according to its distance
from the cluster mean, and on the other hand it allows hiding cluster parts by specifying the
transfer function accordingly (Section4.3.1)).

Feature-based approach

The feature-based variability analysis results consist of a 3D volume where a variability class is
assigned to every voxel. Since this volume is of the same size as the prototype, the variability
volume’s voxel information is directly used to build the variability volume. The voxels’ counter
values represent the variability classes. This values range between 0 and 7, where ¢ is the number
of available objects. A counter value of 0 means that no feature voxel can be found at this
position in any of the objects, therefore no variability information is available at this point. In
fact the counter values can be simply copied from the feature-based variability analysis results
to form the variability volume. This is possible since the data set used for this thesis consists
of only three objects. It is possible to handle even more objects, but then it might be necessary
to include additional calculations to limit the maximum number of variability classes (Section
[6.2.5). In the case of three objects, this results in a maximum number of three variability classes,
which is optimal for exploration. If more variability classes are present, it might be necessary
to adapt the structure of the 2D histogram (Section [4.3.T)) to preserve clearness and usefulness

(Section[6.2.3).
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CHAPTER

Exploration

The exploration stage is the most visible process step for the user. The provided exploration
techniques allow the foundry engineer to visually explore the results of the analysis. Within
the variability analysis pipeline described in this thesis, two different stages can be found where
exploration becomes important: At first visual exploration techniques are used during the region-
based variability analysis to decide on whether a current clustering is accurate. Additionally,
exploration is used to display the final results of the variability analysis. Both exploration tasks
are based on the computations of the previous analysis stages. However, the complexities from
the pre-computation steps are hidden to a large extent.

All explorations are embedded into a 3D volume rendering of a volume data set, which is
either a casting object or the casting prototype (Section [3.4.1). Using a 2D histogram and user-
defined widgets it is possible to select parts within the volume that should be displayed. This
way the foundry engineer can select regions of interest and assign them a certain colour.

The first Section describes the rendering of 3D volume data sets, which forms the basis
for further exploration techniques. The two types of exploration techniques (cluster and results
visualisation) are described in Section4.2]and

4.1 Volume Rendering

The high number of data points produced by industrial CT scanners greatly improves the pre-
cision and detail of the resulting models, but also increases the size of the volumetric datasets.
Furthermore, work pieces used in foundry trials can be very large (e.g. engine parts), which ex-
tends the amount of available data even more. Today’s graphics hardware offers a large amount
of on board memory which allows ray casting algorithms to run on the graphics processing unit
(GPU) and achieve real-time frame rates (Section [2.2.1)). However, the size of texture memory
is still limited. In most cases the rendering of single volume data sets can still be handled. How-
ever, the limited memory leads to a problem when trying to include variability analysis specific
exploration. Due to the use of a 3D variability class texture (Section [3.4.2)), the texture memory
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Figure 4.1: Clustering results visualised by a bar chart. Every cluster is represented by a
horizontal bar, which are sorted along the y-axis according to their size. The length of the bars
indicates how many iterations it took to find the final position of the corresponding cluster (the
first grey part depicts the initial cluster position). A well-defined clustering like in (a) indicates
that is has been applied to a well-structured set of data points. 3 clusters have been generated in
up to 2 iteration steps. A more varying result like in (b) is produced when applying the clustering
to scattered data points. There it took up to 4 iteration steps to find the final positions of all 18
clusters. For the user this block chart visualises the number of clusters and the distribution of
cluster sizes. Furthermore, this histogram can be used to paint features in colour according to
their cluster membership (Figure d.2)).

allocated is twice the size of the volume data. Even modern GPUs may not be able to handle
such memory requirements, especially if the digitised work pieces are of a very large size.

The high-quality hardware volume renderer (HVR) used in this thesis is a hardware-based
rendering approach which includes several performance optimizations [84]. One of them is
empty space skipping which represents a solution to handle the memory requirements of large
volumetric datasets during rendering. This approach first subdivides the volume into small
blocks containing a fixed number of voxels. Then only non-empty blocks with opacity greater
than zero become active and form the data-dependent bounding geometry. Since in industrial CT
parts a significant number of voxels are usually part of the background (i.e. air), this approach
skips unneeded data. In the next step, culling determines a list of active bricks (with opacity
greater than zero) that are packed into a single 3D brick cache texture, which is loaded onto the
GPU. Further information can be found in the work by Laura Fritz [29]]. The actual rendering of
the volume data set is done by ray-casting in the fragment shader.
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4.2 Feature Clustering

When using region-based variability analysis, regions of high feature concentration are obtained
by applying a clustering approach to the data (Section [3.3.1). Finding an optimal clustering
solution is NP-hard (Section [2.3.3)), which makes it impossible to provide an ideal result au-
tomatically. Therefore, the user applying the clustering algorithm has to find out whether the
current solution is appropriate, or whether the clustering parameters need to be adjusted. In this
approach, visual feedback is provided to help the user make a decision. The general idea of
this visualisation is to paint features in a user-defined colour based on their cluster membership.
Furthermore, the user can reconstruct the cluster creation on a time line. However, the automatic
evaluation of clustering results is a subject for future work (Section [6.2.T)).

4.2.1 Evaluation of Clustering Results

Clusters can be explored by specifying a transfer function in the 2D domain of cluster_id and
iteration_step. The transfer function is specified by user-defined 2D solid widgets as described
by Khniss et al. [55]. The clustering results are displayed in a bar chart view in the transfer
function panel (Figure {.T). Every cluster is represented by a horizontal bar, which are sorted
along the y-axis according to the clusters’ size. The size of a cluster is given by the number of
features it covers. The x-axis of the chart is divided into smaller parts of equal length which
represent the iteration steps that were necessary to build the clustering. The longer a certain bar,
the more iteration steps it took to find the final position of the corresponding cluster.

The clustering process can be reconstructed by dragging a widget over different block seg-
ments, since this will highlight all features covered by the corresponding cluster in the selected
iteration step (Figure.2). For the user this visualisation is helpful to reconstruct and understand
how clusters are created. This can help to answer why certain regions inside the volume will
never be covered by a cluster. The last block segments (i.e. the last iteration steps) represent the
final positions of the corresponding clusters respectively. Positioning widgets over these seg-
ments will display the final results of the clustering by painting features in colours according to
their cluster membership (Figure 4.3).

The cluster exploration helps the user decide on the quality of the current clustering result.
For example, if the kernel size for mean-shift clustering was set to a too big value, this will
result in one big cluster containing all features. On the other hand, if the kernel size was too
small, too many clusters containing only a very small number of features would be created.
Although mathematically correct, such clusterings will not produce appropriate results when
used for further variability analysis computations (Figure {.3).

Due to the further computations within the variability analysis it had been decided to allow
overlaps between final clusters (Section[3.3.1)). It may happen that features are covered by more
than one cluster, which affects the results of the exploration. Features are painted according
to the widget’s colour that has been placed at last, so it may happen that the colour of another
widget is overwritten. This has to be considered by the user when exploring overlapping clusters.
See also future work addressing this topic (Section [6.2.2)).
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Figure 4.2: This figure shows how the user can drag a widget over a histogram in the dimension
of cluster size and iteration steps to visualise cluster creation process. In the first step, which
in fact is the initial cluster position, only one feature is covered by the cluster (a). Based on
this data, the cluster’s mean is shifted, which makes it cover already three features after the first
iteration (b). The mean is shifted again until the cluster covers four features at the end (c).

4.2.2 Feature Colour Lookup

The visualisation is based on a 2D transfer function in the domain of cluster_id and itera-
tion_step which is specified by user-defined widgets. For every widget the list of features
covered by it can be estimated from the underlying bar chart values. For every bar segments
it is known which features are covered by the corresponding cluster in the given iteration step.
Additionally, every widget exhibits a user-defined colour. This leads to a creation of a colour
lookup table, i.e. a 1D 16-bit texture in OpenGL, mapping feature ids to a certain colour. If
no user-defined colour can be found for a feature, its voxels are coloured using the default 1D
density texture value. The actual feature id of a voxel is retrieved with a lookup in the feature
growth table as described in [29]]. The pseudo-code (similar to GLSL) in Algorithm [.1]illus-
trates the main steps that need to be done in order to determine the colour and opacity (without
shading) of a sample as RGBA. The evaluation of this scheme is done within a GPU fragment
shader program during ray-casting.
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Figure 4.3: Example for validating clustering results. All features covered by a cluster are
painted in the corresponding user-defined cluster colour. In (a) an appropriate clustering so-
lution for the given object part is shown, which can be used for further analysis computations.
In (b) an example for a non-appropriate clustering is shown. There clusters are too small (they
only contain at most two features) to reflect the underlying feature distribution. This results from
the fact that the number of clusters has been set too high for the k-means algorithm. In this case,
clustering parameters still need to be adjusted.

Algorithm 4.1: Feature colour lookup

1 float density = texture3D(density_volume, sample_coord3);

2 vec2 feat_vox = texture3D(feature_volume, sample_coord3);

3 float birthID = feat_vox.x;

4 float birthTime = feat_vox.y;

5 if (birthID == ID_NONE || birthTime > T_CUR) then

6 ‘ out = texture I D(tf1D, density);

7 else

8 vec2 fsmap = texture2D(growth2D, vec2(T_CUR, birthID));
9 float curlD = fsmap.y;

10 out = texture 1D(colour1D, curlD);
1 if (out.a == 0.0) then

12 ‘ out = texture 1D(tf1D, density);
13 end

14 end

4.3 Variability Analysis Results

The visual representation of the results is the basis for evaluating the results (Chapter [5). The
predominant exploration parameter is the variability class (Section [3.4.2). According to the
variability analysis type used, it is possible to specify the visibility and colour of either clusters
or feature voxels respectively. 2D solid widgets as described by Kniss et al. [[55]] are used to
explore the variability classes’ space.
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Figure 4.4: This figure shows the results of the region-based variability analysis. They were
created by using the test data set which was prepared for implementing this thesis (Section [3.1))
which consists of three objects. A total of three variability classes was created, which can be
seen in the block chart in (b). Using this block chart as a 2D transfer function the resulting
clusters can be colourized (a). Two regions (painted in red) occur in all available objects, one
region (painted in blue) appears in two objects and one region (painted in yellow) appears in

one object only.

All exploration techniques are based on the visualisation of the profotype volume (Section

3.4.1). Additionally, the variability volume is used to store the variability class of all voxels in
the prototype volume. During rendering, a single texture fetch from this 3D variability texture

yields everything needed to reconstruct the voxel’s variability class.

4.3.1 Results of Region-Based Analysis

The region-based variability analysis results in a list of clusters with a certain variability class,
position and size. Each cluster represents a region of high feature concentration within the given
prototype. Additionally, the variability class defines if a region tends to appear in more than
one object within the given test run (Section [3.3.1). Therefore, the visualisation parameters are
the region’s location, the region’s size and its variability class. During exploration, the cluster’s
visibility and colour can be specified by a user-defined transfer function.
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Figure 4.5: The size of the explored clusters is adjustable via the length of the widgets. The
complete clusters are displayed in (a), whereas only the inner homogeneous parts around the
mean are shown in (b). This exploration technique allows gaining a better overview over the
cluster distribution as well as exploring the full cluster dimensions.

Cluster Exploration

The clusters’ variability classes form the predominant visualisation parameters. The visibility
and colour of cluster groups is selected based on their corresponding variability class instead of
other cluster parameters (e.g. id or size). The visualisation parameters specified for a certain
variability class are applied to all voxels that exhibit this class. The basis for exploration is a
block chart in the two dimensions of variability and cluster size. Horizontal blocks represent
a variability class respectively, whereas the most important class is displayed on top of the y-
axis (Figure [4.4). The importance of a variability class is defined by the number of objects it
represents (i.e. regions that appear in more than one object are considered to be more important).
The length of the bars on the x-axis depict the size of the clusters exhibiting the corresponding
variability class. Therefore, the visible clusters can be defined by placing widgets over the
blocks representing the variability classes of interest. Additionally, the size of the explored
clusters is adjustable by varying the length of the widgets (Figure [4.3). The exploration is the
basis for evaluating the results (Section[5.1)). It visually prepares the most important information
(i.e. clusters’ variability class, location and size) and allows the user to interactively explore the
results. Regions of high feature concentration have been defined and are displayed to the user
based on the number of objects they appear in.
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Transfer Function

The visualisation is realised through a 2D transfer function approach, wherein the rendering of
the prototype volume is defined by a 1D density transfer function. The cluster exploration is
based on the values stored in the variability volume (Section [3.4.2)). The purpose of the variabil-
ity volume is to store the per-voxel information needed during exploration. This information is
transferred to a 16-bit two-channel 3D texture, e.g., a luminance-alpha texture in OpenGL [85]].
The per-voxel information stored consists of the variability class, radius, cluster size and control
parameter (Section [3.4.2)). A single texture fetch from this 3D texture yields everything needed
to reconstruct the voxel’s variability class and position within the cluster.

The user-defined selection of widgets specifies visibility, colour and size of the explored
clusters. The user-defined information is transferred into two 1D lookup tables. The first one, the
variability colour table, maps variability classes to the corresponding widget colour. The second
lookup table, the size table, maps the widget’s length to a certain opacity value. Therefore, the
visibility and colour of cluster voxels can be specified by two texture lookups.

Algorithm 4.2: Cluster Exploration

input: float scaling

1 vec4 variability_params = texture3D(variability_texture, samplepos);
2 vecd radius = texture1D(radius_texture, variability_params.r);

3 float sample_radius = variability_params.r * scaling;
4 float min_radius = radius.r;
5 float max_radius = radius.g;

6 if (sample_radius > min_radius && sample_radius < max_radius) then
7 ‘ out = texture 1 D(variability_color_texture, variability_params.r);

8 else

9 ‘ out = texture I D(tf1D, density);

10 end

Algorithm[4.2)illustrates the main steps that need to be done in order to determine the colour
and opacity (without shading) of a sample as RGBA. The evaluation of this scheme is done
within a GPU fragment shader program during ray-casting. In the first two lines of the algorithm
all information necessary to decide on the visibility and colour of the current sample is obtained
by two texture lookups. The 3D texture variability_texture stores the variability class (variabil-
ity_params.r), the radius (variability_params.g), the total cluster size (variability_params.b)
and a control parameter (variability_params.a) of the current sample (Section 3.4.2). The 1D
texture radius_texture stores the user-defined selection which parts of the clusters are currently
visible per variability class. The interval are given by a minimum (radius.r) and a maximum
(radius.g) value. In line 3 to 5 the current sample’s radius within the cluster (sample_radius) is
determined which is needed to decide on the visibility of this parts (Figure d.5). Based on this
information, the sample is either coloured with the user-defined colour (line 7), or it is assigned
the colour specified by the 1D density transfer function (line 8).
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4.3.2 Results of Feature-Based Analysis

The feature-based variability analysis results in per-voxel counters for every voxel inside the
prototype, which denote the voxels’ occurrence as feature voxels within a certain number of
castings. The only visualisation parameter is the variability at every voxel position. During ex-
ploration, the colour of certain sets of voxels can be specified by a user-defined transfer function.

Feature Voxel Exploration

The voxels’ variability class forms the predominant visualisation parameter. User-defined colours
can be specified for certain variability classes, which are then applied to all voxels that exhibit
these classes. Voxels with a variability class of 0 are not taken into account for the visualisation,
since no variability information is present at these positions.

variability ———

variability

feature voxels ————— @) feature voxels — (b)

Figure 4.6: Visualisation of feature-based analysis results. A 2D block chart in the dimensions
of variability and number of voxels is the basis for specifying the transfer function parameters.
(a) In this example three variability classes are available, and most of the feature voxels exhibit
the middle variability class (2). The visibility and colour of feature voxels can be defined by the
user by placing widgets over the blocks like in (b). The corresponding feature voxels are painted
in the user-defined colour (Figured.7). Since the underlying data is 1-dimensional (variability
class), the transfer function is defined by the y-position of a certain widget, since this indicates
the corresponding variability class. The widget’s length as well as its position on the x-axis are
not used to control the visualisation.

The basis for exploration is a 2D block chart in the dimensions of variability and number
of voxels. Horizontal blocks represent a variability class respectively, sorted by their relevance
(the most important class is displayed on top). The importance of a variability class is defined
by the number of objects it represents (i.e. feature voxels that appear in more than one object are
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considered to be more important). The length of the blocks along the x-axis depict the number
of feature voxels exhibiting the corresponding variability class. It illustrates how the available
feature voxels are split up into the available variability classes. The user specifies colours of
feature voxels by placing widgets over the variability class of interest (Figure [4.6).
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Figure 4.7: Result of feature-based variability analysis. The results were created by using the
test data set which was prepared for implementing this thesis (Section[3.1)) to which a hemisphere
of feature voxels was added to simulate a hole (Sectiond.3.2)). Due to the current user-defined
selection (b), all feature voxels with a variability of 2 are painted in green colour (a). It shows
that the hole (as well as voxels of other features) appears in two of the three objects.

Figure [4.7)shows a typical result of a feature-based variability analysis. It was created using
the test data set which was prepared for this thesis (Section [3.1)) together with some additional
adaptations to simulate a hole. The original data set only contains small features, wherefore
additional data was added to create a large feature (the hole). Large features are better suited to
be used for the feature-based approach, since they are more likely to produce overlaps within
the different objects. This difference can be also seen in Figure where small features are
hardly recognizable. The user-defined selection used in Figure shows all feature voxels that
exhibit a variability class of 2 (at a total number of 3 variability classes available). It can be seen
that the hole as well as voxels of other features appear in two of the three objects. Furthermore,
the initial sizes and shapes of the features is still visible, which is not the case when using the
region-based analysis approach.
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The main purpose of the feature-based analysis is to check whether large features like holes
tend to appear in more than one of test castings. The reason for this is that large features are more
likely to produce overlaps with features of other objects than small ones. Since the region-based
analysis results are based on the features’ centres of gravity and not on their actual shapes and
sizes (Section [3.3.1)), the feature-based analysis approach is better suited to analyse the extends
of large features like holes. Furthermore, the exploration results can be used to analyse the
feature distribution of the prototype (Section[5.2).

Transfer function

The variability visualisation is realised through a 1D transfer function approach with an ad-
ditional 1D density transfer function that defines the rendering of the prototype volume. The
variability class of all voxels of the prototype volume is stored in the variability volume (Section
@]}. This information is transferred to a 16-bit two-channel 3D texture, e.g., a luminance-
alpha texture in OpenGL [85]]. The user-defined selection of widgets specifies visibility and
colour of the explored variability classes. The user-defined information is transferred into one
1D lookup table which maps the variability class to a certain colour.

Algorithm[4.3|illustrates the main steps that need to be done in order to determine the colour
and opacity (without shading) of a sample as RGBA. The evaluation of this scheme is done
within a GPU fragment shader program during ray-casting. In line 1 the variability class for the
current sample is fetched from the variability volume (Section represented by the texture
variability_texture. In line 2 it is checked whether the current sample exhibits a variability class.
If so, the corresponding colour is fetched from the 1D texture variability_color_texture. It may
happen that the sample exhibits a variability class, but the user has selected to not display voxels
of this class. In this case the alpha value of the fetched colour will be zero. Therefore, the
sample is assigned the corresponding colour from the 1D density transfer function in this case
(line 5). Furthermore, if the sample does not exhibit a variability class, it is also assigned the
corresponding value from the texture #f/D (line 8).

Algorithm 4.3: Feature Voxel Exploration

o

vec4 variability_params = texture3D(variability_texture, samplepos);

2 if (variability_params.a > 0.0) then
3 out = texture1 D(variability_color_texture, variability_params.r);
4 if (out.a == 0.0) then
5 ‘ out = texture 1D(tf1D, density);
6 end
7 else

8 ‘ out = texture I D(tf1D, density);
9 end
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CHAPTER

Results

The last stage of the variability analysis pipeline is the interpretation of the results based on the
visual representation described in Chapter[d] For the user this is the most important process step,
since further steps regarding the mould design process are decided here.

The first two sections of this chapter discuss the results of the variability analysis approaches.
Section[5.1|describes the results of the region-based variability analysis and Section[5.2]analyses
the final outcome of the feature-based analysis approach. The last Section (5.3) discusses the
performance and memory requirements of the described algorithms.

5.1 Region-based Variability Analysis

The region-based variability analysis uses regions of high feature concentration to analyse the
variability within a foundry trial. The analysis mainly consists of two parts: feature clustering
and variability analysis. Both parts require user input which is assisted by visualisation tech-
niques described in Sections {.2]and [.3.1]

5.1.1 Feature Clustering

The cluster visualisation helps the user decide whether a current clustering is appropriate for
further calculations. An ideal result cannot be provided automatically since the task of finding
an optimal clustering solution is NP-hard (Section [2.3.3). The implemented visualisation paints
features in a user-defined colour based on their cluster membership. Furthermore, it is possible
to reconstruct the cluster creation on a time line.

For this thesis two different clustering approaches, mean-shift and k-means++, were im-
plemented to be able to compare the different results. k-means++ clustering uses the iterative
k-means clustering algorithm together with a more sophisticated way of selecting the initial data
samples, which avoids the sometimes poor clusterings found by the standard k-means algorithm
(Section 2.3.1). One important difference between k-means and mean-shift clustering is that
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k-means assumes that the number of clusters is already known. This makes this clustering algo-
rithm very sensitive to initialisations. Mean-shift, in contrast, does not assume anything about
the number of clusters, but needs some other parameters to be set in advance: the kernel size
and the number of initial sample points. The initial parameters, which are defined by the user,
may affect the clustering result.

For the k-means algorithm, the only parameter to set is the number of clusters that should
be created. This certainly affects the structure of the resulting clustering. Different qualitative
results can be created by changing this initial value (Figure[5.1). If the initial value was chosen
too small, too many different features will be combined into one cluster. If the number of
clusters was chosen too high, the final clusters will contain too few features and will not exhibit
any informative value. The k-means algorithm is very sensitive to outliers, because all available
data points are considered at every iteration step.

Mean-shift clustering uses kernels of a certain size and shape which are iteratively dragged
over the data points until their final position has been found. The user defines the size of the
kernels and the number of initial sample points. These parameters may affect the quality of
the resulting clustering (Figure [5.2)). The kernel size defines how many data points are taken
into account during iteration. A too large value may cause clusters to merge, whereas too small
values may cause artificial cluster splitting. The number of initial sample points has an effect
on the run-time of the algorithm at the one hand and on the resulting clusters on the other hand.
If the number of sample points was too high, the computational effort will increase. If too few
initial sample points were combined with a too small kernel size, some existing maxima will not
be found by the clustering process. In the worst case it all initial clusters will not contain any
features, which causes the clustering to fail.

For both clustering algorithms measures have been initiated to improve their performance.
Cluster computations are skipped if:

e a cluster is empty, or if

e a cluster reaches a position that has already been touched by another cluster.

This greatly improves the performance even in cases where a high number of initial sample
points is used (see also Section [5.3)). It has been observed that in a general setting one third of
the mean-shift calculations are stopped, because they reach a point that has already been reached
by another cluster.

The clustering algorithms have been tested on three different data sets (Figures and
[3.5). Based on these observations it has been decided that the mean-shift clustering algorithm is
the most appropriate one for the variability analysis described in this paper. The most important
advantage of this approach is that there are no embedded assumptions on the number of final
clusters. For the inexperienced user it is difficult to decide on the right number of clusters
beforehand by just having a look at the feature data. Furthermore, mean-shift clustering is not
as sensitive to outliers as the k-means algorithm.
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Figure 5.1: k-means++ clustering examples. The initial data set consists of a volume data set
with 11 features (a). Using this data, k-means++ was started twice with two different param-
eter settings. The resulting clusters and their corresponding means are painted in green. The
clustering in (b) was started with an initial value of 4 clusters to be created, which results in
an appropriate clustering result. In (c) an initial value of 9 was chosen, compared to a total
number of 11 available features. This leads to a bad clustering result where all created clusters
(except one) contain just one single feature.
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Figure 5.2: Mean-shift clustering examples. The initial data set consists of a volume data set
with several features (a). Using this data, mean-shift clustering was started with two different
parameter settings. The resulting clusters and their corresponding means are shown in green.
The user-defined value of the clusters’ kernel size effects the quality of the resulting clustering. If
the kernel size was chosen too large like in (b), only two big clusters were created. The different
kernel sizes result from the different underlying feature distribution. In (c) the kernel size was
chosen too small and therefore too many clusters were created containing about one feature
only. Both results are examples of poor clustering results.

5.1.2 Variability Analysis Results

The visualisation of the variability analysis results is the basis for the decision on the mould’s
suitability for serial production. The resulting clusters, which represent regions of high feature
concentration, are visualised based on their variability class. As described in Section .31} the
user can select certain variability classes of interest and skip others.

A summary of the complete region-based variability analysis pipeline can be found in Figure
[5.3] The input data used for this thesis (Section [3.1)) consists of three volume data sets with
corresponding sets of features. The features are combined into 4 clusters in every object, and
the clusters are then tracked across the complete series of input data sets. The tracking is done
based on the clusters’ spatial location. The resulting prototype volume then contains 5 clusters,
where 3 of them can be found in all input data objects. The most important task for the user is
the exploration stage (Chapter [)), where it is possible to explore the results from the analysis
computations.
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Figure 5.3: Summary of the region-based variability analysis. The input data (a) consists of a
series of volume data sets O1_3 and their corresponding features, which have been calculated
during the defect detection step (Section[3.2). This data is used to calculate clusters, which are
shown as spheres in (b). During the variability analysis, the clusters are merged based on their

spatial location. This information is combined and prepared for visualisation (c). An evaluation
of the results can be found in Section[5.1.2)
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The visualisation of the clusters exhibits three main parameters that are important for further
evaluation steps:

e Variability: Clusters are assigned a variability class that defines the number of castings
the cluster appears in. Clusters are grouped together based on their variability class for
visualisation. The higher the variability class, the more important it is to consider this
cluster during evaluation.

e Location: Each cluster appears at a certain place in the prototype casting. The location of
a cluster is defined by its mean (middle point).

e Size: The size of each cluster defines its spreading in the casting. Since the clusters are all
sphere-shaped, the size corresponds to the radius. The size is defined by the distance from
the cluster mean to the outmost feature.

These three parameters are taken into account when evaluating the results. All together they
comprise important information to make inferences on the variability of a foundry test run.

Evaluation of Results with Variability

Figures [5.3] and {4.4] show typical results of the region-based variability analysis. They were
created using the test data set which was prepared for implementing the thesis (Section [3.1)).
This data set consists of three castings, therefore a maximum of three variability classes are
available. Based on the visualisation of the results it is possible to draw conclusions on the
variability and feature distribution within the given data set:

The number of available variability classes in the block chart inside the transfer function
view depicts how many different variability classes are available. The more castings are available
within the foundry test run, the more variability classes can be possibly created. For evaluating
the results it is important to know whether clusters exists with a variability class value greater
than /. In Figure for example, three clusters with a variability class of 3 exists (painted in
red) and one with a variability class of 2. Such clusters demand special attention since they
represent regions of high feature concentration that appear in more than one test castings.

Another important information is the location and size of the clusters with a high variability
class. If they were located at areas where the future casting will have to withstand large forces
(e.g. high pressure) in use later on, it will not be possible to accept the mould to produce errors
in these regions. It will be necessary to evaluate the productions process in such cases. The size
of clusters defines how far the features are spread out in these regions. In Figure 4.4 the clusters
are quite small compared to the size of the casting. They are at most 9% of the object’s sizes,
which means that the mould produces errors in very narrow regions only. The foundry engineers
may decide to accept errors if they occur in defined object regions only. In cases were clusters
have a rather large size, resulting from features that are spread out over a large region, it may be
necessary to adapt the production parameters to reduce these errors.

The results allow drawing conclusions about the variability of a foundry trial, but they also
depict the feature distribution inside the prototype. The location and size of the clusters shows
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were the casting process is likely to produce errors. Furthermore, the size of the clusters pro-
vides information on how far the features are spread out over the object. As noted above, the
clusters in Figure .4] are quite small, which means features only occur in narrow regions. The
results coincides with the given test data (Section[3.T)), were boreholes were used to simulate the
occurrence of features. These boreholes as well as the resulting features are not scattered over
the whole object. When analysing the feature distribution it has to be taken into account that
the variability analysis computations are done on a user-defined feature selection (Section [3.2).
Therefore, the results may represent the analysis of a subgroup of features only. This way it is
possible to for example make inferences on the distribution of cracks in the prototype (see also

Figure[3.2).

Evaluation of Results without Variability

It may happen that the variability analysis approach locates several clusters, but is not able to
find any varying variability classes. In this case the variability class of / is available only, and all
clusters exhibit the same variability class. This means that regions of high feature concentration
can be located, but they all appear in one casting only. Figure [5.4] shows how the visualisation
of such results looks like: The block charts only contains one bar (one variability class), and it
is only possible to either select or deselect all available clusters.

A result containing only the variability class of 1 means that it is not possible to retrieve any
of the existing clusters within other objects of the test run. This in turn indicates that no region of
higher feature concentration exists in more than one object. In fact this is a positive result when
evaluating the serial-production readiness of a newly created mould. It means that no region can
be spotted were the production process tends to produce errors more than once. Such a result
will be expected after adapting production process parameters and having eliminated all possible
sources of errors. Nevertheless, the results can still be used to draw conclusions on the feature
distribution within the test run.

5.2 Feature-based Variability Analysis

The feature-based variability analysis finds overlaps of features of different objects within a
foundry trial based on the feature voxel data (Section [3.3.2)). This analysis type is mainly used
to locate large features or holes that appear in more than one object. The resulting feature voxels
are visualised based on their variability class, which is the main visualisation parameter. As
described in Section [4.3.2] the user can select certain variability classes of interest and skip
others. Figure shows a typical result of a feature-based variability analysis.

At the one hand, the results show overlaps between features of different objects of the test
run. This may concern complete features, or just parts of them. At the other hand, the feature-
based approach (like the region-based approach) can be used to analyse the feature distribution
inside the prototype. Through the visualisation regions can be identified where the production
process tends to produce errors in the prototype. Furthermore, it can be seen which types of
features are produced, since the shape of the features is not lost in this process. It is still possible
to identify the feature classes based on the feature shapes (e.g. round, lenghty, large).
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Figure 5.4: This figure shows the result of the region-based variability analysis where one
variability class is created only. The results were created by using the test data set which was
prepared for implementing this thesis (Section [3.1) together with some adaptations to simulate
the absence of variability. The clustering of the objects was done in a way that clusters will not
have any correspondants in other objects across the series. The block chart in (b) only contains
one bar for one available variability class, and therefore all clusters are painted in the same
colour in (a). Such results mean that no regions can be identified where the production process
tends to produce errors more than once.

However, the voxel-based nature of this analysis approach has some major drawbacks, which
has to be taken into account when evaluating the results. The analysis relies on the fact that
feature voxels appear at nearly exactly the same place as their correspondents in other objects.
Whereas this is an acceptable fact when analysing large features like holes, it may lead to false
results when analysing small features. For large features, it is very likely that overlaps are
produced, even if small shifts exist in the feature voxel data. This, in contrast, is not always the
case for small features. There it may happen that features exist at the same region of interest
within the objects, but they do not overlap due to shifts in the feature voxel data. Then the
feature-based approach will assign a very low variability class to these feature voxels. However,
the region-based approach will identify the overlapping regions and therefore will assign a higher
variability class (Figure[5.5). In this case, the results of the region-based approach are practically
more useful, since they make general assumptions over the whole region of interest.
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Figure 5.5: Comparison of the feature- and the region-based approach. The feature-based
approach assigns a very low variability class (1) to the feature voxels in (a), since they do not
completely overlap. However, they are all located in the same region of interest within the
objects, which can be identified by using the region-based variability analysis. This approach
in turn assigns a very high variability class (3) to the computed region, since it appears in all
available objects.

5.3 Performance and Memory Usage

The following tables give an overview of the pre-computation times as well as the memory re-
quirements for some example datasets. The performance has been measured using the following
system:

e Single processor PC, AMD Athlon 64 2.4GHz, 4GB
o GeForce GTX 285, 1GB

e Windows XP64

5.3.1 Region-based Variability Analysis

The region-based variability analysis consists of two main stages: the feature clustering and the
variability analysis step. During the clustering stage it is important to provide fast feedback to
the user, since it is necessary to try out different parameter settings then. Afterwards it is possible
to extend the run-time of the variability analysis stage according to the needs of the algorithm,
since the user does not expect immediate feedback at this stage.

Clustering

For this thesis, the two well-known approaches of mean-shift and k-means clustering have been
implemented. The run-time of both algorithms is fast enough to provide immediate feedback to
the user. Therefore, it is possible to try out different parameter settings until the most appropriate
clustering result has been found. The quality of a clustering result is evaluated by the user using
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the exploration techniques described in Section4.2.1] Table[5.1]shows some quantitative results
of the run-time of the different clustering algorithms. It shows that clustering results for common
volume data sets of castings can be produced in less than half a minute. The run-time mainly
depends on how many iteration steps have to be performed, which does not necessarily correlate
with the number of available features. It rather depends on where the clustering process has
been started (initial sample points) and how easy it is to find the final position (structure of the
underlying data function).

Data Set Features mean-shift k-means
Clusters | Run-time | Clusters | run-time
Test Object 11 4 1.87 s 4 247 s
Rotax Small 259 11 1.19s 11 1.16 s
Rotax 2563 35 17.58 s 35 1821 s

Table 5.1: Run-times of the clustering algorithms. Both clustering algorithms (mean-shift and
k-means) have been used to create clustering results on single volume data sets, and the run-
times of the two algorithms are compared in the table. Similar results can be produced with both
algorithms at comparable run-times.

After the final clustering has been found, temporary data structures are discarded. The final
results comprise the final clusters, the list of features they cover and the clusters’ histories. Since
these are all float or integer values, the memory requirements for storing the clustering results are
negligibly small. For the cluster exploration (Section .2) a bar chart of the size of the transfer
function histogram given by the HVR renderer (2562256 pixels) is used together with a feature
colour lookup table. The size of the lookup table corresponds to 16-bit per available feature.

Variability Analysis

The run-time of the variability analysis part depends on two sub-steps: the creation of the pro-
totype volume (Section [3.4.1) and the variability analysis itself (Section [3.3.1)). The prototype
creation calculates the mean density value of all voxels within the objects; therefore computation
linearly depends on the number of available objects and on the data set size. The run-time of the
variability analysis sub-step is influenced by the number of available clusters in the objects. In
summary, the run-time of the complete variability analysis step depends on:

e Data set size: For the prototype creation it is necessary to process all voxels of all objects
to calculate the mean density value. Therefore, the run-time linearly depends on the data
set size.

o Number of objects: The size of the test run linearly influences the run-time of the algo-
rithm. This is because for the prototype creation voxels of all given objects have to be
processed.

e Number of clusters: During the variability analysis, the size and location of the present
clusters are compared against clusters of other objects to find overlaps. The comparison
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based on the location is the most expensive task within this step. The run-time linearly
depends on the number of clusters, and furthermore on the variability. For example, it
may happen that all clusters are located in one object only. Then the run-time would be
fast, even if a high number of clusters is given, since the clusters will not be compared
against clusters from other objects.

The test run used for this thesis consists of three objects (Section[3.1)) with a size of 51225122512
voxels respectively. For every object, four clusters are created, which leads to a total number of
12 clusters. Results for this test data set are produced within 1.2 minutes.

The final results of the region-based variability analysis comprise a prototype volume and
a list of clusters. The prototype volume is of the same size as the objects within the test run
(51225122512 voxels for the test data set used). The final cluster information comprises float
and integer values, therefore the memory requirements for storing them are negligibly small. For
exploration (Section a block chart of the size of the transfer function histogram given by
the HVR renderer (2562256 pixels) is used together with a 3D volume texture with 16-bit per
voxel.

5.3.2 Feature-based Variability Analysis

The run-time of the analysis depends on two sub-steps: the creation of the prototype volume
(Section and the variability analysis itself (Section [3.3.2)). Both sub-steps linearly depend
on the number of available objects and on the data set size. Like for the region-based variability
analysis (Section [5.3.1), the prototype creation calculates the mean density value of all voxels
in the objects. Therefore, it linearly depends on the number of available objects and on the data
set size. The feature-based variability analysis needs to process the available data sets too, to
locate feature voxels and calculate overlaps between feature voxels of other objects. The run-
time is completely independent of the number of available features, since the variability analysis
is a voxel-based approach. Results for this test data set are produced within 2.4 minutes. In
summary, the run-time of the complete variability analysis depends on:

e Data set size: It is necessary to process all voxels of all objects twice - firstly to create the
prototype volume, and secondly to locate all feature voxels within them. Therefore, the
run-time linearly depends on the data set size.

o Number of objects: The size of the test run linearly influences the run-time of the algo-
rithm. This is again because the volume data sets need to be processed twice during the
variability analysis.

The final results of the region-based variability analysis comprise a prototype volume and
a 3D volume texture with 16-bit per voxel storing the variability information. Additionally, a
block chart of the specified transfer function histogram size (for this thesis: 256x256 pixels)
and a lookup table of the size of the available variability classes is used for exploration (Section

B.3.2).
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CHAPTER

Conclusion and Future Work

This chapter draws the conclusions from the main contributions of this master’s thesis. In Sec-
tion the results of the implemented variability analysis and the practical use are discussed.
In Section [6.2] suggestions for future work are presented. For example, possibilities can be ex-
plored to improve the visualisation techniques to include quantificational results, or to cope with
a larger number of variability classes. Another subject of future work is the involvement of statis-
tical methods in the variability analysis computations to improve the tracking of corresponding
regions and features.

6.1 Conclusion

This master’s thesis presents a variability analysis pipeline for analysing and evaluating the
results of a foundry trial. Whenever a new type of cast mould is created, it has to be accurately
tested to avoid errors in future casting work pieces. Therefore it is very important to know
whether regions within the mould exist where the production process has a certain probability
to produce defects. These regions can either be large failures like misruns, but can also be
represented by entrapment of smaller errors. The pipeline presented in this thesis analyses a
series of castings to identify such regions in the new pattern.

Two different analysis approaches have been implemented: a region-based and a feature-
based variability analysis. The region-based analysis aims at identifying regions of high er-
ror concentration and then tracks them through all castings of a foundry trial. Therefore, this
approach consists of two steps. Firstly, regions of high error concentration are identified by
clustering. Secondly, correspondents for all regions are searched in all castings, and their num-
ber defines the variability classes of the regions. The feature-based approach aims at tracking
features across the castings of a foundry trial by inspecting the corresponding feature voxels.

The results of both implemented variability analysis approaches are visualised in a 3D ren-
dering environment. This allows the user to explore the results and adjust the visualisation
according to enhance certain parts. The complexity of the variability analysis computations are
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hidden to a large extent. For the user this is the most important part, since the exploration builds
the basis for evaluating the results.

The variability analysis pipeline presented in this thesis works with 3D CT scans of casting
work pieces. It was implemented based on a test data set provided by the Austrian Research
Foundry Institute (Osterreichisches Gieferei-Institut - OGI). They created a foundry trial con-
sisting of three objects produced by metal casting using the same mould. Additionally, boreholes
were created within the objects to simulate the occurrence of spherical errors.

The results of the variability analysis are intended to assist the foundry engineer in the deci-
sion process when designing a new mould. The interpretation of the results is left to the foundry
engineer, since other parameters like the casting’s material, the intended usage and knowledge
about weak parts within the object have to be taken into account. However, we are planning to
extend the possibilities for quantification specifically with respect to analysing the feature dis-
tribution or the object’s stability and usefulness. We believe that the concept presented in this
thesis is very powerful, but it is also only one step towards driving first article inspection by
visualisation. There are many possibilities that can be explored in the future; some of them are
introduced below.

6.2 Future Work

The pipeline approach presented in this thesis constitutes the basis for enhancements in many
directions. On the one hand, the cluster and feature voxel tracking between the castings is based
on spatial parameters only and could be improved by applying more sophisticated statistical
approaches. On the other hand, the visualisation of the results could be improved by adding
more quantitative data. For example, the density of the clusters (defined by the number of
features per cluster size) has not been taken into account yet.

6.2.1 Clustering Parameters

When applying region-based variability analysis (Section [3.3.1)), it is necessary to cluster the
feature data first. Due to the fact that finding an appropriate clustering result is NP-hard (Section
[2.3.3), the evaluation of the clustering results has been transferred to the user by providing
capable exploration techniques (Section [4.2). However, it is also possible to set the clustering
parameters in an automated way.

The only user-defined parameter for k-means clustering is the number of clusters that should
be created. This parameter greatly affects the quality of the resulting clustering. Therefore, it
should be set automatically to support the user. Bischof et al. [[7/] use a minimum description
length (MDL) framework, where the description length is a measure of how well the data are fit
by the model. Their algorithm starts with a large value for k and removes centres (reduces k)
whenever that choice reduces the description length. Pelleg and Moore [73|] propose a regular-
ization framework for learning k, called X-means. The algorithm searches over many values of
k and scores each clustering model using the so-called Bayesian Information Criterion (BIC).
Then X-means chooses the model with the best BIC score on the data.
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When applying mean-shift clustering, the critical parameter affecting the quality of the clus-
tering result is the kernel size (i.e. bandwidth). Therefore, many approaches suggest to start
with an initial bandwidth and adapt it based on local data parameters [[15}/20,/88,(101]]. On the
other hand, Einbeck [24] suggests choosing the bandwidth by analysing the underlying data first.
A bandwidth will be assumed to be favourable if a high proportion of data points falls within
circles (called hypertubes) of a certain radius.

6.2.2 Cluster Overlaps

For the implementation of the region-based variability analysis it has been decided that clusters
are allowed to overlap (Section [3.3.1). However, this may lead to problems during exploration
when evaluating the clustering results (Section [4.2). Therefore, the clustering approach can be
extended to fuzzy clustering. There data elements can belong to more than one cluster. Associ-
ated with each element is a set of membership levels. The ranking of the memberships defines
how probably a data element belongs to a certain cluster. One of the most widely used fuzzy
clustering algorithms is the Fuzzy C-Means clustering approach [5]].

6.2.3 Cluster Exploration

During the region-based variability analysis the user decides whether a current clustering result
is appropriate to be used for further analysis computations (Section[3.3.1)). This decision is made
based on a cluster visualisation that paints every feature in a user-defined colour according to
its cluster membership (Section .2)). This visualisation is based on a 1D lookup table mapping
feature ids to a certain colour. Due to hardware restrictions the maximum number of features
that can be represented in this table is 8192. It may happen that this limit is exceeded in case of
large volume data sets with a high number of features. In these cases the texture should be split

up.

6.2.4 Region-based Analysis Approach

The region-based variability analysis aims at identifying regions of high feature concentration
and tracking them over all objects within a given test run (Section [3.3.1). The corresponding
overlapping regions (clusters) in other objects are found by their spatial location. This concept
is susceptible to small shifts in the feature data. On the one hand it is assumed that all volume
data sets are aligned, but on the other hand this does not ensure that regions of high feature
concentration are located at exactly the same spatial position. Therefore, it would be interesting
to include additional parameters like the cluster density into the computations. The density of
a cluster is defined by the number of features covered by the cluster in proportion to the cluster
size. Then it could be defined that clusters of two different objects represent the same region in
case (i) the distance of their means is within a certain range and (ii) they exhibit similar feature
density values.
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6.2.5 Number of Variability Classes

In the presented approach the number of objects in the test run defines the maximum number
of variability classes (Section [3.4.2). This is possible since the test data used consists of three
objects only. However, if a test run contained significantly more objects (e.g. up to 100), it
would be necessary to apply some additional calculations here to limit the maximum number of
variability classes. If too many different variability classes should be displayed, the block chart
presented in Section 4.3.1| would get too confusing for the user. Since foundry engineers are
mainly interested in the fact whether regions of interest tend to appear more than once in the
objects, it would be possible to merge several variability classes into one new class.

6.2.6 Feature-based Analysis Approach

The feature-based variability analysis tracks features over objects within a test run based on their
voxel data (Section [3.3.2). This voxel-based approach relies on the fact that the correspondents
of the feature voxels in other objects are located at nearly the same spatial position. Therefore,
false results may be produced if small shifts exist within the feature data (Figure [5.4). Then
feature voxels are assigned a too low variability class since no overlapping feature voxels can
be found. This mainly happens if features are of a very small size. These analysis computations
could be improved by considering the outer boundaries of the features instead of their voxel
information only. A simple solution for this is to estimate the feature size with a bounding
box enclosing the feature. Another possibility would be to use morphological operations as
described by Jdhne [49]. Mathematical morphology operates on object shape with point sets of
any dimensions.

6.2.7 Quantification

The exploration of the results of the variability analysis is based on a visualisation of the clusters
as well as the feature voxels (Chapter[d)). The variability class is the crucical parameter where the
exploration is build upon. However, it will help the foundry engineers to display some additional
analysis information:

e Object-to-Variability-Ratio: An interesting variable will be the ratio between the object
size and the size of parts affected by a high variability class. This parameter will provide
information on the stability and usefulness of a prototype, since it defines how many
parts exist where the productions process tends to produce errors. If nearly the complete
object interior exhibits a high variability class, obviously something goes wrong during
the production process. On the other hand, if a small part inside the object exhibits a high
variability only, this may be an issue that could be ignored.

o Cluster Density: Every cluster has a certain size and covers a certain number of features.
Therefore, the ratio of cluster size to features will provide information on how dense the
features are given within the cluster. Additionally the features’ sizes could be taken into
account to see if the clusters cover many small features or one large error part only.
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o Feature Distribution: The results of the variability analysis provide information about the
feature distribution in the prototype. On the one hand, it can be identified how many parts
of the objects are covered by features. On the other hand, regions can be identified where
features are more likely to appear than in others.

o Variability: In summary, by considering all parameters mentioned above, the analysis
approach will also be able to make a suggestion on the error-proneness of the given casting
production process. Input from foundry engineers will be needed to define a formula or
computation steps which lead to a percentage value defining the mould’s suitability for
serial production.

6.2.8 Cluster Picking

The exploration of the results of the region-based variability analysis is build on the available
variability classes (Section[d.3.T)). Therefore, it is only possible to select or deselect a complete
set of clusters. However, an interesting additional exploration technique will be to be able to
pick single clusters. For example, even if several clusters exhibit a high variability class, some
of them may be not important for further decisions. This may be because of their size, or because
they are located in an object part that will not have to withstand high pressures later on. Then
it will be possible to eliminate these clusters from further visualisations. Additionally, it will be
possible to display individual parameters of the picked clusters (e.g. feature density).
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