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Abstract

The segmentation task for 3D objects from X-ray CT volumetric data is of great significance
for both industrial and medical applications. Deep learning techniques are narrowing the
gap between human and machine capabilities in image segmentation. In this thesis we de-
velop and discuss machine and deep learning techniques for semantic and instance segmen-
tation. The techniques are evaluated on a dataset of CT scans of short glass fiber reinforced
polymers prepared in cooperation with the University of Padova and on publicly available
medical CT scans of lungs and liver. In addition to that, the last chapter is evaluated on a
public and popular large-scale object detection, segmentation, and captioning dataset for a
better comparison with the state-of-the-art.

The chapters are structured in the following way: In chapter 2 we explain the short glass
fiber reinforced polymer data acquisition together with the reference setup for quantitative
comparison of segmentation techniques. The data creation process involves parts manufac-
turing, CT scanning, CT simulation, computational model design, volume reconstruction
and ground-truth preparation. The reference setup consist of metrics for instance and se-
mantic segmentation tasks as well as of a baseline, Frangi vesselness method. In chapter 3
we present a first deep learning model for semantic segmentation of fibers from CT scans.
The model outperforms all the other methods including feature-engineered and machine
learning models. In chapter 4 we present a first deep learning model for instance segmen-
tation of fibers from CT scans. The model outperforms the state-of-the-art by a significant
margin and is arguably the first method which allows calculation of important fiber statis-
tics based on single-fiber segmentation. The model consist of a fully convolutional branch
for semantic segmentation, and an enhanced branch for instance segmentation via proposed
embedding learning loss function. In chapter 5 we present our work on use of machine
learning techniques for medical CT analysis. We use a dictionary learning model and extend
it to a 3D for bronchial vessels segmentation from thorax CT scans. Then, we discuss and
develop a fully convolutional deep learning model for the task of liver and liver lesion seg-
mentation from liver CT scans. Lastly, we present the Mask Mining training approach for
boosting the semantic segmentation machine learning models. In chapter 6 we present the
idea of the Plugin Networks as a solution for inference under partial evidence. The proposed
framework can generalize to a number of machine learning tasks and is evaluated on the
task of hierarchical scene categorization, multi-label image annotation and scene semantic

segmentation achieving state-of-the-art on each.
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Zusammenfassung

Die Segmentierung von 3D-Objekten aus Rontgen-CT-Volumendaten ist sowohl fiir indus-
trielle als auch fiir medizinische Anwendungen von grofier Bedeutung. Mit Hilfe neuer
Algorithmen aus dem Gebiet des Deep Learning (auf deutsch: Tiefes Lernen), einer Weiter-
entwicklung des ,klassischen” maschinellen Lernens, wird die Kluft zwischen den men-
schlichen und maschinellen Fahigkeiten bei der Bildsegmentierung zunehmend verringert.
In der vorliegenden Arbeit werden Verfahren des , klassischen “ maschinellen Lernens sowie
des Deep Learnings fiir die semantische und instanzielle Segmentierung entwickelt und
diskutiert. Die Verfahren werden anhand eines Datensatzes von CT-Aufnahmen von kurzen
glasfaserverstiarkten Polymeren, die in Zusammenarbeit mit der Universitdt Padua erstellt
wurden, und anhand frei verfiigbarer medizinischer CT-Aufnahmen von Lunge und Leber
bewertet.

Die Kapitel sind folgendermafien aufgebaut: Im zweiten Kapitel erkldren wir die Date-
nakquisition von glasfaserverstarkten Polymeren zusammen mit dem Referenzaufbau fiir
den quantitativen Vergleich von Segmentierungstechniken. Der Datenerstellungsprozess
umfasste die Fertigung der Teile, das CT-Scanning, die CT-Simulation, das Computermod-
elldesign, die Volumenrekonstruktion und die Vorbereitung der Ground-Truth-Daten. Der
Referenzaufbau besteht aus Metriken fiir die Aufgaben der instanziellen und semantischen
Segmentierung sowie der Frangi-Vesselness-Methode, welche als Basis dient. Im dritten
Kapitel prasentieren wir ein erstes Deep-Learning-Modell fiir die semantische Segmentierung
von Fasern aus CT-Scans. Dieser Algorithmus tibertrifft alle anderen nicht Deep Learning
basierten Methoden, welche auf Verfahren des maschinellen Lernens oder der nicht lern-
basierten Merkmalsextraktion beruhen. Im vierten Kapitel prasentieren wir ein erstes Deep-
Learning-Modell fiir die instanzielle Segmentierung der Fasern aus den CT-Scans. Das Mod-
ell tibertrifft den aktuellen Stand der Technik deutlich und ist wahrscheinlich die erste Meth-
ode, die die Berechnung wichtiger Faserstatistiken auf der Grundlage einer Einzelfaserseg-
mentierung ermoglicht. Im fiinften Kapitel stellen wir die Verwendung unserer Techniken
des maschinellen Lernens fiir die medizinische CT-Analyse vor. Wir verwenden einen Dic-
tionary - Learning - Ansatz und erweitern es auf ein 3D-Modell fiir die Segmentierung von
Bronchialgefaflen aus Thorax-CT-Scans. Anschlieffend diskutieren und entwickeln wir ein
Fully-Convolutional Deep Learning - Modell fiir die Segmentierung der Leber und von Leber-
lasionen aus Leber-CT-Scans. Abschliefsend prasentieren wir den Trainingsansatz des Mask
Mining zur Verbesserung der maschinellen Lernmodelle fiir die sematische Segmentierung.
Im sechsten Kapitel prasentieren wir die Idee der Plugin Networks als eine Losung fiir die
Inferenz bei partieller Information. Das vorgeschlagene Framework kann auf eine Reihe
von Aufgaben des maschinellen Lernens verallgemeinert werden und wird in Bezug auf die
Kategorisierung hierarchischer Szenen, der Bildannotationen mit mehreren Labeln und die
semantische Szenensegmentierung bewertet, wobei jeweils der aktuelle Stand der Technik
tibertroffen wird.
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Chapter 1

Introduction

1.1 Image Segmentation

Image segmentation is one of the most important objectives in image analysis and computer
vision. Itis the process of partitioning an input image into multiple pixel (or voxel) segments

in order to assigning a label to every pixel in an image such that labeled pixels with the same
labels shares certain desired characteristics. We distinguish two types of image segmenta-
tion: instance and semantic segmentation tasks. Semantic segmentation assigns same label
for multiple objects of the same class. Contrarily, instance segmentation assigns multiple
labels of the same class to objects within this class in an image. The segmentation task can
be done on an arbitrarily dimensional objects, not only 2D images. In this thesis we focus on
semantic and instance segmentation objects from 3D volumes.

1.2 X-ray Computed Tomography

Computed tomography (CT) is de ned as "an imaging method in which the object is irra-
diated with X-rays or gamma rays and mathematical algorithms are used to create a cross-
sectional image or a sequence of such images" [17]. In the process of tomography, X-rays
are used to take a large number of nite 2D projections. These are then reconstructed us-
ing a tomographic reconstruction, multidimensional inverse problem algorithm to estimate

a speci ¢ system from these projects, or to simply estimate a slice image of the scanned ob-
ject [51]. These reconstructed slices are then stacked to from a 3D volumetric representation
of the object of interest which can be then used in a wide range of applications. In this thesis
we focus on segmentation of objects from 3D X-ray CT scans.

1.3 Fiber Segmentation from 3D X-ray CT

The most popular method to date for automatic ber segmentation (or more generally, cigar-
like structures) is the Frangi vesselness lIter [36]. This cigar-like structure enhancement
Iter [131] derives structural information from the Hessian eigenvalues jl 1j j I 2j j | 3.
For computation of the Hessian, a number of Gaussian second derivatives at scales sg are
used. Gaussian kernels allow separable convolution, which speeds up computation time.
The Gaussian second order derivative of image | at scales and point x is given by

(1.1)
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The Frangi vesselness lter V(x) uses a combination of three measures to distinguish struc-
tures in the image, and is given by

8
<0, iflalz>0
V(s,x) = . (1.2)
- F, otherwise
R2 R2 2
F= 1 exp 2—;2 exp 2—;2 exp 1 exp (1.3)

where the rst measure Rg = % guanti es deviation from a blob-like structure, the
213

secondRp = Jll—;’ quanti es the difference between plate-like and cigar-like structures and
q__
thethird S= jjHjjp = Sjl izquanti es the presence of the background noise. a, b, care real

valued positive parameters of the lter. The Iter is nally embedded in a non-maximum
suppression multi-scale framework

V(x) = mng(s,x) (1.4)

We use this method as a reference in the following chapters.

1.4 Dictionary Learning

Feature generation via Dictionary Learning is an unsupervised problem, where from a num-

ber of patches the algorithm learns a set of elements that allow for an optimal representation.
Dictionary learning based algorithms were among the most popular feature learning tech-

nigues before deep learning.

Dictionary learning usually requires a set of Gaussian pyramids by convolving input vol-
umes with Gaussian kernels and subsampling them [83]. In our dictionary learning setup,
from the volume data we randomly select a batch of 3D patches p() 2 R" (where n is the
number of voxels of the patch) which we use as an input to the sparse coding algorithm for
learning a dictionary D 2 R" 9 of d elements, where each column D) is one element. We
train the dictionary by minimizing the LASSO problem with L1-penalization to ensure the
sparsity of the vector x() regularized by the parameter | . That is, we optimize

min & jiox®  pOjj2+ 1 jixOjj; (1.5)
DX

subject tojjDMjj3 = 1,8j

over the sparse codesx() and the dictionary, D. We use it for the task of bronchial vessels
segmentation from thorax scans in chapter 5.

1.5 Deep Learning

Deep learning architectures are successfully applied to a range of image analysis and pro-
cessing problems in natural sciences [76, 34, 35, 123]. Most importantly, from the perspective
of this thesis, deep learning show great improvement over other methods in the task of se-

mantic and instance segmentation for both natural 2D images and 3D CT volumes [118,
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19]. Similar solutions are found for the problem of 2D instance segmentation. Faster R-

CNN [106] and the Mask R-CNN [46] architectures are examples of region-proposal-based
techniques which are the state-of-the-art for common scene-understanding datasets like COCO [79]
or ImageNet [23]. However, it is not clear how this approach can be extended to 3D volu-

metric data with densely packed or tangled objects like bers in ber reinforced polymers

or bronchial vessels in thorax scans. In this thesis we focus on deep learning segmentation
techniques 3D X-ray CT scans of short glass ber reinforced polymers (SFRP), lungs and

liver.

1.5.1 Semantic Segmentation

The fully convolutional network (FCN) [118] is arguably the rst deep learning model for the
semantic segmentation task. The difference to a standard convolutional network (CNN) is
that at the end of the network, fully connected layers are replaced with convolutional layers.

In contrary to the classi cation task, when the desired output is just one class per image, for
the semantic segmentation task we assign one class per pixel on an image. The loss function
de nition however can stay the same as for the classi cation task.

In the medical community, the most popular architecture for the semantic segmentation task
is the the U-Net architecture [18] which is designed in an Autoencoder fashion [5]. Modern
U-Net architectures with skip connections and auxiliary tasks allow the network to enhance
both low and high frequency features of the object.

In this work we use two commonly used binary loss functions for training U-Nets and FCNs.
Namely The cross entropy and the dice loss functions. The standard voxel-wise binary cross
entropy loss is de ned as:

Lece= 8 yilogyi+(1 yi)log(l Vi) (1.6)
i

where y; 2 f 0, 1g is the i-th the true binary label, and y; 2 f 0, 1g is the i-th predicted label.

the dice loss is de ned as: 08 v
aiViVi

Lpice= 1.7
biee aiyit+ &y .7)
The loss functions can be further modi ed explicitly by adding a weight map W, for some
regions (for instance borders of objects) to put more emphasis on them. It is also common to
apply the weighted sum of such a pixel weighted cross-entropy and Dice as a loss function
for the network output and the auxiliary outputs merging them together. It brings us to a
more generalized form of a binary loss function:
h o2y

L= 8 (1+wy) vy logyy +a-—" ' | 1.8
ak. ( |k) Yik g Yik jYij+ Yi ( )

I Qo=

1
Nz

where Y; and Y; indicate the predicted and ground truth mask, respectively, on one image.
Wi, Yik and Y, denote k-th element of W, Y; and \?i, respectively. | is a weight map factor,
a a scalar weight factor, N is the batch size and the Hadamard product.

We make use of them in chapters on semantic segmentation.
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1.5.2 Instance Segmentation via Embedding Learning

There are numerous works in which authors try to come up with different ideas for instance
segmentation in the deep learning framework with the Mask R-CNN [46] being the most
successful and popular to date for 2D images. However, it is not clear how this approach
can be extended to 3D volumetric data with densely packed objects like bers in SFRP. This
is why for our 3D problem, we have opted for alternative deep learning methods for instance
segmentation and propose a novel 3D deep learning architecture based on embedding learn-
ing.

By extending to 3D loss functions introduced by [10] inspired by work of [129] we are able
to learn embeddings which create clusters in a multi-dimensional space making it possible
to distinguish bers from each other. The loss consists of three terms: L keeps voxels be-
longing to the same object close to each other,L 4 which forces a minimal distance between
clusters of different objects, and L, which regularizes the cluster centers to be close to the
origin. The terms are de ned as:

18 1 B y 5
Lv=za alim xij dl (1.9)
=1 "Ci=1
1 c c )
Lg= =~ a a [dy i m, myjil (1.10)
C(C 1) ca=lcg=1cp6cp " i
18
Lr= ¢ & limil (1.11)
c=1

where C is the number of objects in the ground truth patch (clusters), N is the number of
voxels that corresponds to the object ¢, x; is the embedding in the nal embedding layer, m
is the mean of the embedding of object ¢, jj jj is the L, norm, and [x]+ = max0,x). The
parameters d, and dy are used to control the desired positions of the clusters. The nal loss
for the embedding learning LempgiS @ sum of the previous components.

Lempg= aky+ bLg+ gL, (1.12)

where a, b and g control the strength of the corresponding term.

A detailed review of the Embedding Learning performance on the SFRP CT scans is given
in the chapter 4.

1.6 Plugin Networks

The availability of partial information (  partial evidenceabout an image, made available at test
time, can improve accuracy of a pre-trained networks [52, 128]. We propose a novel method
to incorporate partial evidence in the inference of deep convolutional model. Contrary to
the existing, top performing methods, which either iteratively modify the input of the net-
work or exploit external label taxonomy to take the partial evidence into account, we add
separate network modules ("Plugin Networks") to the intermediate layers of a pre-trained
convolutional network.
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Let's assume that we have a CNN model F(x;w), where x is an input image and w are the
parameters. The model F is already trained on some task (e.g single or multi-label classi -
cation, scene segmentation). The parametersw were trained on input images X and input
labels Y. Now let's assume that some labels Y are available and known at inference time.
In the following de nitions without loosing generality, we will assume that only one Plu-

gin Network is attached to the base model. We de ne the Plugin Network model  F, with
parameterswp as

r= Fp(y;wp). (1.13)

The model takes the partial evidence y 2 Y as an input. The output r of the plugin can be
attached to the output vector z of some layer of the base model F:

Z=12z r, (1.14)

where the sign  can have the following meaning:
* additive: Z= z+r,
e multiplicative: Z2= 1z r,
e residual: Z=z+2z .

In this way the Plugin Network F, adapts the output vector z of the base model F under
presence of available partial evidence. The eq. (1.14) de nes how the Plugin Network F is
attached to the base network F, thus a joint model can be de ned as:

F(X,y; W, wp). (1.15)

In general, several Plugin Networks can be attached simultaneously to a number of layers
of the base model F.

A detailed review of the Plugin Network performance is given in the chapter 6.






Chapter 2

Reference Setup for Quantitative
Comparison of Segmentation
Techniques

2.1 Outline

In this chapter we provide a dataset of CT scans of short ber reinforced polymer (SFRP)
together with a groundtruth and an evaluation criteria for automatic segmentation meth-
ods. The dataset containing the experimental scans, the synthetic scans and correspond-
ing ground truths together with the algorithms is available at  http://ipm-datasets.iwr.
uni-heidelberg.de . We discuss the dataset preparation, together with evaluation metrics
which we propose to use as a reference for work on semantic segmentation of SFRP for learn-
able methods as well as an investigation of CT scans of SFRP composite materials. Parts of
this chapter have been published in the International Conference on Industrial Computed
Tomography (iCT) 2017 proceedings [69] and in the Journal of Nondestructive Evaluation,
Diagnostics and Prognostics of Engineering Systems [104].

2.2 Introduction

Quantitative assessment of ber characteristics in composite parts is of great signi cance for
material science, device design, and production in order correlate them with the ber in-
duced mechanical properties. X-ray computed tomography (CT) is being successfully used
as a three-dimensional non-destructive measuring technique for the analysis of these ber
characteristics (mainly the ber orientation and ber volume content) in ber-reinforced
composite materials.

2.2.1 Short ber reinforced polymer composites

Short ber reinforced polymer composites constitute of relatively short and variously aligned
bers distributed in a continuous polymer matrix [38]. Glass, carbon, graphite, and Kevlar
are commonly used materials for these bers. In general, SFRPs are characterized by their
versatile properties such as low manufacturing cost, which render them extensively useful in
elds like automotive, electronics, marine, aerospace, and household applications. Superior
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mechanical properties as compared to polymers are the main advantages of SFRPs. How-
ever, these properties are greatly in uenced by the ber characteristics such as ber-matrix
interface strength, ber volume fraction, ber orientation distribution, and ber length dis-
tribution [38, 39, 127]. Moreover, injection molding (IM) is one of the most commonly em-
ployed manufacturing processes for large-scale production of SFRP composites. Precision
manufacturing of parts produced by IM recently attracted large attention for electronics ap-
plications, including connectors, because of their increasing market trends [127]. Despite the
trend of miniaturization observed for IM applications, connectors remain relatively large,
because of their complex design, which poses several manufacturing issues [88]. In particu-
lar, the thin-wall that characterizes their typical geometry constitutes a major manufacturing
constraint [80]. Hence, the commercial breakthrough of new and smaller connectors strongly
depends on the necessity to develop low-cost mass production technologies, which can pro-
vide dimensional accuracy and good part quality [116].

It has been demonstrated in literature that quality and dimensional accuracy of injection-
molded composite parts mainly depend on the injected polymer [93], part geometry, mold
design, selection of process variables [120], and ber orientation [85]. In order to achieve the
desirable ber material characteristics in the nal molded product, the manufacturing pro-
cess has to be optimized by establishing a correlation of the processing parameters with the
ber characteristics [103, 86]. For example, Oumer et al. [97] presented a review of the effect
of processing parameters on ber orientation and the effect of mold temperature on motion
behaviour of short glass bers was studied by Li et al. [78]. Nevertheless, these studies very
much rely on the accuracy of the measurement technique for ber analysis. A comparison
between optical and tomographic methods for ber analysis was performed by Bernasconi et
al. [7]. They pointed out that the optical method requires a simpler experimental setup but it
is mostly destructive. On the other hand, the tomographic technique is non-destructive with
exception in case of ROI (region of interest) scanning but requires expensive experimental
facilities. In the last decade, X-ray computed tomography (CT) has evolved as a power-
ful technique for industrial applications owing to the continuous improvement towards the
increase of accuracy and traceability [50, 16].

In the eld of composite materials, CT is being used increasingly for various ber-based
analyses [121, 119]. For instance, CT for analysing ber orientation [130] is very ef cient and
advantageous, since characterization of ber orientation and of the skin-core morphology
by optical observations of cross sections of the moldings can be very complex for thin-wall
parts. In addition, as a non-destructive technique, CT eliminates distortions introduced by
sample cutting and preparation [119]. However, the accuracy of CT based analyses is sen-
sitive to the selection of various scanning parameters (current, voltage, and exposure time),
spatial resolution (voxel size) and the system limitations (source, detector properties) [50].
In case of SFRP composites, the spatial resolution becomes very crucial due to the small size
(diameter) of bers. Kastner et al. [63] reported the use of high-resolution X-ray CT for ber
reinforced polymers. If high-resolution is demanded, only a region of interest (ROI) should
be considered for achieving good spatial resolution instead of using the entire part [94]. The
aim of this work is to investigate the dependence of the CT based ber characterization on
spatial resolution and scanning parameters by using a synthetic ber volume with known
ground truth as it helps in understanding the deviations from the true values. In compar-
ison, a real injection molded thin-walled part is also examined with similar CT settings, to
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predict the best case scenarios for analysing real injection molded products of the same ma-
terials e.g. micro connectors.

2.2.2 Need for Quantitative Comparison of Segmentation Techniques

Following the investigation of model parameters, we continue to discuss an approach to
automatically segment individual bers. Comparing different algorithms for segmenting
glass bers in industrial computed tomography (CT) scans is dif cult due to the absence
of a standard reference dataset. We introduce a set of annotated scans of short- ber rein-
forced polymers (SFRP) as well as synthetically created CT volume data together with the
evaluation metrics. We suggest both the metrics and this data set as a reference for studying
the performance of different algorithms. The real scans are acquired by a Nikon MCT225
X-ray CT system. The simulated scans are created by the use of an in-house computational
model and third-party commercial software. For both types of data, corresponding ground
truth annotations are prepared, including hand annotations for the real scans and STL mod-
els for the synthetic scans. Additionally, a Hessian-based Frangi vesselness lter for ber
segmentation is implemented and open-sourced to serve as a reference for comparisons.

The in uence of ber characteristics (e.g. ber orientation, ber length distribution and the
percent composition in the nal product) on the mechanical properties of SFRP composites is
of particular interest and signi cance for manufacturers [37]. These ber characteristics are
affected by the processing conditions (melt temperature, mold temperature, packing pres-
sure and cooling time); therefore, reliable information about ber characteristics is much
needed for the process optimization during the product development phase. In this chapter
we focus on the (single)- ber segmentation of volumetric images which is needed for most
of the precise local measurements of SFRP composite characteristics. A binary segmentation
of bers/non- bers leads to a direct measurement of the ber ratio in a volume. Moreover,

a single- ber segmented volume can be used to retrieve the correct length and orientation
distribution in a volume.

A number of methods used for ber segmentation are described in literature [31, 101, 135].
However, it is dif cult to compare their performance. In order to judge the suitability of a
given algorithm for the task of ber segmentation, it is necessary to have reliable measures
for the quality and accuracy of different methods. To address this problem we propose a
reference dataset on which a quantitative comparison of segmentation techniques can be
performed. Following the “Grand Challenge” [22] concept used in the medical imaging
community, we host the data in a similar framework. We provide a publicly available stan-
dard dataset of SFRP composite CT scans together with its ground truth and a set of metrics,
with which different ber segmentation techniques may be veri ed. We use X-ray scans
of micro-injection molded parts from a commercially used SFRP material for a case study.
To support the hand-annotations, we develop a post-processing method for ground truth
preparation. Even with the use of our post-processing method, hand-annotating the data
is very time-consuming and results in only a low number of annotated bers. Therefore,
we additionally create a computational model of SFRP composites. By using the model, we
perform a number of synthetic CT scans, which are provided in the dataset. The synthetic
scans are similar to the real data, and thus the same set of algorithms might be veri ed on
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them. For the evaluation criteria we use the Dice coef cient [43] and Adjusted Rand In-
dex [55], which are standard metrics commonly used to validate the quality of segmentation
techniques.

2.2.3 Related Work

There are many reference datasets available to compare different methods for various task
speci ¢ applications. The framework of the "Grand Challenge" organized by the Consor-
tium of Open Medical Image Computing is very popular in the eld of image processing. At
the moment of writing this publication it is currently hosting 134 individual challenges [22]
(i.e. annotated datasets together with evaluation metrics and results of different algorithms).
One example of a successful and similar challenge to ours is the “VESsel SEgmentation in the
Lung 2012 challenge” [114] in which the participants were asked to segment vessels from CT
thorax scans. Due to the similar tubular-looking structure of vessels, the algorithms for ber
segmentation are very similar to those for vessel segmentation. Acquiring scans in high reso-
lution is time consuming and costly. Therefore, in this work we consider only scans acquired
by a CT system with low (3.9 um and 8.3 um) resolution. The described baseline method has
been primarily designed for vessel segmentation. Thus the name Frangi vesselness lter.

Creating a model of a specimen is a common method of evaluating an algorithm. A similar
approach has been proposed to evaluate 3D ber orientation algorithms based on X-ray
computed tomography models of SFRP [108]. This work however, omits the X-ray imaging
simulations. Similarly, Z. Bliznakova et al. proposed a computational model for carbon
ber-reinforced polymers [9]. The model was later used in an entire pipeline for carbon
ber-reinforced polymers modeling for X-ray imaging simulation together with a CT scan
simulation [122]. Unfortunately, to the best knowledge of the authors none of the models is
publicly available. In our work, we rst create a geometrical model of SFRP composite, then
simulate an X-ray imaging and perform CT reconstruction of the simulated projections. Our
simulation is set up to match the parameters of the material used for the experimental scans
of the SFRP specimen on a Nikon MCT225 X-ray CT system.

2.3 Material and Methods

2.3.1 Dataset preparation

This section consists of the information about acquiring the two types of ber composite
parts used for this work: a synthetic volume (computationally generated STL based model)
and a real part manufactured from micro injection molding process.

2.3.2 Manufacturing a composite part

The part we use for our dataset was manufactured by micro injection molding using PBT-
10% GF, a commercial polybutylene terephthalate PBT (BASF, Ultradur B4300 G2) reinforced
with short glass bers (10% in weight). The main application of the material is a micro con-
nector which consists of multiple thin-walled features and demands for good dimensional
accuracy. In order to study the effect of ber orientation on shrinkage behavior of the part,
we choose a simpli ed thin-walled plaque geometry of 10 10 0.35mm? (Fig. 2.1), which is
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FIGURE 2.1: Part used for this study. (a) Plaque geometry of 10 mm 10 mm  0.35 mm (the
circle indicate the enlarged area on the right side showing the thickness) and (b) the real part.

used to evaluate shrinkage and the orientation tensor using u-CT according to the conven-
tional injection molding standards and methodologies proposed in the literature for thin-
wall parts [13, 3]. We choose The extremely small thickness of 0.35 mm to understand the
ber orientation trends in thin-walled parts in comparison to relatively higher thicknesses
as reported in [86].

We use the state-of-the-art micro injection molding machine (Wittmann Battenfeld, MicroP-
ower 15) for the manufacturing of the plaque geometry (10 mm 10 mm  0.35 mm).
The machine is characterized by a separated 14 mm plasticizing screw and a 5mm injec-
tion plunger. A mold heating system is implemented by using four electrical cartridges, two
for each mold half, and two thermocouples, in order to guarantee a stable mold temperature.
A maximum injection speed of 750 mm/ sand a maximum clamping force of 150 kN is used
for the experiments.

2.3.3 Modelling a composite part

A synthetic ber volume of known ber distribution and orientation is generated with using
characteristics of a real material, which is also used in manufacturing a real part by means of
injection molding. The material selected for this study is a commercial grade polybutylene
terephthalate (PBT) compound (BASF, Ultradur B4300 G2) for microelectronics applications
(such as housings, plugs and micro connectors). It is reinforced with 10 % (in weight) short
glass bers. PBT is a semi crystalline thermoplastic polymer that is characterized by high
shrinkage, making its processing critical in terms of dimensional accuracy. The introduction
of bers further complicates the prediction of the material behaviour and thus arises the
need to understand the behaviour to achieve a desired dimensional accuracy. In order to
generate the virtual ber model, the main a priori information is the ber volume fraction
(FVF), which can be deduced from the equation (1) using the provided ber weight fraction
(FWF) from the material speci cations [98].

r
FVF= 1+ & _1

—_— 2.1
rm FWF 2.1)
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TABLE 2.1: Fiber properties used for modeling the synthetic volume used in this study.

Property Value
Fiber length 500 100 [nm]
Fiber radius 6.5 [mm]

Density of glass bers (S-glass) 2.54 [g/ cmP]

Density of matrix (PBT) 1.31 [g/ cn?]

Specimen dimensions 2 2 2mmd

FIGURE 2.2: X-ray CT measurement work ow.

where, rm and r ¢ are the density of matrix and bers respectively (in g/ cn). The other ber
properties required for the modeling are provided in Table 2.1.

It should be noted that, the purpose of using the material characteristics for the synthetic
volume is to have a comparable ber volume content. However, the ber length distribution
and orientation are not indented to be identical with the real injection molded part as it does
not affect the current investigation. The ber length is sampled from a normal distribution
with a mean and standard deviation of 500 um and 100 um respectively. On the other hand,
the diameter is chosen as 13 um, which is measured from a high resolution CT scan of a
micro pellet of PBT. The bers are assumed as solid cylinders of xed density (glass) with
given diameter and varied length. The surrounding matrix is created using a volume of (2
2 2)mm?® to match the ber calculated ber volume of 5.40 % 0.05 %.

2.3.4 X-ray CT: simulations and experiments

X-ray CT based characterization is an extensive task where a number of steps are involved
as mentioned in the Fig. 2.2. The nal results depend on the selection of the scanning pa-
rameters which may need to be optimized considering the size and the material of the part.
The projections are then acquired with the optimized parameters and reconstructed into a
3D volumetric dataset and a surface is de ned. In this work, projections are acquired in the
form of simulation of the scanning procedure for the synthetic ber model and scanning the
manufactured part physically.

A metrological micro CT system (Nikon Metrology, X-Tek MCT 225) is utilized for acquir-
ing the projections for the manufactured composite part. The maximum permissible error
(MPE) for this system is given by: (9 + L/50) um (where L is the measured length expressed
in millimeters) [14]. The metrological performances of the CT system is evaluated using
speci c procedures and a ber-based calibrated object [15, 84]. On the other hand, aRTist 2
(Analytical RT Inspection Simulation Tool) software package from BAM, Germany, is used
for simulation of acquisition procedure [60]. The generated STL model of bers is uploaded
and embedded inside a cube geometry, which serves as the matrix. The material density and
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FIGURE 2.3: Schematic representation of the CT scanning layout for all the magni cations: 3D
view (a) and 2D view (b) (dimensions are in mm).

composition are required for the X-ray attenuation, which are used as reported in Table 2.1.
The detector and source parameters are set based on the characteristics of the Nikon MCT225
X-ray CT system. The detector size is set to 2048 2048 pixels with a pixel resolution of 0.2
mm. For the noise factor, the signal-to-noise ratio (SNR) of the air of a real experimental
projection is checked and adapted to the simulation.

The part placement for the scanning is schematically shown in Fig. 2.3. The source-to-
detector distance (SDD) is 1,177mm and four different source-to-object distances (SOD) are
chosen, resulting in different magni cations (see Table 2.2) with corresponding resolution
de ned by a cubic voxel (volumetric pixel). The four resolutions chosen during this study
are referred as best resolution (BR), high resolution (HR), medium resolution (MR) and low
resolution (LR) corresponding to the voxel sizes of 2.7 um, 4 um, 5.7 um, and 8 um respec-
tively. Higher resolution is achieved by placing the object closer to the source but at the cost
of smaller eld of view (FOV). Only the low and medium resolutions (i.e. LR and MR) are
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TABLE 2.2: Different magni cation settings.

SOD [mm] | Voxel size [mm] | Notation
15.69 2.7 BR
23.54 4 HR
33.62 5.7 MR
47.08 8 LR

TABLE 2.3: CT data acquisition parameters.

Factor Set-1 | Set-2
\oltage [kV] 120 95
Current [ mm] 71 74
Exposure time [g] 14 2.8
Number of Projections 2,000 | 1,800
Averaging (frames per projection) 4 2
Scanning time [min.] 190 150

resulting into the full scan of the plague geometry and the other two are partial scan which

is also termed as ROI scan as depicted in Fig. 2.3 b. In order to have a comparative study
of all the four resolutions a common ROI is considered as explained in Fig. 2.8. The X-ray
projections are acquired for a complete rotation cycle and subsequently reconstructed into a
3D volumetric data set. The CT scanning parameters are chosen with consideration of mate-
rial density and by analysing the grey value histogram on the projections. As mentioned in
Table 2.3, two sets of CT parameters are nalized to understand their effect on the results.

2.3.5 Generated ber model

The proposed computational model of SFRP composite is set to match the ber content of
5.40 %, which is calculated using the densities of glass ber and PBT matrix. The orientation
vector (P) of a ber is represented by polar ( g) and azimuthal angle (f ) in a spherical coordi-
nate system as described in Fig. 2.4 a; and the resultantf and g for the obtained ber model

are shown inin Fig. 2.4 b and c.

2.3.6 Reference algorithm

As baseline reference, we propose to use a tubular structure enhancement Iter [131]. Con-
cretely we employ a Frangi vesselness lter [36], which derives structural information from
the Hessian eigenvaluesjl 1j j 12 j | 3j. For computation of the Hessian, a number of
Gaussian second derivatives at scalesss are used. Gaussian kernels allow separable convo-
lution, which speeds up computation time. The Gaussian second order derivative of image
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TABLE 2.4: Synthetic ber model statistics used in this study.

Attribute Explanation Value

Number of bers n 6,628

Total ber volume [ mm?] npr2lavg 0.432

Average length [ nm] lavg 491.231

- 5.399

Fiber volume fraction [%]

FIGURE 2.4: Description of ber orientation under a polar coordinate system. (a) the polar co-
ordinates, (b) the histogram of orientation for the azimuthal angle f (b) and the histogram of
orientation for the polar angle ¢ (c) of the the obtained computational ber model.

| at scales and point x is given by

72 ﬂZG(s X)
ﬂxz = 1(X)—c5— (2.2)

The Frangi vesselness lter [36] V(x) uses a combination of three measures to distinguish

structures in the image, and is given by
8

<0, iflalz>0
V(s,x) = . (2.3)
* F, otherwise
R2 2
—B exp 1 exp 2%2

RZ
F= 1 exp 2—;2 exp o5

(2.4)
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where the rst measure Rg = p% guanti es deviation from a blob-like structure, the
2l 3

second Ry = Jll—szjj quanti es the difference between plate-like and cigar-like structures and
q

thethird S= jjHjjp= Sil izquanti es the presence of the background noise. a, b, care real
valued positive parameters of the lter. The Iter is nally embedded in a non-maximum
suppression multi-scale framework

V(x) = msaxV(s,x) (2.5)

As baseline reference, we implement the 3D version of the Frangi vesselness lter. Addi-
tionally, for the local orientation distribution, a structure tensor based algorithm from the
2D implementation of ImageJ plugin OrientationJ [102] was implemented and extended to
3D. It serves as a support tool to evaluate additional statistics of the datasets.

2.3.7 Evaluation criteria

For evaluation criteria, we propose the two following common metrics [43, 55]. One for the
binary " ber/non- ber" segmentation task and one for the single- ber segmentation task.

For the binary classi cation, we use the mean Dice Coef cient [43]. It compares the predicted
segmentation on a pixel level with the ground truth (labeled volumes). De ning the binary
ground truth labels as a cluster B and the corresponding predicted binary labels as a cluster
BO the Dice coef cient index D is de ned by

2 jB\BY _ 2 TP

D(B.B)= Sgr+j8y - 2 TP+ FN+ FP

(2.6)

where the intersection operation is the voxel-wise minimum operation, and j j isthe integra-
tion of the voxel values over the complete image, TP is the true positive, FP false positive
and FN false negative. The score varies between 0 and 1, where 1 means a perfect match
between the algorithm output and the ground truth mask, and 0 complete mismatch.

For the instance (single- ber) segmentation, we use the Adjusted Rand Index [55]. We nd it
more informative in the context of SFRP data over the more common mean average precision
metric. De ning the ground truth labels as acluster C = fCq,...,C¢gand the corresponding
predicted labels as a clusterC°= fCY,...,C%q, the Adjusted Rand Index Rjis of a form:

2.7)

_ : _ 2 iGij _ s jCYj _ 2t .
where mj = jCi\ COj,t; = &<, (F). to = &aj, (), ta = sy and n is the number
of voxels in the volume. The Rand Index varies from 0 to 1, where 1 means a perfect match

between the algorithm output and the ground truth mask.

For the baseline method, we implement and open source the 3D Frangi veselness lter [36].
For instance, our 3D Frangi vesselnes lter implementation achieves a score of 0.704 for the
task of binary segmentation on one of the synthetic volumes.
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FIGURE 2.5: Work- ow from ber modeling to CT ber analysis. (a) an STL model from the
computational model, (b) segmented bers from a simulated CT scan, (c) orientation analysis on
the simulated part.

2.4 Results

2.4.1 Simulation results

The reconstruction of the CT projections is performed by use of the standard ltered back
projection (FBP) reconstruction algorithm implemented in the reconstruction module of the
commercial software VGStudio Max 3.0 (Volume Graphics GmbH, Germany). We use a
common thresholding (ISO-50%) [75] for determining the surface. Fiber analysis tool is uti-
lized for obtaining ber orientation and ber volume results for all the simulated scans. A
work ow for the analysis is shown in Fig. 2.5.

For ber orientation, the mode "plane projection” is selected since it is best suitable when
injection molding parts with a preferred plane or surface of orientation are analysed. It
calculates the 3D orientations of the bers, projects them into a user-de ned plane and then
calculate the projected angle from the reference axis within that plane (see Fig. 2.5 c). The
ber orientation tensor is extracted for better interpretation and plotted against the thickness

of the part; the results are shown in Fig. 2.6. The tensor has three principal components (A11,
A22, A33); only the rst principal component (A1l) is considered here for the comparison.
The results show almost identical behaviour as seen in Fig. 2.6 a; however, there are but
very negligible deviations from model values (Fig. 2.6 b and c). Overall, the CT settings and
selected resolutions are not signi cantly affecting the ber orientation results which is very
interesting as the resolution is expected to affect the CT based analyses' results considerably.
Furthermore, it is very useful, when a global analysis is required and/or it is not practically
possible to achieve very high-resolution due to part size. Nevertheless, it is suggested to
examine resolutions lower than eight nm.

On the other hand, the ber volume content is greatly affected by the resolution, as visible
in Fig. 2.7. However, the effect of CT parameter settings is not so signi cant similar to the
ber orientation. It becomes more evident in the segmented 2D slices taken at the center
of the part (Fig. 2.8) that the ber content is overestimated at lower magni cations (for the
used algorithm of thresholding), which is due to the increased voxel size. Increasing the
voxel size (i.e. decreasing the spatial resolution) from 2.7 nm to 8 nm, results in a three times
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FIGURE 2.6: Analysis of the orientation tensors. (a) Fiber orientation tensor component for Set-1,
(b) the section view for Set-1, and (c) the section view for Set-2.

FIGURE 2.7: Analysis of the ber volume. (a) Fiber volume content as a function of thickness for
Set-1, and (b) ber volume content as a function of thickness for Set-2.

higher estimate in ber content. In order to get comparable results it is recommended to use
avoxel size 4 nmm. Itis also visible from the cross section that the error in volume is mainly
due to the overestimation of diameter.
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FIGURE 2.8: Visualisation of the segmented bers at different scanning resolutions. 2D cross-
section shows the determined surface (in VGStudioMax) for the bers at different resolutions in
different color.

2.4.2 Experimental results

The manufactured part is scanned in order to validate the simulation results; since both the
sets of CT parameters produced almost identical results for the virtual part, only the set-2
parameters are employed for scanning the real part due to its lower scanning time. The
part is scanned at all the four magni cations; however, the scanned area for the BR (2.7 nm)
and HR (4 mm) scans is partial due to the limited FOV, as explained in Fig. 2.3. Therefore,
a common area of (2 2) mm? through the thickness is chosen for the analysis of all the
magni cations. The area is precisely selected at the center of the part as shown in Fig. 2.9.
For injection molded part, it is important to understand the ber orientation in relation to
melt ow direction. The three components of ber orientation tensor A11, A22 and A33 for
manufactured part are shown in Fig. 2.10, which represent the orientation in ow direction,
transverse direction and out-of-plane direction, respectively. The major concern here is to
see the effect of different CT resolutions on the measured ber orientation tensor, thus the
obtained results for real part are in good agreement with the simulated results, as the reso-
lution is not signi cantly affecting the ber orientation. However, the lowest resolution of

8 mm (LR) produces slight deviation in the transverse direction as compared to the identical
results of other three resolutions (MR, HR, BR); which could be explained by the fact that
further lowering the resolution might produce larger deviations. Therefore, it is concluded
that the resolution does not affect the ber orientation results but up to a certain voxel size.

The ber volume content results obtained on the real part for different resolutions are shown
in Fig. 2.11. The results follow similar trends, which were observed in the simulations. The
ber volume content along the thickness direction is overestimated at a lower resolution. As
already stated, the increased voxel size results in signi cant error in the evaluation of the
ber diameter, which is responsible for the large overestimation of the volume as visible in
the cross section in Fig. 2.8. However, a slight underestimation in the volume at the maximal
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FIGURE 2.9: ROI selection on the real part.

FIGURE 2.10: Fiber orientation results obtained from the real part for all four magni cations: (a)
component A11 (along the ow direction) (b) component A22 (along the transverse direction) and
(c) component A33 (out-of-plane direction).

resolution is to be noticed in both the simulation and real scans (Fig. 2.12 a). This behaviour
can be explained by the increased X-ray image blurring at higher magni cation and the
resulting shift of the surface determination towards the material side [75].

2.4.3 Open dataset of SRFP CT scans

We provide a public dataset for evaluating (single)- ber segmentation techniques. The pro-
vided scans exhibit typical artifacts and limited resolution. As discussed in the previous
chapter we decide to divide the dataset into two main parts with one part containing the
real experimental CT scans of SFRP composites and the other containing synthetic CT scans.

At the time of creation of this dataset only MR (3.9 um) and LR (8.3 um) scans were avail-
able. Because it is impossible for humans to annotate bers at LR ( bers are too small), we
hand-annotated volumes at MR, and use these labels for LR scans after registration. The
annotations are further post-processed in order to create the segmentation ground truth.

The synthetic data contains simulated scans of SFRP by using computational model. There-
fore, for the synthetic volumes a perfect ground truth is known. Both types of data are



2.4. Results 21

FIGURE 2.11: Fiber volume content results obtained from the real part for all four magni cations.

FIGURE 2.12: The obtained ber volume content as (a) a function of voxel size and (b) the esti-
mated error in diameter as a function of voxel size.

provided with training and test sets with corresponding labels (post-processed hand anno-
tations for the real data and STL models for the simulated data). The annotations are only
available for the training datasets, whereas the annotations for the test data are kept hidden
from the public. The algorithms may be trained and initially veri ed on the training dataset,
but the nal score is computed and evaluated on the organizers' side with the use of the
hidden ground truth and labels. Example slices of the data can be seen in Figure 2.13 (a) and

(b).

Real experimental data

As described in the previous chapter, the bers in the material have a diameter of 10 um to
14 um and are approx. 1.1 mm in length. The experimental scans are acquired on a Nikon
MCT225 X-ray CT system. The scans are performed in both MR and LR with isotropic res-
olution and the corresponding voxel sizes are 3.9 um and 8.3 pm respectively. The MR data
is further hand annotated by the Knossos labeling tool [49]. During the annotation process,
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(@) (b)

(© (d)

FIGURE 2.13: Example slices of the data together with its corresponding ground truth (the ran-
dom coloring has been added for visualisation purposes. (a) Slice from a real HR experimental
data, (b) corresponding hand made annotated segments after post-processing, (c) slice from a
synthetic HR data, (d) corresponding slice of the STL model.

each ber gets a different index, which is a unique ID number. The annotation process took
around one hour per 200 bers per annotating person.

This includes annotation of particles, which may be used as false positives examples in the
future. Each ber or a particle is annotated as a set of connected points (i.e. one polygonal
chain per ber). Currently we provide 8,000 ber annotations for two regions of two scans
in MR (around 4,000 annotations per volume) and corresponding, registered LR scans.

As the annotations from Knossos are single connected points, we develop a post-processing
script to convert it into a volume of annotated segments. The steps of the pipeline are as
follows. First, the 3D version of Bresenham's line algorithm [12] is used on the hand-labeled
polygonal chains. The algorithm draws straight lines on a 3D grid and renders them into
a volume. In the next step the lines are used as seeds for the 3D region growing segmen-
tation algorithm [125] which is applied on the input volume (real volumetric data). The
region growing stopping criteria has to be set manually and the value depends on the data.
The resulting output is the desired volume of annotated segments. In this way, each ex-
perimental scan has a corresponding volume with ground truth voxel labels. That is, the
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(a) (b)

(©) (d)

FIGURE 2.14: The post-processing pipeline steps. For the visualisation purpose each ber has a
random color. (a) Zoomed region from a slice of real volumetric data, (b) the Knossos polygonal
chains rendered as voxels, (c) rendered lines after 3D Bresenham's line algorithm, (d) rendered
annotated segments after 3D region growing.

annotated voxels have corresponding index value for voxels assumed to contain bers or
value 0 for the background (not bers). Figure 2.14 presents example slices from the pipeline
correspondingly. We implement Bresenham's line algorithm in Python and used the VIGRA
implementation of the 3D region growing algorithm [67].

Synthetic data

Since the hand-annotated data is limited, we can greatly extend the number of volumes in
the data; and the quality of the hand- annotations may raise a discussion. Therefore, adding
synthetic scans to this study provides a number of advantages. First, there are more anno-
tated volumes without the need of manual annotations. Second, having the computational
model allows us to have the perfect ground truth for the synthetic scans in comparison to
hand-annotations on the real scans. The synthetic scans are based on a computational SFRP
composite model generator, which has been written by use of an in-house software. We
wanted our synthetic scans to have similar parameters to the real scans. The settings of the
model is set to mimic the characteristic of the PBT-10%GF material [38]. For the X-ray imag-
ing simulation of a scan, we use the software package aRTist 2 [6]. We design the source and
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the detector to match the parameters of the Nikon MCT225 X-ray CT system [92]. The pro-
posed computational model of SFRP composite is set to match the ber content of 5.4 0.5%
of the entire volume (that is around 10% weight fraction). We create the SFRP composite
model by de ning each ber in the model as a thin cylinder with a xed radius at a random
orientation, position and with a random length. For this work, we set the volume of the
composite to be a 2mm?d cube. The radius is set to 6.5 pm and the length is sampled from
a normal distribution with mean of (500 100) um (see 2.1). The algorithm for the model
creation works in an iterative way. Once the desired dimension of the synthetic volume is
de ned (the dimensions of a cube), the algorithm tries to t randomly created bers inside

it. At the end of each successful iteration (i.e. an iteration after which a ber is added to the
model), the ber ratio is calculated based on the provided densities of the ber and epoxy
material [98]. For instance, in the example in Table 2.5, out of 150,000 randomly generated
bers only 6,628 t into the cube. The algorithm stops when the desired ber ratio or the
maximum number of attempts is reached. If the ber has been generated inside the cube,
and ts in such a way that it does not overlap with the previous bers, it is saved as a set
of points de ning its surface. Because of this tting process, the bers are forced to be al-
most parallel to the surface of the cube the closer they are to its surface. Computation time
depends on the properties of the model. The higher the desired content ratio of bers the
longer it takes to create the model. For the properties described above, preparation of one
computational model takes around six hours of computational time on single i7-8750 CPU.
Example parameters for a single model and resulting statistics are presented in Table 2.5.

For the X-ray imaging simulations, we use the generated STL model of bers and embeds it
inside a cube geometry, which is used as epoxy matrix. The densities of glass bers (2.54
g/cc) and the surrounding epoxy matrix (1.31 g/cc) are set to the characteristics of the
PBT-10%GF material [65] (see 2.1). The synthetic scans are also simulated with isotropic
resolution in LR (8.3 um) and MR (3.9 um). The source-object distance (SOD) and source-
detector distance (SDD) were set to 23.36 mm and 1177.08 mm for the MR and 48.96 mm and
1176.96 mm for the LR respectively. In both MR and LR settings, we use four projections to
average and performed in total 2,000 projections per model. The detector and source pa-
rameters are the same for LR and MR settings and are similar to the characteristics of the
Nikon MCT225 X-ray CT system. The detector size is set to 2,048 2,048 pixels, with pixel
resolution of 0.2 mm. The voltage is set to 120 kVp, and the current to 71 pA. For the noise
factor, we check the signal to noise ratio (SNR) of the air of a real experimental projection
and match it to our simulation. The reconstruction is performed by use of the standard CT
Itered back projection (FBP) reconstruction algorithm implemented in the CT Reconstruc-
tion module of the commercial software VGStudio Max 3.0 [124]. Fig. 2.13 (c) and (d) show
one slice of the synthetic scan and the corresponding STL model. The STL model serves as a
ground truth for the resulting volume. In order to get a binary mask the STL models are ren-
dered into binary volumes. The entire simpli ed process of synthetic volume preparation
from the computational STL model is presented in Figure 2.15.

2.5 Conclusion

The major advantage of CT technique is its non-destructive nature, though which is partially
true when high resolution is required and the part is larger than the eld of view. Thanks
to the simulation study, it is evident that the ber orientation results are not signi cantly
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TABLE 2.5: Synthetic model parameters and resulting STL model statistics.

Resulting model statistics

Number of bers 6,628
Average length 0.491mm
Total ber volume 0.432mm3

Max length of a ber 0.898nm

Min length of a ber 0.126mm

Entire volume 8mm3

Fiber content volume | 0.432nm?3

Fiber volume fraction 5.40%

FIGURE 2.15: Sketch of the synthetic volume preparation. The computational model of SFRP
in STL format is used in combination with the commercial simulated x-ray imaging software
to produce a number of projections. The projections are reconstructed with the standard FBP
algorithm implemented in VGStudio Max.

affected by the resolution (for the tested range up to 8 nm) and the employed CT settings.
This observation was con rmed by the experimental results from the real part. On the other
hand, the ber volume is greatly affected by the voxel size of the CT data, e.g. 300 % over-
estimation of ber volume for voxel size 8 nm in simulation. Similar results have also been
obtained from the experiments on the real part: which show a good agreement with the ref-
erence (up to a voxel size of 4nm) and then large deviations in both the simulated and real
part results are witnessed. It was also demonstrated that the error in volume measurement
can be compensated with the known ber length, diameter and number of bers. Further-
more, it can be concluded that the effect of the spatial resolution on the ber orientation
results is negligible for the voxel sizes up to 8 mm). Therefore, a large area of the part or the
full part (as per the requirements) can be considered for the ber orientation analysis. How-
ever, the CT based ber volume content analysis is very sensitive to the resolution, therefore,
the resolution should be chosen carefully.

We provide a dataset of SFRP composite CT scans for quantitative comparison of segmen-
tation techniques together with evaluation metrics. The dataset is designed and prepared
in order to evaluate (single)- ber segmentation algorithms. However, both its real and syn-
thetic part may be used outside the framework of the challenge. For instance, one can use



26 Chapter 2. Reference Setup for Quantitative Comparison of Segmentation Techniques

the synthetic data and its corresponding model to evaluate algorithms, which measure the
local orientation distribution. For the real part, we design and implement a post-processing
pipeline for the Knossos — polygonal chain annotations. For the synthetic part, we design
a computational model of SFRP and use it in combination with third-party computer simu-
lated X-ray imaging software. Additionally, we propose a base-line algorithm for the task of
ber segmentation and its implementation. The post- processing pipeline might be extended
and used on its own to measure statistics like length or orientation distribution for a small
subset area of a CT scan.
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Chapter 3

Fully Convolutional Deep Network
Architectures for Automatic Short
Glass Fiber Semantic Segmentation
from CT scans

3.1 Outline

We present the rst attempt to perform short glass ber semantic segmentation from X-ray
computed tomography volumetric datasets at medium (3.9 um isotropic) and low (8.3 um
isotropic) resolution using deep learning architectures. We perform experiments on both
synthetic and real CT scans and evaluated deep fully convolutional architectures with both
2D and 3D kernels. Our arti cial neural networks outperform existing methods at both
medium and low resolution scans. Work from this chapter has been published in the Inter-
national Conference on Industrial Computed Tomography (iCT) 2018 proceedings [70].

3.2 Introduction

Reliable information about ber characteristics in short- ber reinforced polymers (SFRP) is
much needed for the process of optimization during the product development phase. The
main characteristics of interest are ber orientation, ber length distribution and the percent
composition in the product. The in uence of these characteristics on the mechanical prop-
erties of SFRP composites is of particular interest and signi cance for manufacturers. The
recent developments of X-ray computed tomography (CT) for nondestructive quality con-
trol enabled the possibility to scan the materials and retrieve the 3D spatial information of
SFRPs. In recent years, deep learning methods have revolutionized various elds to which
they have been applied. In computer vision, fully convolutional networks (FCN) have be-
come the architecture of choice for the task of semantic segmentation [118]. In particular,
FCNSs have also been successfully applied to a number of medical 3D X-ray datasets [110].
This motivates us to apply these ideas to the task of ber semantic segmentation of SFRP.
Semantic segmentation is the task of assigning each voxel a label out of a prede ned set of
categories. The problem of ber semantic segmentation is therefore a binary classi cation
with ' ber' and 'non- ber' categories. This information can be used for further analysis like
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single ber segmentation or directly to compute the ber volume ratio and consequently the
ber weight in a specimen. However, the spatial resolution of a scan is a limiting factor and
makes it dif cult for the standard segmentation methods to work properly. The currently
used methods have dif culties with bers that are approx. two voxels in diameter or less.
The glass bers we use are approx. 13 um in diameter. Therefore, we consider scans at a
medium resolution (MR) of 3.9 um, which is a limit for which the standard methods work
reasonably well, and a low resolution (LR) of 8.3 um for which standard methods usually
fail. We implement and evaluate a residual [47] version of a FCN with 2D and 3D kernels.
Both networks are capable of segmenting bers better than our baseline algorithms. We
also nd that training on synthetic volumetric data, but predicting on real scans gives good
results. This supports the argument that one does not need a large amount of annotated
data to train the networks. We compare our results with Otsu thresholding [96], Hessian
based Frangi vesselness measure [36], and our internal implementation of a classical ma-
chine learning setup with a random forest [11] using a set of prede ned features.

3.2.1 Related Work

One of the easiest and most widely used algorithms for semantic segmentation is Otsu
thresholding [96], which is a gray value based histogram method. The reliability of global
histogram-based methods is limited due to noise and brightness variations over the im-
age. To overcome this problem, slice-wise circular Hough Transform or Circular Voting [31,
101] can be used. These methods take advantage of the geometrical information about the
scanned part, e.g. the radius of a tubular structure, in order to search for circular or ellip-
tical structures in 2D slices. However, these algorithms do not scale well to 3D data. The
most common methods to segment tubular-looking structures in 3D data use Hessian based
Iters. One of the rst Hessian based methods, Frangi vesselness Iter [36], was initially
developed for segmenting vessels in biomedical images and is now commonly used as a
preprocessing step on 3D CT data. For ber-reinforced polymers, a priori information such
as the radius of bers or expected orientation distribution can be incorporated into the al-
gorithm. The method developed by Zauner et al. [135] is a good example of using a priori
knowledge dedicated to the analysis of ber-reinforced polymers.

3.3 Material and Methods

3.3.1 Network Architecture

For this work, as mentioned in the introduction, we decide to use the framework of fully
convolutional architecture with residual units. A residual unit consists of two convolutional
layers followed by a batch normalization and a non-linearity layer. We do not use pooling
layers in our architectures, not to decrease the resolution of already very small bers. For
non-linear functions we decide to use the standard recti er linear unit. We evaluate a slice-
wise 2D and a 3D model. We also compare a relatively shallow deep model and a deeper
version of it (with more convolutional layers). We term these models as a “Shallow model”
and a “Deep model”. The example diagram representation of these models is shown in
Figure 3.1.
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FIGURE 3.1: Diagram representation of the models used for learning from 3D MR patches. (a)
Shallow model and (b) Deep model version of the architecture. In both cases the input is a one-
channel block of dimension 64 64 64. Going through the network, the number of channels
increases creating a feature maps of the patch. It is done by convolving the input with a number
of3 3 3 kernels (weights) inside the residual blocks (ResBlock3D). The nal convolutional
layer maps the last feature maps into a two-channel output. One for the bers, and another for the
background (epoxy). c) The architecture of a residual block. It consist of two convolutional layers
with a non-linearity in between and an identity connection. X is the number of channels of the
input, and Y is the desired number of channels on the output. W, H and D are correspondingly

width, height and depth of a patch.

3.3.2 Dataset

We use a publicly available dataset of CT scans of SFRP [69]. The parts from which the
dataset was created are manufactured by micro injection molding using PBT-10% GF, a com-
mercial polybutylene terephthalate PBT (BASF, Ultradur B4300 G2) reinforced with short
glass bers (10% in weight). The real scans are acquired by a Nikon MCT225 X-ray CT sys-
tem. The synthetically modeled scans are generated by our own software. The synthetic
scans have the same resolution, same ber diameter and ber density as the real scans, but
different orientation and length distribution. Finding the length and orientation of bers is
out of the scope of this work. Since the orientation of the bers in real scans was unknown,
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TABLE 3.1: The summary of the data used in this work.

Resolution | Dimensions [voxel]
Real MR 1 3.9Mm 200 260 260
Real MR 2 3.9M™m 200 260 260
Synthetic MR 1 3.97m 627 586 594
Synthetic MR 2 3.9M™m 635 603 619
Synthetic LR 1 8.3m 323 340 349
Synthetic LR 2 8.3m 323 307 424

we decide to model the synthetic scans with uniformly oriented bers. We use two synthetic
and two real CT scans, where each volume has corresponding binary ground-truth anno-
tations with voxels annotated as bers. The real scans are provided only in MR, while the
synthetic are in both MR and LR. All scans have isotropic resolution. The summary of the
data is shown in Table 3.1.

3.4 Results

First we compare the performance of the deep neural networks with the standard methods,
then we examine different setups of the model. We evaluate a 2D versus 3D version of the
model and the in uence of the number of the convolutional layers (residual blocks). For all
experiments we use the Dice score as the evaluation metric for quantitative comparisons as
proposed in [69].

3.4.1 Training details

All models are limited to 8,000 training iterations with a batch size of three. We use the
standard Adam optimizer [64] with a standard learning rate of 0.001. All volumes in the
dataset are normalized to have unit variance and zero mean. The patch size of the training
data is set arbitrarily, and kept to cover the same region for MR and LR volumes. The patch
size is limited by the memory of a GPU board used for training the network, that is why
we use smaller patches for the 3D models. The LR models are trained on 32 32 patches in
the 2D version and 16 16 16 volumetric patches in the corresponding 3D version, while
the MR models are trained on 64 64 patches in the 2D version and 32 32 32 volumetric
patches in the corresponding 3D version. For data augmentation, patches are randomly
ipped and rotated (by 90 , 180 or 270 ) during the training phase. While the training
is performed on subpatches of a volume, the evaluation is performed and reported on the
entire testing volume. The models are implemented in PyTorch [99] and trained on a single
GPU Titan X in Pascal architecture with 3,584 CUDA cores and 12 GB of memory.
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FIGURE 3.2: Visualization of performance of different methods on a synthetic test scan at MR
(rstrow) and LR (second row). The rst column shows a cropped region of a slice of the volume.
The following columns correspond to the output of the following algorithms: (3D DL) 3D deep
learning network, (2D DL) 2D deep learning network, (RF) random forest, (H) vesselnes measure
using Hessian eigenvalues, (O) Otsu thresholding. White color means the output matches the
ber (True Positive), black means the voxel is correctly assigned as a polymer (True Negative),
green means the algorithm assigned a voxel as a ber while it was not (False Positive), orange
means that a voxel belongs to a ber, but the algorithm wrongly assigned it as a polymer (False
Negative).

3.4.2 Comparison with standard methods

We perform the comparison on one volume (either MR or LR) and evaluate on another one.
If the method does not require learning we simply report its performance. We provide the re-
sult of nding the best threshold on the particular volume based on the groundtruth, which

is the upper boundary for threshold based algorithms. In this experiment we use only the
deep models for comparison. An example visual comparison of the methods is shown in
Figure 3.2. For the MR data Otsu thresholding, depending if the data is synthetic or real, is
close to the optimal threshold (which is not known a priori). Otsu thresholding is sensitive
to the histogram distribution of voxel intensities and in a result, because of slightly different
statistics of the synthetic volume, it is not able to nd a good threshold for it. The Hessian
based method works better on the synthetic data than Otsu and worse on real data. We
reason that it is so, because bers in the synthetic data are randomly oriented straight tubes,
and therefore have less touching points compared with real data. Random forest, which uses
a set of standard features (Gaussian smoothing, Gaussian gradient magnitude, Laplacian of
Gaussian, eigenvalues of Hessian of Gaussian and eigenvalues of structure tensor) produces
better results than the Hessian based technique and works better for the synthetic data than
Otsu. Deep neural networks outperform the other methods in terms of Dice score at both
MR and LR settings when trained on a volume with similar statistics. Especially at LR, deep
models achieve a much better result. Deep neural networks perform similarly to Otsu best
performance in terms of Dice score for the real MR 1 scan when trained on a synthetic vol-
ume. The 3D version of the deep model is working as well as the 2D slice-wise version for
MR data, but is signi cantly superior at LR data.

Results gets more interesting for the LR data. Even the best possible threshold is far from
being acceptable. As a result, the Otsu thresholding performs the worst. The Hessian based
method has dif culties at low resolution, because bers are getting closer to each other as the
resolution decreases and therefore have more touching points. The trainable random forest
works better than both Otsu and Hessian, but it is not able to nd as good a representation
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TABLE 3.2: Performance of various methods. We compare the Otsu thresholding (O), Hessian
based Itering (H), Random Forest (RF), proposed 2D Deep Learning (2D DL) and 3D Deep Learn-
ing (3D DL) approach. "R" and "S" next to either MR or LR stands for "real" and "synthetic" data,
respectively. The trainable methods were learned on Real MR 1, Synthetic MR 1 or Synthetic LR
1. Results in Dice score. The best threshold is known in advance from the groundtruth and is
provided as the upper boundary for the Otsu thresholding. The highest achieved Dice scores for
particular evaluation volumes are bolded.

Dice score of prediction

Evaluation | Training Best
o] H RF | 2DDL | 3DDL
volume volume | threshold
RMR 1 0.957| 0.986 | 0.979
R MR 2 0.993 0.892| 0.671
SMR1 0.796| 0.903 | 0.881

SMR 2 SMR1 0.875 0.657| 0.767| 0.857| 0.885 | 0.898

SLR2 SLR1 0.505 0.289| 0.374| 0.536| 0.750 | 0.837

as neural networks. Random forests are limited by features chosen and hand-designed be-
forehand. Neural networks are clearly outperforming the rest. See the results for both MR
and LR in Table 3.2.

3.4.3 \Variations of the deep learning architecture

We compare four slightly different setups of deep networks. We train the shallow and the
deep version of the deep residual network architecture in both 2D and 3D variants (see
Figure 3.1) on real MR 1, synthetic MR 1 and synthetic LR 1 and evaluate on the other corre-
sponding volumes. We discuss the performance and the capability of a network to general-
ize. The results are in Table 3.3.

3.4.4 Highest score

To achieve the highest Dice score one has to train the network on an identical volume with
similar statistics to the evaluation volume. For example, regardless the architecture, all net-
works achieve a Dice score of approx. 0.980 when trained on Real MR 1 and evaluated on
Real MR 2. This is considerably better compared with standard methods. The same holds
for training on Synthetic MR 1 and evaluating on Synthetic MR 2. When evaluating on the
MR data, it seems that it is enough to use a 2D version of a network, with the 3D version
not always working better. The deep version is usually only very slightly increasing the
performance. Might be that the resolution is high enough that simple low level features al-
ready provide a high accuracy prediction. It is also easier to train it in a 2D setup, because
of a lower number of trainable parameters. For LR data it is no longer the case. We nd
that already the shallow 2D version of the deep network is performing better than the other
standard methods at LR. The deep 3D version is achieving the highest Dice score among
the other architectures. This means, that accurately processing short-glass ber data at LR
requires a richer feature representation.
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TABLE 3.3: Comparison of different deep learning setups. Trained on real MR 1, synthetic MR 1
and LR 1. Results in Dice score. The highest achieved Dice scores for particular pair of evalua-
tion and training volumes are bolded. "R" and "S" next to either MR or LR stands for "real" and
"synthetic" data, respectively.

Dice score of prediction
Evaluation | Training
Shallow 2D | Deep 2D | Shallow 3D | Deep 3D
volume volume
RMR 1 0.980 0.986 0.983 0.979
R MR 2
SMR1 0.928 0.903 0.876 0.881
RMR 1 0.775 0.774 0.801 0.788
SMR?2
SMR1 0.875 0.885 0.895 0.898
RMR 1 SMR1 0.929 0.904 0.873 0.885
SMR1 RMR 1 0.787 0.789 0.818 0.802
SLR2 SLR1 0.630 0.750 0.803 0.837

3.4.5 Generalization

To evaluate the network capabilities to generalize we train the network on volumes with dif-
ferent statistics than the evaluation volume. When trained on Synthetic MR 1 and evaluated
on Real MR 1 or 2 the scores are still higher or similar to standard methods. The network
trained on Synthetic MR 1 generalizes much better compared to training on Real MR 1 (and
evaluate on Synthetic MR 1 or 2). From that we conclude that when one does not know the
statistics of the evaluation volume it is better to train the network on synthetic data than on
real. Networks seem to over t to certain directions when trained on Real MR 1, while bers

in our Synthetic MR data are uniformly oriented. When trained on Real MR 1 and evaluated
on Synthetic MR 1 we can see that the 3D version is better at generalization. From this we
conclude that the 3D features are more general, and harder to over t. We do not note a gain
in performance by using a deeper version of the 3D architecture. Unfortunately, at the time
of writing this chapter we do not have manually annotated data for real LR so we could not
have done the same for real scans. Because of the same reason we cannot evaluate how well
the network generalizes to real volumes (with different statistics).

3.4.6 Time evaluation

Lastly, we take a look at the computational effort. We use single Nvidia GPU Titan X in
Pascal architecture. Training and evaluation time for a 2D is considerably shorter than 3D.
The same holds for deep vs. shallow architecture. For the 2D architecture, the network
is predicting one slice at a time. In the 3D setup the network is predicting one patch at a
time. These patches are overlapping and the nal output is a mean output of patches. These
timings could be optimized but it is out of scope of this thesis. See Table 3.4 for example
timings for synthetic MR data.



34 Chapter 3. Fully Convolutional Deep Network Architectures for Automatic Short Glass
Fiber Semantic Segmentation from CT scans

TABLE 3.4: Time table of computational effort comparison of training and evaluation. Trained on
a Synthetic MR 1 with 8,000 iterations and 3 patches per batch. It is evaluated on Synthetic MR 2
(635 603 619 [voxel]).

Shallow 2D | Deep 2D | Shallow 3D | Deep 3D

Training 173 [s] 228 [s] 400 [s] 2,467 [s]

Evaluation 17 [s] 49 [s] 184 [s] 1,183 [s]

3.5 Conclusion

We show that deep neural networks outperform other methods at LR and MR when prop-
erly trained and achieve the state- of-the-art. In the case of LR data, deep neural network
is the only technique producing accurate results. In contrast to Otsu thresholding they are
robust to changes in the histogram of intensity, and should produce results at least as good
as Otsu. The benet of using them in comparison with standard machine learning algo-
rithms is the fact that they are capable of adapting the learnable features to the data. We also
demonstrate that the network does not require a lot of real hand-annotated data in order to
learn a working representation. It is possible to learn the network entirely on a synthetic
volume. That means, if one does not want to spend time on annotating data, it is safe to use
synthetic volumes at the cost of accuracy in segmentation and still have a higher accuracy
than the standard methods.
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Chapter 4

Instance Segmentation of Fibers
from Low Resolution CT Scans via
3D Deep Embedding Learning

4.1 Outline

We propose a novel approach for automatic extraction (instance segmentation) of bers from
low resolution 3D X-ray computed tomography scans of short glass ber reinforced poly-
mers. We design a 3D instance segmentation architecture built upon a deep fully convolu-
tional network for semantic segmentation with an extra output for embedding learning. We
show that the embedding learning is capable of learning a mapping of voxels to an embed-
ded space in which a standard clustering algorithm can be used to distinguish between dif-
ferent instances of an object in a volume. In addition, we discuss a merging post-processing
method which makes it possible to process volumes of any size. The proposed 3D instance
segmentation network together with our merging algorithm is the rst known to authors
knowledge procedure that produces results good enough, that they can be used for further
analysis of medium resolution ber composites CT scans. Work from this chapter is pub-
lished in the British Machine Vision Conference (BMVC) 2018 proceedings [71].

4.2 Introduction

As discussed in the previous chapter, the methods currently in use are usually based on hand

designed features. Since bers can be described as long tubular objects, the most widely
used family of fully-automatic methods is based on Hessian eigenvalues, like the Frangi

vesselness lter [36]. Using a set of Hessian based Iters at a number of scales, a con dence
map of ber occurrence can be produced.

4.2.1 Related work

To extract individual bers, a template matching [101] [31] or a watershed splitting and
skeletonisation technique [117] [136] is then applied. However, the performance of these
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FIGURE 4.1: Sketch of the proposed method. The network is processing overlapping sub-volumes
of the input volume. For each sub-volume a semantic segmentation mask and an embedding is
produced by a deep network. A clustering method is then applied on the segmented regions of
the embedding representation producing clusters corresponding to individual bers. Fibers are
then mapped back to the spatial domain. The overlapping instance sub-volumes are then merged
into an output volume.

methods degrades severely if the resolution is too low and fails to produce meaningful re-
sults [69]. We show a deep learning based method superiority over Hessian based tech-
niques to produce more accurate results for semantic segmentation of bers at low CT res-
olution [70]. In this chapter we tackle the problem of instance semantic segmentation, or
single- ber segmentation.

Deep learning architectures are successfully applied to semantic segmentation problems for
both natural 2D images and 3D CT volumes [118] [19]. Similar solutions are found for the
problem of 2D instance segmentation. Faster R-CNN [106] and the Mask R-CNN [46] ar-
chitectures are examples of region-proposal-based techniques which are the state-of-the-art
for common scene-understanding datasets like COCO [79] or ImageNet [23]. However, it is
not clear how this approach can be extended to 3D volumetric data with densely packed ob-
jects like bersin SFRP. This is why for our 3D problem, we opt for alternative deep learning
methods for instance segmentation. There are numerous works in which authors try to come
up with different ideas for 2D datasets. An interesting idea that could be extended to 3D vol-
umes is proposed by [4] to reformulate the problem of instance segmentation into learning a
mapping to watershed energy. Then, for the nal output, a Watershed transform is applied
to get the instances. Unfortunately, this method is not applicable to our problem, because
bers are usually too thin to have a border. Another promising idea proposed by [109] is to
combine convolutional neural networks (CNN) with recurrent neural networks (RNN). The
recurrent structures can be then used to keep track of objects that have already been found,
and exclude these regions from further analysis by the algorithm.

In this work we propose a novel deep learning architecture for automatic extraction (instance
segmentation) of bers from low resolution (or even medium in our notation) 3D X-ray
computed tomography scans of short glass ber reinforced polymers. The sketch of the
method is presented in Fig. 4.1.

We explore and discuss the performance of the presented method achieved by training on a
low resolution SFRP CT scan and compare it to a standard watershed splitting and skeleton-
isation technique. We test the importance of the semantic segmentation branch by replacing
it with a ground truth semantic segmentation. To the best of our knowledge, this is the
rst attempt of using deep embedding learning for the task of instance segmentation on a
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3D volumetric data. The proposed method is also the rst to successfully retrieve single-
ber segmentation from a low resolution SFRP CT scan, while the outcome of the standard
methods is producing unacceptable results. We base our method on an embedding learning
approach [129] [10]. The idea is to use a special embedding layer which is placed at the
end of a given deep network. The network is then trained by using a special loss function
on the nal embedding layer which encourages special structure in the embedding space:
pixels belonging to the same class should be close, whereas pixels belonging to different
classes should be far apart (in the Euclidean metric of the embedding space). The method
as a learnable loss function has been rst mentioned by [129], and was then used with some
modi cations in the deep learning architecture of [10] and [32]. These methods achieved
competitive performance on 2D datasets compared with the R-CNN based state-of-the-art.

In the problem of ber segmentation, the network learns a mapping of each voxel and its
surrounding from the input to an embedding space in which voxels belonging to one ber
are separated from voxels belonging to another. Unfortunately, there is one drawback to this
method. Such a network is capable of processing only one small sub-volume of a volume
at a time because of memory limitation. Each time the network processes a sub-volume it
assigns anarbitrary index to a ber region. Because of that, we cannot perform a simple
merge as it is usually done for a semantic segmentation problem, where the output is a
probability of being an object of a certain class. For a semantic segmentation mask one can
take a simple average over overlapping regions in order to merge sub-volumes into a full
volume. Therefore, in order to produce an instance segmentation for a full CT scan, we
propose a post-processing algorithm, which merges the overlapping predictions of small
blocks into a consistent prediction for the entire CT scan during the prediction phase.

4.3 Material and Methods

Similar to the work of [10], we extend the Fully Convolutional Network (FCN) architec-
ture [118] designed for semantic segmentation tasks to produce embeddings by using an
extra output. The extra output could be attached at the very end of the backbone of the se-
mantic segmentation network as in [91], but in our setup we decide to use two sub-networks.
One is responsible for computing the semantic segmentation mask, and the other for com-
puting the embedding of voxels. The network can be trained separately for embedding and
semantic segmentation using corresponding outputs or trained together for both tasks at the
same time. We refer to the two sub-networks as semantic segmentation branahd embedding
learning branch The semantic segmentation branch outputs a con dence map that a given
voxel belongs to any ber or not. The embedding learning branch outputs voxels coded in
the embedding space. During the training phase, the architecture is trained only based on
outputs from the semantic segmentation branch and the embedding learning branch using
speci ed loss functions.

During the prediction phase a clustering step generates clusters corresponding to individual
bers. The clustering method is applied to the embedded voxels which have a high con -
dence of being a ber based on the output from the semantic segmentation branch. The
outputs from the two branches and the region on which the clustering is computed are pre-
sented in Fig 4.2. The clusters are then mapped back to the spatial domain creating a label
volume, where each voxel is assighed an integer label corresponding to the ber instance it
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FIGURE 4.2: Visualization of the network outputs. (a) Slice of an input volume patch. (b) Cor-
responding slice from the semantic segmentation output. (c) Corresponding slice of one (out of
many) feature map of the embedding output. The network learns to assign different, unique
values (colors) to individual bers. In this particular feature map all bers are well separated.
(d) The masked embedding by a semantic prediction for which a loss for embedding learning is
computed. In the prediction phase it is also the input for the clustering step.

is a part of. To make it possible to use on volumes of any size, we propose a greedy merging
algorithm. The network produces outputs for overlapping sub-volumes of the input vol-
ume, which are then merged to a full volume. The detailed architecture of the network is
presented in Fig. 4.3. In the following sections we describe the above steps in more detail.

4.3.1 Semantic Segmentation

The semantic segmentation branch is a standard FCN for semantic segmentation. We use
an architecture that is designed for the task of semantic ber segmentation [70]. The output
of the branch is penalized by the standard voxel-wise binary cross entropy loss Lcg, as is
common for semantic segmentation tasks. It is de ned as:

Lce= [y log(y)+(1 y) log(l )] (4.1)

where y are the true binary labels, and y are the predicted labels. During the prediction
phase, the output is thresholded at value 0.5 in order to produce binary masks. An example
slice of an output of the branch is shown in Fig 4.2 (b).
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