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Abstract

Pulmonary lobe segmentation is of importance for the localisation and quantification of
lung diseases. However, fully-automatic lobe segmentation is still a challenging task,
especially in pathological lungs. A new algorithm based on refining an approximate lobe
segmentation by minimizing an energy equation using graph cuts is presented. The energy
equation combines anatomical information such as the airways, vessels and fissures with
prior knowledge on lobar shape. In a first version of the algorithm, the lobe-based labelled
airway is used to compute the approximate lobe segmentation. A second, refined version
is relying on the lobe-based labelled vasculature. For this purpose an algorithm for lobe-
based vessel labelling has been developed. Both versions of the algorithm were evaluated
on two different datasets, including the LObe and Lung Analysis 2011 (LOLA11) dataset.
The first version of the algorithm achieved a score of 86.6% at the LOLA11 challenge. The
second version, including the labelled vasculature, achieved 90.1%, which is currently the
highest score in this challenge for a fully automatic method. The benefit of pulmonary
lobe segmentation for artery/vein separation is evaluated in further consequence. The
clinical use of the algorithm is demonstrated by computing and evaluating quantitative
readouts on each lobe.
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Kurzfassung

Die Segmentierung von Lungenlappen ist von Bedeutung fiir die Lokalisierung und
Quantifizierung von Lungenkrankheiten. Vollautomatische Lungenlappensegmentierung
ist aber bis heute, und insbesondere bei pathologischen Lungen, eine herausfordernde
Aufgabe.  Ein neuer Algorithmus wird vorgestellt, der durch Minimierung einer
Energiegleichung anhand von Graph Cuts eine approximative Lappensegmentierung
verfeinert. Die Energiegleichung enthélt anatomische Information iiber die Atemwege,
Gefiafle und Fissuren kombiniert mit Vorwissen iiber die Form von Lungenlappen. In
einer ersten Version des Algorithmus werden die lappenspezifisch gekennzeichneten
Atemwege verwendet um die approximative Lappensegmentierung zu berechnen. Eine
zweite, weiterentwickelte Version des Algorithmus beruht auf den lappenspezifisch
gekennzeichneten Gefafien. Fir diesen Zweck wurde ein Algorithmus fiir das
lappenspezifische Kennzeichnen von Gefaflen entwickelt. Beide Versionen des
Algorithmus wurden auf zwei unterschiedlichen Datensétzen, einschliellich des LObe and
Lung Analysis (LOLA11) Datensatzes, evaluiert. Die erste Version des Algorithmus
erzielte ein Ergebnis von 86.6% bei der LOLA11 Challenge. Die zweite Version, welche
die gekennzeichneten Gefafle inkludiert, erreichte ein Ergebnis von 90.1%, das zurzeit
den hochst erzielten Wert fiir vollautomatische Methoden in dieser Challenge darstellt.
Der Nutzen von Lungenlappensegmentierung fiir Arterien/Venen Separation wird in
weitere Folge evaluiert. Ein moglicher klinischer Nutzen des Algorithmus wird durch das
Berechnen und Auswerten von quantitativen Maflen auf den einzelnen Lappen gezeigt.
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1.1 Motivation

The human lung is divided into five lobes. The lobes are functional regions and
anatomically separated by the pulmonary fissures, which are double layers of visceral
pleura [1]. A schematic diagram of the lung is shown in Figure 1.1. The lungs are
surrounded by a double layer of pulmonary pleura. The outer layer is called parietal
pleura while the inner layer is called visceral pleura. A thin layer of pleural fluid is
separating the two layers. The pulmonary fissures are formed by the visceral pleura that
folds into the lung between the lobes. Usually the right lung contains two pulmonary
fissures, the right horizontal and right oblique fissure, while the left lung comprises one
pulmonary fissure, the left oblique fissure. From this it follows that the right lung is
divided into three lobes, namely the right upper lobe, the right middle lobe and the right
lower lobe. Similarly for the left lung, which is divided into the left upper lobe and the
left lower lobe. The lack of a third lobe in the left lung can be explained by the location
and shape of the heart [67] [26]. However, lung anatomy is known to already vary
between individual healthy subjects and can significantly vary in pathological subjects.
This includes cases, in which fissures are often incomplete or totally missing [24] [23]
and on the contrary, cases, in which additional fissures are found [8]. Raasch et al. [49]
reported 40% of incomplete fissures for the upper left major fissures and 46% for the
lower left major fissures and even higher numbers for the right lungs: 70% for the upper
right oblique fissures, 47% for the lower right oblique fissures and 94% for the right
horizontal fissures.
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Major Airways
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Figure 1.1: A schematic diagram of the lung. The major airways, fissures and lobes are shown.
The fissures are formed by visceral pleura, which together with the parietal pleura forms a double
layer surrounding the lungs [11].

In addition to being important landmarks for lung lobe segmentation, the pulmonary
fissures provide information in localization of pulmonary lesions and assessment of disease
processes [8]. Furthermore, fissure integrity and completeness, which is defined as the
proportion between the fissures and the complete interlobar boundary, is of increasing
interest [46] [64]. One application that greatly benefits from knowing fissure integrity
is bronchoscopic lung volume reduction (BLVR) [30]. BLVR is a term for several
procedures for treating hyperinflation in emphysema [42]. This includes a treatment that
is based on the placement of endobronchial one-way valves blocking inspiratory flow,
which is leading to atelectasis and volume reduction. However, an important factor that
has great influence on the effectiveness of this procedure is collateral ventilation (CV),
which is defined as ”"the ventilation of alveolar structures through passages or channels
that bypass the normal airways” [7]. Atelectasis can thus often not be achieved in
cases with CV. Missing pulmonary fissures can lead to interlobar CV. From this it
follows that fissure integrity is an important parameter to assess before therapy [35].
However, the task of evaluating fissure completeness is tedious and time consuming for
a radiologist and can be automated with the help of algorithms for fissure and lobe
segmentation [45] [64]. Information on the pulmonary boundaries is likewise needed
in the application of characterizing perifissural nodules [9], which are intrapulmonary
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lymph nodes [27].

Apart from applications, in which identification of the lobar boundary is of
indirect use (e.g. fissure integrity), the identification of pulmonary lobes is directly
of importance for applications in treatment planning and disease assessment [11].
The identification as well as the segmentation of structures of interest is often a
prerequisite for the detection and quantification of abnormalities. Exact quantification
is a challenging task for humans, whereas computers generally yield better results [33].
Exact quantification is an important task for measuring the extent of emphysema
and volume measurements often provide important diagnostic information [66].
Lung diseases are usually unevenly distributed across the lung. For example several
lung diseases like emphysema [32], postprimary tuberculosis [40], silicosis [50] and
idiopathic pulmonary fibrosis [58] act at a lobar level. It has been reported that
patients suffering from upper-lobe emphysema have a higher chance of short term
improvement after lung-volume-reduction surgery than patients suffering from lower-lobe
emphysema [29]. A larger multicentric study showed that lung-volume-reduction
surgery was beneficial for patients with predominantly upper-lobe emphysema combined
with a low maximal workload after rehabilitation and resulted in lower mortality
and general greater chances of improvements in symptoms and exercise capacity [13].
However, lung-volume-reduction resulted in higher mortality for patients with pre-
dominantly non-upper-lobe emphysema and a high maximal workload after rehabilitation.

In addition to the applications given above, lung lobe segmentation may also be of
interest for the non-invasive assessment of Pulmonary Hypertension (PH). PH is defined
as increased blood pressure in pulmonary arteries with a Mean Pulmonary Artery
Pressure (mPAP) > 25 mmHg [28]. Different types of PH exist and effort has been applied
to define clinical classification schemes [56] [17]. Patients suffer from several symptoms
including reduced exercise capacity and thoracic pain. Although the survival of patients
with PH has improved over recent decades, PH is still a life threatening disease with low
survival rates [3]. Invasive right heart catheterization is currently the gold standard for
diagnosing PH [17]. New methods for diagnosing PH based on computer-aided analysis of
CT images are emerging [25] [44]. The idea behind these methods is based on measuring
vessel tortuosity in pulmonary vessels. The hypothesis states that due to the increased
pressure in case of PH, the morphology of the pulmonary vessels changes and is showing
an increased tortuosity [25]. The algorithm presented in [44] is based on segmenting
the pulmonary vessels and separating the arteries from the veins. The tortuosity can
subsequently be computed on the arteries to predict whether the patient is suffering from
PH or not. To ensure a high prediction certainty, the artery/vein separation has to have
high accuracy. However, the algorithm for artery/vein separation still faces problems
including cases, in which the vessels of entire lobes are wrongly labelled. The authors
suggest that running the algorithm separately for each lobe instead of the whole lung
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may solve these issues. Lobe based evaluations of the lung are therefore of great interest
and treatment planning can greatly benefit from lung lobe segmentation as in surgical
treatments, the location as well as the volume and shape of the lobes can be of importance.

Due to improvements and wide availability of computed tomography (CT) scanners,
CT has become the modality of choice for chest diseases [60]. Multiple X-ray measure-
ments from different angles are reconstructed to a single three dimensional image con-
taining multiple slices. In human anatomy three different planes are distinguished: the
sagittal (medial) plane, the coronal (frontal) plane and the transverse (horizontal) plane.
Figure 1.2 shows examples for different slices of a CT image including the anatomical
planes. Varying radiodensities allow the differentiation of anatomical structures in CT
images. Radiodensity is defined as the opacity to X-rays i.e. the relative inability of X-
rays to pass through the material. This makes visual examination and assessment possible.
E.g. the pulmonary fissures appear as bright sheet like structures in thoracic CT images.
Using the fissures as point of reference, lung lobe segmentation can be performed by man-
ually tracing the lobar boundaries. However, the described method, which is currently the
gold standard, is rarely performed in clinical practice as it is extremely tedious and can
take an experienced pulmonary radiologist up to multiple hours for a single scan [11]. As
a result of this and a constantly increasing amount of acquired medical image data, the
need for fully automatic lung lobe segmentation grows.

1.2 Contributions and Outline

Although several fully-automatic algorithms have been presented (see Chapter 2), lung
lobe segmentation still remains an active area of research. In this work a new method for
fully-automatic lung lobe segmentation is presented. The approach from [37] is followed,
which is based on the computation of anatomical structures including pulmonary fissures,
vessels and airways. Unlike in [37], where the anatomical structures are combined into a
cost image, on which a watershed segmentation is performed, the anatomical structures in
this work are combined into an energy equation, which by minimizing leads to the optimal
lobe segmentation. In addition to the anatomical structures, prior knowledge on the shape
of lung lobes is included into the energy equation. The main contribution of this work is
the development of the energy equation.

The proposed method is presented in detail in Chapter 3. The first step consists of
computing an airway segmentation that is based on the work presented in [25]. The air-
way segmentation is subsequently labelled with respect to the lobes [21]. To reduce the
complexity of the following steps and the lung lobe segmentation problem, the lung seg-
mentation derived from [25] is separated into left and right lung using the airways. All
following steps are independently computed on the left and the right lung. Vessels trees are
segmented using the method described in [44]. The fissures, which are the most important
feature, are obtained following and extending the method presented in [37] to a multi-scale
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Figure 1.2: Slices of a CT image; top left: coronal slice; top right: sagittal slice; bottom left:
transverse slice; bottom right: planes of the human body [51]; red: sagittal plane; yellow: parasagit-
tal plane; blue: coronal plane; green: transverse plane

approach. An approximate lobe segmentation is computed based on a distance map on the
labelled airways. The Potts model [68], which minimizes the set of discontinuity is used
as prior knowledge on lobar shape. All information is combined into an energy equation,
which is minimized using the a—expansion algorithm [5].

The described method is further extended by using a more elaborate approximate lobe
segmentation, which is obtained by computing a distance map not only on the labelled
airway tree but on the labelled vessel tree. This approach, including the algorithm for
lobe-based vessel tree labelling, is seen as a second major contribution.

Evaluation of the methods is shown in Chapter 4. Both methods are evaluated by
participating in the LOLA11 (LObe and Lung Analysis 2011) challenge. The LOLAI11
challenge is an open challenge part of the MICCAI 2011 conference, containing 55 lung
CT images with varying abnormalities. By participating to the challenge, a score repre-
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senting the overlap between the automatic segmentation result and a manually created
segmentation is obtained. The methods are further evaluated on another dataset contain-
ing 25 CT images. In this experiment the accuracy of the lobe boundary was computed
by measuring the distance between the automatically obtained boundary and manually
placed markers on the fissures.

In addition to evaluating the performance of the fully-automatic lung lobe segmenta-
tion algorithm itself, the benefit of incorporating information on pulmonary lobes for the
artery/vein separation algorithm presented in [44] is evaluated. Details can be seen in
Chapter 5. The clinical applicability is demonstrated in Chapter 6 by computing clinical
readouts on pulmonary vessels independently for each lobe. A conclusion of the thesis is
given in Chapter 7.
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Pulmonary lobe segmentation has been reported to be one of the most challenging
segmentation tasks in the lung [66]. The gold standard for lobe segmentation is still
manual segmentation by a radiologist. Manual segmentation is performed by following
the pulmonary fissures in regions where they are present and information derived from
the airway tree as well as from the pulmonary vasculature is used in regions, in which
pulmonary fissures are missing. The same approach is followed by multiple methods for
lung lobe segmentation algorithms, which is further described in Chapter 2.2. One chal-
lenge that emerges with this approach is to achieve stable segmentations of the auxiliary
structures like the airways and the vessels, which in itself is not an easy task. To circum-
vent this problem another type of methods have been developed, which are not relying on
auxiliary structures. However, this need not necessarily to be seen as the best approach
as pulmonary fissures are often incomplete and sometimes even entirely missing. These
methods are further described in Chapter 2.1. This chapter is intended to give a brief
overview of already published works on pulmonary lobe segmentation but is not intended
to be a complete review of these works. Most of the methods described in this chapter
have already been discussed and compared to each other in [66] and [11]. However, di-
rect comparison is often difficult to perform, as most of the methods have been evaluated
on different datasets. The categorization of the methods follows the approach presented
in [66]. In Chapter 2.3 a rationale, based on a discussion of the weak and strong points of
the available methods, is given for the approach presented in this thesis.

7
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2.1 Methods not incorporating auxiliary structures

Methods not incorporating auxiliary structures often use an atlas based approach. In [69]
the authors proposed a method that consists of two main parts. In the first part an atlas
is constructed. In the second part fissure contrast is enhanced by a ridgeness operator
and an initialization is provided by the atlas. The fissures are further refined using fuzzy
reasoning. However, manual interactions are needed in case of incomplete fissures, making
this method not a reliable fully automatic approach. In [63] the fissures are extracted by
supervised filtering. The lobe segmentation is subsequently obtained by classifying the
voxels inside the lung based on their position and their distance to the fissures. Training
examples are used to handle cases with incomplete fissures. [47] addressed the problem of
incomplete fissures by using implicit radial basis functions to extend the fissures. Several
methods have been proposed that followed the approach of fitting splines to the partially
detected fissures in order to obtain a full delineation of the lobes. In [52] the authors first
apply a particle filter to obtain candidate fissure voxels and remove spurious responses by
maximum a posteriori estimation (MAP). The final lobe boundary is obtained by fitting
a thin plate spline to the detected fissure points. A similar approach is followed in [22].
First, local surfaces are created by fitting a number of small planes using fissure points.
The segmentation is assured to be smooth by using a quadratic B-spline weighting strategy
in the next step for combining the local surfaces. Similarly, [55] are first enhancing fissure
voxels, removing likely false fissure candidates and finally iteratively fitting a B-spline
to the remaining fissure voxels. A different approach is followed by the authors in [53].
They first create lobe boundary surface models using PCA. After initially performing ridge
surface feature sampling and removing noise by a simple connected components filtering
step, the second step consists of shape model fitting to identify ridge surface particles that
truly represent fissures. In Table 2.1 a summery of the above described methods is given.
The column “LOLA11” represents the score achieved at the LOLA11 challenge. None of
the methods not incorporating auxiliary structures has participated in the challenge.

2.2 Methods incorporating auxiliary structures

Several methods for lung lobe segmentation that are incorporating auxiliary lung struc-
tures exist. In Table 2.2 an overview of the methods is given. An anatomy-guided 3D
watershed transform approach is followed in [36]. The anatomy is incorporated by com-
puting a distance map on a vessel segmentation. Information on the fissure, where present,
is added to the distance map, which is then used for the watershed transform. In [61] the
authors use anatomical information from the airways and vessel trees to define a fissure
Region Of Interest (ROI). The fissures are further refined by using the contrast infor-
mation in the ROI. Incomplete fissures are extrapolated to complete the fissure surface.
[65] follow a multiatlas approach. Anatomical information, including the fissures and the
airway tree, are used to guide the registration of the atlas. The authors in [37] follow
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Method Description LOLA11
[69] Atlas, ridgeness, fuzzy reasoning -
[63] classifier based on position & distance -
[47] implicit radial basis functions -
[52] particle filter & MAP & thin plate spline -
[22] quadratic B-spline -
[55] iterative B-spline -
[53] ridge surface sampling & shape model fitting -

Table 2.1: Overview of lung lobe segmentation methods not incorporating auxiliary structures.

Method Description LOLA11
[36] fissure & distance map on vessels & watershed -
[61] airways & vessels & fissure detection in ROI -

[65] [62] fissures & airways & multiatlas 0.851
[37] cost image (airways, vessels, fissures) & watershed 0.881
[48] adaptive fissure scanning & implicit surface fitting -

[6] probabilistic fissure segmentation & groupwise prior 0.884

Table 2.2: Overview of lung lobe segmentation methods incorporating auxiliary structures.

the approach of computing a watershed segmentation on a previously constructed cost
image. The cost image is derived by incorporating information on the fissures, vessels and
airways. A method based on sagittal adaptive fissure scanning is developed in [48]. This
is performed using information derived from the vessels and airways. The potential region
is enhanced by a Hessian based line enhancement filter. The fissures are subsequently ex-
tracted by performing uniform cost search. Three implicit surface functions are obtained
by performing a surface fitting step. A recent work [6] follows the approach of including
information from the airways and vessels. The fissures are segmented considering the air-
ways and vessels as priors in a probabilistic setting. In the next step a population prior is
produced by combining the fissures using a group-wise registration framework. In the final
step, a cost image, which is used for a watershed segmentation is obtained by combining
the anatomical information, the fissures, and the group-wise prior.
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2.3 Discussion

Even though multiple methods not incorporating auxiliary structures have been presented,
none of them has been evaluated by the LOLA11 challenge. This makes it difficult to
compare their performances, as each method is evaluated on their own dataset. In contrast,
a few methods incorporating auxiliary structures have been evaluated by the LOLAI11
challenge. One example is the method presented in [37], which uses information from
the airway, vessels and fissures to compute a cost image that is used for a watershed
segmentation. As already discussed, the advantage of solely relying on the fissures for
lobe segmentation consists of the decrease in dependency of robust segmentation results
of the auxiliary structures. However, it seems that this price is worth to be payed, as
the frequency of lungs with partially incomplete or even missing fissures is not negligible.
Methods based on registering a previously constructed atlas face problems in cases of
anomalous anatomy. Since diseases often induce changes in lung anatomy, this poses
a major problem for clinical applicability. As one of the requirements for the method
developed in this thesis was to be robust against incomplete fissures and varying anatomy,
the approach of incorporating auxiliary structures for the segmentation has been followed.
By analysing the method in [37], room for improvement in two main points has been
found: the fissure detection and watershed segmentation. The single scale fissure detection
approach in [37] faced problems in cases of pathological thick fissures, which led to the
motivation for extending it to a multiscale approach. The rationale for the replacement of
the watershed segmentation by a graph cut based segmentation algorithm is the weakness
of the watershed segmentation following shape priors, i.e. that pulmonary lobes have
smooth surfaces. This is particularly important in regions absent of fissures, in which a
smooth boundary should be interpolated. This shape prior is modelled by the Potts model.
To take the fissures, the auxiliary anatomical structures and the shape prior into account,
all information is combined into an energy equation by deriving different parameters from
the individual structures. Additionally, the airway segmentation is used to generate an
approximate lobe segmentation. The minimization of the energy equation is performed
using the a-expansion algorithm.

Most methods incorporating vessels that have been presented to date, make use of the
vessel segmentation for finding regions of high probability for the lobe boundaries. This
is based on the idea that vessels usually do not cross the lobe boundaries. From this it
follows that regions with a great distance to vessels have high probabilities for containing
the lobe boundary. In this work, the vessel trees are additionally used in an even more
sophisticated way. The idea of vessels not crossing the pulmonary lobes is followed one
step further. If vessels are generally not crossing the lobar boundaries, then it should
hold true that each vessel can be assigned to strictly one lobe. Following this idea, an
algorithm for lobe based vessel tree labelling is developed and applied to generate an even
more accurate approximate lobe segmentation.
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The method for pulmonary lobe segmentation presented in this work is based on
minimizing an energy equation using the a—expansion algorithm [5]. The aforementioned
energy equation has been developed in this work. This approach allows to combine
anatomical structures together with prior knowledge about lung lobes into one equation.
Figure 3.1 shows an overview of the algorithm. The first level shows the extraction
of anatomical structures that are useful for the lobe segmentation. The first step
consists of segmenting the airways, which are then labelled corresponding to the lung
lobes. Thereafter, the lungs are segmented and separated into left and right lung.
Hereto the labelled airway segmentation is used as input for the lung segmentation.
After separating the lungs, the vessels are segmented for the left and the right
lung. The vessel trees are subsequently used as input for the fissure segmentation.
The actual segmentation step is shown in the second row in Figure 3.1. First, an
approximate lobe segmentation is computed using the labelled airways. All of the already
computed lung structures from the first layer are combined into an energy equation. In
the final step the energy equation is minimized, which yields an optimal lobe segmentation.

This section starts by first describing the methods how the anatomical lung structures
needed for the segmentation are computed. Subsequently, the minimization of energy
equations using a-expansion is explained in detail. Finally, the developed energy equation

11
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Figure 3.1: An overview of the segmentation pipeline.

for automatic lobe segmentation is presented and described.

3.1 Airways

In humans, the respiratory tract is divided into the upper airways and the lower airways.
The upper airways consist of several parts starting from the nose going down to the portion
of the larynx above the vocal folds. The lower airways include the trachea, bronchi and
bronchioles. As the upper airways are of no interest regarding lung lobe segmentation,
the term airways will from now on be used to describe the lower airways. Starting from
the trachea, the airways branch at each division point into two or more smaller airways.
These division points are also called generations. On average the human airway tree has
23 generations. The largest tube in the airways is the trachea. At the carina the trachea
branches into two main bronchi for the left and the right lung. The right main bronchus
and the left main bronchus branch further into smaller secondary bronchi, which are also
called lobar bronchi. Further divisions of the bronchi are called subsegmental bronchi. The
bronchi are called bronchioles when they are too small to contain cartilage. The structure
of the airway tree follows a known pattern. As each lung lobe should work independently,
the main bronchus branches split into the lobar bronchi, which deliver oxygen to the lobes
of the corresponding lung. In case of the left lung this means that the left main bronchus
subdivides into two lobar bronchi, one for the left upper lobe and one for the left lower
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lobe. Likewise for the right lung, in which the right main bronchus subdivides into three
lobar bronchi, one for the right upper lobe, one for the right middle lobe and one for the

right lower lobe. In Figure 3.2 the airways can be seen.
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Figure 3.2: The lower airways containing the trachea and bronchi.’

3.1.1 Segmentation

The algorithm for airway segmentation [25] is based on an iterative region growing ap-
proach. The input CT image is first preprocessed by clamping all voxels with values greater
than -400 Hounsfield units. After that, a filter for enhancing the airways is applied to the
clamped image. The filter is based on analysing the eigenvectors of the Hessian matrix.
Dark tube-like structures are enhanced using this filter. The actual segmentation of the
airways is started by first detecting the trachea. This is achieved by scanning for a dark
circle on the top-most slice. An iterative 3D region growing algorithm is subsequently
started from the detected point inside the trachea. T'wo thresholds for the region growing
are defined and continuously updated during the iterative region growing. Additionally, a
mechanism monitoring the number of voxels added in the current iteration is established

in order to prevent leakages during the segmentation.

3.1.2 Labelling

As previously described, the branching of the airways follows a known pattern. This
pattern can be used for the purpose of labelling the airways with respect to the left and
right lung. Using the labelled airway segmentation, it is possible to separate the lung
segmentation described in Chapter 3.2 into left and right lung. Further, following the
airway anatomy the airway tree can be labelled with respect to the lobes. This is of great

!Gray, H., & Lewis, W. H. (1918). Anatomy of the Human Body. 20 edn. Lea Febiger, Philadelphia.
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interest in this work as doing so would already provide the right labels (in terms of lobe
segmentation) for a few voxels in the lung. In this work, the labelling of the airway tree
was achieved by following the approach proposed in [21].

First, the airway segmentation has to be skeletonized. An undirected acyclic graph G
is subsequently extracted from the airway skeleton. The algorithm for the extraction of
the undirected acyclic graph consists of four steps and is shown in Figure 3.3. The set of
vertices V is initialized with the first voxel of the skeleton corresponding to the trachea.
The set S contains all voxels that are part of the skeleton. The edges of the graph G are
kept in set E. The parameter € in step 2 is set to 5mm.

Step 1: Find a nearest pair of points S; € V and S; € S\ V, where S; has less than
three connected neighbours on G, let V=V US; and E = E U (3, j).

Step 2: Let S; denote the last inserted point and find its nearest neighbour

S € S\ V. If the distance between S; and Sy, is smaller than a threshold e, then let
V=VUSgand E=FEU (j,k).

Step 3: If a new voxel S is added to V', go to Step 2; otherwise, go to Step 4.
Step 4: If S\ V # (), go to Step 1; otherwise, the graph construction is finished.

Figure 3.3: Pseudo code of the algorithm for the extraction of an undirected acyclic graph
described in [21].

Following the algorithm in Figure 3.3, an undirected acyclic graph is obtained that
consists of vertices that are either connected to one, two, or three other vertices. A vertex
that is solely connected to one other vertex via an edge is called an endpoint. Furthermore,
a bifurcation point is defined as a vertex, which is connected to three other vertices. Using
the just described undirected acyclic graph, the labelling of the airway skeleton is achieved
by first adding a root vertex to the graph. The root vertex is connected to the vertex
corresponding to the trachea, which was found in the airway segmentation step described
above. Doing so makes it possible to know the orientation of the graph with respect to
the anatomy. The main bronchi are found by following the direction from the root vertex
to the trachea vertex down to the first bifurcation point. At this point (A in Figure 3.4 on
the right) the trachea splits up into the two main bronchi. The labelling of the branches
into left and right lung is achieved by detecting the next branching points for both main
bronchi. Comparing the z coordinates of the detected branching points (B and M in
Figure 3.4 on the right) makes it possible to differentiate between the left and right airway
branches. The labelling of the left upper lobe and left lower lobe is done by comparing
the z coordinates of the next two branching points (U and L in Figure 3.4 on the right)
starting from M. The labelling of the right lung with respect to its lobes is slightly more
complicated. The right upper lobe can be found by following the same procedure used for
the left lung. Starting from the branching point B, the next two branching points (H and
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C in Figure 3.4 on the right) are found. The upper lobe is then found by again comparing
the z coordinates. Identifying the right middle and right lower lobe is more complicated
due to anatomical variability. The anatomical variability can be seen in Figure 3.5 on the
right. Starting from branching point B all end points are detected. Two end points are
used for the distinction between right middle and right lower lobe. One end point (E in
Figure 3.5 on the left) with the maximal value of (z —y) is selected together with another
end point (F in Figure 3.5 on the left) with the minimal value of (z — y). End point E
corresponds to the end point of the right middle lobe while end point F corresponds to the
end point of the right lower lobe. A branching point (D in Figure 3.5 on the left) is found
by performing a depth first search (DFS) starting from E and F. D is the first vertex that
is found by the DFS starting from E and F. Subsequently, all vertices between D and E
are labelled as right middle lobe while all vertices between D and F are labelled as right
lower lobe.

Figure 3.4: Left: Airway segmentation; Right: Skeleton of the airway segmentation on the left.
Branching points that are used for the labelling are indicated. [21]

The lobe-based labelling of the airway tree is a good starting point for lung lobe
segmentation. To avoid wrong labelled airway trees, topological variations have to be
taken into consideration. Figure 3.5 on the right shows a topological variation that would
result in a wrong labelled airway tree. To circumvent this problem a self correction step is
applied. On the right in Figure 3.5 a supplementary branching point (C) for the right upper
lobe can be seen. The self correction mechanism consists in determining and comparing
the distances AB (distance between branching point A and B) and BC' (distance between
branching point B and C). In the common case (Figure 3.5 in the middle) the ratio BC/AB
is larger than in the exceptional case. A threshold of 0.5 for the ratio BC/AB is defined
for the common case. If the ratio is smaller than the defined threshold the self correction is
triggered. As a consequence all voxels in the branch starting at the branching point B and
in the branch starting at the branching point C are labelled as right upper lobe. Figure 3.6
on the left shows a result after applying the described airway labelling algorithm.
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Figure 3.5: Left: Airway skeleton a of a right lung. Branching points that are used for the
labelling are indicated. Middle: Example of an airway tree with normal topology; Right: Example
of an airway tree with abnormal topology [21]

3.2 Lungs

Segmentation of the lungs can be considered as first step towards lung lobe segmentation
as it defines the ROI. The problem of lung lobe segmentation can further be simplified
by separating the lung into left and right lung. This holds in particular for the left lung,
in which case the lobe segmentation reduces to a binary classification problem where each
voxel is either assigned the label of the upper lobe or lower lobe.

The methods described in this section are based on the works of [25]. The first step
consists of separating bright from dark regions in the input CT image. This binarization
is achieved following Otsu’s method [43]. An initial segmentation of the lung is obtained
by performing a connected components analysis [57] and selecting the largest dark region
inside the bright region. The left and right lung are still merged through the trachea.
The lungs are subsequently separated by computing the shortest path for each voxel to
a reference point. The first branching point at which the trachea splits up into the main
bronchi is selected as reference point. Voxels are then assigned the label of the left or right
lung depending on their location and hence the direction of their path to the reference
point. A morphological closing operation [20] is performed as a postprocessing step to
remove holes inside the segmentation.

3.3 Vessels

3.3.1 Segmentation

The vessel segmentation is performed independently for each side of the lung. An algo-
rithm, initially designed for artery and vein separation [44] is used in this work. However,
unlike in [44] only the vessel segmentation is used without distinguishing between arteries
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and veins.

The algorithm starts with a 4D vessel enhancement step. This is achieved using the
Optimally-Oriented Flux (OOF) tubularity filter [38] [2]. To capture vessels of different
sizes, the OOF is computed on different scales. This leads to a 4D vessel-enhanced image,
in which the first three dimensions correspond to the spatial coordinates and the fourth to
the radius of the vessels. The 4D vessel-enhanced image is subsequently used to construct
a local maxima graph. The local maxima graph contains vertices corresponding to local
maxima points in the enhanced image. The vertices are connected to all other vertices of
the graph corresponding to points that are within a defined radius in the image. Using
the constructed graph, 4D vessel paths are computed. This yields a directed overcom-
plete vascular graph which contains meaningful as well as spurious branches. In the last
step, meaningful vessel trees are extracted from the local maxima graph. Similar to [59],
an optimization procedure based on integer programming is used. Multiple trees are ex-
tracted at a time and the root nodes are computed implicitly by minimizing an objective
function. The final step consists of resampling the subtrees and computing the actual
branching points of the vessels. Figure 3.6 in the middle shows an example of a vessel
segmentation obtained from the described algorithm.

Figure 3.6: On the left: labelled airway segmentation of a right lung; in the middle: vessel
segmentation of the same lung; on the right: the vessel segmentation is labelled with respect to the
lobes; the airway segmentation on the left are used to label the vessel segmentation in the middle;
red vessels denote unlabelled vessels.

3.3.2 Labelling

Although [44] and others have already presented algorithms for labelling vessel segmenta-
tions according to arteries and veins, not much attention has been paid to label the vessels
with respect to the lobes. However, by building on the work presented in [44] and making
a couple of observations and assumptions about the lung vasculature, a lobe based vessel
labelling has been developed in this work.
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The problem with labelling the vessels is that in contrast to the airway tree, the vascula-
ture does not divide into the lobes in a characteristic manner. This makes it impossible
to follow the approach presented in Chapter 3.1.2. However, it is still possible to achieve
lobe based labelling for the vasculature. The first important observation regarding the
lung vasculature is that the pulmonary arteries are situated close to the airways. Using
this observation, some vessels can already be labelled by finding vessels in close proxim-
ity to the labelled airway segmentation from Chapter 3.1.2. However, as can be seen in
Figure 3.6, it is easier to achieve a detailed vessel segmentation than to achieve a detailed
airway segmentation. In consequence, the labelling of the vessel segmentation will often be
incomplete, due to the airway segmentation not reaching a significant part of the arteries
and not reaching veins at all, as they are not closely situated to the airways. Therefore
a second important observation, that usually there are no vessels crossing the pulmonary
fissures, has to be made. This observation can be reformulated by saying that vessels do
usually stay in one lobe. From this it follows that each vessel is only assigned to one lobe
i.e. it does not happen that the first part of a vessel is located in the left upper lobe while
the second part of the vessel is situated in the left lower lobe. Hence, having only one
part of the vessel in close proximity to the airway is enough for labelling the whole vessel.
The advantage of using the algorithm for vessel segmentation discussed in Chapter 3.3.1 is
that it yields a result in which vessel trees are labelled independently. By using this result
and following the two observations described above, it is easy to label a significant part
of the pulmonary vasculature. The pseudo code for the algorithm is shown in Figure 3.7.
The vessel segmentation for the algorithm described in Figure 3.7 is assumed to contain

1. Start with a labelled airway segmentation (Ag) and a vessel segmentation (Vr)
2. For each voxel a in Ag:
2.1 For each voxel v in Vi in a radius of r; to a
2.1.1 Label the whole vessel in V7 corresponding to v with the label of a
3. For each labelled voxel v; in Vp:
3.1 For each unlabelled voxel v in V7 in a radius of r5 to v;
3.1.1 Label the whole vessel in V7 corresponding to v with the label of v;
4. Return Vp

Figure 3.7: Algorithm for labelling of the vasculature with respect to the lobes.

information to discriminate between vessels. In step 2 of the algorithm, every vessel that
is close enough (within a defined radius r1) to the labelled airway segmentation gets as-
signed to the same label as their corresponding airway. Depending on the completeness of
the airway segmentation, there might still be a considerable amount of unlabelled vessels
left. These vessels get labelled in step 3 by looking for already labelled vessels in close
proximity (defined by radius ry). This step could theoretically be repeated multiple times
before returning the final labelled vessel tree. On the right in Figure 3.6, a result for a
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labelled vessel tree after applying the described algorithm is shown. Red vessels represent
vessels that could not be assigned any label during the labelling process.

3.4 Fissures

The fissures are the most important feature when it comes to lung lobe segmentation. In
fact, if the fissures were given and accurately labelled, the separation of the lung into lobes
would be trivial. For the left lung, the upper lobe consists of all voxels above and the
lower lobe of all voxels below the left oblique fissure. For the right lung, the upper lobe is
given by all voxels above the right oblique and right horizontal fissure. The lower lobe is
given by all voxels below the right oblique fissure. Finally the middle lobe is given by the
remaining voxels or all voxels between the right oblique and right horizontal fissure.
Unfortunately, fissures are rarely fully complete [49] and not always easy to detect. How-
ever, even incomplete fissures partially define the lobe boundaries. Figure 3.8 on the left
shows a sagittal slice of a right lung CT image with almost complete and good visible
fissures. On the right of the same figure, another slice of the same CT-Image with in-
complete fissures is shown. As apparent in Figure 3.8 on the right, even the incomplete
fissures are a good point of reference for the boundary between the lobes.

Figure 3.8: On the left: A sagittal slice of a right lung CT-Scan; Fissures are complete and
clearly visible. On the right: A sagittal slice of a right lung CT-Scan; Fissures are incomplete.

The thickness of the fissures can vary depending on the subject as well as within a
subject. The difference in size and completeness of the fissures makes it difficult to detect
them reliably. However, as fissures define the real boundary it is still worth making efforts
segmenting them even if they are incomplete in many cases. One important property for
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the detection of the pulmonary fissures is their shape. In CT scans they appear as bright
sheet-like structures on dark background. Using the Hessian matrix H, the local curvature

can be analysed.
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The Hessian matrix H (3.1)) is a square matrix. Its coefficients are second-order partial
derivatives of a scalar-valued function (3.2).
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In case of lung CT scans, the Hessian matrix is given by a 3x3 matrix with dimensions
x,y and z. The analysis of the local image structure is done by computing the eigenvalues
and eigenvectors for the derived Hessian matrix H. This is done following (3.3), where H
is the given Hessian matrix, I is the identity matrix, x is the eigenvector and A is the cor-
responding eigenvalue. In case of a 3x3 matrix, three eigenvalues with their corresponding
eigenvectors can be found.

Ax = )x (A=XADx=0 (3.3)
We define the eigenvalues for the three dimensional case of a CT image as [A1] < || < |As].
In [16] the second order local structure of an image is examined. In case of a plate like
structure A1 and Ay have usually low values while A3 has a very high value.

Based on this property, the authors of [37] proposed a fissure similarity measure Srjssure
shown in (3.4).

SFissure = FStructure : FSheet (34)

Two features Fsyrycture and Fspeer are combined. The first feature (Fsyrycture) 1S used for
finding structure in the image. This is done by computing (3.5). The parameter « in (3.5)
is set to 50 while the parameter 3 is set to 35. # represents a Heavyside function shown
in Figure 3.9. The Heavyside function is 0 for all values smaller or equal to 0. By using
A3 as a parameter for 6, Fgyycture Will be 0 for all voxels with an eigenvalue A3 > 0. This
is important to suppress all voxels that are part of dark structures on light backgrounds
as fissures are bright structures on dark backgrounds.

—(A3—a)®

FStructure = 6(_)\3)6 86 (35)
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The second feature (Fgpeet) is used to detect sheet-like structures and can be seen in (3.6).
The parameter v is set to 25. Fgpeer gets smaller with increasing Ao. This leads to the
suppression of vessels as fissures have usually smaller values for As.

6
-8

FSheet =e* (36)
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Figure 3.9: Heavyside function.

Using the Hessian matrix H and the fissure similarity measure Spjssure @ mask of
potential fissure voxels Mg is computed. This is done by first computing H for every
voxel in the image and subsequently computing Spissure- All voxels that satisfy the
condition Sgissure > 0.1 are kept in the mask. Figure 3.10 on the left shows an example
for a mask M¢. It can easily be seen that the image still contains a lot of spurious results.
To overcome the problem of spurious fissure voxels, M¢ is filtered by a 3D-vector-based
connected component analysis with a 6-neighbourhood. In case of a sheet, the eigenvector
corresponding to A3 points perpendicular to the direction of the structure. Since a fissure
usually does not bend much, the eigenvectors corresponding to A3 of two neighbouring
voxels that are part of fissures should point into similar directions. Using this property a
similarity measure for adjacent voxels can be formulated. The similarity of two vectors
can be determined by computing the inner product of the normalized vectors. Two
neighbouring voxels in the mask Mg are considered as connected, if the aforementioned
inner product is larger or equal to 0.98. This leads to an image similar to the one shown
in Figure 3.10 on the left, in which all voxels belonging to a connected component share
the same colour. To reduce the number of falsely detected fissure voxels, the connected
components are filtered using a size threshold. All components smaller than 100ml are
rejected. Figure 3.10 on the right shows the resulting image after applying the size
threshold to the image shown on the left.

For the computation of the Hessian matrix H the differentiation is defined as a convo-
lution with derivatives of Gaussians [16]. The mask M¢ of potential fissure voxels shown
in Figure 3.10 was obtained with a parameter ¢ = 1.0mm. This works fine in most cases
when fissures have a normal thickness. However, in cases of pathological lungs, in which
fissures can be a lot thicker than in healthy lungs, a parameter of ¢ = 1.0mm can often
be too small to capture these fissures. To circumvent this problem the fissures can be
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Figure 3.10: Left: The mask M¢ of enhanced fissure voxels. Voxels sharing the same colour
belong to the same component after a vector based connected components analysis. Right: The
remaining connected components after applying a size threshold to the image on the left.
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Figure 3.11: Fissure segmentation results for a right lung with pathological thick fissures. The
voxels detected as fissure from the algorithm are shown in red. Left: Result for a single scale
approach. A parameter of ¢ = 1.0mm was used. The algorithm is not even capturing parts of the
fissure because of their pathological thickness. Right: Result for a multiscale approach including
values for ¢ in the range of [0.5mm - 2.0mm]. The fissures are almost completely detected. However,
the result also contains a lot of false positives.

computed on multiple scales. Empirical analysis showed, that H computed with different
values for o in the range of [0.5 — 2.0] can detect different fissure sizes. Combining the
results computed on different scales can capture a much larger percentage of the whole
fissure than computing H on a single scale. The drawback of increasing o to large val-
ues up to 2mm is that this can lead to a lot of vessels being falsely detected as fissures.
To circumvent this problem the vessel segmentation described in Chapter 3.3 is dilated
and subtracted from the multiscale fissure segmentation. In Figure 3.11 on the right, an
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example for a multiscale fissure segmentation result is shown. On the left in Figure 3.11
the result using a parameter o = 1.0 is shown. In the multiscale result, the pulmonary
fissures are almost fully segmented despite of their pathological thickness. However, to-
gether with the pathological thick fissures there are still a lot of falsely detected structures
in the segmentation result even though the vessel segmentation got subtracted. Although
this problem could probably be solved by further filtering the resulting fissure image, not
much effort is invested in this work as the proposed segmentation algorithm in Chapter 3.6
showed to be robust against false positives.

3.5 Segmentation using Graphs

Following the methods presented in the previous chapters, a segmentation of airways,
lungs, vessels and fissures could be achieved. As the real goal of this work is pulmonary
lobe segmentation, the question arises how to use the aforementioned auxiliary lung struc-
tures for partitioning the lung into its lobes (i.e. assigning each voxel one of five labels
corresponding to the lobes). In this context it is common to follow a graph-based segmen-
tation approach.

3.5.1 Introduction

A graph G = (V, E) is an ordered pair comprising a set of vertices (nodes) V and a set
of edges F. Edges are associated with two vertices and can thus be seen as a pair of
vertices. This pair can either be ordered, in case of directed graphs, or unordered, in
case of undirected graphs. Edges can be either weighted or unweighted. A graph G is
called a weighted graph if weights are assigned to its edges FE.

Figure 3.12 shows an example for a directed and weighted graph on the left. It
consists of a set of vertices V = {a, 8,7,0} and a set of edges F = {(«, 8), (8,7), (7,0)}.
The edges go from « to £, from B to v and from v to § as indicated by the arrows
in the graph while the weights assigned to the edges are 3,1 and 4 respectively.
The graph on the right side in Figure 3.12 is an example for an undirected and
unweighted graph. Its set of vertices is given by V' = {a,b,c,d,e, f} and the edges are
E = {{a,b},{b,c},{c,d},{d,e},{e, f}}. In this case the edges have no weights as the
graph is unweighted. Due to the fact that the graph is undirected, the edges are written
as a set of vertices {x,y} instead of (z,y) as in the case of the directed graph. It is
important to note here that (z,y) means specifically that the edge goes from z to y
following that (z,y) # (y, x).

Given a directed graph G = (V, E) with positive edge weights and a source (s) vertex
and a sink (t) vertex, we can define an s —t-cut C' = S,T on G. The cut C partitions our
vertices in two disjoint sets S and 7', such that s € S and ¢ € T. Since the result of the
cut C' is a binary partition (two disjoint sets), it can be interpreted as a binary labelling,
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Figure 3.12: Example graphs for a directed, weighted graph (left) and an undirected, unweighted
graph (right)

such that all vertices in set S are assigned one label and all vertices in set 1" are assigned
another label.

The cost of the cut C is the sum of costs (or weights) of all edges that need to be cut
(that go from S to T') to obtain two disjoint sets.

c(S,T) = Z Ce

e{i’j}EE,
{i.j3nS|=1

A network N = (G,c) is a directed graph G = (V,E) with a non-negative
capacity-function ¢ : F — R,. If a source node s and a sink node ¢ are present, then
N = (G, ¢, s,t) is called a flow network [18].

A flow network is basically a directed and weighted graph with two distinguishable nodes
s and t that has the additional information of a flow going from s to ¢t. This means
that each edge has a capacity and each edge receives a flow. One important restriction
to point out is that for each node the amount of incoming flow must equal the amount
of outgoing flow. This restriction has not to be satisfied for the source and the sink
node, as the source node has only outgoing flow and the sink node only incoming flow.
An example for a flow network is given in Figure 3.13. The numbers on the edges
denote the flow (first value) and the capacity of each edge (second value) separated by “/”.

One concept, which will often appear in the context of maximum-flow algorithms
(Chapter 3.5.2) is the residual graph G of the graph G with the flow f on G. Gy has
the same node set V' as G. The edge set is identical too, except for the weights that are
assigned to them. Each edge e(a,b) is assigned the weight we — f(e). The corresponding
reverse edge €/(b, a) is assigned the weight f(e).

3.5.2 Minimum-Cut / Maximum-Flow

An s — t-cut on G is called minimum-cut if the cost of the cut is the minimum
among all costs resulting from all possible s — t-cuts on G.  According to the
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max-flow min-cut-theorem [14] [12], the value of the maximum flow in a graph is the same
as the value of the minimum cut on the corresponding flow network. The maximum-flow
problem is defined as maximizing the flow |f| from s to ¢ in a flow network.

A natural way of understanding this theorem is by looking at the graph as a system
of pipes. Each pipe represents an edge in the graph and its corresponding weight
can be seen as the diameter of the pipe. The maximum flow is then represented by
the maximum amount of liquid that can go from one end (s-vertex) to the other end
(t-vertex) of the pipe system. Further, we can also say that the limiting element for the
maximum flow in the graph is given by the diameters of the smallest pipes in a layer of
the system. There can not be more flow in the system than the amount of liquid that
can pass through the limiting element. So finding this limiting element will give us the
maximum flow. The limiting element is given by the layer of pipes with the smallest
diameters, which represent edges with small weights. Thus, the maximum flow is the
sum of the weights of the edges part of the limiting element, which has previously been
defined as the minimum cut on the graph G.

5\\ 6 5/5 6/6
N 3 2/3
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Figure 3.13: A minimum-cut on a graph. On the left the dashed red line shows the minimum-cut.
On the right the red edges denote the limiting edges in the flow graph. In the right graph the first
value of the edge weights denotes the flow in the edge while the second value denotes the capacity.

Figure 3.13 shows an example for a minimum-cut on a graph. The dashed red line on
the left graph represents the minimum-cut. All edges that get crossed by the dashed red
line are part of the cut, so that C' = {(s,a), (8,9), (8,7)}. The cost of the cut is given by
the weights of the edges that get cut and is therefore ¢(S,T7) =5+ 3+ 1 =9. All other
possible ways of cutting the graph so that the source node s is in S and the sink node ¢
is in T result in higher costs, which makes this cut the minimum-cut on G.

On the right side in Figure 3.13 the same graph as on the left is shown. In this case
the graph is displayed as a flow network. The capacities of the edges are displayed as
the second value on the edges and the flow on the edges are represented by the first value.
The edge (s, ) for example has a flow of 4 and a capacity of 5. The maximum amount
of incoming flow for the sink node ¢ is given by the capacities of the two incoming edges
(7,t) and (d,t). They both have a capacity of 6, which means that the maximum amount
of flow that can go in ¢ is given by 6 + 6 = 12. However, the maximum amount of flow
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in the network is also limited by the flow that flows out of the source node s, which is in
this case given by the capacities of the edges (s, «) and (s, ) and is therefore 5+ 5 = 10.
As the maximum outgoing flow from s is 10, the maximum incoming flow into t is also
limited to 10. Node ( has two outgoing edges ((3,7), (5,d)) and its maximum amount
of outgoing flow is given by 4. Consequently, these two edges are limiting the amount of
incoming flow to 3, which is now also 4. Node ¢ has a maximum outgoing flow of 6 and
is already receiving 3 incoming flow from [, resulting in a maximum amount of 3 more
flow from a. Now « can forward 2 remaining flow to 7. Finally, ¢ has a total amount
of incoming flow of 9 that is determined by the outgoing flow of v and the outgoing flow
of §. The red edges mark the edges of the limiting factor, which means that there can
not be more flow from the source node s to the sink node ¢ that can pass through these
edges. Hence, the maximum flow is given by the capacity of these edges and equals to
|fl =5+ 34 1=9. This corresponds exactly to the cost of the minimum-cut on the left
side in Figure 3.13.

3.5.3 Minimum-Cut / Maximum-Flow Algorithm

Several different algorithms for solving the minimum cut / maximum-flow problem on
graphs exist [19] [10] [15]. One of them was presented by Boykov and Kolmogorov in [4].
This algorithm has been compared to several other graph cut algorithms and shown to
outperform them with respect to speed [4].

initialize: S = {s},T = {t}, A= {s,t},0 =0
while true:
grow S or T to find an augmenting path P from s to ¢
if P =0 terminate
augment on P
adopt orphans
end while

Figure 3.14: Min-Cut / Max-Flow algorithm [4]

An overview of the main steps is given in Figure 3.14. The graph that is used for
this algorithm is of the structure described in Chapter 3.5.2, which means that it has a
source node s and a sink node t. It is based on finding augmenting paths. Two separate
search trees (S and T'), as well as a set of active nodes (A) and a set of orphan nodes
(O) are kept. Three different stages form the core of the algorithm. Before the iteration
over the three main stages begins, an initialization is performed: The search tree S is
initialized with the source node s and the search tree 7' is initialized with the sink node t.
Additionally, the two nodes (s and t) are added to the active nodes set A. The orphans
set O stays empty. As shown in Figure 3.14, the three stages (growth, augmentation,
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adoption) get repeated until an empty path P is returned from the growth stage.

Every iteration starts with the growth stage, in which a path P from the source s to the
sink t is found. Then the previously found path P is augmented in the augmentation
stage. The third stage is the adoption stage, in which the trees are restored.

Regarding notation, tree_cap(p — ¢) denotes the residual capacity of either edge (p, q) if
pis in tree S (TREE(p) = S) or edge (q,p) if pisin tree T (TREE(p) =T).

During the growth stage (details can be seen in Figure 3.15) the search trees are grown.
Therefore, the active nodes in set A are processed. Every neighbouring node that is
reachable from the current active node (tree_cap(p — q) > 0) gets examined to determine
whether it can be added to the same tree as the current active node. This is the case
if the neighbour node is currently not part of a tree. When being added, the neighbour
node is set to active and therefore added to the set A. Additionally, the active node is
set as parent of the neighbour node. A new path P is found if the neighbouring node
is in a different search tree as the active node. As soon as a new path P is found, the
growth stage is being terminated and the path P is returned. The growth stage exits
with an empty path P = () only if there are no active nodes left in the set A. In further
consequence this leads to the termination of the algorithm.

while A # ()
pick an active node p € A
for every neighbour ¢ such that tree_cap(p — q) >0
if TREE(q) = 0 then add q to search tree as an active node:
TREE(q) :==TREE(p), PARENT(q) :==p,A:= AU {q}
if TREE(q) # 0 and TREFE(q) # TREE(p) return P = PATH,_,,
end for
remove p from A
end while
return P = ()

Figure 3.15: Growth stage of the Min-Cut / Max-Flow algorithm in [4]

The non-empty path P that was found during the growth stage is now being
augmented. The pseudo code for the augmentation stage is shown in Figure 3.16.
First, the bottleneck capacity A in P is found. The residual graph G is updated by
pushing flow A through P. Doing so will cause at least one edge (p,q) in P to become
saturated, which will result in the corresponding edge (p,q) getting an edge weight of
Z€ero (wem> = 0). In further consequence node ¢ will no longer be reachable from node p
and is thus becoming an orphan. It is important to distinguish three different cases. In
the first case both nodes p and ¢ are in tree S and node p is added to the set of orphans
O as described above. However, if both nodes are in tree T', node p is added to the
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set of orphans O. That is because the path Ps_,; is always going in the direction from
the source node s to the sink node t, which are the roots of the search trees S and T,
respectively. So in the case of having both nodes in tree T', node p is the one becoming
an orphan as it is the child of node ¢ with respect to the search tree T'. The third case is
that node p and ¢ are not in the same search tree. In that case neither node p nor node ¢
is becoming an orphan as there is no parent / child relationship between those two.

find the bottleneck capacity A on P
update the residual graph by pushing flow A through P
for each edge (p,q) in P that becomes saturated
if TREE(p) = TREE(q) = S then set PARENT(q) := 0 and O := O U{q}
if TREE(p) = TREE(q) =T then set PARENT (p) := 0 and O := O U {p}
end for

Figure 3.16: Augmentation stage of the Min-Cut / Max-Flow algorithm in [4].

The last stage is called augmentation (Figure 3.17). Its goal is to restore the search
trees and adopt the orphans. Each orphan gets processed and removed from the set of
orphans O. The find parent function is shown in Figure 3.18. A new valid parent ¢
for a node p is found if there is an edge from ¢ to the node p that is greater than zero,
both nodes are in the same tree and the origin of the node ¢ is either source or sink.
This is important, because due to the adoption stage, some nodes in the search trees S
and T are successors of orphan nodes. If a valid parent is found, PARENT(p) is set
to the found node ¢. In the case that no valid parent is found for node p, find _parent
returns FALSFE and all neighbours ¢ of p that are in the same tree as p get processed.
The neighbour node ¢ is added to the active set A if there is an edge from ¢ to p with
capacity greater zero. If the parent of the neighbour node ¢ is the orphan node p, node ¢
becomes an orphan too. After all neighbours that had the same tree as p got processed,
p gets removed from its tree and is removed from the active set A.

An example on how the algorithm works is shown in Figure 3.19, Figure 3.20 and
Figure 3.21. Green and blue coloured vertices are in search tree S and T respectively,
while black coloured vertices are currently in no search tree. Active vertices are visualized
by a red border and rectangular-shaped vertices denote orphans. Dotted edges in the
graphs represent edges that are part of the current path found in the growth stage of the
algorithm. Red dotted edges denote edges that got saturated during the augmentation
stage.

The graph is initialized in Figure 3.19 on the left with vertex s in search tree S and
vertex ¢ in search tree T'. Both vertices s and ¢ are set as active. The graph in the middle
in Figure 3.19 shows the state after the first growth stage is done and the found path
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while O # ()
pick and orphan node p € O and remove it from O
if find_parent(p) = FALSE
for all neighbours ¢ of p such that TREFE(q) = TREE(p):
if tree_cap(q — p) > 0 add ¢ to the active set A
if PARENT(q) = p add ¢ to O and set PARENT(q) := 0
end for
TREE(p) :=0,A:= A —{p}
end while

Figure 3.17: Adoption stage of the Min-Cut / Max-Flow algorithm in [4]

for every neighbour ¢ such that tree_cap(q — p) >0
if TREE(q) = TREE(p) and ORIGIN (q) € {s,t}:
PARENT (p) =q
return TRUE
end for
return FALSE

Figure 3.18: “find_parent(p)” function for the adoption stage of the Min-Cut / Max-Flow
algorithm in [4]
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Figure 3.19: Example Minimum-Cut / Maximum-Flow Part 1
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Figure 3.20: Example Minimum-Cut / Maximum-Flow Part 2
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Figure 3.21: Example Minimum-Cut / Maximum-Flow Part 3

was augmented. The edge («,7y) has the smallest capacity of all edges in the path and
is hence saturated by pushing the maximum flow through the path. On the right side
in Figure 3.19 the state of the graph after the second growth and augmentation stage is
shown. The edge (s, a) got saturated and hence o becomes an orphan. As visualized in
Figure 3.20, no new parent is found during the adoption stage for vertex « leading to its
removal from search tree S. After several cycles, vertex « is finally added to the search
tree T on the left in Figure 3.21. The result is visualized on the right in Figure 3.21. The
two search trees (S and T') are separated by three edges {(s, «), (8,9), (8,7)}, which have
a combined flow of 54+34+1=09.

3.5.4 Solving Energy Functions via Graph Cuts

As discussed earlier, a cut C on a graph G can be interpreted as a binary labelling and
can thus be used for two label image segmentation. However, graph cuts can also be used
to (approximately) solve more sophisticated problems like energy equations of the form

E(f)= > Voglfor fo) +>_ Dp(fy) (3.7)

p,gEN peP

The energy presented in (3.7) consists of a unary (V, 4(fp, f;)) and a binary (D, (fp)) term.
The unary term can also be called data penalty term as its purpose is to calculate a cost
(penalty) for assigning a specific label to a pixel. For example the squared difference to
the initial labelling can be used as the unary term, which will cause the system to try to
stay close to the initial labelling.

Dp(fp) = (fp - Ip)Q

The binary term (V) 4(fp, fg)) is used to penalize interactions between pixels and is hence
often called data interaction term. One example for the data interaction term is the Potts
model

Vap =k - P(a,b)



3.5. Segmentation using Graphs 31

with
P(a,b) =1 ifa#0b,

3.8
=0 else (3:8)

The Potts model penalizes neighbouring pixels with different labels and is thus
leading to solutions with constant regions and smooth boundaries between those regions.
Further, the Potts model is a regularizer, which in addition to keeping the boundaries
smooth, penalizes the total interface length.

Finding a global minimum for the energy presented in (3.7), with the just introduced
models for the data term and interaction term, can be shown to be NP-hard [5]. Nev-
ertheless, algorithms exist to find local minimums that are guaranteed to be in a known
factor to the global minimum. One such algorithm is the o« — expansion algorithm [5].

3.5.5 A note on Nomenclature

At this point the question may arise why in the context of finding an optimal image
segmentation, the term ”energy minimization“ is used. To answer this question it is
helpful to consider the special case of the two-state Potts model [68], which is generally
referred to as the Ising modell [31]. It was developed by physicist Ernst Ising to explain
empirically observed facts about ferromagnetic materials. In the two-dimensional case, the
Ising model can be viewed as a grid of points representing spins (up or down). Ising then
assigned an energy to each possible configuration of the system. The energy was of the
form of (3.9), where the first term represents the energy caused by the interaction of the
spins and the second term represents the effect of an external magnetic field of intensity
H. The constants J and m represent properties of the material.

Uw) =—=J>  oiw)oj(w) - mHZcri(w) (3.9)

where k is a constant and T is the temperature. This leads to a probability measure of

e_ﬁU(w)

P(w) = Z

where Z is the partition function. The configuration of highest probability P(w) is then
obtained at the minium value of U(w), i.e. the energy has to be minimized to find the
optimal solution. A generalization of this representation is called a Markov random
field [34]. The underlying structure of a Markov random field is an undirected graph, in
which the nodes represent random variables and the edges represent dependencies. The
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random variables can be any type of random variable that is satisfying the Markov property
e.g. the spins of a ferromagnetic material in the context of physics or pixels of an image
in the context of computer vision. Minimizing the energy gives the optimal solution, i.e.
solution with the highest probability. The energy equation needs to be adapted according
to the desired output. In a machine learning context the desired energy equation can
be obtained by learning from data [39]. In this case a cost function or loss function is
defined to associate low energies to desired configurations. The optimal energy equation
is learned by minimizing the cost function. Minimizing the energy equation on the other
hand is considered as inference, i.e. we obtain the optimal solution for the given input
data X and the specific energy equation. Although in this work the energy equation is not
obtained by learning from data and hence using the term cost function or loss function
for the energy function should not lead to confusion between learning and inference, we
still stick to the common nomenclature (energy equation) that is used in these fields.

3.5.6 The Alpha-Expansion Algorithm

1. Start with an arbitrary labelling f

. Set success := 0

3. For each label o € L
3.1 Find f = arg min E( f ) among f within one a-expansion move of f
3.2 If E(f) < E(f), set f = f and success := 1

4. If success = 1 goto 2

5. Return f

[\

Figure 3.22: The alpha-expansion algorithm [5].

As the name suggests, the a-expansion algorithm is based on the computation of
expansion moves. In an a-expansion, pixels that were previously not labelled a0 can be
assigned the label a. However, it is not possible to assign an a-labelled pixel another
label. The a-expansion algorithm from Boykov et al. is shown in Figure 3.22. The core
of the algorithm is step 3, in which the energy is minimized for a label a with respect
to one a-expansion move. This corresponds to the computation of a minimum-cut on a
specifically designed graph. The construction of the graph will be shown below.

Create a Source(a) node and a Sink(@) node. For every pixel (voxel) in the image
p € P add a vertex to the graph. Add two edges to every vertex (except source and sink):
One edge to the source node and one edge to the sink node. We will call all edges that
go to either source or sink t-links.
In the next step edges are created between all vertices that represent image pixels. If two
neighbouring pixels p,¢q € N have the same label f, = f, they are directly connected via
an n-link.
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edge | weight for
ty 00 p € Pa
ty | Do(fn) p & Pa
ty Dy(a) peP
epay | V{fp )
agt | Vienfo) | {p,a} €N fp # fo
te | V(o fo)
epay | Vfpo) | .t N fo=fq

Table 3.1: Weights for the edges in the a—expansion algorithm.

If fp # fq an auxiliary node ay, o is created and a set of three edges are added to the
graph. One edge between p and ay), ,1, one edge between ay, .1 and g and one edge between
the auxiliary node ay, oy and the sink node. The set of all edges can be written as

EQZ{U{tg7t§}7 U S{p.a} U Cpa}}

peP {p.a}eN {p,a}eN
fp?éfq fP:fq

with
lpat = {€p.a}> €ag} ta )
And the set of all vertices can be written as

V., = {a, a, P, U a{p,q}}

{p.a}eN
In#fq

The weights assigned to the edges are shown in Table 3.1.
Figure 3.23 shows a 3x3 pixel binary image. The blue label is given the value 0 while

the red label is given the value 1. It is now possible to minimize an energy function that
is given by (3.10).

E(f) = Z Vpa(fp fo) + ZDp(fp)v with (3.10)

p,qeN peP
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%,q(fpqu) =0 if fp=1/q
=1 if fp # fq
Dy(fp) = 1.5 | fp — I

Changing the colour of a pixel from red to blue or vice versa leads to an increase of the
global cost of 1.5, while maintaining the current colour (label) does not add any cost.
For each neighbour that does not share the same colour as the current pixel the cost is
increased by 1. Note that a 4-connected neighbourhood is used for this example. This
means that the pixel (z,y) is connected to every pixel (z +1,y) and (x,y £ 1)

Figure 3.24 on the left shows the a-expansion move for the red label. The graph is
constructed following the rules described above. The grid represents the original 3x3
binary pixel image. The colour of the nodes in the middle of each pixel denotes the value
of the pixel in the image. Edges with edge weight of zero are removed in the visualization
for sake of readability. In order to change the label of a pixel its edge to the source node has
to be cut. It is easy to see that the computation of a minimum-cut on graphs constructed
following these rules corresponds to a-moves as nodes having the same label as the source
node get attached to the sink by edges with infinite cost, which makes it impossible to be
cut. The cut edges are visualized by red dashed lines. Figure 3.24 on the right shows the
second cut on the graph constructed for the blue label using the a—expansion algorithm.
This cut leads to no change in the labels of the pixels as the optimal result has already
been found in the first cut. The final image can be seen on the right in Figure 3.23.

Figure 3.23: Left: Example 3x3 pixel image; Right: The result of minimizing the energy shown
in equation 3.10 on the 3x3 pixel image.

In case of two label image segmentation as in this particularly easy example, the
a—expansion algorithm can stop after computing a single minimum-cut for each label.
By separating the lung into left and right lung and subsequently computing the lobe
segmentation inside the lungs, the lobe segmentation problem for the left lung reduces
to a two label image segmentation, which can thus be solved by a single cycle of the
a-expansion algorithm.

3.6 Lobe Segmentation

As described and demonstrated before, the a—expansion algorithm is capable and
suitable for minimizing complex energy equations of the form shown in (3.7). However,
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Figure 3.24: Red dashed edges are part of the minimum cuts. Left: Example for an a-expansion
for the red label. Right: An a-expansion for the blue label. The result of the a-expansion on the
left is used as an input. Auxiliary nodes are removed for simplicity.

using the energy in (3.10) like in the example, would not make a lot of sense when it
comes to lung lobe segmentation. This can be seen by analysing the unary term D,(f,)
of the equation. The term is solely checking if the value that a pixel gets assigned to
differs from the value it has in the original image and increases the energy accordingly.
This makes sense in the example but not for segmenting the lung into its lobes because
the original values in the CT image contain no direct information for the lobes. When it
comes to lung lobe segmentation, the goal is to separate the lung into five distinct lobes,
which is achieved by assigning each voxel in the lung one of five labels, where each label
corresponds to one lung lobe. The labels for the lobes can be chosen arbitrarily and have
no direct meaning concerning the original pixel values in the CT image. Consequently,
using the original pixel values directly in the unary term is not a promising approach.
Whereas using lung structures that do contain information about the lobes would make
a lot more sense. The challenge is now to combine all of the available information into an
energy equation that leads to a meaningful lung lobe segmentation.

3.6.1 Derivation of the Energy Equation

In order to find the sought energy equation, several considerations about the lung anatomy
and structures have to be made. First, we already know the right labels regarding the
lobes for a small amount of voxels, namely the voxels of the airway tree. This was achieved
by segmenting the airway tree and labelling it according to the lobes. It follows naturally
that voxels in proximity of a specifically labelled airway branch have a high probability of
sharing the same label as the branch. Thus, it appears that using a distance map on the
different labelled airway branches and assigning voxels to the label of its nearest airway
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branch may give a good approximation to the lung lobes. Computing this approximation
is consequently also leading to a reduction in different voxel values from several hundreds
or thousands to only five values (corresponding to lung lobes). Figure 3.25 on the left
shows a sagittal slice of the CT image of a right lung. In the middle in Figure 3.25 the
result of the above described airway distance based labelling is shown. When displayed
as overlay, as shown on the right in Figure 3.25, it is clearly visible that this approach
already leads to a good approximation to the lobes. From now on this approximation will
be called the approximate lobe labelling.

Figure 3.25: On the left: A sagittal slice of a right lung CT-Scan; In the middle: voxels are
assigned labels corresponding to their nearest airway branch; On the right: airway branch labelling
is shown as overlay on the original CT image.

It would now perfectly make sense to use the approximate lobe labelling as an input
for the a—expansion algorithm and to increase the energy by a specific amount (e.g. 1)
for each voxel that gets assigned a label that differs from its original label. Note that in
contrast to the example discussed in Chapter 3.5.6, no difference between the original and
new label is calculated and used as a value for the increase in energy. This means that
there is no difference in changing the label of a voxel from right middle lobe to right upper
lobe or right lower lobe. For now the energy equation for the lung lobe segmentation
would look as follows:

E(f) = Z ‘/p,q(fpqu)—i_ZDp(fp)’ with (3.11)
p,qEN peP
Vi.a(fps fq) = unde fined D,(fp) =0 if f,=1,
=1 if fp#1,

All the energy equation does is to penalize every discrepancy between the original lobe
labelling and any other labelling. Therefore no label is changing and the system is static.
The next logical step consists in including a term which motivates the system to adapt its
labelling. In Chapter 3.5.4 we already introduced the Potts model (3.8), which penalizes
neighbouring pixels with different labels. By minimizing the set of discontinuity, the Potts
model is leading to solutions consisting of a minimum amount of constant regions with
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the minimum sum of all smooth boundaries between those regions. Including the Potts
model into the energy equation makes perfect sense as the lung lobes are self-contained
structures with smooth surfaces. The unary and binary term of the energy equation are
now given by

Voa(fps fq) = kp - P(a,b) Dy(fp) =0 if fp=1I,

_ (3.12)
=1 if f,#1,

Minimizing this energy equation would now lead to a solution with smooth boundaries
while staying close to the approximate lobe labelling. The solution yielded by the min-
imization may be an improvement compared to the approximate lobe labelling, however
it is still not very sophisticated as apart from the initialization it does not consider any
lung structure. In Chapter 1 we already mentioned that the lung lobes are defined by
the pulmonary fissures. The approximate lobe labelling is a good approximation to the
lung lobes but it is not perfectly accurate when it comes to drawing the boundary on the
fissures. Thus we could say that voxels are more likely to change its labels in proximity of
the pulmonary fissures than in other regions. This can simply be modelled by setting the
unary term to zero for voxels that are part of the fissures. A new factor ky for the fissures
is introduced leading to following terms:

Vo.a(fps fa) = kp - P(a,b),  with Dy(fp) =0 if fy=1,
=ky it f,#1, ,with
(3.13)
P(a,b)=0 if a=0b ky=0 if p € fissures
=1 else =1 else

Including the fissures significantly improves the result for CT images where fissures
can be found by the proposed algorithm. However, as already discussed fissures are not
always complete depending on the subject and severity of the diseases. Even if the fissures
are present, it is often a hard task to fully detect them, which necessitates information
from other structures in order to guarantee more stable results. A suitable structure to
additionally use is the vessel tree. The vessels are usually separated into subtrees with
respect to the lobes. Normally, the fissures are complete and vessels are not crossing them.
By looking at an exemplary vessel tree as shown in Figure 3.26 on the left, one can see
the just described properties. From the observations made about the vessel tree, we can
deduce that the fissures are likely found in regions absent of vessels. This property can
be used by computing a distance map on the vessel tree and using the resulting values
in the image as probabilities for fissure occurrence. This means that for each voxel the
probability of being part of one of the fissures is getting higher with greater distance to
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the vessels. When it comes to minimizing the energy equation one must keep in mind that
the a-expansion algorithm is computing minimum cuts on specifically constructed graphs.
For the lung lobes this connotes that we want the graph to be cut at the lobe boundaries,
which means that we want the edges in these regions to have low weights. For that reason
the distance map on the vasculature is inverted, which is leading to low values where the
probability is high for fissures and high values otherwise. Figure 3.26 in the middle shows
the inverted distance map computed on the vessels. On the right in Figure 3.26 the true
boundary is visualized as overlay in red on the inverted distance map. It can easily be
seen that the distance map on the vasculature is a good additional indicator for locating
the fissures.

By including a new factor k, for the vessels into the unary term, the energy equation
changes to (3.14). The vessels factor k, takes values in the range between 0 and 1 and is
incorporated by a multiplication. Doing so leads to very small, down to zero values for
voxels that are either part of fissures or have high fissure probability due to the distance
map on the vessels. In contrast, if no fissures are found because of low contrast or incom-
plete fissures in a region where the boundary actually should be drawn, there is still a
chance that D, will be low in this region because of k,. Only if no fissures are found and
vessels are close to the boundary, D), will be high and thus falsely not contribute to cut
in this region.

Figure 3.26: On the left: The vasculature of a right lung. The lobe boundaries can be guessed
by looking at regions absent of vessels. In the middle: An inverted distance map computed on
the vasculature. Dark regions denote regions with high fissure probability. On the right: The real
boundary is displayed as an overlay.
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Vp,q(fqu):kp'P(ayb)a with Dp(fp):0 if fp:Ip
:kf-k‘v if fp;élp , with

(3.14)
P(a,b) =0 if a=0b k=0 if p € fissures
=1 else =1 else
k, € [0.0,1.0]

Hitherto, minimizing the energy equation given by the unary and binary terms
that were presented in (3.14), leads to good results. However, there is still room for
improvements. For the calculation of the approximate lobe labelling, distance maps
to the labelled airway branches had been used. The intuition for that was that the
labelling of the airway tree is considered trustworthy and that voxels in proximity of
a branch have a high probability of being part of the same lobe as the branch. At
the same time voxels that are far away from any airway branch are not necessarily
assigned the right label. They may be a bit closer to a specific branch than to another
but still be significantly far away. This uncertainty due to distance can again be
modelled by computing a distance map on the airway tree. With increasing distance
the uncertainty increases, which should lead to a more liberal system in terms of label
change in this area. To foster label changing, D, must be small, thus the distance map
on the airway tree has to be inverted. This property will be incorporated by the factor k.

In addition to using the overall distance to the airway tree, a second property
concerning the airways can be used. When it comes to the approximate lobe labelling,
there might still be false labelled voxels in close proximity to the airway tree near the
first few branching points after the carina. Voxels in these regions are close to the airway
tree but may still be wrong labelled because they may be few voxels closer to the wrong
branch. Consequently there is an additional insecurity based on the relative distance to
the nearest branch and the subsequent branch. Computing this relative distance can be
done by first computing the distances to all branches (2 for the left lung and 3 for the
right lung) and sorting them in ascending order. The relative distance would then be
obtained by dividing the first distance by the second. A new factor k,, is introduced to
model the relative distance.

These two properties can simply be combined into one factor k, by a multiplication.
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This leads to the following terms:

Vpa(fps fq) = kp - P(a,b), with Dy(fp) =0 if f, =1,
—kpokyoka if fy#I, , with

P(a,b)=0 if a=0b k=0 if p € fissures
=1 else =1 else
k, € [0.0,1.0]
ko = ka, - ka,

(3.15)

The unary term D), in (3.15) ensures that a lot of voxels change their labels in regions
where the optimal lobe boundary is assumed. By using the Potts model in the binary term
Vp.q; a smooth boundary near the supposed boundary is found. This does not lead to the
best result since on top of having regions of minimal cross-sectional areas, the boundary
should follow the fissures. In order to achieve this, the fissures have to be included into the
binary term V), ,. Placing the boundary along the fissures should not increase the energy.
Therefore, a factor ky, is added to the binary term as follows:

E(f)= 3" Voglfp f) + > Dp(fy), with

p,qEN peP
Voa(fps o) = kg, - kp - Pla,b),  with Dy(fp) =0 if fp=1,
—kyky ko if fy#£I, ,with
P(a,b)=0 if a=0b k=0 1if p € fissures
=1 else =1 else
kg, =0.1 if p,q € fissures k, € [0.0,1.0]
=1 else ko = ka, - ka,

(3.16)

The factor kj, is either 1 if neither voxel p nor voxel g are part of the fissures and 0.1
else. By setting ky, to 0.1 we favour the system to change labels on the fissures since at
the same time ky in the unary term will be zero. Consequently, it will be cheaper in terms
of cost to cut the ¢t — link to the a vertex, which will assign the voxel the label a. On
the contrary, setting both ky and ky, to 0, could lead to isolated vertices in the graph.
The isolated vertices would not change their labels and regions with alternating labels
would occur in the segmentation. However, lung lobes are self-contained structures and
fragmented regions are not a good representation for them. To circumvent this problem
the Potts model is combined with the factor ky, in the binary term. Doing so will ensure
that the boundary will be drawn on the fissures where fissures are found. Whereas, in
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regions, in which no fissures are found, a smooth boundary will be interpolated in between
the fissures. Figure 3.27 shows an example for a lung lobe segmentation result.

Figure 3.27: Lung lobe segmentation results for case 10 in the LOLA11 dataset (Chapter 4.2).

3.6.2 Refinement of the Segmentation Approach

As can be seen in Figure 3.27, minimizing the energy equation derived in Chapter 3.6.1
yields good results. However, since the approximate lobe segmentation is derived from
the labelled airway tree, the quality of the airway segmentation is crucial for the whole
segmentation process. Good results in the airway segmentation and labelling yield good
approximate lobe segmentations and are therefore leading to good lobe segmentation re-
sults. However, if airway segmentations are weak, i.e. not reaching enough depth in the
CT image, the quality of the approximate lobe segmentation decreases. In consequence,
the labelled vessel tree derived in Chapter 3.3.2 can be used to address the problem of weak
airway segmentations. The approximate lobe segmentation is computed on a combined
image of labelled airways and vessels. This is generally leading to much better approx-
imations, which are further leading to better lobe segmentation results. Following this
approach technically does not change anything to the energy equation derived in Chap-
ter 3.6.1. However, the parameter k, does now not only represent the labelled airways
but also the labelled vessels. Figure 3.28 on the left shows an example for a poor lobe
segmentation result. As can be seen in the image, the boundary between right upper and
right lower lobe does not follow the fissure. This can be explained by a weak approximate
lobe segmentation, which was solely derived from the airways. A better approximation
can be obtained by using the labelled vasculature. This is consequently leading to a better
lobe segmentation result, which is shown on the right in Figure 3.28.

The refined version of the algorithm will be called from now on EMV, while the algorithm
described in Chapter 3.6.1 will be called EMA.
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Figure 3.28: Lung lobe segmentation results for the left lung of LOLA11 case 1. Left: the result
obtained from the algorithm presented in Chapter 3.6.1; Right: result obtained form the algorithm
presented in Chapter 3.6.2.
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The evaluation of the algorithm developed in this thesis is described in the follow-
ing chapter. To provide an accurate and meaningful evaluation, the selected dataset is
of great importance. Therefore, the evaluation was not only performed on an in-house
dataset (Chapter 4.1) but also on a public available one (Chapter 4.2). In Chapter 4.3
the algorithm (EMA) presented in Chapter 3.6.1 is evaluated on the in-house dataset de-
scribed in Chapter 4.1. The refined version of the algorithm, which is incorporating the
labelled vessels (EMV; see Chapter 3.6.2) is evaluated on the same dataset in Chapter 4.4.
Evaluations for both versions of the algorithm (EMA and EMV), are performed on the
public dataset presented in Chapter 4.2 in the experiments shown in Chapter 4.5 and
Chapter 4.6 respectively. In Chapter 4.7 the results of the performed experiments are
discussed.

In all four experiments, the multi-scale fissure segmentation step is computed on a
total of 16 different values for o, starting from 0.5mm and increasing by 0.1mm in each
step up to 2.0mm. The subtracted vessel segmentation was dilated with a voxel radius of
1. For the two EMV experiments, the radius ry for the vessel labelling algorithm was set
to 3mm, while the radius ro was set to 1mm.

43
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4.1 LBI dataset

The dataset described in this chapter is an in-house dataset consisting of 25 CT images.
In addition to the CT data, clinical information such as the pulmonary pressure of the
subjects is available. A manual reference standard for the evaluation of the algorithm was
created based on this dataset. Two individuals that were not involved in the development
of the algorithm manually placed approximately 500 markers on the fissures on each CT
image. Distinct markers were used to allow an individual evaluation for the left oblique,
right oblique and right horizontal fissure. No markers were placed in regions, where the
fissures were not visible. Following this procedure led to one CT image not containing
any markers at all, and two without markers in the right horizontal fissure, as the fissures
were not visible.

4.2 LOLA11 dataset

This dataset is provided by the LObe and Lung Analysis 2011 (LOLA11) challenge [41].
It is comprised of 55 chest CT scans that are coming from a variety of sources representing
clinically common scanners and protocols. The CT scans include a broad range of different
abnormalities. The dataset includes a reference standard for lung and lobe segmentations,
which were manually created. In contrast to the 55 CT scans, the reference standard is
not made publicly available.

Evaluation is performed by computing overlaps between the segmentation results
yielded from the algorithm and the manually created reference standard. The overlap
between the automatic and reference segmentation is defined as the volume of their in-
tersection divided by the volume of their union. Voxels that are part of a defined slack
border of 2mm within the manually drawn border, are not taken into account for evalua-
tion. Following this evaluation procedure, a score for each lobe is obtained by computing
the mean overlap between the automatic and reference segmentation. The overall score
for the lobe segmentation is then given by the mean of the means.

4.3 Evaluation of EMA on LBI dataset

In this experiment, the performance of the algorithm (EMA) presented in Chapter 3.6.1
is evaluated. That is to say that solely the airways are used for the computation
of the approximate lobe segmentation. The evaluation was performed on the
dataset described in Chapter 4.1. For each manually placed marker, the distance
to the nearest automatically detected lobar boundary was measured. The distances
were measured as positive or negative depending on their relative location to
the automatically detected lobe boundary. For the left lung this means that
markers that are part of the lower lobe in the automatic segmentation result are
considered as positive while markers that are part of the upper lobe are considered
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as negative. In case of the right lung, negative values were either used for markers
for the horizontal fissure that were not part of the middle lobe in the automatic
segmentation result, or markers for the oblique fissure that were not part of the lower lobe.

Following the described evaluation protocol the median distance was 0.00mm (in-
terquartile range: -0.64-0.00mm). Median distances for the left oblique fissures were
0.00mm (0.00-0.78mm). The right oblique fissures median distance was 0.00mm (-0.64-
0.00mm) and the median distance for the right horizontal fissure was 0.00mm (-1.04-
0.00mm).

Using the same evaluation protocol with absolute distances instead of signed distances,
the median distance was 1.04mm (0.88-1.10mm). Median distances for the left oblique fis-
sures were 0.93mm (0.87-1.05mm). The right oblique fissures median distance was 0.94mm
(0.87-1.06mm) and the median distance for the right horizontal fissure was 1.06mm (1.03-
1.10mm).

Figure 4.1 shows the combined results for all fissures and each case. No results are
available for dataset LBI_Pilot11 due to a missing manual reference as described in Chap-
ter 4.1. In Figure 4.2 on the left the median distances for all cases are visualised. On the
right in Figure 4.2 the median absolute distances are shown. On the top, in the middle and
the bottom in Figure 4.3 the results for the left oblique, right oblique and right horizontal

fissures of each dataset are shown, respectively.
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Figure 4.1: Scatter plot including the combined results of all fissures. The results were obtained
by computing EMA.

Figure 4.4 shows the segmentation results for case 05 and case 06. As can be seen in the
images, the detected boundaries follow precisely the fissures. The right oblique fissure in
the right most image in Figure 4.4 is completely missing. Even though the right horizontal
fissure is not visible in this scan, the algorithm finds a plausible boundary between the
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Figure 4.2: Median distances for all fissures. The results were obtained by computing EMA.

right upper lobe and the right middle lobe. Figure 4.5 shows the segmentation results
for case 21 and case 22. Similar to the results in Figure 4.4, the boundaries are precisely
following the fissures. In case of missing fissures, a meaningful boundary is found. As
can easily be seen in Figure 4.2 on the right, lobar results in only 5 cases show median
distances larger than 10mm. This includes 3 cases for the left oblique fissure and 1 for the
right oblique and right horizontal fissure. The three cases for the left oblique fissure are
shown on the leftmost image in Figure 4.9, on the leftmost image in Figure 4.10 and in
the third image from the left in Figure 4.10 respectively. The cases for the right oblique
and right horizontal fissure are shown on the left in Figure 4.11 and in the third image
from the left in Figure 4.9 respectively.
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Top: left oblique fissures; middle: right oblique fissures; bottom: right horizontal

Figure 4.3

fissures; The results were obtained by computing EMA.
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Figure 4.4: Segmentation results computed by EMA for case 05 (images on the left) and case 06
(images on the right) from the in-house dataset (Chapter 4.2).

Figure 4.5: Segmentation results computed by EMA for case 21 (images on the left) and case 22
(images on the right) from the in-house dataset (Chapter 4.2).

4.4 Evaluation of EMYV on LBI dataset

This experiment is basically the same as the one presented in Chapter 4.3. The only
difference is that the labelled vessel tree was used to compute the approximate lobe seg-
mentation as described in Chapter 3.6.2 (EMV).

Following the described evaluation protocol the median distance was 0.00mm (in-
terquartile range: 0.00-0.00mm). Median distances for the left oblique fissures were
0.00mm (0.00-0.78mm). The right oblique fissures median distance was 0.00mm (0.00-
0.00mm) and the median distance for the right horizontal fissure was -0.84mm (-1.05-
0.00mm).

Using the same evaluation protocol with absolute distances instead of signed distances,
the median distance was 0.927mm (0.86-1.06mm). Median distances for the left oblique fis-
sures were 0.91mm (0.86-1.03mm). The right oblique fissures median distance was 0.92mm
(0.86-1.06mm) and the median distance for the right horizontal fissure was 1.06mm (1.03-
1.10mm).

Figure 4.6 shows the scatter plot for all cases. Figure 4.7 shows the median distances
on the left and the median absolute distances on the right. Figure 4.8 shows the individual
results for each fissure and case.
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Figure 4.6: Scatter plot including the combined results of all fissures. The results were obtained
by computing EMV.
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Figure 4.7: Median distances for all fissures. The results were obtained by computing EMV.

As can be seen in Figure 4.7 on the right, all cases that performed poorly (i.e. cases
with over 10mm absolute distance) in the previous experiment, achieved significantly bet-
ter results by including the labelled vessels. In the first and third image from the left
in Figure 4.9, the poor segmentation results of case 14 from the previous experiment are
shown, while the much stronger results from this experiment are shown in the second and
fourth image. Similarly the first and third images from the left in Figure 4.10 show the
weak segmentation results for the left lungs of cases 15 and 20 from the previous experi-
ment. The improved results for the same lungs, which were obtained in this experiment,
are shown in the second and fourth image. The segmentation result for the right lung of
case 24 is shown in Figure 4.11. In contrast to the result obtained in the previous experi-
ment, the boundary between the right upper and right lower lobe is closely following the
right oblique fissure. However, the result did not improve for the boundary between the
right middle and right lower lobe.

Although not all scans have a median absolute distance down to zero, the results are
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Figure 4.8

fissures; The results were obtained by computing EMV.
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Figure 4.9: Segmentation results for case 14 (left and right lung) of the in-house dataset. The
results computed by EMA are shown in the first and third images from the left and the results
computed by EMV are shown in the second and fourth image from the left.

Figure 4.10: The segmentation results for the left lung of case 15 of the in-house dataset are
show in the first (EMA) and second (EMV) images. The third image shows the result for the left
lung of case 20 computed by EMA while the result computed by EMV is shown on the fourth
image from the left.

very promising, as only one case has a median absolute distance above 10mm for the left
oblique fissure. This case is shown in Figure 4.12 on the left. As can be seen in the
image, the lower part of the left oblique fissure is pathologically thick. The pathologically
thick part of the fissure got detected by the vessel segmentation algorithm as shown in the
second image from the left in Figure 4.12. Unfortunately, the airway segmentation also
produced a very weak result, as shown in the third image from the left in Figure 4.12.
The combination of the poor airway segmentation and fissures falsely detected as vessels,
led to the labelled vessel tree shown in Figure 4.12 on the right. Starting from a weak and
partially wrong labelled vessel tree, it is impossible that the energy minimization yields a
good result. However, as described above, there have to be several poor performing steps
in the process to come to a comparable result.
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All things considered, the algorithm showed to produce reliable and stable results and
almost all weak performing cases from the previous experiment performed much better.

Figure 4.11: Segmentation results for case 24 (right lung) of the in-house dataset. The result
computed by EMA is shown on the left and the result computed by EMV is shown on the right.

Figure 4.12: From left to right: 1) Poor segmentation result for the left lung of case 19. The lower
part of the left oblique fissure is pathologically thick. 2) Result for the vessel tree reconstruction.
The pathologically thick part of the fissure gets falsely detected by the vessel segmentation. 3)
Labelled airway tree. 4) labelled vessel tree; The red labelled vessels denote vessels that could not
get labelled.

4.5 Evaluation of EMA on LOLA11 dataset

This experiment was conducted on the publicly available dataset provided by the
organizers of the LOLA11 challenge described in Chapter 4.2. The algorithm presented
in Chapter 3.6.1 (EMA) is executed on each scan in the dataset. As the provided
dataset contains cases with bad image quality, the airway segmentation described in
Chapter 3.1.1 sometimes faced problems to create airway segmentations that include the
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‘ ‘ mean SD  min Q1 median Q3  max ‘

left upper lobe 0.929 0.118 0.272 0.922 0.971 0.991 0.997
left lower lobe 0.884 0.231 0.000 0.919 0.965 0.983 0.993
right upper lobe | 0.873 0.169 0.000 0.853 0.938 0.977 0.996
right middle lobe | 0.714 0.322 0.000 0.575 0.863 0.941 0.994
right lower lobe 0.928 0.104 0.341 0.909 0.973 0.983 0.995

score ‘ 0.866 ‘

Table 4.1: LOLA11 results for the lobe segmentation algorithm EMA described in Chapter 3.6.1.

lobar bronchi. To circumvent this problem, a second airway segmentation is obtained
by using the PartialLunglabelMapImageFilter from the Chest Imaging Platform [54].
In cases it still did not reach the lobar bronchi, the airway segmentation got manually
refined. Table 4.1 shows the evaluation results obtained from the LOLA11 organizers. It
includes the results for each lobe independently and an overall score (see Chapter 4.2)
including all lobes. In this experiment a score of 0.866 was achieved, which comes close
to the current state of the art with a score of 0.884.

Figure 4.13: LOLA11 lobe segmentation results computed with EMA. From left to right: Case
01 left, case 13 right, case 42 left (includes focal regions of emphysema), case 42 right (the arrow
indicates the invisible fissure).

Figure 4.13 shows four examples for good segmentation results computed by EMA.
In the first image from the left, a sagittal slice of the left lung of LOLA11 case 01 is
shown. As can be seen in the image, the computed boundary is precisely following the
fissure. In the second image from the left, a result of similar precision of the right lung
of case 13 is shown. The third image from the left shows a slice of the left lung of case
42, which is accurately segmented although the lung includes focal regions of emphysema.
The segmentation result for the right lung of case 42 is shown on the fourth image from
the left. The segmentation result follows closely the fissures in regions they are present.
Although the upper part of the oblique fissure is not visible (indicated by the red arrow),



54 Chapter 4. Segmentation Evaluation

mean SD  min Q1 median Q3  max

left upper lobe 0.940 0.127 0.178 0.955 0.98 0.992 0.997
left lower lobe 0.896 0.231 0.000 0.942 0.973 0.986 0.995
right upper lobe | 0.898 0.158 0.000 0.885 0.944 0.981 0.997
right middle lobe | 0.819 0.222 0.000 0.779 0.897 0.951 0.994
right lower lobe 0.953 0.076 0.489 0.940 0.975 0.987 0.996

score \ 0.901

Table 4.2: Lung lobe segmentation results for the 55 scans in LOLA11 computed with EMV.

the algorithm produces a meaningful boundary between the right upper and right lower
lobe.

Even though the algorithm yields convincing results in some challenging cases like shown
in Figure 4.13, it still faces problems in others. The first and third image from the left in
Figure 4.15 show results for the right lung of case 11 and left lung of case 06 respectively.
In the first image, the boundary between the right upper lobe and right middle lobe does
not follow the right horizontal fissure. In the third image from the left, the algorithm is
not even closely finding the right boundary. The case represents a pathologically deformed
lung with focal regions of emphysema and a drastically narrowed left upper lobe. Another
poor segmentation result is obtained for case 07, which is shown in the first (left lung)
and third (right lung) image of left in Figure 4.16. Due to bad image quality and a lot of
noise, the algorithm produces unsatisfying results.

4.6 Evaluation of EMV on LOLA11 dataset

In this experiment, the protocol of Chapter 4.5 is repeated with the refined version of the
algorithm (EMYV) described in Chapter 3.6.2. The hypothesis that better results can be
achieved by using the labelled vessels segmentation for computing a better approximate
lobe segmentation, has shown to be true. In fact the current highest score of 0.884 has
been exceeded with a score of 0.901 as can be seen in Table 4.2 and Table 4.3.

Figure 4.14 shows the segmentation results for case 29 (first and second image from
the left) and case 36 (third and fourth image from the left) computed with EMV. The
detected boundaries are precisely following the fissures in all four images. A meaningful
boundary is even found in the second image from the left between the upper and middle
lobe although the horizontal fissure is completely missing.

More challenging cases that performed poorly in the previous experiment
(computation with EMA) are shown in Figure 4.15. In the second image from the left,
the right lung of LOLA11 case 11 is shown. In contrast to the first image from the left,
which was obtained with EMA, the boundary between the right upper and middle lobe
is precisely following the fissure. The improvement of the left lung of case 06, which is
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Figure 4.14: LOLA11 segmentation results computed with EMV. From left to right: Case 29
left, 29 right, 36 left, 36 right.

Figure 4.15: LOLA11 segmentation results. From left to right: Case 01 right (EMA), case 01
right (EMV), case 06 left (EMA), case 06 left (EMV).

shown in the fourth image from the left is impressive. While the algorithm (EMA) used
in the previous experiment has produced a boundary not even close to the fissure, the
algorithm incorporating the labelled vessel trees (EMV) yields an almost perfect result.
This segmentation result is all the more impressive as the lung is significantly deformed.

Another example for a segmentation result that significantly improved by using EMV
instead of EMA, is shown in Figure 4.16. The improved results for the left and right
lung are shown in the second and fourth image from the left respectively. As can be seen,
using the labelled vasculature adds enough information to the algorithm for finding a very
precise solution even in case of noisy scans.

Figure 4.17 shows two exceptional cases. The first and second image from the left show
the left and right lung of case 05 respectively. The algorithm (EMV) has no problems
finding the right segmentation, even though the lung is anatomically deformed due to a
very strong scoliosis. The third image from the left shows the left lung of case 21. As
opposed to the manually created reference standard, in which no boundary between the
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Figure 4.16: LOLA11 segmentation results. From left to right: Case 07 left (EMA), case 07 left
(EMV), case 07 right (EMA), case 07 right (EMV).

Figure 4.17: LOLA11 segmentation results computed with EMV. From left to right: Case 05
left, case 05 right, case 21 left, case 21 right.

upper and lower lobe was drawn for this case [37], the algorithm (EMV) finds a plausible
delineation. The fourth image from the left shows the segmentation result for the right
lung of case 21. No lobar border was drawn for the right horizontal fissure in the manually
created reference standard for this case [37]. As apparent in the image, only one fissure
is visible in this image and the algorithm perfectly separates the lung into two lobes with
the fissure as boundary.

4.7 Discussion

The proposed algorithm for fully automatic lung lobe segmentation that was developed
in this thesis has shown good results in the experiments presented in this chapter. The
algorithm not only got evaluated on an in-house dataset of 25 CT images but also on
a publicly available dataset of 55 CT images. In Chapter 4.3 the algorithm presented
in Chapter 3.6.1 was evaluated on the in-house dataset presented in Chapter 4.1 and
achieved good results. The same algorithm was evaluated on the publicly available
dataset described in Chapter 4.2 and achieved a score of 0.866. With this score the
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Method Description LOLA11
[65] fissures & airways & multiatlas 0.851
[37] cost image (airways, vessels, fissures) & watershed 0.881
[6] probabilistic fissure segmentation & groupwise prior 0.884

approximation (labelled airways) & EM (airways, fissures, vessels) 0.866
approximation (labelled vessels) & EM (airways, fissures, vessels) 0.901

Table 4.3: Updated LOLAI11 results for lung lobe segmentation including the scores of the
algorithms presented in this thesis.

algorithm performs in the range of the other state-of-the-art methods that were
evaluated by the LOLA11 challenge. The interactive approaches still show distinctly
better results [41], which come however, with the drawback of not being fully-automatic
and needing manual intervention during the segmentation process. By refining the
algorithm and using the lobe-based vasculature for computing a better approximate
lobe segmentation as described in Chapter 3.6.2, an even higher score of 0.901 (see
Table 4.3) was achieved at the LOLA11 challenge dataset. With this score the previously
best result of 0.884 got exceeded, which makes the EMV algorithm the best reported
fully-automatic method. The positive impact of using the labelled vasculature for
finding a better approximation on the resulting lobe segmentation was also shown by the
experiment presented in Chapter 4.4.

As no individual result for each case in the LOLA11 dataset is provided, it is difficult
to give a detailed analysis of the algorithm. However, visual inspection has shown that
the approach of labelling the vasculature and using it to compute an approximation has
significantly improved a lot of cases, in which the airway segmentation was too weak to
yield a good approximation. This adheres to the expectations, as it is normally easier to
achieve a detailed vessel segmentation than an airway segmentation. On the other hand
it is crucial that the labelling of the vessels is not erroneous. Visual inspection has shown
that following the algorithm presented in Chapter 3.3.2 led to good results. However,
there are still cases, in which errors occurred. Figure 4.18 in the first image from the
left shows a labelled vessel tree, which contains a wrong labelled vessel in the middle
lobe. By looking at the tree reconstruction result shown in Figure 4.18 in the second
image from the right it is apparent that the error comes from the tree reconstruction
step, in which two vessels from different lobes are reconstructed into one tree. The third
and fourth image from the left in Figure 4.18 show the approximate lobe segmentation
computed on the labelled vessel tree. This kind of error was observed a few times, which
makes it worth the effort to correct it in the future to achieve even better results.
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Figure 4.18: From left to right: 1) Labelled vessel trees containing a wrong labelled vessel in
the middle lobe. 2) Tree reconstruction result. The wrong labelled vessel is shown in red. 3)
Approximate lobe segmentation computed on the labelled vessel trees. 4) A sagittal slice of the
approximate lobe segmentation.

By comparing Table 4.1 and Table 4.2 it is apparent that improvements were mostly
achieved in the first quantile (Q1). This means that the approach of including the
labelled vessel tree primarily led to better results in cases that previously performed
poorly. The increase of the score for the right middle lobe is also remarkable. The
middle lobe is often the most difficult lobe to segment, as it is normally the smallest
lobe in terms of volume and fissures are often missing at its boundaries. Adding the
labelled vessel tree is providing a strong foundation and can therefore greatly help
for segmenting the middle lobe, especially in cases where it is small and fissures are missing.

In conclusion the results show that the approach of minimizing the developed energy
equation yields very good results. By first computing an approximate lobe segmentation,
the minimization of the energy equation becomes a refinement step. The advantage of this
lies in the fact that the anatomical structures used in the energy equation do not need
to be absolutely uncorrupted. This provides the possibility to use a multi-scale fissure
segmentation approach as described in Chapter 3.4, which is able to detect big parts of
pathological thick fissures in conjunction with falsely detected structures. The approach of
using the labelled vasculature for finding a better approximation has significantly helped
in increasing the performance of the algorithm, which has finally led to an algorithm with
the currently highest score reported on the LOLA11 challenge dataset.
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In this chapter the question whether incorporating information on the pulmonary lobes
can help to improve the A/V labelling is evaluated. On that point, the performance of
the A/V separation algorithm [44] is first evaluated by computing it on the whole lung.
The dataset described in Chapter 4.1 is used to evaluate the performance. A manual
segmentation and A /V labelling has been created for each scan in the dataset. The overlap
between the automatically generated A/V labelling and the manually defined reference is
computed using following formula:

|Aref N Atest’ + "/ref N ‘/test‘
|(Aref U ‘/ref) N (Atest U V;Sest)‘

(5.1)

agreement =

Figure 5.1 shows three A/V labelling evaluation examples. Arteries are visualised in
blue, veins in red and wrong labelled vessels in green. The left lungs are displayed in brown
while the right lungs are visualised in grey. The first image from left in Figure 5.1 shows
the results for case 10. As can be seen in the image, the right middle lobe is completely
mislabelled. The second image and third image show case 17 and case 25 respectively. In
both cases the left lower lobe is completely mislabelled.

In order to evaluate the benefit of incorporating information on lung lobes into the
A/V separation algorithm, two different experiments are performed. In Chapter 5.1 the
A/V separation is carried out in each lobe separately. In Chapter 5.2 information of the
identified fissures is included into the A/V separation.

29
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Figure 5.1: A/V labelling evaluation results. Arteries are shown in red while veins are shown in
blue. Wrong labelled vessels are coloured in green. From left to right: Case 10, case 17 and case
25.

5.1 Lobe wise A/V separation

In this experiment the A/V separation is recomputed separately for each lung lobe on the
same dataset. The lobe segmentation results obtained from the experiment in Chapter 4.4
are used to this end. Table 5.1 shows the results for this experiment. The table contains the
A /V separation results computed on the whole lung (Lung A/V) and the A/V separation
results computed independently for each lobe (Lobe A/V). The arrows are coloured if
the absolute difference between the two values corresponding to the two computations
is greater than 0.03. No results for the A/V separations are available for case 3, as the
lobe segmentation algorithm only detected two instead of three lobes. As can be seen in
Table 5.1, computing the A/V separation independently for each lobe does not increase
the accuracy but instead slightly decreases it. Only two cases that previously performed
poorly achieved significantly better results. Case 21 and 24 increased by approximately
17% and 10% respectively. On the other hand, the performance of a lot of other cases
decreased. This observation is also visualised in Figure 5.2. The A/V labelling evaluation
result computed on the whole lungs are shown on the left in Figure 5.3. The result obtained
by computing the A/V separation independently on each lobe is visualised on the right in
Figure 5.3.

5.2 Using Fissures for A/V separation

In this experiment the information on lung lobes is incorporated in a different way. Instead
of computing the A/V separation independently for each lobe, the lung mask that is used
for the computation of the A /V separation is adjusted by removing the fissures from it. As
the multi-scale fissure segmentation algorithm described in Chapter 3.4 produces results



5.2. Using Fissures for A/V separation 61

’ Case | Lung A/V [ Lobe A/V | Difference | Trend |
1 0.967 0.9639 -0.0031 4
2 0.9546 0.9592 0.0046 0
3 0.6556 - - -
4 0.8438 0.7806 -0.0633 1l
) 0.9849 0.9615 -0.0234 $
6 0.9862 0.9858 -0.0004 i
7 0.9943 0.9885 -0.0058 i}
8 0.9887 0.977 -0.0117 i
9 0.9215 0.932 0.0105 1
10 0.8015 0.8078 0.0063 T
11 0.5652 0.4652 -0.1 i
12 0.963 0.9069 -0.0561 i
13 0.9834 0.9816 -0.0017 i}
14 0.8977 0.9139 0.0162 T
15 0.9852 0.9841 -0.0012 i}
16 0.6908 0.7153 0.0245 T
17 0.7102 0.6846 -0.0255 i
18 0.7958 0.6987 -0.0971 +
19 0.9669 0.8917 -0.0751 i
20 0.9198 0.9269 0.0071 1
21 0.7609 0.9336 0.1727
22 0.9836 0.9352 -0.0484 i}
23 0.9692 0.9699 0.0007 T
24 0.332 0.4291 0.0971
25 0.7903 0.7178 -0.0724 4

Overall mean 0.8565 0.8204 -0.0361 d

Table 5.1: Evaluation results for the A/V separation algorithm computed on the whole lung
(Lung A/V) and computed independently on each lobe (Lobe A/V). The fourth column indicates
whether the performance increases (1) or decreases(]). The arrows are coloured if the absolute
performance difference is greater than 0.03.

that include a lot of false positives, the true fissures need first to be detected. This is
done by converting the lung lobe segmentation result into pulmonary lobe boundaries.
The multi-scale fissure segmentation result is subsequently filtered by only keeping voxels
that are part of the previously computed boundary. The process of the construction of
the lung masks that are needed in this experiment, is visualised in Figure 5.4. The idea
behind this approach is that computing the A/V separation completely independently on
each lobe may remove valuable information. By only removing the fissures from the mask
and hence introducing partial boundaries into the lung volume, the loss of information is
less extreme. Vessels from different lobes can still influence each other in terms of A/V
labelling in regions where no fissures are present.

The results obtained in this experiment are shown in Table 5.2. Although better
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Figure 5.2: Left: Bland Altman diagram. X-axis: average % overlap of the lobe wise A/V
separation and the A/V separation computed on the whole lung. Y-axis: difference in the overlap
percentage between the A/V separation results computed on the whole lung and the lobes. Right:
The change in overlap % for each case is visualised.

Figure 5.3: A/V labelling evaluation results for case 21. Arteries are shown in red while veins
are shown in blue. Wrong labelled vessels are coloured in green. Left: A/V separation computed
separately on the whole left and whole right lung. The left upper lobe is almost completely
mislabelled. Right: A/V separation result computed independently on each lung lobe.

results were achieved using the approach of removing the fissures from the lung mask
compared to computing the A/V separation independently for each lobe, the results are
still disappointing. As can be seen in Table 5.2, the overall mean only increased by 0.26
percentage points, which is insubstantial. By comparing Table 5.1 with Table 5.2 it is
apparent that in this experiment far less cases experienced a performance loss compared
to the previous experiment. However, case 21, which improved by 21 percentage points
for the lobe wise computation, did not improve at all in this experiment. In Figure 5.5
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Figure 5.4: From left to right: 1) Lobe segmentation result as overlay on the original CT scan.
2) Lobe segmentation converted to boundary and displayed as overlay on original CT scan. 3)
Fissure segmentation result including a lot of false positives as overlay on the original CT scan. 4)
Final lung mask, in which true fissures are removed.

it is clearly visible that in contrast to the previous experiment the performance difference
for each individual case is smaller. This comes up to one’s expectations, as the approach
of only removing the fissures from the lung mask is introducing less change compared to
computing the A/V separation independently on each lobe.
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Figure 5.5: Left: Bland Altman diagram. X-axis: average % overlap of the A/V separation
results computed on the adapted lung mask (removed fissures) and the A/V separation computed
on the whole lung. Y-axis: difference in the overlap percentage between the A/V separation
results computed on the whole lung and computed on the adapted lung mask. Right: The change
in overlap % for each case is visualised.
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’ Case H Lung A/V ‘ Removed Fissures A/V ‘ Difference ‘ Trend ‘

1 0.967 0.9662 -0.0007 {
2 0.9546 0.9542 -0.0004 1
3 0.6556 0.6568 0.0012 0
4 0.8438 0.8871 0.0433
) 0.9849 0.9858 0.0008 1
6 0.9862 0.9862 0 1
7 0.9943 0.9943 0 1
8 0.9887 0.9889 0.0002 0
9 0.9215 0.9067 -0.0149 1
10 0.8015 0.8017 0.0002 0
11 0.5652 0.5691 0.0039 1
12 0.963 0.9502 -0.0129 1
13 0.9834 0.9825 -0.0009 1l
14 0.8977 0.8716 -0.0261 1
15 0.9852 0.9853 0.0001 0
16 0.6908 0.6905 -0.0004 1
17 0.7102 0.7107 0.0005 0
18 0.7958 0.7755 -0.0204 1l
19 0.9669 0.968 0.0011 0
20 0.9198 0.9201 0.0003 1
21 0.7609 0.761 0.0002 0
22 0.9836 0.9836 0 1
23 0.9692 0.9525 -0.0167 {
24 0.332 0.44 0.108
25 0.7903 0.7902 0 1
0.8565 0.8591 0.0026 0

Table 5.2: Evaluation results for the A/V separation algorithm computed on the whole lung
(Lung A/V) and computed on the adapted lung mask (Removed Fissures A/V). The fourth column
indicates whether the performance increases (1) or decreases(]). The arrows are coloured if the
absolute performance difference is greater than 0.03.
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To demonstrate the clinical applicability of pulmonary lobe segmentation, several quan-
titative readouts are computed on the pulmonary vessels and evaluated for each lobe. The
dataset described in Chapter 4.1 is used for that purpose. Moreover, the computed quanti-
tative readouts are correlated to the pulmonary pressure of the subjects to identify possible
indicators for PH. In Chapter 6.1 the quantitative readouts are defined. The results are
shown in Chapter 6.2 and subsequently discussed in Chapter 6.3.

6.1 Definition of Readouts

Several quantitative readouts including the number of vessel segments, Sum of Angles
Metric (SOAM), vessel density and normalized vessel volume are computed.

6.1.1 Vessel Segment

A vessel may consist of several vessel segments. A vessel segment is a part of a vessel that
is located between either two branching or end points. From this it follows that two new
segments are formed at each bifurcation.

6.1.2 Sum of Angles Metric

The SOAM is a metric for quantifying the tortuosity. It is computed by first defining
a series of m points u; to u, at an interval of 4mm on a vessel segment. This vessel
path further contains n — 1 normalized direction vectors vy to v,,_1. The SOAM is then

65



66 Chapter 6. Quantitative Readouts

computed by summing up the angles of all consecutive directional vectors v; as defined
in (6.1).

n—2 -1 R
SOAM(p) = 2xizi (Vi Vie1) (6.1)
Zi:l |u; — ujqq]
with u u
i+1 — Uy
v; = _ 6.2
i1 — uy (6.2)
6.1.3 Vessel Density
The vessel density is defined as
v = N (6.3)
d— Vi .
where N is the number of vessel segments and V7, is the lung or lobe volume.
6.1.4 Normalized Vessel Volume
The normalized vessel volume is defined as
4%
VN = — 6.4
N =g (6.4)

where Vi, is the volume of all vessels in the lung or lobe with volume V7.

6.2 Results

Figure 6.1 shows the results for vessel density, SOAM and normalized vessel volume on
the top left, top right and bottom respectively. The readouts are shown on the y-axes
while the individual results for all five lung lobes (LU, LL, RU, RM, RL) are shown on
the x-axes.

Correlations between PH and SOAM, PH and vessel density, PH and normalized vessel
volume are shown in Figure 6.2, Figure 6.4 and Figure 6.6 respectively. The figures contain
results computed on the whole lung and on each lobe separately.

The Receiver-Operating-Characteristic (ROC) curves for SOAM, vessel density and nor-
malized vessel volume as predictors for PH are shown in Figure 6.3, Figure 6.5 and Fig-
ure 6.7 respectively.



67

6.2. Results

{w/pes) WyOs

{1/7) MMA/N

Top left: Vessel density for all five lung lobes. Top right: SOAM for all five lung

Figure 6.1

lobes. Bottom: Normalized vessel volume for all five lung lobes. LU: left upper lobe; LL: left lower

lobe; RU: right upper lobe; RM: right middle lobe; RL: right lower lobe.
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Figure 6.2: From left to right and top to bottom: Correlation between mPAP and SOAM for
the whole lung, left upper lobe, left lower lobe, right upper lobe, right middle lobe and right lower
lobe.
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Figure 6.3: From left to right and top to bottom: ROC curve for SOAM as predictor for PH
computed on the whole lung, left upper lobe, left lower lobe, right upper lobe, right middle lobe
and right lower lobe.
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Figure 6.4: From left to right and top to bottom: Correlation between mPAP and vessel density

for the whole lung, left upper lobe, left lower lobe, right upper lobe, right middle lobe and right
lower lobe.
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Figure 6.5: From left to right and top to bottom: ROC curve for vessel density as predictor for
PH computed on the whole lung, left upper lobe, left lower lobe, right upper lobe, right middle
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Figure 6.7: From left to right and top to bottom: ROC curve for normalized vessel volume as
predictor for PH computed on the whole lung, left upper lobe, left lower lobe, right upper lobe,
right middle lobe and right lower lobe.



74 Chapter 6. Quantitative Readouts

6.3 Discussion

Several readouts, including the vessel density, SOAM and normalized vessel volume were
computed on the vasculature of the whole lung and of each lobe independently. Figure 6.1
shows the results for the vessel density, SOAM and normalized vessel volume computed
on each lobe. As can be seen in the figure, the vessel density is significantly lower in the
right middle lobe compared to the right upper and right lower lobe. However, it is diffi-
cult to find a meaningful explanation for this. The SOAM is increased in the lower lobes
compared to the upper lobes. An explanation for this could be the location of the lobes
and with this the constant higher pressure that is exerted on the lower lobes. However,
following this explanation, the right middle lobe should have a higher SOAM compared to
the right upper lobe, which is not the case in the presented dataset. When it comes to nor-
malized vessel volume, the data shows a similar pattern. The normalized vessel volume in
the lower lobes is increased compared to the normalized vessel volume in the upper lobes.
Since there is no significant difference in vessel density between the upper and lower lobes,
the increased normalized vessel density in the lower lobes could be explained by thicker
vessels. Thicker vessels, on the other hand, can again be explained as a response to higher
pressure.

Correlations between the readouts and pulmonary pressure of the subjects were com-
puted for the whole lung and for the lung lobes. It is apparent from Figure 6.2 that there
is a correlation between the SOAM and pulmonary pressure. The ROC curves presented
in Figure 6.3 show that the SOAM is a potential predictor for pulmonary hypertension.
The evaluation of the SOAM on the whole lung seems to be best for predicting pulmonary
hypertension i.e. the information on hypertension is not concentrated in a single lobe.

Normalized vessel volume shows no significant correlation to pulmonary pressure as
shown in Figure 6.6 and is also not useful for predicting pulmonary hypertension as de-
picted in Figure 6.7.

Vessel density seems to be slightly correlated to pulmonary pressure as can be seen
in Figure 6.4. In the used dataset, the lower lobes appear being potentially useful for
predicting pulmonary hypertension as can be seen in Figure 6.5.

The low number of subjects in the dataset is seen as a limitation of the results. It is
therefore difficult to give a precise explanation of the generated readouts, as noise may
be interpreted as patterns. Further analyses with larger datasets have to be performed
in future studies to be able to draw more reliable conclusions. However, a step into a
promising direction has been taken with this analysis and the clinical usefulness of fully
automatic pulmonary lobe segmentation has successfully been demonstrated.



Conclusion

In this thesis a fully-automatic algorithm for pulmonary lobe segmentation has been devel-
oped. To ensure clinical applicability, two variations of the algorithm have been evaluated
on two different datasets that contain a lot of varying cases and pathologies. A score,
representing the mean overlap between the automatic and reference segmentations for all
55 cases, of 86.6% and 90.1% was reached, the latter of which is currently the highest
score that has been achieved at the LOLA11 challenge.

Using the improved lobe segmentation algorithm, the question whether information
on lung lobes can improve an existing A/V separation algorithm [44] was evaluated. In
a first attempt the A/V separation was computed independently on each lobe. The sec-
ond approach was to compute the A/V separation on the whole lung with adapted lung
masks, in which the pulmonary fissures were removed. However, the performance of the
A/V separation was not increased in either approach and hence the hypothesis that pul-
monary lobe segmentation may improve the performance of A/V separation could not be
confirmed.

The clinical applicability of the algorithms was shown by computing clinical readouts
on the vessel segmentation and evaluating the results for each lobe. An increased SOAM
has shown to be a potential predictor for pulmonary hypertension. The results have fur-
ther suggested that an increased vessel density in the lower lung lobes may be an indicator
for pulmonary hypertension.

The approach of first computing an approximate lobe segmentation and then minimiz-
ing an energy equation that contains information on auxiliary lung structures, has shown
promising results. Analysing the results has shown that poor lobe segmentations were
almost always attributable to poor segmentation results of auxiliary structures. Labelling
the pulmonary vasculature with respect to the lobes and using it for lobe segmentation
has shown to be a promising new approach, as suggested by the improved LOLA11 result
of 90.1%.
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BLVR bronchoscopic lung volume reduction

CT computed tomography

CV collateral ventilation

DFS depth first search

EMA Energy Minimization with Airways as approximation
EMYV Energy Minimization with Vessels as approximation
mPAP Mean Pulmonary Artery Pressure

OOF Optimally-Oriented Flux

PH Pulmonary Hypertension

ROC Receiver-Operating-Characteristic

ROI Region Of Interest

SOAM Sum of Angles Metric
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Fully-automatic Lung Fissure Detection from Thoracic Computed To-
mography

Nicola Giuliani, Martin Urschler, Andrea Olschewski, Horst Olschewski and Michael Pienn
In: Wiener klinische Wochenschrift, 129(19):743-780

Oktober 2017, Innsbruck, AT

(Accepted for poster presentation)

Abstract: BACKGROUND: Fully-automatic lung fissure detection from computed to-
mography (CT) images can aid the planning of valve implantation in COPD patients.
METHODS: Lung lobes in thoracic CT images were segmented without user intervention.
Lobar bronchi were labelled to initialize the lobe segmentation. Fissures were detected
based on an eigenvalue analysis of the Hessian-matrix. In regions where no fissure was
detected, the distance to lung vessels indicates regions with high probabilities for lobe
boundaries. Minimization of an energy equation containing all above information yielded
optimal lobe boundaries. For the evaluation of the algorithm two non-biased individuals
placed 500 markers along the fissures. Distances between markers and the closest lobe
boundary in the segmentation were determined as measure of segmentation accuracy. The
distance in the cranial and caudal direction was measured as positive and negative, respec-
tively. RESULTS: Out of 25 CT datasets, 2 were excluded because of undefined fissures
in the image and failing bronchus labelling, respectively. In 2 further datasets, the right
horizontal fissure was not visible. The median distance was 0.00mm (IQR: -0.86-0.00mm).
The right and left oblique fissures’ median distances were 0.00mm (0.00-0.80mm) and
0.00mm (-0.86-0.00mm), respectively. Median distance for the right horizontal fissure was
0.00mm (-1.05-0.00mm). CONCLUSION: Our fully-automatic algorithm provides a stable
and reliable identification of lung fissures.
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B.2 2018

Pulmonary Lobe Segmentation in CT Images using Alpha-Expansion

Nicola Giuliani, Christian Payer, Michael Pienn, Horst Olschewski and Martin Urschler
In: Proceedings of the 13th International Joint Conference on Computer Vision, Imaging
and Computer Graphics Theory and Applications

January 2018, Madeira, PT

(Accepted for poster presentation)

Abstract: Fully-automatic lung lobe segmentation in pathological lungs is still a chal-
lenging task. A new approach for automatic lung lobe segmentation is presented based
on airways, vessels, fissures and prior knowledge on lobar shape. The anatomical informa-
tion and prior knowledge are combined into an energy equation, which is minimized via
graph cuts to yield an optimal segmentation. The algorithm is quantitatively validated
on an in-house dataset of 25 scans and on the LObe and Lung Analysis 2011 (LOLA11)
dataset, which contains a range of different challenging lungs (total of 55) with respect to
lobe segmentation. Both experiments achieved solid results including a median absolute
distance from manually set fissure markers of 1.04mm (interquartile range: 0.88-1.09mm)
on the in-house dataset and a score of 0.866 on the LOLA11 dataset. We conclude that
our proposed method is robust even in case of pathologies.
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