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Abstract

In industry, automatic visual surface inspection is a common technique for quality control.
Machine learning methods provide promising results for automated defect detection. Data
in sufficient quantity and quality is needed to train robust models. Real image data,
especially of defective surfaces, is commonly not available in the needed amount. For
rarely produced objects, not all critical defect types may be included in the data set.
In addition, real data has to be annotated manually. Synthetic data offers a suitable
alternative. Therefore, the imaging environment including the camera, the light source
and the object to be inspected as well as the imaging method have to be simulated. In
this thesis we consider the details of the digital twin of the object to be inspected.

We focus on metallic objects which are strongly reflective. Therefore, the visibility of
surface defects highly depends on the surface texture. Hence, part one of this thesis deals
with the simulation of two different surface textures resulting from the following surface
processing methods: sandblasting and linear/spiral milling. Two different models have
been developed based on real topography measurements. To model sandblasted surfaces,
two steps are needed. To generate textures that cover the entire object surface, small
patches are created first using the random phase noise (RPN). Then, those are stitched
using an adaptation of the method from Efros and Freeman. Textures of milled surfaces
are modeled by a multi-step model, considering the milling pattern, the movement of the
milling head and the overlap of neighboring milling paths. Real parameters are included
into the model.

Part two of this thesis deals with the simulation of synthetic 3d defect geometries which
can then be added to an object geometry. We restrict to common defect types that appear
for cast objects, for example cracks, rat tails or lift-offs of the surface top layer. Parametric,
defect-specific models are developed. In general, 2d Voronoi tessellations build the basis for
the models since they reflect the poly-crystalline micro-structure of metal. The tessellations
are used to model defects on different scales and to ensure variability also when using the
same parameter configuration due to the underlying random point processes. The diversity
of defect geometries within a defect class is obtained by different parameter configurations.






Zusammenfassung

In der Industrie ist die automatische visuelle Oberflicheninspektion ein etabliertes Verfah-
ren zur Qualitdtskontrolle. Methoden aus dem maschinellen Lernen liefern vielversprechen-
de Resultate bei der automatischen Defekterkennung. Um robuste Modelle zu trainieren,
werden Daten in ausreichender Quantitdt und Qualitdt bendtigt. Reale Bilddaten liegen
h&ufig nicht in der benotigten Menge vor, das gilt vor allem fiir Bilder von defekten Ober-
flaichen. Bei Werkteilen mit niedriger Produktionszahl kann es zudem vorkommen, dass
nicht alle kritischen Defekttypen in dem Datensatz vorliegen. Zusétzlich miissen reale Da-
ten manuell annotiert werden. Synthetische Daten bieten eine aussichtsreiche Alternative.
Hierzu werden die Bildgebungsumgebung, die aus der Kamera, der Lichtquelle und dem
zu inspizierenden Objekt besteht, und das Bildgebungsverfahren simuliert. Diese Arbeit
befasst sich mit den Details des digitalen Zwillings des zu inspizierenden Objektes.

Wir fokussieren uns auf metallene und somit stark reflektierende Objekte. Die Sichtbar-
keit von Oberflichendefekten ist demzufolge stark von der jeweiligen Oberflichentextur
abhéngig. Der erste Teil dieser Arbeit befasst sich deswegen mit der Simulation von zwei
verschiedenen Oberflaichentexturen, die aus den folgenden Oberflichenverarbeitungspro-
zessen resultieren: Sandstrahlen und lineares/spiralformiges Friasen. Dazu wurden zwei
verschiedene Modelle entwickelt, beruhend auf realen Topografiemessungen. Das Modell
fiir sandgestrahlte Oberflichen besteht aus zwei Schritten. Um eine Oberflichentextur zu
erzeugen, welche die komplette Objektoberfliche abdeckt, werden zuerst kleinere Flachen
des finalen Texturbildes durch die Methode ,random phase noise“ (RPN) generiert. Diese
werden anschliefend mit einer adaptierten Version der Methode von Efros und Freeman
aneinandergefiigt. Die Topografien von gefriasten Oberflichen werden mittels eines mehr-
stufigen Modells erzeugt, welches das Frasmuster, die Friskopfbewegung und die Uberlap-
pung von Fraspfaden beriicksichtigt. Reale Prozessparameter sind in das Modell inkludiert.

Der zweite Teil der Arbeit befasst sich mit der Simulation von synthetischen 3d Defekt-
Geometrien, die anschlieend in die Objekt-Geometrie eingefiigt werden kénnen. Hierbei
haben wir uns auf typische Defekttypen beschriankt, die bei gegossenen Werkteilen auftre-
ten konnen, beispielsweise Risse, Rattenschwénze oder Oberflichenablésungen. Dazu wur-
den parametrische, defekt-spezifische Modelle entwickelt. Als allgemeine Modell-Grundlage
dienen 2d Voronoi-Diagramme, da sie die polykristalline Mikrostruktur von Metall wider-
spiegeln. Diese werden benutzt, um die Oberflichendefekte auf unterschiedlichen Gréfien-
skalen zu modellieren und um die Variabilitdt auch bei gleicher Parameterkonfiguration
wegen der zugrundeliegenden zufilligen Punktprozesse zu gewéhrleisten. Die Diversitét
von Defekt-Geometrien innerhalb einer Defektklasse wird durch unterschiedliche Parame-
terkonfigurationen erzielt.
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1 Introduction

Visual surface inspection is a common method in industry used for quality control of
manufactured objects. A typical system consists of a camera and a light source to scan
the object surface. Automatic defect detection is then performed on the acquired images.
Nowadays, such methods are often based on machine learning approaches which are trained
on data pairs consisting of an acquired image and its labeled version. However, real data
is often not available in sufficient quantity and quality to train robust defect detection
algorithms. Synthetic data provides a promising alternative. Here, we use rule-based
methods to create realistic data resembling the images acquired in the real inspection
environment. The applied methods take into account simulations of the camera, the light
source, the object to be inspected and the image acquisition process. Having realistic
digital twins of manufactured parts with and without defects is crucial. This includes
an appropriate representation of their geometry, surface topography and possible defects.
The surface topography in pm-scale defines the surface texture and is thus important as
it influences the visibility of defects.

In this thesis we deal with stochastic modeling of surface textures and different types
of surface defects, for example dents, cracks and delaminations.

The surface texture usually results from the applied surface finishing method. Therefore,
in Part I of this thesis, we introduce texture models of two different processing methods
based on topography measurements, namely sandblasting in Chapter 5 and milling in
Chapter 6. As the resulting surface patterns differ significantly, separate modeling ap-
proaches for the two cases are used. Sandblasted surfaces are modeled by a combination
of data-based texture synthesis methods from computer graphics and rely thus entirely on
the measurements. In contrast, textures of milled surfaces are obtained by a parametric,
multi-step model that includes all process-related parameters known from the machine
settings. This work was supported by the Synosls project.

In Part II of this thesis we consider simulation models for various types of surface
defects, supported by the projects Synosls and eQuality. First, models for dent defects are
investigated in Chapter 10, taking into account the shape of the associated defecting tool.
Then, we propose models for different casting defects in Chapter 11. These models are
based on Voronoi tessellations, separations of space into disjoint cells, to include the poly-
crystalline micro-structure of metal on a coarse scale. In Chapter 12, different adaptations
and expansions of the casting defect models are presented, for example the simulation of
an object that is exposed to progressive defecting such as cracking. Although the proposed
models are motivated by defect geometries for cast metal objects, they can be transferred
to other manufacturing processes.






2 Motivation — Synthetic Data for Visual
Surface Inspection

Before starting with the main topic of this thesis, namely stochastic models for surface
textures and surface defects, we want to present the area of application of the proposed
methods to motivate their importance.

2.1 Visual Surface Inspection

Every industrially produced object needs to be reviewed during its manufacturing pro-
cess to ensure product-specific quality standards. Sometimes more than one quality check
throughout the production process is necessary. Particularly, safety-critical components
have to be controlled intensively to guarantee and report their intactness after every pro-
duction step. Defective parts are thus sorted out in an early stage which also reduces
material wastage, especially if the scrap can be recycled. However, some defects can also
be fixed by intermediate post-processing such that the product can pass the next manu-
facturing steps. In general, the demands on inspection systems are robustness, reliability,
objectivity and speed.

Non-destructive testing (NDT) methods are preferred inspection techniques since they
do not alter the product’s functionality while examining. Examples are magnetic particle
inspection (MPI), ultrasonic testing, radiography, computed tomography (CT) and visual
inspection. The decision for the most suitable NDT method depends on the circumstances
and the product areas to be inspected. If needed, different NDT methods can be combined.
Radiography or CT are chosen if the interior of the product should be analyzed. The other
three methods are favored to check the product surface. Especially MPI and ultra sonic
testing can additionally inspect sub-surface areas. However, all methods except visual
inspection require a special test equipment or a pre-treatment of the product. In this
thesis we mainly focus on visual inspection systems. Note that, although we focus on
product quality, visual inspection can also be used for the maintenance of manufacturing
machines.

Product quality is a broad term and has to be defined specifically for every object. Usu-
ally, certain standards and tolerances are determined. Common defect classes are for ex-
ample material defects (corrosion, enclosed air bubbles), surface defects (dents, scratches)
and dimensional deviations from the optimal product geometry. Typical defect types that
can be found by visual inspection affect the object shape and surface. In this thesis we
restrict to surface defects.

Traditionally, visual inspection is performed manually by human eye. Inspection experts
are trained to detect the production-specific defects and anomalies. However, manual
inspection can be slow because humans need recovery breaks to maintain the attentiveness.
To prevent the inspection process from pausing, more qualified manpower is needed which
leads to higher costs. Moreover, the process is subjective since the decision whether a
product is defective depends on the individual perception and assessment of the worker.
Also, there is a size limit of detectable defects even when using magnification.



Figure 2.1: Schematic drawing of automatic visual surface inspection for objects lying on
a conveyor belt.

To avoid the dependency on human perception, camera systems can be used. Then,
the minimum detectable defect size relies on certain camera properties, namely its focal
length, its distance to the object to be inspected and the resolution of its sensor. The
acquired images must be evaluated, which can be done manually or automatically by
image processing algorithms. Fully automatic defect detection is objective and reduces
manpower, which leads to a decrease of costs and increase of speed. Methods for automatic
defect detection are discussed in more detail in Section 2.2.

Besides the camera, the acquisition hardware includes an illumination element which
typically consists of a suitable light source. Both components have to be placed in re-
lation to the object to acquire optimal images. Therefore, several product characteris-
tics influencing the surface light reflection have to be taken into account, for example
its geometry, material and surface topography. To examine a specified inspection area,
a single camera-light-position is usually insufficient. Thus, several compatible positions
have to be investigated such that their united coverage area includes the whole inspec-
tion area. Once the product-specific inspection positions are determined, they stay fixed.
A more in-depth description of the challenges in visual surface inspection is provided in
Section 2.1.1.

In industry, there are two common procedures to pass an object through all specified
camera-light-positions: conveyor belt or robot arm. For the first option, the products lie on
a conveyor belt transporting them through an inspection line that consists of several fixed
camera-light-combinations placed at their defined positions. A schematic drawing of that
procedure is given in Figure 2.1. Here, the products are moving while the camera-light-
combinations are fixed. Using a robot arm usually reverses that interaction, meaning
that the product position is fixed while a robot arm with a camera-light-combination
moves around the object. Its motion is prescribed so that images are taken from all
specified positions. To ensure the exactly determined relations between the product and
the camera-light-combination in both procedures, an unchanging object positioning and a
reliable calibration of the robot arm or the conveyor belt are crucial.



(a) Different object geometries with parallel (b) Different surface processing methods: mix of
milled surfaces: milled hole (left), milled spiral milling and sandblasting (left), sand-
notch (right). blasting (right).

Figure 2.2: Images of metallic objects of varying geometry and differently processed sur-
faces. All objects contain various surface defects. All images are taken in the
same acquisition environment using a ring light and a single-channel grayscale
camera. Objects were created by Fraunhofer IOF and image acquisition was
performed by Juraj Fulir from Fraunhofer ITWM.

2.1.1 Challenges in Visual Surface Inspection

To obtain high quality images during acquisition, the parameters and placements of both
camera and illumination have to be chosen depending on certain product features. These
are the object material, the object geometry and the object surface topography on different
scales.

The object material determines the amount of light that is absorbed or reflected. For
example, metals are more reflective than plastic materials. This affects the choice of the
optimal exposure time and light intensity such that the object surface details are visible in
the acquired images. Moreover, the material determines the object color which influences
the decision for an appropriate camera. If surface discoloration is a possible defect type,
then a multi-channel camera, e.g. red, green, blue (RGB), could be favored since it
takes multi-color images. Otherwise, a single-channel camera acquiring monochromatic
grayscale images could be sufficient.

The way light is reflected depends on the surface topography and affects thus the amount
of visible area in the acquired data. To describe the surface topography, we distinguish
between three different scales: macro, meso and micro scale [35]. The macro scale is defined
by the object geometry and large geometrical features such as defects and chamfered edges.
Figure 2.2 shows how different defect shapes influence the light reflectivity and hence
their visibility. The impact of different object geometries is presented in Figure 2.2a. It
is obvious that certain areas are not adequately represented and can therefore not be
inspected satisfactorily. Micro scale structures are so small that they are not separately
distinguishable by the imaging sensor but are contributing to the light reflection. Usually,
those structures are formed by the micro-structure of the material which determines the
distribution of reflected light. Finally, all remaining surface structures of intermediate size
define the meso scale. They are much smaller than macro scale but larger than micro
scale features. As discussed by Dorsey et al. [24], meso scale structures are at least larger
than the wavelength of visible light. Surface processing methods are often responsible for
meso scale surface structures since they change the surface topography in pm-scale. The
rougher the resulting surface structure, the wider the light scattering which leads to a
darker appearance of the object surface in the acquired image. Figure 2.2b shows the



Figure 2.3: The visibility of defects depends on the viewpoint. Images of the same object
but taken at different angles. The object was created by Fraunhofer IOF and
image acquisition was performed by Juraj Fulir from Fraunhofer ITWM.

influence of two different surface finishings.

As the appearance of the object surface in the acquisition images is mainly determined
by the object material, the object geometry and the surface processing methods, those
factors also influence the visibility of surface defects which is crucial for their detection.
In addition, the shape of surface defects affects the local light reflection as well. Changing
the position of the camera-light-combination by varying the angle to the object surface
affects the appearance and thus the visibility of surface defects. See Figure 2.3 for an
example.

From now, we call a position of a camera-light-combination a viewpoint. Various view-
points are needed to guarantee the completeness of the acquisition data, that is the cover-
age of the inspection area and the visibility of all detectable surface defects. To increase
speed, as few viewpoints as possible should be used without loosing the coverage of the
area. However, with increasing complexity of the object geometry, the specification of
optimal viewpoints gets more difficult. Here, manual visual inspection is advantageous
because the experts can either rotate the product manually or change their relative posi-
tion to the object instinctively. Now, human intuition to obtain the optimal observation
positions has to be digitized. Selecting digital viewpoints manually is cumbersome and
time-consuming. Thus, an automatic optimal viewpoint specification solves that problem
as investigated by Gospodnetié¢ at al. [41]. When using a robot arm as inspection basis,
the optimal order of the viewpoints has to be determined to optimize the arm’s move-
ment. After designing the inspection plan, that is, the placement and temporal order of
viewpoints, it stays fixed and is repeated constantly for every part.

2.2 Automatic Defect Detection

In the manufacturing industry, the automation of inspection procedures progresses con-
stantly. Besides the automatic data acquisition, their automatic processing in terms of
defect detection is required. Both together form an automated inspection system. Note
that the development of automatic defect detection algorithms is an ongoing research
topic. However, the drawback of fully automated inspection systems is their specialization
to one individual application. For every product and each inspection step, a product-
specific inspection environment and a defect detection approach have to be developed. It
is challenging, if even possible, to generalize those customized procedures to make them
practicable for other applications. Here, manual inspection is again advantageous because
experts can often adapt their knowledge quickly to other situations, for example other



Figure 2.4: Examples for binary (center) and multi-class labeling (right) of an acquired
image (left). The object was created by Fraunhofer IOF. Image acquisition
and labeling was performed by Juraj Fulir from Fraunhofer ITWM.

object geometries, different materials or varying defect types. But, when automatic in-
spection systems work reliably, they are superior to manual inspection in terms of speed,
objectivity and consistency.

When developing automatic defect detection methods, two steps have to be performed:
localizing and classifying the possible defects. In the first step, all structures similar to the
relevant defect types have to be found. Then, those selected regions have to be classified
to the appropriate defect type if more than one type is considered. Moreover, it has
to be decided whether the detected region marks a truly defective area on the product.
Other commonly occurring material structures sometimes lead to similar appearances in
the acquired data, for example small cracks and lenticular air pores in 3d CT images of
concrete or specular bumps originating from the surface topography and dents in visual
inspection of metal surfaces. In addition, prescribed defect-specific tolerances have to be
taken into account during the decision making. For example, anomalies that are too small
with regard to the given defect standards are not classified to be erroneous but can be
found in the defect localization step. Thus, defect detection is specified to the product
characteristics and the defect types to be detected.

2.2.1 Methods for Automatic Defect Detection

The decision making of defect detection experts is based on the extensive training they ran
through and their experience gathered over time. That expertise has now to be transferred
to automatic systems. We restrict to NDT methods that generate image data. Different
approaches for defect localization exist: traditional image processing and machine vision
methods. For defect classification machine learning approaches are commonly applied.

Note that labeled image data is needed when considering learning-based approaches.
That is, the data set contains image pairs consisting of the actual image and its labeled
version. Labeling refers to marking pixels or the area that define a defect. The marking
process is also called annotation. We distinguish between binary and multi-class labels, see
Figure 2.4 for examples. Binary labeling just differentiates between defective and defect-
free and is thus sufficient to train defect localization methods. In contrast, multi-class
labeling contains different labels marking different defect types and is needed for defect
classification algorithms. Typically, annotation is done manually which requires the knowl-
edge of domain experts and is extremely cumbersome and time-consuming. Especially for
3d image data, manual annotation is almost impossible.

Typical traditional image processing methods for extracting possibly defective regions
are thresholding, edge detection, filtering and morphological operations. Xie [119] dis-



cusses various traditional image processing methods for detecting texture and discoloration
defects on varying materials. Luo et al. [68] published a detailed overview of different meth-
ods to recognize surface defects on flat steel products in visual image data. Their summary
includes classical and machine learning approaches.

Traditional methods have to be manually designed and customized to the present appli-
cation by identifying characteristic features for the critical defect types. Adapting those
systems to changes in the inspection setup is costly since they always have to be re-
designed. Supervised learning methods offer a promising alternative as they use a general
model which is adapted to specific input data via its training. Thus, it is adjustable to
other situations by replacing or adapting the input. Also, it removes human biases from
designing the defect detection method. Note that input data in sufficient quality and
quantity is required to train reliable models. Thus, the adaptation of supervised learning
methods to different circumstances is feasible just if enough valuable annotated data is
available.

Independent of the best localization technique, a classification of the critical areas is
required. Examples of two-step models for defect detection based on learning methods
are given in [67,100]. A detailed overview of segmentation approaches and classification
algorithms is provided by Tang et al. [101].

To summarize, learning-based defect detection methods are in focus of recent research
and gain more and more interest. Also, when considering other NDT methods, auto-
matic data processing is widespread. Examples are automatic defect detection in welded
objects using radiography [97,106], crack segmentation in concrete using computed tomog-
raphy [5,58], crack detection using magnetic particle inspection [121] or defect detection
in visual systems [15,53]. However, their reliability is yet to be proven, making the indus-
try skeptic towards their integration into production lines. The quality and robustness of
learning-based approaches relies on the quality of the provided input data set in terms of
completeness and correct labeling.

2.2.2 Training Data for Machine Learning Approaches

Both automated inspection methods using machine learning approaches and people per-
forming manual inspection need to be trained to detect production-relevant defects. Thus,
example data of defective objects acquired by the currently used inspection setups are re-
quired. For training of inspection workers, it is enough to have a specification of standards
and a few examples, whereas for machine learning models, one needs thousands of labeled
examples. This is problematic in applications where real data is not available in the
quantity and diversity needed for reliable defect detection. Several publicly available data
sets for some specific applications exist, e.g. GDXray [74] and RIAWELC [104] for radio-
graphic images of welded objects or KolektorSDD2 [15], Severstal [3], CSEM-MISD [53]
and CSDD [70] for photographic images of metallic objects. The annotation therein was
done manually.

The main drawback of the available data sets is the restriction to specific applications.
The data depends on the setup, the imaging process of the utilized NDT method and the
object to be inspected, in particular, the object geometry, the material and production-
specific defects. Thus, it is difficult to use these data sets to train robust machine learning
algorithms for other use cases. Each application needs individual training data coming
from the product-specific inspection environment. In addition, it is impossible to account
for the large variety and variability of possible defects as manufacturers try to prevent
defect formation during production. In particular, safety-related defects occur rarely as
they are avoided best possible.
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Figure 2.5: Explanation how synthetic data can be used for automatic defect detection [35].
Real objects were created by Fraunhofer IOF. Image acquisition and defect
detection was performed by Juraj Fulir from Fraunhofer ITWM. Synthetic
images were created by Lovro Bosnar from Fraunhofer ITWM.

Synthetic data that resemble the appearance of inspection data can overcome this prob-
lem [78]. Al-based techniques are of recent interest for synthetic image data genera-
tion [54,114,122]. While generative methods increase the quantity of the data set, the
diversity of the synthetic data is restricted to the diversity of the training data. Moreover,
learning-based approaches are known for introducing hallucinations [90], which may have
negative impact on the subsequent training. In addition, synthetic images generated using
generative methods are not always directly annotated and require subsequent labeling.

Another method of increasing the amount of image data showing defective areas is to
insert defects into images of defect-free samples. Haselmann and Gruber [48] present a fake
sample generator that adds easy fabric defects to visual image data. For the detection of
cracks in concrete using micro-computed tomography (nCT) imaging, a data base of semi-
synthetic images is available [60]. The images are obtained by simulating crack geometries
using a stochastic model and then inserting them into real nCT images of concrete.

An alternative approach for the generation of synthetic data is to use rule-based meth-
ods, meaning to physically simulate the inspection environment using techniques from
computer graphics [18,89,105]. Advantages of this procedure are the automatic pixel-
perfect annotation of the synthetic data and fast data generation in sufficient quantity.
Approaches for CT images of cast aluminum objects [32,99] or 3d-woven composites [31]
and visual surface inspection of metal surfaces [4,9,21,33,35,62] exist. In [33,35], promis-
ing results are obtained by training machine learning models on synthetic data followed
by fine tuning with a small real data batch to overcome the domain gap. This improves
model performance if just little real data is available. For an illustration of the proce-
dure see Figure 2.5. Details of that synthetic data generation approach for visual surface
inspection are given in Section 2.3.

2.3 Synthetic Data Generation Using a Virtual Inspection

Environment

The following synthetic data generation approach is based on developing a digital twin
of the visual inspection environment, a so-called virtual inspection environment. That



includes physical simulations of all components contained in the real inspection setup:
camera, light source and object to be inspected, see Section 3.2 for more details. Especially
all critical product characteristics discussed in Section 2.1.1 have to be treated with great
accuracy when modeling the digital twin of the object. The pipeline to generate photo-
realistic synthetic data via a virtual inspection environment subdivides into the following
steps [14, 35,42] which are also depicted in Figure 2.6.

1.

Input data for product specification

First, the digital twin of the object is generated. The object geometry is usually
given as 3d CAD-file (Computer-Aided Design). If this is not the case, 3d surface
scans may offer an alternative [88]. Usually, a post-processing of the virtual objects
is needed since small geometrical features are often not provided by the CAD format
but influence the reflectivity of the object surface, for example bevel cuts or details
of screw holes. For further processing, the final object geometry is stored as a
triangulated surface mesh. Moreover, material characteristics which determine the
object’s appearance have to be given, namely its color, the shape of light scattering
and its degree of reflectance.

. Defecting

The defecting process is subdivided into three steps [12]. First, the defect position
on the object surface has to be determined followed by creating the synthetic defect
geometry. Then, the defect shapes are geometrically imprinted into the object geom-
etry, meaning the mesh is restructured such that the newly introduced geometrical
macro features are included. Real defect parameters are taken into account when
developing the defect models such that the synthetic defect geometries are generated
with regard to true parameter ranges and tolerances. We use stochastic modeling
to ensure the generation of random defect shapes for a specific defect type but re-
stricted to the given parameter limitations. Part II of this thesis considers various
models for different types of surface defects.

. Surface texture

The surface topography has to be included because it mainly influences the surface-
light interaction. This will be modeled by surface textures which are functions
specifying the small-scale changes of a surface [82]. The texture models depend
on the surface processing method and thus include the machining-specific features
and parameters. Here, we use stochastic modeling to include variations within the
surface textures to increase realism of the simulated surface topographies. Texture
models for differently machined metallic object surfaces are introduced in Part I of
this thesis.

. Creating 3d scene

After finalizing the digital twin of the object to be inspected, the camera and light
source have to be considered to complete the virtual inspection environment, see
Section 3.2.4 and Section 3.2.5 for more details. They are modeled with respect
to the real acquisition parameters. For illumination that means for example that
the light geometry and intensity are included. For the camera, the focal length,
the exposure time and the resolution of the sensor are important. Moreover, the
positions of camera and light source equal those from the real acquisition plan.

. Rendering

To generate physically correct synthetic images, the imaging process has to be sim-
ulated, that is, rendering the virtual 3d scene into a 2d image. It is determined by
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Figure 2.6: Pipeline for synthetic data generation in a virtual inspection environment.

the interaction of the object surface with light rays to identify which rays hit which
sensor pixels in which intensity. This process of virtually taking images is called
photo-realistic rendering and will be introduced in Section 3.2.6.

6. Output
The output of the virtual inspection environment are synthetic photo-realistic im-
ages rendered using the synthetic object and the synthetic acquisition setup. Those
synthetic images resemble the real images taken in the real acquisition environment.
Their resolution is equal. The quality of the object appearance in the synthetic
images depends on the degree of details considered in the individual models.

To conclude, the previously presented procedure to generate synthetic images is fully
physically based since the virtual inspection environment resembles the real acquisition
environment and photo-realistic rendering simulates the real imaging process. The physi-
cal simulations ensure the quality of the synthetic data and their parametrization enables
to control the complete synthetic data generation pipeline. Moreover, data diversity is
guaranteed by using different parameter configurations when generating the surface tex-
tures and surface defects. Data variability is assured by sampling the individual parameter
values from suitable random distributions. When considering, for example, the generation
of synthetic cracks, defects of short and long lengths can be produced by defining two
separate intervals, that are two possible parameter configurations. The values for every
realization may then be sampled from a uniform distribution defined on the associated
interval. Realistic images can be created by using real situation-dependent parameter re-
strictions. Furthermore, the defect masks for the synthetic images are computed parallel to
the data generation. Since the exact location of defects is known, automatic pixel-perfect
annotation and labeling are ensured.

Although the quality of the synthetic data is achieved by physical simulations, its sim-
ilarity to real data has to be proven. Figure 2.7 and Figure 2.8 show examples of real
acquisition images compared to synthetic images generated with the previously presented
virtual inspection environment. When comparing them visually, differences can be iden-
tified pointing out the present domain gap. The more complex the surface structure, the
more differ the images. Also, real surfaces appear more reflective. Besides the data sim-
ilarity its task similarity is important, meaning, how synthetic data impacts the model
performance [35]. A deeper description on how to prove synthetic image data quality is
given in Section 2.3.1.
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Figure 2.7: Comparison of real (top row), synthetic (middle row) and post-processed syn-
thetic images (bottom row). Images taken from the same defect-free object but
under changing viewing angles. As post-processing just histogram adaptation
was applied. Rendering the synthetic images was performed by Lovro Bosnar
and acquisition of real images and post-processing of the synthetic images by
Juraj Fulir, both from Fraunhofer ITWM. Real objects were created by Fraun-
hofer IOF.
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Figure 2.8: Comparison of real (top row), synthetic (middle row) and post-processed syn-
thetic images (bottom row) of different surface textures of objects having de-
fects. As post-processing just histogram adaptation was applied. Rendering
the synthetic images was performed by Lovro Bosnar and acquisition of real
images and post-processing of the synthetic images by Juraj Fulir, both from
Fraunhofer ITWM. Real objects were created by Fraunhofer IOF.
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The presented pipeline is specified to virtual inspection, but can be adapted to any
other NDT method if the essential requirements are provided, especially a simulation of
the data acquisition process. Moreover, since the whole virtual inspection environment
consists of different single components and models, they can be exchanged easily. Thus, the
adaptation to other circumstances and setups is straightforward if a simulation of the newly
required element exists already. Therefore, the virtual inspection environment can also be
used for planning optimal inspection setups and to test different hardware components, for
example cameras from different suppliers, if the camera-specific properties are provided.
Hence, this data generation pipeline may help to simplify and speed up investigating the
best inspection setup for a given product-specific situation.

2.3.1 Quality Check of Synthetic Data

The validation of the synthetic image data set can be done either via domain similarity
or via task similarity as discussed by Fulir et al. [35]. Methods belonging to the first
group measure the similarity of synthetic and real images by comparing the distribu-
tions of different features, e.g. the pixel intensities. This can either be done by pixel-
or pattern-wise metrics [46,69,112]. In [35], different metrics are considered to compare
the similarity of the provided dual data set, see the example images in Figure 2.7 and
Figure 2.8. As already observed, there are visible differences between real and synthetic
data. These were subsequently reduced by post-processing the synthetic images, for exam-
ple via histogram adaptation (exemplary results in Figure 2.7 and Figure 2.8), improve-
ment of the surface-light interaction in the synthetic data by a multiplication factor and
addition of blurring. However, in [35] it is shown that the domain gap is still present
even after post-processing. Note that this domain gap is smaller for less complex textures
(Figure 2.8 left).

The task similarity compares the model performance, that is, how well a model trained
on synthetic data generalizes to real data. Fulir et al. [33] have shown how synthetic data
generated in a virtual inspection environment can improve learning-based defect detection
for visual inspection, especially if just little real data is available. They achieve the best
results when training deep learning models with synthetic data, followed by fine-tuning
with real data to overcome the domain gap. The effectiveness of their approach is proven
by comparing the results to other models trained on other available real industrial metal
data sets.
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3 Basics

3.1 Mathematical Fundamentals

3.1.1 General Definitions

Definition 1
In 2d, the transformation p from Cartesian to polar coordinates and its inverse p~! are
defined via

p:R? - Ry x (—m, 7] : (z,y) — (\/1’2 + y2,atan2(y,x)) ,
o Rog x (—m,7] — R : (1, 0) o (rcos(i), rsin(g)

Definition 2
Rounding to the nearest integer is denoted by |-].

3.1.2 Image Processing

This section introduces the basic definitions and notations from image processing. It is
mainly based on [40,98].

Definition 3
A homogeneous lattice of dimension d is a set LY = R? defined by

d
Uz{méW:mzZHthEZ}

i=1
with {u;},_, , forming a basis of R%.

Definition 4
An image of dimension d is defined as mapping

Z:L4AW > 8

with W < R? a compact observation window and S its co-domain. We restrict to d = 2
and choose the scaled canonical basis u; = v;e; for constant lattice spacing v; € R~g. An
element p € L2 n W is called pizel with side lengths v;. We choose equal pixel side lengths
VG = V) = U.

Moreover, we consider images of size M x N for M, N € N and take A\ =0,...,M —1
and Ao = 0,..., N — 1. That means, the real size of the imaged area is vM x vN. Then,
the domain can be replaced by Q = {0,...,M — 1} x {0,..., N — 1} and a pixel can be
uniquely denoted as p = (m,n) € Q. Depending on the choice of the co-domain, different
image types are defined.

o T is called a gray value image (or grayscale image) if S < R. When considering
discrete gray value images, it holds that S = {0,1,...,2%¥ — 1}. Typical choices for
k are k = 1, then 7 is a binary image, and k = 8. A continuous gray value image
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is defined by choosing an interval S < R. Usually, S = [0, 1] is taken. In general, 0
indicates black and the highest gray value stands for white.

A height image (or height map) is a continuous image but with a different interpre-
tation of the co-domain. Instead of gray values, height values are assigned to each
pixel such that the set {(p,Z(p)) : p € Q} can be interpreted as a 2d surface in R3.

o Typical image types when S is of higher dimension are color images. For example, if

7 is an RGB-image, then S < R? consists of three color channels, namely red, green
and blue. The classification into discrete and continuous images is the same as for
grayscale images.
For rendering, we need normal images (or normal maps) which are similar to color
images, so S — R3, but with a different interpretation. Each pixel is assigned its
local unit normal vector in R3. Assume a height image is given, the local unit normal
vector is computed by considering the tangent plane at the pixel’s location.

Definition 5
The neighborhood N, (p) of size s € Rxq of a point p € Q < Z% associated to a given norm
| - ||» for 7 € Nsg U {00} is defined by

Nsr(p) = {q eZ\{p}: lp—alr < s} :
In 2d, common examples are the
o J-connected neighborhood Ny(p) = Ni.1(p) (top, right, bottom, left)

o 8-connected neighborhood Ng(p) = N1 «(p) (4-connected neighborhood plus diagonal
lattice points)

Definition 6

Let Z be an image. Down-sampling an image refers to the reduction of the image size

while keeping the real size of the imaged area. Thus, v increases while M and N decrease.
A common method to do so is nearest neighbor interpolation. It picks the value of the

closest pixel in 7.

Definition 7
Let f : R2 — S be a function and L? a homogeneous lattice. An image f, 2 can be obtained
by sampling from f, that means evaluating f at the given lattice points

fiz(p) = f(p) for pe L.

Definition 8

Let Z be an image of size M x N. Padding an image with a value v means creating a new
image 7 of increased size M x N with M > M and N > N where Z is placed in the center
and the remaining pixels get value v. Assuming M, N, M, N to be odd, that means for

p:(m)n)
) I(m—M;M,n—N%N) if0<m— MM oy o<n— SN <N
p:

v else.

If it holds v = 0, then the associated padding is called zero padding.
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3.1.3 Fourier Analysis

This section introduces the main definitions of Fourier analysis based on [40].

Definition 9
For T € R, let f € Ly (R) be a T-periodic function, that means f(z + 1) = f(x) for all
x € R. Then, its Fourier series reads

with Fourier coefficients

Remark 1
When representing the Fourier coefficients in polar coordinates, meaning
ck(f) = rpexp(igy), then the coefficients can be interpreted as follows:

o {Tk}pez With 7 = |ci(f)| is called the modulus of f,
o {Qi}pez With o = atan2 (Im (¢ (f)) , Re (cx(f))) is called the phase of f.

Definition 10
For Ty,...,Ty € R, Definition 9 can be generalized for a (T1,...,T,)-periodic function
fe Ly (RY) by

fla) = kZZ cr(f) exp <2m' <§x>)
with cx(f) = J_TT . J_TT F(x) exp <—2m’<;,x>> do

k _ (ko ka
for 7 = (Tl""’Td)‘

This definition can be transferred to non-periodic functions by using the continuous
Fourier transform.

Definition 11
Let fe Ly (Rd) be an integrable function. Then, the continuous Fourier transform F(f)
of f is defined via

F(Hw) = flw) = y f(z) exp (—2milz,w)) dz, w € RY.

Here, (-, -) is the standard scalar product. If it holds that f e Ly (Rd), then the inverse
FL(f) exists and reads

F U ) () = » f(w) exp (2midz, w)) dw, = € R%.

It holds f(x) = F~'(f)(x) for almost all € R% If f is additionally continuous, this
equality is pointwise true for all € RY,

17



The Fourier transform can be generalized to discrete signals by considering them as
discretized periodic functions.

Definition 12

Let F : J - R with J = {0,...,n1} x --- x {0,...,ng4} for ny,...,ng € N be a d-
dimensional discrete signal. Then, its discrete Fourier transform (DFT) F(F):J — C
and the corresponding inverse read

F(F),=Fp=) Fjexp <—2m<i,k>) ke,

jedJ

1, 1 ~ /] .
VEY. — F —
F O (F); = F; P— E erXp<27TZ<n,k>>,j€J

keJ

with & = (45, d2).

Remark 2

Images can be interpreted as 2-dimensional discrete signals with d = 2, ny = M — 1 and
ng = N — 1, that is J = ). To define a valid DFT, we assume periodic images. Thus, the
domain of the associated DFT which is called Fourier domain, can also be chosen as

~ M—-1 M-1 N -1 N -1
Q=<- Yy x { — Yy
2 2 2 2
for M, N being odd. The definitions of modulus and phase of an image Z transfer to its
coeflicients 7, of the DFT.

Remark 3
Let Z be an image and assume M and N to be odd. The sample auto-correlation
Cz € RM*N of T is defined for 6 € 7%’“.’%} X {f%,...,%} via
1
Cr(8) = == > (Z(p) — ) (Z(p+0) — p)
%] 5,

with Q5 = {pe Q: p+ J € Q}, p the arithmetic mean of Z and | - | the cardinality of a set.

The Wiener—Khinchin theorem states that the sample auto-correlation can be computed
by using the DFT, namely it is the inverse Fourier transformation of the squared Fourier
modulus. That is

Cr=F ' (FDP).
3.1.4 Filtering

Here, the filtering, especially of images, is introduced based on [40], also providing some
important examples.

Definition 13
The continuous convolution of f € L (RQ) and g € [ (RQ),

(f * 9)(x) = f gl — y)dy, = < R?,

R2

is called linear smoothing filter of f with filter kernel g.
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Definition 14
Let L? be a homogeneous lattice and f 2 and g 2 be the sampling of measurable functions
f and g, respectively. Then, the discrete convolution of fi2 and g 2 is defined by

fexgi2(p) =7 ), fe(@)g2(p — ),

geL?

where the multiplication factor is the volume of the unit cell [—v/2,v/2]* of L2.
In case g has bounded support, meaning that g, 2 can be represented as a rectangular
array, it is called filter mask.

Example 1
The filter kernel of the mean filter has bounded support and is defined for a neighborhood
S = {—%, ey %}2 of size s x s with s € N being odd via its filter mask
1
gLz = meang = —1g.
S
Remark 4

Note that an image Z can be seen as a sampling from a measurable function. Thus, a
linear filter can be applied to images by discrete convolution.

Remark 5
Discrete filtering equals component-wise multiplication in the Fourier domain which speeds
up its computation, meaning fi2 * g 2 = F 1 (F(fr2) - FlgLz2)).

Example 2

In the following we will introduce the low pass filter, the high pass filter and band-pass
filters for Q € N orientations. As those filters extract certain areas in the Fourier spectrum,
the corresponding filter kernels /, h and b, for ¢ = 0,...,Q — 1 are defined in the Fourier
domain, that are i, h and Bq. To apply those filters to discrete images, the kernels are
sampled from appropriate functions L, H and B, defined in the continuous frequency do-
main [—7, 7]?. Those functions are defined in polar coordinates. The following definitions
are based on [108,109].

The functions determining the low and high pass filter kernel are given by

1 ifr<7%
L:Rso x (—m, 7] = [0,1] : (r, ) — < cos (5 log, (A;r—’")) if 7 <r<3
0 ifr> 3,
0 ifr<7
H :Ryo x (—m,m] = [0,1] : (r,) > { cos (Flogy (£)) ifT<r<3
1 ifr> 3.

It holds L(r,¢) = L(r) and H(r,) = H(r) since both functions are rotation-invariant.
The oriented band-pass filter kernels are obtained by using By (r,¢) = H(r)G4(¢) with
cone-shaped filter kernels G4(p) = G4(r, ) defined via

g\ 97! : mq
a cos (g0—6> if ’cp—a

Gq : R?O X (—7T,7I'] - [07 1] : (T7 ()0) — aQ cos (90 _ W(QC;Q)>Q_1 if ’QO _ W(QC;Q)’ < us

<3

2

0 else
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Figure 3.1: Overview of different filters in the Fourier domain using @) = 4.
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Then, for f € {l,h,bs} the DFT f e {Z, h, Eq} is obtained by sampling from
Fe{L,H,By} in the transformed discrete Fourier domain Q. That is

ag =2

VN for (m,n) € Q.

f(m,n) Fop(zﬂm 27rn> PN

Note that p is the transformation into polar coordinates introduced in Definition 1. See
Figure 3.1 for an overview of the filters.

Definition 15
The Hilbert filters My, ¢ = 0,...,Q — 1, for @ € N orientations are defined in [108] by

2 if[p- | <3
My i R x (—m,7] = [0,2]: (r,9) = {1 if[o - 5| = 3
0 if’cp—% >z

see also Figure 3.1.

3.1.5 Steerable Pyramid

Simoncelli and others [30,94,95] introduced the steerable pyramid which is a linear image
decomposition. That is, an image is linearly decomposed into multiple scaled and oriented
sub-bands. Therefore, let Z be an image of size M x N and resolution v. Down-sampling
by factor two is applied to obtain sub-bands of different size and resolution levels. In total,
P levels are considered. Thus, the image side lengths must be a multiple of 27
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Figure 3.2: Steerable pyramid P3 4(Z) using P = 2 scales and ) = 4 orientations.

Definition 16
Down-sampling |2 is done in the Fourier domain by cropping out the central part of the
image, meaning

l2 (T) = F U (F(T)(Q,,)) with ©, = {%M%M} « {ENEN}

Definition 17

Let P be the number of scales and @ be the number of orientations. To perform the multi-
scale transform, first split the image into its high and low frequency part. Then, oriented
symmetric band-pass filters are applied to the low frequency image followed by down-
sampling by factor two. That procedure is repeated P times considering () orientations
each. In total, the pyramid consist of PQ + 2 images of different sizes and resolutions.

To compute the pyramid, the filters obtained by the functions

r
2

r

),Ho(r) =H(—

Lo(r) = L( ;

) H(), By )

are needed, see Example 2 for their definitions. Then, the real steerable pyramid Pp,q(Z)
is defined by

e high frequency residual hg * Z of size M x N and resolution v,

« oriented high frequency bands b, * I, of size 2M,, X 2% and resolution (p + 1)v for

p=0,...,P—land g =0,...,Q—1 using the down-sampled low frequency residuals
Ip=lo(I%I,—y) forp=1,...,P—1with Iy = lp * Z,

o low frequency residual Ip =|o (I * Ip_1) of size QMP X 2113 and resolution (P + 1)v.

The convolutions for the filters are computed by multiplication in the Fourier domain.
Since numerical artifacts cause complex-valued sub-bands having a negligible imaginary
part, just their real parts are used. An example is given in Figure 3.2.
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Figure 3.3: Illustration of the steps to compute the Haralick features similar to [66].

Remark 6

The steerable image decomposition is a pseudo-invertible operator [94] which allows to
reconstruct the image from the pyramid. To reconstruct the image, all operations from
the image decomposition are performed in reversed order. However, image up-sampling
by factor two is needed instead of image down-sampling. That is performed using zero-
padding in the Fourier domain.

Definition 18

In the real steerable pyramid the phase information contained in the oriented sub-bands
is ignored. That information is included in the complex steerable pyramid by applying the
respective Hilbert filters to the oriented band-pass filters, thus mg * b4, to obtain complex-
valued filters [108], see Figure 3.1 for the corresponding filter kernel. The real part of each
filter coincides with the corresponding real-valued filter used in the real-valued steerable
pyramid.

3.1.6 Haralick Features

In image analysis, Haralick features are common texture descriptors capturing local texture
variations [46]. They are computed from the gray-level co-occurrence matrix (GLCM)
which counts the frequencies of gray value pairs for a given distance vector [46,66]. To
limit the size of the matrix, the gray values are binned to a selected number of bins.

Definition 19
Let Z: Q — [a,b] for a,b € R with a < b be a continuous image. Then, the following steps
are needed to compute the Haralick features of Z, see also Figure 3.3.

1. Quantize the image to obtain an image O having as number of gray values the desired
number B € N of bins. Therefore, apply a quantization function

q: [a,0]N - {0,...,B —1}MxN

to Z, that is @ = ¢(Z). We use linear quantization, meaning that [a,b] is divided
into B equidistant bins.

2. Compute the non-normalized GLCM X5(Q) € NB*B of Q using a given distance
vector § = (d,,0,) € Z%. Hence, pixel (i,j) € {0,...,B — 1}? in X5(Q) is assigned
the number of times the gray values i and j occur as neighbors in Q defined via d,
that is

X5(Q) (4,7) = Hge Q: Q(q) =i, Qg+ 9) = j}|.
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3. Normalize Xs(Q) to obtain the normalized GLCM Pj5(Q) € QB*B by

B5(Q)(47)

X5(Z'7j)

= OB-1vB— N
Zizol Zj:ol Xs(i,7)

(i,7) € {0,..., B — 1}*.

Thus, P5(Q)(i,j) estimates the probability that the combination Q(p) = i and

Q(p+ 0) = j occurs.

4. Compute the Haralick features using the normalized GLCM. Examples are energy,
homogeneity, contrast and correlation defined via

Homogeneity:

Contrast:

Correlation:

B—-1B-1
33 Pi(Q)(i )
1=0 =0
B—-1B-1 P(S(Q) ’L,j)
;0 o L+ (=)
B—1B-1
(i = 7)°P5(Q) (i, 4)
i=0 =0
B—-1B-1 .
L= g J — Hy i
iZO i=0 < O > ( Oy )Pé(Q)( J)
B-1 B-1
with Ko = Z iPx(l)’ Ug = ‘ (Z - :U’SC)QPJC(l)
1;(11 =0
for Po(3) = 3 P5(Q)(0.J)
7=0

and p,, o, defined similarly.

The first three features indicate whether the texture is uniform or heterogeneous in
the neighborhood determined by . In doing so, homogeneity gives higher weights
to similar gray values whereas contrast favors gray values differing significantly from
each other. Correlation describes how strong the dependency of the image structure
is in the given neighborhood, with low values indicating unstructured textures.

See [46,66] for a detailed overview of all commonly used Haralick features.

Remark 7

Lofstedt et al. [66] adapted the original Haralick features to be gray-level invariant, that
is, their results become asymptotically invariant to the number of bins B used for the

quantization.

3.1.7 Stochastic Geometry Basics: Point Processes

In the following, point processes and different examples thereof will be introduced based
on [17,91]. Let E be a locally compact space with countable base and B the Borel o-algebra

of E.
Definition 20

Let C be the system of compact subsets of E.

o A measure p on (F, B) is called locally finite, if it holds that u(C) < oo for all C € C.
The set of all locally finite measures on (E, B) is denoted by M(E). Let M be the
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smallest o-algebra on M (FE) such that the mapping u — p(B) is measurable for all
BeB.

o A measure u € M(E) is called counting measure on E, if u(B) € Ng u {00} for all
B € B. The set of all locally finite counting measures on F is denoted by N(F). Let
N ={M n N(E): M € M} be the trace of M on N(E).

o A counting measure € N(FE) is called simple if p({z}) <1 for all z € E.

Example 3
The countable or finite sum of Dirac measures ¢(B) = >;'_; 04, (B) for n € N u {0} and
¢(B) = 0 for n = 0 is a counting measure.

Definition 21
Let (€2, A, P) be a probability space.

o A random measure on E is a measurable mapping ¥ : (Q, A,P) —» (M(E), M).
o A point process is a measurable mapping @ : (Q, A,P) — (N(FE),N).

e A point process is called simple if its realizations are almost surely simple.

o The distribution of ® is defined by the image measure Py = ®(P).

Thus, a point process can be interpreted as randomly choosing an element in N(E) with
respect to a distribution Pg. A simple point process can be interpreted as countable or
finite collection of distinct points, that is ¢ = {z1,...,2,} for n € Ng U {o0}.

Definition 22
The intensity measure of a point process @ is defined as a mapping

A: B —[0,0] : B — E((B)).

For a simple point process, the intensity measure of B equals the expected number of
points falling in B.

Let E = R% and @ be a stationary point process, that is ® + z 2 & for all 2 € R Then,
the intensity measure is translation invariant. If A(-) is locally finite, it can be expressed
by A(B) = Av(B) with A € [0, 00) the intensity of ® and v(B) the Lebesgue measure of B.

Example 4
A point process ¢ on F with the properties

1. ® is simple,

2. the random variables ®(Bj),...,®(B,) are independent for pairwise disjoint sets
BkEB, k= 1,...,71,,

3. the random variable ®(B) is Poisson-distributed for all B € B with expectation
A(B), that is ®(B) ~ P(A(B)),

is called a Poisson (point) process.

To simulate a stationary Poisson process with intensity A in a compact observation
window W, two steps are needed. First, determine the number of points n € Ng by
sampling from P(Av(W)). Then, sample n points from the uniform distribution on W.
See Figure 3.4 for a realization of a Poisson process.
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Figure 3.4: Realizations of different types of point processes in W = [-0.5,0.5].

Example 5

Another example similar to a Poisson process is a binomial point process. Therefore,
a predefined number of points is sampled from the uniform distribution on a compact
observation window W.

Example 6

Other examples for point processes are the Matérn cluster point process and the Matérn
hardcore point process. The first type generates points clustered in groups. In contrast,
the points in a hardcore process keep a certain distance to each other. Since we will only
need these point processes later as examples, we do not define them precisely, but rather
describe them only through their simulation. The simulation of both point processes are
based on an underlying Poisson process. We restrict to stationary point processes. See
Figure 3.4 for exemplary realizations of both types of point processes and descriptions for
their simulation.

e For simulating the Matérn cluster point process in a compact observation win-
dow W, first a parent process is needed to define the location of the clusters.
Therefore, let @parent = {Z1,- ) Tnparene) D€ the realization of a stationary Pois-
son process with intensity Aparent in W. Then, the points defining the Matérn
cluster point process are obtained by Poisson processes ¢cnia(xy), the child pro-
cesses. A cluster consists of nepila, ~ P (Achila) points which are sampled from the
uniform distribution defined on the ball S,(z)) with radius » > 0 and centered in

Tk € Pparent f0r B =1,..., Nparens. Finally, the resulting Matérn cluster point process
n t
reads PMatérn cluster = kp:alren Pchild (xk)

e To obtain a Matérn hardcore point process, first a stationary Poisson process with
intensity A in W is generated. Let ¢ = {x1,...,2,} be a realization thereof. Then, a
thinning of the points follows such that the desired distance r > 0 between points is
met. Therefore, two different types exist defining Matérn hardcore point processes
of type I and II. For the first type, remove all points in ¢ that have distance less or
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equal 7 to each other. As this thinning process is very strict, processes of type II are
obtained by deleting just one point of a pair that violates the distance constraint.
For this purpose, all points in ¢ are assigned an age in the beginning and the younger
one is removed.

3.1.8 Stochastic Geometry Basics: Tessellations

In general, a tessellation subdivides space into disjoint cells. Examples of tessellation
classes are hyperplane, T- or Voronoi tessellations. The latter is a common approach
to model the micro-structure of poly-crystalline materials. The following definitions are
based on [17,79].

Definition 23
For S € R? let.# = {S1, Ss,...} be a countable set of compact subsets S; € S,i = 1,2,...

with non-empty interior. Then, .% is called a tessellation of S if the following properties
are fulfilled:

1. (Sz\c?SZ) N (S}\@Sﬂ =g foralli,j=1,2,... with i # j,
2. Uz, S =8,
3. #{Si: Sin B # &} < o for all bounded Borel sets B (.7 is locally finite).

The sets S; are called the cells or regions of the tessellation.

Remark 8

If d = 2 and all regions are triangles, then . is called a triangulation. In d = 3, a 2d
surface can be approximated by triangles denoted as surface triangulation, see Figure 3.6
for an example. A tessellation in d = 3 where the regions are tetrahedrons is called
tetrahedrization.

Remark 9
Let &2 = {p1,...,pn} be a locally finite set of points in R? and dist(-) a distance measure
in R? to define

C(pi, ) = {:1: e R? : dist(z, p;) < dist(z, p;) for all p; € ﬁ}

Then, a tessellation in R? can be defined by .7 (%) = {C(p;, P) : p; € P}. A point p; is
called generator point of cell C(p;, &) and & the set of generator points. If the set of
generator points is obvious, we denote a cell by C; = C(p;, ). A point is thus assigned
the cell to whose generator it is closest to with respect to the chosen distance measure.

Example 7

Let & = {p1,...,pn}, 2 < n < ©, be a set of distinct points and dist(-) = || - |2 the Eu-
clidean distance. Then, the corresponding tessellation . (Z?) is called Voronoi tessellation.
See Figure 3.5 for an overview of Voronoi tessellations generated by using realizations of
different point process types as generator points.

Remark 10
As most applications consider bounded regions W < R? we restrict to the bounded
tessellation {Cy " W,...,C,, n W}.

Remark 11

Tessellations have several lower-dimensional sub-structures. For d = 2, vertices and edges
form the tessellation’s 0- and 1-dimensional faces. For d = 3, the 2-dimensional faces are
the cell’s facets.
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W = [-0.5,0.5]%. All point processes have approximately 100 points.

3.1.9 Basics from Graph Theory

Let G = (V x A) be a directed graph with V' the set of vertices v;, i = 1,...,n, and
A C V x V the set of directed arcs a. The start vertex of an arc a is denoted by « and its

end vertex by w. A path P in G is defined as a finite sequence of arcs P = (ag, a1, ..., ax),
k = 0, with w; = a;41 for i = 0,...,k — 1. Alternatively, a path can be defined by the
sequence of the visited vertices, that is P = (wo, ..., wg4+1) for w; = a4, 7 = 0,...,k and
Wk+1 = Wk

Let ¢: A — R~ be a weight function assigning each arc a positive value. The weight of
a path is then defined by ¢(P) = Zf:o c(a;).

Given two vertices v,v" € V, the shortest path with oy = v and wy, = v is defined by
minimizing the weight of all paths connecting v and v’. Famous algorithms for solving
the shortest path problem are Dijkstra’s [22], Bellman and Ford’s [8] or the A* search
algorithm [47].

3.1.10 Spline Interpolation
The following definitions are based on [84,92].

Definition 24
For n e N, let (z0,0), - - -, (Tn,Yn) € R? with 29 < 21 < --- < 1, be the control points. We
consider a function S : [xg,z,] — R that passes through these points, that is S(x;) = y;
fori=0,...,n.

e« S is called spline, if it is a piece-wise polynomial function in the sense that
s; =208 is a polynomial on [z;, z;j+1] for i =0,...,n — 1.

[xi7xi+l]
e Siscalled a cubic spline if it is a spline with piece-wise cubic, twice continuously dif-
ferentiable polynomials fulfilling s}(xi11) = s}, (xi+1) and s} (zi41) = s, 1 (zi41) for
alli =0,...,n—2. The resulting spline is thus also twice continuously differentiable.

e S is called a natural cubic spline if it is a cubic spline and if its second derivative
is additionally zero at the curve’s end vertices, that is S”(zg) = sg(zo) = 0 and
S"(an) = sp_1(zn) = 0.
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Figure 3.6: Triangulated surfaces of a cube and a sphere geometry. For the latter, different
degrees of approximation are used. Normal vectors of triangles are added that
represent the global surface normals of the geometry.

3.2 Fundamentals of Computer Graphics

This section deals with the basics of image synthesis using computer graphic techniques.
As we focus on modeling surface defects and the surface meso scale geometry, this section
serves as a short introduction on how to apply the outcomes of the proposed modeling
methods and how the synthetic data generation using rendering is performed. First, a 3d
scene is needed consisting of 3d objects, camera and light sources. Regarding the 3d objects
we introduce their shape, texture and material separately to follow the classification into
macro, meso and micro scale geometry as proposed in Section 2.1.1. Then, rendering
describes the synthetic imaging process of the virtual camera. That is, generating a
2d image out of a 3d scene observed from the camera position. The definitions and
descriptions from the following sections are based on [11,51,82].

3.2.1 3d Object: Shape

The shape of an object is described by its macro scale geometry. Especially the object
placement in relation to camera and illumination as well as the object surface normals
are crucial for rendering, both are provided by the object geometry. Surface normals
determine the behavior of light rays that hit the object surface, see Section 3.2.2 for more
details.

Different methods to represent the object shape exist, e.g. polygon meshes and para-
metric surface representations or point clouds, see [11] for a more detailed overview. An
appropriate representation is chosen dependent on the present application.

Since we focus on surfaces of rigid metal parts, thus the internal object structure is
irrelevant, we use methods to represent the object geometry by its surface. For this
purpose, polygon meshes are commonly used. That is, the object surface is provided
as a set of polygons. A polygon is defined via a set of ordered vertices. Note that
neighboring polygons share vertices. Thus, a polygon mesh consist of a set of the vertices
and a set of polygons indicating the required vertices. Triangles are a typical choice for
polygons because they allow efficient rendering of surfaces. We also restrict to object
shape representations given by a triangulated surface mesh. Surface normal vectors for
every triangle are thus provided directly, which are called global normal vectors from now
on. Examples can be seen in Figure 3.6.

Engineers commonly use the computer-aided design (CAD) software to develop and
design suitable object shapes. As we focus on industrial metal parts, they are usually
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Figure 3.7: Schematic drawings of light-surface interaction. Images are recreated based
on [51].

provided in file formats that are supported by the CAD software. If the chosen data
type does not represent the object as surface mesh, conversion to a suitable file format is
required.

Considering smooth surfaces, the main drawback of polygon meshes is the piece-wise
approximation of the surface by flat snippets. The coarser the representation, the more
the discretization effect is visible as shown in Figure 3.6. However, using a fine approxima-
tion decreases speed and increases cost of the rendering process. Phong [83] for example
provides a solution by interpolating the normals across polygons during rendering such
that the surface appears smoother while the initial coarse approximation stays unchanged.
Since in this work we consider objects having planar faces, smoothing the polygons is not
necessary.

3.2.2 3d Object: Material

When considering the synthesis of images, the interaction of the 3d object with light is
crucial, determined by the material. Assuming a perfectly flat object surface, the incoming
light is split in exactly two directions defining reflection and refraction, see Figure 3.7a.
The distribution of light assigned to each direction is material-dependent. The direction
of reflection is independent of the material but is determined by the law of reflection using
the surface normal vector and the direction of incoming light.

Refraction depends on the material. It splits up into light absorption and light scattering.
Light absorption decreases the amount of light while its direction is not modified, the light
converts into thermal energy. This determines the material color as light is a composition
of different colors and just certain parts are absorbed. Metals for example absorb the
total amount of refracted light. Light scattering is characterized by splitting up light
into multiple directions while keeping the overall amount of light constant. For non-
metal materials, refracted light scatters under the surface, called sub-surface scattering,
including partial absorption in each bounce. Then, the remaining light may re-emerge
from the surface but weakened, in different directions and at different locations depending
on the scattering paths.

Now, perfectly flat surfaces are impossible due to the atomic structure of a material’s
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Figure 3.8: Schematic drawing of local perturbation of global surface normal using texture.

components. In computer graphics, optically flat surfaces are considered perfectly flat,
although they are perfectly flat just within the range of wavelength of visible light, so in
the scale of hundreds of nanometers. However, most surfaces have irregularities which are
too small to be observable but are much larger than the wavelength of visible light. To
model their behavior of light reflection and refraction, they can be treated as collection of
many tiny optically flat but differently oriented facets approximating the object surface on
micro scale, called micro-facet theory [102]. The result is then the aggregation of outcomes
of all contributing micro-facets, see Figure 3.7b. A surface appears rougher the more the
local micro-facet orientations differ from the global surface normal. The variance in the
distribution of micro-facet normals is usually controlled by a parameter called roughness.

To model the light response especially of non-optically flat surfaces, Bidirectional Re-
flectance Distribution Functions (BRDF) are commonly used. A BRDF is a parametric
function depending on the directions of incoming light. It gives the relative distribution
of incoming light into directly reflected light and light re-emerged after sub-surface scat-
tering. Typically, both components are considered separately by a specular and a diffuse
term, respectively. See Figure 3.7c for an illustration.

3.2.3 3d Object: Texture

BRDFs are used to model the interaction of light with an object surface. So far, the
entire object surface appears uniform which does not properly reflect the properties of
real-world materials. Usually, the appearance is characterized by spatial variation, e.g.
in color, roughness or the amount of reflectance, resulting from local, small changes in
the material composition. To increase realism of the simulated object surfaces, spatial
variation can be integrated by modifying the input parameters of the BRDF over the
object surface. Therefore, textures are used which assign each surface point its individual
parameters.

Moreover, textures are also used to introduce meso scale variations of the object surface
geometry. Now, instead of adapting the parameters that control the BRDF, the global
surface normal vectors given by the surface triangulation are perturbed, see Figure 3.8.
Thus, small, local geometrical details are included by pretending to change the surface
geometry without actually altering the macro scale object geometry itself. This is an
efficient procedure to add small scale variations since modifying a triangulated surface to
achieve such a level of detail results in complex meshes which lead to long rendering times
and high demands on the memory. However, changing the local macro scale geometry by
textures does not produce shadows during rendering which reduces realism of the synthetic
images, especially for bigger geometrical modifications. In this work we use textures to
model the meso scale surface geometry formed by different surface finishing methods of
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Figure 3.9: Illustration of UV-mapping of a triangulated cube geometry.

metal objects, see Part I.

Note that both types of textures may be applied similarly to benefit from both adapting
the BRDF parameters and perturbing the surface normals.

There are mainly two different texturing methods distinguished: procedural and image
texturing. Procedural texturing uses mathematical functions to assign values to any ar-
bitrary surface point. Thus, infinite resolution allows a huge level of detail. Moreover,
textures can be varied in real-time directly during rendering. Image texturing is defined
by 2d texture images containing the texture information which are then mapped onto the
object surface. Therefore, a unique assignment of every surface point to a certain image
pixel is required. A common approach is UV-mapping that unwraps the 3d object surface
mesh into a planar 2d patch, see Figure 3.9, which can then be projected to the texture
image. Note that large texture images may be needed dependent on the image’s resolution
and surface area.

In this work we focus on models determining the meso scale geometry that have texture
images as outputs. To apply texture images that perturb the surface normals we use
normal maps as described in Definition 4.

Independent of the utilized texturing method, aliasing can happen. It appears when
using high frequency procedural textures or if too many texture pixels affect one single
camera sensor pixel. For image texturing, it can be solved using the Nyquist sampling
theorem. That is, either increasing the samples per pixel during rendering as described
in Section 3.2.6 or reducing the number of pixels in the texture image. Moreover, the
resolution of the texture image has to be chosen big enough such that the discretization
given by the image grid is not visible.

3.2.4 Light

Illumination is necessary to make objects visible in the 3d scene. For image synthesis using
computer graphic techniques, light is assumed to travel along rays from a light source into
the 3d scene. Therefore, light is defined as color of particular intensity emitted from a
certain location to a specific direction. Light originates from a light source, an object
emitting light that is created by transforming energy from other sources. Many different
types of light sources are distinguished in computer graphic applications. Here, we just
want to highlight area and environmental light. Area light sources, e.g. ring lights, have a
specified size, shape and direction of light emission. They represent a certain light source
in an inspection setup. In contrast, environmental light, e.g. ambient light, simulates
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Figure 3.10: Schematic drawing of the components and the operating principle of a pinhole
camera including its simulation using a virtual image plane.

the indirect diffuse light present in a 3d scene. As we consider a darkened inspection
environment, we just need a simulation of the utilized area light and the environmental
light can be neglected.

3.2.5 Camera

To enable realistic image synthesis, real-world camera concepts are used to model the
performance of synthetic cameras. Here, we limit ourselves to pinhole cameras as they are
the simplest camera type but still sufficient for our application.

In real-world applications, a pinhole camera is a light-proof box having an aperture at
one side, a small hole to allow light to enter the box and a digital image sensor at the
opposite inside of the box, see Figure 3.10. Light rays enter the box via the aperture
and hit subsequently the digital image sensor. The exposure time determines the time
period where light can enter the box and is usually controlled by opening and closing a
shutter. Long exposure times allow more light to enter the camera resulting in brighter
images but moving objects appear blurred. The size of the recorded area is determined by
the focal length which coincides with the length of the box. A small focal length allows a
larger recorded area and vice versa. Moreover, the bigger the diameter of the aperture, the
more rays from differing directions influence the outcome of one image pixel which results
in blurred images. In contrast, small apertures increase the image sharpness but reduce
the amount of incoming light. To enable sharp images also when using large apertures,
lenses are placed in front of the aperture resulting in more complex optical systems. Then,
the aperture size controls the depth of field, the distance between real-world objects that
appear sharp in the resulting image.

For modeling a virtual pinhole camera, the aperture size is assumed to be infinitely
small such that every point in the recorded area maps to a unique point on the image
sensor. That is, the aperture is considered a 3d point called eye. Then, a virtual image
plane located in front of the camera can be generated replacing the real image sensor, see
Figure 3.10. Thus, the virtual pinhole camera is completely defined by the position and
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orientation of the eye, the resolution and size of the virtual image plane equal those of
the real image senor and the distance between eye and virtual image plane coincides with
the focal length. The main drawback of the synthetic pinhole camera is that it ignores
the depth of field by assuming the aperture to be a point. Thus, every recorded object
appears sharp independent of the distance to the camera which is not possible in real-
world scenarios. Therefore, more advanced synthetic camera models including different
lens systems exist. Also, optical aberrations such as global blurring or distortion produced
by lenses are not taken into account. Those effects can be included by post-processing the
rendered image.

3.2.6 Rendering

Rendering describes the process of virtually generating a 2d image out of a 3d scene
observed from a specific point. Therefore, the light rays emitted from the provided light
sources that subsequently hit the virtual image plane are crucial. Following the real-world
imaging process to model rendering by tracking the light flow is called forward tracing.
That is, the paths of all possible light rays emitted from every present light source have to
be simulated including scattering between different objects in the scene and splitting of rays
caused by rough surfaces. As just a little amount of rays enter the camera, it is inefficient
to simulate all existing rays. Therefore, the usual approach is backward tracing, meaning
tracking the essential rays that hit the virtual image plane but in opposite direction.
As this approach takes the physical behavior of light rays into account, photo-realistic
images result. Backward rendering subdivides into two steps: ray tracing to identify the
crucial surface point defining the output of the corresponding sensor pixel and shading to
determine its resulting color.

First, ray tracing solves the visibility problem. That is, finding the intersection point
of a camera ray with any other object in the 3d scene closest to the eye. A camera ray is
starting at the eye and passing through a certain pixel in the virtual image plane. Ray
tracing is performed for every pixel. Using just one camera ray per pixel may cause the
aliasing effect as described in Section 3.2.3. Therefore, multiple camera rays per pixel are
usually used, specified by the number of samples per pixel (spp). Those camera rays are
passing through different points within the same pixel determined by sampling from the
area the pixel covers. Then, the resulting color values of every camera ray are combined
to better approximate the real-world appearance. Although ray tracing is implemented
efficiently for 3d objects represented as surface triangulations, increasing the number of
triangles leads to a significant increase of intersection calculations. Thus, the run-time of
the ray tracing algorithm highly depends on the complexity of the objects in the 3d scene.

Shading defines the computation of color for the surface points identified by ray tracing,
called shading points. That color is computed by aggregating the intensities of all out-
going light rays emitted at that surface point whose direction coincides with the reversed
direction of the considered camera ray. Those outgoing light rays emerge from incoming
light rays of different directions, origins and strengths. The color and intensity of every
outgoing light is determined by evaluating the BRDF at that surface point depending on
the global surface normal, the incoming and outgoing light direction and the parameters
provided by the texture at the shading point. The directions, colors and intensities of
contributing incoming light rays are computed using light transport, see Figure 3.11. Dif-
ferent types of incoming light are distinguished. Direct light emerges from a light source
which is not hidden by any other object in the scene. Indirect light is emitted from other
objects by reflection or sub-surface scattering. For simulating indirect light, the procedure
of ray tracing and shading has to be repeated iteratively for every object hit by the light
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Figure 3.11: Schematic drawing of shading. Two representatives of possible incoming light
ray directions are considered.

ray. For this purpose, path tracing introduced by Kajiya [61] is a common algorithm.
It is a Monte-Carlo ray tracing based method that integrates all possible incoming light
directions in the hemisphere over the shading point attenuated by the BRDF. The number
of light ray bounces has to be chosen and influences the quality of the synthesized images.
Less bounces decrease realism as much indirect light is ignored which results in too dark
shadows. However, run-time grows while increasing the number of bounces.
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4 Introduction

Part I of this thesis deals with modeling the surface meso scale geometry as it strongly
influences the light reflection, see Section 2.1.1 for more details. In computer graphics,
textures are a common approach to model the variations of the surface meso scale ge-
ometry during rendering which is introduced in Section 3.2.3. We concentrate on texture
synthesis methods for the surface topography of metallic objects with planar surfaces. The
surface topography of industrial products is determined by the surface finishing methods
used during their manufacturing. Here, we focus on two methods resulting in completely
different surface patterns, namely sandblasting and milling. See Figure 4.1 for test objects
treated by those machining methods.

In sandblasting, a strong air-jet mixed with an abrasive such as sand is used to mat
a smooth surface, to smooth a rough surface or to remove contaminants such as rust or
dirt. The process results in a non-periodic homogeneous random pattern. The process
parameters are the pressure of the air-jet, the stand-off distance (distance between the
tool and the surface), the grain size distribution, the blasting duration and the blasting
angle.

Contrary, milling, more precisely face-milling, creates periodically arranged determin-
istic ring-shaped structures on the surface. It is a well-known machining method used
to form work pieces in high precision. A milling tool equipped with an end mill moves
over the surface following a prescribed path. While moving, the milling head rotates and
its blades leave ring-shaped scratches. Process parameters include the diameter of the
milling head, the length of the blades, the axial depth of cut, the radial depth of cut, the
feed rate, the rotation speed and others [20], see Figure 4.2 for a description. Both the
tool-path and the milling head diameter are deterministic while the variation within the
rings is random.

In this part of the thesis, stochastic texture models based on topography measurements
of such surfaces are presented. As the surface patterns differ significantly, separate mod-
eling approaches for the two cases are used. Sandblasted surfaces are modeled by a com-
bination of data-based texture synthesis methods that rely entirely on the measurements.

Figure 4.1: Test objects made of aluminum having a base about 5 cm in size and differently
machined surfaces: sandblasted (left), parallel milled (middle) and spiral milled
(right). The objects were produced by Fraunhofer IOF.
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Figure 4.2: Schematic drawing of a milling tool and illustration of the milling procedure
including descriptions of the milling parameters.

In contrast, the model for milled surfaces is procedural and includes all process-related
parameters known from the machine settings.

First, Section 4.1 gives an overview of existing work for modeling sandblasted and milled
surfaces. Since model fitting is based on topography measurements of such machined sur-
faces, the corresponding data is introduced in Section 4.3. Chapter 5 describes the use of
phenomenological, data-based methods to synthesize texture images of sandblasted sur-
faces. A stochastic, procedural texture synthesis model is developed for milled surfaces
which is introduced in Chapter 6. Chapter 7 serves as conclusion of the modeling ap-
proaches. The synthetic data generated in a virtual inspection environment using the
synthetic texture images is provided in Chapter 8.

This part was published in [56] and partially published in [35].

4.1 Related Work

Various different approaches for the synthesis of the surface texture exist. Process-based
approaches generate textures by simulating the physical process of the surface treatment in
high precision. Contrary, phenomenological approaches create new surface textures based
on a given realization thereof. In general, those simulation methods can be classified
into statistics-based, patch rearrangement and machine learning methods, see [86] for an
overview. Statistics-based methods generate random output textures that mimic selected
statistics of the input. Patch rearrangement methods take given realizations in form of
images as input, copy and randomly rearrange smaller patches of the image to generate a
new texture image. Machine learning methods use generative models to generate output
images resembling the input texture [38,107,113,117,118].

In computer graphics, texture synthesis methods are often divided into procedural and
data-based. The first group includes parameterized methods that define new textures on
a continuous domain. Considering machined surfaces, process parameters can be directly
included as model parameters. However, they are restricted and specialized to a specific
surface processing method. Contrary, for data-based models, the whole information to
describe a pattern is delivered by an image. Since less assumptions on the imaged textures
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are required, data-based models are typically more widely applicable than procedural
methods.

For sandblasting, Oranli et al. [80] developed a process-based method describing the sur-
face topography to assess the resulting surface roughness virtually. Varying air pressures
and stand-off distances are considered. Aluminum particles serve as grains to sandblast
polymeric objects. The model describes the surface deformation realistically when differ-
ently shaped grains hit the surface. The particle-specific velocity is computed and taken
into account. Yu et al. [120] simulate the sandblasting process on wind turbine blades to
estimate the best parameter choices. The grain shape is assumed to be spherical while
different grain radii, air pressures and stand-off distances are considered.

A class of parametric models that can be used for stochastic simulation of sandblasted
surfaces are Gaussian random fields. However, little is known about the relation of process
and model parameters. We decided to use data-based methods as they are applicable
to random stationary patterns with short-range correlations and are thus suitable for
sandblasted surfaces. Details on the models are discussed in Chapter 5.

In the literature, there exist several process-based models for milling. Felhé et al. [28]
consider various shapes of inserts which approximate the blades. Theoretical line profile
roughness values of simulated surfaces are compared to measurements from identically
machined real surfaces made of steel. This research was extended to analyze the influence
of the feed rate, the speed at which the tool moves over the surface [29]. Besides the line
profile roughness values, the surface profile roughness values are also compared. However,
modeling is restricted to a small central part of the ring-shaped milling pattern. Kundrak
et al. [64] investigated the influence of different inserts and feed rates, comparing two more
lateral positions and identifying differences to the central part in the height values. The
re-cutting effect resulting from multiple passages of the tool over the same spot on the
surface is not taken into account in the surface models. Hadad and Ramezani [44] included
the re-cutting effect by giving an in-depth description of the cutting edge path.

Moreover, Tosello et al. [103] summarize models to simulate surface topographies pro-
duced by different machining methods such as milling, grinding and laser machining to
enable process optimization such that the resulting surfaces fulfill the requested functional
properties. For milling, they mostly restrict to ball end milling and present various, mainly
process-based methods.

Bosnar et al. [13] developed a stochastic model for circular, parallel and knurling tex-
ture synthesis without taking an explicit machining method into account. Parts of that
model can be taken as basis for stochastic models for other milling types. To the best of
our knowledge, there is no literature in which milled surface textures were considered as
examples of data-based models. Since most of these methods reproduce spatially homo-
geneous structures they are less suitable for milled surfaces because of their ring-shaped
components.

4.2 Our Contribution

In this part we introduce stochastic texture models for sandblasted and milled surfaces
based on topography measurements of such surfaces. Their outputs are texture images
of arbitrary size to cover the entire area of arbitrarily large surfaces. Separate modeling
approaches are used for both cases because their surface patterns differ significantly.

A novel phenomenological approach to model sandblasted surfaces is proposed relying
on a combination of existing texture generation methods. As the impact of individual
machining parameters to the characteristic features of the resulting surface topography
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Figure 4.3: Measurement of a milled surface using a focus-variation microscope, provided
by Fraunhofer IOF. 2d height image (left) and its representation as a surface
in R? (right). Imaged region is 3 mm x 3 mm.

is not straightforward, we use data-based methods. Thus, the impact of production-
specific parameters is provided by the topography measurements. The presented procedure
subdivides into two steps. First, patches of the measurement are used as input of statistics-
based methods to generate texture images of the same size and resolution. Then, those
newly generated texture patches serve as input for patch rearrangement methods to obtain
arbitrarily large texture images.

For milled surfaces, a novel process-based texture model is proposed as the typical
surface pattern is directly determined by the machining procedure and its process-specific
parameters. To integrate those process-related parameters, the proposed texture model
is parameterized. Values of real world parameters known from the machine settings can
directly be utilized, the remaining are estimated from the topography measurements.
Moreover, the proposed model is procedural and thus given by a function defined in a
continuous domain. To obtain discrete texture images, this function is evaluated on the
image grid pixels. We present a multi-step model to individually integrate the impact
of different machining components on the manufacturing process, which also affect the
texture on different length scales.

4.3 Measurement Data

The models for sandblasted and milled textures are developed based on measurements of
the surface topography of machined work pieces with planar surfaces. Both machining
methods were performed using several different sets of processing parameters. For sand-
blasting, we modify only the pressure. The stand-off distance was not considered since
the samples are treated manually and thus it cannot be guaranteed that the distance will
be kept constant. The grain size distribution was not known. For milling, there are three
parameters. The tool-path defines whether parallel or spiral milling is applied. Then,
the milling head diameter and the radial depth of cut (a. [20]) are chosen. The latter
defines the lateral step size of the milling tool proportionally to the milling head diameter.
Table 4.1 gives an overview of all available samples.

The measurements were performed using the focus-variation microscope Bruker alicona
InfiniteFocus G4 with a vertical resolution of 420 nm. Data are provided as 2d height
images H of size M x N and homogeneous pixel spacing v. In our measurements, we
have v = 1.75 pm and image sizes varying between 4301 x 3175 and 4440 x 3288. See
Figure 4.3 for an example. Measurement errors were edited by replacing the height values
of the affected area using the mean heights of the surrounding pixels.
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Table 4.1: Overview of the resulting surfaces of both manufacturing processes with the

parameters used in each case. Optical 3d images obtained by focus-variation
microscopy provided by Fraunhofer IOF. The imaged region for sandblasting is
7.3 mm x 5.7 mm and for milling 14.6 mm x 11.5 mm.

Sandblasting

pressure = 2.5 bar pressure = 6 bar

path
head &

Milling
ae = 0.2 a. =0.5 a. = 0.8

parallel

4 mm

spiral
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5 Model for Sandblasted Surfaces

Sandblasting produces a homogeneous surface topography that can be interpreted as a
stationary random field. Almost no deterministic components exist. Depending on the
air-jet’s pressure, the resulting patterns differ in depth and their degree of roughness, see
Figure 5.1. We conjecture that the distance between the tool and the surface as well as
the grain size distribution of the sand also influence the textures [7,80].

Fitting Gaussian random fields to the measurements did not result in visually similar
texture images. Additionally, it is not obvious how to define a parametric model that
takes process-induced parameters into account. Thus, we use data-based texture gener-
ating methods that take the measured topography images as input and generate similar
outputs. Here, we limit ourselves to statistics-based and patch rearrangement methods, as
these are comprehensible and provide sufficiently good results. Although many statistical
constraints are fitted within the presented statistics-based methods, their number is still
small compared to the amount of features in deep learning methods for texture generation.
In particular, the statistics-based method of Portilla and Simoncelli is still considered as
state-of-the-art and used to compare to recent learning-based methods.

Statistics-based methods are used to generate texture images of the same size and
pixel spacing as the measurements. Several methods are summarized and compared in
Section 5.1. Then, patch rearrangement methods are used to produce images of arbitrary
size. This procedure is detailed in Section 5.2.

5.1 Texture Generation Methods

Four different statistical data-based texture generating methods are considered: the asymp-
totic discrete spot noise (ADSN) [37,65], the random phase noise (RPN) [37] and the meth-
ods by Heeger and Bergen (HB) [49,109] and by Portilla and Simoncelli (PS) [85,108].
All methods are divided into two steps. First, certain statistics of the input image are

height in pm

Figure 5.1: Measurements of sandblasted surfaces using an air-jet with pressure 2.5 bar
(left) and 6 bar (right) obtained by focus-variation. Data is provided by Fraun-
hofer IOF. The imaged region is 5.6 mm x 7.7 mm.
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Figure 5.2: Decomposition into periodic and smooth component as proposed by
Moisan [75], from left to right: Z, Zper, Zsmooth-

computed. Then, the output image is calculated by first creating a Gaussian white noise
image G with G(p) ~ N(0,1) i.i.d. for p € Q and then adjusting it so that the desired
statistics match. Here, let Z be the input image of size M x N defined on the grid
Q={0,...,M—1} x{0,...,N —1}. Since all methods are based on the Fourier trans-
form, we assume Z to have periodic boundaries to avoid artifacts. That is, the transitions
of the left and right and also of the top and bottom edges are smooth. Moisan [75] pro-
posed a method to obtain periodic boundary conditions by decomposing an image Z into
a periodic component 7, and a smooth component Zgyoth. The periodic component is
obtained as the unique solution of the Poisson problem

ALper = AT
mean (Zper) = mean (7)
where A is the discrete periodic Laplacian and A; the discrete Laplacian in the interior

of Q). Here, the interior is understood to be the entire domain excluding the outermost
pixels. In general, the operators are defined for p € € via

AZ(p) =4Z(p)— ), Z(gmod Q)
qeN4(p)

AZ(p) = [Na(p) n QI Z(p) = Y,  Z(q)

geEN1(p) Q2

with (g1, ¢2) mod Q = (¢ mod M, g2 mod N) for - mod - the modulo operator and |- | the
number of elements. Thus, Z and 7., coincide in the interior but have varying boundaries.
Figure 5.2 shows the decomposition obtained by Moisan’s method and Figure 5.3 proves
the gained periodic boundary conditions.

5.1.1 Asymptotic Discrete Spot Noise

Galerne et al. [37] introduced the ADSN as the limit of the normalized discrete spot noise
(DSN). The DSN of order n associated with input image Z is given as sum of random
shifts Zx(p) = Z(p — px) of Z for py independent and identically uniformly distributed in
Q, namely DSN,,(Z) = >};_; Zy. By the central limit theorem, the DSN asymptotically
follows a Gaussian distribution

N (%DSNn(I) - ,:LI) 4 ADSN (T) ~ N (0,C7) .

where fi7 is the arithmetic mean and 6’1 the covariance matrix of Z. The ADSN can thus
be simulated by sampling from the multivariate normal distribution N (,&I, 6’1>
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Figure 5.3: Swapped quadrants of images 7 (left) and Z,., (middle) of Figure 5.2 using
the procedure illustrated on the right.

The ADSN is a non-iterative and parameter-free method. Figure 5.4 shows an exemplary
output. The Fourier modulus of a newly generated texture image is the Fourier modulus
of the input image multiplied with Rayleigh noise [37]. Thus, minor differences are visible
when comparing their sample auto-correlations, see Figure 5.5b.

5.1.2 Random Phase Noise

The random phase noise associated with an image 7 generates new texture images having
the same Fourier modulus as Z but a random phase, see [36,37,52] for more details. This
method is also non-iterative and parameter-free.

__Assume M and N to be even. Then, the RPN is defined in the Fourier domain Q by
RPN (I)(&) = I(f) exp (i0(¢)) for € € Q). Here, 6 is a uniform random phase which is
defined as a function 6 : Q — (—, 7] fulfilling the following properties

1. 6(—¢&) = —6(¢) for all £ € Q)
2. 0(€) ~ U((—m,w]) for £ € O\ {(0,0), (0, X, ( -
3. 0(¢) ~U({0,m}) for €€ {(0,0), (0,5), (%,0 )}

4. For any subset & — € not containing symmetric points (e = —¢¢w), the
random variables {0(&) : £ € ©} are independent.

M
2

=)

), (M

w2,

)}

)

(
). (5%

A Gaussian white noise image has a uniform random phase. In spite of Assumption 3.
above, we assume additionally 6((0,0)) = 0 such that RPN(Z) maintains the sample
mean of Z. Note that the method is also valid for odd M or N. See Figure 5.4 for
a realization of the RPN. Since Z and RPN (Z) have the same Fourier modulus, their
sample auto-correlations coincide as can be seen in Figure 5.5b.

5.1.3 Method of Heeger and Bergen

The following method was primarily introduced by Heeger and Bergen [49]. Briand et
al. [109] published a more detailed version including an in-depth description of the method
and possible extensions. In addition, an implementation is provided.

The HB-method iteratively modifies an initial image H By = G. Consider K iterations
resulting in updated texture images H By, k = 1,..., K. In each iteration, the histogram of
H By, is first matched to that of I. Then, the image is decomposed by using the steerable
pyramid of P levels and () orientations as introduced by Simoncelli and others [94,95], see
Definition 17. Histogram matching is applied on all sub-bands to adapt the corresponding
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image pyramid to that of Z. Finally, the updated texture image H Bj is reconstructed
from the adapted image pyramid.

The histogram matching algorithm first sorts the gray values of both images and thus
gives each pixel a rank. If ties occur, the rank is assigned according to the scanning
order [109]. Then, each pixel in the image to be matched is assigned the gray value of
that pixel in the reference image having the same rank.

The output of the HB-method is denoted by H BIF(”Q (Z). Briand et al. [109] recommended
P = @ = 4 and showed that convergence is fast such that K = 5 is sufficient. Additionally,
they provided MATLAB-code which we used for the computation. Figure 5.4 shows that
edge effects occur in form of elongated structures. In order to remove that artifact, the
output’s boundary region can be cropped.

5.1.4 Method of Portilla and Simoncelli

The method of Portilla and Simoncelli [85] is an extension of the HB-method. There are
two major differences to the HB-method. First, the complex steerable pyramid is taken, see
Definition 18. Second, instead of using image-wise histogram matching, several summary
statistics are matched to those estimated from the input image. An algorithm for doing
so is given in [85,108]. A recommendation for the choice of relevant summary statistics is
based on experimental evaluation done by Portilla and Simoncelli [85]. Marginal statistics
(e.g. mean, variance, skewness) and auto-correlations on the low-frequency bands at each
scale and auto- and pairwise cross-correlations of the modulus of all oriented sub-bands are
considered as relevant. The necessity of the selected statistics is confirmed when showing
the effect of removing some of them [85,108].

The output of the iterative PS-method is denoted by PSII;’Q’S(I). Compared to the
HB-method, just one additional parameter is needed: the adjustment of auto-correlations
is limited to its central area of size S x S for odd S € N. Vacher and Briand [108]
discuss the influence of the parameter choices. In particular, they recommend to choose
S = 7. Further, they provide code which we used for the computations. Figure 5.4 shows
a realization of the PS-method.

5.1.5 Comparison of Methods

The input image is assumed to have periodic boundary conditions which is usually not
the case for arbitrary images. We will use Z,¢, as input image.

Figure 5.4 summarizes all texture generating methods introduced previously. Visually,
they all resemble the texture in the input image while being pixel-wise different. The
distributions of height values are similar as well, see Figure 5.5c. For further texture
validation, we consider the Haralick features which are texture descriptors capturing local
texture variations, see Section 3.1.6 for a more detailed description of the Haralick features.
For computations we used the MATLAB-implementation provided by Lofstedt et al. [66].
Figure 5.5a shows convincing results for correlation, energy, homogeneity and contrast.

Information about spatial relations is given by the auto-correlation in Figure 5.5b. It
is noticeable that the auto-correlation of the RPN resembles the auto-correlation of the
input image since both have the same Fourier modulus. The result of the PS-method has a
similar auto-correlation as well. However, the auto-correlations of the other two methods
show that smaller structures are erroneously present in their output images. The different
methods show similar results in the Haralick features. In terms of auto-correlation, RPN
and PS are the best methods. Of those, RPN has a substantially faster run-time, see
Figure 5.5d. Therefore, from now on we will use the RPN as texture generation method.
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Figure 5.4: Output of texture generation methods using the same initial Gaussian white
noise image. Image size is 512 x 512 and pixel spacing 1.75 pm which corre-
sponds to an imaged region of 0.9 mm x 0.9 mm.
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(a) Haralick texture features using the scaled 8-connected neighborhood. Lines represent means
of 100 realizations of images of size 512 x 512. Dots represent the measurement. Error bars
indicate minimal and maximal values. 64 gray-levels and the 8-connected neighborhood of
varying distance are used to compute the GLCM.
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(b) Auto-correlation matrices of images given in Figure 5.4.
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Figure 5.5: Comparison of texture generation methods. The run-time measurements were
performed on a HP Z240 Tower Workstation equipped with Intel Core i7-3700
CPU at 3.40GHz x 8.
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Figure 5.6: Adjustment of pixel spacing: Comparison between down-sampled reference
image (left) and adjustments of pixel spacing either by down-sampling the
synthetic texture image (center) or the input image (right). RPN is used
for texture generation. Top: the textures’ height image, bottom: their auto-
correlations. Factor three is used for down-sampling, so image size reduces to
171 x 171 and pixel spacing is 5.25 pm. The covered area is 0.9 mm x 0.9 mm.

5.2 Simulating Texture Images of Arbitrary Size and Pixel
Spacing

The methods presented in Section 5.1 generate images that maintain the image size and
pixel spacing of the input image. Here, we discuss how to generate texture images 7 of
arbitrary size M7 x N7 and pixel spacing vy > vz larger than the input image. The case
of higher resolved texture images (v < vr) is not considered as the input Z does not
contain the required image information.

There are two possibilities to create down-sampled texture images. Either a texture
image of the same pixel spacing as the input is generated and then down-sampled after-
wards or the synthetic texture image is generated directly from a down-sampled version
of the input. Results of both options when using nearest neighbor interpolation for down-
sampling are shown in Figure 5.6. Visual comparison does not reveal obvious differences
to the down-sampled input image. Also, the related auto-correlation matrices look similar.
The main advantage of down-sampling prior to texture synthesis is the drastically reduced
computation time. Thus, this procedure is used from now on.

Now, consider the adjustment to generate texture images of arbitrary size. A reduction
of the image size is achieved by simple cropping of the input image or the output. Note
that HB and PS require input image sizes to be powers of two.

When attempting to increase the output image size compared to the input, the adjust-
ment becomes more difficult. Under certain conditions on My and N7, HB and PS can
produce output images that are larger than the input image [108,109]. When using ADSN
and RPN, the input image is extended to match the desired output size [37]. That is, take
an image of the desired size My x Ny with the input image’s sample mean iz as constant
padding value and place the normalized initial image vVM7TNT/\/2MzN7 (Z — fiz) + fiz in its
center to maintain the sample mean and variance of Z, see Figure 5.7 top row. The border
of the texture image in the central part is multiplied with a sigmoid function to obtain a
smooth transition to the padding. The enlarged image is then used as input image.

Using an extended input image may result in artifacts. For example, the auto-correlation
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Figure 5.7: Comparison between methods to obtain texture images larger than the input
image. Height images in the middle row: reference image (left), two realiza-
tions of the RPN (center) and a texture image generated using EF-stitching
(right). EF-stitching is applied for patches of size 256 x 256 and overlap width
128. Input images for the RPN in the top row: extensions of different normal-
ized cut-outs of size 342 x 342 of the reference image. Corresponding auto-
correlations with zoom-in of the central part in the bottom row. Images are
of size 684 x 684 and have pixel spacing 5.25 pm such that they cover an area
of size 3.6 mm x 3.6 mm.

of a synthetically generated texture image using a patch of the given measurement as input
(Figure 5.7 center right) indicates an anisotropic behavior along the x-axis which is not
observed in the reference measurement (Figure 5.7 left). Especially when the input image
is much smaller than the desired output (Mz, Nz « My, N), the resulting pattern looses
randomness since structures are repeated periodically.

This effect is avoided when simulating smaller texture patches first which are then
stitched together (EF-stitching). The procedure is explained in Section 5.2.1 and is con-
sidered the preferred method for generating larger texture images.

In summary, the procedure to generate texture images of arbitrary size and pixel spacing
is as follows:

1. Adaptation of pixel spacing: Down-sample the input image by a factor »7/v .

2. Adaptation of image size: If the down-sampled input image has at least the
size of T, crop the image and apply a texture generation method. Otherwise, take
patches of the down-sampled input image at random positions as input for a texture
generation method and stitch those simulations using EF-stitching. Note that the
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Figure 5.8: Illustration of original EF-stitching [25,87] using patches of size 512 x 512 and
overlap width o = 256. The minimal paths are marked.

run-time of the texture generation method depends on the chosen patch size, see
Figure 5.5d.

5.2.1 Stitching Method by Efros and Freeman

EF-stitching [25] is a non-parametric phenomenological texture generation method based
on stitching together small patches taken from the input image. It is an extension of
the method of Efros and Leung [26], in which a new image is synthesized pixel by pixel.
Raad and Galerne [87] have taken up Efros and Freeman’s method and published an in-
depth description of it. Additionally, they describe a possible partial parallelization of the
computation.

When applying EF-stitching, patches taken from the input image are placed equidis-
tantly in the output image, taking into account an overlap region. Within this region, a
cutting edge for stitching is determined as a path where pixel values in the images are
most similar. To smooth the transition of both patches, the mean filter of size 3 x 3 is
applied to the seam pixels. The method inserts new patches in raster scan order (from
top left to bottom right). We use a modification of that method since newly generated
patches are taken instead of cut-outs of the input image.

Assume quadratic patches P;; of size Mp x Mp for 7,7 = 1,...,n and an overlap
region of width 1 < o < Mp. The resulting patchwork image 7 is of size M7 x Mz with
Mz = (Mp—o0)-n+o. A new patch P, ; is inserted into Z by updating the corresponding
cut-out Z; ;. A mask A;; € {0,1}MP*Mr decides whether the existing part or the new
patch is taken. That is, Z; ; is updated to A;; - Z; ; + (1 — A; ;) - P;j. Depending on
the alignment of both patches, we distinguish between horizontal, vertical and L-shaped
stitching, see Figure 5.8. The corresponding masks are defined as follows

0 ifi=1,7=1
horizontal(P; ;,Z; ;) ifi>1,j=1
vertical(P; j,Z; ;) ifi=1,7>1
L-shaped(P; ;,Z; ;) ifi>1,j>1.

Aij =

Given the position of the patch, the type of overlap region Q°, e € {h,v, L} is deter-
mined. For horizontal alignment, a vertically elongated rectangle serves as overlap region
QF = {1,...,0} x {1,...,Mp} while for vertical alignment we get QV = (Qh)T. If the
patch’s alignment is none of both, the overlap region QF = Q" U QV is L-shaped.

To determine the mask, we compute the 8-connected path within the corresponding over-
lap region minimizing the sum of point-wise squared differences e(p) = (Z; ;(p) — P, j(p))?
for p € Q°. It separates the patches where they are most similar.
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Figure 5.9: Illustration of EF-stitching for vertical alignment using patches of size 512x512
and overlap width o = 256.

In case of vertical alignment, the overlap region is divided by a horizontal path

¢h = (C{‘, .. .,Qﬂp). The path is oriented from right to left such that for successive
path elements (C,};)l — ((1?71)1 =—1for k=2,..., Mp. The mask is then computed by

vertical(P; ;,Z; ;)(p) = {0 itpy > (Cpl)
1 else
forpe{l,...,M P}Z. Figure 5.9 illustrates the stitching procedure for vertical alignment.
The formulation for horizontal alignment is analogous.

An L-shaped path ¢¥ is a combination of a horizontal and a vertical path connected
at a point located in {1,...,0}%. Simply searching for the minimal L-shaped path in the
overlap region as described in [87] may result in a path being disconnected to the paths
constructed in the previous stitching steps, see Figure 5.8. This causes discontinuities
in the stitched image. To avoid this problem, we elongate the existing horizontal path
¢Eh from the previous stitching step optimally and find the minimal vertical path (v
connected to that elongation. The mask for L-shaped overlap is defined by

0 itpr > ("), andpo > (Gi")

1 else

L-shaped (P; j,Z; ;) (p) = ’

for pe {1,..., Mp}>. Figure 5.10 illustrates the adapted EF-stitching for L-shaped align-
ment.
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Figure 5.10: Illustration of adapted EF-stitching for L-shaped alignment using patches of
size 512 x 512 and overlap width o = 256.
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6 Model for Milled Surfaces

Milling produces significantly different textures than sandblasting, compare the measure-
ments given in Figure 4.3 and Figure 5.1. In particular, face-milled surfaces are character-
ized by a non-stationary pattern of periodic ring-shaped indentations. These structures
cannot be reproduced by the methods introduced in Section 5.1 since they are only suit-
able for stationary textures with short-range correlations [37,86,108]. Thus, a separate
model to generate textures of milled surfaces is needed. Additional measurements of
milled surfaces using all milling parameter configurations to be investigated are shown in
Table 6.1.

The characteristic ring-shaped indentations are formed by the milling tool when follow-
ing its prescribed path along the material surface. During this motion, the cutting edge
of the milling head follows a cycloidal path. In our model, this path will be simplified to
a pattern of successive rings, see Figure 6.1.

The milling model is introduced as a parameterized function f : R? — R on a continuous
domain and is thus procedural. It is then evaluated at given image grid points to obtain the
texture image 7. A model containing n € N rings is given by f () = f, (R1,..., Ry) (x).
The modeling procedure consists of three steps describing the appearance, interaction and
location of the rings as follows:

1. the appearance of an individual ring is described by the function Ry : R> — R,

2. the interaction between n rings is described by the mapping
fa: (R2->R)" > (R >R): (Ri,...,Ry) — fu(Ri,..., Ry),

3. the tool-path providing the position and order of the rings by defining their center
points ¢, € R%.

These sub-models are explained in more detail in Section 6.1, Section 6.2 and Section 6.3
below. The milling process is controlled by several parameters both for the milling head,
e.g. the head diameter and the blade length, and for the tool-path such as the feed rate.
The known real-world parameters are integrated into the model and the measurements
are used to estimate the remaining unknown parameters. The adaptation of the model to
given data is described in Section 6.4.

6.1 Sub-Model for Ring Appearance

A ring R}, : R?> — R approximates the cut of one cutting edge during a complete rotation of
the milling head. The shapes of indentation resulting from the cutting process and of possi-

Figure 6.1: Path of one cutting edge (left) and its approximation with rings (right).
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Table 6.1: Overview of 2d height images of milled surfaces using the parameters introduced
in Section 4.3. Measurements are performed by Fraunhofer IOF using white
light interferometry. The imaged region is 10 mm x 10 mm and the resolution
is v =2.21 pm.
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Figure 6.2: Illustration of the composition of the sub-model for the ring appearance.

ble material deposition are captured by the shape function
Sr : R? — [~1,1]. In practice, the milling tool is often tilted forwards in direction of
the tool-path to prevent re-cutting [44,63]. This circumstance is modeled by the tilting
function T}, : R? — [—1, 1] which is multiplied with the shape. Moreover, irregularities can
occur during the milling process due to vibrations or resistances in the material. These
are added as noise Ny : R? — [—1,1] to the tilted ring. Thus, the sub-model for a ring
reads Ry = S - T + Ni, see Figure 6.2.

6.1.1 Shape

To define a ring, the following spatial components are needed: the center point c;, € R?, the
radius r € R>¢ and the width w, . The location of the center point depends on the tool-
path, described in Section 6.3. The radius is directly given by the diameter d of the milling
tool as r = d/2. The width is modeled by a random variable w, ~ N (j,,-,0,~) whose
mean f,,~ € (0,7) is given by the length of the cutting edge. The set of points belonging
to the ring is denoted by P, = {z € R*:r —w; < ||z — cx[2 <r}. In the following, we
define several indentation shapes which are illustrated in Figure 6.3.

1. Indicator function
This shape function is constant on the set of points lying in the ring. Thus, there
are no height differences within the ring. We define this shape function by

—1 ifxe P,

0 else.

S}Igndicator( .T) _ {

2. Cosine function
The indicator shape function is extended to have a smooth transition and to resemble
the shape of the cutting edge. The function is modeled using the cosine function
and is defined based on the normalized distance
— 2 ’U)]; 2
D, :R° - [-1,1] 1z — (:E—ck||2—7“+ 2) -Fipk—(x)
k

between points in the ring and the ring’s central circle. The resulting shape function
is

osine —cos (5 -D; (x)) ifxeP,
Sg (l‘) _ { (2 k ) k

0 else.
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Figure 6.3: Illustration of shape functions and their parameters: height images (top) and

1d-intersections thereof (bottom).

3. Bump function

The cosine shape function is extended to include accumulations outside the indenta-
tion caused by material deposition. These are modeled by positive parts of a cosine
function on two rings outside and inside P,". The inner and outer ring have widths
Wi~ N (py+i, 0+i) and w;® ~ N(py+0, 0y4+0). Denote the set of points lying in
the inner and outer ring by

Pl ={zeR®:r—w, —w}"' <
Pro = {xERQ:r< |z — cilla < 7 +w°}.
The distance functions D;*(z) and D;°(z) are defined in analogy to D; (z). The
complete shape function then reads
cos (§-Dj'(z)) ifzep
—cos (3. Dy (z) ifaweP,
cos (5-Di°(z)) ifxe P

0 else.

S’E’)ump (.’B) —

6.1.2 Tilting

So far, milling shapes were assumed to be aligned to the milled surface. Tilting of the
milling head introduces a depth gradient within the rings with increasing depth towards
the front, i.e., in motion direction of the milling tool. For a ring Ry, this direction is given
by the angle 0 € (—m, 7] between the planar tool-path at point ¢; and the z-axis. It can
directly be computed by

lek+1 — ckl2
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Figure 6.4: Illustration of tilting with 6 = 0, applied to indicator (top) and bump shape
(bottom). Height images and their 1d-intersections.

Tilting is introduced by location dependent scaling of the shape function Si. The slope of
the tilting plane is defined by the highest and the lowest scaling factors by ~ N (up,—, o)
and I, ~ N (y;-,0,-), respectively, which are applied to the fore- and rearmost point of
the indentation ring. The plane of contact between milling head and surface thus becomes

planei (2) = "5 (cos(B) - (1 — (ex)y) + sn(6) - (22 — (ex),)) +

hy +1;

. (6.1)

modeling the gradient of the indentation’s height values, see Figure 6.4 for an illustration.
Tilting is applied separately to indentation and accumulations by

Ti(x) = (plane,; : 1Pk_ + plane;° - 1P:o + plane; * - 1Pk+i) (x).

The planes for the accumulation are defined similarly to Equation (6.1) with the cor-
responding highest h} ~ N (upe,0ps) and lowest scaling factors I} ~ N (s, 0pe) for
e € {+i,+0}. To keep the model general, the highest and lowest scaling factors can
be chosen independently. However, as real processing parameters serve the tilting angle
¢ between the z-y-plane and the z-axis and the indentation depth [ in the center of the
milling tool from which we obtain p;— and pj,- by [ £+ r - sin(¢). None of the remaining
tilting parameters can explicitly be derived from the machining parameters, but the planes
are usually chosen to be parallel. The outer accumulation needs higher scaling factors than
the inner since the tool’s presence prevents material from being deposited on the inside.

6.1.3 Noise

As can be seen in Figure 4.3, the height values along a ring are not constant. We assume
that the fluctuations follow a periodic pattern induced by oscillations of the blade as well
as a transition between cutting and material deposition. Hence, the noise is modeled
as a sum of A\ ~ P(A) sine curves, having frequencies 7, ; ~ P(7) and random shifts
&kj ~U((—m,7]) for j = 1,..., A;. Thus, the noise is given by

Ak

Ni(z) = ( 1 2 Tk,; - sin (arctan2 (z2 — (cx)y, 21 — (ck)q) + §k7j)> -1p, (x)

e &
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Figure 6.5: Illustration of noise using A = 7 = 50.

and illustrated in Figure 6.5. Here, P is defined as set of points to be considered, depen-
dent on the used shape function. For those having an indentation only, we have P, = P~
and for those with additional accumulations we get P, = P, u P U P

6.2 Sub-Model for Ring Interaction

The interaction between k € N rings is defined as a mapping fi (R1,..., Rg). Assume
fo(Ro)(x) = 0 for all z € R? and consider the following functions which can be compared
in Figure 6.6.

1. Minimum
Since material is removed during the milling process, the deepest indentation at any
point should be decisive. Note that the rings’ order is not maintained when using
the minimum. This interaction function then reads

f,lfvﬁn (Ry,...,Rk) (x) = min (Ry(z),...,Rg(x)).

2. Latest
Here, we take into account that milling is a consecutive process. Hence, newly
introduced rings overwrite older ones which leads to a dominant appearance of their
rear parts. We define this interaction by

f]%atest (Rl, o Rk) (.CU) _ {Rllf(tl‘l ifrxe Pk
[ (R, ..o, Rg—1) () else.

3. Convex combination
In the previous approaches, the value in each point is determined by a single ring. A
more realistic assumption might be that the height value is obtained by a superpo-
sition of rings overlapping at that point. To this end, we use a convex combination
of the rings with most weight on the last rings, see Figure 6.7. Since the surface
is changed more by deeper cuts those should be weighted more. Thus, we use a
tilted plane Ay : R? — R instead of a global parameter. It is defined similarly to
Equation (6.1) but with I, = a ~ U([a™", a™*]) and hy, = by, ~ U([b™", b™2x]) for
a™min gmax pmin pmax ¢ 10 1] fulfilling a™® < @™ and ™" < M, The resulting

interaction function is

f]?onvex (le . -aRk) ($) — (Ak - Ry + (1 — Ak) . ]?_Oilvex (Rl,- . .,Rk_l)) (m)
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Figure 6.6: [llustration of interaction functions using bump shape. Imaged region is
5 mm X 5 mm.
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Figure 6.7: Illustration of the convex combination as interaction function using tilting
directions 6 = 0 for £ = 1,2,3. Different weights are used, from top to

bottom: Ag(Pg) = 1 (equals ffatst) a global weight Ay(Py) = const and a
tilted plane.
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a=0.2,d=4mm, a=0.5,d=4mm, a=0.8,d=4mm,
6 = 0.09 mm. 6 = 0.09 mm. 6 = 0.09 mm.
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Figure 6.8: Influence of parameters for the tool-path. Imaged region is 10 mm x 10 mm.

6.3 Sub-Model for Tool-Path

In this section, a parametric model is formulated for both the parallel and the spiral tool-
path. Ring center points c(;) are modeled by random displacements of points ¢(;) on the
tool-path. That is, ¢y ~ N (é(k), ZC). To account for irregularities in the visibility of
rings, the deterministic ring order is changed by a certain amount € € [0,1]. To do so,
choose £ c {1,...,n} with |£| = [e - n| randomly. The order of rings with index in & is
then permuted randomly to obtain cg.

We denote the distance between neighboring tool-paths by p = (1—«)-d € (0,d), where
a € (0,1) specifies the amount of ring overlap. It depends on the radial depth of cut via
o = 1 — a.. Remember that the radial cutting depth defines the distance the tool steps
over in relation to the ring diameter. As the blades do not reach the edge of the tool, « is
reduced here by taking o — v with v € [0, ). Moreover, the distance between successive
center points along the tool-path is § € R~(, which depends on the tool’s feed rate and
the rotational speed of the milling head. All parameters are process-induced and directly
modifiable in the machine setting. Figure 6.8 illustrates the influence of those parameters.

6.3.1 Parallel Pattern

For parallel milling, the center points ¢(; ;) are located on a parallel system of lines with
distance p. Here, index j is the index of the line while index i represents a set of equidistant

points at distance § along each line. Depending on the angle 5 € (—m, 7] between the lines
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Figure 6.9: Illustration of parallel (left) and spiral tool-path (right), their parameters and
preliminary center points lying thereon.

Milling in the same Milling in the same  Milling in alternating Milling for 8 = 7/s.
direction, bottom to direction, top to directions.
top. bottom.

Figure 6.10: Several parallel milled patterns. Imaged region is 10 mm x 10 mm.

and the z-axis, we get the set of center points as CParallel — {E(iaj)}ijez for

(mi,tan(ﬂ)xi + #fﬁ)) ,xi =1ibcos(8) if e (—m 7w\ {-5.5}

Criooy =
o) if fe{-5,3
as illustrated in Figure 6.9.

The indices k required for the interaction function are derived from the temporal order
of milling the lines. We start by the first visible point on the line that is milled first. Then,
we visit all indices ¢ on this line following the milling direction. After all visible rings on
the line have been captured, we proceed to the line that is milled next. Figure 6.10 shows
patterns that are produced by different orderings. Finally, to obtain {E(k)} e Testrict
the computation of ¢; ;) such that the resulting rings are visible in the image.

6.3.2 Spiral Pattern

The spiral tool-path is modeled using the Archimedean spiral which is defined such that
the radius grows proportionally to the angle. Its parametric representation in polar coor-
dinates is

o-ap-cos(p+P) ) . 90,

spiral : ¢ — ( ap - sin (o + )

Here, u € R? is the origin of the spiral, 3 € (—m, 7] the angle to the z-axis at the origin
and o € {—1,1} its orientation. If o = 1, then the spiral turns counter-clockwise. The
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Figure 6.11: Several spiral milled patterns. Imaged region is 10 mm x 10 mm.

distance of neighboring arcs is given by |spiral(y) — spiral(¢ + 27)|2 = 2wa. To achieve a
distance of p, we have to choose a = %. Figure 6.9 shows an exemplary spiral tool-path
explaining all required parameters. For simplicity, we only consider o = 1, § = 0 and
u = (0,0) in the following. According to our definition, the tool-path starts at the spiral’s
origin and moves to the outside (outward milling). Alternatively, the tool can also move
in the opposite direction (inward milling). In this case, the tool can produce an exit line
when it is not lifted from the surface before removing it. Exemplary textures of spiral
milled surfaces are shown in Figure 6.11.

The center points are given by CsPral — {E(k) = gpiral (<p(k)) } ren for suitable ¢y, To en-
sure that consecutive center points have equal distance 9, the angles ¢ ;) have to be chosen

such that they fulfill L (w(k)) = k-4, where L(p) = § <<p«/1 + @2+ 1In <<p +4/1+ (,02))

is the spiral’s arc length. Equidistant ¢) are not possible since L(-) is not linear, see
Figure 6.12. Moreover, no analytic solution of L (go(k)) — k- = 0 exists. Therefore, we
use Newton’s method

L(pgy) — k-0
L' (pk.5))

PE0) = Pk—1)s  Plkj+l) = Plkj) — ,JEN,

with @) = 0. The derivative of L(:) is given by

202 +1 1
L'(p) a( 14 ) = a\/1+ ¢2.

= +
2\V1+9?2 1+ ¢2

Hence, approximate @) ~ ¢, for I € N. We decided for I = 1 because negligible
mistakes are just visible for small k, see Figure 6.12. Hence, use

_L(ew) —k-5

vo) =0,  Yr+1) = Pw) ' (o)

6.4 Fitting the Model to Data

The modular multi-step model for generating texture images of milled surfaces has com-
ponents for modeling the shape of an individual ring and the interaction between rings
which are compared in Table 6.2. It shows the necessity of randomizing the ring structures
and of all components for the sub-model of the rings’ appearance. We chose the bump
shape and the convex combination as interaction function since these two variants reflect
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Figure 6.12: Explanation to use Newton’s method for the computation of ¢ considering
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Figure 6.13: Comparison of measurement obtained by focus-variation microscope and sim-
ulation of parallel milling with milling head diameter 4 mm and ring overlap
0.46 (o = 0.5, v = 0.04). Imaged region is 5.5 mm x 5.5 mm.

the corresponding processes most realistically. Although this is the most complex choice,
most of the parameters are related to the milling process. Some parameters are real-world
parameters and can thus be taken immediately from those of the machining process. The
remaining parameters are estimated by visual comparison of the resulting patterns and
the measurements. All parameters are summarized in Table 6.3.

Due to the choice of the convex combination as interaction function, the height values
of a simulated texture image 7 may not resemble those of the corresponding measurement
M, see Figure 6.13. Hence, we adapt the height values of the simulated image such that
their sample mean [i7 and sample variance &7 coincide with the sample mean fin¢ and
the sample variance 6 of the measurement.

The computation time of the texture synthesis method grows non-linearly with increas-
ing image size, see Figure 6.14. It depends on both the pixel spacing and the number of
rings. The number of rings increases with the size of the overlap. Thus, run-time for large
high-resolution images can get critical. Parallelization is possible by precomputing and
storing the required parameters for each ring. Then, smaller sub-images can be computed
simultaneously and merged afterwards.

63



Table 6.2: Comparison of interaction functions using indicator and bump shape. The
model’s improvements are added successively: variability in the ring width
(owe, (3¢);; # 0), integration of tilting and noise and change of the rings’ or-
dering. Imaged region is 5 mm x 5 mm.
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Table 6.3: Overview of parameters needed for the model to simulate milled surfaces. Di-

rectly known process parameters are highlighted.

‘ H notation ‘ definition ‘ relation to process ‘ distribution ‘ parameters
d diameter of ring diameter of milling head deRxg
_ width of . . - € (0,9/2)
wy, indentation width of cutting edge N (f-00-) 7y € Rog
[
[oN .
= i width of depends on Hti € (0,42 — pu,-)
7 Ok inner accumulation edges’ sharpness Nty 041) ou+i € Rsp
+o width of depends on fhw+o € R>o
Yk outer accumulation edges’ sharpness N (s, o) Ow+o € Roo
§ O tilting direction depends on tool-path O € (—m, 7]
< .. . .
& o minimal/maximal scaling . . s Ite— € Rxo
< o >
g bs by of indentation depth cutting depth with tilting | A (u,-,0.-) 0e- €R-p
2 | e
s |5 i minimal/maximal scaling depends on Jte+i € Rxp
= lk s hk . . . s N(M.+i,0.+1) -
e of inner accumulation height edges’ sharpness 04+i € R>g
o o minimal/maximal scaling depends on N Fore) fle+o € R>0
k 7k | of outer accumulation height edges’ sharpness Hato, Tate Ooto € Rog
A number of sine curves PN AeN
[
‘S Th; frequency of sine curves P(r) TeN
h &k, shift of sine curves U ((—m,x])
g front value for ; a™m e [0,1]
=] min  max ’
£ “ convex combination U ([am™,am]) a™™> e [¢™n, 1]
3 .
3 rear value for min max b e 0,1]
E b convex combination U ([, bm]) bmax g [pmin 1]
Ck ring center points determined by tool-path N (g, ) 3c € Riﬁz
o defines p (distance between amount of overlap of ae(0,1)
neighboring tool-paths) neighboring tool-paths ’
increase distance between distance between blade
< v . . ve[0,a)
2 neighboring tool paths and outer edge of tool
8,
3 distance between depends on feed rate and
8 0 o€ R>()
=1 center points tool rotational speed
amount of rings
€ with changed order cel0.1]
angle to z-axis € (—m,m
3 gl i 3
u spiral origin ueR?
0 spiral orientation (counter-)clockwise oe{-1,1}
] 60(30 overlap Q,QQ overlap
& o 02 3 0.2
= Q0 = Q
N < 0.5 S AV < 0.5
—
) P <08 o 0.8
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Figure 6.14: Mean computation time (left) and mean number of relevant rings (right)
for milling pattern using pixel spacing v = 6.1 pm, milling tool diameter
d = 4 mm and several choices for the overlap. Means of 100 realizations.
Error bars indicate minimal and maximal values. Run-times of the MATLAB-
implementations were measured on a HP 7240 Tower Workstation equipped
with Intel Core i7-3700 CPU at 3.40GHz x 8.

65



(a) Real acquired image taken as crop (b) Synthetic image rendered using
from the dual data set of a clutch Blender [1]. Procedural color texture
published by Fulir et al. [33]. is similar as proposed in [71] for sim-

ulating surface impurities.

Figure 6.15: Real and synthetic image of a polished surface.

6.5 Model-Adaptations to Simulate Polished Surfaces

Polishing is a common method for post-processing the top layer of a machined prod-
uct to obtain smooth surfaces. Different polishing methods exist, for example chemical,
ultrasonic or mechanical polishing. We restrict to the latter. Therefore, abrasives like
sandpaper are used to remove material from the top surface layer. The process can be
performed automatically or by hand. Figure 6.15a shows an example of a polished metal
surface. The texture is characterized by elongated line-shaped indentations resulting from
the material removal of individual abrasives during the polishing movement.

To model the surface texture of polished objects, the milling model can be adapted. In-
stead of rings, we use elongated rectangles as basic shape representing the line-shaped
indentations. The exact adaptations are explained in Section 6.5.1. Then, also the
placement of the rectangles differs form the arrangement of milling rings as explained in
Section 6.5.2. Just the interaction of several rectangles stays unchanged compared to the
model for milled surfaces.

An example of the resulting synthetic texture is shown in the rendering provided in Fig-
ure 6.15b. Note that an appropriate texture to define the color variations and topography
changes on smaller scale must be chosen to obtain more realistic simulations. This was
not further investigated in this work.

6.5.1 Appearance of Polishing Rectangles

Similar to the milling rings, the appearance of an individual polishing rectangle is defined
by Ri = SpTi + Nj with Si the shape, T} the scaling and N the noise. The shape of
the polishing rectangle is defined by the length [}, and width w, = w,  + 2w;€r. The latter
consists of the indentation width w, and the width w; for the accumulation occurring
at both sides. We choose [ » wy to obtain elongated, thin rectangles. Then, the shape
functions are defined equally as for the milling rings, see Figure 6.16a. The scaling function
is used to adapt the height values and to obtain smooth transitions at the short sides of
the rectangle. Finally, noise is added similarly as for the milling rings, see Figure 6.16b.
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a) Scaling of the cosine shape applied on a rectangle.

ST Ry, = STy, + Ny,

(b) Application of noise to obtain final element.

Figure 6.16: Ilustration of the components that model the appearance of a polishing rect-
angle.

Figure 6.17: 2d height image of a simulated polished surface texture.

6.5.2 Placement of Polishing Rectangles

For milling, the ring center points were determined by following the pre-defined milling
path. As polishing results in a less structured texture pattern, the rectangles are randomly
placed. Therefore, the center of mass is used as center point whose location is sampled
from a uniform distribution defined on the window that covers the object surface. Note
that center points outside the window must be chosen as well to create uniform patterns
also at the window boundaries. Moreover, the rectangles can be rotated by a random
but restricted angle to increase realism especially of manually polished surfaces. See
Figure 6.17 for an example of the resulting height image.
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7 Conclusion

We developed texture synthesis models for sandblasted and milled surfaces. A common
model was not feasible, as the surface patterns of the two methods have no common
properties. The models are based on topography measurements of real surfaces.

To create the sandblasted test objects, only the pressure could be reliably controlled
and thus varied to obtain surfaces treated by two different parameter choices. Hence, it
is difficult to develop a procedural model that only refers to that parameter. Therefore,
we use a combination of existing data-based texture models that rely entirely on the
measurement. Sandblasted texture images are created in two steps. First, image patches
are generated and stitched afterwards. The second step can be neglected if the output
texture is to be smaller than the measurement.

We examined and compared several methods for the patch generation step, namely
the ADSN, the RPN, the method of Heeger and Bergen and the method of Portilla and
Simoncelli. For our purpose, RPN turned out to be the best method, as it has a short
computation time and similar output texture images compared to the input measurement.
In particular, the height value distribution and the auto-correlation resemble those of the
measurement.

To achieve a coarser pixel spacing than the measurement, the input is down-sampled
beforehand using nearest neighbor interpolation. The case that the output texture should
have a higher resolution than the measurement was not investigated. Images larger than
the input can be calculated directly by padding the image before applying the RPN.
However, the resulting texture image is highly dependent on the given input patch. This
can be avoided by computing smaller patches with inputs taken from random positions
and stitching them using the method of Efros and Freeman.

Texture images of arbitrary size and with a pixel spacing coarser or equal to that of the
measurement can be generated. For future research, a parametric texture synthesis model
would be beneficial that is independent of input images. Ideally, the model parameters
should rely on the real machining parameters. Moreover, we aim to develop a procedural
method which is not feasible with the current model.

The texture synthesis model for milled surfaces is parameterized including the knowledge
of process parameters. A wide variety of texture images can be generated simply by using
different parameter settings. Assuming the individual parameter values to be sampled
from suitable random distributions ensures texture variability also when using the same
parameter ranges.

The model for milled surfaces is procedural since it is defined as function on a continuous
domain. Texture images can be obtained by evaluating the function at given grid points.
For efficient use of the model in rendering, fast approaches for computing the height value
at a given surface point have to be developed. This could avoid the intermediate image-
generating step. The crucial point is a fast searching algorithm to find all rings affecting
one surface point.
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8 Dual Data Set of Real and Synthetic
Images

The models proposed in the previous sections offer the possibility to simulate the surface
meso scale geometry of sandblasted and milled objects. Thus, synthetic visual data ren-
dered in a virtual inspection environment can be generated using the resulting normal
maps as texture. In the Synosls project we published an annotated dual data set con-
sisting of real and synthetic images of non-defective and defective sandblasted and milled
objects [34,35]. The defects considered therein are dents and scratches. Figure 8.2, Fig-
ure 8.3 and Figure 8.4 compare real and synthetic data of non-defective objects for the
modeled surface processing methods.

For creating the real test objects, three main planar surfaces are processed by sand-
blasting or milling using the parameter configurations described in Section 4.3. In total,
ten different object configurations were designed, where each of them is produced three
times, once without defects and twice having defects. We consider dent and scratch defects
resulting from different tools applied with varying pressures. This results in ten defect-free
and 20 defective objects. All three main surfaces were imaged from three different view-
points, see Figure 8.1, planned by using the software V-POI [43]. The real acquisition
setup consists of a matrix grayscale camera which is placed in the middle of a ring light.
Both camera and light have the same orientation and are placed at a robot arm such that
they are moved together when changing the viewpoint. The acquisition environment is
darkened using a black curtain to remove the surrounding illumination. In total, the real
data set contains 270 images, 90 of defect-free and 180 of defective surfaces. Annotation
was performed manually using the software LABELME [110].

For the synthetic data set, each of the ten different object configurations is simulated
60 times, 30 defective and non-defective each. We follow the synthetic data generation
pipeline described in Section 2.3. Synthetic dent and scratch defects are applied using

Figure 8.1: Visualization of viewpoints used for inspection similar to Figure 19 in [35].
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Table 8.1: Texture parameter ranges used to sample for random texture generation. De-
fault values are highlighted. The values for the standard deviations for sampling
from normal distributions were chosen such that, according to the 3o rule, the
sampled values fall into prescribed ranges. Therefore, set conf = 3.

Parameter Set of values

Ring center points noise (X.) | {0.01,0.05,0.1,0.2,0.4,0.6,0.8} - 9/conf
Ring distance (9) {0.7,0.75,0.8,0.85,0.9,0.95,1.0,1.05, 1.1}
Ring flip probability (¢) {0.01,0.05,0.1,0.2,0.3,0.4,0.5}

Ring width noise (o,-) {0.015,0.02,0.025,0.03,0.035} - L/cont
Ring depth noise (07—, 0y,-) {0.4,0.6,0.8,1.0,1.2} - Ycont

Number of sine curves () {30, 50, 70}

the methods introduced by Bosnar et al. [12]. Textures for sandblasted and milled sur-
faces are generated by the methods presented in Chapter 5 and Chapter 6, respectively.
The parameters to generate the texture images for milled surfaces are sampled from the
corresponding random distributions as summarized in Table 6.3 using the parameter val-
ues given in Table 8.1. Texture images are rotated by an angle randomly sampled from
[—15,15]° and translated randomly by 1, 3 or 5 pixels before mapping them to the object
surface. The virtual inspection environment is structured similarly to the real acquisi-
tion setup. We use a virtual pinhole camera and a torus-like light geometry with diffuse
emission. The same viewpoints as for the acquisition are taken resulting in 5400 synthetic
images in the data set, 1800 images of defect-free and 3600 of defective surfaces. Ren-
dering is performed using the APPLESEED rendering engine [6]. For shading we consider
256 samples per pixel and eight light bounces. Noise is added to the synthetic images
to include light scattering caused by air particles and to take small-sized impurities on
the real camera into account. The synthetic images are post-processed using histogram
adaptation according to the histograms of the associated real images, see [35] for more
details. Real and synthetic images are both of size 1224 x 1025.
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2.5 bar. 6 bar.

Figure 8.2: Real acquisition image (top) and synthetic image rendered in a virtual in-
spection environment with subsequent histogram adaptation (bottom) of a
non-defective sandblasted object using different pressures. Perpendicular view
is shown. Real images were acquired by Juraj Fulir and synthetic images were
rendered by Lovro Bosnar, both from Fraunhofer ITWM, using texture images
generated as described in Chapter 5.



Head diameter 4 mm, Head diameter 4 mm, Head diameter 4 mm,
radial depth of cut 0.8. radial depth of cut 0.5. radial depth of cut 0.2.

—

Head diameter 8 mm, Head diameter 8 mm, Head diameter 8 mm,
radial depth of cut 0.8. radial depth of cut 0.5. radial depth of cut 0.2.

Figure 8.3: Real acquisition image (top) and synthetic image rendered in a virtual inspec-
tion environment with subsequent histogram adaptation (bottom) of a non-
defective parallel milled object using different parameter configurations. Per-
pendicular view is shown. Real images were acquired by Juraj Fulir and syn-
thetic images were rendered by Lovro Bosnar, both from Fraunhofer ITWM,
using texture images generated as described in Chapter 6.
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Head diameter 4 mm, Head diameter 4 mm, Head diameter 4 mm,
radial depth of cut 0.8. radial depth of cut 0.5. radial depth of cut 0.2.

Head diameter 8 mm, Head diameter 8 mm, Head diameter 8 mm,
radial depth of cut 0.8. radial depth of cut 0.5. radial depth of cut 0.2.

Figure 8.4: Real acquisition image (top) and synthetic image rendered in a virtual inspec-
tion environment with subsequent histogram adaptation (bottom) of a non-
defective spiral milled object using different parameter configurations. Perpen-
dicular view is shown. Real images were acquired by Juraj Fulir and synthetic
images were rendered by Lovro Bosnar, both from Fraunhofer ITWM, using
texture images generated as described in Chapter 6.
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O Introduction

Part II of this thesis deals with modeling the geometry of various types of surface defects
to enable synthetic data generation of defective parts in a virtual test environment as
discussed in Section 2.2.2. This approach requires models to generate and place defect
geometries. In this thesis, placement methods are not considered. For a reference on
this topic see [12]. We propose parametric models for simulating geometries of different
surface defect types. Choosing appropriate ranges from which individual parameters are
randomly sampled values ensures the variability of the resulting defect geometries. As a
testing method, we will use visual surface inspection, but the procedure for synthetic data
generation can easily be applied in combination with any other Monte Carlo simulation,
e.g. for simulating X-ray imaging.

Defect modeling approaches based on computer graphic techniques do usually not
take the physical material properties and the physically correct forming process into ac-
count, but rather model realistically appearing defects in an artistic way. Examples are
provided by Bosch [10] for modeling surface grooves and scratches and by Bosnar and
Gospodnetié [12] for surface dents and scratches. Merillou et al. [73] proposed a model for
scratch simulation integrating real-world measurements. Moreover, Fan et al. [27] provide
an approach for modeling brittle material fracturing of the object. Therefore, deforma-
tions of the discretization of the 3d object are computed, which is commonly given by
tetrahedrons. Instead of adding individual defects, the whole object is usually destroyed
and broken down into parts. Hu et al. [116] published a survey of modeling techniques for
cuts in deformable bodies which are commonly applied for simulating surgery scenarios.
They distinguish between mesh-based, finite element and mesh-free simulation methods.

Further simulations of particular defect shapes based on the underlying material struc-
ture and characteristics have been provided in the literature. For instance, Jung and
Redenbach [59] proposed a model for 3d crack simulation in concrete based on 3d Voronoi
tessellations. Also, Ghazvinian et al. [39] use Voronoi tessellations to simulate brittle rock
damaging. Dogahe et al. [23] published models to simulate fatigue cracking in stents which
have a granular material structure using the finite element method.

Here, we restrict on metal objects and their typical defects. In real-life scenarios, surface
defects are often created by external defecting tools resulting for example in dents or
scratches. Also, surface defects can occur due to internal factors such as crack formation
caused by internal tensile stress. Moreover, problems in the production of a part can result
in surface defects too, for example incomplete casting. Our defect models take into account
the formation process of the associated real defect type. In Chapter 10 we consider dent
defects created after surface finishing is applied. Chapter 11 deals with various casting
defects, for example cracks, rat tails and delaminations.
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10 Dent Defects

10.1 Introduction

Dents are common defect types in almost every production of rigid products as their
creation does not necessarily depend on a certain manufacturing process but can happen
in many ways. Often, external tools that hit an object are responsible for dent formation.
This causes an indentation in the object surfaces whose shape resembles the negative of
the associated tool. Excessive material is then either compressed or relocated, mostly to
the surrounding area.

In the following, we propose a parametric, multi-step model for simulating dent defects.
Different shapes to describe simple tool geometries are included, based on real-world ob-
servations. Further, we assume material relocation modeled by accumulations around the
indentation. The defect geometry is first determined as a function in a continuous do-
main from which we sample afterwards to generate the desired surface mesh. Therefore,
different approximation methods are presented.

The proposed model provides thus many interchangeable components to generate vari-
ous defect geometries through their diverse combinations. Also, parametrization and ran-
dom sampling from defined parameter ranges offers the possibility to generate a variable
set of dent defects.

10.2 Data

For modeling dent defects, real measurements from defective objects produced for the
Synosls project exist. See Section 4.3 and Chapter 8 for detailed descriptions of the test
objects. Different dent shapes are investigated, created by three different tools applied
with varying force. The measurements were performed using the focus-variation micro-
scope Bruker alicona InfiniteFocus G4 with a vertical resolution of 420 nm. Two sets of
measurements taken from different test objects are available. Once, dent defects were
produced on a sandblasted metal plate. For the corresponding measurements we have
v = 1.75 pm, see Figure 10.1 for examples of the different tool shapes. The second data
set consists of defects in the actual test bodies, see Figure 10.2. Those images have a
resolution of v = 0.44 pm.

10.3 Modeling

In the following, we propose a parametric multi-step model to simulate dent defects. The
outputs are centered in (0,0,0) but can arbitrarily be translated and rotated to enable
proper imprinting into the object geometry. Usually, dent defects have a positive and a
negative component which will be added and subtracted, respectively, from the object
geometry. We denote the negative part as indentation, as it simulates the result of the
defecting tool hitting the object surface. Then, material is pushed to the outside which we
call lateral material accumulation. The model subdivides into five steps, see Figure 10.3,
which will be intensively discussed in the subsequent sections, namely

81



height values in um

)
=i

Figure 10.1: Dent defects on a metal plate caused by different tools but with the same force.
From top to bottom: 2d height images provided by Fraunhofer IOF using a
focus-variation microscope, 3d renderings of the surfaces using Blender [1]
(top and side view), optical 3d images of a larger surface area provided by
Fraunhofer IOF. The resolution of the images is the same but the size of the
imaged areas differs.
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Figure 10.2: Dent defects on test objects caused by different defecting tools and different
forces. Images are provided by Fraunhofer IOF using a focus-variation micro-
scope. All images have the same resolution but the size of the imaged region
varies. The top row shows 2d height images and the bottom row contains the
corresponding optical 3d images.
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Basic 2d shape with ~ 3d shape represented Triangulated 3d shape Additional noise to
indentation minimum  as 2d height image. using image grid points perturb the
and accumulation as vertices. triangulation vertices.
maximum.

Figure 10.3: Overview of modeling pipeline for dent defects.

1. definition of the basic 2d shape,
positioning of the indentation minimum and the accumulation maximum,
determination of the 3d behavior of the surface,

sampling from the 3d shape to compute the surface triangulation,

AN el S

addition of noise to the triangulation vertices.

10.3.1 2d Shape

As can be seen in the Figures shown in Section 10.2, the 2d shape of the dent’s indentation
depends on the geometry of the defecting tool. Moreover, as the tool hits the object surface,
the material has to evade and is thus pushed to the sides. This results in accumulations
around the indentation.

We will model the 2d form of the indentation using two basic shapes, namely an ellipse
or a rectangle. Both are defined using the half length | € R~g of the main axis and its
ratio a € (0,1] to the half length of the minor axis. First, the set of points defining the
ellipse € (I,a) and the rectangle R (I, a) centered in (0,0) and aligned with the x-axis are
given by

St (i er: | (2.2)], <1}
Rta= {imnere: |2 2)], <1}

Second, both shapes can be rotated around the center point by an angle 8 € [0, 7). This
gives an extra parameter resulting in £ (I, a, 8) and R ([, a, 8). See Figure 10.4a for an illus-
trated explanation of all parameters. For general definitions we use
G e {£(,0,8), R 0, B)}.

The lateral accumulation is modeled by dilating the indentation shape by a certain width
w € R>¢ according to the associated norm. The resulting ring-shaped area is denoted by
A (G, w) for G the basic shape of the indentation. For abbreviation we will use A if the
parameters are irrelevant. Later, the center line C (A (G, w)) of the accumulation area is
needed. For simplicity assume S = 0. Then, the center line is given by

e - {en e (o rtam )|, - 1}
cuma - e <R (g @), -
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A {p~" (r, omin) : 7 € R>9}f

0 2

C(A(E, w))
(a) Ilustration of the parameters of the 2d shape (b) Illustration of the definitions of the indenta~
given by an ellipse. tion minimum and the accumulation maxi-
mum.

Figure 10.4: Schematic drawings of the 2d ellipse shape and the location of the indentation
minimum and the accumulation maximum.

10.3.2 Location of Minimum and Maximum

To compute the 3d shape of a dent defect, first the locations of its indentation minimum
and accumulation maximum need to be determined. The minimum py;, € G is not nec-
essarily set as the center of the 2d shape but has to be located in the basic shape G. We
specify its position in polar coordinates given by the angle ¢y € [0,27) to the z-axis
and the distance ryin € R>g to (0,0). As ryi, should be a general parameter defined
independently of the size of G, it is given by rmin = amin|p| for amm € [0,1). Here, p is
the intersection of the 2d shape’s border dG with the line segment starting in (0,0) and
growing in direction ¢, that is {p™" (r,mm) : 7 € Rz} with p~! the transformation
from polar to Cartesian coordinates as introduced in Definition 1. Thus, the minimum is
shifted from (0,0) to p relative to the distance |p].

The location of the accumulation maximum pmax = P~ (Tmax, Pmax) € A (G, w) is also
given in polar coordinates. However, it is sufficient to provide its direction .y only as
we assume ppax t0 be located on the center line, see Figure 10.4b. We commonly use

¥ = Pmin = ¥Pmax-

10.3.3 3d Shape

The 3d shape depends on the tool geometry and the way it hits the object surface. It is
modeled as 2d surface in 3d.

The basic defect geometry is modeled by a function S : R? — [~1,1] with S (G) < 0,
S(A) = 0 and S(z) = 0 for z € R?\ (G U A). The actual heights are then obtained by
scaling S by H : R? — R, that is S(z)H(z).

To take into account the diversity of real-world defecting tools, we consider four different
shape functions which are illustrated in Figure 10.5. Note that different functions can be
chosen for indentation and accumulation.

1. Indicator shape
The simplest 3d shape is obtained by just projecting the 2d shape. Here, no locations
of the indentation minimum and accumulation maximum are needed. The shape
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function reads

-1 ifxeg
Sindicator(m) =41 ifreAd
0 else.

2. Linear shape
The linear shape of the indentation assumes a linear decline in direction of the in-
dentation minimum. For the accumulation, the height values increase linearly to the
center ring of the dilated area. To define the shape function, we first need functions
Dindent and Dyccum dependent on the distance to ppin and C (A), respectively. For
x € R? they are defined via

I — Pmin a
Dindent(x) = :Ii‘—];” for 2 = 0G N {)\ ($ _pmin) , A= O}’
Do () = 2= for 5 — Lo (@).

w/g

Here, Lx(x) is the orthogonal projection of a point 2 on a set X < R2. It holds
Dindent (pmin) = Daccum (C (A)> = 0 and Dindent(&g) = Daccum(a-A) = 1. Then; the
shape function is given as

Dindent («73) —1 ifxeg
Slinear(af) = 1-— Daccum (ZC) ifze A

0 else.

3. Cosine shape
To obtain shapes with smooth minimum and maxima, a cosine shape instead of
a linear behavior can be used. The function also relies on Dipgent and Daccum 10
evaluate the cosine properly. Then, the resulting shape function reads

— cos (%77 Dindent(x)) ifzeg
Scosine(T) = { cos (%77 Daccum(a:)) ifre A

0 else.

4. Half-sphere shape
A shape based on a half-sphere can be applied to smooth also the transition at the
border between G and A. Moreover, the indentation is broader than for the linear
and cosine shape. The corresponding shape function is defined by

—\/ (1 - (Dindent(l‘))2> ifzeg

Shalt-sphere () = \/ (1= Duccam(@))?)  ifaeA

0 else.

To scale the shape function, first the corresponding values hyin € R~ for the indenta-
tion minimum and Apax(@max) € R=o for the accumulation maximum are required. The
accumulation heights may decrease in direction ¢max + ™. To include this behavior let
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Figure 10.5: Ilustration of the shape functions applied on the 2d basic shape of a rotated
ellipse and rectangle using 8 = 7/2, top and middle row, respectively. The
height profile for x = 0 is shown in the bottom row. For the indentation
minimum api, = 0.5 and @i, = 0 are chosen.
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S(z) H(z) S(x)H(x)

Figure 10.6: Illustration of the scaling function and its impact on the 3d shape using
hmin = 0.9, hAmax(¢) = 0.6 and hpax(p + ) = 0.1. The parameters for
the minimum are amy, = 0.5 and ¢ = 0. A combination of 3d shapes is
taken, namely half-sphere shape for the indentation and linear shape for the
accumulation.

0 < hmax(Pmax + T) < Pmax(@max) be the scaling factor reached at p~! (Tmax, Pmax + ).
Then, the scaling factors for the accumulation area are obtained by a tilted plane similar
as defined in Equation (6.1), namely

h . h
plane(x) = T (co8(Pmax)T1 + SIN(Pmax)T2) + Amax(Pmax + T) + 5

for h = hmax(¥max) — Pmax(Pmax + 7). Finally, the scaling function is defined by

hmin if x e g
H(z) = | plane(z) ifze A
else.

Figure 10.6 shows an example of a height function and how it is applied on the 3d shape.

10.3.4 Sampling

So far, a dent defect is modeled as 2d surface in 3d by using S(x)H (z) which is defined on
the whole domain R2. However, to imprint the defect geometry into an object provided by
its surface triangulation, the 3d defect shape has to be discretized and transformed into
a surface mesh. Therefore, we need a set of points & to evaluate the function S(z)H(x)
which will then serve as approximation of the 3d defect shape. The more points are
considered, the more accurate but also the more complex the resulting approximation.
We restrict to a rectangular window W < R? with G U A — W to sample the points for
Z. Then, the points in & are triangulated by applying the Delaunay triangulation. To
transfer to 3d, we replace the 2d points by {(p,S(p)H(p)) : p € &}. The same triangles
still create a valid surface triangulation in 3d.

Two different sampling methods will be discussed in the following. First, uniform sam-
pling is defined via & = W n L? for a lattice L2. It results in a regular representation
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Figure 10.7: Comparison of uniform and random sampling represented in the top and
bottom row, respectively. 2d height image (left) and 3d surface (right) are
shown. Both methods are applied using 2116 vertices.

of the defect surface. In contrast, random sampling can be used, obtained by sampling
from the uniform distribution defined on W, that is & = {p1,...,pm} for m € N with
pi ~ UMW), i = 1,...,m. This provides a more random surface triangulation. See
Figure 10.7 for a comparison of both methods.

10.3.5 Noise

Although sampling approximates the 3d defect surface, it might still be too smooth to
realistically represent a dent defect. Therefore, we add noise to the triangulation vertices.
Let n, be the upwards pointing unit normal vector of the 3d defect shape evaluated at
p € &. Then, noise is added by perturbing the triangulation vertices in direction of
the normal vectors, that is (p, S(p)H(p)) + spn, for scaling factors s, € R. The scaling
factors are uniformly sampled from U (Smin, Smax) With Smin < Smax. Here, the minimal
and maximal scaling factors are chosen dependent on where p is located in W, that is
Smin, Smax < 0 for p € G, Smin, Smax = 0 for p € A and Spin = Smax = 0 in the remaining
case. We always perturb in direction where the 3d defect surface is convex to prevent the
collision of vertices such that the validity of the surface triangulation is maintained. See
Figure 10.8 for an example.

10.3.6 Voronoi-Approximation of Defect Surface

Many real-world materials are poly-crystalline and can thus be represented as grain-based
structures. 3d Voronoi tessellations, defined in Section 3.1.8, can be used to simulate those
structures as they are space-filling partitions into several convex polytopes representing
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Figure 10.8: Comparison of different noise levels using smin = —S, Smax = 0 for G and
Smin = 0, Smax = § for A with s = 0.1 and s = 0.3 for the left and right
simulation, respectively. Uniform sampling is applied.

the grains. Therefore, a Voronoi-approximation as discussed for example by Heveling and
Reitzner [50] can be used as alternative discretization method of the defect surface. This
approach consists of the following steps, see Figure 10.9 for an illustration.

1. Determine the 3d shape of the defect.

2. Generate a Voronoi tessellation restricted to a window in R® which covers the 3d
shape of the defect.

3. Detect all Voronoi cells whose generator point is located below the 3d shape, called
relevant cells.

4. Determine the Voronoi facets creating the upper boundary of the union of all relevant
cells, denoted as relevant facets.

5. Triangulate the relevant facets.

6. Extend the triangulation at the border to enable a smooth transition to the object
surface the defect will be imprinted. Therefore, new triangles are added using new
vertices that have height zero.

Note that this approach needs plenty of generator points to adequately approximate the
3d shape of a defect. Moreover, the determination of relevant facets is computationally
expensive for a sufficient number of generators. Therefore, we restrict to the previously
introduced method for approximating the 3d shape.

10.4 Conclusion

We presented a flexible, parametric multi-step model to simulate dent defects. Different
basic 2d shapes are implemented, but can arbitrarily be extended by any other possible
shape. We chose ellipse and rectangle as they are simple but can still represent the defect
shapes indicated in Section 10.2. Also, different 3d shapes are proposed to enable vari-
able defect simulation and to include different defecting tool geometries. To increase the
diversity of the defect generation and also the precision towards the responsible defecting
tool, the indentation minimum can be located anywhere in the indented area. Finally, we
sample from the 3d defect shape, add noise such that the surface appears more realistic
and transform the output into a 3d mesh to enable the defect to be imprinted into an
object geometry provided by its surface triangulation. Synthetic images of the resulting
defective objects are shown in Figure 10.10 and Figure 10.11. The applied texture of a
cast metal surface was implemented by Lovor Bosnar and is based on the cellular texture
introduced by Worley [115].
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3d shape represented as surface 3d Voronoi tessellation using

mesh. 1000 generator points (blue).
The color gradient indicates the
height of the generator points.

Intersection of 3d surface and Labeling of relevant facets. Triangulation of relevant
Voronoi tessellation and removal Voronoi facets to obtain 3d
of irrelevant cells. surface approximation.

Figure 10.9: Overview of the pipeline to approximate the 3d surface by using a 3d Voronoi
tessellation.

So far, the defects appear too regular. This may be solved by varying the accumulation
heights while traversing over the center line. Also, differing the accumulation width while
traversing over 0G may generate a more realistic defect shape. Moreover, when assuming
no compression or destruction of the material during defecting, the total volume of the
defect geometry should integrate to zero. This circumstance is not yet included but is
considered as future work.
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Figure 10.10: Dent defects applied to a cuboid geometry rendered in a virtual environment
using Blender [1] (8 spp and 8 light bounces). Casting surface texture is used.
Ellipse is chosen as 2d shape with identity, linear, cosine and half-sphere as
3d shape, from top to bottom, simulated using no noise or with noise in the
left and right column, respectively. Regular sampling is applied.
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Figure 10.11: Dent defects applied to a cuboid geometry rendered in a virtual environment
using Blender [1] (8 spp and 8 light bounces). Casting surface texture is used.
Rectangle is chosen as 2d shape with identity, linear, cosine and half-sphere
as 3d shape, from top to bottom, simulated using no noise or with noise in
the left and right column, respectively. Regular sampling is applied.
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11 Casting Defects

This chapter was published in [55].

11.1 Introduction

Casting is a manufacturing process in which liquid metal is poured into the object mold
and then cooled down to solidify. Defects can be caused by a number of reasons: a
defective mold, unsuitable object geometries, inappropriate material temperature that
influences the fluidity, or too cold ambient air temperature that leads to rapid cooling of the
material. We distinguish between elongated defect types (cold cracks, hot tears, buckles,
bulges, coat lifts, cold shuts and rat tails) and scab defects, see [72,93] for an overview.
Figure 11.1 shows example images of some defect types.

Models of casting defects are provided in the literature. For instance, Jolly and Kat-
german [57] give an extensive overview of modeling approaches for various defect types of
cast aluminum products. Most methods are based on modeling the physics of the cast-
ing process including the temperature difference during the filling of the mold and the
cooling of the material. Physically correct defect geometries are provided by investigating
the physical material properties. Including the crystalline structure of the material and
its behavior under stress results in complex defect models. Preliminary studies or expert
knowledge are needed to obtain exact information on the composition and strength of
the used material such that those specialized models cannot easily be transferred to other
applications. Sistaninia et al. [96] propose a detailed model for crack formation as metal
solidifies. They include the poly-crystalline structure of metal and the heat change during
the cooling process. Also, Peng et al. [81] present a grain-based model for micro cracking
in granite that includes its mineralogical composition.

We propose parametric mathematical models to generate various types of surface defects
that occur in cast metal objects. The development of the models is motivated by the
observation of defect structures and the description of defect formation processes [2,57,
72,93]. Using stochastic modeling based on random Voronoi tessellations, we introduce a

* Ll
Ill. .

Cracks Cold shut  Bulge Lustrous carbon inclu- Scab. Image taken
Images provided by Fraunhofer ITWM.  sion (similar to coat lift).  as crop from
Image taken as crop Figure 23c
from Figure 38a in [93]. in [93].

Figure 11.1: Examples of common surface defects in cast metal objects.
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flexible pipeline for defect modeling that can be adapted to generate most of the different
defect types. Moreover, our models are parameterized to guarantee defect variation using
easily interpretable parameter configurations. Furthermore, sampling the parameter values
from suitable random distributions ensures variable defect geometries. In this way, defect
characteristics such as length, width and depth can be controlled and adapted to the
desired parameter ranges. The data set content is controllable in terms of defect properties
and appearance, also edge case scenarios can easily be included. Thus, it is possible to
systematically vary individual aspects such that the resulting synthetic data can be used
to train detection or classification algorithms for specific tasks. This provides a significant
advantage over Al-based methods, where systematic data generation and control is difficult
to perform.

Although we consider casting defects, similar defect shapes can also occur in other
manufacturing processes. Therefore, our models can be transferred to other applications
by using the same synthetic defect geometries but adapting the virtual object in terms of
material and surface texture.

The modeling procedure differs for elongated and scab defects. But, the same ba-
sic framework is used for all elongated defects. Section 11.2 first introduces the gen-
eral pipeline for elongated defects which is then adapted to the individual defect types.
Section 11.3 deals with scab defects.

11.2 Models for Elongated Defects

All defect types, except for the scabs, are characterized by a dominant elongated structure.
The behavior of that predominant line can be different, e.g. smooth for cold shuts and rat
tails and jagged for the others, and the defects are indented into or added to the product
geometry. Nevertheless, one basic model can be used and adapted to generate all the
individual defect shapes. The approach is based on Jung and Redenbach’s [59] model to
create semi-synthetic cracks in 3d pnCT images of concrete. In this approach, minimum-
weight surfaces computed from a 3d Voronoi tessellation are discretized, dilated and then
embedded into real pCT images. For applications in surface inspection, the focus is on
modeling the planar (2d) shape of a defect. The third dimension is included by locally
assigning height values to the positions of the 2d shape. Our basic defect model thus
subdivides into the following steps, see Figure 11.2.

1. Generate a path.
2. Dilate the path using segment-wise widths.

3. Assign height values to the vertices and compute a triangulation such that a valid
mesh of a 2d surface is created.

4. Compute the 3d mesh of the defect geometry.

The first step consists of generating the defect-specific 1d shape which can either be a
smooth or a jagged path. Then, that path is dilated to obtain the 2d shape of the defect.
We use segment-wise widths to better control the spatial extension of the defects. Next,
height values are assigned to the vertices. Finally, the triangulation of the 3d vertices
is computed to obtain a valid 3d mesh of the defect geometry. Figure 11.2 shows an
overview of all adaptations and relations between the defect models. A detailed description
of the individual steps and their defect-specific adaptations is given below. Moreover,
Figure 11.3 shows synthetic images of the different defect types rendered with parameters
of a realistic imaging setup.
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1d shape 2d shape 3d shape
Path generation Assignment of width Assignment of height and 3d mesh
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Cold shut
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Figure 11.2: Overview of modeling pipeline including the different steps, adaptation to
and relations between different defect types.

11.2.1 Details of Individual Modeling Steps
11.2.1.1 Computation of a Path

To obtain the path, two steps are needed. First, a 2d Voronoi tessellation is generated
followed by computing a minimal path through its edge system. We use a bounded Voronoi
tessellation with i.i.d generator points p; ~ U (W) that follow a uniform distribution on a
rectangular window W = [wi™, wi®*| x [w®, wax].

For our application, we need shortest paths computed in a 2d Voronoi tessellation.
Therefore, the vertices and edges of the tessellation serve as vertices and arcs to define a
graph G. Note that for every edge in the Voronoi tessellation we introduce two directed
arcs in opposite directions in the planar graph. The weights are given by the lengths of the
edges. As start and end vertices of the shortest path we choose Voronoi vertices located
on the left and right side of the window, that is, (cg)o = wi™ and (wg)o = wi®*. The
shortest path is then computed using Dijkstra’s algorithm [22]. See Figure 11.2 for an

example.
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Figure 11.3: Synthetic images of different defect types in a cast metal cube obtained by
rendering from a synthetic industrial image acquisition system created in
Blender [1]. A pinhole camera and two plane lights are used for illumination.
Rendering is performed using 24 spp and 16 light bounces. The surface tex-
ture is chosen to resemble the appearance of a cast metal object. The texture
model was integrated by Lovro Bosnar from Fraunhofer ITWM and is based
on the cellular texture introduced by Worley [115].
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inter(ag, a1)

inter(ay, as)

(a) Primitive dilation of a path. (b) Adjustment such that no cone-shaped gaps
appear for reflex angles.

Figure 11.4: Illustrations of different definitions for a dilated path.

11.2.1.2 Dilation of a Path

In general, the dilation of X < R? by a structuring element Y < R? is defined as

Av(x) = [ J(X - ). (1L.1)

yey
Now, we want to dilate a path X = P as given in Section 11.2.1.1. Assume
P = (ag,...,ax). Therefore, we adapt Definition (11.1) to an arc-wise dilation with

structuring elements Y = {Yp, ..., Yi},

k
Sy (P) = (U Ayi(ai)) AW’ (11.2)
=0

Here, we choose W' = [w{)m“, w{)nax] x R to restrict the dilation on the length of window
W. As structuring elements we choose line segments Y; = {tl;n; : t € [—1,1]} defined by
the upwards-pointing unit normal vectors n; of the segments and positive half lengths
l; € R>o. Thus, Ay, (a;) is a rectangle R; with vertices oy + l;n;, w; + l;in;, see Figure 11.4a
for an illustration. Therefore, Equation (11.2) can be reformulated as

(5y(P) = (O Rz> M W/.

1=0

The dilation’s contours are then given as an upper path P'™ and a lower path P°V. In
analogy, we divide the dilation of P into an upper and a lower dilation dy” (P) and 5{9W(P),
respectively. They are defined by a separation of the rectangles into an upper rectangle
R;® and a lower rectangle RI° with the vertices

up
Ri Doy, o + Ling, wi, w; + Ling,

low .
R oy, 0 — Ling, wi, wi — Liny.

Now consider the angle ¥ (a;,a;+1) between consecutive arcs. For the upper dilation,
this angle is computed in clockwise direction and for the lower dilation in counterclockwise
direction. In case of a reflex angle < (a;,a;+1) € (m,27), the union of the corresponding
rectangles has a cone-shaped gap. We adapt the corresponding rectangles to fill the gaps,
see Figure 11.4b.
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It is sufficient to explain the procedure for the upper dilation, since the approach can
directly be transferred to the lower dilation. Compute the intersection

inter(ai, ai+1) = {OJZ‘ +Iin; + Aa; : A= 0} N {ai+1 Flirinie1 — TQj41 1T = 0} .

If I; # l;11, this intersection can be empty. In such a case, elongate the edge having the
smaller scaling factor until it intersects the nearest lateral side of the rectangle correspond-
ing to the other edge. For simplicity, the intersection is also denoted by inter(a;,a;+1).
Assuming [; < l;,1 this reads

inter(ai,aiﬂ) = {wi +lLin;g+ Xa; - A= 0} N {OéiJrl +Tni41 1 TE [0, li+1]} .

Now, rectangle R?p is replaced by a quadrangle Q?p with vertices o, wj, U, U;+1 with

B a; + lin; if x (ai_l, ai) € (O,TI’] .
U =< . fori=1,...,k,
inter(a;—1,a;) else
w; + lin; if ¥ (a;,a; e (0,
Gigr =4 (@i, ai1) € ( ]fom':o,...,k—L
inter(a;, aj+1) else

Furthermore, note that cone-shaped gaps can occur at the start and end of the dilated
path. In that case, the upper edge of the quadrangle is extended until it hits the boundary
of the window, see Figure 11.4b. That is,

o if x(y-axis, ag) € (7/2, ), then replace ag + lpno by the intersection of o+ (0, ) and
ag + long — Tag for A, 7 = 0,

o if x(ay,y-axis) € (7/2,7), then replace wy + lxny by the intersection of wy + (0, \)
and wy, + lgng + Tay for A, 7 = 0.

Finally, the dilation of a path is given by
. k
Sv(P) = (Qyp N Qy’W) AW
i=0

Note that the dilation may contain holes, see for example Figure 11.5, which will be filled
when computing the triangulation.

11.2.1.3 Transition from 2d to 3d

The shape of the resulting defect is determined by the path P and the dilation’s upper
and lower contours P" and P'°%. To obtain three-dimensional defects, height values
are assigned to the vertices that form those paths. Denote the set of path vertices by

V= {Uo, VR, UG Ve OO ’U}SXVWH} and by h;, hih, and Y, the assigned
height values. Assume that defects are imprinted or added to an object with a planar
surface of constant height h > 0. To obtain a smooth transition after imprinting, assign
height h to the outermost vertices originating from the contours P"™ and P°V. For the

inner vertices belonging to P, we follow a defect-specific pipeline detailed in Section 11.2.2.
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11.2.1.4 Triangulation of 2d Surface in 3d

In the next step, we compute a triangulation of the 3d vertices to obtain a mesh of the
surface. In general, let T'(t1,t2,t3) be a triangle with vertices t1, t3 and t3. We consider
the upper and lower dilation separately and introduce our approach for the upper dilation

only. Represent the contour of the upper dilation as a path P"P = (agp,éﬁp, . ,azgp)
. up up up up . up i up
with a7 = v;", w;" = vy fori = 0,..., k", (v5")o = wg™ and (v, )0 = wy™. For

consistency, we use the same notation for the 3d vertices including heights as for the 2d
vertices.

We say that a;p originates from a; if a;p is part of the upper contour of Q;”. Note
that an arc a; in P does not necessarily give rise to an arc in P"P. Furthermore, the
dilation polygon Q;” of an arc a; can generate multiple arcs of P". We differentiate
between different cases depending on the edge of Q;” that generates the dilation arc in
P'P. First assume that the left lateral edge of Q" contributes at most one arc to P"P
and that, if it exists, this arc is connected to a dilation arc formed by the upper edge of
Q;". Furthermore, assume that @;” with [ > i does not give rise to any arcs in P"P that
lie further to the left than the arcs formed by QP. Then, the cases are defined as follows.

Case 1: This case refers to the leftmost (and often the only) dilation arc formed by the
top edge of a dilation polygon. This is the most common case.

Case 2: This case covers all dilation arcs formed by the top edge of a dilation polygon
which are not covered in Case 1. Case 2 arcs only appear if a top edge forms
multiple arcs.

Case 3: This case is defined by the arcs generated by all lateral edges of a dilation poly-
gon.

Case 4: This case covers all arcs a; in P where the top edge of Q;” does not contribute
an arc to P"P.

Now, assume that there is at least one arc a;” formed by the left lateral edge of Q;"”
that is not connected to an arc formed by the upper edge of @;”. Moreover, no @, with
[ > i forms an arc that lies further to the left than a;-lp. All such arcs formed by the lateral
edges belong to Case 3. All arcs generated by the upper edge of Q¥ are defined to be
Case 2. We extend the definition of Case 4 by the cases where it is the first time that Q;"
forms an arc in P"P, but not from its top edge.

Finally, assume that at least one arc in P"P is formed by Q;” but there exists a @,
with [ > ¢ that gives rise to arcs in P"P further to the left. Then, all arcs formed by
the lateral and top edge of Q¥ are added to Case 3 and Case 2, respectively. Moreover,
Case 4 is applied before visiting the first arc of Q.

The triangulation is computed by iterating over the arcs a;p while simultaneously keep-
ing track of the arcs a;. To do so, let i1, = 0 be the last visited polygon among the Q,*
and iterate over the arcs a}lp, j =0,...,k". An example of the algorithm including the
classification into the four cases is provided in Figure 11.5.

First, check from which arc a; the current arc a;" originates.

If i > ilust, then the polygon Q" is visited for the first time. In this case, proceed as
follows. If j = 0 and ¢ > 0, then T (v, wo, y”) must be added first. If there are edges

up

in P located between a;,, and a; that do not generate edges in P"P prior to a;, then

add all triangles T' (am, Wi, a?p) for m =i + 1,...,i — 1 (Case 4). Then, we have to

differentiate whether a;p originates from the top, left or right edge of Q;*:
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Figure 11.5: Illustration of triangulation with marking the four cases described in

Section 11.2.1.4: 1. green, 2. blue, 3. red and 4. orange. Top: 2d draw-
ing as projection on the x-y-plane. Bottom: 3d view with the path vertices
deeper than the dilated path. Note that in 2d the blue triangle is partially
and almost all red triangles are totally covered by the subsequent triangles.
Therefore, the corresponding arcs of all Case 3 triangles are highlighted in
the contour of the upper dilation.

Top: Add the triangles T (al,wz, (,Y] ) and T' <wl, up up) (Case 1). Update ijas; = i-

Left:

Right:

Ifi <

] Y

Add triangle T’ (ai, ai? Wi ) (Case 3). If the subsequent arc a;}, is also a lateral

J o™
edge of its corresponding polygon (left or right is irrelevant), further add triangle
T <az,wz,w] ) (Case 4) and update ij,5 = i. Otherwise, if a 1 originates from

a; as well, meaning from the top edge of Q;*, then set i, = @ — 1 such that the
triangles of Case 1 are added properly.

If a P, is also a lateral edge of its corresponding polygon (left or right is irrele-
vant), first add triangle T (al,wl, ) (Case 4). Then, independently of aj_l,

triangle T <wl~,a}lp ,w;-lp> is added (Case 3). Update ijns; = i-

ilast, that is, polygon i was already visited, then just triangle T <w7flast’ a?p,w;p>

is added, regardless of whether it is part of the top (Case 2), left or right edge (Case 3)

of Q;".

Finally, if i1.¢ < k after finalizing the iteration over j, then not all path elements
of P were visited. To complete the triangulation, add all triangles T' (al,wz,wkup) for
i =gt + 1,...,k (Case 4).
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As the 3d mesh of the defect has to be closed for proper imprinting or adding to the
object surface, extra triangles and possibly also extra vertices are needed to obtain a closed
surface triangulation of the defect geometry. Details are given in the description for the
specific defects below.

11.2.2 Defect-Specific Adaptations
11.2.2.1 Cold Crack and Hot Tear

Cracks are caused by internal tensile stress during the cooling and solidification of the
molten metal [2,57,93]. Two types of cracks are distinguished depending on the predom-
inant temperature in the casting: hot tears occur before the solidification temperature
is reached and cold cracks afterwards. The volume reduction during the cooling process
starts at different locations and can thus cause solid material separations. Hot tears ap-
pear as a result of material shrinkage during solidification of the remaining melt. Cold
cracks emerge if the stress of the solidified material exceeds its strength. Thus, cold cracks
are trans-crystalline which means that metal grains can be destroyed. In contrast, hot
tears are inter-crystalline.

Cracks are linear structures of irregular shape caused by taking the path of least resis-
tance. Usually, cracks are deeper than wide with a symmetric depth profile when looking
from the object surface. However, the width and depth within a crack can vary and ad-
ditional branches can occur. Our model is parameterized so that all those properties are
captured. In general, the model is divided into the following steps, which are illustrated
in Figure 11.6:

1. Choose a window W such that w®* — wiin

defect.

equals the desired expansion of the

2. Generate n random points from a uniform distribution in the dilated window
A (W) = [w(‘)ni“ — 7, wy' ™ + '7] X [w{“i“ — 7, w4+ 7] with v > 0 and compute
the corresponding Voronoi tessellation. The dilation is necessary to obtain regular
cell shapes even at the window borders.

3. Choose a start and an end vertex at the left and right border of the window, respec-
tively, and compute the associated minimal path.

4. Dilate the path using segment-wise width values ;.

5. Assign height values h; € (0, h] to the path vertices v; that define the depth of the
crack.

6. Compute the 3d surface triangulation.

7. Compute the mesh C' = (V,T) of the 3d crack, where V is the set of vertices and
T the set of triangles. In addition to the triangles provided in Step 6, the crack
needs a cover at the top and the sides to be a closed surface mesh. Therefore, add
a triangulation Tyyrface Of Sy(P) at the level of the object surface, i.e., at height h,

with vertices {(v(l)lp, h) yeees (szpﬂ, h) , (v%)OW, ) Yy (v}ﬁg‘;H, h) } Note that extra

vertices may be added for easier computation. To close the mesh, add triangles at
the path ends via Tgnq. Thus, the mesh is defined by

V= {(v;, hi)}i:O,...,k+l v {(U?p7 h)}i=0,...,k“p+1 e {(U%OW’ h) }i:O’m’klow+17

T = TStep 6 Y Tsurtace Y Tend-
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(a) Voronoi tessellation with its generator points (b) Minimal path (red) between the start and

in the dilated window (black), the original end vertex (circles) in the Voronoi tessella-
window is marked in red. tion restricted to the window.

(c) Dilated path (black) bounded to the window (d) 3d mesh of the crack defect with surface tri-
edges (dotted). Dilation polygons @; in gray. angulation.

Figure 11.6: Example of the crack defect generation according to the model steps using
max min)‘

n = 1000 generator points and v = 0.1 (wo — wy

In addition to the values for width and depth, the number of generator points for the
Voronoi tessellation influences the shape of the crack, see Figure 11.7. With an increasing
number of generator points, the crack structure gets finer. However, details may be lost
as the width increases.

Assignment of Width and Height Values So far, we assumed a segment-wise specifi-
cation of width and height values. Alternatively, a global value or a sequence of values
can be provided. We introduce the procedure for the width values but it can directly be
transferred to the height values.

Let (o, ..., l~,~€) be a sequence of arbitrary width values [; € Rog, i = 0, ..., k. Note that
the sequence must not be longer than the path, that is 0 < k< k. Then, if a global width
value is chosen, so k = 0, it holds [; = lp for all i = 0,...,k. Contrary, if every segment
is assigned an individual value, so k = k, then it holds I; = [; for all i. Otherwise, if

0 < k < k, we assign [; approximately to every |¥/k]-th path segment, that is
lemym =L
fori=0,... ,l;:. The remaining values are obtained by linear interpolation.

Branching Branching is a common crack property and should thus be included in the
model. In the following, we describe the procedure to include one branch, but it can easily
be extended to an arbitrary number of branches. Let C' = (Vi,T¢) be the mesh of a crack
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Figure 11.7: Crack defects using different numbers of generator points. Left: n = 150,
right: n = 2000. Top: Voronoi tessellation with minimal path (red) and its
dilation (gray). Bottom: 3d mesh of the defect.

defect. First, choose a random Voronoi vertex on the crack path and use it as the starting
point of the branch. When considering more than one branch, the start vertices may also
be chosen from the previously generated branches. Next, choose an arbitrary Voronoi
vertex outside the path as the end point of the branch. Use the same Voronoi tessellation
as for generating the crack and compute the minimal path. Then, proceed with Steps 4-7
of the crack simulation procedure to obtain a branch B = (Vp,Tp). Note that the starting
width and depth of the new branch should not exceed those of the associated vertex on
the crack branch. To compute the dilation, the branch path is rotated such that its start
and end vertex are aligned with the z-axis followed by reversing the rotation afterwards.
To connect crack and branch, the triangles of T¢ U Tp have to be re-meshed to form a
valid surface triangulation of C' U B, see Figure 11.8 for an example. For this purpose, we
use the Boolean union function of the Python package TRIMESH [19].

11.2.2.2 Bulge

Bulges are material accumulations caused by indents in the casting mold and appear as
local pyramidal-shaped thickenings of the object surface [72]. They resemble a reverse
crack, but with larger width and smaller depth. Therefore, we reuse the crack model from
Section 11.2.2.1 with an adaptation in Step 6 to generate positive defects, that is h; > h.
Furthermore, the width values should be chosen so that the resulting dilation is roughly
eye-shaped. See an example of a synthetic bulge in Figure 11.9a.

11.2.2.3 Buckle

Buckling describes a local lift-off of the top layer of the object surface caused by insufficient
bond strength [72,93]. It can take different forms: linear buckling of small width and long
length or pyramidal shaped lift-offs. Furthermore, a buckle can be closed or open. The
latter means that the layer is torn off.
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Figure 11.8: Crack with one branch (left) and five branches (right). Top: Voronoi tessella-

tion with path of the main crack in red and the paths of the branches in blue.
Associated start and end vertices are marked in the corresponding color. The

dilations are colored in gray. Bottom: 3d mesh of the defect.

Buckle. Coloring of the top image: Minimal

)

) Bulge. Coloring of the top image: Minimal (b

path in red and its dilation in gray.

(a

path in red, its small dilation in dark gray

and its big dilation in light gray.

Top: Visualization of the 2d model

Figure 11.9: Examples of bulge and buckle defects.

steps. Bottom: 3d mesh of the object.
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Figure 11.10: Example of coat lift defect. Left: Visualization of the 2d model steps with
the minimal path in red, its one-sided dilation in light gray and its shift in
dark gray. Right: 3d mesh of the object.

A closed buckle can be modeled using the same approach as for bulges when choosing
appropriate parameter configurations. Open buckles are modeled using a Boolean subtrac-
tion of a bulge-like and a crack-like defect. Therefore, let Bp be a positive defect shape
generated by the bulge model described in Section 11.2.2.2 and By be a negative defect
shape generated by the crack model in Section 11.2.2.1 generated under the following
constraints:

e Both Bp and By are modeled using the same underlying minimal path.

e Let lf and lZN be the widths of the positive and negative defects, respectively. We
require llP > llN for all 4, so that the width of Bp is greater than that of By for
every arc in the path.

e The depth of the crack should be smaller than the height of the bulge such that the
buckle is never deeper than the object surface.

Then, an open buckle is computed by Bp\By. To perform that operation, re-meshing of
the surface triangulation is necessary. Again, the Boolean difference function given in the
TRIMESH package for Python can be used [19]. An exemplary defect geometry is given in
Figure 11.9b.

11.2.2.4 Coat Lift

Coat lifts are caused by buckles in the casting shell. Its primary layer lifts off and cracks,
allowing melt to fill the space created [72]. Sertucha and Lacaze [93] describe lustrous
carbon inclusions, which are surface defects that look similar, but arise in different ways.
Coal is a common component of sand molds. Consequently, carbon films may form on
the inner mold surface, which can then be enclosed by the metal melt. This results in
protruding metal sheets after solidification.

Coat lifts are therefore one-sided elevations on the surface of the part. Both the contours
on the object surface and on the elevated side are jagged. Hence, the model uses the same
basis as the previous defect models, a minimal path through a Voronoi tessellation, but
the subsequent steps differ, see Figure 11.10 for illustration.

1.-3. Steps 1-3 are equal to crack modeling in Section 11.2.2.1.

4. Compute the upper dilation of the path P with contour P"P.
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5. Compute a lower shift PV of the path P with vertices ’U%OW = v; — (0, llOW) using
a constant width /'Y > 0. That width models the thickness of the elevated metal
layer.

6. Assign the object surface height to the vertices of P and P'°V, namely h; = hiow = h,
and heights h;” > h to the vertices of P"P.

7. Compute the triangulation T, of the vertices belonging to P and P"P, that are
{(vo, h),...,(vks1,h), (v(l)lp, hgp) ey (vzfpﬂ, h};ﬁpﬂ) }, to connect the elevated con-
tour of the upper dilation and the path as described in Section 11.2.1.4. The trian-
gulation Ty of the area between P and PV s given by the triangles

I I I
{T (vi, Vit1, viow> } U {T (viﬂ’r“{, v, 1}7;+1> } .
1=0,...,k 1=0,....,k

Ty

8. Compute the mesh of the coat lift C' = (V,T) with

V= {(v;, h)}i:O,...,k-i-l o {(Uzl'lp’ h?p) }z‘:O,...,kup+1 Y {(Uiowa h)}

T= Tup U Tiow U Teover Y Tend,

i=0,.... klow 1’

where Tiover connects the vertices of P™ and PV to form the top coverage of the
defect. Triangles at the ends of the path are again added via Tegpq.

11.2.2.5 Cold Shut and Rat Tail

Aside from cracks, there exist other types of linear defects that have also an irregular path
but round edges instead of a jagged behavior. Cold shuts appear if two molten metal
streams cannot merge before solidifying. This happens if the melt is not fluid enough,
which can be caused by low temperature [2,57,72,93]. Furthermore, rat tails arise from
defected shells. For example, a crack in the mold that is too thin to be filled with melt
contains air and causes oxidation of the hot metal, which forms an indentation in the part.
While cold shuts commonly appear individually, rat tails occur accumulated. Moreover,
rat tails are more curved.

Although the causes of both types of defects are different, their appearance is simi-
lar. Thus, a joint model can be used by choosing suitable parameter configurations. The
model is related to the crack model, but includes round edges. Therefore, instead of the
piece-wise linear path in the Voronoi tessellation, we use a natural cubic spline interpo-
lation of randomly sampled nodes. The model is then defined by the following steps, see
Figure 11.11 for an illustration.

1. Choose a window W such that w{*®* — w{]mn equals the desired linear expansion of
the defect.

2. Generate n + 1 random points py, . . ., p, from a uniform distribution on W and sort
them according to their z-values. Generate the points such that the first and the
last are located on the left and right border of the window, that is, (pg)o = wg‘in
and (pp)o = wi™.

3. Compute a natural cubic spline interpolation using {po,...,pn} as control points.
Discretize the curve by computing points vy, ...,vg+1 with £ + 1 » n located on
the curve with vg = pg and vgy1 = p,. Define a path by arcs a; with o; = v; and
w; =vjy1 fori =0,..., k.

4.-7. Steps 4-7 are equal to crack modeling in Section 11.2.2.1.
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n+1=25,k+2=50. n+1=10, k+ 2 = 100.

Figure 11.11: Realization of the model for cold shuts and rat tails using different parameter
configurations. Top: Visualization of the generating procedure of the 2d
shape with control points (stars), interpolation with discrete points (red)
and the dilated path (gray). Bottom: 3d mesh of the object.

11.3 Model for Scab Defects

Scabs usually occur if the top layer of the mold is defected such that molten metal can
fill the space between the layers similarly to coat lifts [93]. In [72], this type of defect
is called delamination because the top layer of the mold is delaminated. In general,
delaminations appear when the material breaks into layers. For the purpose of this work,
we only consider surface delaminations, that is, the breaking of the top surface layer into
individual pieces whose outer regions can be elevated. Surface delaminations can occur
individually, in clusters or as surface-filling defects that cover the entire object surface.
Total surface fracturing rather commonly occurs for coated parts, but is unusual for cast
metal products. We propose a general approach that is applicable for modeling scabs
(similar to individual delaminations), clustered and surface-filling delaminations.

Again, we use Voronoi cells for the simulation, which cover the whole surface by con-
struction. Our model creates textures of delaminated surfaces by generating cells on the
object surface whose outer regions may be elevated. Since these parts result from break-
ing of the surface layer, the edges of neighboring cells must fit together. Sometimes, just
certain parts of the surface are affected by delaminations, for example, in scabs. In this
case, the delamination model can be restricted to a subset of the delamination cells. We
first outline the main steps of the model generation procedure, see also Figure 11.12. De-
tails are explained in the subsequent sections. Figure 11.13 shows synthetic images of the
different delamination types rendered with parameters of a realistic imaging setup.

1. Select an observation window W that represents the part of the object surface con-
taining the delamination.

2. Compute a Voronoi tessellation in the dilated window to obtain the individual de-
lamination cells. The dilation is necessary to obtain regular cell shapes even at the
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Voronoi tessellation in ~ Border refinement of Triangulation. Assignment of height
a delaminated window. individual cells. values and 3d mesh.

Figure 11.12: Schematic overview of the model for scab and surface delamination defects.

Figure 11.13: Synthetic images of delaminated surfaces of a cast metal cube rendered as
described in Figure 11.3.

window borders.

3. Refine the cell borders by using a finer Voronoi tessellation and choose how many
and which cells should be considered further.

4. For all chosen delamination cells:
4.1. Triangulate the refined cell using additional vertices.
4.2. Assign height values to all vertices.

4.3. Compute the 3d mesh.

11.3.1 Voronoi Tessellation in the Dilated Window

We call the Voronoi tessellation that defines the individual delamination cells the coarse
tessellation. Let 27¢ = {p§,...,pSc} be a set of generator points with p¢ uniformly sampled
in the dilated window A, (W). Let Df = CfnW be the restriction of cell Cf to the window.
The number of vertices of DY is given by #Df{. As some generator points can be located
outside W, each nonempty cell DY is assigned its center point

¢ = #;¢ Z v

v v vertex of Df

as reference points in W. Let m® < n® be the number of remaining cells. An example is
given in Figure 11.15a.

110



11.3.2 Refinement of Cell Borders

Generate a finer Voronoi tessellation in the same manner as described in Section 11.3.1
but with n/ » n° generator points. Choose reference points cj-c as described above and
define the adjusted reference points

fose f
r {pj if p; €W
f

C.

] else

for D}C # (. To refine the borders of the coarse cells, pick all fine cells whose adjusted
reference point is located in the coarse cell, that is, for cell D§, i € {1,...,m"},

P = {Df;éfeDf,j: 1,...,mf}.
An example is given in Figure 11.15b.

11.3.3 Triangulation of Fine Cells

Let D be a fine cell with vertices v1,...,vx in clockwise order with vix 1 = v; and center
point c¢. To obtain a triangulation of D, additional points are added depending on the
relative area of the cell. The number of newly added points is given by

R area(D)

' Rmax )

f
MaX;_1 s area (Dj

where Rpa.x € N is the number of new points for the largest cell in the fine Voronoi
tessellation. The computation of the triangulation 729 differs depending on R, see also
Figure 11.15¢ for an example.

R = 0: Compute a triangulation of the points V2 = {vy,...,vk,c} by
K
7 = Ur=1 T (vk; Vg 41, ©).-
R > 0: Generate new points u,,r = 1,..., R, from a uniform distribution on D. Then,
compute the Delaunay triangulation of the points V24 = {v1,..., vk, ¢, u1, ..., ur},

that is, no further points lie in the circumcircle of a triangle.

11.3.4 Assignment of Height Values

Height values H(v) are assigned to all vertices v in the triangulation of Z;, that is the
union of triangulations of the associated fine cells, by

v > h + Heey(v) + Hiex (V)

where Hejey(+) determines the amount of elevation dependent on the distance to the bound-
ary of D¢ and Hiex(-) gives the opportunity to add a surface texture depending on the
fine cell that v is located in, see also Figure 11.15d. To define both height functions, let
b(p,D) = 0D n {\(p—c): XA> 0} be the intersection of the border of cell D and the
half-line starting in the center point ¢ that passes through an arbitrary point p € R2. See
Figure 11.14 for an illustration. The height in v will depend on the distance between
b(v, D) and v as described in the following sections.
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Figure 11.14: Tllustration of intersection b(p, D) and computation of dist,e (p, 0D).

11.3.4.1 Elevation of Quter Areas Hgjey(+)

This height models the defect-specific shape, that is, the outer part of a cell Z; is elevated
while its center is not, so that the defect remains connected to the object surface. To ensure
a natural appearance of the defect, the maximum elevation heights at the boundary of &
and the diameter of the non-elevated area in the center of the cell can vary for different
directions in %;.

The size of the non-elevated area in direction of a vertex v € &; is characterized by the
distance |v—b (v, D) |. Since that distance varies when traversing over the cell’s contour,
we use the relative distance

distyel (p, 0D5)

Cp=bmDy)| [<1 ifpeDf
e =b(p, DY | > 1 else

for arbitrary p € R2. Note that distye (v, 0D$) > 1 may occur because %; € D§. Vertex
v will be elevated if dist,e) (v, 0Df) exceeds a certain threshold d(v) € [0,1]. Thus, all
vertices v ¢ Dy are elevated for sure.

By setting Hejey(v) = 0 for all vertices with dist,e (v, DY) < d(v), all such vertices stay
at the height of the object surface. Height values for all points on the contour of Z; must
be given to define the maximal elevation. Then, all vertices located on the contour are
assigned these maximal height values. The heights of the remaining intermediate vertices
between the non-elevated area and the contour are obtained by linear interpolation.

To assign the maximal height values to the points on the contour, let (hg,...,hx) be
a sequence of intermediate maximal height values h; € Ry for j = 0,...,k reached
at certain points on the contour. To calculate those points we have to switch to polar
coordinates. Assume that Z; is shifted so that it is centered in (0,0). Then, h; is reached
2

at p=p~(r,p) € 0%; with ¢ = Jpig for j =0,..., k. All intermediate values on 0%; are

determined using linear interpolation based on their angle.

11.3.4.2 Texture Height Hiex (")

This height component gives the opportunity to assign a specific texture to the fine cells
by individually elevating them using local bulges with maximal height in the center points
of the cells. Assume that a vertex v is contained in the fine cell D; and choose a maximal

height ¢; € Rx¢ reached at C;C . The height at v then depends on its relative distance to the

center point c}c and is thus defined via

! | |

Hiex(v) =tj- = |cos |7
U g (e n))]

+1]¢€ [O,tj].
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(a) Procedure to

restrict the
Voronoi tessellation to the
window (dotted line). Gen-
erator (black) and reference
points (red) are marked.

(b) Coarse and fine Voronoi tes-

sellation are represented by
bold and thin black lines, re-
spectively. Adjusted reference
points of the fine tessellation
are marked. Borders of &; are
illustrated in red. Two cells are
highlighted to mark the change

(c) Triangulation of Z; us-

ing Rpax=12. The
upper highlighted cell
gets R = 11 new
points while for the
lower highlighted cell
we have R = 0. Refer-
ence points are marked

from D; (light) to 2; (dark). in red.

H elev H tex

H= Helev"'Htex

(d) Assignment of height values by the composition
into elevation and texture. Dark blue marks the (e) All delamination cells of the Voronoi tes-
elevated triangles. sellation as separate 3d volumes.

Figure 11.15: Visualization of the pipeline to generate a delaminated surface or scabs
with n¢ = 10, nf = 110 and a squared window with dilation width
v=0.1 (wmaX — wmi“).

Note that also other shape functions may be used.

11.3.5 Computation of 3d Mesh

To generate the 3d mesh of the delamination cell determined by %;, its vertices and
triangles are duplicated first to define the lower and the upper layer. In the first copy,
the vertices get height values h + Hejey(v). The texture height is removed such that the
non-elevated cell parts are smoothly connected to the object surface. The second copy
of the vertices gets the height values H(v) + [ where | € R~¢ is the thickness of the
delaminated surface layer. Finally, additional triangles are added to connect the upper
and lower layer, similar to the coat lifts described in Section 11.2.2.4. Examples of 3d
meshes of delaminated cells are given in Figure 11.15e.
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11.4 Conclusion

We presented parametric models to generate a variety of different surface defects of cast
metal objects. We use Voronoi tessellations to simulate the fundamental defect behavior.
Thus, the poly-crystalline material structure is included, but on a coarse scale to reduce
the model complexity compared to physically correct defect models. This enables fast
computation times for both the individual defect geometries and their addition to the
product geometry.

Defect variability is guaranteed by using different parameter configurations. Providing
real parameter ranges increases the realism of defect shapes. Moreover, defect edge case
scenarios are covered by using appropriate parameter configurations. Thus, a diverse and
arbitrarily large synthetic data set can be generated. In addition, particular defect features
can be varied individually to fine-tune defect detection algorithms. This provides a great
advantage over Al-based image generation methods, where systematic data generation is
difficult. Automatic data annotation is also provided.

Although our models are motivated by defect geometries for cast metal objects, they
can be transferred to other manufacturing processes. For example, cracks are frequently
occurring defects in various applications and delaminations appear commonly on painted
surfaces. Synthetic data generation is also not limited to visual surface inspection. Placing
the digital twins of the inspected object into another virtual inspection environment can
provide synthetic data for any NDT method.
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12 Adaptations and Expansions of Certain
Casting Defect Models

In the following we present different model adaptations such as using other point pro-
cess types to generate the Voronoi tessellation that is used to determine the path of a
crack defect, see Section 12.1, and an alternative approach to model buckle defects in
Section 12.2. Moreover, the proposed models are used and expanded to simulate progres-
sive defecting of cracks and buckles at different time steps, see Section 12.3.

12.1 Model Adaptation to Other Point Process Types for
Generating the Voronoi Tessellation

So far, we used Voronoi tessellations generated with an underlying binomial point process
for computing the path which determines the basic shape of a crack defect. To increase
the variability of the underlying paths, different point process types may be used for
generating the Voronoi tessellation, see Section 3.1.7 for the definitions of Matérn cluster
and Matérn hardcore point processes. Figure 12.2 and Figure 12.3 show examples of the
resulting crack structures using those types of point processes with varying parameters.
These realizations can be compared to crack structures based on Poisson point processes
of different intensities shown in Figure 12.1.

Independent of the point process type, the number of path vertices obviously increases
with a rising number of generator points, see Figure 12.4a and Figure 12.4b for comparison.
However, Matérn cluster processes have big variations in the number of points and also
in the cell size distribution which both influence the number of path vertices. As all
tessellations are computed in the same window, the crack has to migrate over the same
distance. Thus, one can expect a path generated from a Matérn cluster process to have
a larger variance in the length of its path segments than the paths obtained from the
other point process types. This assumption is confirmed by Figure 12.4c when comparing
the estimated distribution of the paths’ segment lengths. The uneven distribution of
segment lengths for paths originating from Matérn cluster processes is especially apparent
for a large number of generator points. However, the large variance in segment lengths is
not necessarily present in every realization but depends on the individual clusters within
a particular simulation. In contrast, the most uniform segment lengths are obtained
when applying Matérn hardcore processes due to similar cell sizes in the resulting Voronoi
tessellation. The number of long segments decreases rapidly with increasing intensity.
Additionally, the box plots are overall thinner indicating a smaller variance. Poisson point
processes produce Voronoi tessellations whose variation in cell sizes is bigger compared to
Matérn hardcore processes but smaller compared to Matérn cluster processes. Thus, the
distribution of segment lengths behaves similarly.

To summarize, certain path features are influenced by the underlying point process type
and its intensities which can thus be chosen depending on desired characteristics on the
cracks. If, for example, a crack should avoid a certain region on the object surface, a
Matérn cluster process having no cluster in that area may be the best option. Otherwise,
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Figure 12.1: Voronoi tessellations with 2d cracks based on Poisson processes with growing
intensity A = 250, 500, 750, 1000 from top left to bottom right. Window size

is 2 x 1.
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Figure 12.2: Voronoi tessellations with 2d cracks based on Matérn cluster processes with

growing intensity Aparent = 10, 20, 30, 40 of the underlying parent process from
top left to bottom right. The remaining parameters are chosen as Agyjig = 25

and r = 0.1. Window size is 2 x 1.
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Figure 12.3: Voronoi tessellations with 2d cracks based on Matérn hardcore processes of
type II with growing intensity A = 700, 1200, 1700, 2200 of the underlying
Poisson process and decreasing distance r = 0.033,0.024,0.019,0.016 from
top left to bottom right. Window size is 2 x 1.

a Matérn hardcore process can be helpful to generate very regular cracks. Furthermore,
if the synthetic crack is to be imprinted into an object with a poly-crystalline micro-
structure, knowledge about the material-specific structure can be integrated by selecting
an appropriate point process type so that the resulting tessellation reflects the material
micro-structure best possible.

12.2 Alternative to Model Buckle Defects

As described in Section 11.2.2.3, an open buckle defect is modeled as Boolean difference
of a crack defect geometry from a bulge defect geometry. Thus, a volumetric surface
accumulation with open ridge results. However, buckles are defined as local, pyramidal-
shaped lift-offs of the top layer which might be open in the central part. Usually, the
elevated material resembles thin metal sheets instead of solid metal accumulations as it
is modeled currently. Therefore, a simulation for open buckle defects based on the model
for coat lifts provides a promising alternative.

In the following, the model’s individual steps are described in detail. See also
Figure 12.5 for a visualization of the required structures and the resulting geometry of
a buckle defect.

1.-3. Steps 1-3 are equal to crack modeling in Section 11.2.2.1. Let P be the generated
path which represents the center line of the open ridge.

4. Edges of open part
Dilate path P using segment-wise width values ;" to obtain the paths Py, and
ngvgn describing the upper and lower contour of the dilation &y (P), respectively.
The width values at the beginning and end of the path should be small as the buckle
defect usually is not yet opened widely, if at all, in those areas.

117



2500 { I Poisson process 175| I Poisson process
Matérn cluster process Matérn cluster process

. ° 150 Matérn hardcore process i :
Matérn hard atérn pi
2000 atérn hardcore process * = o %
125 % %
1500 * % ° o
o 100 % %

1000 == = o
%I ” % %'
= %I -

500 50
case 1 case 2 case 3 case 4 case 1 case 2 case 3 case 4
(a) Number of generator points. (b) Number of path vertices.
0.8 case 1 0.8{ case 2
0.7 0.7
0.6 0.6

%%% il *%% Ssl  aL,

0.07 0.09 0.01 0.03 0.05 0.07 0.09

; - HLac I
Z:ii'%l ﬁ ﬁ% 2 {'é%

0.01 0

0.8 case 3 0.8] case-4 B Poisson process
Matérn cluster process

0.7{ . 0.7 B
Matérn hardcore process
0.6 + % 0.6

0.5 0.5
0.4 ¢ I_l__|::| 0.4 1
° 8 ° s
0.3 +% 0.3 + %I
0.2 . 0.2
0 .

0.1 *%ﬂ% B 0.1 ;%

. sE. L&, P Aid. L&

0.01 0.03 0.05 0.07 0.09 0.01 0.03 0.05 0.07 0.09

(c) Relative frequencies of the path segment lengths.

Figure 12.4: Comparison of different properties of Poisson, Matérn cluster and Matérn
hardcore type II processes and the resulting crack paths. The cases are defined
by the same parameter choices as for generating Figure 12.1, Figure 12.2 and
Figure 12.3. Each parameter configuration was performed 100 times. Boxes
mark the first and third quartiles with median in black. Whiskers extend
to the farthest point within the 1.5 xinter-quartile range starting at the box.
Circles mark the outliers.
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2d shape of the alternative simulation of a buckle 3d shape represented as surface mesh.
defect with the basic path P (dotted line), its
dilation & (P) in white, the upper and lower dila-
tions 1P (P“p ) , olow (PIOW ) in light gray and

open open

the path shifts in dark gray.

Figure 12.5: Visualization of the alternative simulation of buckle defects.

Figure 12.6: Synthetic images of buckle defects in a cast metal object rendered in
Blender [1]. The alternative approach is used to simulate buckle defects.
A pinhole camera and three plane lights are used for illumination. Rendering
is performed using 30 spp and 12 light bounces. The surface texture is chosen
to resemble the appearance of a cast metal object. The texture model was
implemented by Lovro Bosnar from Fraunhofer ITWM and is based on the
cellular texture introduced by Worley [115].

O.

7.-9.

10.

Edges to object surface .
Compute the upper dilation 5;1}’ (ng)en) and the lower dilation (5%9“’ (Pg%vgn) using
segment-wise width values l?order. The contours P{)lfrder and Pé‘;‘fder of the respective

dilations define the upper and lower edge that describe the transition of the defect
to the object surface.

. Area connected to object surface

Compute an upper shift Pi". of P>, and a lower shift PI% of PloY using a

constant width I*Pif* as described in Step 5 for coat lift modeling in Section 11.2.2.4.

To simulate the top part of the buckle defect, apply Steps 6-8 from coat lift modeling
in Section 11.2.2.4 using Pylen, Poo .. and PyP.. Proceed similarly with PRW .

Pll)%vrvder and Pslﬁf%t to obtain the lower part of the buckle defect.

Unite the meshes for the top and lower part.

See Figure 12.6 for synthetic images of objects having buckle defects generated using
the alternative modeling approach. As the defect is modeled using two lift-offs originating
from the same path, light is allowed to enter the open buckle and gets under the elevated
metal sheets. This is not possible for defect geometries modeled with the previous method
as the opening is restricted and closed to the sides. Thus, the new approach generates
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more realistic defect geometries especially for buckles having wide openings where the
underlying object surface is visible in the renderings.

12.3 Modeling Progressive Defecting by Growing 3d Mesh
Objects

Crack defects occur in many domains and should optimally be detected at an early state.
However, not every crack may be critical from the beginning. Thus, their progression
can be followed to decide whether it becomes a negative, safety-relevant defect. Hence,
learning-based methods can be used to forecast the failure progression in order to deter-
mine already in an early state whether the defect may become critical.

To generate synthetic data of progressive defect formation, appropriate models are nec-
essary that simulate the growth of defects within an object. In Section 12.3.1 we give
real-world examples where the observation of cracks at different states is important and
how progressive cracking can be simulated using procedural approaches form computer
graphics. Then, in Section 12.3.2, we present a novel approach to generate 3d mesh ob-
jects of progressive cracking at intermediate states based on the model for simulating
cracks introduced in Section 11.2.2.1. Cracking also appears for buckle defects. There-
fore, in Section 12.3.3, we propose a method to compute 3d mesh objects of progressive
buckling.

12.3.1 Related Work

When analyzing the progressive cracking process in granite, it is categorized into different
cracking levels dependent on characteristic stress thresholds. Zhou et al. [124] investigate
the transition from micro-cracking to macro-cracking and to the full fracturing of the rock.
The fatigue crack growth rate is relevant to investigate fatigue failure of additive manu-
facturing of titanium alloys [111,123]. Therefore, Wang et al. [111] use in-situ scanning
electron microscopy images, that is, images are taken sequentially with slightly increasing
load.

In computer graphics, different approaches for progressive object fracturing exist [16,
45,76,77]. Therefore, the object geometry is considered to be tessellated by tetrahedrons.
Then, the modeling of the fracturing process is commonly considered in two steps. First,
coarse fracturing is applied on the object tessellation which makes it practicable in real-
time needed for generating movies or computer games. Second, the coarse boundaries are
post-processed to receive realistic simulations. However, those methods focus on the real-
istic appearance of the progressive deformation mostly without integrating real material
properties and information about its composition. Also, we are not focusing on fracturing
of the complete object, but rather on surface defects such as cracks.

12.3.2 Modeling 3d Crack Objects at Different Time Steps

According to Section 11.2.2.1, assume the path of the crack to be denoted via its vertices by
By = (v8, R U(I)Q))‘ Define the paths of the branches by B; = (vé, . ,v}(i) fori=1,...,1,
where K; € N~ defines the length of the corresponding path and I € Ng is the number
of occurring branches. Note that the start vertex vé of branch ¢ should be contained in
the main crack or in one of the previously generated branches, that is vé € Ué;%) Bj. Let

Bi € {0,...,i—1} be the branch of the start vertex and 6; € {Ugi, - ,v%ﬁ_fl} be the

location of that vertex on the branch. We exclude 6; = U}B{iﬁ_ as possible start vertex since
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it would be an extension of an existing branch rather than creating a new one. From now,
the main crack and the branches are called cracks if not explicitly differentiated.

The 3d mesh of the crack structure described in Section 11.2.2.1 defines the final state
of the cracking process. Temporal evolution is now introduced by subsequently adding the
edges representing the cracks. In addition, the width and depth of the cracks gradually
increase over time.

To model progressive cracking we need to determine the discrete time when a path starts
and ends growing, that are 7; € N and v; € N, respectively, for crack i = 0,..., 1. It holds
7; > ;. The main path starts at time 79 = 0, but the initiation of the branches depends
on the growth of the paths they originate from. Therefore, assign crack initiation times

0 ifi=0
T =
' 78, +0; + ¢ else

with ¢ ~ U ({0,..., min (emax, K3, — 0;)}) a random delay between reaching the start
vertex of a branch and the start of its growth. The parameter €,,x € N models the maximal
delay. Once a branch starts growing, one line segment arrives per time step. Here, the
time steps are considered to be discrete. Hence, the growth of branch B; terminates at
time 1); = 7; + K;. The total duration of the cracking process is A = max;—,... 1 ¥; € N.
Now, the cracks are generated at several time steps by continuously increasing the
length, thickness and depth of the intermediate cracks. Therefore, let t5 = |3/s- A] € N for
s =1,...,5 be the time steps to be investigated for a fixed number S € {1,..., A}. For
every s, determine the visible branches and generate the intermediate 3d crack objects by
adapting the final crack structure as follows. See Figure 12.7 for a visualization.

1. Crack B; is visible at time s if 7; < ts. Proceed with these branches.

2. Identify the length \; ¢ = min(¢s—7;, K;) of the intermediate path B} = (vé, e Ug\i S).

3. Determine the scaling factors ZZ’S for k =0,...,\; s of the dilation of the intermediate
path. Note that by simply scaling all final widths to obtain l,i’s, the crack can be
unrealistically wide for the early time steps. See Figure 12.7a for an example and
a description of how scaling factors are selected in our case using a sequence of
intermediate scaling factors as described in Section 11.2.2.1. The formal details are
as follows.

Let J; s denote a set of indices of branch segments of branch B; that are assigned
scaling factors at time ;.

a) Determine p; € {1,...,s} such that B; was visible at time step t,, for the first
time. Set the number of intermediate scaling factors to |J; | = s — p; + 2. For
a branch that is always visible (p; = 1), this yields |J; 5| = s + 1.

b) Let
J .
Jis=1l—L— xnolii=0, g =1t
’ ﬂuz-,sr—l ’]J il }

Figure 12.7a marks those points for the main crack and an exemplary branch.

c) To assign values to lz’s for k € J;, we scale the final width values li by the
number of time steps where the branch is visible. The width at the last visible
vertex is always chosen as the smallest thickness of the final branch. Thus, the
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(a) Voronoi tessellation in W with the intermediate paths and their dilation. Black circles and
squares mark the vertices of the growing main crack and of a growing exemplary branch,
respectively, that are directly assigned width values. All other widths are obtained by linear
interpolation.

(b) 3d meshes of the progressive cracking.

(c) Renderings of a cuboid with imprinted crack objects from Figure 12.7b. We used a texture for
cast metallic objects, implemented by Lovro Bosnar from Fraunhofer ITWM, which is based
on the cellular texture introduced by Worley [115]. The renderings are generated in Blender [1]
using a plane light and a pinhole camera. 30 spp and 12 light bounces are applied. Rendering
was performed by Fraunhofer ITWM.

Figure 12.7: Procedure to generate a progressive cracking visualized for three time steps
(from left to right).

intermediate scaling factors are given by

l;’s _ l}:c “Tis ?f k<M with s — |Jis| — 1 ‘
l}(i itk =N\ S—pi+1

8

4. Determine the depth values h;” similar to the widths in Step 3.

5. Compute the surface triangulation of the closed 3d shape of the intermediate crack
object, see Figure 12.7b.

6. Unite the current 3d object with all the previously obtained meshes at time ¢;.

3d mesh objects of progressive cracking obtained by that method can now be used to gen-
erate synthetic optical images of breaking products. An example is given in
Figure 12.7c showing synthetic images of the cracking of a rectangular object.
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12.3.3 Modeling 3d Buckle Objects at Different Time Steps

As second possibility to model progressive defecting we propose buckle defect formation
simulated at different intermediate time steps. Therefore, we use the new approach for
buckle modeling introduced in Section 12.2. In contrast to cracks, we assume buckles not
to expand in their lengths, only in width and height. Also, the buckle grows primarily as
a closed geometry just in width and height, that is a bulge, followed by cracking the ridge
such that the characteristic gap opens slowly.

The process of growth is evaluated at S equally-spaced discrete time steps ts € N,

s =1,...,5. Assume steps ti,...,t, to determine the growing of the closed geometry
for an appropriate b < S and fp41,...,ts the growing of the open geometry. Further,
assume the final dilation widths to be provided by the sequences ;" .. '7lz§§2n and
Jporder fgggfdfr, respectively, as described in Section 11.2.2.1. The same holds for heights
h; computed from ho, . . .,ﬁfcheight. Since the number of segments of P>\~ and Pg%‘;”der
varies for the different time steps as they depend on Pole, and ngvgn, respectively, the

dilation widths and heights are obtained by scaling the sequences that determine the
final values. Note that in contrast to growing crack defects, uniform scaling of widths
and heights can be applied because we assume buckles not to expand in their length and
no branches exist which may start growing at a later moment. Then, the modeling of
progressive buckling divides into the following steps, see also Figure 12.8 for illustration.

1. Growth of closed geometry: s =1,...,b
Scale [gorder, e Z}:(’rder and hog, ..., h,;height by % and use those values to compute a

border

bulge defect, see Section 11.2.2.2 for more details.

2. Growth of open geometry: s =b+1,... S

Let i}}order, e ,Z]gggfgr and ho, ..., hineigne be unchanged but scale ngen, ey [255; by

573 and use those values to compute a buckle defect as described in Section 12.2.
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2d shape with path (dotted line),
dilation (gray area) and opening
(white).

3d surface mesh.

Synthetic images rendered in
Blender [1] using a cast metallic
object texture, three plane lights
and a pinhole camera. Ren-
dering is applied with 24 spp
and 16 light bounces. The tex-
ture model was implemented by
Lovro Bosnar from Fraunhofer
ITWM based on the cellular tex-
ture from Worley [115].

Figure 12.8: Procedure to generate progressive buckling visualized for six time steps (in-
creasing from top to bottom) and b = 3 marks the opening of the buckle

defect.



13 Conclusion

In this thesis we presented models to simulate surface textures and surface defects of
rigid metal parts with planar surfaces. Using these methods, digital twins of defective
and defect-free objects can be generated. This approach is essential to generate synthetic
data for visual surface inspection via rule-based methods. Therefore, the real inspection
environment is virtually recreated including simulations of the camera, the light source and
the object to be inspected followed by photo-realistic rendering, that is, virtually taking
2d images of the 3d scene. Those images can then be used to train machine learning
approaches for automatic defect detection. Note that the quality and robustness of those
algorithms rely on the quality of the provided input data set in terms of completeness and
correct annotation of defects to be detected. The main advantages of a synthetic training
data set in contrast to real image data are the fast data generation in sufficient quantity
and automatic pixel-perfect annotation as the defect locations and shapes are known.

As we focus on visual surface inspection, a sufficiently precise simulation of the inter-
action of the object’s surface with light is crucial for realistic image synthesis. This is
affected by the surface topography of the object in meso scale which is mainly determined
by the applied surface finishing method. Thus, precise simulations of the resulting surface
patterns are required. Those are applied to the object surface using textures, that are
functions specifying the small-scale changes of a surface topography. Here, texture im-
ages are used. We restricted on texture synthesis models for two manufacturing methods
resulting in completely different surface patterns, namely sandblasting and milling. As a
common model was not feasible due to the predominantly differing properties of the sur-
face patterns, two different approaches based on topography measurements of real surfaces
are proposed.

Sandblasted surface textures are modeled by a combination of existing data-based tex-
ture models that rely entirely on the measurements. First, image patches are generated
using the RPN with crop-outs of the associated measurement as input. Those are stitched
afterwards using the method of Efros and Freeman. The second step can be neglected if
the output texture is to be smaller than the measurement. Texture images of arbitrary size
and with a pixel spacing coarser or equal to that of the measurement can be generated.
A procedural model was difficult to develop as only one machining parameter was pro-
vided and varied for the real surface treatment. However, for future research a parametric
texture synthesis model would be beneficial that is independent of input images.

In contrast, for milled surface textures we proposed a procedural, multi-step model that
includes all process-related parameters known from the machine settings. It is defined
as a function on a continuous domain and has thus to be evaluated on given grid points
to obtain texture images. The pattern of a milled surface is determined by ring-shaped
structures resulting from the rotating movement of the milling head. The model subdivides
into determining the locations of the milling rings, creating the shapes of the individual
rings and simulating the interaction of several overlapping rings. For efficient use of the
model in rendering as truly procedural texture, the intermediate image generating step
must be avoided. Therefore, fast approaches for computing the height value at a given
surface point are required where the crucial point is to develop a fast searching algorithm
to find all rings affecting one surface point. Moreover, an adaptation of the model for
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milled surfaces was presented, which models textures of polished objects.

An annotated dual data set consisting of real and synthetic images of non-defective
and defective sandblasted and milled objects was published using the presented texture
synthesis models. For synthetic images of sandblasted parts, the topography measurements
of the associated real object surfaces were used as input for the corresponding texture
simulation model. Different values of various milling parameters have been used to process
the real objects such that the variability of milled surface patterns is represented in the
data set. The same parameter configurations have been chosen to create the synthetic data
set of milled objects. Surface defects considered in the data set are dents and scratches,
simulated via the approach from Bosnar et al. [12]. Therefore, 3d geometries of the defects
were generated and then imprinted into the 3d geometry of the object to be inspected to
obtain digital twins of defective parts. The synthetic data set can be used to fully train or
to fine-tune a pre-trained learning-based defect detection algorithm. However, the domain
gap between real and synthetic data is visible when comparing a dual image pair.

In this thesis we further presented a parametric model to simulate dent defects different
to the approach introduced by Bosnar et al. [12]. Furthermore, models for casting defects
such as cracks, rat tails and delaminations were proposed to increase the diversity of
surface defects that can be simulated.

Dents are usually caused by a defecting tool that hits the object surface, resulting in an
indentation that resembles the negative of the tool geometry. Further, we assume material
relocation modeled by accumulations around the indentation. We proposed a multi-step
model that integrates interchangeable components which can arbitrarily be combined to
generate various defect shapes. So far, the resulting dent defects appear too regular
which may be solved for example by varying width values for the accumulation within a
realization.

Casting defects can be caused by a number of reasons, for example a defected mold
or a too cold ambient air temperature that leads to rapid cooling of the material. We
distinguished between elongated defect types (cold cracks, hot tears, buckles, bulges, coat
lifts, cold shuts and rat tails) and scab defects. The development of the proposed models is
motivated by the observation of defect structures and the description of defect formation
processes. As most of the considered defect types are influenced by the material’s micro-
structure, the models are based on Voronoi tessellations to include the poly-crystalline
structure of metal on a coarse scale. However, the underlying tessellations have not yet
been simulated in a way that incorporates existing knowledge about the material’s struc-
ture. This is the subject of future research. Moreover, the models are parameterized using
easily interpretable parameters. Note that the introduced defect types can also occur
in other manufacturing processes in a similar form. Cracks for example are frequently
occurring defects in various applications.

Often, defect formation is gradually progressing and not every deformation may be
critical from the beginning. However, it can be beneficial to detect defects in an early state
and follow their progression to decide whether they will have a negative, safety-relevant
impact. Therefore, we proposed methods to compute 3d mesh objects of progressive
cracking and buckling. This enables synthetic data generation to train machine learning
methods that forecast the failure progression in order to determine already in an early
state whether the defect may become critical.

The proposed texture model for milled surfaces and the models for surface defects are
all parameterized. Thus, a wide variety of texture images and defect geometries can be
generated simply by using different parameter settings. Furthermore, randomization of
the models ensures variability, that is, sampling the individual parameter values from
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suitable probability distributions, for example random sampling from fixed parameter
ranges. Realistic synthetic images can be created by choosing real situation-dependent
parameter restrictions for textures and defects. Moreover, edge case scenarios such as
exaggeratedly long cracks or too narrow milling rings can easily be generated by using
appropriate parameter configurations. This data can be useful to increase the model
training performance of a defect detection algorithm to make it as robust as possible
also in rarely occurring scenarios. Thus, it is possible to systematically vary individual
aspects of the milling texture or the surface defects, so that defect detection algorithms
can be specifically trained with the resulting synthetic data. For example, particular
defect features can be varied individually to fine-tune defect detection algorithms. This
provides a significant advantage over Al-based methods, where systematic data generation
and control is difficult to perform.
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