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Abstract
Destructive diseases of the lung like lung cancer or fibrosis are still often lethal. Also in case
of fibrosis in the liver, the only possible cure is transplantation.
In this thesis, we investigate 3D micro computed synchrotron radiation (SRµCT) images of
capillary blood vessels in mouse lungs and livers. The specimens show so-called compensatory
lung growth as well as different states of pulmonary and hepatic fibrosis.
During compensatory lung growth, after resecting part of the lung, the remaining part compensates for this loss by extending into the empty space. This process is accompanied by
an active vessel growing. In general, the human lung can not compensate for such a loss.
Thus, understanding this process in mice is important to improve treatment options in case
of diseases like lung cancer.
In case of fibrosis, the formation of scars within the organ’s tissue forces the capillary vessels
to grow to ensure blood supply.
Thus, the process of fibrosis as well as compensatory lung growth can be accessed by considering the capillary architecture.
As preparation of 2D microscopic images is faster, easier, and cheaper compared to SRµCT
images, they currently form the basis of medical investigation. Yet, characteristics like direction and shape of objects can only properly be analyzed using 3D imaging techniques. Hence,
analyzing SRµCT data provides valuable additional information.
For the fibrotic specimens, we apply image analysis methods well-known from material science.
We measure the vessel diameter using the granulometry distribution function and describe the
inter-vessel distance by the spherical contact distribution. Moreover, we estimate the directional distribution of the capillary structure. All features turn out to be useful to characterize
fibrosis based on the deformation of capillary vessels.
It is already known that the most efficient mechanism of vessel growing forms small torusshaped holes within the capillary structure, so-called intussusceptive pillars. Analyzing their
location and number strongly contributes to the characterization of vessel growing. Hence,
for all three applications, this is of great interest. This thesis provides the first algorithm to
detect intussusceptive pillars in SRµCT images. After segmentation of raw image data, our
algorithm works automatically and allows for a quantitative evaluation of a large amount of
data.
The analysis of SRµCT data using our pillar algorithm as well as the granulometry, spherical
contact distribution, and directional analysis extends the current state-of-the-art in medical
studies. Although it is not possible to replace certain 3D features by 2D features without
losing information, our results could be used to examine 2D features approximating the 3D
findings reasonably well.
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1 Introduction
In this thesis, we analyze 3D micro computed synchrotron radiation (SRµCT) images of blood
vessels in mouse organs. The goal is to understand mechanisms of destructive diseases. In
particular, we consider samples of compensatory lung growth as well as fibrosis in lung and
liver.
In case of compensatory lung growth, the mouse lung regains its full capacity after a certain
period of time. Understanding this process in mice and transferring it to the human lung,
can clearly contribute to improving therapeutic options for many destructive lung diseases in
human patients.
Fibrosis in lung and liver refers to a pathological formation of scars within the organ’s tissue. Currently, therapeutic options are rather poor. In both cases, the only available cure is
transplantation (van Agthoven et al. (2001), Raghu et al. (2011)).
Ensuring a sufficient blood supply, the formation and reorganization of capillary blood vessels
is crucial in all three applications considered in this thesis. To be able to investigate the capillary blood vessel structure, we prepare all mouse organs as vascular corrosion casts. Here,
the blood vessel system is filled with some casting resin. Afterwards, the actual tissue of the
organ is corroded away, such that only a replica of the capillary structure remains.
Currently, medical data are usually analyzed using 2D histological methods. For that purpose, the specimen is cut into thin slices and (often manually) evaluated using microscopic
images. Thus, significant structural information between the slices is not available (Zehbe
et al. (2010)). Moreover, features can be occluded and hence are not observable at all.
Evaluating SRµCT images allows for a detailed investigation of the spatial capillary blood
vessel architecture. Synchrotron light sources yield a high photon flux allowing for imaging
with high contrast at small pixel size. In our case, a nominal resolution down to 325 nm was
reached. This is sufficient to display the thin structure of capillary vessels in detail.
The 3D information provided by SRµCT imaging allows for a precise analysis of shape and
directions of the capillary structure.
The most important mechanism in vessel growing is called intussusceptive angiogenesis. Here,
blood vessels form torus-shaped holes, so-called intussusceptive pillars. It has already been
shown that the formation of pillars is crucial during compensatory lung growth (Ackermann
et al. (2014)). Moreover, pillars indicate blood vessel growing and reorganization in every
organ (Burri and Djonov (2002)). Their number can be understood as an indicator for active
angiogenesis and capillary remodeling. Hence, their quantitative measurement is essential.
In Section 3.3, we provide the first algorithm to detect and quantify intussuceptive pillars in
SRµCT data. After segmentation, our algorithm works automatically allowing for evaluating
a large amount of data. Parts of this work have already been published in Föhst et al. (2015).

1 Introduction
In our study, we interpret the blood vessel system as random closed set (RACS) X, i. e. as
random variable. Then, typical characteristics of integral and stochastic geometry as well as
mathematical morphology apply. We consider the intrinsic volumes, spherical contact distribution, and granulometry (Section 4). In particular, we analyze the directional distribution
of the capillary vessels.
Usually, these methods are used to characterize material structures. Materials are often modeled as stationary RACS X, i. e. the distribution of X is independent of location. Measuring
features yields on average the same result for each sample, if the sample is sufficiently large.
In our biological samples this assumption is not valid. The samples highly depend on the
considered region within the organ and show large differences. An example can be found
in Figure 1.1. Both samples show a small part of the lung’s blood vessel structure. They
were taken from the same specimen, but different regions. The sample on the left-hand side
includes the organ’s boundary, while the scan on the right-hand side was taken from the
organ’s center. Moreover, as we only consider the capillary vessels, we have to exclude the
larger vessels from our analysis. This provides a challenging segmentation task, which we
discuss in a general manner in Section 3.2 and in detail in Section 4. We address the issue of
spatial inhomogeneity by defining the reference volumes for each scan. Then, the reference
volume only contains the capillary vessels, i. e. the structure we are interested in.

Figure 1.1: Two 3D reconstructions of blood vessels. They were taken from the same specimen, but different locations. Data: compensatory mouse lung (Section 4.1).
Physical size: 530 µm × 530 µm× 760 µm corresponding to 1430 × 1430 × 2048
pixels at pixel size 370 nm.
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Due to the high variance within a single organ and even larger between different specimens,
a relatively large number of samples is needed to gain statistically significant results. The
present study did not aim at analyzing a huge data collection. It is rather thought as a proof
of concept. We evaluate, which features can be of interest in further studies and how these
features should be measured.
The thesis is organized as follows: After introducing the necessary preliminaries in Section 2,
we describe the methods (Section 3), used to analyze the data. In particular, we explain how
to choose a proper observation window (Section 3.1.1) and address the task of segmenting
large and capillary vessels (Section 3.2). Our pillar detection algorithm can be found in
Section 3.3. In Section 4, we apply the methods of Section 3 to analyze SRµCT images of
compensatory mouse lungs (Section 4.1), fibrosis in mouse lungs (Section 4.2) and fibrosis in
mouse livers (Section 4.3). Finally, we conclude by discussing our findings (Section 5).
All image processing steps are performed using the software package MAVI (Fraunhofer
ITWM (2014)) version 1.5.
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2 Preliminaries
In the following, we define the basic preliminaries used in this thesis. As the basic motivation
for this work is the analysis of SRµCT images, we start with a formal definition of images
(Section 2.1). Then (Section 2.2), we continue with the definition of random closed sets
(RACSs). This allows for a mathematical description of the blood vessel structure shown
on the SRµCT images. In Section 2.3, we introduce intrinsic volumes, which are important
characteristics of RACSs. Clearly, RACSs are only observable in a discrete manner on SRµCT
data. Hence, in Section 2.4 we consider the task of discretizing RACSs. In the last part
(Section 2.5), we briefly sketch basic tools of image analysis.

2.1 Images
A d-dimensional image I transfers the real (continuous) world into a discretized pixel space.
It maps a subset of lattice points to a domain of pixel values.
Definition 2.1 (Homogeneous Lattice)
A d dimensional homogeneous lattice is a subset Ld of Rd with
(
)
d
X
d
d
L = x∈R :x=
λi ui , λi ∈ Z ,
i=1

where u1 , . . . , ud form a basis of

Rd .

Definition 2.2 (Image)
Let W ⊂ Rd be a compact observation window fixing the size of the image.
(i) An n-bit gray-value image is given by
I : Ld ∩ W → {0, . . . , 2n − 1}
with n = {1, 8, 16, 32}. For n = 1 we refer to I as binary image.
(ii) A pixel is a pair (x, p) with x ∈ Ld ∩ W and p ∈ {0, . . . , 2n − 1}.
(iii) The distance between the lattice points is called spacing.
(iv) The complement of an image I of type n is again an image I C of the same type. To
each pixel iC ∈ I C we assign the following value:
p(iC ) = (2n − 1) − p(i) for all i ∈ I and fixed n = {1, 8, 16, 32}.

2 Preliminaries

2.2 Random Closed Sets
Using random closed sets (RACS) allows for modelling a wide range of different structures,
which appear homogeneous on a macroscopic scale. In this thesis, we aim at characterizing
high-resolution SRµCT images of blood vessel structures. We consider these structures as
RACS. This forms the basis for all further analysis.
In the following, we formally introduce the concept of RACS and state some functional principles.
Let E be a locally compact space with countable base and denote its Borel σ-algebra by
B = B(E). Let F, G, and C denote the systems of closed, open, and compact subsets of E.
Definition 2.3 (Topology of Closed Convergence)
The topology of closed convergence on F is the topology generated by the set system
{F C : C ∈ C} ∪ {FG : G ∈ G},
where F C := {F ∈ F : F ∩ C = ∅} and FG := {F ∈ F : F ∩ G 6= ∅}.
From now on, F is equipped with the topology of closed convergence. The σ-algebra B(F)
of Borel sets on F is generated by each of the systems {F C : C ∈ C}, {FC : C ∈ C},
{F G : G ∈ G}, or {FG : G ∈ G}.
Definition 2.4 (Random Closed Set)
A random closed set X in E is an F-valued random variable, i. e. a measurable mapping
X : Ω → F from a probability space (Ω, Σ, P) to F. The distribution of X is the image
measure PX := X(P) of P under X.
We define the capacity functional TX : C → [0, 1] of a RACS X via
TX (C) = PX (FC ) = P(X ∩ C 6= ∅), C ∈ C.
It can be shown that the capacity functional of a RACS has exactly the properties of a
distribution function:
(i) 0 ≤ TX ≤ 1 and TX (∅) = 0.
(ii) Let Ci , C ∈ C. If Ci+1 ⊂ Ci and

T

i Ci

= C, then TX (Ci ) → TX (C).

(iii) For C, C0 , . . . , Ck ∈ C, k > 0, we define a set of functionals recursively:
S0 (C) = 1 − TX (C)
Sk (C0 ; C1 , . . . , Ck ) := Sk−1 (C0 ; C1 , . . . , Ck−1 ) − Sk−1 (C0 ∪ Ck ; C1 , . . . , Ck−1 ).
Then,
Sk (C0 ; C1 , . . . , Ck ) ≥ 0
for C0 , C1 , . . . , Ck ∈ C and k ≥ 0.
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2.2 Random Closed Sets
Hence, TX can be interpreted as the distribution function of a RACS. The following theorem
states that the distribution of a RACS X is completely determined by its capacity functional
TX .
Theorem 2.1 (Choquet)
Let T : C → R be a functional with properties (i) to (iii) stated above.
Then, there exists a uniquely determined probability measure P on F with
T (C) = P(FC )
for all C ∈ C.
So, T is the capacity functional of a uniquely determined RACS X.
Analyzing a structure simplifies significantly, if the distribution of a RACS is invariant under
translation and rotation. Then, all results are independent from the sampling position and
orientation.
Definition 2.5 (Stationary and Isotropic)
If two RACS X and Y have the same distribution, we write
d

X = Y.
A RACS X in Rd is called stationary, if
d

X +z =X
for all z ∈ Rd .
Let SOd be the set of all orthogonal matrices θ of degree d with real entries and det(θ) = 1.
X is called isotropic, if
d
θX = X
for all rotations θ ∈ SOd .
Note that stationarity and isotropy can be expressed using the capacity functional:
For all C ∈ C, a RACS X is stationary
⇔ TX (C) = TX (C − x), x ∈ Rn .
It is isotropic
⇔ TX (C) = TX (θ−1 C), θ ∈ SOd .
A useful tool to characterize X is the spherical contact distribution (see e. g. Schneider and
Weil (2008) as well as Ohser and Schladitz (2009)). Roughly spoken, we place spheres Br (x)
with center x and radius r in X C . Then, we consider the probability that Br (x) hits X for
different r. For our application, it appears reasonable to consider spheres, but in general the
contact distribution is defined for any convex body K.

7

2 Preliminaries
Definition 2.6 (Contact Distribution Function)
Let K be a convex body containing the origin. Set
distK (x, X) = inf{r ≥ 0 : rK + x ∩ X 6= ∅}.
Then, the contact distribution function is defined via
HK (r) = P(distK (x, X) ≤ r|x ∈
/ X), r ≥ 0.
For K = B1 , we get the spherical contact distribution function Hs (r).
Hs (r) can be written as
Hs (r) = P(dist(x, X) ≤ r|x ∈ X C )
=
=

P(dist(x, X) ≤ r, x ∈ X C )
P(x ∈ X C )
VV ({x ∈ Rd : dist(x, X) ≤ r} ∩ X C )
VV (X C )

.

(2.1)

2.3 Intrinsic Volumes
Intrinsic volumes can be understood as functionals measuring specific characteristics of a
polyconvex set (see Definition 2.7) in any dimension d. In our application, we consider the
case d = 3. Then, intrinsic volumes provide information about volume, surface area, mean
width, and topological behavior of a set. The introduction of intrinsic volumes in this section
follows Schneider and Weil (2008).
Definition 2.7 (Basic Notations)
fred
(i) A compact convex subset of Rd is called convex body. We denote the set of all convex
bodies in Rd by K.
(ii) The Hausdorff distance is defined by
dist(K1 , K2 ) = min{r ≥ 0 : K1 ⊂ K2 ⊕ Br and K2 ⊂ K1 ⊕ Br },
where K1 , K2 ∈ K\{∅} and Br := {x ∈ Rd : kxk ≤ r} is a d-dimensional ball of radius
r ≥ 0.
dist(K1 , K2 ) is a metric on K\{∅}. It is called Hausdorff metric.
(iii) The system of all unions of finitely many convex bodies in Rd is called convex ring R
and its elements are called polyconvex sets.

8

2.3 Intrinsic Volumes
(iv) The extended convex ring is defined as
S := {M ⊂ F : M ∩ K ∈ R for all K ∈ K}.
These sets are called locally polyconvex.
(v) For K ∈ K\{∅} and r > 0 we denote by
K ⊕ Br = {x ∈ R : d(x, K) ≤ r}
the parallel body of K at distance r.

The volume of K ⊕ Br is a polynomial in r of degree at most d. A special way of stating this
polynomial is given by the Steiner formula.
Definition 2.8 (Intrinsic Volumes)
The Steiner formula is given by
Vd (K ⊕ Br ) =

d
X

rd−j κd−j Vj (K),

j=0

where r > 0, K ∈ K, and κk is the volume of the k-dimensional unit ball. Vk (K) are the
intrinsic volumes, Vk , k = 0, . . . , d.
If the considered sets are not convex, but polyconvex, the intrinsic volumes can be calculated
using the inclusion-exclusion principle.
Theorem 2.2 (Inclusion-Exclusion Principle)
S
Let X ∈ R with X = m
i=1 Ki for K1 , . . . , Km ∈ K.
Then, the intrinsic volumes of X are defined via additivity:
Vk (X) =

m
X

Vk (Ki ) −

i=1

m−1
X

m
X

Vk (Ki ∩ Kj ) + . . . + (−1)m+1 Vk (

m
\

Ki ), k = 0, . . . , d.

i=1

i=1 j=i+1

The intrinsic volumes have the following properties:
For all k = 0, . . . , d
(i) Vk is additive, i. e.
Vk (K1 ∪ K2 ) + Vk (K1 ∩ K2 ) = Vk (K1 ) + Vk (K2 ) for all K1 , K2 ∈ R.
(ii) Vk is invariant under rigid motions, i. e.
Vk (θK + x) = Vk (K) for all K ∈ S, x ∈ Rd and all rotations θ ∈ SOd .
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2 Preliminaries
(iii) Vk is continuous, i. e. for all sequences {Kn } of convex bodies with Kn → K we have
that Vk (Kn ) → Vk (K). Here, convergence of Kn is with respect to the Hausdorff metric.
Furthermore, the intrinsic volumes yield a basis of the d + 1 linear space of all stationary,
isotropic, additive and continuous functionals as stated in the following theorem by Hadwiger
(Hadwiger (1957), Schneider and Weil (2008)):
Theorem 2.3 (Hadwiger)
Let ϕ : K → R be a functional which is invariant under rigid motions, additive, and continuous.
Then, ϕ is a linear combination of the intrinsic volumes, i. e. there exist real constants
c0 , . . . , cd such that
d
X
ϕ(K) =
ck Vk (K)
k=0

for each K ∈ K.
It follows directly from Hadwiger’s theorem, that if we have more than d+1 functionals, which
are invariant under rigid motions, additive, and continuous, then they are linearly dependent.
Hence, all further functionals ϕk , k > d, carry redundant information about K.
An important relation is given by the Crofton formula (Schneider and Weil (2008)). In
particular, this formula is essential to estimate intrinsic volumes of discretized polyconvex
sets.
Theorem 2.4 (Crofton formula)
Let Lk denote the system of k-dimensional subspaces of Rd and L⊥ the orthogonal complement
of L ∈ Lk . Moreover, let µ be the rotation-invariant measure on SOk . For X ∈ R, we have
Z Z
(Vj (X ∩ (L + x)))dx µ(dL) = αdjk Vd+j−k (X)
Lk

L⊥

with j = 0, . . . , k and
αdjk =

d+j−k+1
)
Γ( k+1
2 )Γ(
2
d+1
Γ( j+1
2 )Γ( 2 )

where Γ denotes Euler’s gamma function.
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2.3 Intrinsic Volumes
In R3 , the intrinsic volumes also have a geometric interpretation:
 V3 (X): Volume, X ∈ R
 2V2 (X): Surface area, X ∈ R


1
2 V1 (K):

Mean width, K ∈ K

 πV1 (X): Integral of mean curvature, X ∈ R
 V0 (X): Euler characteristic χ, X ∈ R

The Euler characteristic gains its full importance in Section 3.3. Thus, we give a geometric
interpretation of this characteristic for the 3D case:
Let M ∈ R be a 3D object. Then, χ(M ) can be understood as the number of connected
components Nc (M ) plus the number of holes Nh (M ) minus the number of tunnels Nt (M ).
By ‘hole’ we refer to an inclusion which is completely surrounded by foreground. As an
example, one can think of a hollow sphere. A ‘tunnel’ penetrates the foreground and is
connected to the background. A torus T , for instance, consists of one connected component
and contains one tunnel. Hence, χ(T ) = 1 + 0 − 1 = 0.
For polytopes, the Euler characteristic can be calculated using the Euler-Poincaré formula:
Let F k (P ) denote the k-dimensional facets of the polytope P 6= ∅. The Euler-Poincaré
formula is given by
n
X
χ(P ) =
(−1)k #F k (P ).
k=0

In R2 , this is simply the number of vertices #F 0 (P ) minus the number of edges #F 1 (P ) plus
the number of facets #F 2 (P ) of the polytope. The Euler-Poincaré formula also forms the
basis for the calculation of the Euler characteristic on discretized sets and hence on images.
The explicit algorithm can be found in Ohser et al. (2003).
In practical applications, we can only observe a set X through a finite observation window
W . To be able to compare different X independently of the size of W , we consider intrinsic
volume densities.
Definition 2.9 (Intrinsic Volume Densities)
Let X be a stationary RACS with realizations in S almost surely. Furthermore, assume that
E(2#(X∩K) ) < ∞ for any K ∈ K. Here, #X denotes the minimal number m such that
X = K1 ∪ . . . ∪ Km with K1 , . . . , Km ∈ K.
Assume that we observe X in a compact and convex window W with non-empty interior.
The volume density VV,d is defined as
VV,d =

E(Vd (X ∩ W ))
.
Vd (W )

The intrinsic volume densities VV,k , k = 0, . . . , d − 1, are given by
E(Vk (X ∩ rW ))
r→∞
Vd (rW )

VV,k = lim
for all k = 0, . . . , d − 1.

11

2 Preliminaries

2.4 From Discretization of Sets to Images
On SRµCT images we observe RACS based on a pixel grid. To apply the characteristics
introduced in the previous section, we have to face the question how to discretize RACS. In
particular, this means we are aiming at a unique pixel-based representation of the observed
set.
Definition 2.10 (Minkowski Addition, Minkowski Subtraction)
Let X, B ⊂ Rd .
The Minkowski addition of a set X and a set B is defined as follows:
[
X ⊕B =
X + b.
b∈B

The Minkowski subtraction is given by:
X

B=

\

X + b.

b∈B

Analyzing X properly requires a certain kind of smoothness. This is ensured by morphological
regularization.
Definition 2.11 (Morphologically Regular)
A set X ⊂ Rd is called morphologically open w. r. t. a set B ⊂ Rd , if
B̌) ⊕ B.

X = (X
It is called morphologically closed w. r. t. B if

X = (X ⊕ B̌)

B,

(2.2)

where B̌ denotes the reflection of B at the origin.
X is called morphologically regular, if it is both, morphologically open and closed.
We already defined a homogeneous lattice Ld (Definition 2.1). The following definition adds
further details to Ld .
Definition 2.12
Let Ld be a d-dimensional homogeneous lattice of Rd .
(i) The closed unit cell C of Ld with respect to the basis u1 , . . . , ud is the Minkowski sum
[0, u1 ] ⊕ . . . ⊕ [0, ud ]
of the segments between the origin and the point ui . We choose ui such that ||ui || > 0
are as small as possible for i = 1, . . . , d.
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(ii) Let C0 denote the unit cell centered at the origin. Then, the set
[

C0 + x

x∈X∩Ld

is called the Gauss digitization of the set X with respect to Ld .

The set X ∩ Ld clearly carries the same information about X as the Gauss digitization. In
the context of image analysis, X ∩ Ld denotes the set of foreground pixels, while X C ∩ Ld
refers to the set of background pixels.
To obtain a unique representation of the set X observed on Ld , we first introduce a description
of C. Then, by shifting C over X and specifying an adjacency system, we can uniquely
characterize X ∩ Ld .
We can express each vertex x of C by a unique linear combination of ui :
x=

d
X

λi ui , λi ∈ {0, 1}.

i=1

Then we re-use the unique sequences of λi to define an index j for each vertex x, which is
again unique:
d
X
j=
2i−1 λi .
i=1

Now, we construct an index for each pixel configuration ξ ⊆ F 0 (C), where F 0 (C) denotes the
set of vertices of the unit cell. For example, consider d = 2. Then, l ∈ {0, . . . , 15} and there
exist 16 possible pixel configurations {x0 }, . . . , {x3 }, {x0 , x1 }, . . . , {x2 , x3 }, {x0 , x1 , x2 }, . . . ,
{x1 , x2 , x3 }, {x0 , x1 , x2 , x3 }. To each configuration, we assign the following index:
l=

d −1
2X

2j 1(xj ∈ ξ).

j=0
d

Note that l ∈ {0, . . . ν}, where ν = 22 −1. Furthermore, ξ0 = ∅, ξν = F0 (C), and ξν−l = ξν \ξl .
Second, we introduce adjacency systems. They define which pixels are neighbored to each
other.
For example, in three dimensions, adjacency systems range from defining 6 up to 26 neighbors
for one vertex. Hence, the choice of the adjacency system can highly influence the results of
further image analysis.
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Let Fl = conv(ξl ) denote the convex hull of the pixel configuration ξl . Then, Fl is a convex
polytope with Fl ⊆ C and F 0 (FlS
) ⊆ F 0 (C) for all l = {0, . . . , ν}. We set F0 = ∅. For a set F
j
of polytopes, we write F (F) = {F j (F ) : F ∈ F}, where F j (F ) denotes the j-dimensional
facets of the convex polytope F .
Definition 2.13 (Adjacency System)
Let Floc ⊆ {F0 , . . . , Fν } be a set of convex polytopes Fl = conv(ξl ) fulfilling the following
conditions:
(i) ∅ ∈ Floc , C ∈ Floc .
(ii) If F ∈ Floc , then F i (F ) ⊂ Floc for i = 0, . . . , dim(F ).
(iii) If Fi , Fj ∈ Floc and conv(Fi ∪ Fj ) ∈
/ Floc , then Fi ∩ Fj , Fi \ Fj , Fj \ Fi ∈ Floc .
(iv) If Fi1 , . . . , Fim ∈ Floc and

Sm

j=1 Fij

is convex, then F ∈ Floc , m = 2, . . . , #Floc .

Then, Floc is called a local adjacency system and F =
system of the lattice Ld .

S

x∈Ld

Floc + x is said to be an adjacency

It follows directly from (i) that F 0 (F) = Ld . Conditions (ii) and (iii) ensure that the Euler
characteristic can be computed using the Euler-Poincaré formula and the inclusion-exclusion
principle. Condition (iv) prevents the existence of different local adjacency systems generated
using the same basic components.
Finally, we can define how to discretize X.
Definition 2.14 (Discretization)
The discretization X u F of a compact set X ∈ Rd w. r. t. an adjacency system F is defined
as the union of elements of F for which the vertices hit X, i. e.
X uF=

[
{F ∈ F : F 0 (F ) ⊆ X}.

Now, as we know how to describe a set X in a discrete setting, further calculation on images
are well-defined.
The choice of the adjacency system depends on the specific task. In this thesis, we use the two
standard adjacency systems, namely the 6- and the 26-adjacency. The 6-adjacency system is
given by
3
[ [
F6 =
F j (C + x).
x∈L3 j=0

So, we consider the pixels above, below, in front of, behind, left and right as neighbors of x.
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In the 26-adjacency, all pixels lying on the diagonals are also considered as neighbors. It is
defined by
[
F26 =
{F0 + x, . . . , F255 + x}
x∈L3

For details and further adjacency systems see Ohser et al. (2002) and Ohser et al. (2003).
Furthermore, after choosing an adjacency system F to discretize X, we also need to find a
proper adjacency system FC to discretize X C .
In a continuous setting, we have
χ(X) = (−1)d+1 χ(X C )
for all compact, poly-convex and topologically regular sets X ∈ Rd (Ohser et al. (2002)).
Hence, FC should be chosen such that a similar relation holds for the discrete case.
Definition 2.15
The pair (F, FC ) is called pair of complementary adjacency systems if
(X u F) ∩ (X C u FC ) = ∅
and
χ(X u F) = (−1)d+1 χ(X C u FC )
for all compact X ⊂ Rd .
(F6 , F26 ) is a pair of complementary adjacency systems.

2.5 Some Basic Tools in Image Processing
This section shortly summarizes basic tools which are used in Section 4 to segment the SRµCT
images.

Median Filter
Usually, the first step in image processing is to filter the gray value image. Here, the challenge
is to remove noise as good as possible, while preserving the structure of interest, especially
the edges. A suitable filter for this task is the median filter. We only give a rough explanation
on median filtering. Details can be found in Perreault and Hebert (2007) and Mosbach et al.
(2014).
First, we fix the size n of the filter mask Y , which is an array of size n3 , n ∈ N>0 odd.
Then, we successively shift the center of Y to each pixel of the input image and determine
the median over all pixel values within Y . Finally, we assign this value to the center pixel of
the filtered image.
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Binarization using Otsu’s Method
Binarization refers to dividing a gray value image into foreground and background. A distinction is drawn between local and global binarization methods. Local methods are applied
to overcome artifacts like gray value fluctuation (shading effects). For the data analyzed in
this thesis, we do not observe such artifacts. Hence, we restrict ourselves to global methods,
where the structure of interest is characterized by its brightness only.
Definition 2.16 (Global Thresholding)
Within global thresholding, a threshold t is chosen according to the range of gray values of
the input image I. The pixel values of the resulting binary image Ibin are then defined via
Ibin (x) = 1(I(x) ≥ t)
for each pixel x.
t can be chosen manually, e. g. according to the gray value histogram of I. An automatic
method is provided by Otsu (1979). This method assumes the gray value histogram to be a
mixture of two classes (foreground and background). Then, t is selected such that the withinclass variance is minimized, whereas the between class variance is maximized. The explicit
formulas are e. g. given in Ohser and Schladitz (2009).
Morphological Operations
Using mathematical morphology, we can describe and analyze the shape as well as the size
of spatial objects. In practice, mathematical morphology provides a powerful image analysis
tool. We summarize basic definitions and results of morpholocial operations. A detailed
explanation can be found in Soille (2004).
To investigate the structure contained in a d dimensional image I, we use a structuring element
Y . Here, Y is a compact set of dimension d. Its size and shape must be chosen according to
the geometric properties of the structure to be investigated.
The two basic morphological operators are dilation and erosion. All other morphological
operations can be expressed via these two operators.
Definition 2.17 (Dilation)
Let X, Y ⊂ Rd .
The set
δY (X) =

[

X −y

y∈Y

is called the dilation of X with structuring element Y .
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Note that
δY (X) =

[
y∈Y

X −y =

[

[

X +y =

−y∈Y

X + y = X ⊕ Y̌ ,

y∈Y̌

where Y̌ denotes the refection of Y at the origin.
Hence, Minkowski addition introduced in Definition 2.10 and dilation are equivalent, if and
only if Y is symmetric with respect to the origin.
The definition of δY (X) can be directly extended to a discrete setting and therefore applied
to images:
δY (I) = max I − y
y∈Y

We shift Y over I such that each pixel (y, py ) of Y is successively located in each pixel
(i, pi ) ∈ I. We take the union over all these shifted sets and store the maximum value pi takes
during this shifting procedure. Finally, we assign this maximum value to pi . Repeating this
process for every pixel (i, pi ) ∈ I leads to the dilated image δY (I).
As an example, consider a binary image and a spherical structuring element Br with radius
r > 0. Then, we can think of dilation as shifting the center of Br to every foreground pixel.
Taking the union over all shifted sets enlarges the foreground structure by r.
The definition of erosion follows the same structure as for dilation.
Definition 2.18 (Erosion)
Let X, Y ⊂ Rd .
The set
Y (X) =

\

X −y

y∈Y

is called the erosion of X with structuring element Y .
Again, Minkowski subtraction (see Definition 2.10) and erosion are equivalent, if and only if
Y is symmetric:
\
\
\
Y (X) =
X −y =
X +y =
X + y = X Y̌ .
y∈Y

−y∈Y

y∈Y̌

The extension to images is analogue to δY (X):
Y (I) = min I − y.
y∈Y

It can be interpreted in the same manner as for dilation, just by replacing the maximum by
a minimum.
Dilation and erosion are dual operators in the sense that any erosion can be expressed by a
dilation (and vice-versa) in the following way: We dilate the complementary image and take
the complement of the result. This can be seen as follows:
δY (I C ) = max(I C − y) = max(tmax − I − y) = tmax − min(I − y) = tmax − Y (I) = (Y (I))C .
y∈Y

y∈Y

y∈Y

(2.3)

17

2 Preliminaries
In general, dilation and erosion are not inverse to each other, i. e.
Y (δY (I)) 6= I and δY (Y (I)) 6= I.
A useful combination of erosion and dilation is provided by morphological opening and closure.
The morphological opening is a useful tool to remove small noise pixels from a binary image
I. The idea is first to erode I to let objects smaller than Y disappear. To compensate for
the shrinking effects the erosion performs to all remaining objects, we dilate I by the same
Y̌ . The formal definition is given by
Definition 2.19 (Morphological Opening)
Let X, Y ⊂ Rd .
Then, the morphological opening is defined via
X ◦ Y = δY̌ (Y (X)).
Morphological closure can be used to fill small holes or gaps in binary images. Here, we start
with a dilation to assign all holes/gaps smaller than Y to the foreground. Afterwards, we
erode with Y̌ to regain the original structure.
Definition 2.20 (Morphological Closure)
Let X, Y ⊂ Rd .
The morphological closure is given by
X • Y = Y̌ (δY (X)).
As for dilation and erosion, opening and closure are not inverse, but dual to each other:
X ◦ Y = (X C • Y )C .
As both operations are combinations of erosion and dilation, they can be directly applied to
images.
From now on, we use the following abbreviations for specific structuring elements:
 Cl := 3D cube with edge length l.
 Br := 3D ball with radius r.

Furthermore, as we apply morphological operations only on binary images, we write X for
the current set of foreground pixels.

18

2.5 Some Basic Tools in Image Processing
Euclidean Distance Transform
A helpful transformation of binary images is given by the Euclidean distance transform:
Definition 2.21
Let X ⊂ Rd .
The Euclidean distance transform EDTX C of the complementary set X C maps to each point
of Rd its shortest distance to X:
EDTX C (x) = dist(x, X).

To binary images, it applies straight forwardly. Then, x is understood as a pixel in X C ∩W and
we assign to each x its shortest Euclidean distance to X. In MAVI the EDT is implemented
according to Maurer et al. (2001).
In this thesis, we use the EDT to calculate exact spherical morphology on images (Section
3.1.6) as it is implemented in MAVI. Furthermore, the spherical contact distribution function
HS (r) is estimated based on the EDT (Section 3.1.4).
Labeling
Labeling is used to access objects within a binary image. First, we have to specify, if foreground or background should be considered. Then, we assign a unique label to each Fconnected component of a finite set X ∈ Ld , where X is either foreground or background.
Definition 2.22
Let Ld be a homogeneous lattice equipped with a pair of complementary adjacency systems
(F, FC ).
(i) A discrete path from x to y w. r. t. F is a sequence (xi )ni=0 of lattice points x0 = x,
xn = y and [xi−1 , xi ] ∈ F for all i = 1, . . . , n.
(ii) A non-empty discrete set X ⊂ L is called F-connected, if X consists of a single point
or for all pairs (x, y) ∈ X × X with x 6= y there is an F-path from x to y in X.
(iii) The equivalence classes of X defined by the equivalence relation of F-connectedness are
the connected components of X under F.
Hence, a connected component depends on the chosen adjacency system (Definition 2.13). All
pixels which are connected w. r. t. the specific adjacency system are referred to as connected
component.
The labeling algorithm used in MAVI is based on Rosenfeld and Pfaltz (1966).
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In this section, we introduce the methods we use to evaluate the data in Section 4. First
(Section 3.1), we explain important technical details to ensure a correct estimation of the
characteristics given in Section 2. In Section 3.2, we describe the general segmentation procedure of the vessel structure. Afterwards (Section 3.3), we provide the first algorithm to
segment intussusceptive pillars in SRµCT images. In Section 3.4, we present the methods we
used to analyze the directional distribution of the capillary vessels. Sections 3.5 and 3.6 focus
on statistical evaluation of estimated features. In Section 3.5, we introduce a statistical test to
check the pillars’ locations for stationarity. Section 3.6 deals with a robust ANOVA version,
which allows for testing means values for equality, even if the amount of data is rather poor.
We apply this procedure to different characteristics in Section 4.

3.1 Structural Measurements
In this part, we present the estimation of the features used to analyze the data in Section
4. In particular, we focus on the choice of the observation window to compensate spatial
inhomogeneity and on a correct sampling of the intussusceptive pillars.

3.1.1 Choice of Observation Window
Usually, when evaluating the structure in SRµCT data, the observation window W is chosen
as a rectangular region as large as possible. This allows for analyzing the structure of interest,
while keeping disturbing objects aside.
For the liver samples (Section 4.3), we can assume that the entire scanned volume is filled by
liver tissue and hence is suitable as reference volume. Yet, in case of lungs (Sections 4.1 and
4.2) the scanned volume also may contain the lung’s boundary. Here, we reconstruct the area
covered by tissue by a morphological closure. Details are given in Sections 4.1.2 and 4.2.2.
The blood vessels structures of both organs always consist of capillary vessels crossed by large
vessels. We aim at characterizing the capillary structure. Hence, we set W as the scanned
volume (or the reconstructed lung shape) without the large vessels.
Figure 3.1 shows an example of a compensatory lung. We observe a large blood vessel in the
lower part. For the reference volume, this vessel is not considered as it does not belong to the
capillary structure. Furthermore, the scan contains the lung’s boundary in the upper right.
We also omit this part when calculating W .
Approximating the organ’s tissue on capillary level and defining W for every scan individually,
enables us to deal with spatial inhomogeneity.
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(a) Slice of binarized image.

(b) Slice of observation window
(white).

Figure 3.1: Planar section of 3D vessel structure and corresponding observation window.
Data: Compensatory Lungs (Section 4.1). Size: 530 µm×530 µm corresponding
to 1430 × 1430 pixels with a pixel size of 370nm.

3.1.2 Minus-Sampling
The topology of objects hitting the boundary of the observation window W can not be
observed correctly. There exist many strategies in dealing with this issue (Chiu et al. (2013)).
It highly depends on the specific application, which one is suitable. In our case, we use a
so-called minus-sampling.

Figure 3.2: Construction of the reduced observation window Wred .
As W contains many small objects, we reduce W in such a way that all objects centered in
the new window Wred are completely contained in the original W . Afterwards, there are still
enough objects left to gain proper results.
Figure 3.2 illustrates the minus-sampling procedure. Here, only the dark green objects would
be taken into account for further analysis.
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Algorithm: Determine Reduced Observation Window
Data: Observation window W containing n objects
Result: Reduced observation window Wred
for each boundary plane pi = 1, . . . , 6 do
for each bounding box b(tj ) do
if b(tj ) hits pi then
Store yjpi =max(dist(pi , bpi (tj ))), where bpi (tj ) denotes the boundary planes
of b(tj ) parallel to pi .
end
end
pi
ymax
= maxj=1,...,n yjpi
if (pi = xystart or pi = yzstart or pi = xzstart ) then
pi
pred
= pi + ymax
i
else
pi
pred
= pi − ymax
i
end
end
The boundaries of Wred are given by pred
i , i = 1, . . . , 6.
Figure 3.3: Algorithm to determine the reduced observation window Wred containing all objects which are completely included in W .

Suppose that W is a cuboid parallel to the coordinate axes bounded by six planes xystart ,
yzstart , xzstart , xyend , yzend , and xyend . Each object tj ∈ W is equipped with an axially
parallel bounding box b(tj ), j = 1, . . . , n. In Figure 3.3, we give the exact algorithm, to
determine the reduced observation window Wred .

3.1.3 Estimation of Intrinsic Volumes and their Densities
Intrinsic volumes are important characteristics to analyze complex structures in any dimension. In this thesis, they are used to describe the 3D blood vessel structure of mouse organs
imaged using SRµCT. Their estimation is based on the Crofton formula (Equation (2.4)).
The theoretical foundations were already introduced in Section 2. For details see Ohser and
Schladitz (2009) and Schneider and Weil (2008).
For the estimation of intrinsic volume densities, stationarity is required. In our biological
samples this assumption is in general not true, even after choosing a proper observation
window W . Hence, we divide W into smaller subfields, on which the assumption of stationarity
seems plausible.
Let X ⊂ Rd be a compact and polyconvex set, L = aZ, a > 0, a cubic primitive lattice and
k ∈ {1, . . . , d − 1}.
For j = 0 in the Crofton formula it follows that Vd−k (X) can be expressed via the Euler
characteristic measured on lower-dimensional subspaces. It is known, how to estimate the
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Euler characteristic from pixel configurations. Hence, we can also estimate all further intrinsic
volumes from pixel configurations using a discretized version of the Crofton formula.
As an example, consider the case where d = 3 and k = 1. Then, L⊥ is a plane orthogonal to
the straight line L. X ∩ (L + x) is the intersection of X with L shifted to each point of L⊥ ,
i.e. a collection of chords. The Euler characteristic is simply given by the number of chords.
The outer integral is over all straight lines hitting the origin, i. e. over all space directions.
As we observe X on a lattice Ld , we can evaluate both integrals only for finitely many points
mk . Hence, they can be written as sums. Furthermore, X ∩ (L + x) and L⊥ must be replaced
by their discrete versions.
Now, the inner integral of the Crofton formula can be estimated by
d−k

p̂k (X, L) = a

v
X

(k)

ωl hl

l=0
(k)

k

with v = 22 − 1. ωl

are appropriate weights depending on F but not on X and
hl =

X

1(ξl + x ⊆ X)1(ξv−l + x ⊆ X C ),

x∈Ld
d

where ξl , l ∈ {0, . . . , ν}, and ν = 22 − 1, are the pixel configurations already introduced in
Section 2.3. hl stores the frequencies of configurations. It depends only on X, but not on F.
The outer integral is approximated by
mk
X

(k)

ρi p̂k (X, Li ).

i=1
(k)

Here, ρi are suitable weights, k ∈ {1, . . . , d − 1}. For their exact choice see Ohser and
Schladitz (2009).
Hence, estimators for the intrinsic volumes can be formulated as:
V̂d−k (X) =

v mk
ad−k X X
(k) (i,k)
ρi ωl hl .
αd0k
l=0 i=1

To estimate the intrinsic volume densities, we first introduce the vector h̃ = (h̃1 , . . . , h̃ν ) of
numbers of local configurations:
h̃l =

X

1(x + ξl ⊂ (X ∩ (W

Č)), x + ξν−l ⊂ (X C ∩ (W

Č))),

x∈Ld

where Č denotes the unit cell (see Definition 2.12) reflected at the origin. Furthermore, let
υ (k) be a vector with components
(k)

υl

=

mk
X

(k) (i,k)

ρi ωl

i=1

l ∈ {0, . . . , ν}.
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Then, the volume density can be estimated via
V̂V,d (X) =

ad υ (0) h̃
V (W Č)

and the estimators of the intrinsic volume densities V̂V,d−k , k = 0, . . . , d, are given by:
V̂V,d−k (X) =

ad−k υ (k) h̃
αd0k V (W Č)

for V (W Č) > 0.
Note that V̂V,d (X) yields an unbiased estimator, whereas V̂V,d−k (X) is biased.

3.1.4 Estimation of the Spherical Contact Distribution Hs (r)
Like for the intrinsic volumes in the previous section, a proper estimation of Hs (r) requires
stationarity. For our application (Section 4), we aim at investigating Hs (r) between the
capillary vessels. We believe that for the background of the capillary vessels X C stationarity
can be assumed for an appropriate choice of W (3.1.1).
To calculate Hs (r) introduced in Section 2 on image data, we make use of Equation (2.1).
Then, an estimator for Hs (r) is given by
Ĥs (r) =

V ({x ∈ X C ∩ (Br (W )) : EDTX C (x) ≤ r})
VV (X C )V (Br (W ))

,

where W denotes the observation window (see Schneider and Weil (2008) and Ohser and
Schladitz (2009)).
Here, considering Hs (r) only on Br (W ) ensures that Ĥs (r) is free of edge effects. The volume
V in the numerator of Equation 2.1 is computed by the EDT (Section 2.5), assigning to each
x ∈ X C ∩ Br (W ) the shortest distance to X. Then, V (... ≤ r) counts only those pixels with
distance less or equal r to X. To regain a density, we have to divide by the volume of Br (W ).
For known VV (X C ), Ĥs (r) yields an unbiased estimator for Hs (r). If VV (X C ) is estimated
from the same image, Ĥs (r) is ratio-unbiased.

3.1.5 The Granulometry Distribution Function G(d)
The granulometry distribution function yields the local structure thickness of a set X. It
assigns to each point of X the diameter of the largest ball completely contained in X and
covering that point. For details see Ohser and Schladitz (2009). We use the granulometry in
Section 4 to estimate the diameter of the capillary vessels.
Definition 3.1 (Granulometry)
Let Yk be a convex structuring element with k ≥ 0.
A granulometry is a one-parametric sequence of openings with Yk such that Yk ◦ Yl = Yk for
all l < k.
For a sequence of openings with a ball B d such that B d ◦Bs = B d for all s < d2 , this procedure
2
2
2
is known as spherical granulometry, where d denotes the diameter of B.
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Definition 3.2 (Spherical Granulometry Distribution Function)
Consider a granulometry of a stationary RACS X ⊂ Rn generated by B d . Then, the distri2
bution function
VV (X ◦ B d )
2
G(d) = 1 −
, d ≥ 0,
VV (X)
is called spherical granulometry distribution function of X.
The spherical granulometry distribution function can be seen as X ◦ B d with growing d2 , until
2
all points of X have disappeared.
Then, it assigns to each point the diameter d, when it disappears for the first time. Counting
all pixels vanishing at the same d yields a histogram which is also known as granulometric
curve. Taking the cumulative sum yields the empirical distribution function.
In practical applications, we need to be able to compare granulometric curves of different X.
Hence, we normalize the granulometric curves as follows: Extremely small values for d can
not be trusted, as they are due to discretization errors. Thus, we cut off all values of the
granulometric curve in front of the first minimum. Then, we subtract the number of vanishing
pixels from all pixels of X and use this value as normalizing constant. Finally, we smooth the
curves by fitting a cubic spline.

3.1.6 Implementation of Spherical Morphological Operations in MAVI
MAVI provides an implementation of spherical morphological operations based on the EDT
(see Cuisenaire (2005) and Section 2.5). By thresholding the EDT image such that all pixels
with gray value less or equal to r are assigned to the foreground, we obtain a dilation δBr (X).
Moreover, due to Equation (2.3), we can also express an erosion by these two operations. As
morphological opening and closure are both combinations of erosion and dilation, they can
be determined based on EDT and thresholding.
The EDT-based spherical morphology circumvents the problem of discretizing a ball. Especially for small structures such as the capillary vessels this significantly improves results
compared to applying morphological operators based on pixel-based structuring elements. In
this thesis, we always use the spherical morphology based on the EDT.

3.2 Segmentation of Vessel Structure
To be able to analyze structural characteristics of the capillary blood vessel system, we start
by performing several segmentation steps. A typical slice of a gray value image is shown in
Figure 3.4. Here, the entire blood vessels system has to be separated from the surrounding
background. While global thresholding is satisfactory for capillaries, it frequently requires
manual adjustment for larger blood vessels. Two typical examples are shown in Figure 3.5.
After global thresholding, the inner area of the larger blood vessels in Figure 3.5(b) is assigned
to the background. Since the gray value profile is different for each scan, our data also contain
scans where global thresholding assigns the interior of the large vessels to the foreground
(Figure 3.5(d)). Alternative binarization methods do not solve this problem: Whenever the
interior is filled correctly, the capillary structure is not preserved.
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Therefore, we segment the present structure in five steps: After smoothing the image, we
segment the capillary structure by global thresholding. Then, we fill the large blood vessels
and combine the result with the capillary vessels. Finally, we ensure morphological regularity.
Figure 3.6 shows the general workflow. Details regarding the actual data are given in Section
4.

Figure 3.4: Slice through an SRµCT reconstruction showing blood vessels in a compensatory
mouse lung (Section 4.1). The slice has a physical size of 530 µm × 530 µm
corresponding to 1430 × 1430 pixels at a pixel size of 370 nm.
The presented segmentation procedure yields the advantage that depending on the specific
task capillary and large vessels can be analyzed separately. The regularization in the last step
of the algorithm is required to ensure a valid analysis of the data. It removes small objects
or holes which appear due to gray value variation.
As one single scan contains about 28 GB, image processing is time-consuming due to long
runtime of every single calculation. Furthermore, it requires about 100 GB of memory to
completely segment one scan.

3.3 An Algorithm to Identify Intussusceptive Pillars
Pillars appear as small torus-shaped holes in the complex 3D capillary vessel structure. In
the present section, we provide, to our knowledge, the first algorithm which automatically
detects and also quantifies pillars in SRµCT images (see also Föhst et al. (2015)).
Since it is generally difficult to analyze objects smaller than three pixels in noisy data such
as ours, we only find pillars having an inner diameter of at least 1 µm. Given the difficulty
in identifying pillars using 2D histological methods, the precise limits of pillar diameter are
unclear. Burri and Djonov (2002) and Djonov et al. (2000) claim that pillars can not be larger
than 2.5 µm for rat lungs. We decided to consider objects with an inner diameter up to 5 µm
to cover all potential pillars. Anyway, the algorithm is robust to changing the upper bound.
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(a) Raw gray value
data of LEBFIB 01.

(b) Large vessels
appear
nearly
empty after Otsu’s
method.

(c) Raw gray value
data of LEBFIB 53.

(d) Large vessels
appear filled after
Otsu’s method.

Figure 3.5: Slices of raw image and binarization of two scans of the fibrotic mouse liver (Section 4.3). Physical size: About 590 µm × 590 µm corresponding to 1810 × 1810
pixels at pixel size 325 nm.
Our algorithm consists of two steps. In the first step, all pillar candidates are marked. By
‘candidates’ we refer to all holes, tunnels, or gaps of size up to 5 µm. Then, the actual
pillars (‘tunnels’ in a topological sense) can be detected based on the markers’ topology. The
complete algorithm is summarized in Figure 3.7.

3.3.1 Marking of Pillar Candidates
We start by applying X • Br (see Section 2) to the foreground of the images, i. e. the capillary
structure X. As we assume the pillar diameter to be at most 5 µm, we choose r = 2.5 µm.
Applying a closure to this image means that all holes, tunnels, or gaps with a radius less than
or equal to r are closed. After closure, we subtract the result from the starting image and
end up with objects located at all holes, tunnels, or gaps. We clean up the result by only
keeping objects with a volume between 64 and 4000 pixels.
To emphasize the special topological appearance of pillars, we dilate these remaining objects
(δC6 (X)) and afterwards intersect them with the starting image. If the object is located at
a pillar, this results in a torus-like shape of the actual marker. In Section 3.3.2, we use this
special shape to identify pillars.
The workflow is summarized in Figure 3.8.
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Algorithm: Segment Blood Vessels
Data: Gray value image I0 showing vessel structure
Result: Binary image of capillary and filled large vessels I6
(i) Smoothing → I1
(ii) Segmentation of capillary vessels: Global thresholding → I2
(iii) Fill vessels with diameter greater than 30 µm → I3
(iv) I4 = I2 + I3
(v) Ensure morphological regularity:
 I 5 = I 4 ◦ C3
 I 6 = I 5 • C3

Figure 3.6: General algorithm to segment the blood vessel structure.

Figure 3.8: Planar section images demonstrating the workflow for marking pillar candidates.

3.3.2 Classification of Pillars
In the second step, we need to determine the topology of every marker. For each marker,
we estimate the Euler characteristic using the algorithm given in Ohser et al. (2003). This
topological characteristic identifies markers referring to pillars by their toroidal shape.
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Algorithm: Marking and Classifying Pillars
Data: Binary image I0 showing capillary vessels
Result: Total number N of pillars and additionally one image for each pillar
Marking
(i) Set I1 = I0 • Br with r =2.5 µm
(ii) Create a binary image of gaps in the capillary system with diameter less than 2r by
subtracting I0 from I1 in each pixel: I2 = I1 − I0
(iii) Label I2
(iv) Set I3 = δCl (I2 )
(v) Intersect: I4 = I3 ∩ I0
Classification
for each connected component c0 , . . . , cl of I4 do
Determine χ(ci ), i = 0, . . . , l
if χ(ci ) = 0 then
Set marker mi = 1
else
Set mi = 0
end
end
P
Calculate total number of pillars: N = li=0 mi
Figure 3.7: Algorithm to mark and classify pillars.

To aid in understanding the use of the Euler characteristic in the present context, recall
the geometric interpretation given in Section 2.3. Consider the following example: If the
marker M results from a pillar, it will be topologically equivalent to a torus and therefore
χ(M ) = 0. Of course, there exist objects that are not torus-like, but also possess an Euler
characteristic equal to zero. For instance, consider an object Y with a hole and two tunnels,
i. e. Nc (Y ) = 1, Nh (Y ) = 1 and Nt (Y ) = 2. This also results in an Euler number equal to
zero according to the rule stated in Section 2.3. Yet, due to the preprocessing steps in our
method and due to the restriction to objects Z with diameter of at most 5 µm, we ensure that
such cases are excluded: There are no holes, as they have been filled, and there is not enough
space for more than one connected component in one marked region. This gives reason to
always assume that Nc (Z) = 1 and Nh (Z) = 0. In Section 3.3.3, we will experimentally
demonstrate that the number of false positives is negligible.
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(a) Marker M (light blue)
embedded in capillary vessels
(dark blue).

(b) Same marker without surrounding vessel structure.
χ(M ) = −1 as Nc (M ) = 1,
Nh (M ) = 0, and Nt (M ) = 2.

(c) Slice view of this marker:
The small hole consists of one
pixel.

Figure 3.9: Volume rendering and slice view of a marker showing a typical discretization
artifact.

3.3.3 Validation of the Algorithm on Two Test Sets
To evaluate the performance of the algorithm described in Figure 3.7, we consider two test sets
I and II chosen from the compensatory lung data (Section 4.1). Each has a volume of 4003
pixels. This corresponds to about 1 % of the volume of one entire scan. The comparatively
small size of the test sets allows for deciding for every pillar candidate manually whether it
refers to a pillar or not.
Recall that the algorithm consists of two steps: marking and classification. For validation,
we first consider the marking step. This operation closes all tunnels, holes, or gaps of a
fixed diameter of at most 2r. By ‘diameter’ we refer to the minimum expansion of the
tunnel/hole/gap. In other words, due to the properties of the morphological closure, no pillar
candidates with diameter of at most 2r can be lost in the first step. The only errors that can
occur are due to discretization which is unavoidable.
An example of a typical discretization effect is depicted in Figure 3.9. From a visual point
of view, one would assign the structure M displayed in Figure 3.9(a) to the group of pillars.
However, calculating the Euler characteristic yields χ(M ) = −1 6= 0 which indicates ‘no pillar’. The reason for this can be seen in Figure 3.9(b). Besides the large tunnel, the marker
also contains a rather small tunnel (yellow arrow). Figure 3.9(c) shows that the size of this
tunnel is one pixel. Tunnels, holes, or gaps of this size are a typical artifact of discretization.
To validate the classification step, we compare the result generated by the algorithm to the
manual classification of the test sets I and II. Applying the algorithm to the test sets leads
to 717 markers for I and 340 markers for II. Examples can be seen in Figure 3.10 where
the highlighted structures refer to the marker. The test set corresponding to I contains 37
misclassified markers implying an overall error of 5.17 %. 21 of these markers are false positive
and 16 markers false negative.
For test set II, we observe 10 misclassified markers which gives an overall error of 2.94 %.
Here, seven markers are false positive and three false negative.
To analyze the errors in detail, we take a closer look at the volume of each pillar, which refers
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(a) Marker M with χ(M ) =
1 − 1 = 0 as Nc (M ) =
Nt (M ) = 1 and Nh (M ) = 0.
This marker corresponds to a
pillar.

(b) Marker M with χ(M ) = 1
as Nc (M ) = 1 and Nh (M ) =
Nt (M ) = 0.

(c) One single marker M containing two pillars, χ(M ) =
1 − 2 = −1 as Nc (M ) =
1, Nh (M ) = 0 and Nt (M ) =
2.

Figure 3.10: Volume rendering of examples for markers (light blue) embedded in capillary
vessels (dark blue).
to the volume of the marker prior to dilation. These objects perfectly fit the hole in the
middle of each pillar by construction and therefore describe the appearance of a pillar.
It can immediately be seen that smaller pillars appear more frequently than larger ones
(Figures 3.11(a) and 3.11(c)). Hence, it is also feasible to choose the upper bound for pillars
smaller than 5 µm as in Burri and Djonov (2002) and Djonov et al. (2000). Moreover, we
observe that the smaller the pillars, the better the results produced by the algorithm (Figures
3.11(b) and 3.11(d)). This is due to the fact that in some cases two pillars are located close to
each other. Hence, their two markers are merged and result in one large marker (see Figure
3.10(c)). As the resulting object has Euler characteristic −1, it is classified as ‘no pillar’.
Clearly, such errors could be corrected using post-processing steps. After identifying such
markers, the dilation step in the marking procedure (Section 3.3.1 and Figure 3.8) could be
adjusted manually. A smaller structuring element prevents the two markers from merging.
Once the two markers are split, the pillar candidates would be classified correctly by the
Euler characteristic. However, we believe that the observed error rates between 3 and 5 % are
acceptable.

3.4 Directional Analysis
A meaningful feature to characterize 3D structures is to consider their directional distribution.
Typical examples are fibrous materials. Here, the fiber orientations strongly influence the
mechanic properties of the material. Therefore, it is of great interest, if the fibers follow a
preferred direction or if they are isotropically distributed.
In this thesis, we use directional analysis to describe the local orientation of capillary blood
vessels in mouse organs in the context of fibrosis (Sections 4.2 and 4.3). We check, if blood
vessels in healthy organs appear more ordered in the sense that they follow a specific main
direction.
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(a) Histogram of the volume of pillars for test set
I.

(b) Ratio of correctly classified objects against volume of pillars for test set I.

(c) Histogram of the volume of pillars for test set
II.

(d) Ratio of correctly classified objects against volume of pillars for test set II.

Figure 3.11: Validation of the pillar detection algorithm described in Figure 3.7 based on two
4003 pixel subvolumes.
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Let X be a RACS which locally consists of a fibrous structure (following Mecke and Nagel
(1980)), i. e. the structure is locally longer than wide. Furthermore, X is equipped with a
normalized local direction v(x) in every point x ∈ X. The collection of all local directions
forms a random vector field V.
Then, the local directions v(x) are distributed according to the volume-weighted directional
distribution R given by
Z

1
R(A) =
E
1A (v(x)) dx ,
2πE(V (X ∩ W ))
X∩W
2 is a measurable set of directions.
where A ⊂ S+

In practice, we observe X on SRµCT images I, i. e. a discrete version of X on an observation
window W . Hence, we can not access all elements of V. To sample V, we use the approach
based on the Hessian matrix (Eberly et al. (1994)) as suggested by Wirjadi et al. (2016). This
method turned out to be fast, accurate, and robust.
We start with the gray value image and apply a Gaussian filter gσ with µ = 0. σ is chosen
according to the minimal structure thickness as recommended. Thereby, we filter out any
kind of background noise which is smaller than the structure thickness. Then, we calculate
the Hessian matrix
Hσ = (∇∇T )(I ∗ gσ )
in every pixel. The eigenvector corresponding to the smallest eigenvalue of Hσ yields an estimator for v(x).
To gain information on R like for example the preferred direction, Fisher et al. (1987) use
the normalized eigenvalues of the second-order orientation tensor T (2) = (tij ) as defined by
Advani and Tucker (1987) with
Z
tij =
vi (x)vj (x) R(dv(x)),
(3.1)
2
S+

where vi (x) is the i-th component of the normalized direction vector v(x) of a typical point
2 is the upper half sphere.
x ∈ X, i, j = 1, 2, 3, and S+
In a discrete setting, we again replace R by a sample of V. Hence, Equation (3.1) changes to
t̂ij =

1
V (X ∩ W )

X

vi (x)vj (x).

x∈X∩W

The eigenvalues of T (2) yield information on R. If one eigenvalue is significantly larger than
the other two, the corresponding eigenvector gives the preferred direction. If all eigenvalues
are of the same size, then R is isotropic.
To be able to illustrate these results, Fisher et al. (1987) combine the eigenvalues to give a
meaningful interpretation. They define a shape parameter γ and a strength parameter ζ in
the following way:
γ=

log( ττ¯¯23 )
log( ττ¯¯21 )

and ζ = log(
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τ¯3
)
τ¯1

(3.2)

3.4 Directional Analysis

Figure 3.12: Illustration of shape parameter γ and strength parameter ζ published in Fisher
et al. (1987).
Here, τ¯i , i = 1, 2, 3, are the normalized eigenvalues of T (2) and τ¯1 ≤ τ¯2 ≤ τ¯3 .
Figure 3.12 sketches the meaning of γ and ζ. γ characterizes the shape of R ranging from
clustered to girdle, whereas ζ describes the concentration in a specific direction.
If R is isotropic, then γ and ζ are both equal to zero. For large values of ζ we expect high
concentration. For γ = 0 and ζ > 0, the directions follow a girdle distribution. The larger γ,
the more clustered the distribution gets, where ζ is again strictly greater than 0.
In Sections 4.2 and 4.3, we apply the directional analysis to our data. First, we calculate γ
and ζ (Equation (3.2)) to analyze shape and strength of V. Afterwards, we use the eigenvector
of T (2) to measure the difference between directional distributions of neighboring subfields.
In both cases, we have to deal with the spatial inhomogeneity of the structure.
To overcome this issue, we divide each specimen into cubic subfields. Two aspects are important for the choice of the subfield size: On the one hand, the subfields must contain enough
structure, which means the volume fraction should be larger than 1%. On the other hand,
the subfields must be small enough to represent the spatial inhomogeneity. Furthermore, the
number of subfields should be reasonably large.
To determine γ and ζ, we first determine the minimum structure thickness using the granulometry (Section 3.1.5). This influences the σ parameter of the Gaussian filter and hence
the smoothing of the image before the directions are estimated. We subtract the minimum
structure thickness from the image boundary and divide each specimen into 4 × 4 × 5 subfields
each of edge length 362 pixels.
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To compare directional distributions, again the estimated vessel diameter given by the granulometry (Section 3.1.5) yields the minimum structure thickness. Then, we subtract the
minimum structure thickness given from each boundary of the image to ensure a valid filtering. Afterwards, we divide each specimen into 7 × 7 × 9 cubic subfields, each of edge length
226 pixels. Here, we choose the subfields smaller than before, as this provides a more precise
estimate for the directional distribution. To provide six neighbors to each considered subfield,
we discard subfields touching the image border. Hence, we end up with 5 × 5 × 7 subfields.
Now, the idea is to measure the difference of the directional distribution of a subfield with
each of its six neighboring subfields (above, below, left, right, in front of, behind). After that,
we take the mean value. This is done for each subfield.
More precisely, we consider the following angle α:
If for both subfields R is clustered, then for each subfield we determine the eigenvector of T (2)
corresponding to the largest eigenvalue. This gives the preferred direction of V. Then, α is
the angle between the these two eigenvectors.
For two subfields with R girdle, consequently, there is no preferred direction. Instead, we
can think of a preferred plane. Here, α is the angle between the two normals of the preferred planes. The normals are given by the eigenvetor of T (2) corresponding to the smallest
eigenvalue.
In case of R clustered for one subfield an R girdle for the other, we consider the angle β
between the preferred direction and the preferred plane. Clearly, β = 90◦ − α, where α is the
angle between preferred direction and normal of the preferred plane.
As we are not interested in the orientation of the eigenvectors, we normalize α and β such
that α, β ∈ [0, 90◦ ].

3.5 Test Spatial Point Pattern for Stationarity
To detect spatial dependencies of the pillars’ location, we analyze their arrangement on the
capillary vessel system. For this purpose, we interpret the pillars’ centers as spatial point
pattern and follow the approach stated in Baddeley et al. (2016).
Definition 3.3 (Point Process)
Let (Ω, A, P) be a probability space. Furthermore, let E be a locally bounded set with
countable basis and σ-algebra B. Denote by M the set of all locally finite measures on (E, B).
Define
N = {µ ∈ M : µ(B) ∈ N ∪ {0, ∞} for each B ∈ B}.
A point process is a measurable mapping
(Ω, A, P) → (N, N ).
For details regarding point processes see e. g. Chiu et al. (2013).
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The classical approach to examine a point pattern is first to check for stationarity. Hence,
for a stationary point pattern, we expect the number of points in all d subvolumes to be close
to each other. In particular, stationarity implies that the expected number of points in a
specific subvolume is independent of its location. We can check the hypothesis of stationarity
by using a χ2 -goodness-of-fit test with test statistic
χ2 =

d
X
(Ak − Āk )2

Āk

k=1

,

(3.3)

where Ak is the observed number of points and Āk is the expected number of points, both in
the k-th subvolume. Here,
Pd
Ak
.
Āk = k=1
d
We accept the hypothesis of stationarity, if Ak and Āk are close. More formally, it is known
that under the null hypothesis, χ2 is asymptotically χ2 -distributed with d − 1 degrees of
freedom. Thus, we accept the null hypothesis, i. e. the point pattern is stationary, if
χ2 ≤ χ2d−1,1−α ,
where χ2d−1,1−α is the (1 − α)-quantile of the χ2 -distribution with d − 1 degrees of freedom
and α is the significance level. Note that for a valid application of the χ2 -test, the number of
points in each subvolume should be greater than five.
In our case, points can only appear within the capillary system X. Let k = 1, . . . , n be
the subvolumes with Ak > 5 and l = n + 1, . . . , d denotes the subvolumes with Al ≤ 5,
n > (d − (n + 1)). Then, we calculate A¯k as follows:
Pn
k=1 Ak
Āk =
· V (X ∩ Wk ).
P
V (X ∩ W ) − dl=n+1 V (X ∩ Wl )
P
Hence, nk=1 Ak yields the overall number of points observed in all subvolumes with more
P
than five points. V (X ∩ W ) − dl=n+1 V (X ∩ Wl ) can be interpreted as the volume of the
capillary vessels in W without the volume of these vessels in subvolumes with less than five
points. V (X ∩ Wk ) denotes the volume of the capillary vessels in the k-th subvolume Wk .
To calculate the test statistic in Equation (3.3), we only consider subvolumes with Ak > 5
and A¯k > 5.

3.6 Robust ANOVA
The concept of analysis of variance (ANOVA) allows for comparing characteristics like mean
value or variance of different groups of specimens to check whether the characteristics are
significantly different from each other.
As an example, consider the fibrotic livers analyzed in Section 4.3. There, we want to compare
the influence of different treatments e. g. on the directional distribution of the capillary vessels.
We divide our specimens in four groups: control and three different types of treatment. After
a specific period of time, the shape parameter γ as well as the strength parameter ζ (Section
3.4) of each specimen is measured. Now, the question is: Are the mean values of γ and ζ
recorded for each group significantly different from each other?
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This kind of question can be answered using ANOVA. First, we introduce the classical approach. Afterwards, we also show a more robust version.
For the classical procedure, consider the following design (one-factor layout), where p is the
number of groups and nj is the number of samples for each group:
Yjk = µj + Zjk with Zjk i.i.d. N (0, σ 2 ) and j = 1, . . . , p, k = 1, . . . , nj .

(3.4)

Here, Yjk are split into the mean of each group µj and some error term Zjk .
We replace the group mean µj by µ + δj , where δj is called factor effect:
Yjk = µ + δj + Zjk , where

p
X

δj = 0.

j=1

Then, we can test the hypothesis
H0 : µ1 = . . . = µp , i. e. δ1 = . . . = δp = 0
against the alternative
H1 : δj 6= 0 for at least one j.
The test statistic

Pp
2
N −p
j=1 nj (Ȳj• − Ȳ•• )
R=
P
P j
p − 1 pj=1 nk=1
(Ȳjk − Ȳj• )2

with
Ȳ••

p nj
1 XX
Yjk
=
N
j=1 k=1

and
Ȳj•

nj
1 X
=
Yjk
nj
k=1

compares the variability of the data within each group to the variability
Pp of the data between
the groups. It is known to be Fp−1,N −p -distributed, where N = j=1 nj . So, we can accept/reject H0 according to the quantiles of the F -distribution. For a detailed introduction
to ANOVA see e.g. Montgomery (2005). In this thesis, we use the R function aov() implemented in the R standard library version 3.3.1.
Note that Equation (3.4) requires specific assumptions: First, Yjk needs to be normally
distributed. Second, the variances for each group must be equal (homoscedatisity). Third,
Yjk must be independent. It is of great importance to carefully check these assumptions, as
they are often violated in practice.
Clearly, samples from different specimens can be considered as independent. Only samples
from the same specimen are dependent. Especially, if the samples are directly neighbored to
each other. For our application, these cases appear rather rarely. Hence, we the assumption
of independence can be justified.
Exemplarily, we present how to check the assumptions of normality and homoscedastisity for
the mouse liver data analyzed in Section 4.3. We consider the parameters γ and ζ coming
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from directional analysis (see Section 3.4).
To test the assumption of normality, we plot the empirical density functions of our data and
visually compare them to the density curve of the normal distribution having the same mean
and variance (see Figure 3.13). In particular, the high deviation in skewness and kurtosis
from a normal distribution is expected to disturb the outcome of ANOVA (see Games (1984)
and Tan (1982)). Even after applying a logarithmic transformation to our data, the deviation from a normal distribution seems too big. One example is shown in Figure 3.14. The
remaining transformed data look similar.

Figure 3.13: Density plots of γ and ζ for each group (solid) and corresponding normal distributions having the same mean and variance (dashed) for the mouse liver data
presented in Section 4.3.
Second, we focus on the assumption of homoscedastisity, i. e. all groups having the same
variance. There exist many tests to check this assumption. We present two approches shown
in Conover et al. (1981) which do not necessarily require normality: the non-parametric
Fligner-Killeen test (see Fligner and Killeen (1976) for the original version and Conover et al.
(1981) for the robust adaption) and Levene’s test (see Levene (1960)). Conover et al. (1981)
compared different testing procedures. They found that out of these tests Levene and FlignerKilleen are most powerful and robust against departure from normality.
For both tests, the null hypothesis is
H0 : σ12 = . . . = σp2
against the alternative
H1 : σi2 6= σj2 for at least one pair i, j ∈ {1, . . . p}.
Levene’s test shifts the data Xjk by their median X̃j and takes the absolute value:
Yjk = |Xjk − X̃j |.
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Figure 3.14: Density plot of the logarithmic ζ of group CCl4 (solid) and corresponding normal
distribution having the same mean and variance (dashed) (Data: mouse liver,
see Section 4.3). The deviation from the corresponding normal distribution is
still clearly visible.
Then, the usual ANOVA procedure stated above is applied to check H0 .
The Fligner-Killeen test first shifts the data Xjk by the median of the squared observation
X˜j2 and considers the absolute value:
Yjk = |Xjk − X˜j2 |.
Then, for each group j the sequence of Yjk is sorted in ascending order.
Let (k) be the rank of Yjk . Now, we assign the following score a(k) to each Yj(k) :
a(k) = Φ−1 (

1+

(k)
N +1

2

)

P
with N = pj=1 nj and Φ−1 is the inverse of the distribution function of N (0, 1).
The test statistic is given by
Pp
j=1 nj (a(k) j − a(k) )
T =
,
σ 2 (a(k) )
where a(k) j and a(k) denote the sample mean of a(k)j and a(k) , respectively. T is known to
be χ2(p−1) -distributed. The computation uses the R function leveneTest(), which can be
found in the car package (Companion to Applied Regression, see Fox and Weisberg (2011),
version 2.1-4) and fligner.test() included in the R standard library version 3.3.1. Table
3.1 summarizes the results. As the p-value is 0 for all cases, we can clearly reject the null
hypothesis of homoscedastisity.
We check all data considered in this thesis for normality and homoscedastisity. They fulfil
neither the first nor the second. Hence, the usual ANOVA approach is not suitable. In the
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Feature

p-value Fligner

p-value Levene

ζ
γ

0
0

0
0

Table 3.1: p-values for two different tests of homoscedastisity for the mouse liver data presented in Section 4.3. The hypothesis of all variances being equal is clearly rejected.
following, we present methods which are robust against non-normality and heteroscedastisity.
We use them to test the data in Section 4.
Often, the Kruskal-Wallis H-Test (see Kruskal and Wallis (1952)) is proposed as a nonparametric alternative to ANOVA. But, as stated in the review paper Vargha and Delaney
(1998), Kruskal-Wallis only tests the hypothesis of all distributions being the same against
the alternative of being different from each other. Especially in case of non-symmetric distributions, it is not obvious, where the difference comes from. They could differ w. r. t. mean,
median, variance, skewness, kurtosis and so on. The statement Kruskal-Wallis tests the hypothesis of multiple means being equal is therefore misleading. To show this hypothesis, a crucial assumption is that the empirical densities have the same shape. In particular, this means
that the distributions are only allowed to differ w. r. t. their mean parameter. They must
coincide regarding all other parameters like variance, skewness, and kurtosis (shift model).
In the following, we present an ANOVA-like procedure based on trimmed means (see Wilcox
(2017)). This approach allows for non-normality and heteroscedastisity. The main idea is not
to compare the sample mean but robust measures for the actual mean of the distribution like
the trimmed mean.
Definition 3.4 (Trimmed Mean)
Let F be a distribution function. cγ and c1−γ denote the γ and (1 − γ) quantiles of F ,
0 < γ ≤ 0.5.
Then, the γ-trimmed mean µt is defined as follows:
Z c1−γ
1
µt :=
x dF (x).
1 − 2γ cγ
So, to obtain µt , the distribution function F is truncated at the γ and 1 − γ quantiles. To
ensure that µt still lies between 0 and 1, a division by 1 − 2γ is necessary. We cut off the tails
of the distribution to reduce their influence. For symmetric probability density functions, the
trimmed mean is an unbiased estimator for µ.
Afterwards, the ANOVA procedure works straight forwardly. We test the hypothesis
H0 : µt1 = . . . = µtp
against the alternative
H1 : µti 6= µtj for at least one pair i, j = 1, . . . , p,
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Feature

ANOVA trimmed means

standard ANOVA

Kruskal-Wallis

ζ
γ

0
0

0
0

0
0

Table 3.2: p-values for three different tests of H0 : All group means are equal for the mouse
liver data presented in Section 4.3. All tests clearly reject H0 .

where again p is the number of groups and µtj , j = 1, . . . , p, are the trimmed means of each
group. For the exact calculation of the test statistic see Wilcox (2017).
This procedure is implemented in the R function t1way() included in the package WRS2 (see
Mair et al. (2017)). We always use the default trimming level of γ = 0.2.
As an example, we apply the robust ANOVA to the data presented in Section 4.3. Our
null hypothesis is: The mean values of all four groups (control, MDR2, CCl4 and TAA) are
equal. We test H0 for the shape parameter γ and the strength parameter ζ. See Table 3.2 for
the outcome. For comparison we also apply the Kruskal-Wallis test and standard ANOVA.
Computation of the Kruskal-Wallis test is performed using the R functions kruskal.test()
implemented in the standard library version 3.3.1.
Although the standard ANOVA approach as well as Kruskal-Wallis are said to be not suitable
in that situation, all tests yield a p-value of 0 for both features. The reason for this might be
that the departure form normality is not that strict. Especially for γ, it could be justified to
assume normality. Moreover, it can be said that the shapes of the distributions within each
group are rather similar and the deviation of their variances appears to be small. Nevertheless, we are on the save side using ANOVA with trimmed means.
If ANOVA rejects the hypothesis of all means being equal like in our case, a further question
would be: Which groups differ significantly from each other? One robust method for multiple
comparison uses the linear contrast (Wilcox (2017)). Again, we consider the trimmed means.

Definition 3.5 (Linear Contrast)
Let p be the number of groups and µtj is the γ-trimmed mean for the j-th group, j = 1, . . . , p.
P
Furthermore, let cj be constant such that pj=1 cj = 0. Then, a linear contrast is given by

Ψ=

p
X

cj µtj .

j=1

Now, we want to perform a pairwise comparison of the trimmed means of each group. A
typical choice for the constants to compare group i and j is ci = 1, cj = −1, and cm = 0 for
all m 6= i, j. Let k = 1, . . . , l be the number P
of comparisons. To check the trimmed means of
all groups, we need l linear contrasts: Ψk = pj=1 cjk µtj , k = 1, . . . , l.
So, our hypothesis is as follows:
H0 : Ψk = 0 for all k = 1, . . . , l.
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3.6 Robust ANOVA
Our test statistic is
Ψ̂k
Tk = √
for all k = 1, . . . , l,
Ak
where Ψ̂k is √an estimate of Ψk and Ak is an estimate of the squared standard error of Ψ̂k .
Division by Ak controls the problem of multiple testing.
We reject H0 , if |Tk | > tk with tk being the (1−α) percentage point of the l-variate Studentized
maximum modulus distribution. For details see Wilcox (2017).
The method is implemented in the R function lincon() in the WRS2 package.
It is important to be aware of the problem of multiple testing. For example, consider a sample
x1 , . . . , x100 . If we perform a statistical test with α = 0.05, we can expect 5 false positives.
Now, if we perform 20 tests on the same sample, the probability to obtain an error of type I
grows:
α = Pθ (X 6∈ S) = 1 − Pθ (X ∈ S) = 1 − 0.9520 = 0.64.
So, if we would reject H0 in case of its p-value being smaller than α, we would expect 64
false positives. Hence, if we perform multiple tests on the same data set without further
corrections, α grows in an uncontrolled way.
There exist many methods to correct the p-value such that the overall significance level does
not exceed α (see Wright (1992)). Suppose, we want to test C hypotheses with overall
significance level α. The most intuitive approach is the so-called Bonferroni method. Here,
we reject the i-th null hypothesis H0i , if
Cpi ≤ α,
where pi , i = 1, . . . , C, are the p-values of the i-th test. Thus, each test is performed at
significance level α/C. It can be shown, that the probability of falsely rejecting any H0i is
less than or equal to α. So, Bonferroni’s method is quite conservative in the sense that it is
very unlikely to falsely reject even one null hypothesis.
A more powerful procedure is provided by Holm (1979). The p-values are ordered starting
with the smallest: p(1) . . . , p(C) . We test H0(i) and reject, if
(n − i + 1)p(i) ≤ α.
The procedure stops, if the first H0(i∗ ) is rejected. Due to the ordering, all H0(i) with i > i∗
are also rejected.
In this thesis, we always adjust the p-values based on Holm’s method applying the R function
p.adjust(.,method="holm") from the standard library version 3.3.1.
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In this section, we apply the the methods given in Section 3 to SRµCT data of mouse organs.
We always consider the blood vessel system of the specific organ. We focus on three different data sets: compensatory lung growth as well as fibrosis in lung and liver. In all three
applications, reorganization of capillary vessels is crucial.
There are two known forms of blood vessel formation from preexisting ones (see Figure 4.1):
During sprouting angiogenesis, the vessels’ basement membrane is broken down and endothelial cells form a camber (Risau (1997)). A more efficient way of vessel growing is so-called
intussusceptive angiogenesis. Here, a tissue bridge splits a preexisting vessel longitudinally
into two new ones (Burri et al. (2004)). The tissue bridges leave behind small holes that pierce
the vessels within a vascular corrosion cast. These torus-shaped holes are called intussusceptive pillars. The number of pillars strongly correlates with the degree of active intussusceptive
angiogenesis: The more pillars appear, the more intussusceptive angiogenesis is in progress
(Mentzer and Konerding (2014)).

Figure 4.1: SEM image of capillary vessels with intussusceptive pillars (arrows) and sprouts
(circles), see Konerding et al. (2012).
The first application in this section focuses on compensatory lung growth. A significant
amount of lung diseases is accompanied by loss of lung tissue. One example for that situation
are bronchial carcinoma, where the diseased side of the lung needs to be resected. It is known,
that smaller mammals and rodents compensate for the loss of lung tissue very efficiently: For
example, the lung of a mouse completely regains its original capacity by compensatory growth
within 21 days after resection of the left lobe (Konerding et al. (2012)). Thus, the question
arises what triggers and drives compensatory lung growth and its accompanying blood vessel
formation.
Second, we consider idiopathic pulmonary fibrosis, a disease, in which an accumulation of
connective tissue forms scars in the lung tissue (Raghu et al. (2011)). Due to this process,
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the lung becomes less flexible and breathing becomes extremely exhausting. As the reasons
for this disease are not completely clear, the healing options are rather poor.
Since the lung tissue still has to be supplied with blood, changing the tissue architecture
directly influences the formation of capillary blood vessels. To date, it is unclear, how the
formation of new blood vessels correlates with the progression of fibrosis. In our studies, we
characterize the different behavior of the capillary vessels in a fibrotic lung compared to those
in a healthy lung to contribute to the understanding of this process.
Furthermore, pulmonary fibrosis can be understood as an uncontrolled overreaction of lung
growth. Examining this disease helps to understand the mechanisms of lung regeneration.
Third, as in case of pulmonary fibrosis, fibrosis in livers refers to a pathological transformation
of tissue. A healthy liver shows a high regenerative capacity. After injury, it rapidly restores
its original structure and mass even when large parts are destroyed or removed. However,
in chronic liver disease this regenerative capacity implies a strong inflammation and wound
healing response (scar tissue formation). Then, scar tissue replaces a large part of the liver
and blood flow is interrupted. This can directly lead to liver failure (Bataller and Brenner
(2005)). The accumulation of scars is called fibrosis. The more advanced form is known as
cirrhosis.
During fibrosis, the liver’s blood vessels system is strongly deformed. Hence, we can observe
the process of fibrosis by analyzing the capillary blood vessel structure.

4.1 Analysis of Compensatory Lung Growth
In this section, we aim at investigating the temporal regeneration process of the mouse lung.
To this end, we remove the left part of the lung (pneumonectomy) and observe the compensatory growth of the right part after a certain period of time. Due to previous studies
(Konerding et al. (2012)), the periods are chosen as days 5, 9, and 21 after pneumonectomy.
We refer to these time spans as post operation days (PODs). The right part of the mouse
lung consists of four lobes. Compensatory lung growth mainly takes place in one of them,
the so-called cardiac lobe (Konerding et al. (2012)). Hence, all further analysis is restricted
to that area. This work was already published in Föhst et al. (2015).

4.1.1 Experimental Setup
Treatment of Mice
For our studies, we investigate lung growth in 8 to 14 week old male C57/B6 mice weighing
between 21 g and 29 g. The animal care was in accordance with local institutional guidelines.
The mice were housed in groups of four. Directly after surgery, they were kept individually
in a 12 h light dark cycle at 22 ◦ C with food and water ad libitum.
To detach the left part of the lung, mice were anesthetized with Ketamine 100 mg/kg and
Xylazine 6 mg/kg. After intubation with a 20 gauge catheter under direct vision, animals were
ventilated with a Harvard Apparatus rodent ventilator at 200 bpm, 10 ml/kg stroke volume,
and 3 cm H2 O PEEP (Positive End-Expiratory Pressure). In each mouse, we performed a
left-sided pneumonectomy meaning we removed the left part of the lung through a small
incision between two ribs, i. e. the left part of the thorax remains widely empty. After wound
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closure breathing effort resumes and the lung starts to regenerate by growing into the empty
space.
To investigate the process of lung growth, we prepare the mouse lungs as vascular corrosion
casts after certain time spans. For details see Föhst et al. (2015). This procedure results in
a plastic replica of the vascular system.

Samples
We take data from five different animals at three PODs plus control specimens. Multiple
casts are prepared at each time point. Intensity of the process of lung regeneration is thought
to be strongly dependent on the location within the cardiac lobe. Hence, we pick samples
from different regions. All these samples can be found in Figure 4.2.

(a) PY 133 POD 5

(b) PY 134 1 POD 5

(c) PY 134 2 POD 5

(d) PY 137 1 POD 9

(e) PY 137 2 POD 9

(f) PY 143 POD 21

(g) PY 159 1 Control

(h) PY 159 2 Control

Figure 4.2: Overview of all analyzed PY scans. Physical size: 530 µm × 530 µm× 760 µm
corresponding to 1430 × 1430 × 2048 pixels at pixel size of 370 nm.

SRµCT Imaging
To analyze different states of lung growth, SRµCT images were obtained using the beamline
TOMCAT (Stampanoni et al. (2006)) of the Paul-Scherrer-Institut (Villigen, Switzerland).
The beam energy was 17 keV with X-rays converted to visible light for subsequent detection
using a 30µm thick LAG scintillator. The effective pixel size is 370 nm and every scan has a
volume of 20483 pixels.
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Algorithm: Segment Blood Vessels (Compensatory Lung)
Data: Gray value image I0 showing vessel structure
Result: Binary image I9 of capillary vessels and filled large vessels
(i) Smoothing: Mean filter followed by median filter both with cubic filter mask of edge
length 3 pixels → I1
(ii) Segmentation of capillary vessels: Otsu’s method → I2
(iii) Fill vessels with diameter greater than 30 µm
while Large vessels of I2 are still empty do
 I3 = δCl (I2 ) with l ∈ {2, . . . , 12}
 Label background → I4
 Extract connected component of vessel’s interior → I5
 Binarize I5 → I6
 I7 = δCl (I6 ) with the same l ∈ {2, . . . , 12} as above
 I8 = I2 + δCl (I7 )
 Set I2 = I8

end
(iv) Ensure morphological regularity → I9

Figure 4.3: Algorithm to segment the blood vessel structure (compensatory lung).

4.1.2 Image Preprocessing
The basic segmentation procedure was already explained in Section 3.2. Here, we give further details and specific parameter values regarding the data considered in this section. The
algorithm in Figure 4.3 summarizes the segmentation procedure.
First, we smooth the image using a mean filter followed by a median filter (Section 2.5). A
mean filter with larger mask would blur the edges. As the resulting images are still noisy, we
additionally use a median filter with a mask of the same size. On one Intel Xeon E5-4650L
core running at 2.6 GHz, the entire filtering takes about 5 hours per scan.
Second, we binarize the filtered image using Otsu’s method (Section 2.5).
Third, we proceed with the filling procedure. It consists of five steps shown in Figure 4.4. Our
goal is to completely close the walls of the large vessels such that we can clearly separate the
interior from the background. We start with the binary image generated by Otsu’s method
(Figure 4.4(a)). Then, we apply a dilation with a cubic structuring element (Figure 4.4(b)).
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(a) Binarize.

(b) Dilate foreground.

(c) Label background.

(d) Extract label.

(e) Dilate label.

(f) Add to binarization.

Figure 4.4: Planar sections of images showing different steps of the filling procedure. Size of
each slice: 197 µm × 197 µm corresponding to 530 × 530 pixels at a pixel size of
370 nm.
The size of this element depends on thickness and roughness of the blood vessels. We choose
the size interactively for every scan and every iteration step. The thinner and the rougher
the structure appears, the larger the structuring element needs to be. Typical values for the
cube’s edge length range from 2 to 12 pixels. The result can easily be checked by looking only
at the large vessels.
Afterwards, we assign a unique label to each connected component of the background using the
26-neighborhood (Figure 4.4(c), Section 2.5). Then, we extract the label of the vessel’s interior
(Figure 4.4(d)). To compensate for the dilation of the vessel’s wall, we dilate the interior label
by the same structuring element that we used in step one (Figure 4.4(e)). Finally, the dilated
label is added to the initial binary image (Figure 4.4(f)). If this procedure fills the vessel
successfully, we are done. Otherwise the filling procedure has to be repeated using a smaller
structuring element. In the example below, one additional iteration could improve the filling
and remove the black ring around the large vessel in Figure 4.4(f). The challenge is always
to balance between preserving the exact shape of the vessels’ wall and optimizing the degree
of filling.
For a typical scan, the runtime for one iteration of the filling procedure sums up to about 45
minutes on one Intel Xeon E5-4650L core.
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Definition of Observation Window
General remarks about constructing the observation window W were already given in Section
3.1.1.
Here, the explicit construction consists of two steps: First, add all regions of the scan attached
to capillary vessels. Then, remove all larger blood vessels, since pillars appear only on the
capillary level. Implementation details are given below. We will refer to this image as mask
image.
The empty spaces next to capillary vessels constitute alveoli, which play a major role in
gas exchange. As they can not be observed directly in corrosion casts, we start with their
reconstruction. Knowing that alveoli have a mean diameter of about 35 µm for mice (Soutiere
et al. (2004)), we apply a closure with an appropriate structuring element. As we only aim
at a rough estimate for the volume, we use a cube as structuring element. This saves runtime
throughout the closure algorithm. To cover large outliers as well, its edge length is chosen
as approximately 100 µm, which is about three times the alveolar diameter. Hence, we can
approximate the region covered by the alveoli and make sure that the entire capillary structure
is added to the mask, whereas the empty regions remain background.
In a second step, we have to remove the large blood vessels, which all appear filled after the
preprocessing explained above. The idea is to assign one specific label to the large vessels.
To this end, we first apply an opening to cut the capillary structure. Then, a labeling yields
the large vessels as they are not connected to the capillary structure any more. Finally, the
large vessel can be extracted according to its label and removed from the mask image.

4.1.3 Results
In this section, we apply the algorithm described in Section 3.3 to the data in Figure 4.2 to
detect and quantify pillars in every scan. We consider the pillar density defined as
d=

N
,
V (W )

(4.1)

where N refers to the number of pillars in each scan. V (W ) is the volume of the corresponding
observation window constructed in Section 4.1.2.
As the topology of markers hitting the image boundary is not observable, classification of
these objects is impossible. Hence, the pillar densities are estimated on a reduced window
ensuring that all markers centered in this window are completely contained in the image
(minus-sampling, see Section 3.1.2).
To calculate the pillar density d (Equation (4.1)), we first compute the volume V (W ) as
described in Section 3.1.3. Furthermore, we apply the algorithm described in Section 3.3 to
determine the total number N of pillars for every scan on the reduced window. For a typical
scan of size 1430 × 1430 × 2048 pixels, the runtime amounts to about three hours on one Intel
Xeon E5-4650L core.
Figure 4.5 summarizes the results. It can immediately be seen that the variance even within
one animal is very high.
This behavior appears to be reasonable, since we expect the lung to grow with significant
spatial heterogeneity (see Konerding et al. (2012)). Furthermore, as already explained in
Section 4.1.1, the left part of the thorax remains empty directly after resection. In the
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following days, this empty space is occupied by the cardiac lobe, which shifts over into the
left hemithorax and fills it in the course of the compensatory lung growth. For some regions,
the growing process might be faster depending on local mechanical properties (Ysasi et al.
(2013)).

POD

Scan

Pillar density

X̄n

Ŝn

Control
Control

PY 159 1
PY 159 2

9.27e-06
1.87e-05

1.40e-05

6.64e-06

5
5
5

PY 133
PY 134 1
PY 134 2

3.51e-05
3.26e-05
1.15e-05

2.64e-05

1.30e-05

9
9

PY 137 1
PY 137 2

2.94e-05
3.01e-05

2.98e-05

4.51e-07

21

PY 143

2.50e-05

2.50e-05

0

Figure 4.5: Pillar density of all compensatory lung growth specimens. X̄n refers to the sample
mean and Ŝn gives the standard deviation of the pillar density for each sample.

4.1.4 Discussion
We apply the pillar detection algorithm (Section 3.3) to eight SRµCT images of corrosion
casts of mouse lungs. They were taken at different points in time after resection of the left
lung (see Section 4.1.3). Note that there is only a small amount of data available and the
variance even within the same animal (PY 134) can be huge. Nevertheless, one could get the
impression, that most of the pillars are present at POD 5.
This could mean that the highest degree of angiogenesis can be observed five days after
resection. For POD 9 and POD 21 the degree of active angiogenesis seems to decrease. This
is reasonable as the lung of a mouse regains its original capacity around 21 days after resection.
Thus, it would be of great interest to consider a larger amount of data to make our analysis
statistically significant. The algorithm we presented in this section provides input for a wide
range of analysis. Besides the pillar density we investigated so far, it would also be interesting
to consider the spatial distribution of pillars.
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4.2 Analysis of Fibrosis in Mouse Lungs
In the following, we consider the effect of fibrosis on the capillary system of the mouse lung.
First, fibrosis is induced by a special treatment and afterwards medicated. Ackermann et al.
(2017) considered the same set up and already provided some first measurements based on
2D images and other factors. Our analysis is based on 3D SRµCT data. We apply the
methods discussed in Section 3 to quantitatively characterize the differences between vessel
architecture in fibrotic, medicated, and healthy specimens.

4.2.1 Experimental Setup
Treatment of Mice
C57BL/6 mice were treated by bleomycin (0.5 mg/kg) to induce lung injury with subsequent
fibrosis. Seven days after bleomycin administration, some of the mice were treated with
nintedanib (50 mg/kg) to trigger a partial healing process. Afterwards, they were sacrificed
by vascular corrosion casting. For details on the treatment and the procedure of vascular
corrosion casting see Ackermann et al. (2017).

Samples
We consider five specimens. Two of them form the control group. One was treated with
bleomycin to induce fibrosis. The remaining two were first treated with bleomycin and afterwards medicated with nintedanib. All specimens are shown in Figure 4.6.

SRµCT Imaging
The samples were scanned at an SRµCT with an energy of 12.398 keV at the Materials
Science Beamline TOMCAT (Stampanoni et al. (2006)) at the Swiss Light Source of the
Paul-Scherrer-Institut (Villigen, Switzerland).
The samples were scanned without binning with an optical magnification resulting in a pixel
size of 325 nm and 2560 × 2560 × 2160 pixels per scan. Reconstruction of the volume of
interest was performed using highly optimized filtered back-projection. For further details on
the scanning procedure see Ackermann et al. (2017).
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(a) Bleo 6: Fibrosis.

(b) Bleo 17: Control.

(c) Bleo 52: Control.

(d) Bleo 63: Medicated fibrosis.

(e) Bleo 66: Medicated fibrosis.

Figure 4.6: Overview of all analyzed Bleo scans. Each pair shows the entire scan on the
left and a detailed subsample on the right. Physical size entire scan: 590 µm ×
590 µm× 700 µm corresponding to 1810 × 1810 × 2160 pixels at pixel size 325 nm.
Physical size subsample: 295 µm × 295 µm× 295 µm corresponding to 905 × 905 ×
905 pixels at pixel size of 325 nm.
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Algorithm: Segment Blood Vessels (Fibrotic Lung)
Data: Gray value image I0 showing vessel structure
Result: Binary image I9 of filled large vessels and binary image I10 of capillary
vessels
(i) Smoothing: Linear spread in range of interest → I1
(ii) Segmentation of capillary vessels:
 Binarization with global threshold 1 → I2
 I 3 = I 2 ◦ C4

(iii) Fill vessels with diameter greater than 30 µm
 I4 = I3 • C10
 I5 = I4 ◦ B15
 I6 = I3 − I5C
 I7 = I6 ◦ B3
 I8 = I7 • B15

(iv) Ensure morphological regularity of I8 and I2 → I9 and I10

Figure 4.7: Algorithm to segment the blood vessel structure (fibrotic lung).
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4.2.2 Image Preprocessing
In Section 3.2, we already sketched how to segment the vessel structure X from the image.
Here, we give the exact workflow for the data considered in this section. It is summarized in
Figures 4.7 and 4.8. Note that X changes during the processing steps. To simplify notation,
we always write X for the current (updated) set of foreground pixels.
To segment the capillary structure, Otsu’s threshold (Section 2.5), which is located directly
after the peak in Figure 4.9(a), yields good results for the capillary structure. Yet, it leaves
the large vessels completely empty (Figure 4.9(b)). A previous filtering step does not change
that. For the sake of comparability, we aim at filling these vessels as for all data in this thesis.
Decreasing the threshold to achieve filled vessels, assigns the complete vessels to the foreground. However, the resulting image is nearly completely white (Figure 4.9(c)), as the gray
value inside the large vessels rarely differs from the gray value between the vessels structure.
Hence, we start with a linear spread. This can be seen as a smoothing step, as noise pixels in
the background are removed. To emphasize the gray value difference in the structure X we
are interested in, we spread only in the range from the peak in Figure 4.9(a) to the end. This
has to be chosen for each scan individually. We binarize the result with lower threshold 1 and
apply a morphological opening X ◦ C4 to remove background noise. Now, the capillary vessels
are captured quite well. Furthermore, the large vessels do not appear completely empty. This
enables us to use morphological operations to reconstruct their interior.
We first fill the large vessels very roughly with a closure X • C10 . Afterwards, we remove the
capillary structure by X ◦ B15 . We switch from cube to sphere as structuring element, since
spheres approximate the round organic structure much better than cubes. The computation of
morphological operations with spheres requires more computation time and memory. Hence,
we used cubes in all previous steps as the exact shape of the structure was not important.
To reconstruct the wall of the large vessels, we take the complement and subtract it from
the segmentation of the capillary structure. By just filling the vessels with a morphological
closure, we lose the complex structure at the border of these vessels. After X ◦B3 and X •B15 ,
we end up with a good segmentation of the large vessels.
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Figure 4.8: Workflow of segmenting large and capillary vessels.

Definition of Observation Window
The basic idea to construct the observation window W was already explained in Section 3.1.1.
As for the case of compensatory lung growth, alveoli are not displayed in our data due to
the preparation method (Section 4.2.1). They are placed in the background between the
capillary vessel structure. We determine the reference volume as explained in Section 4.1.2.
To approximate the regions covered by alveoli, we perform a morpholocial closure with a
spherical structuring element of radius 150 pixels (97.5 µm).
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(a) Histogram of gray
value image.

(b) Result after binarization by thresholding at plateau after peak to obtain
the capillary structure.
Large vessels
appear empty.

(c) Result after binarization by thresholding at peak to fill the
large vessels. Due to
low differences in gray
value, the space between the vessels is
also assigned to the
foreground.

Figure 4.9: Binarization for two different thresholds. Both results are not satisfying. Hence,
preprocessing is necessary.

4.2.3 Results
To find a feature which describes fibrosis in the capillary vessel structure of mouse lungs,
we consider three different characteristics. First, we estimate the vessel diameter. Then, we
focus on the local directions of the vessels. Finally, we compute the number of intussusceptive
pillars. We compare the different groups: control, fibrosis, and medicated fibrosis and suggest
indicators, which could be used to identify fibrotic blood vessels in further studies with higher
amount of data.

Granulometry
To compute the diameter of the capillary vessel structure X, we estimate the granulometry
distribution function G(d) defined in Section 3.1.5. In Figure 4.10, we show the granulometric
curves. Peaks indicate the thickness of the predominant structure.
For all groups, we observe the highest peak at 2.6 µm. Furthermore, higher vessel diameter
was reached for the fibrotic specimen than for control and medicated. This clearly fits the
visual impression (compare Figure 4.6). Hence, granulometry seems to be a promising feature
to characterize fibrotic blood vessels.
Moreover, the measurement is required as input for the following directional analysis.
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Figure 4.10: Pillar density for each specimen of fibrosis in mouse lungs.

Directional Analysis
Evaluating the directional information contained in the different specimens, we consider two
aspects. First, we analyze the shape parameter γ and the strength parameter ζ. Second,
we compare the differences between directional distributions. We choose the subfield size as
explained in Section 3.4. To estimate γ and ζ on average 75 of 80 are valid. For calculating
the directional distribution, we consider on average 158 of 175 possible subfields.
First, we calculate the shape parameter γ and the strength parameter ζ for each subfield
(Figure 4.11).
The 20% trimmed means over all values of γ for each group are 1.13 for the control, 1.12
for the fibrotic specimen, and 1.21 for the medicated group. Hence, the values do not show
notable differences between the groups. This impression is confirmed by applying the robust
ANOVA proposed in Section 3.6. Testing the hypothesis of all means being equal yields a
p-value of 0.79. Thus, there is no significant difference between the mean values.
For ζ, we get comparable results. The 20% trimmed means are 0.177 for the control as well
as fibrosis and 0.166 for the medicated group. The robust ANOVA yields a p-value of 0.45
clearly accepting the hypothesis of all mean values being equal.
The outcomes for the preferred directions are depicted in Figure 4.12. The dotted lines refer to
the 20% trimmed mean of each group. We observe a slight difference between the control group
(40.94◦ ) and the two others (46.84◦ and 46.97◦ ). Hence, the differences between directional
distributions of neighboring subfields is smallest for the control group. The structure appears
more regular than for the other two cases. This impression is supported by statistical testing.
The robust ANOVA (Section 3.6) checking for differences between the three mean values
yields a p-value of 0. Hence, at least one mean value differs from the others. Applying post-
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Figure 4.11: Left: Mean values of shape parameter γ and strength parameter ζ for all specimens. Right: Boxplots of γ and ζ showing median, standard deviation, and 20%
trimmed mean of γ and ζ.
hoc analysis shows that the mean of the control group differs from those of the fibrotic and
the medicated group (p-value of 0 in both cases). Furthermore, there is no difference between
fibrotic and medicated specimens (p-value of 0.72).

Pillar Analysis
We calculate the pillar density for each specimen shown in Figure 4.6 in the same way as for
the case of compensatory lung growth in Section 4.1.3. Figure 4.13 shows the pillar density
(number of pillars per µm3 ) for each scan.
Despite the poor amount of data, we observe a clear trend. The fibrotic lungs show a much
higher pillar density than the two control lungs. This indicates a strong vessel growing and
fits the interpretation of fibrosis being an uncontrolled lung growth. In the two medicated
lungs, the pillar density is higher than in the control but lower than in the fibrotic lung.
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Figure 4.12: Each box summarizes the mean angle of the directions defined in Section 3.4
of each subfield with its six neighbors. The band within each box refers to the
median, the boundaries to the first and third quantile, and the whiskers to the
minimum and maximum data points.

4.2.4 Discussion
Our study can be seen as an extension of the work by Ackermann et al. (2017). They also
investigated the effect of nintedanbin on bleomycin-induced fibrosis in the vascular architecture of mouse lungs. Yet, they focused on the measurement of specific factors as well as on
evaluating histological sections. They also considered the SRµCT data we used in this section
and analyzed them qualitatively.
For our sample of five specimens, the shape parameter γ as well as the strength parameter ζ
do not show significant differences between the three groups. Despite from the small amount
of data, this might also be due to the fact that we need larger subfields to determine stable
estimates for γ and ζ. The lung structure is strongly heterogeneous. Subfields containing
regular and chaotic structure at the same time, blur the estimates for γ and ζ. A possible
solution would be to scan the specimens with a higher resolution.
The findings regarding the directional distribution (Figure 4.12) do not completely fit the
observations of Ackermann et al. (2017). They found that bleomycin treatment damages the
alveolar morphology. There was no hierarchy within the vessel system. Instead, a chaotic
arrangement was observed. Nintedanib restored a normal pulmonary vascular architecture.
We also observed that the control group appears most regular. Yet, we can not confirm a
difference between fibrotic and medicated specimens. However, it is important to note that
for the fibrotic group there is only one specimen available, which might not be a typical rep-
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Treatment

Scan

Pillar density

X̄n

Ŝn

Control
Control

Bleo 17
Bleo 52

2.27e-06
2.35e-06

2.31e-06

5.90e-08

Fibrosis

Bleo 6

8.07e-06

8.07e-06

0

Medicated
Medicated

Bleo 63
Bleo 66

5.30e-06
3.06e-06

4.20e-06

1.58e-06

Figure 4.13: Pillar density of all fibrotic lung specimens. X̄n refers to the sample mean and
Ŝn gives the standard deviation of the sample.
resentative of the fibrotic vessel architecture.
Furthermore, Ackermann et al. (2017) considered the diameter of the capillary vessels. The
fibrotic specimen showed a higher diameter than the medicated ones. This indicates a normalizing effect.
Here, the granulometry could be used for further investigation. Figure 4.10 also indicates a
higher vessel diameter for the fibrotic specimen than for control and medicated. However,
as the fibrotic blood vessels often show an elliptical cross section, it is not intuitive how to
define the diameter of the vessel. Using the granulometry, we get the shortest elongation of
the ellipse as diameter.
Applying our pillar finding algorithm (Section 3.3) allows for a quantitative analysis of intussusceptive pillars for the first time. We find the highest pillar density in the fibrotic specimen
indicating a high degree of active angiogenesis. This seems plausible, since the scarring during
fibrosis forces the vessels to grow.

4.3 Analysis of Fibrosis in Mouse Livers
The liver is separated into different hexagonal cells, so-called lobules. In mice, their size ranges
between 50 and 250 µm. In each lobule, the blood vessels follow a star-shaped ordering.
Starting from all six corners, they meet in the center of the lobule. During fibrosis, the
blood vessel system gets extremely harmed and deformed. Hence, to ensure the blood supply,
vessel growing and reorganization is required. Thus, we can observe the process of fibrosis by
analyzing the capillary blood vessel structure.
In our studies, we investigate the differences between healthy and fibrotic blood vessels in
the liver. First, we segment the vessel system. Again, the challenge will be the separation of
capillary and larger vessels as fibrosis only affects the capillary structure.
In a second step, we characterize the disorder within the fibrotic vessel architecture compared
to a healthy liver applying the methods from Section 3. We estimate the vessel diameter
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using granulometry and describe their directional distribution. Furthermore, we investigate
the intervascular space measuring the spherical contact distribution function. Finally, as
active vessel growing involves the formation of intussusceptive pillars, we determine their
density.

4.3.1 Experimental Setup
Treatment of Mice
For our studies, we consider three classical mouse models to induce fibrosis. In CCl4 (Slater
et al. (1985)) and TAA (Zimmermann (1976)), fibrosis is caused by special medication. In
MDR2 (Mauad et al. (1994)), the genes were manipulated such that mice spontaneously
develop fibrosis after a certain period of time.

Hepatotoxin-Induced Liver Fibrosis
Hepatotoxin-induced liver fibrosis was induced in 7-8 weeks old mice by chronic injections of
carbon tetrachloride (CCl4 , Sigma-Aldrich, Munich) or thioacetamide (TAA, Sigma-Aldrich,
Munich) and spontaneous recovery was monitored short-term (4 weeks) as well as long-term
(8-36 weeks) after withdrawal of hepatotoxin.
CCl4 was given in mineral oil via oral gavage three times a week for up to 12 weeks according to
an escalating dose protocol (first dose, 0.875ml/kg; week 1-3, 1.75ml/kg; week 4-6, 2.5ml/kg;
week 7-12, 3.25ml/kg).
Alternatively, fibrosis was induced by escalating the dose of i/p TAA for 6 weeks (first dose,
100mg/kg, week 1-2, 200mg/kg; week 3-4, 300mg/kg; week 4-6, 400mg/kg). Mice were
sacrificed always 3 days after the last CCl4 or TAA application by vascular corrosion casting
(Section 4).

MDR2 (ABCB4)-/- Mouse Model of Progressive Biliary Liver Fibrosis
ABCB4-/- mice were bred at the Institute of Translational Immunology and Research Center
for Immune Therapy (FZI), University Medical Center of the Johannes Gutenberg-University.
Due to the manipulation of the ABCB4 gene, the protein MDR2 is missing (Mauad et al.
(1994)). These mice spontaneously developed progressive chronic biliary liver disease and
advanced fibrosis at approximately 8 weeks of age. They were sacrificed by vascular corrosion
casting directly after showing the specific symptoms.

Samples
We investigate three different treatments to induce fibrosis: acute and chronic hepatoxicated
liver fibrosis (TAA and CCl4 ) and a transgen mutation (MDR2) (Section 4.3.1). TAA and
CCl4 are represented by three specimens each, while the MDR2 group contains four. The
control group is formed by six specimens. Figure 4.14 shows the considered data. For each
specimen, one region of interest was scanned.
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(a) LEBFIB 01 MDR2

(b) LEBFIB 02 MDR2

(c) LEBFIB 17 MDR2

(d) LEBFIB 21 MDR2

(e) LEBFIB 34 CCl4

(f) LEBFIB 35 CCl4

(g) LEBFIB 39 TAA

(h) LEBFIB 40 TAA

(i) LEBFIB 43 Control

(j) LEBFIB 44 Control

(k) LEBFIB 48 Control

(l) LEBFIB 49 Control

(m) LEBFIB 53 CCl4

(n) LEBFIB 59 TAA

(o) LEBFIB 62 Control

(p) LEBFIB 68 Control

Figure 4.14: Overview of all analyzed LEBFIB scans. Physical size: 590 µm × 590 µm×
700 µm corresponding to 1810 × 1810 × 2160 pixel at pixel size 325 nm.
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SRµCT Imaging
The samples were scanned at an SRµCT with an energy of 12.398 keV at the microtomography station of the Materials Science Beamline TOMCAT (Stampanoni et al. (2006)) at the
Swiss Light Source of the Paul-Scherrer-Institut (Villigen, Switzerland). The monochromatic
X-ray beam (∆E/E = 0.014%) was tailored by a slits system to a profile of 1.4 mm2 . After penetration of the sample, X-rays were converted into visible light by a thin Ce-doped
YAG scintillator screen (Crismatec Saint-Gobain, Nemours, France). Projection images were
further magnified by diffraction-limited microscope optics and finally digitized by a highresolution CCD camera (Photonic Science, East Sussex, UK). Vascular casts were scanned
resulting in a pixel size of 325 nm. For each measurement, 1001 projections were acquired
along with dark and periodic flat field images at an integration time of 4 s each without
binning. Data were postprocessed and rearranged into flat field-corrected sinograms online.
The resulting scans have a volume of 2560 × 2560 × 2160 pixels.

4.3.2 Image Preprocessing
The approximate workflow to segment the blood vessel system was already discussed in Section
3.2. Here, we explain the specific details according to the data considered in this section. The
algorithm in Figure 4.15 summarizes the exact workflow. To simplify notation, the set X
always denotes the set of current (updated) pixels.
We start with a median filter with filter mask of edge length 7 to smooth the gray value image
without blurring the edges. Afterwards, applying a global threshold determined by Otsu’s
method (see Section 2.5) yields a proper segmentation of the capillary vessel system.
After thresholding, some of the large vessels remain empty, while others appear filled. Therefore, the further segmentation works not completely identically. Figure 4.16 shows the segmentation of the large vessels step by step.
The global threshold given by Otsu’s method yields the capillary vessel system including the
border of the larger vessels. To reconstruct the interior of the large vessels, we manually choose
a threshold from below to assign most of the vessels’ interior to the foreground. Afterwards,
we adjust a threshold from above to make sure that the larger vessels X are not connected to
the capillary system. As a smoothing step, we apply the following morphological operations:
We start with X • C4 followed by X ◦ C6 and δCl (X). For the vessels with empty interior,
l = 6, whereas for the filled ones, we choose l = 20.
To better reconstruct the border of the large vessels, we again distinguish between empty and
filled vessels. In case of empty interior, we subtract the binarization by Otsu’s method from
the smoothed result. For the filled vessels, we apply an and-operation to the binarization as
well as to the smoothed image.
For the last steps, both cases follow the same workflow. We perform a labeling to assign
to each connected component its own value. Then, X ◦ C92 (corresponding to about 30 µm)
removes each connected component always having a size less or equal to 30 µm. The remaining
labels yield the connected components of the large vessel and can easily be extracted.
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Algorithm: Segment Blood Vessels (Fibrotic Liver)
Data: Gray value image I0 showing vessel structure
Result: Binary image I11 of capillary vessels and binary image I12 of filled large
vessels
(i) Smoothing: Median filter with cubic filter mask of edge length 7 pixels → I1
(ii) Segmentation of capillary vessels: Otsu’s method → I2
(iii) Fill vessels with diameter greater than 30 µm
 Threshold I1 manually to gain most of the large vessel without the capillary
structure → I3
 I 4 = I 3 • C4
 I5 = I4 ◦ C6 if Large vessels of I2 are filled then

– I6 = δC20 (I5 )
– I7 = I6 ∪ I2
else
– I6 = δC6 (I5 )
– I7 = I6 − I2
end
 Labeling → I8
 I9 = I8 ◦ C92
 Extract and merge remaining components → I10

(iv) Ensure morphological regularity of I2 , I10 → I11 , and I12

Figure 4.15: Algorithm to segment the blood vessel structure (fibrotic liver).
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Figure 4.16: Workflow for the segmentation of vessels with diameter larger than 30µm.
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4.3.3 Results
In this section, our goal is to find a feature, which clearly enables us to distinguish the
capillary vessel structure of the different treatment groups from each other. For the sake of
completeness, we also show less convincing features.
Intrinsic Volumes
We start with estimating the intrinsic volumes introduced in Section 2.3. To be precise, for
each specimen shown in Figure 4.14, we segment the capillary vessel structure as explained in
Section 4.3.2. Then, we estimate volume density, surface density, integral of mean curvature
density, and Euler density using the estimates defined in Section 3.1.3. Recall the definition
of the intrinsic volume densities:
VV,d =

E(Vd (X ∩ W ))
E(Vk (X ∩ rW ))
and VV,k = lim
, k = 0, . . . , d − 1.
r→∞
Vd (W )
Vd (rW )

To gain more structural information, we calculate all densities for three different reference
volumes Vd (Wi ), i = 1, 2, 3: the volume of the entire scan W1 , the volume of the entire
scan without large vessels W2 , and the volume of the capillary vessels W3 . The idea is to
reduce the variance between the specimens by choosing the reference volume appropriately.
The standard observation window is W1 and hence is included for comparison. W2 reflects
the parts of the liver, which are affected by fibrosis, i. e. the capillary vessels as well as the
tissue in between the vessel structure. Here, large empty regions like for example in specimen
35 (Figure 4.14(f)) are seen as a characteristic of fibrosis and thus taken into account. W3
considers only the capillary vessels as it is known that fibrosis clearly affects this structure.
The results are displayed in Figure 4.17.
For all intrinsic volumes, we observe a high variance within the groups. Hence, conclusions
with respect to differences between the groups are rather loose. Moreover, the use of different
reference volumes also does not provide a clearer trend.
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Figure 4.17: Intrinsic volumes calculated for three different reference volumes: volume of
entire scan, volume of entire scan without large vessels, and volume of capillary
vessels.
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Granulometry
Next, we estimate the local structure thickness of the capillary vessels. We apply the granulometry distribution function G(d) defined in Section 3.1.5 to the capillary vessel structure.
Then, as for the fibrotic lungs (Section 4.2.3), we calculate the normalized granulometric
curves. Figure 4.18 shows the results. Peaks indicate the thickness of the predominant structure. Again, it is not possible to clearly distinguish between the four groups. In particular,
the control group shows an extreme variance. Nevertheless, for MDR2, the predominate diameter of the capillary vessels is around 5.5 µm and we do not observe vessels with diameter
larger than 10 µm. In contrast, CCl4 and TAA show a wider range of vessel diameters. Here,
we also obtain diameters between 10 µm and 15 µm.

Figure 4.18: Normalized granulometric curves for each specimen within its specific treatment
group.
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Directional Analysis
As for the fibrotic lungs in Section 4.2.3, we consider two different aspects to analyze the
directional behavior of the liver specimens: the shape parameter γ and strength parameter ζ
as well as the differences between the directional distributions. We choose the subfield size
as explained in Section 3.4. For the estimation of γ and ζ on average 74 of 80 are valid. To
calculate the differences between the directional distributions, we consider on average 146 of
175 possible subfields.
We start with the analysis of the shape parameter γ and the strength parameter ζ. We
proceed as for the fibrotic lungs Section 4.2.3 with calculating γ and ζ for each subvolume.
The size of one subvolume corresponds to 362 pixels in each direction. Figures 4.19 and 4.20
summarize the results of the directional analysis. One pair of (γ, ζ) in Figure 4.19 corresponds
to one subvolume.
The point cloud of the control group (Figure 4.19(a)) is clearly more vertically oriented,
whereas the points belonging to the CCl4 (Figure 4.19(b)) specimens are aligned more horizontally. To get a better impression on the behavior of these point clouds, we consider the
mean values over all points for each group (Figure 4.20).
The control group shows the largest values for γ, which means that the directional distribution
of the capillary vessels is clustered most. The directional distribution of the capillary vessels
of the CCl4 specimens tends to be more girdle.
Only for the MDR2 treatment group, we observe a higher value for the ζ parameter. So, the
concentration is stronger compared to the remaining groups.
Checking the significance of the differences, we consider the 20% trimmed means for γ and
ζ. For γ we have 2.60 for the control group, 1.20 for CCl4 , 1.68 for MDR2 and 1.46 for TAA.
The 20% trimmed means for ζ are 0.65 for the control, 0.74 for CCl4 , 0.77 for MDR2 and
0.70 for TAA. We apply the ANOVA-procedure based on 20% trimmed means (Section 3.6).
Yielding a p-value of 0, we can clearly reject the null hypothesis of all means being equal.
Afterwards, for each pair of treatment groups we use linear contrasts (Section 3.6) to test
for equal means. The resulting p-values for γ as well as for ζ are equal to 0 for each pair of
groups. This gives strong evidence to consider all mean values as different from each other.
Second, we compare the differences between directional distributions of neighboring subfields.
The results are shown in Figure 4.21.
Clearly, the variance is extremely high and we do not have enough data to draw solid conclusions. Nevertheless, the 20% trimmed means of each group (vertical dotted lines) can be used
to distinguish between the control group and the three treatment groups. For the control
group, the 20% trimmed mean is 39.80◦ , for CCl4 we have 42.88◦ , for MDR2 we get 31.46◦
and for TAA the 20% trimmed mean corresponds to 38.18◦ . We apply the robust ANOVA
introduced in Section 3.6 to test the hypothesis of all trimmed means being equal. As this
results in a p-value of 0, we can clearly reject this hypothesis. The post-hoc analysis yields
a p-value of 0 for all pairs of groups except for the pair CCl4 vs. TAA. Here, the p-value is
0.45. Hence, the mean for MDR2 is significantly higher than that of the control, while CCl4
and TAA show significantly lower means. MDR2 appears more ordered in the sense that the
directional distributions of neighboring subfields do not differ too much, while CCl4 and TAA
seem to be rather disordered. As an extreme example, compare specimen 01 with specimen
35 and 39 in Figure 4.14.
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Figure 4.19: Values of the pair (γ, ζ) of shape parameter γ and strength parameter ζ for every
subfield of each specimen. The point cloud of the control group shows a vertical
tendency, while those of CCl4 and TAA are more horizontally orientated.
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Figure 4.20: Left: Mean values of shape parameter γ and strength parameter ζ for all specimens. Right: Boxplots of γ and ζ showing median, standard deviation, and 20%
trimmed mean of γ and ζ.

Figure 4.21: Each box summarizes the mean angle of the directions defined in Section 3.4
of each subfield with its six neighbors. The band within each box refers to the
median, the boundaries to the first and third quantile, and the whiskers to the
minimum and maximum data points.

72

4.3 Analysis of Fibrosis in Mouse Livers

Spherical Contact Distribution
To investigate the space between the capillary vessels, we estimate the spherical contact
distribution function Hs (r) for each scan shown in Figure 4.14 as described in Section 3.1.4.
Here, the capillary vessels are considered as set X, i. e. we determine the probability that
spheres Br (x) with different radii r and center x in X C hit the capillary vessel structure. A
fast increase of Hs (r) indicates small empty spaces in X C and vice versa.
The results are shown in Figure 4.22. They clearly fit the visual impression from Figure 4.14.
Scans showing large empty spaces between the vessels, i. e. scan 35, 39, and 43, also lead to
a low increase of Hs (r). However, there is no clear difference between the four treatments.

Figure 4.22: Spherical contact distribution function Hs (r) for each specimen within its specific
treatment group.
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Pillar Analysis
We detect and quantify the intussusceptive pillars of all liver specimens using the algorithm
provided in Section 3.3. Figure 4.23 summarizes the minus-sampled pillar densities for each
scan and the specific group means. The pillar density is given by
d=

N
,
V (W )

where N refers to the number of pillars in each scan and V (W ) is the volume of the capillary
vessels. Note that the reference volume is different than for the lung data in Sections 4.1
and 4.2. This is due to the nature of the organ: All empty space between the blood vessels
is covered by tissue. We do not have to approximate the hidden structure of the organ.
Furthermore, our data do not include the border of the liver.
Note that the Euler characteristic calculated on the capillary vessels shown in Figure 4.17
contains related, but slightly different information. By the definition (Section 3.3) of a pillar
we only consider tunnels of a certain diameter for the pillar density.

Treatment
Control
Control
Control
Control
Control
Control
CCl4
CCl4
CCl4
MDR2
MDR2
MDR2
MDR2
TAA
TAA
TAA

Scan

Pillar density

X̄n

Ŝn

43
44
48
49
62
68

7.91e+13
9.62e+13
9.28e+13
2.89e+13
4.69e+13
1.87e+13

6.04e+13

3.34e+13

LEBFIB 34
LEBFIB 35
LEBFIB 53

4.29e+13
2.95e+13
9.61e+13

5.61e+13

3.52e+13

LEBFIB
LEBFIB
LEBFIB
LEBFIB

01
02
17
21

7.67e+13
5.84e+13
5.43e+13
9.90e+13

7.21e+13

2.04e+13

LEBFIB 39
LEBFIB 40
LEBFIB 59

6.57e+13
3.33e+13
3.07e+13

4.32e+13

1.95e+13

LEBFIB
LEBFIB
LEBFIB
LEBFIB
LEBFIB
LEBFIB

Figure 4.23: Pillar density of all fibrotic liver specimens. X̄n refers to the sample mean and
Ŝn gives the standard deviation of the sample.
The variance between the specimens is quite large. Apart from that, MDR2 shows a slightly
higher mean pillar density than the control group, whereas CCl4 and TAA have a lower mean
pillar density than the control.
Again, we apply the robust ANOVA version presented in Section 3.6 to check for equality
of the mean values. As a result, we obtain a p-value of 0.24. Thus, we can not reject the
hypothesis of all means being equal at a reasonable significance level. However, this might be
due to the small amount of data.
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Treatment

p-value

Outcome

43
44
48
49
62
68

Control
Control
Control
Control
Control
Control

0
0
0.073
0.934
0
0.078

Reject H0
Reject H0
Accept H0
Accept H0
Reject H0
Accept H0

34
35
53

CCl4
CCl4
CCl4

0.027
0.006
0

Reject H0
Reject H0
Reject H0

01
02
17

MDR2
MDR2
MDR2

0.074
0.89
0.906

Accept H0
Accept H0
Accept H0

39
40
59

TAA
TAA
TAA

0.507
0.117
0.351

Accept H0
Accept H0
Accept H0

Table 4.1: Results of test for stationarity of the pillar location for each specimen.
To test the location of the pillars for stationarity, we divide each scan in d = 48 subvolumes
having a size of 4113 pixels. Then, we apply a χ2 -test at significance level α = 0.05 introduced
Pn
in Section 3.5. On average, we reject m̂ = 20 subvolumes and consider \
k=1 Ak = 314 pillars
for each scan. The results are summarized in Table 4.1.
In most cases, the hypothesis of stationarity is accepted. However, we observe that for CCl4
the hypothesis is rejected for all specimens. The control group again does not show a clear
tendency.

4.3.4 Discussion
We apply five 3D features to describe murine fibrotic livers: intrinsic volumes, granulometry
and directional distribution of the capillary vessels, spherical contact distribution function of
the space between the vessels, as well as pillar density.
We start with the intrinsic volumes. We consider three different reference volume to reduce
variance between the specimens. Yet, for none of them we observe a clear difference between
the four groups. Hence, the intrinsic volumes do not seem to provide a good characteristic in
that context.
Second, we estimate the vessel diameter by applying a spherical granulometry. In CCl4 and
TAA, we also find capillary vessels with larger diameter. It is already known that this clearly
indicates a destroyed vessel architecture. In lungs, it can be seen as an indicator of fibrosis
(Ackermann et al. (2017)).
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Third, we consider the directional distribution of the capillary structure. Here, the results
clearly fit the visual impression indicated by Figure 4.14. In the control group, the directions
of the capillary vessels appear more ordered. The vessels follow the same direction for a longer
time. In fibrotic organs, the vessel has to bend around scarred tissue and hence changes its
direction much more abruptly.
This impression is confirmed by the value of the shape parameter γ. The directional distribution for the considered control specimens is more clustered than for the specimens coming
from the three treatment groups.
Both findings fit to what is currently known regarding the process of fibrosis. The formation
of scars forces the vessels to reorganize and hence destroy the regular structure (Bataller and
Brenner (2005)).
The spherical contact distribution function characterizes the inter vascular space. Our results fit the visual impression. Yet, there are no obvious differences between the four groups.
Nevertheless, this feature is often used to characterize vessel architecture (Ackermann et al.
(2017)). Hence, in further studies containing more data or showing a larger field of view,
HS (r) could gain importance.
Estimating the pillar density for the available samples shows differences between the control
and MDR2 on the one hand and CCl4 and TAA on the other. This is reasonable as the three
models develop fibrosis with varying speed (Delire et al. (2015)). Hence, the pillar density
highly depends on the length of the treatment period.
Apart from the pillar density, we check for stationarity of the pillars’ location. For group
CCl4 , this hypothesis is rejected. Thus, investigating their spatial distribution could yield
useful results.
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5 Discussion
In this thesis, we consider high-resolution SRµCT data of mouse lungs and livers. All specimens are prepared as vascular corrosion casts. Hence, only the blood vessels are visible in
the scanned data, while the surrounding tissue is removed.
We analyze three different data sets: Compensatory lung growth, fibrotic lungs, and fibrotic
livers. In compensatory lung growth, the lung regains its original capacity after one part was
removed. Fibrosis refers to a scarring of the organ’s tissue. To ensure further blood supply,
the capillary vessels have to reorganize. Hence, in all three data sets, we observe formation
and reorganization of blood vessels, which involves the formation of intussusceptive pillars.
Thus, their detection and quantification becomes crucial. To date, pillars have only been
detected manually based on 2D image data. In this thesis (Section 3.3), we present, to our
knowledge, the first algorithm which is able to automatically detect and quantify pillars in
3D SRµCT images of microvascular corrosion casts. The algorithm uses two steps: marking
and classification. Our algorithm features two main advantages: First, after preprocessing,
the data are automatically marked and classified. This enables us to deal with complex 3D
structures. Second, it also takes the third dimension into account. Hence, we can quantify
pillars much more precisely than in 2D images. Furthermore, a large amount of data can be
analyzed. In a typical data set considered in this thesis, we observe hundreds of pillars.
In our work we use the complete 3D information provided by SRµCT imaging. In Section
4, we apply our pillar algorithm to the available data of compensatory mouse lungs (Section
4.1), fibrotic mouse lungs (Section 4.2), and fibrotic mouse livers (Section 4.3). For all three
cases, the pillar detection yields satisfactory results. They coincide with the hypothesis of the
medical experts.
Furthermore, we use well-established features from stochastic geometry and mathematical
morphology. We measure diameters of the capillary vessels in fibrotic lungs and livers (Sections 4.2 and 4.3) using the spherical granulometry (Section 3.1.5). In both cases, the fibrotic
specimens show a slightly larger diameter of the capillary vessels, which indicates a pathological mutation. Thus, spherical granulometry provides a promising technique to identify
fibrotic vessel structure.
We also evaluate directional information of the capillary vessel structure (Section 3.4) in
fibrotic lungs and livers. First, we measure the shape and strength of the directional distribution. Then, we consider its changes within the capillary vessels. For the liver data (Section
4.3), this yields quite interesting results. We observe varying degrees of regularity for different
treatments. The control group and one treatment group seem to be more regular, while the
other two groups appear rather disordered. For the fibrotic lung data (Sections 4.2), we do
not observe any tendency, which is probably due to the small amount of data.

5 Discussion
The intrinsic volume densities (Section 3.1.3) as well as the spherical contact distribution
(Section 3.1.4) did not show obvious differences between fibrotic and control specimens neither for the lung data nor for the liver data.
For most of the considered features, we check whether the observed values yield statistically
significant differences between the specific treatment groups. We decide for an ANOVA version
based on the trimmed mean (Section 3.6), which is thought to be robust against departure
from normality and heteroscedasticity.
The results clearly suffer from the poor amount of data. In many cases, the variance within
one treatment group is high compared to the small amount of specimens.
Hence, the results provided in this thesis can only give a hint to which features could be
of interest. Both organs, lung and liver, show an extremely heterogeneous structure. For
example, for the mouse lung it was already shown by Ackermann et al. (2017) that fibrosis
mainly takes place in the pleural (close the border) regions of the lung. As one scan reflects
about 3% of the entire organ, the findings highly depend on the location of the scanning
window.
Moreover, we observe a large variance between the specific specimens, even for the same
treatment. Hence, to gain valid results, much more data need to be generated and evaluated.
Here, it is important to ensure that the scans are taken from approximately the same region
within the organ of different specimens. This is a quite challenging task, as the region to be
scanned needs to be selected manually. Hence, a precise orientation within the organ seems
rather impossible.
In this thesis, we consider eight scans from five different animals for the case of compensatory lung growth (Section 4.1). For the fibrotic lungs we evaluate five different specimens.
The fibrotic liver data form the largest sample with sixteen specimens. The low amount of
specimens is due to the preparation and imaging technique. Both require an extremely high
manually effort, which can not be automated.
During vascular corrosion casting, the thin capillary structure easily breaks spilling resin into
the intervascular space, i. e. inside the tissue. The corresponding artifacts within the plastic
replica, which appear after corroding the tissue, are called extravasates. They can not be
detected before investigating the reconstructed SRµCT scan. In many cases, scans containing
extravasates are not valid for further analysis.
Furthermore, synchrotron radiation is required to resolve the small and complex vascular
architecture. This causes high temporal and monetary effort.
However, analyzing the available samples allows for a methodological assessment. Characteristics like orientation and shape of the vessel structure can accurately be determined only in
3D. After segmenting the vessel structure with some user interaction, the methods used in
this thesis work automatically.
In particular, analyzing intussusceptive pillars, which provide an important feature to describe
neovascuclarization, is only possible in 3D images. Here, our novel algorithm to find and
analyze intussusceptive pillars provides an essential tool. After segmentation of raw image
data it works automatically allowing for examining a huge amount of data.
Although SRµCT imaging provides a non-destructive imaging technique, the gold standard in
medical research is still the evaluation of 2D histological sections. The sampling can be done in
a standard laboratory, which makes it less expensive and easier. Although it is not possible to
replace certain 3D features by 2D features without losing important information, our results
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could be used to examine 2D features approximating the 3D measurements reasonably well.
It is crucial to provide estimation tools which are as exact as possible. It allows for keeping
the sample size small, which is important, from an economic as well as from an ethical point
of view (Röhrig et al. (2009)). Our work clearly contributes to a more precise and practically
feasible analysis of the capillary system in any organ. However, in further studies, the high
variances within and between the specific specimens needs to be compensated by a larger
amount of data. With the methods presented in this thesis, the handling of large data
seem now possible. A detailed study of this type offers a big step towards improvement of
therapeutic options.
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at Fraunhofer ITWM Image Processing Department
Study of mathematics at Kaiserslautern University of Technology
Final degree: Diploma
Abitur at Göttenbach-Gymnasium Idar-Oberstein

A.2 Akademischer Werdegang
07/2015 - 10/2016
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Studium der Mathematik an der Technischen Universität Kaiserslautern
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