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“In bunten Bildern wenig Klarheit,
Viel Irrtum und ein Fünkchen Wahrheit”

- Johann Wolfgang von Goethe, 1808

“Bright pictures, but obscure their meaning:
A ray of truth through error gleaming”

English translation by Bayard Taylor, 1912



Abstract

Asbestos is a carcinogenic substance. Till its legal prohibition in the year
1993 it was widely used in Germany, due to its advantageous properties
regarding resistance to acid, heat, electricity and alkalis. When working
with this material, its fibers can get into the lung by inhalation and can
get stuck. As a result, they might result in different types of cancer e.g.
malignant pleural mesothelioma (MPM). This is a cancer of the pleura,
which is a physical barrier surrounding the lung. An increasing number
of MPM cases are expected till the year 2018 in Europe. In other coun-
tries, particularly in Asia, asbestos consumption is still rising. With a
long latency of ca. 38 years, an increasing number of cases can be ex-
pected. Pleural thickenings can act as an indicator for MPM and can
be observed in 3D CT image data. Detection of these thickenings at an
early stage and the growth rate estimation from a follow-up assessment
are essential for a successful treatment. The manual follow-up assessment
of pleural thickenings in CT images from two points in time is subject to
inter- and intra-reader variability and very time consuming. Existing au-
tomated methods have severe limitations considering the 3D coherence of
potential findings. Additionally, they mainly ignore the temporal relation
of data from consecutive images. With these limitations, the thickening
assessment is unstable and is strongly influenced by small changes in the
anatomy and the imaging process. In this thesis, a workflow for the sta-
ble and consistent follow-up assessment is presented to overcome these
limitations. The first step is the localization of thickening regions on the
pleura. Because of the fuzzy decision criteria an unambiguous identifica-
tion of these regions is challenging. Nevertheless, in this thesis relevant
features for the decision process are successfully extracted. An innovative
combination of neural network-based classification and graph cuts-based



segmentation combines the fuzzy, point-wise decision with the identifi-
cation of coherent thickening regions. To exploit the temporal relation
of the images from both points in time, they are aligned with respect
to the lung surface. Two methods which explicitly focus on the lungs’
surface and its surrounding are proposed. First, the images are rigidly
aligned with a registration based on an offline trained Markov-Gibbs ran-
dom field model of the lung tissue. The resulting lung specific measure
outperforms generic similarity measures in terms of precision and relia-
bility when aligning the lung surface. Secondly, a non-rigid registration
compensates deformations of the soft tissue. A combination of intensity-
based information and additional knowledge about the location of the lung
surface improves the image registration in terms of computation time and
stability. Finally, a new way of volume preservation in thickening regions
is applied to the registration to allow a correct assessment of thicken-
ings which are subject to growth. The registration forms the basis of
temporal consistency in all subsequent steps. The extraction of a thick-
ening’s front and back requires different approaches: while the front is
evident from the image contrast, the back is not directly observable and
approximated by the healthy lung shape. The localization of the front can
be significantly influenced by image noise and the partial volume effect.
These influences are reduced by intensity-based matching of the surfaces
in consecutive images. With a phase correlation-based method, sub-voxel
accurate localization is achieved. The thickening back is estimated with
a radial basis function interpolation, which connects the interpolations
from both points in time. Two different connection methods are pro-
posed and evaluated. For both methods, the connected interpolation is
more consistent compared to the independent interpolation, without loss
in precision. In some cases, the fully automatic segmentation results in
unsatisfying boundaries. For this purpose, an intuitive tool which allows
correction by simple user interaction is designed and implemented. Pre-
cise interaction is only possible in a 2D visualization of the 3D image data.
The carefully designed user interface allows a fast and precise interaction.
A graph cuts-based segmentation combines the 2D user input with image
information in 3D. In comparison to commonly used segmentation tools,
the proposed tool speeds up the segmentation process and significantly
reduces the variability between different users. Finally, two different vi-
sualization concepts are presented. The first is meant to visualize the
whole pleura surface at once. Based on multidimensional scaling, a 2D



planar visualization with low distortions is estimated from the 3D lung
surface. Different features, e.g. the thickening localization and thick-
ness, can be visualized in this planar view. The newly introduced tem-
poral consistency allows direct comparison of the surfaces from multiple
points in time. The second visualization concept can be used for the 3D
assessment of thickenings. A scattered visualization of the thickening’s
surface is utilized to convey segmentation uncertainties and the influence
of the surface post-processing. This is particularly useful when visualiz-
ing follow-up results, which requires the superimposition of thickenings
from two points in time. Through the additionally conveyed information,
uncertain segmentations can be easier distinguished from actual growth
by the observer. To conclude, all these steps form a seamless workflow
for the follow-up assessment of MPM targeting four objectives: temporal
consistency in consecutive image for a reliable growth assessment; repro-
ducibility for low inter- and intra-reader variability; spatial coherence of
thickenings for a profound assessment; and a high degree of automation for
a low workload. All methods consider the limited image resolution which
is a challenge for the relatively low thickness of the thickenings. To reach
these objectives, each step is carefully designed, developed, implemented
and evaluated. All methods could improve the temporal consistency by
linking both points in time. This is not at the cost of precision, since per-
formance for a single point in time was at least achieved and in most cases
even outperformed. The results of all steps are based on each other and
without the proposed on-going temporal link; the results at both points
in time might drift apart. In contrast to existing approaches, this is the
first work which covers the full workflow of processing the images, possi-
ble user-interaction and visualization for the assessment of MPM. It is the
only approach which guarantees spatial and temporal consistency in each
step. Additionally, it is the only method which considers uncertainties in
processing and visualization. Consequently, the proposed concept takes
MPM follow-up assessment to the next level.
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Lists of Abbreviations

Symbols

P Set of all discrete points p = (x, y, z)T ∈ P in an discrete
image g.

R Set of discrete points p = (x, y, z)T ∈ R defining the seg-
mented object R ⊂ P .

∂R Binary surface of the segmented object R. In terms of
the lung ∂R always refers to the lungs surface without the
mediastinal region. The whole lung surface is denoted by
∂Rfull.

n CP n = (nx, ny, nz)T . The CP is determined by its num-
bering in x-, y- and z-direction.

Φ CP position Φ = (Φx,Φy,Φz)T for x-, y- and z-direction.
δ CP spacing for x-, y- and z-direction, given by δx, δyand

δz.
g(p) Image with intensity given in Hounsfield units (HU), and

with size of X × Y × Z with possible values from set Q.
Q Set of possible image intensities.
p Point in space with the coordinates p = (x, y, z)T in 3D or

p = (x, y)T in 2D, respectively.
Tr Transformation Tr : pt 7→ pr to map a point pt to the point

pr in another coordinate system.
Ξ Window Ξ = (c, w) to visualize image intensities given in

HU, with center value of c HU and a width of w HU. For
details see page 13.

w(p,p′) Edge weight for graph cuts algorithm between the points p
and p′. The links to the virtual points s for source and t
for sink represent the terminal connections.
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AUC area under curve
BMA block matching algorithm
CAD computer-aided diagnosis
CC connected component
CP control point
CT computed tomography
CXR chest X-ray
DGUV Deutsche Gesetzliche Unfallversicherung
FFD free-form deformation
FPR false positive rate
GPU graphics processing unit
GUI graphical user interface
HRCT high resolution computed tomography
HU Hounsfield units
ICOERD International Classification for Occupational and Environ-

mental Respiratory Diseases
ILO International Labour Organization
MAP maximum a posteriori
MDS multidimensional scaling
MGRF Markov-Gibbs random field
MI mutual information
MLP multilayer perceptron
MPM malignant pleural mesothelioma
MRI magnetic resonance imaging
NN neural network
PDP PleuraDatPlus
PET positron emission tomography
POC phase-only correlation
PV partial volume
PVE partial volume effect
RBF radial basis function
RECIST Response Evaluation Criteria In Solid Tumors
RGB red, green, and blue colorspace



ROC receiver operating characteristic
ROI region of interest
SAD sum of absolute differences
SSD sum of squared differences
TPR true positive rate
TPS thin plate spline
VPP volume preserved point



Chapter 1

Introduction

Asbestos has been widely used in industry and construction because of its
beneficial properties which are tensile strength, heat resistance, electrical
insulation and chemical durability. The inhalation of asbestos fibers can
cause malignant pleural mesothelioma (MPM), which is a form of can-
cer. Even though asbestos has already been prohibited in most major
economies, a peak of MPM cases is expected for 2018 [2]. This is related
to the long latency period of 38 years between exposition and onset of the
disease. After onset, MPM becomes very aggressive and diagnosis at an
early stage is essential for a successful medical treatment.

Therefore, high-risk patients undergo a regular medical checkup which
comprises the acquisition of thoracic computed tomography (CT) scans.
Pleural thickenings, which are located at the lung surface, are an indicator
for the MPM and can be observed in these images. Especially the size
and growth rate are important parameters for decisions on the medical
treatment of a patient. The growth is estimated from consecutive CT
images at two different points in time. Due to complex morphology, rela-
tively low image resolution and unclear boundaries a manual assessment
is subject to strong inter- and intra-reader variability [3,4]. Additionally,
the manual procedure is highly time-consuming. Despite the fact that
the images contain 3D volumetric data, manual analysis and established
approaches are primarily based on a 2D slice–wise processing. Often, the
information from single slices is fused only in one of the last steps and all
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previous steps omit the 3D context. Furthermore, the slice–wise handling
is related to another problem which is the documentation of the 3D find-
ings. Generating a report of the findings is a difficult task and is often
reduced to a small number of categorical measures ignoring exact location
and size of the single thickenings.

To overcome these limitations, the research project Computergestützte Di-
agnose des Pleuramesothelioms im Frühstadium anhand der 3D CT-Daten
- Systementwicklung und Validierung (Computer-Assisted Diagnosis for
Early Stage Pleural Mesothelioma: Automated Detection and Quantita-
tive Assessment of Pleural Thickenings from Thoracic CT Images) was
funded by the Deutsche Gesetzliche Unfallversicherung (DGUV) (project
number FF-FB0148). The aim of this project was the development of
an automated method for the diagnosis of pleural thickenings to increase
the reproducibility and time efficiency and to facilitate a more informa-
tive documentation. Some initial methods in this thesis are part of the
original research plan; the main part of this thesis is motivated by new
questions identified during the DGUV project. In the first part of this
project a software prototype [5] was developed in the context of another
thesis [6] by K. Chaisaowong.

In the context of this thesis, a more advanced end-user software [7] has
been developed, which integrates all methods relevant for the funded
project. This software was especially designed for an intuitive workflow
with minimal user-interaction. With this software, medical experts with-
out knowledge about image processing are able to perform a fully auto-
matic follow-up assessment. A manual verification of each finding and a
detailed documentation could also be conducted.

Section 2.3 describes in detail how this thesis extends previous work.

1.1 Key Contributions

In this work, the follow-up assessment of pleural thickenings using con-
secutive images is realized by a specific concept. The idea is to introduce
a link between the data of both points in time as early as possible, to
obtain temporal consistency in each processing step. This allows a direct
comparison of the consecutive images and to extract the growth.
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1.1. Key Contributions

The starting point for assessing thickenings is their localization on the
pleura surface. For this purpose, a novel combination of classification and
segmentation is proposed which can identify coherent thickening regions
from fuzzy decision criteria [8, 9].

A basic prerequisite for a precise and consistent follow-up assessment at
both points in time is a non-rigid registration of the image data. In con-
trast to typical registration scenarios, only the lung surface and its sur-
rounding are relevant. Approaches particularly designed for this scenario
are proposed [10, 11, 12] and result in improved stability and decreased
computation time. Thickening growth might have influence on the regis-
tration, especially in the relevant regions. Therefore, a new concept [13,14]
considering potential growth of thickenings is introduced. The estimated
registration provides the foundation to achieve temporal consistency in
all following steps.

Thickenings are divided into front and back for an automatic volumetric
assessment. Front segmentation is performed by accurately locating [15]
the thickening surface in the consecutive images. The back is not di-
rectly observable from the image data and is estimated by applying a new
approach based on consistent interpolation at both points in time.

For an interactive correction of the boundary, the volumetric image data
must be visually superimposed. The plain volume data can only be visu-
alized in 2D planes which also limits the user interaction to 2D. A new
interaction tool is proposed [16,17] which also exploits the 3D relations of
the image information. It combines 2D user-interaction, 3D image infor-
mation and temporal context to speed-up the segmentation and to reduce
variability of the outcomes.

The extracted information is visualized with two newly proposed con-
cepts. First, a planar view of the pleura surface gives an overview of
features and detected thickenings. This novel method generates a 2D pla-
nar view of the 3D lung surface with low distortion and consistently for
both points in time. Secondly, a thickenings–wise 3D visualization [18]
allows the detailed assessment of the individual findings. In contrast to
existing approaches, this visualization conveys segmentation uncertainties
to the user and facilitates a more comprehensive comparison of potentially
growing thickenings.

3



Chapter 1. Introduction

1.2 Overview of Chapters

In Chapter 2, a brief introduction about asbestos and the related oc-
cupational diseases is given. Then, the state-of-the-art methods for the
assessment of MPM are reviewed. After analyzing their limitations a more
promising workflow is proposed. Chapter 3 starts with an introduction of
the utilized medical image data. Subsequently, the extraction of repeat-
edly required segmentations from this data is described. Starting with
Chapter 4 the newly proposed methods are presented, beginning with the
thickening localization. This is followed by image registration in Chap-
ter 5. In Chapter 6, the fully automatic segmentation of the thickenings
is discussed and then the possibility to include user interaction for super-
vised correction purposes is introduced in Chapter 7. Chapter 8 covers
visualization approaches for presenting the results to the user. In the final
chapter, the results are summarized and concluded. Furthermore, ideas
for further development and open research questions are proposed.
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Chapter 2

Follow-Up Assessment of
the Pleural Mesothelioma

This chapter gives an overview about the asbestos-induced cancer ma-
lignant pleural mesothelioma (MPM). The first section of this chapter is
about the cause, clinical symptoms of MPM. The following section fo-
cuses on the technical background of the assessment and points out the
challenges in diagnosis. Afterward, state of the art for computer-assisted
diagnose of the MPM is given: all known methods are presented and cur-
rent limitations are analyzed. Finally, a workflow is suggested to overcome
these limitations and to introduce more consistency in diagnosis.

2.1 Medical Background &
Asbestos-Related Diseases

MPM is a malignant tumor of the pleura, which is a late sequela to
asbestos exposure. This chapter covers a short review of asbestos, its
properties, application and consumption. Afterward, the disease MPM is
introduced and finally the medical treatment is discussed.

5
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2.1.1 Asbestos

Asbestos is a carcinogenic substance. Till its legal prohibition in the year
1993 [19] it was widely used in Germany. This was due to its advantageous
properties regarding resistance to acid, heat and alkalies [20].

There are six recognized types of asbestos fibers: actinolite, amosite, an-
thophyllite, chrysotile, crocidolite and tremolite. While the fiber length
can be up to 15 cm [20], the fibers relevant for MPM have a length in the
range of 10 µm [21]. Their diameter is between 0.02 µm for chrysotile and
4 µm for amosite and crocidolite fibers.

The fibers can get into the lung by inhalation and can get stuck in the
larynx, lung tissue and pleura. As a result, they might result in

• laryngeal cancer,

• pneumoconiosis,

• lung cancer or

• mesothelioma.

Especially the MPM has a long latency of about 38 years, which can be
deduced from the statistics comparing asbestos consumption with cases
of mesothelioma and cancer, as shown in Figure 2.1. The curve of MPM
cases has a similar shape as the curve of asbestos consumption, but is
shifted by the latency period.

This work focuses on the assessment of the MPM, which is described in
more detail in the following section.

2.1.2 Malignant Pleural Mesothelioma

Mesothelioma is a cancer of the mesothelium. Pleural mesothelium is
a physical barrier surrounding the pleura cavity, which is a small gap
between the parietal and visceral pleura, as shown in Fig, 2.2. This gap
is normally filled with a small amount of pleural fluid [23].
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Figure 2.1: Asbestos consumption in Germany (Federal Republic (FRG)
and Democratic Republic (GDR)) and cases of lung cancer, asbestosis and
MPM with an average latency period of 38 years. Measured in cases of
approved disability pension. Data source: [22]

The MPM is not a obligatory, but facultative consequence of asbestos
exposition. Exposition time, intensity and personal disposition are im-
portant factors for the appearance [24].

An increasing number of MPM cases is expected till the year 2018 [2] in
Europe. In other countries, particularly in Asia, asbestos consumption
is still rising, as shown in Figure 2.3. Therefore, an increasing number
of cases of MPM can be expected in the upcoming years for these coun-
tries [25].

Pleural thickenings can act as an indicator for MPM [28]. Two groups of
pleura changes caused by asbestos can be distinguished: parietal and vis-
ceral. These types are related to the two different parts of the pleura, the
parietal pleura and visceral pleura, shown in Figure 2.2. Additionally the
thickenings are classified to be pleural plaques or diffuse pleural thicken-
ings. “Pleural plaques are circumscribed and discrete areas of hyaline or
calcified fibrosis, which are localized on the parietal pleura of the lateral
chest wall, the diaphragm, or the mediastinum” [29]. However, diffuse
pleural thickenings are not consistently defined in the literature [29]. To
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Ribs

Visceral pleura

Parietal pleura
Pleura cavity

Diaphragm

Mediastinum

Figure 2.2: Schematic model of the lung with exaggerated pleural cavity
to clarify difference of parietal and visceral pleura.

avoid confusion, in this thesis, both types are denominated with the term
thickening. Some exemplary thickenings are shown in Figure 2.4.

The prevalence of hyaline (without calcification) plaques is 0.03 % to 1 %
in a population not exposed to asbestos, but 3.2 % to 25 % for individuals
exposed to asbestos. Also erionite and ceramics fibers might cause plaques
and viruses as well as radiation is discussed recently as a hazard of the
MPM [24].

2.1.3 Assessment and Treatment

Different methods are considered for the assessment and treatment of
MPM. While the assessment contains the diagnosis and staging of a dis-
ease, treatment describes active procedures against the disease. This the-
sis focuses on the assessment of MPM and its indicators.
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Figure 2.3: Worldwide asbestos consumption in the years 2003-2011.
Data sources [26] and [27].

2.1.3.1 Assessment

“While the risk of lung cancer slowly declines after smoking cessation,
the risk of MPM progressively increases with time” [28]. Due to this
disadvantageous implication of exposure to asbestos, an evaluation of de-
mographics, clinical and occupational history is one important step in
the assessment of the MPM. The Guidelines for the Diagnosis and Treat-
ment of Malignant Pleural Mesothelioma [30], from the Asbestos Diseases
Research Institute suggests functional and performance assessment, in-
cluding Eastern Cooperative Oncology Group (ECOG) – performance sta-
tus, organ function, cardiopulmonary function and quality of life analysis.
Imaging based diagnosis is typically based on chest X-ray (CXR) and
for the exact assessment high resolution computed tomography (HRCT)
images are required [24]. Also other imaging modalities like perfusion
CT, positron emission tomography (PET), perfusion magnetic resonance
imaging (MRI) [31] are discussed for the assessment beside CXR. CXR
images are typically documented using the ILO 2000 or ILO 2011 D stan-
dard from the International Labour Organization (ILO). The standard
International Classification for Occupational and Environmental Respira-
tory Diseases (ICOERD) is applied for the analysis and documentation
of MPM in HRCT images. A sheet for the ICOERD documentation is
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Figure 2.4: Image of thoracic computed tomography (CT) scan, showing
examples of pleural thickenings (marked by orange circles).

shown in Figure 2.5. As it can be seen, the main part of the sheet is meant
for findings inside the lung and only a minor part covers the pleural find-
ings. The findings are, in both ICOERD and ILO standard, documented
in a summarized manner which does not allow detailed analysis of the
individual thickenings.

2.1.3.2 Treatment

Treatment of MPM can be categorized into radiotherapy, chemotherapy,
immunotherapy and surgery. But also combinations of these therapies
are performed. The chosen method strongly depends on the diagnosis
and prognosis of each individual patient.

In terms of chemotherapy single drug and combination therapies are dis-
tinguished, while the latter is recommended and leads to significant longer
survival times [30].

Radiotherapy was evaluated for the treatment of MPM [32], and also as an
additional component of surgery or prophylactic therapy [30]. Significant
improvement could shown in non of these scenarios.
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Surgery based treatments include [30]

• thoracoscopy, which is a procedure to mainly assess the pleura di-
rectly and might be used for further endoscopic treatment;

• pleurectomy as well as decortication are not consistently termed and
might refer to a resection just to improve the breathing capability,
the removal of all macroscopic tumors in parietal in visceral pleura
or the removal of all tumors in the hemithorax;

• extrapleural pneumonectomy, which is the removal of all macro-
scopic tumors from the chest, including pleura, lung, pericardium
(a membrane surrounding the heart), diaphragm and regional lymph
nodes.

Particular immunotherapeutic approaches are evaluated for MPM, but at
the moment this therapy is mainly restricted to medical trials [30].
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2.2 Assessment of Pleural Thickenings in
CT-data

2.2.1 Computed Tomography of the Thorax

For the ILO protocol a classical 2D planar X-ray scan, as shown in Fig-
ure 2.6, is sufficient, whereas a detailed assessment of the thickenings
requires 3D volumetric HRCT [24].

For reconstructing a volumetric image of a patient the attenuation g(p)
at each spatial point p = (x, y, z)T is calculated from X-ray projections at
different angles φ around the patient. The acquisition principle is shown
in Figure 2.7.

In the reconstruction process, the attenuation coefficient µ can be calcu-
lated for each voxel p. In a normalization process, these values are scaled
to Hounsfield units (HU) [33]

g(p) = 1000 µ(p)− µwater
µwater

HU, (2.1)

where µwater contains the attenuation coefficient of water.

After reconstruction all image slices, a volumetric image can be composed
by stacking these slices. Several visualization methods can be applied to
present the image data to the user. To assess the data, one of the most
common ways is to define transecting planes in 3D space and present the
resulting 2D images. Any plane can be used but primarily the orthogonal
planes, as shown in Figure 2.8, are used.

The visualization of the anatomical planes as shown in Figure 2.8 can be
adapted to the attenuation of the observed tissues. For this purpose only
attenuation values within a certain window can be visually distinguished.
This is done by defining a central attenuation value c as a window center
and a width w around this center. The normalized attenuation values
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x-ray tubex-ray detector
projection cone

Figure 2.6: Schematic setup of planar X-ray imaging of the thorax. The
x-ray quanta measured at the detector plane depend on the integral of
the absorption, along the projection lines (inside the projection cone).

g(p) are adapted to the shown gray levels gv from 0 to 1, using

gv(p) =


0 g(p) ≤ c− w

2
g(p)−c
w + 1

2 c− w
2 < g(p) < c+ w

2
1 g(p) ≥ c+ w

2

. (2.2)

These windows are hereinafter referred to as Ξ = (c, w).

2.2.2 Challenges

A detailed assessment and especially a follow-up assessment of pleural
thickenings involves several challenges. Finding a sophisticated workflow,
with feasible solutions for each step, is the motivation for this work. In
the following sections, the main requirements and difficulties for manual
and computer-aided diagnosis (CAD) are discussed. The manual analysis
for the pleural thickenings is mainly carried out in the transverse plane
of the HRCT data set, which is in our case identical to the reconstructed
image slices, and therefore hereinafter referred to as slice. An exemplary
slice containing several large thickenings is shown in Figure 2.9.

14



2.2. Assessment of Pleural Thickenings in CT data
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g(p = (x, y, z)T )

φ

Figure 2.7: Principle of CT imaging for scanner model of third gener-
ation. X-ray tube is positioned opposite to the X-ray detector and both
components are rotated simultaneously around the imaged object. The
image g(p) is slice–wise reconstructed in a discrete space.

2.2.2.1 Localization

The first step of the assessment is to find thickenings of the pleura. For
manual assessment this is achieved by looking at all 2D slices of the lung
successively. Tissue types surrounding the lung have a similar HU range
as thickening tissue, shown in Figure 2.10. Therefore, a localization is not
possible by simple HU threshold operations, as observable in Figure 2.9.
Instead, the potential shape of a healthy lung can be compared to the ac-
tual lung. A physician includes a lot more knowledge about the anatomy
of lung, surrounding tissue and the thickenings themselves. Because of
the large amount of information, used for a decision, it is not easily objec-
tifiable and hard to automate. The low objectivity results in strong inter-
and intra-reader variability [4], while the problem of automation implies
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sagittal plane

transverse plane

coronal plane

Figure 2.8: Standard anatomical planes to visualize a medical volumet-
ric image. Modified from Source: Wikimedia Commons, YassineMrabet,
2012 [34]

that the decision of a physician is inevitable at some point of the designed
workflow.

2.2.2.2 Determination of Boundaries

The boundary determination has to be considered separately for the front,
facing the lung tissue and shown in blue in Figure 2.9, and the back
boundary, shown in green in Figure 2.9.

In general, the front boundary can be determined by separating voxels,
depending on their attenuation. As already discussed in the previous
paragraph and shown in Figure 2.10, the attenuation ranges of MPM and
fat overlap. In manual assessment, a window has to be chosen for the vi-
sualization, which is for pleural thickenings typically Ξ = (0 HU, 500 HU),
as shown in Figure 2.11a. Figure 2.11b shows the same image informa-
tion in a different window. The observed boundary from the window
Ξ = (0 HU, 500 HU) is overlaid and might not be identical to the ob-
served boundary in the image itself, because the transition between MPM
and fat can be smooth. Attenuation values outside of the window are
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Figure 2.9: Thoracic CT slice, showing illustrative examples of pleural
thickenings in transverse plane (marked by orange ellipses). A zoom of a
thickening is shown: the potential healthy lung surface is plotted in green
and the thickenings surface in blue. Chosen Window Ξ = (0 HU, 500 HU).

clipped and not differentiated in the visualization. The chosen window
for assessment is comparable to thresholding which also can lead to dif-
ferent segmentation surfaces. An additional problem to describe the front
boundary is the low resolution and the partial volume effect (PVE). The
relatively high ratio of surface voxel influenced by the PVE, shown in
Figure 2.12a, can influence the estimated thickening size. Related to the
PVE, continuous slices, without gaps in between, are necessary for the
assessment [24]. Otherwise important information between these gaps
may get lost, as shown in Figure 2.12b. Summarizing, the estimation
of thickening boundaries from images with limited resolution, overlapping
attenuation ranges and addition image noise is challenging and might lead
to ambiguous results.

2.2.2.3 Reproducibility

In the previous section different challenges for the segmentation of thick-
enings are discussed. Therefore, subjective procedures can result in differ-
ent diagnoses. In a manual assessment these effects are called inter- and
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Figure 2.10: Range of attenuation values for the organ lung compared
to other neighboring types of tissue. The box frames are located at 2.5th,
25th, 75th and 97.5th percentile, and at the median of values in the at-
tenuation range. The whiskers represent the minimum and maximum of
the attenuation range. Data source for separated tissues beside the lung
tissue: [35]. The values for lung tissue were manually extracted.

intra-reader variability. The first kind of variability describes the effect of
different assessments from different physicians on the same image data,
whereas intra-reader variability measures the difference in analysis of the
same physician when analyzing identical image data several times. Both
effects were discussed and analyzed in detail regarding the assessment
of MPM [3, 4]. This knowledge resulted in recommendations to include
inter-reader agreement to the classification sheet in Figure 2.5.

2.2.2.4 Follow-Up Assessment

Assessing the thickenings separately for two different points in time poses
the same problems as discussed in Section 2.2.2.3. The reader variability
only allows tracking of significant changes, which are larger than the typ-
ical variability scope. A manual comparison between two different points
in time allows a relative comparison of the thickenings to estimate the
growth rate. Due to the fact that a visualization of the unprocessed 3D
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(a) Thickening in typical window for
MPM assessment Ξ = (0 HU, 500 HU)

(b) Thickening from 2.11a in different
window Ξ = (0 HU, 1500 HU). Yellow
contour presents a segmentation with
window Ξ = (0 HU, 500 HU). A region,
with significant boundaries in this win-
dow is marked by the orange ellipse.

Figure 2.11: Boundary of thickening is not clear and depends on the cho-
sen threshold or windows which is used for the assessment. Additionally,
the boundary is discretized by the limited image resolution.

volume data which allows a thickenings quantification is only possible in
a slice–wise manner, the reader has to perform the transition between 2D
visualization and 3D volumetric comparison by himself. An additional
problem is the required registration. The patient typically has a different
position and pose during the image acquisition at both points in time.
This effect can be minimized by the radiologist, by exact positioning and
breathing instructions, but cannot be fully eliminated. The translation in
z-direction can easily be corrected manually, which is sufficient to observe
large anatomical changes. However, the small thickenings also require
an exact estimation of translation, rotation and even non-rigid deforma-
tions. For manual follow-up assessment the data from two points in time
is usually presented side-by-side, to spare a detailed registration. The
inter-reader variability of the follow-up assessment was also analyzed [4]
and shown to be subject to inter-reader variability. However, fully au-
tomatic procedures are problematic when performing the segmentation
separately, as the thickenings have a thickness of only a few voxels. As
a result, small changes, caused by noise or different poses, can lead to
significantly different partitioning and detection as shown in Figure 2.13.

19



Chapter 2. Follow-Up Assessment of the Pleural Mesothelioma

y

x

dx
dy

(a) Discrete representation with resolu-
tion of (dx, dy) of a continuous lung sur-
face might cause pixels with averaged in-
tensity.

x′

dz

dzgap

(b) Continuous thickening is reconstruc-
tion in discrete slices (orange) with slice
thickness of dz and possible gaps of
dzgap in between. Important informa-
tion might be missing with existing gaps.
Even with dzgap = 0, which is required
for a valid assessment [24], the PVE is
still present.

Figure 2.12: Discretization of the continuous shape of thickenings might
lead to missing or wrongly interpolated information.

2.2.2.5 Workload

A manual analysis of a medical expert takes 8 to 20 minutes [3] for a
single data set recorded at one point in time. Especially for a faster
analysis the variabilities, as discussed in Section 2.2.2.3, might increase.
Even exhaustive analyses, which can take much longer than 20 minutes,
are subject to these variabilities. Typically, the data sets consist of 600
to 700 slices in transverse direction. In a manual analysis the image is
separated in several regions, e.g. quadrants, and each region is analyzed
by scrolling through all slices and tracking the lung surface. Due to this
tedious process, the manual analysis can only be carried out for a limited
number of patients consecutively, before the concentration starts to fade.
Additionally, only a limited number of clinics, and therefore a limited
number of experts, are specialized on this type of disease, which results
in a high workload for each reader.
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(a) Image at first point in time:
Three thickenings detected.

(b) Image at second point in
time: Two thickenings detected.

Figure 2.13: Same thickenings at two different points in time can result
in different segmentations.

2.3 State-of-the-Art

One of the earliest publications regarding the automatic assessment of
MPM is from Rudrapatna et al. [36]. They introduced a system to identify
pleural plaques and diffuse pleural thickening regions on the lung surface.
First candidate points are selected, by region growing starting from the
lung surface. The stop criterion depends on a given tissue threshold. Due
to the fact that his criterion is often not applicable, an additional empiri-
cally determined criterion is introduced and the region growing also stops
after a depth of 7 pixel. The extracted features are the region length,
thickness and the fact whether and how many points of this region are
connected to predefined anatomical regions. Connectivity is extracted us-
ing a technique named “Radial Walk”, which analyzes the neighborhood of
all candidates in radial direction to the lung center. Finally, a Naive Bayes
classifier is applied on the extracted features to determine if candidates
belong to a pleural thickening. An exemplary image slice, illustrating the
classification process is shown in Figure 2.14. The reported sensitivity of
81 %, specificity of 95 %, precision of 53 % to 83 % and accuracy of 91 % to
94 % looks very promising. Analyzing the presented ground truth and the
presented results suggests that only obvious and large thickenings from
lungs predominantly affected by thickenings were considered. Due to the
empirical limit of the initial region growing, this method is not applicable
for volume estimation.
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(a) Labeled candidates. (b) Classsification output.

Figure 2.14: Input and output of a tissue classification process. Image
source: Rudrapatna et al. [36].

A more recent method was proposed by Chen et al. [37]. They apply ran-
dom walk based image segmentation [38] to the image data to address the
problem of the weak boundaries, observable between thickenings and sur-
rounding tissue. Their algorithm is relatively stable in terms of sensitivity
(approx. 100 %) and could reach specificity values of up to approx. 90 %
at the same time. Again, the publication suggests that the algorithm can
only be applied on cases of large tumors. Additionally, extensive manual
interaction is required to generate a set of seed points, which bounds the
tumor regions very accurately, as shown in Figure 2.15.

The group of Frauenfelder et al. [39] focused on the follow-up assessment,
comparing the modified Response Evaluation Criteria In Solid Tumors
(RECIST) [40] with a volumetric approach. The existing segmentation
software Myrian® from Intrasense, developed for liver segmentation, was
used. Segmentation of lung tissue, pleural effusion (accumulated fluid in
the pleural cavity), atelectatic lungs (collapse or closure of the lung) and
the outer part of the pleura are required. Every forth to fifth slice has
to be manually segmented and all slices in between are interpolated. The
volumetric method reaches high intra-reader variability of 0.99 and inter-
observer agreement κ of 0.9. In contrast, the general purpose approach of
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Figure 2.15: Example of MPM segmentation using random walks. Image
source: Chen et al. [37].

RECIST only leads to an intra-reader variability of 0.5 and κ of 0.33. This
approach requires, despite the automatic interpolation, extensive manual
work. As shown in Figure 2.16, the outer part of the pleura is segmented
very roughly, which is only applicable for the large extent of the assessed
tumors.
The group of Armato III was active in the topic of assessing MPM for
a long time. In the beginning, their focus was the measurement of tu-
mor thickness in single CT slices [41], as shown in Figure 2.17. A com-
parison of manual and automatic algorithms revealed, that the manual
segmentation still leads to a higher Pearson’s correlation coefficient r of
0.99 compared to the computed segmentation with an r of 0.93. All
presented methods are not applicable for volumetric measurements. A
volumetric approach was later presented by the same group [42]. This ap-
proach comprises mainly a k-means clustering which was initialized with
the nine classes “extrapleural space”, “air/lung”, “air/lung/fat”, “fat/soft
tissue”, “soft tissue/mesothelioma/effusion”, “soft tissue/mesothelioma/
effusion”, “soft tissue/mesothelioma/cartilage”, “mesothelioma/cartilage/
bone” and “bone/metal/contrast media”. Nonlinear diffusion smoothing
was applied as a preprocessing step. The reported Jaccard similarity co-
efficient between the automatic method and the mean manual segmenta-
tion was 0.484, compared to the Jaccard similarity coefficient between the
manual segmentations of 0.517. Also these values were only reported for
rather large tumors, where an exact boundary positioning is not crucial.
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Figure 2.16: Example of manual segmented image slice for a volumetric
assessment. Image source: Frauenfelder et al. [39].

Recently, this method was extended by [43]. An additional interpolation
method for hemithorax segmentation proposed by Herman et al. [44] is
used to extract the unclear boundary of the tumor in direction of the lung
surrounding tissue, as shown in Figure 2.18.

The only solution including follow-up assessment applying semi-automatic
methods was proposed at our institute by Chaisaowong [6]. The soft-
ware is called PleuraDatPlus (PDP) and includes a workflow to extract
the thickenings fully-automatically from both points in time and finally
match these findings by a semi-automatic method. Till the matching,
both points in time are treated independently. The processing of a single
point in time contains a segmentation of the lung tissue using a multi-step
ranged-constrained Otsu thresholding [45], to first identify the thorax and
then the pulmonary organs [5]. Pulmonary tissue is identified by a maxi-
mum a posteriori (MAP) decision and then a Markov-Gibbs random field
(MGRF) refinement [5] is applied. Potential thickenings are identified by
the difference of a healthy lung model [46] and the detected lungs. Fi-
nally, these findings are classified into pleural plaques and diffuse pleural
thickenings. After an initial anisotropic-filter, a MGRF relaxation tries to
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(a) “Lung-region-radius” algo-
rithm.

(b) “Normal-to-lung-boundary” al-
gorithm.

Figure 2.17: Comparison of different algorithms to assess tumor thick-
ness. Image source: Armato et al. [41].

separate the thickenings inside the thoracic tissue to determine the class
of thickening. A resulting segmentation is shown in Figure 2.19a. In the
case of follow-up assessment, an interpolation based on thin plate spline
(TPS) [47] is applied to determine the volume of a thickening. To match
the findings from different points in time, the mean HU value of both find-
ing and their distance is compared. The distance is calculated by apply-
ing a rigid registration from manually selected landmarks. By comparing
the matched thickenings, their growth can be analyzed using volume and
thickness, which is shown in Figure 2.19b. However, the identification
and segmentation of thickenings followed a more heuristic approach and
uncertainties in the decisions have only been briefly considered, compared
to the present workflow. Only a rigid image registration was estimated
with the support of the user, therefore the link between both points in
time has not been exploited. Also topics like a semi-automatic segmenta-
tion correction and visualizing the findings in a global overview have not
been discussed in this previous work. Especially reducing the influence
of uncertainties by consistent handling of the images at both points in
time at each step and the required non-rigid registration is an important
aspect for the follow-up assessment and discussed in the present thesis.
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(a) Interpolation of hemithorax with
method proposed by Herman et al. [44].

(b) Additional segmentation of the lung
tissue, as proposed by Sensakovic et
al. [42].

Figure 2.18: Tumor is difference of interpolated lung and segmented
lung tissue. Image source: Labby et al. [43].

For follow-up assessment, all above mentioned methods require user inter-
action and most do not even offer any functionality for this. Most methods
seem to be only applicable on rather large tumors and are often not suit-
able for volumetric assessments. Even more important is the uncertainty
when defining the segmentation boundary, presented in Section 2.2.2.2.
Due to the large surface-to-volume ratio, this is an important effect which
is not sufficiently considered in state-of-the-art work. Even if it is consid-
ered in a single step, in the final results it is never observable for the user
where and if there are uncertainties in the segmentation. Directly related
is the fact, that none of the proposed methods can guarantee a consistent
segmentation, as discussed in Section 2.2.2.4. Comparing results from dif-
ferent points in time might therefore be quite unreliable, especially when
focusing on thickenings at an early stage where small changes can signifi-
cantly influence the outcomes of the algorithms.
In contrast to these methods, the proposed system

• allows a fully-automatic follow-up assessment (verification is offered
on the final diagnosis steps, where decisions by physicians are essen-
tial),

• provides optional segmentation correction by simple user-interaction,
26
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• is capable to assess tumors at an early stage,

• provides meaningful follow-up results by introducing consistency in
time, and

• considers uncertainties and provides this information to the user.
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(a) graphical user interface (GUI) for findings at one point in
time.

(b) GUI for findings at two points in time.

Figure 2.19: Screenshots from the software PleuraDatPlus.
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2.4 Designed Workflow

To achieve consistent results at both points in time and to minimize the
user interaction the workflow has to be carefully designed. First, the
different steps necessary for follow-up assessment are introduced. Then, a
workflow is proposed, which guarantees consistency between both points
in time.
First of all, a localization of potential thickenings is required. For this
purpose a voxel–wise classification of the lung surface combined with a
surface based segmentation has been newly developed and is presented in
Chapter 4. Secondly, the thickenings need to be volumetrically segmented.
As described in Section 2.2.2.2, the front part of the thickening, facing the
lung tissue, can be extracted by considering the image contrast, while the
opposed side can only be interpolated. Thirdly, the data has to be com-
bined between both points in time for the actual follow-up assessment.
Therefore, a registration, described in Chapter 5, is applied to link both
points in time. Fourthly, an interaction correction of possible segmenta-
tion mistakes is required. For this purpose an interactive approach which
includes image and user information is described in Chapter 7. Finally,
the acquired results need to be presented to the user. This is achieved by
two dedicated visualization methods: one for the extracted thickenings
and another one for the pleura which are both presented in Chapter 8.
One of the most important aspects in this thesis is the consistent pro-
cessing of both points in time. The foundation for this consistency is the
registration of the images. Therefore, it should be applied as early as
possible to provide this information to all following steps. Deformations
of the body caused by different poses during imaging and by physical
changes have to be considered by a non-rigid registration. Nevertheless,
a non-rigid registration might by influenced by potential growth in the
thickening regions. Therefore, the non-rigid registration is placed directly
after the thickenings localization to include this information, when esti-
mating the deformation. After the registration, all following steps use
this information to provide consistent results. The user-interactions are
limited to the end of the processing chain. Thereby all other steps can be
processed without user interaction and the user himself is only required
to work with the preprocessed data and get instant visual and volumetric
results. A graphical overview of the steps is shown in Figure 2.20.
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Figure 2.20: Suggested workflow containing input-, output-data, pro-
cessing steps and user interaction.
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Chapter 3

Image Data and
Preprocessing

This chapter describes the properties of the raw image data and the ex-
traction of segmentations which are utilized for many methods described
in this thesis. Inputs of this step are 3D computed tomography (CT)
scans of the thorax. The image information is located on a discrete grid
P of voxels p ∈ P with image intensities g(p) in Hounsfield units (HU).
The image size is X × Y ×Z. All data was acquired by the Institute and
Out-patient Clinic of Occupational Medicine, RWTH Aachen University
Clinic, with a Siemens SOMATOM Sensation 16 CT scanner with vary-
ing reconstruction kernels (B30s, B50s, B80s). For most patients, images
from two points in time are available. The anisotropic image resolution
varies between 0.63 mm and 1 mm in the transverse plane and between
0.5 mm and 0.8 mm orthogonal to this plane. Reconstruction protocols
and image resolution for a single patient can vary between both points
in time. Altogether, data sets of two points in time for 13 patients and
additionally images of 4 patients with a single point in time are available.
Not all data sets can be evaluated in all experiments because the various
types of ground truth data are not available for every patient and every
point in time.
In the following parts of this chapter, the extraction of essential and re-
peatedly required image data, like the lung mask, the lung surface and the
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Figure 3.1: Steps of data segmentation, visualized for an exemplary slice
with a thickening windows Ξ = (0 HU, 500 HU). First, the body (green)
is detected, then lungs (yellow and orange) and mediastinum (blue) are
segmented. Finally, the pleura surface is extracted (yellow and orange).

mediastinum is described. These methods are based on well known strate-
gies for image processing, but they are essential for the following steps.
For this purpose the descriptions of all steps are kept short without theo-
retical details, just to allow a reproduction. A schematic 2D visualization
of input data and results after each step is shown in Figure 3.1. In con-
trast to the approach from Chaisaowong [6], fixed thresholds are applied
in the segmentation steps to implicitly increase the consistency between
the different patients and also the different points in time.

3.1 Body Segmentation

A threshold operation without pre-filtering would fail for the body seg-
mentation because of the intensity variation in soft tissue and image noise.
Hence, the image is filtered with a Gaussian kernel to reduce image noise.
This is not critical, because no exact boundary localization is required
in this step. Finally, thresholding is applied to obtain the body segment.
Exact parameter values are uncritical and empirical studies showed that a
filter variance of 2 and threshold of −250 HU are good choices. The body
segment can be identified as the largest connected component (CC) and
all holes, mainly created by the respiratory system, inside this component
are filled.
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3.2 Lung Segmentation

The lung is separated from the body by thresholding with a fixed value.
Again, −250 HU is chosen as a threshold. This time the exact value is
important and is given by the lower boundary of the standard thickening
window Ξ = (0 HU, 500 HU) to be conforming to the existing manual
diagnosis workflow. An illustration of the resulting segment is shown in
Figure 3.2a.

3.3 Lung Separation

Beside the lung segment, small segments from image noise or anatomical
regions might remain after the previous step. Additionally, it is not clear
whether the segmentations of left and right lung are already separated
by the thresholding. Therefore, when eliminating the small regions, only
CCs larger than a volume of 350ml are kept. The chosen volume is con-
forming to the minimum residual volume for a single lung at maximum
expiration [48,49] of 420 ml. The exact value is not critical and keeps both
variants: separated or connected lungs.

Removal of the trachea segment, shown in Figure 3.2, is important to
separate both lung segments. It is removed slice–wise because it can be
easily separated from other object in a transverse plane, as shown in the
exemplary image slice in Figure 3.2a: Slice–wise, all 2D segments not
connected to the two largest CCs are removed. The further processing is
again carried out in 3D.

Left and right lung are already separated, if the volume ratio of second
largest CC and largest CC is larger than 0.5, which is again not critical
regarding the exact value and is motivated by an average ratio of 0.65
between left and right lung [49]. In some regions, the image resolution
might be too low to show separating tissue. In these cases, left and right
lung are not even separated by a single voxel of non-lung tissue, which is
shown in Figure 3.2a.

If the lungs are not already separated a graph cuts algorithm [50] is uti-
lized for separation. The idea is to represent the image lattice as a graph.
By separating this graph the lungs are also separated. More details about
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(a) Both lungs and trachea are
connected in the 3D volume and
belong to the same segment (or-
ange). A critical region (green),
where the lungs have direct con-
tact, complicates a separation.
Also the trachea inside the green
circle is connected to the lungs.

(b) Trachea was removed and
both lungs (orange and yellow)
were separated.

Figure 3.2: Steps of lung segmentation, visualized for an exemplary slice
for a thickening windows Ξ = (0 HU, 500 HU).

graph cuts are discussed in Section 4.3.1 (starting on page 52 f.) and can
be found in several publications about graph-cuts for image segmenta-
tion [50, 51, 52]. For lung separation, the neighbor relations of all voxels
are represented by so called n-links, which contain absolute gray-level dif-
ferences of neighboring voxels normalized by their distances. Information
about the affiliation to left or right lung is contained in hard constraints of
the so called t-links. The certain left and right parts of the lungs (defined
by the 5 % and 95 % value of the lungs’ bounding box in mediolateral
direction) are utilized as hard constraints. The resulting cut separates
left and right lung even if they have been directly connected before. An
exemplary separation is shown in Figure 3.2b.
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3.4 Localization of Mediastinum

This step takes the separated lung masks as an input and results in a
mask which contains the mediastinal region. On the one hand, thick-
enings are typically not located in the mediastinal region and on the
other hand this region contains extremely complex surface morpholo-
gies. Because of this, the mediastinal region is excluded from the fol-
lowing thickening detection. The mediastinum is characterized by a con-
cave indention of the shape of the separated lungs in each slice, shown
in Figure 3.3b. The 2D lungs mask in a single slice z is denoted by
R′s(z) =

{
p′ = (x′, y′, z′)T ∈ Rs : z = z′

}
and contains selected points

p′ from the 3D lung mask Rs with s ∈ {left, right} for left and right lung.
A union

Rs,conv =
Z⋃
z=1

R′s,conv(z) (3.1)

of the slice–wise 2D convex hulls results in a mask without concave struc-
tures within the image slices but with possible concave structures orthog-
onal to the slices. The 2D hulls are given by

R′s,conv(z) =

 ∑
p′∈R′s(z)

a(p′) · p′ :
∑

p′∈R′s(z)

a(p′) = 1; a(p′) ≥ 0

 ,

(3.2)
with the points p′ and related coefficients a(p′). The difference of lung Rs

and convex segment Rs,conv is the set Rs,conc = Rs,conv \Rs which con-
tains all concave structures. These structures could be caused by the me-
diastinum, but also by spine, ribs, thickenings, fissures and other anatom-
ical structures. The mediastinum is the by far largest concave structure
and so the largest CC of Rconc is kept for each lung, shown in Figure 3.3a.
Additionally, the region horizontally in between left and the right part of
the mediastinum is added to the final segment Rmedias and is shown in
Figure 3.3b.
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(a) The largest differences (or-
ange and yellow) of the convex
hulls of both lungs and the ac-
tual lung are a good approxima-
tion of the mediastinal region.

(b) Adding the region horizon-
tally in between left and right
segment from Figure 3.3a, leads
to the finally estimated medi-
astinum segment.

Figure 3.3: Steps of mediastinum detection, visualized for an exemplary
slice for a thickening windows Ξ = (0 HU, 500 HU).

3.5 Extraction of discrete lung surface

Depending on the algorithms, different extraction methods for the discrete
lung surface might be preferable. Some methods might prefer surfaces as
thin as possible while others might prefer strongly connected surfaces.
High connectivity and thinness are contradicting requirements. All meth-
ods presented in this thesis prefer thin surface but require guaranteed
connectivity in 3D. As a compromise, a discrete surface which guarantees
connectivity only within a 26-connected neighborhood N26 is extracted.
For this purpose, a lung mask with removed 6-neighborhood N6 is sub-
tracted from the segmented lung R itself

∂Rfull = R \ (R	N6) , (3.3)

with the morphological erosion 	. For most methods in this thesis, the
surface region surrounded from the mediastinal region Rmedias is excluded
from the lung surface. The resulting lung surface is given by

∂R = ∂Rfull \ (Rmedias ⊕N26) , (3.4)

with the morphological dilation ⊕.
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Localization of Pleural
Thickenings

The first step in the workflow of this thesis is to locate the thickenings
on the pleura. This task is difficult for algorithms as well as for humans:
The decision whether a surface point belongs to a thickening or not is
often fuzzy, depending on local criteria as well as the surrounding of the
point. In contrast to existing approaches [6, 36], in the newly proposed
approach local criteria, surrounding information and fuzziness are consid-
ered. An exemplary manual segmentation of the lungs surface is shown
in Figure 4.1a.

A good localization is important for the further processing: The thick-
ening location is utilized in the non-rigid registration in Section 5.3. If
these regions are not known and carefully treated, the resulting deforma-
tion might have unpredictable effects on the finally estimated thickenings’
growth. Additionally, the localization information is the basis for a volu-
metric segmentation, described in Chapter 6. Extracting this volumetric
information is a core functionality of the whole assessment.

The presented method combines a feature–based classification and a
thickening–wise coherence without a volumetric segmentation, consider-
ing the following aspects:
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(a) Ground truth from
medical expert.

(b) Certainty for each
surface point.

(c) Prediction results af-
ter segmentation.

Figure 4.1: Exemplary localization of thickenings on the lung surface
using a method presented in Section 8.1. The segmentation is green for
healthy pleura, yellow for uncertain thickenings and red for definite thick-
enings.

• Features describing the relevant anatomical information [36] are su-
perior, regarding the point-wise classification performance, to meth-
ods which consider only shape information. This was evaluated in
preliminary studies and two theses [53, 54]. Significant features can
be extracted by the roughness [9] and a sliding convex hull [8].

• However, the extraction of coherent thickenings [6] results in seg-
mentations of the thickenings which are anatomically more mean-
ingful, compared to a point-wise classification.

• The estimation of the thickening back is required for a volumetric
segmentation but can benefit from the subsequent registration and
is therefore intentionally shifted to a subsequent step, described in
Chapter 6.

The presented kind of localization comprises three steps. First, features
are extracted for each discrete surface point of the lung. Then, these fea-
tures are utilized for a classification of each surface point. The output
of the classification is a fuzzy decision whether a thickening is located at
a certain surface point, which is exemplarily shown in Figure 4.1b. Fi-
nally, this information is used to identify coherent thickenings, exemplarily
shown in Figure 4.1c.
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4.1 Feature Extraction

Features are the only input for the subsequent classification. So, they have
to describe the properties of each surface point discriminatively, regard-
ing the decision whether it belongs to a thickening or not. The features
extracted for each surface point can be categorized into morphological
properties, tissue attenuation and location. Each class comprises several
features. Some of the features are taken from a publication of Rudrapatna
et al. [36], also dealing with a classification of pleural thickenings. This
method is also considered in the results for comparison purposes. Addi-
tional intuitive properties, utilized by the physicians, have been codified
by one or multiple features. The ideas of the different feature classes are
sketched in Figure 4.2. All features in this chapter are denoted by f(p)
with appropriate subscription.
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(a) Feature based on morphology of
surface. The convex hull (purple)
is utilized as a smooth and poten-
tially healthy lung surface. The dis-
tance between convex hull and voxel,
indicated by the red lines, is cal-
culated inside a region of interest
(ROI) (blue).

(b) Feature based on attenuation
values of the surrounding tissue. A
discrete representation (green) of the
surface normal (red) is dilated to
represent a directed ROI (blue).

(c) Feature based on rib position.
The location relative to a rib bone
(orange) is described by the shortest
distance between surface point and
rib.

α

(d) Feature based on relative position.
The position within a slice is deter-
mined by the angle α between a hor-
izontal line and a connection line be-
tween the lung center in this slice and
the contour point. The horizontal line
points from the lung center into the
direction of the mediastinum.

Figure 4.2: Schematic 2D visualization of different classes of features,
which are effectively calculated in 3D. All discrete surface voxels are rep-
resented in yellow. An exemplary calculation is shown for the yellow filled
square, representing a voxel. The image information is shown with low
contrast to improve readability.
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4.1.1 Extraction of Morphological Features

The morphological features describe the shape of potential thickenings.
Their shape is often characterized by an indented surface, compared to a
healthy pleura surface, and sometimes by a rippled surface structure. For
both properties a model of the healthy patient lung is utilized.

Similar to the approach from Sensakovic et al. [42] a convex hull is utilized
as the healthy lung model. This slice–wise applied convex hull includes
information from a single slice only and does not include information from
surrounding slices, whereas calculating a complete 3D convex hull includes
too many global shape information of the lung.

A more balanced approach is the proposed sliding convex hull. For each
slice z′′, the convex hull ∂R′′r,conv(z′′) is calculated separately, but also
considers the points of the surrounding r slices. This leads to a modified
version of Equation 3.1 (see page 35). The resulting sliding convex hull is

∂Rr,conv =
Z⋃

z′′=1
∂R′′r,conv(z′′) (4.1)

∂R′′r,conv(z′′) =
x′y′
z′

 =
∑

p∈R′′r (z′′)

a(p) · p :
∑

p∈R′′r (z′′)

a(p) = 1; a(p) ≥ 0; z′ = z′′

 ,

(4.2)

with R′′r (z′′) =
{

(x, y, z)T ∈ R : |z − z′′| ≤ r
}
.

The differences for slice–wise, 3D and sliding convex hull are shown in
Figure 4.3. The distance of each surface point p ∈ ∂R to the closest point
in the healthy lung model ∂Rr,conv is given by

findent(p) = min
p′∈∂Rr,conv

‖p− p′‖2 (4.3)

and describes the indentation depth of the potential thickening, shown in
Figure 4.2a. The closest point on ∂Rr,conv can be efficiently calculated,
utilizing the k-d tree algorithm [55].
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Chapter 4. Localization of Pleural Thickenings

The healthy lung model is usually smoother compared to the extracted
lung surface, so the local variance can act as a roughness measure to de-
tected rippled surfaces, as examined in a previous publication [9]. To in-
clude this information for each point, all distances findent of points within
a spherical region of radius r′ are combined to calculate their variance and
mean value. To reliably extract the roughness, the radius r of the ROI,
shown in Figure 4.2a, should be chosen larger than r′. For the results in
this chapter r = 5 and r′ = 3 were empirically determined. This class of
morphological features results in

• depth of indentation findent(p),

• mean indentation depth fmeanIndent(p) and

• variance of indentation depth fvarIndent(p).
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4.1. Feature Extraction

(a) The convex hull of a single
slice (red) is calculated from the
points of all slices in a certain
range (blue).

(b) Results for a sliding convex
hull with r = 0 are equal to the
results for a standard slice–wise
convex hull.

(c) Results for a sliding convex
hull with r = 20.

(d) Results for a sliding convex
hull with r = Z are equal to the
result for a 3D convex hull of the
whole lung.

Figure 4.3: Principle and results for sliding convex hull. Source: Faltin
and Chaisaowong [8]
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Chapter 4. Localization of Pleural Thickenings

4.1.2 Extraction of Attenuation Features

The feature class considering tissue attenuation is based on the fact, that
the malignant pleural mesothelioma (MPM) tissue has usually higher at-
tenuation coefficients compared to other tissues in the lung surrounding
such as fat or muscles. Additionally, the variance is slightly higher com-
pared to fat and muscle tissue, as explained in Section 2.2.2.1. These
properties are not provided by the tissue inside the lung, but by the lung
surrounding tissue. Hence, a sliding window is applied in the lung sur-
rounding tissue and its mean and variance are calculated for each surface
point p ∈ ∂R, as shown in Figure 4.2b. The direction of the sliding win-
dow is determined by a surface normal ñ(p) which is efficiently estimated
by a method proposed by Thürmer et al. [56]. The surface normal n(p)
is calculated by a weighted sum of all voxel positions contained inside a
neighborhood of the lung mask R. The weights are determined by the
relative position (i, j, k)T in the neighborhood. Finally, the normal is [56]

n(p) =


∑
−M≤i,j,k≤M,i6=0∨j 6=0∨k 6=0

σ(p+(i,j,k)T )·i
(i2+j2+k2)1.5∑

−M≤i,j,k≤M,i6=0∨j 6=0∨k 6=0
σ(p+(i,j,k)T )·j
(i2+j2+k2)1.5∑

−M≤i,j,k≤M,i6=0∨j 6=0∨k 6=0
σ(p+(i,j,k)T )·k
(i2+j2+k2)1.5

 , (4.4)

with

σ(p) =
{

1 p ∈ R
0 else

, (4.5)

whereM defines the size of the considered neighborhood. In this thesis an
appropriate size of M = 3 was empirically determined. The information
used for this calculation is shown in Figure 4.4a and the resulting normals
with a mapping of n(p) = (nx(p), ny(p), nz(p))T to RGB are shown in
Figure 4.4b.

To avoid influence on the direction by potential thickenings, the sur-
face normal is obtained from the closest point of the sliding convex hull
∂Rr,conv using the k-d tree algorithm [55]. A discrete line of length D
voxels, starting at each surface point p, is drawn into the direction of the
surface normal. The line is discretized in 3D using the Bresenham algo-
rithm [57] and leads to the set L of discrete points. Subsequently, a ROI
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4.1. Feature Extraction

n(pr) p

(−1, 1)

(0, 1)

(1, 1)(1, 0)

(a) 2D visualization of normal (green)
from discrete surface (given by the gray
pixels) for M = 1. It is calculated from
the pixel values and their positions in
the (M + 1) × (M + 1) neighborhood
(represented by the bold square).

(b) Exemplary surface normals, visu-
alized in red, green, and blue col-
orspace (RGB) colors for x-, y- and z-
component.

Figure 4.4: Calculation and visualization of surface normals for a discrete
surface.

RROI is defined by a morphological dilation ⊕ as

RROI = L⊕�W \R (4.6)

with a box �W of size W ×W ×W . In this thesis an appropriate width
of W = 3 has been empirically determined.
The mean and variance of the tissue attenuation are calculated in this
ROI for different depths D to include information about different tissue
layers. The extracted attenuation features are

• mean attenuation fmeanAtt,3(p) for a depth D = 3,

• mean attenuation fmeanAtt,5(p) for a depth D = 5,

• mean attenuation fmeanAtt,10(p) for a depth D = 10 and

• variance of attenuation fvarAtt,5(p) for a depth D = 5.

4.1.3 Extraction of Location Features

The next class of features concerns the location of the thickenings. Ribs
might lead to natural indentations of the lung surface, thus it is relevant
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Chapter 4. Localization of Pleural Thickenings

to know if thickenings are located in front of a rib. For this purpose a
straightforward bone mask Rbone is extracted: a threshold of 425 HU is
applied to extract image regions with high attenuation. Finally, all con-
nected components (CCs) with volume larger 5 mm3 are kept to extract
large bone structures. Both thresholds are not critical regarding the exact
value and have been empirically determined.

Then, the rib distance is approximated by the distance of each surface
point to the bone mask ∂Rbone by

frib(p) = min
p′∈∂Rbone

‖p− p′‖2 , (4.7)

which is shown in Figure 4.2c and again obtained by the k-d tree algo-
rithm [55]. The appearance of thickenings is quite diverse for the different
locations along the surface. Especially close to the sternum (breastbone)
and vertebral column (spine), shapes similar to thickenings are induced
by the healthy anatomical lung shape. To include this information, the
relative position of the surface points p is measured as the angle α be-
tween a horizontal line and a connection line between the lung center and
the point p. Details are shown in Figure 4.2d. This angle is measured
clockwise for the left lung and counterclockwise for the right lung to ob-
tain comparable values for anterior (front) and posterior (back) locations.
This feature is denoted by

frelPos(p) = α. (4.8)

The location probability of thickenings in anterior (front) and posterior
(back) regions depends, for physiological reasons, on their superior (top)
and inferior (bottom) location. Additional information about the location
in superior and inferior direction is not included on purpose, to avoid over-
fitting regarding the distribution.

The extracted location features are namely

• rib distance frib(p) and

• relative position inside a slice frelPos(p).
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4.1. Feature Extraction

4.1.4 Extraction of Combined Feature

Last, one combined feature of location and morphology is extracted to
differentiate between indentations at ribs and thickenings consisting of
soft tissue:

• minimal distance fminDist(p) = min(frib(p), findent(p)).

4.1.5 Feature visualization

All extracted features are visualized for one patient utilizing the visual-
ization method from Section 8.1. The values are shown in Figure 4.5 in
gray scale representing the normalized scalar feature values.
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(a) Depth of indentation
findent(p).

(b) Mean indentation depth:
fmeanIndent(p).

(c) Variance of indentation depth:
fvarIndent(p).

(d) Mean attenuation for a depth
D = 5: fmeanAtt,5(p).

(e) Variance of attenuation for a
depth D = 5: fvarAtt,5(p).

(f) Rib distance: frib(p).

(g) Relative position inside a
slice: frelPos(p).

(h) Minimal distance:
fminDist(p).

Figure 4.5: Visualization of the values of different features on the discrete
lung surface with an approach described in Section 8.1.
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4.2. Classification

4.2 Classification

The classification takes the feature values of a discrete surface point as
an input and estimates if the point belongs to the class thickening or
non-thickening. The decision is based on an offline trained classification
model, which requires ground truth data as input in the training phase.
Different classification models [58] such as Random Forest, support vec-
tor machines,the nearest neighbor classifier and neural networks (NNs)
have been evaluated. With a growing amount of training data, the NNs
outperform the other classifiers, which is evaluated and discussed in Sec-
tion 4.4.1. Due to the large available amount of training data only NNs
are considered in detail. The section starts with a description of NNs,
followed by the brief description of data normalization. Finally, the Au-
toMLP training strategy for NNs, which is based on the idea of natural
selection, is shortly presented.

4.2.1 Neural Network

The classifier in this work is a NN or to be more precise a multilayer
perceptron (MLP). This section will give a very short overview about
MLPs. More details about this topic can be found in the books from
Haykin [59] or Russel and Norvig [60, Chapter 18].

Each point p ∈ ∂R of the discrete lung surface ∂R is called a sample. A
feature vector

f(p) = (findent(p), fmeanIndent(p), fvarIndent(p), fmeanAtt,3(p),
fmeanAtt,5(p), fmeanAtt,10(p), fmeanAtt,5(p), frib(p), frelPos(p))T

contains the information extracted from the image data for each point
p ∈ ∂R. In the concept of MLPs, a network with a number L of layers
without cycles, as shown in Figure 4.6, is used to process the features
f(p). The feature values are the input at layer l = 1 and processed
to retrieve the classification result at layer l = L. Each of the layers l
contains Ml neurons which are fully connected to the neurons from the
next layer l+1 by the weights ωli,j , where i is a neuron from layer l and j is
a neuron from layer l+ 1. This structure is also called topology. Different
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Figure 4.6: A multilayer perceptron with L layers. Each layer l contains
Ml neurons. Each neuron i from the layer l is connected with a neuron j
from the layer l + 1 by the weights ωli,j

.

functions, called activation functions, can be used to process the signal
at each neuron. Mostly sigmoid functions are chosen. In this work the
sigmoid

φ(vj) = 1
1 + e−vj

, (4.9)

with the input value vj represents the function of a neuron. The input vj
is a sum of all signals

vj =
∑
i

ωli,jφ(vi) (4.10)

from the previous layer l weighted by ωli,j .

4.2.2 Normalization

Like most classifiers, the NN requires data normalization so that the fea-
tures with very different meanings and therefore different value distribu-
tions become more comparable. Nearly identical results were obtained for
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4.3. Segmentation

a z-score, which normalize to zero mean and standard deviation of one,
and for range transformation to the interval [0, 1]. The features are not
necessarily normally distributed, therefore the range transformation was
chosen.

4.2.3 Training

The NN is utilized for supervised training. Therefore, the training data
∂Rgroundtruth is required, which contains samples with known affiliation
to the class thickening or non-thickening. Training is performed by the
back-propagation algorithm, which is described in detail in the books from
Haykin [59] or Russel and Norvig [60, Chapter 18]. For this method, the
inner layout of the NN is given by the number of hidden layers L − 2,
which is the number of layers beside the input layer l = 1 and the output
layer l = L. The number of neurons Ml in each layer l in between input
and output layer is fixed. In each of the T training cycles, the NN is
applied on the feature vectors f(p) for all points p ∈ ∂Rgroundtruth. The
classification error between current classification output and known class
affiliation is propagated from the layer l = L backwards, to improve the
weights ωli,j with a learning rate of η. Topology and learning rate of the
NN have to be chosen depending on the scenario. Different parameters
might lead to strong differences in the resulting quality of classification.
Optimizing these parameters is very expensive in terms of computing
time, when testing the parameters with a full learning process for each
parameter configuration. This is the typical procedure for exhaustive
grid search or gradient based optimization. An efficient alternative is
the AutoMLP [61,62] learning schema which combines ideas from genetic
algorithms and stochastic optimization. During this process, several NNs
are trained in parallel up to a certain level. Unsuccessful parameter sets
are replaced by statistically more promising parameter sets. The final
result is a standard NN trained with optimized learning rate and with the
full set of training data and with optimized topology.

4.3 Segmentation

The output φ(p) of the NN at the layer l = L is a real number in the
interval [0, 1], corresponding to the certainty if the classified sample be-
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longs to the class thickening or non-thickening. In the simplest case, a
threshold is applied to identify the class label 0 or 1 for the current sample
point. However, this method does not consider the neighborhood of each
surface point. Even if thickenings have very irregular morphologies, they
form connected regions on the pleura. Possible strategies to incorporate
this information are hysteresis or fuzzy methods from e.g. Canny [63] or
Guliato [64]. This class of methods requires a set of certain seed points,
which is difficult to obtain. More promising is a graph cuts based–method,
which does not require seed points. The result is an optimal separation of
thickening and non-thickening regions, with respect to a defined energy
function. The decision for a graph cuts based–approach and against other
segmentation approaches is based on a preliminary study [54].

4.3.1 Graph Cuts for Image Segmentation

In graph cuts–based segmentation, an image with the discrete set of points
P is represented as a graph. This section gives a short introduction of
this topic. More details can be found in the publications [50, 51, 52]. A
constructed graph, as shown in Figure 4.7, contains a node for each image
point p ∈ P and the additional set of terminal nodes, represented by
the virtual points s for source and t for sink which do not correspond to
any image point s, t /∈ P . These two nodes represent the two possible
classes. The neighbor relation of a point p to the point p′ with p,p′ ∈ P
is modeled by a weight, in this context called capacity of the edge (p,p′)T .
This kind of connection is called an n-link. Affinity to a class is modeled
by edges between the image points p,∀ p ∈ P and the terminal nodes
{s, t}. These edges are called t-links.

To separate the two classes, the graph is separated by a cut C in such
a manner that the node for each point p ∈ P is connected either to the
node of source s or sink t, as shown in Figure 4.7. The graph is directed,
so it describes a flow passing from the source to the sink. The flow is
limited by the capacity of the connecting edges. A cut has a capacity
identical to the sum of the capacity of the cut edges. With the Max-
Flow-Min-Cut-Theorem [65], a minimal cut has a capacity identical to
the maximum flow in a graph. Several algorithms [50] can efficiently de-
termine this cut. By introducing different weighting terms, a wide variety
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ts

Figure 4.7: Principle of segmentation by graph cuts. Neighbor relations
are modeled by n-links (green), and affinity to the classes is modeled by
t-links (orange and blue) to the terminal nodes represented by s and t.
The cut (red) separates the graph into two classes.

of energy functions [66] can be minimized. The relevant terms for the
surface segmentation are briefly introduced in the next section.

4.3.2 Identify Thickening Regions by Segmentation

To reduce the complexity of the graph, only the surface points p ∈ ∂R ⊂ P
in the 3D volume, instead of the whole image P , are considered. The affin-
ity to the classes thickening or non-thickening is given by the output φ(p)
of the NN. So the t-link weights are

wt
s(p) = φ(p) + µ (4.11)

and
wt
t(p) = 1− (φ(p) + µ), (4.12)

with the parameter µ acting as a threshold. If the n-link weights wn(p,p′),
∀p,p′ ∈ ∂R would be chosen as zero, the resulting separation would
be equal to a simple thresholding. By introducing n-link weights anti-
proportional to the Euclidean distance between the connected image points
p and p′, connected regions are preferred in the resulting separation.
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These weights are given by

wn(p,p′) = λ
1

‖p− p′‖
, (4.13)

where λ adjusts the weighting of n-links compared to t-links. Summarized,
the weights are given by

wn(p,p′) =


wt
s(p′) p = s ∧ p′ 6= t

wt
t(p) p 6= s ∧ p′ = t

wn(p,p′) p 6= t ∧ p′ 6= s

0 else

. (4.14)

4.4 Results and Discussion

The localization was evaluated for seven different patients. Every discrete
surface point is regarded as a sample. For Patient 1, a full ground truth
with approximately 360 000 samples, classified with a consensus decision
of three medical experts is available. An example for the ground truth
of this patient is shown in Figure 4.1 (see page 38) and compared to the
results after classification and segmentation. For each of the six other
patients four slices at 20 %, 40 %, 60 % and 80 % of the left and right
lung in superior-inferior (top-down) direction were classified by a medical
expert which results in approximately 19 000 samples. This slice–wise
ground truth has been extended by an instructed and experienced oper-
ator in the surrounding slices with additional 300 000 samples. Samples
which are subject to a thickening are labeled as positive and otherwise as
negative.
To avoid overfitting, a leave-one-out strategy was applied for all evalua-
tions. Seven different classifiers, one for each patient, were trained com-
prising both left and right lung. In this training process, only data from
six of the patients is considered. Each trained model is only evaluated on
the patient data which was not considered in the training process. Beside
this patient-wise leave-one-out strategy, also the mixture of left and right
lung in one classifier and the absence of a feature describing the location in
superior and inferior direction are implemented. These steps should avoid
overfitting regarding the shape of left and right lung, prevalent thickening
locations and common appearance of thickenings within one patient.
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Sensitivity
10 % training data 100 % training data

Nearest Neighbor 53 % 54 %
Random Forest 45 % 47 %
Support Vector Machines 57 % 58 %
AutoMLP 43 % 62 %

Table 4.1: Evaluation of the sensitivity for different classifiers with an
exemplary fixed FPR of 10 %. The training was performed with 10 % or
100 % of the available data.

A classifier is always a compromise between high sensitivity, identical to
the true positive rate (TPR),

TPR = tp
tp + fn

(4.15)

and high specificity, identical to 1 minus false positive rate (FPR),

1− FPR = fp
fp + tn

, (4.16)

with the numbers of true positives tp, true negatives tn, false positives
fp and false negatives fn samples. For an ideal classifier the TPR should
be equal to one and the FPR should be equal to zero. In the first sub-
section, a short evaluation of different classifiers is given to motivate the
application of NNs for the given scenario. The second subsection con-
tains a detailed evaluation of the classification in combination with the
segmentation-based localization.

4.4.1 Classifier Performance

In a preliminary study, the sensitivity for a fixed FPR is evaluated for dif-
ferent classifiers without any post-processing. The fixed FPR was chosen
to be 10 % which is subjectively the limit for a meaningful interpretation
of the visual results. In Table 4.1 the sensitivity for a training with 10 %
of the available data is compared to the results for a training with all
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data. All parameters of all classifiers have been optimized using genetic
algorithms.
With a small amount of training data, support vector machines show the
best performance, followed by the nearest neighbor classifier. However,
with the large amount of data available, AutoMLP outperform all other
classifiers regarding the sensitivity for a reasonable FPR. Therefore, the
next section only considers NNs with the AutoMLP training strategy.

4.4.2 Thickening Localization

This part of the evaluation focuses on the AutoMLP classifier in combi-
nation with a subsequent segmentation. To account for the compromise
between sensitivity and specificity, both values are simultaneously plotted
in a graph. Each of these points is called operating point and is generated
by a different configuration of the parameters µ and λ. Only points which
are Pareto optimal are finally visualized in a so-called receiver operating
characteristics (ROCs). Pareto optimal means that there is no other con-
figuration of classification and segmentation resulting in higher sensitivity
and specificity at the same time.
The resulting topology of the NN with the AutoMLP strategy contains
typically one to two hidden layers, each with five to twelve neurones. In
Figure 4.8 the resulting ROCs and related areas under curve (AUCs) are
given for the individual patients and for all patients together. The results
of a simple thresholding (orange) of the NN output are compared to the
graph cuts approach (blue). The ROCs of the segmentation results are
not densely sampled, as the operating points depend on the output of a
complex algorithm and can only be calculated for a limited number of
parameters. For an ideal classifier the curve should touch the upper left
corner and therefore achieve an AUC of one, while a random classifier has
an AUC of 0.5.
The threshold–based classification results in ROCs rise very quickly in the
TPR when allowing a small FPR. This yields high AUC values which are
larger than 0.8 for all patients individually or together. The graph cuts
segmentation can even raise these curves and achieves AUC values which
are close to 1 for more than half of patients 2, 4, 6 and 7, and close to 0.9
for the other patients.
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patient 1 2 3 4 5 6 7
TPR 0.81 0.82 0.81 0.91 1.00 0.94 0.73
FPR 0.19 0.19 0.25 0.14 0.00 0.20 0.21

Table 4.2: True positive rate (TPR) and false positive rate (FPR) for
ground truth of the medical experts.

The ROC performance for the patients altogether is in the lower range
compared to the performance from individual segmentation. Neverthe-
less, the performance is still high with an AUC larger than 0.8. The
application on the data sets of all patients requires a compromise of the
individually optimal parameter combinations. Therefore the lower perfor-
mance is plausible. Additionally, the performance is certainly influenced
by the leave-one-out evaluation. This results in an individual classifier for
each patient with very different properties. Thus, a compromise for the
parameter sets is difficult.

For Patient 1, the ground truth from the medical expert is identical to
the full ground truth, while for the other patients the experts’ ground
truth is much smaller, compared to the ground truth from the instructed
operator. For verification purposes, the FPR and TPR for the ground
truth of the medical experts, for the configuration maximizing the AUCs
of Figure 4.8, are given in Table 4.2. Because of the smaller test set,
the resulting FPR and TPR are lower compared to the results given in
Figure 4.8, but in a similar range.

In summary, the classifier combined with the graph cuts–based segmenta-
tion achieves high sensitivity and specificity. It always outperforms simple
thresholding, which is plausible as the graph cuts algorithm for λ = 0 is
equal to a thresholding and other parameter combinations could poten-
tially improve the results. Finally, the comparison against the small sub-
set of ground truth data from the medical experts reveals slightly worse
results but in a similar range.

With a sensitivity of 81 % and a specificity of 95 % on their data, the
only known method for MPM segmentation from Rudrapatna et al. [36],
is outperformed by the proposed method for four of seven patients. It
achieves slightly better results compared to the output for three of the
seven patients and also compared to the results of the patients altogether.
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However, the image database is different and therefore the results are
not directly comparable. Their method is based on a simple naïve Bayes
classifier without segmentation. In their publication, the method is only
applied for rather large thickenings. Additionally, their reference seg-
mentation is just a manual correction of their algorithms’ output. The
algorithms’ segmentation quality is judged based on this reference. That
implies a strongly biased ground truth, which is even observable in the
exemplary slices shown in their publication. So their evaluation without
a real reference represents certainly a more optimistic view on the clas-
sification performance compared to the results presented in this chapter
which are based on a real reference.
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Figure 4.8: ROCs for individual patients, obtained as the results of
each NN, trained without this patient data set (leave-one-out strategy).
The resulting true positive rate (TPR) and false positive rate (FPR) are
simultaneously drawn for thresholding (orange) and graph cuts (blue).
The final ROC shows the combined results for the patients altogether.
Additionally, the area under curve (AUC) range is given for both methods.
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4.5 Summary and Conclusion

This chapter introduces an innovative way to extract coherent thicken-
ing regions, utilizing fuzzy decisions. In a first step, features of different
classes are extracted for each discrete surface point. Features have been
successfully developed to locate thickenings, and distinguish them from
similar anatomical regions. Then, in a NN classification, these features
are used to estimate point individual certainties. By applying a genetic
optimization, NNs with high classification performance have been trained.
These certainties are classified by a simple threshold and compared to a
newly proposed classification with simultaneous segmentation by a graph
cuts approach. The new graph cuts–based segmentation could clearly
outperform the threshold–based approach. Choosing a compromise be-
tween sensitivity and specificity, by selecting an operating point, is the
decision of the medical expert and depends on further processing. Still,
choosing an operating point with high sensitivity is always recommended
for a verification to guarantee the location of all critical regions. Sum-
marizing, the extracted thickening localization is a reliable basis for the
further registration and volumetric segmentation.

For future work, investigating deep learning techniques with convolutional
neural network [67] might be useful. These approaches combine feature
extraction and classification in a holistic approach and might have the
potential to further improve the achieved classification quality. They have
been successfully applied to classification approaches which are difficult
for humans [68]. However, the convolutional part cannot be easily adapted
to the 3D discrete surface. Additionally, they require even larger amounts
of training data than NNs and need very careful training processes at the
different layers.
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Chapter 5

Registration of the Pleura
Surface in Volume Data

Without additional knowledge, computed tomography (CT) images from
the same patient acquired at different points in time cannot be related.
Therefore, image registration is an important step to introduce consis-
tency and allows the combination of local image information from both
points in time for subsequent processing steps. Although a huge num-
ber of registration approaches has been published, the registration in this
context has special demands but also offers great optimization potential.
For example, the small potential growth of the thickenings requires sep-
arate treatment, whereas the high lung contrast in the images and the
previously known lung segmentation can be utilized in the registration.

In this chapter, a complete registration workflow adapted for the special
requirements is presented. First, image registration is shortly introduced
in Section 5.1. Afterward, a registration for the affine alignment which
is based on Markov-Gibbs random fields (MGRFs) is suggested in Sec-
tion 5.2. Then a surface–oriented registration for the non-rigid alignment
is introduced in Section 5.3. Finally, a method for volume-preservation
inside the thickening tissue is proposed in Section 5.4. The methods have
been partly published before in [10,11,12,13,14].
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5.1 Principles of Image Registration

When information from multiple images of related objects is combined,
it is essential to ensure that coordinates inside the images can be trans-
formed into each other. Typical scenarios are coordinate transformations
for images

• taken from different reference coordinates,

• taken with different imaging systems or parameters,

• from different instances of comparable objects or

• taken at different points in time.

Also several combinations of these scenarios are quite common.

In this work, only the case of two different images is discussed. One of
these images is referred to as the reference image, while the other is re-
ferred to as the target image. The first point in time is associated with the
reference image gr and the second point in time with the target image gt.
Comprehensive overviews about the topic of image registration were pub-
lished by, e.g., Sotiras et al. [69], Maintz et al. [70], Zitová and Flusser [71],
or in the book from Goshtasby [72]. This chapter presents a short intro-
duction into the registration process and the relevant approaches, which
are utilized for the newly developed methods.

5.1.1 Coordinate Transformation

The transformation from a point pt in the target image to a point pr in
the reference image is given by a function Tr

pt = Tr(pr). (5.1)

The inversion of this transformation

pr = Tr−1(pt). (5.2)

is not always possible and if it is possible it is not necessarily easy to
determine. If the transformation is unknown or only known up to a certain
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degree, it has to be estimated. Usually, the exact deformation model of
Tr is unknown but can be approximated. By estimating the parameters
of such a model, the transformation is determined. In this work we will
only work with 3D images, therefore the following transformation models
are w.l.o.g. described for the 3D case.

5.1.1.1 Projective Transformation

Transformations with constant parameters for the whole image are called
global. A huge number of these transformations can be described by
matrix operations in homogeneous coordinates. First the class of affine
transformations is discussed, given by

xt
yt
zt
1

 =


tr11 tr12 tr13 tr14
tr21 tr22 tr23 tr24
tr31 tr32 tr33 tr34

0 0 0 1



xr
yr
zr
1



=


1 0 0 tx
0 1 0 ty
0 0 1 tz
0 0 0 1


︸ ︷︷ ︸

translation


sx 0 0 0
0 sy 0 0
0 0 sz 0
0 0 0 1


︸ ︷︷ ︸

scaling

R

︸︷︷︸
rotation


1 sxy sxz 0
syx 1 syz 0
szx szy 1 0
0 0 0 1


︸ ︷︷ ︸

shearing


xr
yr
zr
1

 , (5.3)

where pt = (xt, yt, zt)T , pr = (xr, yr, zr)T and the rotation matrix R can
be described as a multiplicative combination of rotations around different
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single axis e.g.

RX =

1 0 0
0 cos(Φx) − sin(Φx)
0 sin(Φx) cos(Φx)

, (5.4)

RY =

cos(Φy) 0 − sin(Φy)
0 1 0

sin(Φy) 0 cos(Φy)

and (5.5)

RZ =

cos(Φz) − sin(Φz) 0
sin(Φz) cos(Φz) 0

0 0 1

 (5.6)

in any order, with the corresponding rotation angles Φx, Φy and Φz.
In Figure 5.1b-e the influence of the terms form Equation 5.3 is visually
compared to the case without transformation in Figure 5.1a, using a cube.
The parameters

• tx, ty and tz translate, as shown in Figure 5.1b,

• sx, sy and sz scale, as shown in Figure 5.1c,

• Φx, Φy and Φz rotate – while the order of RX , RY and RZ rep-
resents the order of rotating the object around x-, y- and z-axis, as
shown in Figure 5.1d and

• sxy, sxz, syx, syz, szx and szy shear, as shown in Figure 5.1e,

the image. The more general case is the class of projective transformations
xt
yt
zt
1

 =


tr11 tr12 tr13 tr14
tr21 tr22 tr23 tr24
tr31 tr32 tr33 tr34
tr41 tr42 tr43 tr44



xr
yr
zr
1

 , (5.7)

as illustrated in Figure 5.1f. If an inverse transformation exists, it can be
simply calculated by inverting the transformation matrix.
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0
(a) No transformation.

0
(b) Translation.

0
(c) Scaling.

0
(d) Rotation.

0
(e) Shearing.

0
(f) Projective transforma-
tion.

Figure 5.1: Schematic visualization of possible transformations by ma-
trix operations in homogeneous coordinates.

5.1.1.2 B-Spline Based Free-Form Deformations

In contrast to global transformations, deformable transformations – also
referred to as local transformations – have parameters which change, de-
pending on the location in the image. Due to the enormous number of
different deformation models, only the 3D B-spline based free-form defor-
mations (FFDs), which is utilized in this work and which “is one of the
most common types of [deformable] transformation models in medical im-
age registration” [69] is discussed in detail. A comprehensive overview of
local volumetric transformations is given by Sotiras et al. [69], Maintz and
Viergever [70], and Goshtasby [72]. In the case of FFDs, an initial regular
grid of Nx×Ny×Nz control points (CPs) n with position Φ(n), and spac-
ing of δx, δy and δz, is placed in the target image, where n = (nx, ny, nz)T
and 0 ≤ nx < Nx, 0 ≤ ny < Ny and 0 ≤ nz < Nz. The positions of the
CPs are then shifted to describe the deformation in the surrounding of
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each CP, as shown for the 2D case in Figure 5.2. The deformation at each
point pr is given by a summation of univariate splines, in this work, cubic
B-splines

pt = Tr(pr = (xr, yr, zr)T )

=
3∑
l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)Φ
(
(µ+ l, ν +m, ξ + n)T

)
, (5.8)

µ =
⌊
xr
δx

⌋
− 1, ν =

⌊
yr
δy

⌋
− 1, ξ =

⌊
zr
δz

⌋
− 1, u = xr

δx
−
⌊
xr
δx

⌋
, v = yr

δy
−
⌊
yr
δy

⌋
,

w = zr
δz
−
⌊
zr
δz

⌋
. Bc(s) is the c-th basis function of the cubic and uniform

B-spline

B0(s) = (1− s)3

6 , (5.9)

B1(s) = 3s3 − 6s2 + 4
6 , (5.10)

B2(s) = −3s3 + 3s2 + 3s+ 1
6 and (5.11)

B3(s) = s3

6 . (5.12)

The notation is borrowed from Rueckert et al. [73], but in our case the
summed splines describe the absolute coordinate of the resulting points
[74] and not an offset. Each image point is influenced by four CPs in each
dimension, which results in 4×4×4 = 64 influencing CPs in the 3D case.
Therefore a CP grid which is larger than the image itself is required, which
is shown in Figure 5.3. B-spline based FFDs are not easily invertible and
usually approximation techniques [75] are utilized.
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(a) Reference image. (b) Target image.

δx

δy

Φ((0, Ny − 1)T )
(c) Initial regular CP grid of the ref-
erence image, with spacing δx and
δy between the CPs and exemplary
named CP Φ((0, Ny − 1)T ) in the
lower left.

(d) CP grid illustrating displace-
ments, to describe transformation in
target image. The new CP positions
themselves do not necessarily agree
with the resulting deformation field
at their location.

Figure 5.2: Deformation of an exemplary checkerboard pattern is given
in the upper row. Displaced CPs describing this transformation are given
in the lower row.
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p

Figure 5.3: Image point p with regions of influencing CPs in gray and
required CPs outside of the image plane (indicated by contour of square),
to describe transformation for the whole image.
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5.1.2 Image Interpolation

Typically, the target image gt(pt), with image points pt, has to be trans-
formed into the coordinate system of the reference image gr, with coordi-
nates pr. In a digital image system, both images are discrete representa-
tions of a continuous scene and the coordinates of known image informa-
tion g are limited to a discrete set of points pt ∈ P t and pr ∈ P r. In the
unlikely case, where the transformed reference image point from Equa-
tion 5.1 is inside the set of known target image information Tr(pr) ∈ P t,
the image value is given by

gt(pt) = gt(Tr(pr)). (5.13)

For the general case Tr(pr) /∈ P t the image information has to be inter-
polated, so that for any point pr the correct information from the target
image gt can be accessed. Different methods can be utilized for this pro-
cess. In this section, two common strategies, utilized in this work, for
volumetric images are presented. More strategies for interpolation can
be found in the books of Jähne [76] and Goshtasby [72], which are easily
extensible to volumetric images.

5.1.2.1 Nearest Neighbor

In this interpolation strategy, the resulting image positions are element–
wise rounded to the next integer value

gt(Tr(pr)) = gt

round(Trx(pr))
round(Try(pr))
round(Trz(pr))

 , (5.14)

where rounding is e.g. the half up strategy, given by

round(q) = bq + 0.5c . (5.15)

This interpolation method is very efficient in terms of implementation
and preserves image intensities. On the down side, it introduces strong
aliasing artifacts at edges.
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p000

p010

p011

p001

p100

p110

p111

p101

pt = pttt

pt11

pt10

pt01

pt00

ptt1

ptt0

x1 − x0

y1 − y0

z1 − z0

Figure 5.4: Principle of trilinear interpolation for the point pt from the
points pabc∀a, b, c ∈ {0, 1}.

5.1.2.2 Trilinear Interpolation

Calculating the intensity at a point pt = (xt, yt, zt)T by weighting the
intensities g(p) of the eight closest points pabc = (xa, yb, zc)∀a, b, c ∈ {0, 1}
is achieved by trilinear interpolation, as shown in Figure 5.4. The intensity
value g(pt) is calculated by applying linear interpolation in each dimension
successively. First the difference terms

xd = (xt − x0)/(x1 − x0), (5.16)
yd = (yt − y0)/(y1 − y0) and (5.17)
zd = (zt − z0)/(z1 − z0), (5.18)

which describe the relative position within each dimension, are calculated.
With these terms, the values can be interpolated step by step

g(ptbc) = g(p0bc)(1− xd) + g(p1bc)xd ∀b, c ∈ {0, 1}, (5.19)
g(pttc) = g(pt0c)(1− yd) + g(pt1c)yd ∀c ∈ {0, 1}, (5.20)

g(pt = pttt) = g(ptt0)(1− zd) + g(ptt1)zd . (5.21)

Trilinear interpolation reduces artifacts, but also introduces some blurring
and also new intensity values.
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5.1.3 Transformation Estimation

Especially in medical setups, the transformation between images cannot
be extracted or can only be extracted up to a certain degree from the
physical setup. In these cases, estimation from the image data itself is
necessary.

The transformation might consider

• the image intensities,

• segmentations of the objects in the images or

• landmarks inside the images

separately or in any combination to align the content. The problem to
find a transformation is usually ill-posed and additional constraints might
be necessary to find useful transformations for a certain task. Typical
additional constraints are

• implicit regularization,

• volume preservation (more generally referred to as topology preser-
vation) and

• rigidity.

The image alignment is measured by the term a(gt, gr,Tr) and the con-
straints by the term c(Tr). Both terms are typically defined such that
they decrease for better transformations. Then the optimization problem
to estimate a transformation can be described by

Tr = arg min
Tr

a(gt, gr,Tr) + c(Tr). (5.22)

Measuring the alignment using image intensities can be performed in a
couple of ways. Some common methods are described in the following
section.
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5.1.3.1 Image Alignment

One of the most straightforward approaches is summing up the norm of
the difference at each image voxel. These measures are typically the sum
of absolute differences (SAD)

aSAD =
∑
pr∈P r

|gr(pr)− gt(Tr(pr))| (5.23)

and the sum of squared differences (SSD)

aSSD =
∑
pr∈P r

(gr(pr)− gt(Tr(pr)))
2 . (5.24)

Especially, when dealing with images of different modalities, measures like
mutual information (MI) are often utilized. The MI was introduced by
Shannon [77] and the generalized version is

a′MI =
Nmax∑
i=Nmin

Nmax∑
j=Nmin

pij log2
pij
pipj

, (5.25)

where Nmin and Nmax are the minimal and maximal image intensities,

pi =
Nmax∑
j=Nmin

pij

pj =
Nmax∑
i=Nmin

pij

and pij is the probability that gr(pr) = i and gt(Tr(pr)) = j, pr ∈ P r.
Due to the fact that MI is a similarity measure instead of a dissimilarity
measure it has to be maximized or incorporated as aMI = −a′MI into
Equation 5.22.

If previous segmentations of the relevant objects are available for the
reference image as Rr and the target image as Rt, measures like the
Jaccard index

a′Jaccard = |Rt
⋂

Tr (Rr)|
|Rt

⋃
Tr (Rr)|

(5.26)
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can be applied. Again, this measure is a similarity measure and for min-
imization problems aJaccard = −a′Jaccard is utilized. The Jaccard index
itself is rarely used as an alignment measure, but as a quality measure.
However, Chamfer Matching [78] is an alignment measure to efficiently
minimize the distances between the surfaces ∂Rr and ∂Rt created from
binary segmentations.

Another method is to locate matching landmarks in both images. Assum-
ing that the landmarks lr ∈ Lr with positions pr(lr) from the reference
image gr and the landmarks lt ∈ Lt with positions pt(lt) from the target
image gt are perfectly matched by tuples (lr, lt)T ∈M r and with perfectly
known positions,

aL =
∑

(lr,lt)T∈Mr

‖pt(lt)−Tr(pr(lr))‖ (5.27)

is a measure for the alignment quality in Equation 5.22.

All these alignment measures can be used as alignment measures to find
the optimal alignment or as quality measures to assess the quality of a
registration.

Several other registration measures have been discussed in literature [79],
such as normalized cross correlation, ratio of image uniformity, pattern
intensity, gradient correlation, gradient difference, gradient proximity, and
many more. As they are not utilized in this thesis, they are not discussed
in detail.

5.1.3.2 Transformation Constraints

The implicit regularization strongly depends on the chosen transformation
model, described in Section 5.1.1, which should be a smooth model to
regularize the deformation.

Topological preservation “is equivalent to the invertibility of the deforma-
tion field” [69]. It is usually included by penalizing strong changes in the
deformation field Tr. These changes are given by the partial derivatives
∂Trn

∂m of Tr, where n and m represent the dimensions x, y and z. Often,
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these changes are combined in the Jacobian matrix [74]

JTr(p) =


∂Trx(p)
∂x , ∂Trx(p)

∂y , ∂Trx(p)
∂z

∂Try(p)
∂x ,

∂Try(p)
∂y ,

∂Try(p)
∂z

∂Trz(p)
∂x , ∂Trz(p)

∂y , ∂Trz(p)
∂z

 (5.28)

and its determinant det(JTr(p)). The interpretation is

• det(JTr(p)) = 1: no volume change,

• det(JTr(p)) > 1: expansion,

• det(JTr(p)) < 1: compression and

• det(JTr(p)) ≤ 0: folding in deformation field.

Therefore the difference of the determinant to one is usually directly or
indirectly penalized.

As det(JTr(p)) = 1 results in no volume change, most methods try to
enforce this criterion to guarantee volume preservation.

5.1.3.3 Multi-Scale Approach

Optimization problems, as given in Equation 5.22, might be sensitive
to local extrema and might be slow, when estimating strong differences
in alignment. To compensate for these kinds of problems, registration
on different scale levels can be applied. The image of size X × Y × Z
is S times down-sampled to different scaling levels s, generally with a
factor of two into each dimension. The registration starts at the smallest
scaling level s = S, with an image size of (2−S)X × (2−S)Y × (2−S)Z.
The original image size is obtained at scaling level s = 0. When the
alignment Trs at the scaling-level s has been determined, it is used to
initialize the alignment process at the scaling level s− 1, with image sizes
of (2−(s−1))X × (2−(s−1))Y × (2−(s−1))Z.
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5.1.4 Registration Frameworks

Registration frameworks contain several components, as discussed in the
previous sections. Existing frameworks, such as elastix [80], Drop [81],
ANTs [82] or NiftyReg [83], have been developed for various registra-
tion scenarios. Their components and also their implementation have a
strong influence on the registration quality. Therefore, a comparison of
the registration quality from the different frameworks is difficult and not
necessarily meaningful to compare a single component of the frameworks.
Instead, the MGRF measure is compared against other alignment mea-
sures, described in Section 5.1.3.1, utilizing a constant framework for all
measures.

5.2 Markov-Gibbs Random Field Based
Registration

The idea behind this method is to find the optimal transformation Tr by
aligning the lung segmentation from one point in time to the image at the
other point in time, which is shown in Figure 5.5. Different approaches
such as aligning the lung tissue might lead to suboptimal registration of
the lung surface, because the lung tissue is easily deformable and perfectly
aligned structures inside the lung tissue might not necessarily correspond
to an optimal registration of the lung surface. Aligning the lung masks
themselves is more appropriate to align the lung surfaces, but the part
containing the bronchial tree is difficult to segment consistently at both
points in time and might also negatively influence the surface alignment.
Instead, the presented approach extracts the image data from one point
in time within the segmentation mask from the other point in time and
vice versa, as shown in Figure 5.5. It is only relevant, if the mask contains
lung tissue. That is why, segmentations ending a different depth of the
bronchial tree do not have a negative influence on the registration. The
extracted image data is compared to an offline trained model of lung tissue
using MGRF and the matching probability is utilized as an alignment
measure. The advantage of this approach compared to other similarity
measures, as discussed in Section 5.1.3.1, is the fact that it combines
segmentation information and intensity information. This results in a high
stability and an optimization criterion considering the lung surface and the
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reference

target

Tr

Tr−1

Figure 5.5: Idea of the MGRF–based registration is to align the reference
segmentation, transformed with Tr, with the target image and the other
way round.

image content. Additionally, the tissue model can be pre-trained within a
controlled environment. A landmark-based approach is not considered, as
an unambiguous mapping of landmarks for unaligned lung images requires
a relatively complex description and matching of the features. Another
drawback of landmarks is that in general they do not directly reflect the
surface alignment as an optimization criterion. However, in Section 5.3
an approach is presented which addresses the latter problem.

The applied transformation model, as described in Section 5.1.1.1, is an
affine transformation which includes translation, scaling and rotation.
Only deformations within a certain range are allowed and due to the
global nature of the transformation a regularization is not required.

Parts of this section are extended and revised versions of a previous pub-
lication [10]. In additional to the publication, the set of evaluated data
sets was significantly increased and also an optimization using a SSD– and
MI–based alignment measure is compared to the suggested Gibbs energy.
Also the gradient search–based optimization strategy was replaced with
the more appropriate Nelder-Mead simplex method [84] which can better
handle discontinuity, caused by the alignment of the discrete segmenta-
tions.
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5.2.1 Markov-Gibbs Random Fields

An image of size X × Y × Z is a 3D lattice of points p ∈ P . If each
point p is associated with a random variable Sp ∈ Q, with the set Q of
all possible intensity values, then S = {Sp : ∀p ∈ P } is called a random
field. An image g(p) could be considered as a realization of such a random
field. The image content is then a particular assignment of each point on
the lattice to a certain intensity value and the probability to observe an
image g is Pr(g). The possible space for all images has the size |Q||P |,
and Pr(g) = 1

|Q||P | if no conditional dependency exists between the voxels.
If the image intensity of a certain voxel depends on the intensity of all
other voxels, the probability of this single voxel having a certain value is
described by the conditional probability Pr(g(p)|ḡ(p)), where

ḡ(p) =
(
g(p1), . . . , g(p|P |−1)

)
pi ∈ P \ {p} ∀ 1 ≤ i ≤ |P | − 1 ∨
pi 6= pj ∀ 1 ≤ i, j ≤ |P | − 1, i 6= j, (5.29)

is the tuple containing all image values, but not the one at point p.

Usually only the local voxels around each voxel in a certain radius are
considered to describe the dependencies. For each voxel a neighborhood
N(p) ⊂ P \{p} is defined. Figure 5.6a shows an exemplary 26-connected
neighborhood. So the voxel at position p is assumed to be conditionally
independent from all other voxels P \N(p).

The conditions which need to be satisfied for a Markov random field
are [85]

• positivity: Pr(g(p)) > 0,∀p ∈ P and

• Markovianity: Pr(g(p)|p′;p′ ∈ P \ {p}) = Pr(p|p′;p′ ∈N(p)).

In the context of a 3D image, represented as a Markov random field, these
neighbor relations can be described by so-called cliques c. In contrast to
the often used notation of unordered sets for cliques, in this work c is
an ordered tuple and can contain any number n of related points on the
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(a)

(b) (c) (d)

(e) (f) (g)

Figure 5.6: Voxel neighbors for the centered gray voxel. (a) shows a
complete 26-connected neighborhood, while (b)–(e) show the resulting
separated neighbors. By using different colors within each figure the dif-
ferent clique families are distinguished. (f)–(g) show voxel cliques, which
are not included in a direct neighborhood.

image space. The cliques are usually classified into different orders of n.
While the first order cliques C1 only represent a voxel itself

C1 = {c = (p) : p ∈ P } , (5.30)

the cliques of higher order n contain the combination of a voxel p in the
image at the first position c1 of the tuple c with n other voxels. In general
these other voxels can be taken from the full image space. In the case of
neighbor relations they can only be taken from the neighborhood N(p).
All cliques of order two in an image space P , describing the neighbor
relations N(p′), are given by the set

C2 = {c = (p,p′) : p ∈ P ,p′ ∈N(p)} . (5.31)

Similar to the idea of El-Baz et al. [86], also clique families C(o1,...,on)
are distinguished, where o = (ox, oy, oz)T are offsets in the image space.
In the case of a 26-connected neighborhood, as shown in Figure 5.6a, the
possible offsets are

O26 = {(ox, oy, oz) : −1 ≤ ox, oy, oz ≤ 1} \
{

(0, 0, 0)T
}
, (5.32)

78



5.2. Markov-Gibbs Random Field Based Registration

and, e.g., the sets of resulting cliques of order two is

C(o) = {c = (p,p+ o) : p ∈ P } ,o ∈ O26. (5.33)

In contrast to El-Baz et al. [86] C(o) and C(−o) are treated as the same
family to keep the symmetric cliques (p,p+o) and (p,p−o) = (p′+o,p′),
with p′= p− o in the same family. The different 13 arising clique fam-
ilies are shown exemplarily for a 26-connected neighborhood in the Fig-
ure 5.6b–5.6e. Also larger offsets without direct neighborhood can be
chosen to gather texture information from the image, as shown in Fig-
ure 5.6f–5.6g. By definition, there are no voxels duplicated in a clique,
and especially the point of relevance c1 itself is not included. These rela-
tions are sometimes called (voxel) interactions.
A Gibbs distribution is given by

Pr(g) = 1
Z

e−E(g), (5.34)

with the gray value g ∈ Q, the partitioning function

Z =
∑
S∈S

e−E(g), (5.35)

the energy function E(g) and the space S of all possible resulting images
for the random field S. The energy function

E(g) =
∑
c∈C

VC (5.36)

is, in this approach, given as a sum of so-called clique potentials VC . By
the Hammersley-Clifford Theorem [87] “a Markov field on a graph is a
Gibbsian ensemble and vice versa”. Geman and Geman [88] showed that
the conditional probability for a single image value g(p) can be denoted
by

Pr (g(p)|ḡ(p)) = 1
Zp

e−
∑

c∈C:c1=p
VC((g(c1),...,g(cn)))

, (5.37)

which basically means the probability for a certain gray level at point p
depends on all other gray levels ḡ(p) of the image except from the value
at the point p itself, and

Zp =
∑
q∈Q

e−
∑

c∈C:c1=p
VC((q,g(c2),...,g(cn))). (5.38)
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5.2.2 Training of Lung Model

For efficiency of notation the following section uses a notation inspired by
Gimel’farb [89] for the Gibbs energy from Equation 5.36

E(g) =
∑
o∈O

Eo(g). (5.39)

This notation is only valid for cliques of order two c ∈ C(o) with one
offset o and the offset related energy is

Eo(g) =
∑

(q,q′)T∈Q2

|R|Vc,q,q′fo,q,q′(g), (5.40)

where fo,q,q′(g) denotes the frequency of the occurring gray values
(q, q′)T ∈ Q2 for a certain offset o ∈ O.
The potentials Vo,q,q′ for known lung tissue gmodel,lung represent the trained
model from existing images. They can be determined analytically as pro-
posed by Farag et al. [90]. An approximation of the log-likelihood of
Equation 5.34 is maximized and results in

Vo,q,q′ = |Q|2

(|Q| − 1)

(
|Q| − 1
|Q|

− fo,q,q′(gmodel,lung)
)
. (5.41)

The values of the potential in Equation 5.41 are high for gray-level pairs
and neighbor combinations occurring often and low for combinations ap-
pearing rather seldom in the image database for the model.
The next step identifies offsets o, which result in high energies Eo on lung
tissue gmodel,lung and in low energies on non-lung tissue gmodel,nonLung.
Classifying neighbors using a histogram of Eo(gmodel,lung) and
Eo(gmodel,nonLung) as suggested in [86] does not work in all cases. It
fails when the potentials, trained on lung tissue, result in higher energy
on non-lung tissue than on lung tissue. As a solution a set of neighbors
producing high energy values Eo(gmodel,lung) and simultaneously produc-
ing low energy values Eo(gmodel,nonLung) is chosen. Thus the K offsets
OK ⊆ O with the highest energy differences

∆Eo(gmodel,lung, gmodel,nonLung) = Eo(gmodel,lung)− Eo(gmodel,nonLung)
(5.42)

are chosen.
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5.2. Markov-Gibbs Random Field Based Registration

5.2.3 Alignment

To register the image data of two CT scans gr and gt from the same
lung, but from two different points in time, an affine transformation Tr,
as described in Section 5.1.1.1, is estimated. Beside local deformations,
which are considered in the following Section 5.3, the main influences on
the patient are

• translation and rotation, which is caused by a different pose of the
patient and

• scaling, which can be caused by slightly different breathing phases
in the two images.

The segmentations of the lung tissue are denoted by Rr and Rt. The
transformation is applied on the segmentation Rr. To obtain a binary
segmentation, nearest neighbor interpolation introduced in Section 5.1.2.1
is utilized for the transformation. In the method proposed by El-Baz et
al. [86], the energy E(gt(Tr−1(pr,lung))), with pr,lung ∈ Rr from Equa-
tion 5.39 is maximized. This might cause the mask Rr to excessively
shrink, because the Gibbs energy is high if the mask solely covers lung
tissue in gt. Vice versa, to symmetrize the process, also the lung tissue
in gr covered by Tr−1(pt,lung), with pt,lung ∈ Rt, should be considered.
Thus, Pr(gt(Tr(pr,lung))) · Pr(gr(Tr−1(pt,lung))), which is the probability
for the image gt inside the mask Rr and independently the image gr in-
side the mask Rt at the same time, is maximized. For this purpose the
alignment criterion

aMGRF = −(E(gt(Tr(pr,lung))) + E(gr(Tr−1(pt,lung)))) (5.43)

is minimized.
The translation, scaling and rotation are optimized using the Nelder-Mead
simplex method [84]. However, this algorithm might run into problems if
local minima exist. Therefore, a multi-scale approach, as introduced in
Section 5.1.3.3, is applied to ensure the localization of the global optimum.
The offsets OK and the associated potentials are determined offline for
each scaling level. Choosing a random subset of R containing W voxels
leads to a considerable speed-up, when calculating aMGRF. Reducing
the number of gray levels Q of the input images can slightly decrease
computation time.
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5.2.4 Results and Discussion

For training purposes 20 different CT scans from ten different patients
were registered. All data sets were linearly reduced from 4096 different
Hounsfield units (HU) values to 128 gray levels. Linear mapping is the
standard schema for histogram–based registration [91,92] and the number
of gray levels is in a typical scale for CT lung registration, taken from
the database of registration parameters for elastix [80]. The offsets are
chosen from a range of -3 to 3 voxels at each scaling level and the K = 5
best offsets are selected. A leave-one-out validation was applied to avoid
overfitting of the tissue model. The measure aMGRF is also compared to
some other alignment measures, presented in Section 5.1.3.1. Particularly,
aSSD and aMI are applied in the same registration framework. As discussed
in Section 5.1.4, a comparison with other frameworks is not meaningful.
The SSD is calculated inside the lung mask R and additionally for the
whole image P to compare the effects, while the MI is only applied on
the whole image. The MI is also used for the images reduced to 128 gray
levels. All registrations were performed using three scale levels S = 3. At
the first scaling level, the images are initially aligned by the centers of the
lung masks’ bounding boxes.

The Jaccard index and the SSD for different regions are used as evaluation
criteria. The regions are

• the whole image P , shown in Figure 5.7a,

• the segmentation mask R, shown in Figure 5.7b and

• the surface surrounding regions ∂Rfull⊕Sr=5, shown in Figure 5.7c,
where ∂Rfull is the discrete segmentation surface of the whole lung,
⊕ the morphological dilation and Sr=5 a discrete sphere mask with
a radius of five.

The Jaccard index is equal to one for perfect overlap of identical objects
and equal to zero for non-overlapping objects, so the higher the better.
The SSD measures the image similarity and its value is equal to zero for
perfectly aligned identical images and high for dissimilar images and/or
bad alignment, so the lower the better.
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5.2. Markov-Gibbs Random Field Based Registration

(a) Region including the whole
image.

(b) Region including the com-
plete lung mask.

(c) Region surrounding the seg-
mentation surface.

(d) Region surrounding the seg-
mentation surface excluding re-
gions of the mediastinum.

Figure 5.7: Different regions (gray), used to evaluate the alignment of
the lung masks from both points in time (orange and blue).

As shown in Figure 5.8, the Jaccard index is always maximal when using
the MGRF energy as an optimization criterion. For many cases, the MI–
and SSD–based registration shows a performance similar to the MGRF–
based registration, but in some cases the SSD–based registration does not
reach the MGRF performance or fails completely.

Registration quality and speed of the MGRF approach depend on the
number of included voxels W . Both metrics are shown in Figure 5.9.
The Jaccard index increases for increasing number W of voxel used in
the registration process. For W = 6000 it is already close to the results
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Figure 5.8: Comparison of registration quality using different alignment
measures in the optimization process.

of a registration including all image values and with W ≥ 4000 the Jac-
card index for MGRF is already equal or larger for all data sets than the
results using MI. The duration roughly increases linearly with the num-
ber of voxels. With a duration of less than ten seconds the subsampled
registration is significantly faster than the registration when including all
voxels, with duration of approximately 50 minutes. For comparison, the
MI– and SSD–based registration have a duration of eleven and 30 minutes,
respectively.

In Table 5.1 the results of quality measures using the different alignment
measures are shown. The best method, regarding each quality measures
and patient separately, is marked in bold. Regarding the Jaccard index,
the MGRF–based registration is always the best performing method. The
MGRF–based registration is also superior to the other methods or very
close to the best method, regarding the SSD in the surface surrounding
region. With respect to the SSD of the whole image, MI shows a good
average performance. All alignment measures beside the Gibbs energy
result in some cases in significantly worse results compared to the best
method. So the presented method is more robust compared to the other
methods.
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Figure 5.9: Registration quality, in terms of the Jaccard index, and
duration (blue) for MGRF–based registration including different number
W of voxels (purple), compared to the quality and duration when using
all voxels (orange). The scale shows only the upper quarter of the Jaccard
range (> 0.75). The whisker of the blue line indicate the variance.

All presented quality measures are just indicators of the actual lung sur-
face alignment quality. The Jaccard index and the SSD measured in the
surface surrounding region, as shown in Figure 5.7c, are the metrics which
are probably closest related to the real surface alignment. On average the
best results of these two indicators are produced by the MGRF–based
registration. Only the quality for the entire image is dominated by the
alignment using SSD of the complete image and the MI. This is plausible,
because both alignment and quality measures consider the complete im-
age instead of the lung surface. The occasional failures of all alignment
methods beside the MGRF are caused by local optima produced by the
MI and SSD, as shown in Figure 5.10b, whereas the Gibbs energy results
in an alignment measure, shown in Figure 5.10a, with less local extrema.
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Figure 5.10: Values of alignment function around located
minimum(0, 0)T of SSD and Gibbs based registration for Patient 5,
regarding translation in x- any y-direction.

The impact of local extrema can be reduced by multiple initializations of
the alignment or by another minimization method. Both solutions typi-
cally result in more complex implementations and/or computational cost,
which is why a good-natured alignment measure such as the Gibbs energy
is preferable. The registration quality is only marginally decreased by us-
ing a subset of the image points inside the mask to calculate aMGRF, but
computation time can be significantly reduced.

In summary, a fast and precise alignment of the lung surface and its sur-
rounding has some special demands on the registration algorithms. The
proposed MGRF–based registration is preferable compared to the classi-
cal approaches as it leads to a slightly better alignment on average, and
even more important to much higher stability and significantly reduced
computation time. However, the approach needs to be trained for the
appearance of a specific object in a specific modality and needs to be re-
trained if different conditions apply. It can be only applied for modalities
with normalized intensity values such as CT images.

86



5.2. Markov-Gibbs Random Field Based Registration

Q
M

Ja
cc
ar
d
in
de
x

SS
D

in
si
de

lu
ng

m
as
k/

SS
D

in
w
ho

le
im

ag
e/

SS
D

in
su
rr
ou

nd
in
g/

(1
00

00
0

H
U

2
)

(1
00

00
0

H
U

2
)

(1
00
00
0

H
U

2
)

A
M

noregistration

SSDinsidelungmask

SSDincompleteimage

mutualinformation

Gibbsenergy

noregistration

SSDinsidelungmask

SSDincompleteimage

mutualinformation

Gibbsenergy

noregistration

SSDinsidelungmask

SSDincompleteimage

mutualinformation

Gibbsenergy

noregistration

SSDinsidelungmask

SSDincompleteimage

mutualinformation

Gibbsenergy

1
0.
81

0.
95

0.
92

0.
94

0.
96

1.
49

0.
44

0.
77

0.
61

0.
46

1.
29

1.
02

0.
90

0.
87

0.
96

3.
82

1.
31

2.
12

1.
50

1.
14

2
0.
49

0.
94

0.
95

0.
94

0.
95

3.
66

0.
44

0.
56

0.
68

0.
51

3.
77

0.
93

0.
80

0.
83

0.
87

5.
18

1.
83

1.
74

2.
02

1.
77

3
0.
55

0.
86

0.
85

0.
87

0.
90

2.
35

0.
96

0.
72

0.
80

0.
78

2.
42

1.
72

1.
10

1.
35

1.
50

4.
10

2.
51

2.
00

2.
44

2.
01

4
0.
81

0.
93

0.
92

0.
93

0.
94

1.
35

0.
62

0.
74

0.
65

0.
61

1.
61

0.
90

0.
85

0.
84

0.
88

3.
81

1.
91

2.
11

1.
88

1.
73

5
0.
59

0.
42

0.
30

0.
87

0.
89

2.
21

4.
10

4.
27

1.
06

1.
02

1.
84

2.
61

3.
29

0.
93

0.
98

4.
09

4.
28

4.
41

2.
46

2.
04

6
0.
46

0.
26

0.
38

0.
84

0.
90

3.
94

4.
61

4.
87

1.
52

1.
16

3.
29

3.
79

4.
21

2.
54

2.
26

4.
68

4.
90

5.
39

3.
33

2.
48

7
0.
35

0.
42

0.
88

0.
87

0.
90

3.
55

3.
72

0.
87

0.
85

0.
76

3.
48

2.
52

1.
60

1.
56

1.
57

4.
42

4.
40

1.
90

2.
14

1.
63

8
0.
59

0.
73

0.
88

0.
88

0.
91

3.
67

2.
51

1.
23

1.
23

1.
09

2.
52

1.
96

1.
07

1.
08

1.
20

4.
43

4.
21

2.
38

2.
35

2.
06

9
0.
75

0.
91

0.
34

0.
91

0.
92

2.
36

0.
69

4.
04

0.
80

0.
74

2.
05

1.
16

3.
70

1.
04

1.
13

3.
99

2.
03

4.
76

2.
07

1.
77

10
0.
51

0.
74

0.
78

0.
70

0.
82

3.
68

1.
52

1.
84

2.
53

1.
52

2.
80

1.
47

1.
69

2.
34

1.
41

4.
34

3.
61

3.
65

4.
12

3.
42

T
ab

le
5.
1:

C
om

pa
ris

on
of

th
e
di
ffe

re
nt

al
ig
nm

en
t
m
ea
su
re
s
(A

M
)
us
in
g
di
ffe

re
nt

qu
al
ity

m
ea
su
re
s
(Q

M
)

fo
r
te
n
pa

tie
nt
s.

T
he

be
st

re
su
lts

ar
e
hi
gh

lig
ht
ed

us
in
g
bo

ld
fo
nt
.

87



Chapter 5. Registration of the Pleura Surface in Volume Data

5.3 Surface-Oriented
Non-Rigid Registration

The main objective in this step is to locally align the unknown healthy
pleura surfaces from two points in time by a deformable registration. Since
the image does not represent the healthy but the actual lung, local de-
formation might be influenced by potential tumor growth and the strong
deformable and low contrast lung tissue. Both effects influence the im-
age similarity measures, which are the optimization criteria for standard
registration methods. Another drawback of these methods is that they
are usually computationally expensive, because of the utilized iterative
optimization strategies and the high number of free parameters required
for non-rigid registrations.
Registration methods solely based on surface information are used if the
image intensity information itself is not available or not easily utilizable,
e.g. because of different modalities. These methods can align the pleura,
can be used to account for changes caused by potential thickening growth,
and are typically computationally efficient. Image intensity information
is not used: On the one hand, information from the deformable lung
tissue would not influence the outcome, but on the other hand important
alignment information along the surface would be missing.
Landmark–based methods incorporate any alignment information which
is contained in the previously extracted landmarks. The presented method
uses a landmark–based approach: alignment and the corresponding confi-
dence from the lung surface and also from image intensities are transferred
into landmarks. Then, the image deformation is directly calculated from
these landmarks using a non-iterative method, which is computationally
highly efficient and still contains intensity and surface information.
Some deformation models commonly utilized for non-rigid registration
are (dense) displacements fields, B-splines, diffeomorphic or optical flow
models. In large scale evaluations [93] for thoracic registration non of
these models is superior to the others. In combination with landmarks,
the B-spline model allows a direct calculation of the parameters [94] from
the landmarks. Additionally, a direct adaptation for volume-preservation,
which is discussed in Section 5.4, is possible. To combine landmarks, and
efficient calculation of model and volume-preservation, the B-spline model
was chosen for the presented method.
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5.3. Surface–Oriented Non-Rigid Registration

Similar methods, limited to the lung surface surrounding, and the basic
ideas have been published before in [8] and [11]. Parts of these publications
are included in this section, but are adopted for a new method which
also considers the image information from remote surface regions and
additionally includes a directionally depending weighting for deformation
information.

The implementation of the algorithm is based on a MATLAB implemen-
tation from Kroon [95] of the well-known non-rigid registration approach
from Rueckert et al. [73], in combination with the CP multi-scale approach
from Lee et al. [94]. This method does not rely on landmarks, but directly
optimizes the CP positions with respect to an alignment measure. The
implementation is a naive version of the original method and has high
computational demands, but can be easily extended by the method pre-
sented here.

5.3.1 Calculation of Landmarks and Corresponding
Displacements

This method uses two different kinds of landmarks: For the first class,
image intensities are analyzed to extract suitable landmarks and to find
correspondences between the two points in time. The second class is
given by the discrete lung surface of the first point in time and maps to
the closest point on the lung surface at the second point in time. While
the first class leads to more accurate displacements, especially along the
surface, the second class can be extracted more stably. In contrast to
most landmark based approaches, this method treats every image point
p ∈ P or surface point p ∈ ∂R as a potential landmark and subsequently
reduces these sets.

For the simplicity of notation the previous affine registration is omitted in
the notation and image coordinates. Nevertheless, a previous affine align-
ment regarding the lung surface is absolutely essential for this method.

5.3.1.1 Intensity–based Landmarks

For the intensity–based mapping of landmarks, a block matching algo-
rithm (BMA) is used. A M × M × M block Br(pr) ⊂ P r of image

89



Chapter 5. Registration of the Pleura Surface in Volume Data

M

M
pr

?

? dR(pr)

Figure 5.11: Block from the reference image (left) with center pr is
mapped to the best matching block in the target image (right) by com-
paring the image information of the translated object (gray), resulting in
offset dR(pr).

intensities with center point pr in the reference image gr is mapped to its
best matching block Bt(pt) in the target image gt and results in the map-
ping pr 7→ pt. The principle of mapping these blocks is shown in 2D in
Figure 5.11. The quality of block alignment between Br(pr) and Bt(pt)
can be measured using the different measures presented in Section 5.1.3.1.
The measurement is repeated for different displacements d of the block
Bt(pr+d) and the best alignment is chosen. If the two images are already
aligned, e.g. by the rigid-registration, described in the previous section,
the search range D is limited to reduce calculation time and especially
to reduce outliers by wrong matchings. The displacement for a matching
image point is given by

dR(pr) = arg min
d∈D

a (gr (Br(pr)) , gt (Bt(pr + d)))︸ ︷︷ ︸
amin(pr)

, (5.44)

where a can be any alignment measure from section 5.1.3.1 and amin(pr)
is the resulting alignment error. Additionally, the error of the second best
match

a2ndmin(pr) = min
d∈D\dR(pr)

a(gr(Br(pr), gt(Bt(pr + d))) (5.45)
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5.3. Surface–Oriented Non-Rigid Registration

is calculated to rate the uniqueness of the match. For efficient calculation,
integral images [96] are used to compute the values dR(pr), amin(pr) and
a2ndmin(pr) for all image points pr ∈ P r.
A matching quality is estimated by comparing the best and second best
matching error

wR(pr) =
(

1− amin(pr)
a2ndmin(pr)

)
(1, 1, 1)T . (5.46)

It is zero, if the best and second best match result in identical alignment
errors and it is closer to one, if the second best match results in a much
higher error than the best match. The multiplication with the vector
(1, 1, 1)T keeps the notation consistent for the following component–wise
quality. An efficient non-maxima suppression [97] is applied to elimi-
nate sub-optimal landmarks and results in the set of reduced landmarks
P ′ ⊂ P .

5.3.1.2 Surface–based Landmarks

The surfaced–based landmarks and the corresponding displacements are
created from the segmentation surfaces ∂Rr. Potential thickening regions
are excluded from the reference surface ∂Rr,h ⊂ ∂Rr, so thickening growth
does not influence this mapping. For the second point in time with the
lung surface ∂Rfull,t, including the mediastinal region, all surface points
pt ∈ ∂Rt are regarded. For every point pr ∈ ∂Rr,h the displacement to
the corresponding point pt ∈ ∂Rfull,t is determined by minimizing the
Euclidean distance between both points

d∂Rfull,t(pr) = arg min
pt∈∂Rfull,t

‖pr − pt‖2 . (5.47)

However, this method can only extract displacements orthogonal to the
lung surface. To efficiently determine candidate points, a k-d tree [55]
was utilized. The image information does contain information to locate
the displacement along the surface, which is already considered by the
image–based landmarks. To preserve this displacement information, only
the orthogonal component of d∂Rfull,t(pr) is considered by introducing a
component–wise weighting

w∂Rfull,t(pr) = λ |n(pr)| , (5.48)
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where λ is a scalar to control the weighting between surface– and image–
based landmarks, n(pr) is the surface’s normal vector and |·| results in a
vector with element–wise absolute values. The extraction of the surface
normal is performed by a method from Thürmer et al. [56] and is described
in Section 4.1. Non-maxima suppression is also applied on the surface ∂R
and results in ∂R′ ⊂ ∂R. The maxima estimation is also based on the
quality w(pr).

5.3.2 Closed-Form Approximation of
Control Point Positions

With the translation of at least one point in the region of influence around
each CP, shown in Figure 5.3, the CP positions can be calculated using
the method of Lee et al. [94]. The original approach is used for 2D image
reconstruction and deformation. As all dimensions are handled indepen-
dently, an adaption to 3D is easily possible. First, an individual CP
position is calculated for each image–based landmark p ∈ P ′ using its
displacement dR(p) and also for the surface–based landmarks p∂R ∈ ∂R′r
with displacement d∂R(p∂R). The inverse solutions from Equation 5.8,
which tends to minimize the deviation of the deformation [94] is

Φp(n = (nx, ny, nz)T ) = B(l,m, n)∑
o=0

∑
s=0

∑
t=0 B2(o, s, t)d(p), (5.49)

with B(l,m, n) = Bl(u)Bm(v)Bn(w), l = (nx+1)−bxc,m = (ny+1)−byc,
n = (nz + 1) − bzc, u = x

δx
−
⌊
x
δx

⌋
, v = y

δy
−
⌊
y
δy

⌋
and w = z

δz
−
⌊
z
δz

⌋
.

When minimizing the error between all the point individual CPs Φp(n)
and the finally estimated CPs Φ(n),

Φ(n) = 1∑
p B2(l,m, n)

∑
p

B2(l,m, n)Φp(n = (nx, ny, nz)T ) (5.50)

is the final CP position regarding all feature points in the region of influ-
ence. As discussed in the previous section, it is important to especially
extract the certain displacement direction of each landmark, while sup-
pressing the uncertain directions. This important step can be achieved
by extending this known method with a dimension-dependent weighting
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term w(p) = (wx(p), wy(p), wz(p))T . If it is included in the minimization
process the resulting CP positions are given by

Φ(n) =


1∑

p
B2(l,m,n)w2

x(p)
1∑

p
B2(l,m,n)w2

y(p)
1∑

p
B2(l,m,n)w2

z(p)

 ◦
∑
p

B2(l,m, n)w(p) ◦w(p) ◦Φp(n = (nx, ny, nz)T ), (5.51)

with the element–wise product ◦.

5.3.3 Results and Discussion

Similarly to the previous rigid registration, this method is applied using
a multi-scale approach, as described in Section 5.1.3.3 with S = 5 levels.
Trilinear interpolation, described in Section 5.1.2.2, was used to obtain the
deformed images. With a suppression radius of q = round( 2

s+1 ) voxels,
the number of landmarks can be significantly reduced from approximately
280·106 to 1.5·106 for the original image size. This number is still relatively
high compared to typical methods extracting prominent feature points.
The CP grid was chosen with a spacing of δx = δy = δz = 8. The presented
approach can be directly compared with the approach from Kroon [95],
because his implementation was used as the basis for the presented im-
plementation. Further existing non-rigid registration frameworks have a
very different focus. Additionally, as discussed in Section 5.1.4, a com-
parison is not meaningful and therefore not performed. The mediastinal
region (see Figure 2.2 on Page 8) is rarely subject of pleural thickenings
and difficult to align. So, instead of the complete surrounding of the lung
surface utilized in Section 5.2, only the region surrounding the lung sur-
face without the mediastinal region, shown in Figure 5.7d (see page 83),
is regarded.

For comparison purposes, the data of four different patients was chosen
and the results of the newly proposed approach are compared to the ref-
erence approach of Kroon [95], using SSD as an alignment measure. The
results for different quality measures are shown in Table 5.2. Also the run-
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1 0,97 0,99 0,99 0,41 0,16 0,25 0,66 0,28 0,44 1,94 0,38 0,51
2 0,87 0,98 0,96 0,22 0,08 0,14 0,25 0,06 0,09 0,94 0,09 0,24
3 0,96 0,45 0,99 0,89 12,58 0,30 0,84 6,89 0,42 2,97 8,44 0,51
4 0,95 0,99 0,99 0,79 0,17 0,32 0,66 0,23 0,40 2,65 0,34 0,75

Table 5.2: Comparison of the different methods using different alignment
measures (AM) for four patients. The best results are highlighted using
bold font.

time is of great importance to estimate the benefit of using a non-iterative
method. The approaches are compared using a standard computer (Core
i5 2.6GHz, 16GB RAM). While the reference approach, with iterative op-
timization, takes five to seven days per patient, the proposed approach
takes at maximum three and a half minute, utilizing the same underly-
ing implementation. Compared to the rigid registration, both non-rigid
methods increase the Jaccard index and reduce the SSD in all regions for
all patients, except for Patient 3. For this patient the newly presented
method improves all quality measures, while the iterative approach wors-
ens all measures. Similar to the problem of local maxima, discussed in
Section 5.2.4, a different optimization method might improve the stability.
However, the proposed method directly calculates the CP positions and
cannot run into this kind of instabilities. The measures of all other three
patients are slightly better for the iterative approach from Kroon [95].

The presented approach provides good results for the registration in the
regions surrounding the lung surface and also for the whole image. Its
alignment quality is comparable to the reference method with a much
higher computational expense. Of course, both implementations are not
highly optimized and by using e.g. the graphics processing unit (GPU)–
based or more efficient CPU–based parallelization strategies the computa-
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tion time could be certainly reduced. The significantly lower run time of
the newly presented approach allows an application in end-user software
for medical routine. A more comprehensive evaluation with 20 data sets
from 10 different patients, also covering the registration quality, is also
presented in the evaluation 5.4.3.2 of the following section.

5.4 Volume-Preserving
Registration Correction

A non-rigid registration, e.g. the one described in Section 5.3, typically
introduces regions with volume changes. On the one hand non-rigid regis-
trations are subject to deformations, which is a desired behavior. On the
other hand they might also suffer from volume changes which is not always
desired. These volume changes are exemplarily visualized by a color over-
lay in Figure 5.12c. In the case of breathing, the lung might be compressed
or expanded which should be compensated in a registration with the aim
to align the lung surfaces. Also in other scenarios, e.g. Hua et al. [98],
the measured growth itself can be used as a results or as an input for
subsequent steps. However, for the follow-up assessment of pleural thick-
enings it is essential that the registration does not change the volume of
the thickenings, as this falsifies the quantification of volume in subsequent
steps. Several processing steps are performed on the registered images. A
lot of complexity would be introduced in these steps, if they would have
to consider the volume change individually. Additionally, the physician
is always the decision maker, hence visualization of the processed data
is highly relevant. A visual comparison should explicitly represent the
thickening growth in the registered images and not virtually eliminate
the growth by deformation. Therefore, this section describes how volume
changes of the deformation field can be suppressed for all later process-
ing and visualization. An exemplary B-spline deformation is shown in
Figure 5.12c and results, if applying the correction from this section, in
the volume-preserving deformation shown in Figure 5.12d. In contrast
to standard approaches [74, 99, 100, 101] limited to energy minimization
problems, the presented method can introduce volume-preservation inde-
pendently of the previous estimation process for the CPs. A closed-form
solution to optimize the registration, with respect to the volume change
at a single point, is derived and then extend to multiple points. Parts of
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(a) Target image which should be
transformed.

(b) Reference image which represents
the desired alignment for the transfor-
mation.

(c) CPs are translated to describe im-
age deformation. The given deforma-
tion not only bends the rectangular,
but also increases its area.

(d) The CPs are only bending the
rectangular for alignment purposes,
but keep its original area.

Figure 5.12: An 2D image is transformed using B-splines. The object
which should be aligned is shown as rectangular or bended rectangular
and the CPs, describing the transformation, are shown as black dots.
Volume preservation for 3D images is identical to area preservation in the
2D case.

these sections have been published before in [13] and [14], but have been
enhanced and revised. In contrast to previous publications, the complete
derivation of the key equation is given in this thesis.

5.4.1 Single Point Correction

As introduced in Section 5.1.3.2, the determinant of the Jacobian matrix
of a deformation Tr at point p is a metric to measure its volume change.
For volume preservation its value has to be equal to one. Therefore, in
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this step
det(JTr(p)) = 1 (5.52)

is enforced. To calculate the Jacobian matrix the derivatives dBi(x)
dx of the

cubic B-spline are required, which can be determined analytically
dB0(x)
dx

= −t
2 + 2t− 1

2 ,

dB1(x)
dx

= 3t2 − 4t
2 ,

dB2(x)
dx

= −3t2 + 2t+ 1
2 ,

dB3(x)
dx

= t2

2 . (5.53)

For a shorter notation the offsets inside the B-spline grid, the vector
(u, v, w)T from Equation 5.8 is denoted as u and the CP indices (µ, ν, ξ)T
as the vector µ. Additionally, the three dimensional index vectors
o, s, t ∈W , with W = {(l,m, n)T : l,m, n ∈ N; 0 ≤ l,m, n ≤ 3}, to
address the B-spline basis functions from Equation 5.9 – 5.12, are used
for a more convenient notation. The combination of the three independent
B-splines for a derivative with respect to x, y and z are denoted by

B̂xo(u) = 1
δx

dBl(u)
du

Bm(v)Bn(w),

B̂yo(u) = 1
δy
Bl(u)dBm(v)

dv
Bn(w),

B̂zo(u) = 1
δz
Bl(u)Bm(v)dBn(w)

dw
, (5.54)

with o = (l,m, n)T . Using this notation, the Jacobian determinant can
be written as follows [101]

det(JTr(p)) =
∑
o∈W

∑
s∈W

∑
t∈W

co,s,t(u(p))φo+µ(p),x · φs+µ(p),y · φt+µ(p),z,

(5.55)
with the point individual CPs φp = (φp,x, φp,y, φp,z)T from Eq. 5.49 (see
page 92) and

co,s,t(u) = det

B̂xo(u) B̂xs (u) B̂xt (u)
B̂yo(u) B̂ys(u) B̂yt (u)
B̂zo(u) B̂zs(u) B̂zt (u)

 . (5.56)
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The volume change, measured by det(JTr(p)), is only eliminated for dis-
crete points of the image domain p ∈ P or segmented subsets R ⊂ P .
Only uniform grids are considered in this thesis. In this special case, val-
ues for all points co,s,t(u) can be precalculated. Then, the number of
possible values for co,s,t(u) is 43 ·43 ·43 ·δx ·δy ·δz. The three 43 terms are
all possible combinations of the vectors o, s, and t and δx · δy · δz is the
number of possible discrete image positions inside the CP grid. As this
number strongly depending on the grid spacing δx, δy and δz, these values
might be efficiently calculated for a small grid spacing but not for a large
grid spacing. A detailed derivation for a more efficient calculation is given
in Appendix A.2. Other approaches [74,99,100,101] typically use compu-
tational expensive gradient search to minimize an energy also depending
on the volume change. In this work a fast approximation algorithm to
determine CP positions directly, which eliminates the volume change, is
presented.

The CPs are corrected by the displacement dn = (dn,x, dn,y, dn,z)T ,
which results in the new CPs φ̃n = φn + dn. By inserting this into
Equation 5.52, with the assumption dn,x, dn,y, dn,z � φn,x, φn,y, φn,z,
the displacement with minimal length is given by

d′
n(p) ≈

hµ(p)(u(p)) · (θn,µ(p),x(u(p)), θn,µ(p),y(u(p)), θn,µ(p),z(u(p)))T∑
s∈W

(
θs,µ(p),x(u(p))

)2 +
(
θs,µ(p),y(u(p))

)2 +
(
θs,µ(p),z(u(p))

)2 ,
(5.57)

with

θo,µ,y(u) =
∑
s∈W

∑
t∈W

φs+µ,yφt+µ,zco,s,t(u),

θs,µ,y(u) =
∑
o∈W

∑
t∈W

φo+µ,xφt+µ,zco,s,t(u),

θt,µ,z(u) =
∑
o∈W

∑
s∈W

φo+µ,yφs+µ,zco,s,t(u), (5.58)

and

hµ(u) = 1−
∑
o∈W

∑
s∈W

∑
t∈W

co,s,t(u)φo+µ,xφs+µ,yφt+µ,z. (5.59)
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d′(p1)
d′(p2)

d′(p3)

d′
opt

0
Figure 5.13: Simplified visualization of solutions for volume preservation
for different points. Each of the 2D lines represents a hyperplane of volume
preserving solutions in the 192 dimensional space for the points p1, p2 and
p3. The normal is always the solution resulting in minimal displacement
of the CPs. The solutions d′(p1), d′(p2) and d′(p3) satisfy the volume
preserving constraint only for each point individually. There is no solution
satisfying the constraint for all points. From these solution d′(p1) is
superior regarding the overall summed squared error. The solution d′

opt is
the optimal solution regarding the summed squared error of all solutions.

The full derivation of this approximation, as well as an approach to reduce
the number of precomputed values co,s,t(u) is given in Appendix A.1.

5.4.2 Correction for multiple points

The correction for a single point p ∈ R is given by Equation 5.57. Gener-
ally, the volume-preservation should be enforced in multiple regions and
therefore for multiple points. Depending on the number |R| of these vol-
ume volume preserved points (VPPs) for the influenced CPs, as shown in
Figure 5.3 (see page 68), the problem can be under- or over-determined.
In the overdetermined case, as visualized for simplified case of two pa-
rameters in Figure 5.13, only a compromise can be found. In this section
two different approaches are discussed to find a solution. The first one is
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a heuristic method, which calculates all optimal solutions for each VPP
and selects the solution with the best preservation result for all VPPs.
The method would result in the displacements d′(p1) in Figure 5.13. The
second solution utilizes a system of linear equations to find the best com-
promise for all VPPs and would lead to solution d′

opt in Figure 5.13.

5.4.2.1 Heuristic Solution

The solutions d′(p) ∀p ∈ R are cross-checked by calculating the difference
of the Jacobian determinant for each point p′ using the solution of point p

e(p,p′) =
∥∥∥d′T (p′)θ(p)− h(p)

∥∥∥
2
, (5.60)

with h(p) given by Equation 5.59, while d′T (p′) and θ(p) contain the
values from Equation 5.57 and Equation 5.58 for all influenced CPs in
identical order. The solution d′(popt) minimizes the overall error

popt = arg

min
p∈R

∑
p′∈R

ap′ · e(p,p′)


 , (5.61)

whereby the weights ap represent the importance to preserve an individual
CP volume.

5.4.2.2 Error Minimizing Solution

The heuristic solution is computationally efficient, but there is no guaran-
tee, that the solution is a good compromise for all VPPs. In this section,
a compromise for all VPPs which is optimal regarding the approximation
is determined. Using Equation 5.57 the system of linear equations

Θ̃ · d̃ = g̃, (5.62)

with the matrix Θ̃ containing 3 ·64 = 192 values θxo,µ(u), θyo,µ(u), θzo,µ(u)
for each VPP p ∈ R. The vector d̃ contains the displacements dxn, dyn and
dzn for each CP from Equation 5.57, and the vector g̃ contains the value
g(u) for each VPP from Equation 5.58 in identical order. The row count

100



5.4. Volume-Preserving Registration Correction

of Θ̃ is identical to the number |R| of VPPs, while the column count is
determined by the number of CPs N = Nx ·Ny ·Nz.

This system of linear equations could be underdetermined and does not
yet keep the calculated displacements small. As a consequence, the ini-
tial registration is not preserved and the assumption dn,x, dn,y, dn,z �
φn,x, φn,y, φn,z is not fulfilled. Therefore equations minimizing the mag-
nitude of the displacements d̃ are added to the system. In matrix notation
this can be realized by appending a N×N identity matrix IN to Θ̃ and a
dedicated zero valued vector 0N with N entries to g̃. The variables Θ̃, IN
and g̃ are normalized with regards to their row count. A multiplicative
parameter λ is used to adjust the effect of volume-preservation

(
λ
|R| · Θ̃
1
N · IN

)
· d̃ =

(
g̃

0N

)
. (5.63)

Θ has typically large dimensions, but it is only sparsely filled. Each row
contains 192 values describing a 3D neighborhood in a 1D row. Similarly
to the heuristic approach from Section 5.4.2.1, a multiplicative factor ap
can be inserted in each row of Θ̃ to weight the different points. The
SuiteSparseQR [102] implementation is utilized to determine a linear least
squares solution for Equation 5.63 using parallelized algorithms.

5.4.2.3 Gradual Correction for Multiple Grid Cells

Image regions with a strong volume change, which spreads over multiple
grid cells, might result in contradicting demands for the correcting values
dn,x, dn,y and dn,z. In this scenario, the CPs are optimized sequentially
with an order determined by the sum of weights ap contained in each grid
cell. Each step reduces the degrees of freedom for the whole grid. For the
heuristic approach from Section 5.4.2.1, the elements of the vectors d and
θ(u) can be separated in fixed and free parameters. This choice depends
on whether the values of (dn,x, dn,y, dn,z) were already computed or not.
The elements of d are distributed to dfixed or dfree and the elements of
θ(u) to θfixed or θfree(u). Equation 5.61 is modified by considering the
already fixed correction values

dTfixed · θfixed(u) + dTfree · θfree(u) ≈ h(u) (5.64)
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and the remaining degrees of freedom d′
free(u) are calculated

d′
free(u) =

(
g(u)− dTfixed · θfixed

)
· θfree(u)

|θfree(u)|2
. (5.65)

The global system introduced in Section 5.4.2.2 contains multiple grid
cells. Although systems with sparse matrices can be solved very effi-
ciently, the dimensions of this system could be challenging in terms of
computational expense. To reduce the size of the equation system, the
number of considered VPP can be limited to a certain number Vmax and
subsystems can also be solved using the separation into fixed and free
parameters.

5.4.3 Results and Discussion

5.4.3.1 Artificial Scenario

For evaluation purposes an equidistant 32 × 32 × 32 grid with spacing
δx = δy = δz of 4 voxels is generated. Only the relative offset of a CPs to
its neighbors has influence on the resulting volume. A random translation
with a maximum length of 2 voxels is applied to each initial CP φ̂n for
each direction separately. This can results in complete volume elimination
for the chosen grid spacing of 4 voxels, but no cannot result in foldings.
Therefore, the random non-rigid transformation is given by

φ̃n = φ̂n + 2 · (rand[−1,1], rand[−1,1], rand[−1,1])T , (5.66)

where rand[−1,1] is a uniformly distributed random number between −1
and 1. In the range of the grid, N VPPs pi, ∀i = 1...N are randomly
chosen. At these points the volume change is eliminated by modifying
the CPs. The volume change at the observed points is measured by the
Jacobian determinant det(JTr) at different steps of the algorithm

• for the uncorrected registration,

• for the heuristic approach combining the individual grid cells and

• for the correction applied on each observed point individually.
102



5.4. Volume-Preserving Registration Correction

0

0,005
0,01

0,015
0,02

0,025

0,03
0,035

0,04

0,045

20
0

80
0

14
00

20
00

26
00

32
00

38
00

44
00

50
00

56
00

62
00

68
00

74
00

80
00

86
00

92
00

98
00

va
r(

de
t(

J)
)

no correction

heuristic correction

point individual
correction

Figure 5.14: Variance of volume change is reduced for an artificially
deformed CP grid.

On average, the volume change in the whole image is similar to one, be-
cause expansion and compression in different regions cancel out on aver-
age. To assess the differences in different regions, the variance of det(JTr)
is utilized. The resulting variances are shown in Figure 5.14 for different
numbers N of observed points. For the point individual correction, the
variance is reduced to a value close to zero. The variance is successfully
reduced by applying the heuristic approach from Section 5.4.2.1 to pre-
serve the volume of multiple points in multiple grid cells. However, the
variance increases with an increasing number of VPPs.

5.4.3.2 Lung Registration

In the introduced workflow, the volume change needs to be eliminated in
potential thickening regions. These regions of interest (ROIs) are small,
but consist of multiple points, where the volume needs to be preserved.
To give an idea of the desired results, an exemplary visualization of the
preservation is shown in Figure 5.15.
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0.00

0.30

|det(J
)−

1|

Figure 5.15: Example slice of a CT scan. The image intensity encodes
the original image intensity, while the color encodes the volume change
|det(JTr)− 1|. The left image shows the volume change after non-rigid de-
formation, without any correction. In the right image, thickening regions
(marked by orange ellipses), are influenced by the volume-preservation.
As a result, no volume changes are visible in these regions.

Beside the variance of the volume change, also the registration quality is
assessed before non-rigid registration, without volume preservation, and
with an overall preservation. The preservation is carried out by solving
the system of linear equations from Section 5.4.2.2 for all points simultane-
ously and also gradually by applying the method from Section 5.4.2.3. It
turned out that the heuristic solution does only work on scattered points
inside a grid cell, but does not reduce the volume change on connected re-
gions, such as the thickenings. Therefore, numerical results are omitted for
this approach. The evaluation was carried out for the registration of two
different points in time for ten patients. Results are given in Figure 5.16.
The variance of the Jaccard index is highest for no volume preservation
(red) and is completely eliminated for the overall solution (green). The
gradual methods (green, violet and light blue) have a smaller influence,
depending on the weight λ. For a volume-preserving weight of λ = 100,
the variance is the lowest for all patients. Regarding the computation
time, the overall solution (green) often increases the computation time
compared to the registration without volume preservation (dark blue).
Using the gradual approach (green, violet and light blue), computation
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time is comparable or lower compared to the registration without volume
preservation. The alignment quality, estimated by Jaccard index and SSD
in the lung surface surrounding, is improved by the non-rigid registration
using all methods.

Other approaches to preserve the volume in deformable registrations de-
fine penalty terms. These terms can only be integrated into an energy
minimization scheme during registration. In contrast, the presented ap-
proximation can be successfully applied on B-spline CP grids, independent
of the registration approach. The variance of volume change is reduced
by a factor of 100 on average. The heuristic method provides good re-
sults in artificial examples with scattered VPP only, whereas the idea
of gradually solving the problem can also be applied to the scenario of
connected regions. However, the subdivision reduces the effect of the
volume-preservation and higher weights have to be applied. Even with
the subdivision, the variance of volume change is reduced by a factor
of three on average. Lowest variance was found for λ = 100, while for
higher weights, the variance increases again. This is probably caused by
an over-fitting of independently solved sub-systems, which are artificially
regarded as independent, but influence each other in reality. While the
computation time increases for the overall optimization, the reduction of
computation time for the gradual method is striking. It could be explained
by better alignment at low-scale levels, which results in easier connection
of the landmarks at higher scale levels.
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5.5 Summary and Conclusion

This chapter is important to achieve the consistency between both points
in time prior to the further processing. The two unaligned data sets are
first rigidly and then non-rigidly aligned. A rigid alignment would be
sufficient to match the detected thickenings between both points in time,
as shown in the work by Chaisaowong [6]. Nevertheless, other processing
steps may benefit from information, accessible in images of both points in
time.

For this purpose a much more precise alignment is required which can
only be achieved with deformable registration. The proposed methods
take advantage of the fact that only the region surrounding the lung sur-
face is of interest. They achieve a more efficient calculation and higher
stability compared to standard approaches. As deformable registrations
might eliminate changes in the assessed thickenings, volume-preservation
is absolutely inevitable to preserve potential growth for further process-
ing. Volume change in thickenings regions is significantly reduced by the
new approach. Additionally, it is independent of the previous method to
estimate the deformation, in contrast to other approaches.
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Chapter 6

Fully Automatic
Segmentation of Pleural
Thickenings

The available image resolution is relatively low compared to the thickening
size. As a result they have a typical thickness of just a couple of voxels.
Hence, small changes in the images, caused by image noise or pose changes
of the patient, might have a strong influence on the segmentation, as
discussed in Section 2.2.2.4. This in turn might lead to significant changes
in the growth estimation [103]. Available approaches [6, 36, 37, 39, 41,
42, 43] do not cover follow-up assessment at all or they just hope for
comparable segmentation outputs at both points in time, without taking
precautionary measures to guarantee consistency.

In this chapter new methods for consistent volumetric assessment of the
pleural thickenings at both points in time are presented. A thickening
surface consists of two separable parts: the part facing the lung tissue,
hereinafter referred to as front, and the part facing the lung surround-
ing tissue, hereinafter referred to as back. These two different parts are
also shown in Figure 2.9 (see page 17). With both parts of the thick-
ening surface, only independent volumetric assessment at each point in
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time is possible. In contrast, with the knowledge of surfaces, consistently
estimated at both points in time, a growth assessment is feasible as well.

6.1 Interpolation of the Healthy Pleura

The pleura shape cannot be easily extracted from the image data, as the
tissue attenuation of thickenings and surrounding tissue strongly overlaps
and the pleura is not observable in thickening areas, as discussed in Sec-
tion 2.2.2.2. However, the pleura areas subject to thickenings are known
from the localization, presented in Chapter 4, and also the surrounding
healthy pleura shape is known. So the missing pleural shape can be in-
terpolated in exactly the regions which are subject to thickenings. An
interpolation method based on radial basis functions (RBFs) is first pre-
sented and then applied for a single point in time and finally applied
consistently for two points in time.

After registration, the surfaces are represented by scattered data points of
a non-uniform grid and scattered data interpolation methods are required.
The interpolation of medical surfaces using RBFs is a known approach and
has been used to e.g., interpolate holes in bone structures [104]. Often it is
used for implicit surface descriptions [105] or the reconstruction of sampled
surfaces [106]. The RBFs are “most elegant schemes from a mathematical
point of view, and they often work very well” [107] compared to other
scattered interpolation approaches. The stability is an important aspect
because the topology, spatial extend, and number of points might strongly
vary for different thickening regions. Also, the mathematical elegance is
quite important, as it allows to link both points in time without modifying
the underlying optimization schema.

6.1.1 Radial Basis Function Interpolation

When a number of points ∂Rk = {pk,1, · · · ,pk,|∂Rk|} are mapped to
known function values {zk,1, · · · , zk,|∂Rk|}, zk, pk 7→ zk, function values
zu of unknown points pu ∈ ∂Ru can be interpolated if the model behind
the mapping can be determined. Usually this model is not known, but
can be approximated by models with similar properties. In the case of the
lung surface, the possibility to derive a global model which still leads to
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Function Name
Φ(r) = r biharmonic spline
Φ(r) =

√
r2 + ζ2 multiquadratic

Φ(r) = r2 log(r + ζ) thin plate spline (TPS) or logarithmic
Φ(r) = exp−(ζr)2 Gaussian

Table 6.1: Selection of radially symmetric functions, with optional shape
parameter ζ.

acceptable local precision is, because of the strong inter-patient variabil-
ity, doubtful. However, the surrounding of each point is mostly smooth
and therefore local models describing each point by its surrounding are
appropriate. A typical model is the RBF interpolation, which approxi-
mates a function f by a sum of radially symmetric functions Φ, around
center points pc ∈ ∂Rc by

f(p) =
∑

pc∈∂Rc

λ(pc)Φ (‖p− pc‖), (6.1)

for any point p, where λ(pc) is a center point individual weighting term.
The radially symmetric functions might only have a local influence, but
also global functions can be used. Typical functions are given in Table 6.1.

The RBFs are primarily useful to interpolate the local shape, whereas
the global shape is typically interpolated by adding a polynomial part to
the model [108]. In the case of a 2D point p the resulting interpolation
function for a polynomial of order two is

f
(
p = (x, y)T

)
=K0 +Kxx+Kyy +Kxxx

2 +Kyyy
2 +Kxyxy+∑

pc∈∂Rc

λ(pc)Φ (‖p− pc‖), (6.2)

where K0, Kx, Ky, Kxx, Kyy and Kxy are coefficients to describe the
global shape.

To determine the weights λ(pc) and the polynomial coefficients, the points
∂Rk = {pk,1, · · · ,pk,|∂Rk|} with known function values {zk,1, · · · , zk,|∂Rk|}
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can be used to formulate a system of linear equations, using all known
points as center points for the RBFs

[
RBF poly
polyT 0

]
·

λk
0

 =
(
z
0

)
, (6.3)

with

RBF =

Φ(||pk,1 − pk,1||) · · · Φ(||pk,1 − pk,N ||)
... . . . ...

Φ(||pk,N − pk,1||) · · · Φ(||pk,N − pk,N ||)

 , (6.4)

poly =

1 xk,1 yk,1 x2
k,1 y2

k,1 xk,1 · yk,1
...

...
...

1 xk,N yk,N x2
k,N y2

k,N xk,N · yk,N

 , (6.5)

λ =

λ(pk,1)
...

λ(pk,N )

 , z =

 zk,1
...

zk,N

 , k =


K0
Kx

Ky

Kxx

Kyy

Kxy

. (6.6)

0 is always a vector or matrix of matching size with all entries equal
to zero. To prevent the system from being underdetermined because of
the additional polynomial component poly, the constraints polyT are in-
cluded. Additionally, this term restricts the RBF to reproduce only the
local shape, while the global shape is reproduced solely by the polyno-
mial [108].

6.2 Interpolation at Single Points in Time

As seen in the previous section, the RBF interpolation is, in its basic form,
only a functional mapping to real numbers in 1D. RBF–based methods,
describing implicit surfaces [106, 109] are capable to describe surfaces in
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6.2. Interpolation at Single Points in Time

Rn, but require an additional iso-surface extraction to determine the ex-
plicit surface. They are primarily used to reconstruct 3D objects from
sampled data. For an interpolation of the pleura, the surface part influ-
enced by a thickening is treated as the set of unknown points ∂Ru and
the surrounding healthy pleura shape as the set of known points ∂Rk.
Interpolating the pleura surface in limited regions can be reduced to a
R2 → R mapping. For this purpose, the region with a set of known points
is rotated so that their surface can be described by a value z, depending
on the surface positions p = (x, y)T hereinafter referred to as a heightfield.
A possible rotation to obtain such a heightfield can be determined from
the average surface normal of the pleura surface in this region. There-
fore, surface normals from the discrete surface are approximated using
the method from Thürmer and Wütherich [56] and an average surface
normal (nx, ny, nz)T is determined for the known points ∂Rk. The angle
of rotation around the z-axis is determined by

α = atan2(nx, ny) (6.7)

and for rotation around the x-axis by

β = atan2
(√

n2
x + n2

y, nz

)
, (6.8)

with

atan2(y, x) = 2 · arctan
(√

x2 + y2 − x
y

)
, (6.9)

which is the two arguments version of the arctangent. It is possible to re-
turn the appropriate quadrant of the computed angle unlike the standard
arctangent. The final rotation

Tr =

cos(α) − sin(α) 0
sin(α) cos(α) 0

0 0 1

1 0 0
0 cos(β) − sin(β)
0 sin(β) cos(β)

 (6.10)

is applied to all points ∂Rk.
An exemplary heightfield representation for a 3D surface region is shown
in Figure 6.1. The set of known points ∂Rk is used to estimate the unique
solution of Equation 6.3. With this solution all unknown surface points
pu ∈ ∂Ru can be determined, applying Equation 6.1.
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(a) Lung surface in blue,
and regions with located
thickenings in red.

(b) Heightfield representation of thickening region,
where the function value z only depends on the sur-
face position p = (x, y)T . This region is marked by a
yellow circle in Figure 6.1a.

Figure 6.1: 3D and 2D representation of thickening region.

6.3 Interpolation at Two Points in Time

In the previous section, the RBF interpolation was discussed to determine
the position of the healthy lung surface in a thickening region. Of course,
the original position is not known; therefore an interpolation is only an
assumption. This assumption can be incorrect which is critical because
the estimated volume growth of the thickenings is strongly influenced by
the estimated healthy lung surface. In some scenarios, two very differ-
ent interpolations might be estimated at both points in time, which is
illustrated in Figures 6.2a - 6.2d. If the interpolations at both points in
time are linked, as described in this section, interpolations as illustrated
in Figures 6.2e - 6.2f can be achieved.

With a precise registration, the surface positions at both points in time
are similar, but not necessarily identical. As shown in Figure 6.2e, a
simple copy of the interpolations from one point in time is not possible.
So the methods presented in this section introduce consistency in the
interpolation process. Joining the reference and target point in time in a
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(a) Healthy lung surface (green line),
with thickening (red line) at first point
in time.

(b) Slightly different pose of lung sur-
face (green line), compared to the one in
Figure 6.2a, with grown thickening (red
line) at second point in time.

(c) Healthy pleura beneath thickening is
not observable in image data. Shape of
healthy pleura (dotted green line) at first
point in time is presumed from surround-
ing known shape.

(d) Due to the thickening growth, the
presumed shape of healthy pleura (dot-
ted green line) at the second point in
time, is significantly different from pre-
sumed shape in Figure 6.2c.

(e) Even with a non-rigid registration,
the pleura surfaces (green lines) from the
first and second point in time are not
necessarily identical in the overlapping
region (orange circles).

(f) Presumed shape of healthy pleuras
(dotted green lines) at both points in
time are similar, when introducing con-
sistency in between both points in time.

Figure 6.2: Interpolated healthy lung surface in thickening region at
different points in time.

single system of linear equations, as introduced in Equation 6.3, leads to
RBFr 0 polyr 0

0 RBFt 0 polyt
polyTr 0 0 0

0 polyTt 0 0
w · connRBF w · connpoly

 ·

λr
λt
kr
kt
0

 =

zr
zt
0

 , (6.11)

where RBFt, polyr, RBFt and polyt are identical to the terms from
Equation 6.3 for both points in time. The matrices

connRBF =
[
conn’RBF,r −conn’RBF,t

]
, (6.12)

connpoly =
[
conn’poly,r −conn’poly,t,

]
(6.13)
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are terms to connect both interpolation problems with the weighting w.
In this work two different methods to connect the interpolation problems
are examined:

• relative connection and

• absolute connection.

The system of linear equations is now overdetermined. So, solving Equa-
tion 6.11 with a least squares approach results in a compromise of optimal
independent RBF interpolation for both points in time and identical in-
terpolation at both points in time. The compromise is balanced by the
parameter w.

6.3.1 Relative Connection

The idea behind the relative connection is that both interpolations should
not be identical but should have the same shape. For the relative connec-
tion, the gradient of Equation 6.2

∇f
(
p = (x, y)T

)
=
(
Kx + 2Kxxx+Kxyy
Ky + 2Kyyy +Kxyx

)
+∑

pc∈∂Rc

λ(pc)∇Φ (p,pc), (6.14)

is kept similar at both points in time, with the gradient of the RBFs
∇Φ(r) =

(
∂Φ(r)
∂x , ∂Φ(r)

∂y

)T
given in Table 6.2. For this purpose a set

∂R′u ⊂ ∂Ru of constrained points is placed inside the interpolated re-
gion ∂Ru. At these points, the gradient is kept similar for both points in
time by

min
λr,λt,kr,kt

‖∇fr (pu)−∇ft (pu)‖. (6.15)
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Function Name of
corresponding RBF

∇Φ(p,pc) = 1
r

(
x− xc
y − yc

)
biharmonic spline

∇Φ(p,pc) = 1√
r2+ζ2

(
x− xc
y − yc

)
multiquadratic

∇Φ(p,pc) = r
r+ζ + 2 log(r + c)

(
x− xc
y − yc

)
TPS or logarithmic

∇Φ(p,pc) = −2ζ2 exp−(ζr)2
(
x− xc
y − yc

)
Gaussian

Table 6.2: Gradients of radially symmetric functions from Table 6.1,
with optional shape parameter ζ and r = ‖p− pc‖.

Thereby, the connecting matrices for Equation 6.13 are

conn’RBF,t =



∂Φ(||pu,1−pt,k,1||)
∂x · · · ∂Φ(||pu,1−pt,k,N ||)

∂x
... . . . ...

∂Φ(||pu,M−pt,k,1||)
∂x · · · ∂Φ(||pu,M−pt,k,N ||)

∂x
∂Φ(||pu,1−pt,k,1||)

∂y · · · ∂Φ(||pu,1−pt,k,N ||)
∂y

... . . . ...
∂Φ(||pu,M−pt,k,1||)

∂y · · · ∂Φ(||pu,M−pt,k,N ||)
∂y


(6.16)

and

conn’poly,t =



0 1 0 2xu,1 0 yu,1
...

...
...

0 1 0 2xu,M 0 yu,M
0 0 1 0 2yu,1 xu,1
...

...
...

0 0 1 0 2yu,M xu,M


. (6.17)

6.3.2 Absolute Connection

In the case of absolute connection the absolute positions of the points
pu ∈ ∂R

′
u themselves are kept similar and not their gradients. Connecting
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the absolute positions is contradicting with the fact that the registration
is not necessarily perfect, which might lead to slightly different positions
of the lung surface at both points in time, shown in Figure 6.2e. But the
rows polyT added in Equation 6.3 result in a separation of the polynomial
part and the RBFs [108] and therefore in a separation of surface position
and morphology. So, if only the RBF parts

f ′
(
pu = (xu, yu)T

)
=

∑
pc∈∂Rc

λ(pc)Φ (‖pu − pc‖), (6.18)

are connected the morphology is kept similar while the surface position,
described by the polynomial, is still independent for both points in time.
For the resulting equation

min
λr,λt

‖f ′r (pu)− f ′t (pu)‖. (6.19)

the connection matrices for Equation 6.13 are given by

conn’RBF,t =

 Φ(||pu,1 − pt,k,1||) · · · Φ(||pu,1 − pt,k,N ||)
... . . . ...

Φ(||pu,M − pt,k,1||) · · · Φ(||pu,M − pt,k,N ||)

 (6.20)

and
conn’poly,t = 0. (6.21)

6.3.3 Results and Discussion

The interpolation is evaluated on 44 different healthy surface regions of
16 different patients. For healthy lung surface regions, the ground truth
is known and can be evaluated. As for real thickening regions, the ac-
tual lung surface is ignored during interpolation as shown in Figure 6.1b.
The different RBFs from Table 6.1 have been evaluated in a preliminary
study [110] and did not show significant differences. For the case of lung
surfaces, the biharmonic spline has a slightly superior performance and
was evaluated in detail to estimate the known surrounding surface. The
diameter of these regions varies between 14 and 40 mm. Some exemplary
regions are shown in Figure 6.3. The set of center points ∂Rc ⊂ ∂Rk
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6.3. Interpolation at Two Points in Time

Figure 6.3: Example regions which are interpolated using RBFs.

was chosen as a subset of 3000 randomly sampled points of all known
points ∂Rk. The second point in time is simulated by the same surface,
with 14mm increased diameter of the unknown region. The weighting was
chosen as w = 500 for relative connection, and w = 20 for the absolute
connection. Figure 6.4 shows an evaluation comparing the error (red) for
absolute and relative connection, as well as the temporal difference (blue).
While the error gives the average difference of interpolation and ground
truth, the temporal difference is the average difference between the in-
terpolations at both points in time. Additionally, the effect of imperfect
alignment is evaluated, by adding a random offset in the range of [−1, 1]
in each dimension to the surface, which is in a typical range for the resid-
ual error of non-rigid registrations. Variance in between the 44 regions
is given by the error bars. Each of the three groups of bars show the
measurements for different connection types using first and second order
polynomials, with and without simulated offset. The first group repre-
sents the results of an interpolation without connection, the second group
with relative connection, and the third group with absolute connection.

The unconnected interpolation achieves good interpolation of the pleura
surface, with average errors smaller than 0.5mm, which is less than a
voxel in all directions. As expected, offsets of the surface have no influ-
ence on the interpolation, which can be seen on the resulting identical
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Figure 6.4: Error for the interpolation, comparing the similarity of both
interpolations and comparing the interpolation with the reference surface.

distances. Interestingly, also the degree of the polynomial part does not
have a strong influence on the interpolation results which indicates that
shape morphologies, described by the second order part of the polynomial,
could also be well reproduced by the RBFs.

For the relative connection, polynomials of degree two work better re-
garding the temporal difference. Especially, when the surfaces are not
properly aligned, the variant with first order polynomial fails and results
in a higher error of the interpolation itself. In the other scenarios of rel-
ative connection, the error is constant, while the temporal difference is
decreased.

In the case of absolute connection, only polynomials with degree of one in-
crease the consistency between both points in time. The error is constant
for all scenarios.
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6.4. Consistent Localization of Thickening Front

Weighting factors for absolute (w = 20) and relative connection (w = 500)
have to be chosen very differently, as they represent different relations of
the connection part and the interpolation part of the equation system.

In Summary, RBF–based interpolation can reproduce the pleura shape
with high accuracy. The introduced connection successfully increases the
consistency between both points in time, without increasing the interpo-
lation error. With these consistent interpolations, thickenings between
both points in time can be compared more reliably and potential thick-
ening growth can be estimated more precisely.

6.4 Consistent Localization of
Thickening Front

For a single point in time, the localization of the thickening front fac-
ing the lung tissue can be achieved by an intensity–based segmentation
of the thickening tissue. Image noise and partial volume effect (PVE)
might result in wrongly segmented voxels at the surface. Due to the low
resolution compared to size of the thickenings, varying segmentation has
a strong influence on the estimated thickening size. Different strategies,
like supersampling [111], mathematical compensation [112] and histogram
analysis without previous segmentation [113] have been discussed to esti-
mate the correct volume of small objects in computed tomography (CT)
data [114]. However, these methods show drawbacks regarding the re-
producibility in the segmentation process, thus the method presented in
Section 6.4.1 combines a binary segmentation with statistical estimation
to determine the partial volume (PV).

Still, the independent processing of both points in time might result in
inconsistent segmentations. This is addressed by a new approach which
transfers the segmentation from one point in time to the other by utilizing
the non-rigid registration from Chapter 5.

Because of the sub-voxel accurate PV, a thickening cannot be described
in the discrete voxel space anymore and a continuous surface represen-
tation is required. Classical and commonly used algorithms to convert
binary segmentations into surface meshes are Marching Cubes [115], Sur-
faceNets [116] or more modern approaches such as convex hull based [117]
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or quad mesh based [118] approaches. They produce smooth meshes for
visualization, but do not consider the segmentation confidence and can-
not guarantee an exact estimated volume. These issues are addressed
by the method presented in Section 6.4.2 and its extension derived in
Section 6.4.3. Finally in Section 6.4.5, different methods to transfer this
smooth surface from the coordinate system of the reference image gr to
the coordinate system of the target image gt are discussed.

Parts of this section have been previously published in [15] and [18]. The
additional derivations in Appendix B.1 and Appendix B.2 have only been
sketched in previous publications. Also a more comprehensive evaluation
with 28 thickenings has been included in this thesis.

6.4.1 Partial Volume Estimation

The digital image is defined on the discrete grid P . For each grid position
p ∈ P the attenuation value in Hounsfield-units g(p) is available. The
set of grid positions covered by the thickening segmentation is denoted by
R ⊂ P . Because of the limited image resolution, voxels surrounding the
thickening boundary might contain mixtures from intensities of both lung
tissue and thickening tissue which is discussed in detail in Section 2.2.2.2
(see page 16). Based on an idea proposed by Kuhnigk et al. [114] the PV
belonging to the thickening is calculated in a regionRPV, which surrounds
the discrete segmentation surface ∂R. This region RPV is the difference
of a dilated version Rdilated and eroded version Reroded of the original
thickening mask R, facing the lung tissue. A sphere with radius of two
voxels is chosen as structuring element for both morphological operations.
In contrast to calculating the volume based on the average attenuation of
the tissue types [114], the statistically expected volume is calculated in
this work. The method considers the known attenuation distribution for
the different tissue classes. It is assumed that the PV included in each
voxel p is statistically independent from its neighbors’ PV. The expected
volume for a single voxel is given by

E[V |G = g(p)] =
∑

s∈{0,1}

V (s) · P (S = s|G = g(p)), (6.22)
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with

V (s) =
{

0 s = 0
Vvoxel s = 1

. (6.23)

The variable s represents the states of the random variable S. It is equal
to one if the voxel belongs to the thickening and zero if not. The total
expected volume of a thickening is therefore

VPV =
∑

p∈RPV

E[V |G = g(p)] + V (1) |Reroded| . (6.24)

The conditional probability distribution is P (S|G) = P (S∩G)
P (G) , where

P (G ∩ S) and P (G) are extracted from manual reference segmentations
of pleural thickenings and lung tissue.

6.4.2 Surface Extraction

An initial triangular mesh is extracted from the binary segmentation using
the cuberille method [119], with faces located at discrete voxel boundaries.
A segmentation confidence for each vertex i of the mesh is determined
by the average intensity difference of the voxels plung(f), pthickening(f),
separated by the connected face f ∈ F conn(i)

λ̃(i) = 1
|F conn(i)|

∑
d(f)∈F conn

g(pthickening(f))− g(plung(f)), (6.25)

with F conn(i) being the set of all faces connected to the vertex i. Its
absolute value in the range

[
λ̃low, λ̃high

]
is linearly mapped to the further

utilized confidence

λ(i) =


0,

∣∣λ̃(i)
∣∣< λ̃low

1
λ̃high−λ̃low

(
∣∣λ̃(i)

∣∣− λ̃low), λ̃low <
∣∣λ̃(i)

∣∣< λ̃high

1, λ̃high<
∣∣λ̃(i)

∣∣ . (6.26)

Manual corrections of the binary segmentation by a medical expert can
be considered e.g. by setting the confidence of affected vertices to 1. In
the subsequent process, strong displacements are therefore only allowed
for surface regions not clearly evident from the image data or proven by
medical experts.

123



Chapter 6. Fully Automatic Segmentation of Pleural Thickenings

6.4.3 Segmentation Refinement

For the segmentation refinement, the approach proposed by Liu et al. [120]
which iteratively smooths patches of the mesh and guarantees local volume
preservation is extended. Each patch B(g) is defined by an edge g =
(i, j)T , comprising the vertices i and j, and the surrounding neighbor
vertices N(i)

⋃
N(j), where N(i) is the set of all 1st order neighbors of

a vertex i. Figure 6.5 shows an exemplary part of a mesh, which defines a
single patch. Beside the volume preservation in [120], the here presented
modified approach also takes the segmentation confidence and estimated
partial volume into account.

The main idea is to maximize the smoothness of each patch, which is
described using the umbrella operator [121], defined on a single patch
B(g),

L(m, g) = 1∣∣Ñ(m, g)
∣∣ ∑
n∈Ñ(m,g)

(p(n)− p(m)) (6.27)

= ωm,mp(m) +
∑

n∈Ñ(m,g)

ωm,np(m), (6.28)

where Ñ(m, g) ⊆ B(g) are the neighbors of vertex m inside the patch
B(g). A solution can be found analytically [120] for each patch and forces
the vertex positions p0(m) to new positions p1(m). In the next step, each
edge g is corrected by a vector w(g), to exactly preserve the volume,
while keeping the patch smooth. The final vertex positions are given by
P 2(g) = P 1(g) + [w(g) w(g)], where P τ (g) = [pτ (i) pτ (j)], τ ∈ {0, 1, 2}
are the vertex positions for the different steps of the algorithm. The

ji g

Figure 6.5: Patch B(g), defined by all neighboring vertices of the edge
g = (i, j).
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extended expression results in the minimization problem

min
{1

2
∥∥K̃(g)wT (g)− Q̃(g)

∥∥2

+ 1
2λ(i)

∥∥p1(i) +w(g)− p0(i)
∥∥2

+ 1
2λ(j)

∥∥p1(j) +w(g)− p0(j)
∥∥2},

subject to nT (g)w(g) = Ω(P 0(g))− Ω(P 1(g)) + Ω̃(g). (6.29)

The first term is identical to the formulation of Liu et al. [120]. The two
additional terms minimize the difference between the initial and refined
vertex positions, depending on the confidence λ(i). As described by Liu
et al. [120], the matrix K̃(g) = ki + kj is defined by the column vec-
tors ki and kj , containing the entries kν,b = ων,b,∀ν ∈ {i, j}, b ∈ B(g),
Q̃(g) =

(
Q(g)− [ki kj ]P 2T (g)

)
. The matrix Q(g) is defined by

Qg,b =
(
ωb,ip

0
i
T + ωb,jp

0
j
T − L(b, g)

)
, ∀b ∈ B(g). The vector n(g) sepa-

rates the induced volume change in the current patch multiplicative from
w(g). More detail about the definitions can be found in the paper of Liu
et al. [120].
The constraint is defined by the volume function Ω(P (g)) which deter-
mines the volume, each patch is contributing to the whole mesh volume.

Ω(P (g) = [p(i) p(j)]) =
1
6
(
n̄Ti,jp(i) + n̄Tj,ip(j) + (p(i)× ñ(g))Tp(j)

)
(6.30)

with

n̄ν,µ =
∑

∀(v, w)T ∈ Gν∧
v 6= µ ∧ w 6= µ

(p0(v)× p0(w)), (6.31)

ñg =
∑

∀(v, w)T ∈ Gj∧
v = i

p0(v)−
∑

∀(v, w)T ∈ Gj∧
w = i

p0(w), (6.32)

where Gν is the set of all directed edges of faces containing ν but not
edges directly containing ν. This comprises all edges surrounding the
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edge g in any order. The definitions of n̄ν,µ and ñg differ slightly from the
original ones [120], as complex mesh structures do not necessarily define
patch geometries as shown in Figure 6.5. The new definition comprises
these cases and can be used for any mesh configuration to calculate n(g).
Additionally, the estimated PV Ω̃(g) per patch is included.
The analytic solution of Problem 6.29 has a similar structure as the basic
problem [120], but with additional terms for λ and Ω, yielding

w(g) = 1
α

(
Q̃
T (g)K̃(g)− λ(g)− βn(g)

)
, (6.33)

α = K̃
T (g)K̃(g) + λ(i) + λ(j), (6.34)

β = 1
‖n(g)‖2

(
nT (g)

(
Q̃
T (g)K̃(g)− λ(g)

)
−α

(
Ω(P 0)− Ω(P 1) + 6 · Ω̃(g)

))
, (6.35)

where λ(g) = λ(i)(p1(i)−p0(i)) +λ(j)(p1(j)−p0(j)). A detailed deriva-
tion can be found in Appendix B.1. The new formulation allows ac-
counting for the segmentation confidence and creating a mesh with the
correct volume including potential changes from the PVE calculated in
Section 6.4.1. An optimal distribution of the PV Ω̃(g) is described in the
following section.

6.4.4 Initial Partial Volume Distribution

For a simple distribution of the PV VPV, as derived in Section 6.4.1, it
can be divided by the number of patches |G| to obtain additional local
patch volume Ω(g) = ΩP V

|G| , where ΩPV = 6 · VPV − Vvoxel · |R| and |R| is
the number of segmented voxels. The factor of 6 is caused by the different
definition [120] of the volume function Ω(P ) in Equation 6.30.
More appropriate is the distribution of the PV while optimizing the sum
of the energy E2(g) for all patches

min
Ωg∀g∈G

∑
g∈G

E2(g)

 ,

subject to
∑
g∈G

Ω(g) = ΩPV . (6.36)
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This constrained optimization problem can be solved analytically using
the Lagrange multiplier method which is described in Appendix B.2. The
resulting distributed volume per patch B(g) is given by

Ω(g) = b̃(g) (η(g)− c(g)) , (6.37)

with

η(g) =

∑
g∈G

b̃(g)

−1ΩPV +
∑
g∈G

b̃(g)c(g)

 ,

c(g) =
3∑
l=1

∑
κ

al,κ(g)bl,κ(g),

b̃(g) =
( 3∑
l=1

∑
κ

b2
l,κ(g)

)−1

,

a1(g) = w̄(g)K̃T (g)− Q̃T (g), b1(g) = 6n(g)K̃T (g)
‖n(g)‖2

, (6.38)

a2(g) = λ(i)
(
pd(i) + w̄(g)

)
, b2(g) = 6 λ(i)

‖n(g)‖2
n(g), (6.39)

a3(g) = λ(j)
(
pd(j) + w̄(g)

)
, b3(g) = 6 λ(j)

‖n(g)‖2
n(g), (6.40)

where pd(i) = p1(i) − p0(i) and κ represents the element index inside a
vector. The term w̄(g) is given by w(g) without the term 6 · Ω(g). The
volume distribution Ω(g) considers volume constraint, smoothness and
shape. Theoretically, this procedure has to be repeated after modifying a
single patch. Practically, an initial volume distribution, before modifying
the mesh, is sufficient.

6.4.5 Segmentation transfer

The refined mesh from Section 6.4.3, extracted at one point in time, is
placed in the registered image of the other point in time and the changes
are tracked. Since the mesh extraction is more reliable for larger volumes,
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the transfer is performed backwards from the possibly larger thickening
in the image gr of the second point in time to the image gt at the first
point in time. The transfer is realized by matching the 3D edges, located
in the proximity of each vertex i from both points in time. Because of
possible vessels in the lung tissue or calcifications in the thickening tissue,
the definition of a global edge model with fixed intensity distributions
might lead to local segmentation errors. Reliable information about the
surface displacement can only be extracted in normal direction. There-
fore, a matching of the mesh along a search ray in normal direction n(i)
at each vertex i (onwards referred to as ray i) is performed. The normals
are calculated from the faces, as proposed by [56]. To reduce the influence
of image noise, the interpolation at the non-discrete search ray positions
should utilize a smoothing filter. A preservation of the edge information
can be achieved during smoothing by an anisotropic filter kernel, smooth-
ing mainly along the surface. The suggested interpolation of the values
applying a Gaussian kernel is shown in Figure 6.6a.
The interpolation of each single vertex, using different kernels, is compu-
tationally expensive. Therefore, the following approximation is utilized:
For each search ray i the covariance matrix Σ(i) of a Gaussian kernel
is constructed by a set of orthogonal vectors n(i),ur1(i),ur2(i) and the
corresponding eigenvalues σn(i) and σr1(i) = σr1(i) = σr(i). The eigen-
values are chosen as σn(i) < σr(i), to strongly smooth along the surface
and restrainedly smooth orthogonally to it. The vectors ur1(i) and ur2(i)
are ambiguous, while n(i) is given as the surface normal. The smoothing
is applied in the frequency spectrum.
To reduce the number of filtering operations, only a limited number of
orientations is used. These orientations are chosen by 66 unit vectors
with equidistant angles, as shown in Figure 6.6b. Considering symmetries
only 41 vectors vf , f = 0...40 have to be considered. The resulting filters
are applied on the images gt, resulting in the filtered images gt,f. For the
normal n(i) of each ray i the best matching filter fbest(i) is chosen, by

fbest(i) = arg
{

max
f∈{0...40}

∣∣vTf · n(i)
∣∣} . (6.41)

The edge positions p2(i) in the target image gr are determined as de-
scribed in Section 6.4.3, while the edges in the target image have to be
128



6.4. Consistent Localization of Thickening Front

(a) Interpolation of the search rays,
in direction of surface normals, with
anisotropic smoothing.

(b) Available interpolation orientations
to approximate the optimal interpolation
kernel.

Figure 6.6: Anisotropic Gaussian filter kernels, visualized by orange
spheroids, are used to interpolate image values. Source: Faltin et al. [15]

estimated accordingly, as described in this paragraph. In the reference
image gr, a 1D signal with size F is extracted along the search ray by
using the selected interpolation kernel. For the target image gt, the exact
edge position is not known but assumed in a range given by the offsets
S, which leads to an extracted signal of size F + |S| in direction of the
search ray. The precise matching of the regions of interest (ROIs) is car-
ried out by phase correlation within the fitting windows of size F. If the
rays are strongly misaligned, the non-overlapping parts introduce noise in
the phase correlation [122]. To avoid this, the matching is initialized by
a simple 1D registration based on sum of absolute differences (SAD).

Phase correlation based methods can be used for registration with sub-
voxel precision. While the method of Ojansivu and Heikkilä [123] is ap-
plicable on signals which are affected by different but symmetric blurring,
it is limited to an adjustable discrete sub-voxel precision. The method of
Foroosh et al. [122] is not limited to discrete precision, but is theoretically
only applicable on signals affected by identical blurring. As the PVE and
possible motion artifacts may result in different and unsymmetrical blur-
ring at different points in time, the preconditions for both methods are
only satisfied approximately. However, the results will reveal that they
can still be applied to enhance the matching quality.
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6.5 Evaluation

Evaluating the presented method for real growth of thickenings is not eas-
ily possible, as the manual diagnosis is subject to intra- and inter-reader
variability [4]. Therefore, the presented method is evaluated on real im-
ages, but by generating artificial growth, i.e. by artificially shrinking
thickenings from the second point in time. For this purpose, a B-spline
based deformation as described in Section 5.1.1.2, with a very dense con-
trol point (CP) grid δx = δy = δz = 1, is applied. Only the thickening
front, facing the lung tissue, should be modified by the simulated growth.
Hence, only CPs not influencing the image region outside the healthy lung
model are moved into the direction of the thickening center. The direction
is randomly distorted by an angle of up to ±45◦ and the length is ran-
domly chosen between 0 and 4 voxels. To account for attenuation changes,
simplex noise [124], which creates natural noisy textures, is scaled to a
range of [−η, η] and added to the thickening tissue. Additionally, white
noise within a range of [−η, η] is added to the images to account for noise
caused by the image acquisition. An example of simulated thickening
growth after adding white noise is shown in Figure 6.7.

(a) Deformed CT image with
shrunken thickening and addi-
tive white noise.

(b) Original CT image with ad-
ditive white noise and additive
simplex noise inside the thick-
ening.

Figure 6.7: Exemplary result of simulated thickening growth in thicken-
ing window Ξ = (0 HU, 500 HU) for high noise level η = 500 HU.
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6.5.1 Results and Discussion

The proposed approach was applied to 28 different thickenings from 11
different patients. For each of the thickenings, growth was simulated as de-
scribed in Section 6.5 and the proposed algorithm was applied. The exper-
iments were carried out with different noise levels η = 50 HU, η = 250 HU
and η = 500 HU to test the sensitivity to noise. Different methods were
tested for the critical part of the search ray matching: A simple matching
using SAD and three different phase correlation methods, initialized with
the SAD–based matching, were carried out. The basic phase-only correla-
tion (POC) method [125] was compared to the one suggested by Ojansivu
and Heikkilä [123], and the one suggested by Foroosh et al. [122].
The range for the confidence calculation

[
λ̃low, λ̃high

]
was chosen as the

available range of attenuation values [−1024 HU, 3071 HU]. For segmen-
tation transfer the upsampling factor L = 2, the fitting radius F = 6, the
search range S = [−4, 1], and the eigenvalues σr = 4 and σz = 1 were
chosen.
In Figure 6.8 the simulated and estimated relative growth for different
thickenings for the different matching methods is shown. The relative
growth is defined by ∆V = Vt−Vr

Vr
, with the volumes Vt and Vr of the thick-

ening at the different points in time. The results for the actual growth
∆Vsimulated of each thickening is shown in the background using wide gray
bars and the estimated growth ∆Vsimulated using the different methods as
colored small bars. For perfect estimation all bars for a single thicken-
ing should be identical. Additionally, the error of the estimated growth
∆Vestimated − ∆Vsimulated is given with its average and average absolute
value over all thickenings in Table 6.3. The average values show a ten-
dency to under- or overestimate the volume, while the absolute average
value is a better indicator for the error. Furthermore, to get an impression
about the matching precision, the average surface error for all thickenings,
calculated with the method presented by Cignoni et al. [126], is given in
Table 6.3 to describe the direct matching error.
The surface error proves a very precise positioning of the segmentation
surface, with an average surface error of less than half a voxel, even for
the high noise level. Even with thicknesses of merely one or two voxels,
this precise positioning leads to at least indicative results regarding the
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growth rate estimation, which can be seen in the results for each thick-
ening separately in Figure 6.8. The method was proven to be relatively
insensitive to noise and changes in the thickening tissue, as the estimated
growth rates are comparable between noisy and noiseless data. All match-
ing methods show a tendency to underestimate the growth, especially for
stronger growth. This is reasonable, because the estimation of growth
solely in normal direction might ignore strong irregular growth. In con-
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(a) Results for low noise level η = 50 HU.
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(b) Results for high noise level η = 500 HU.

Figure 6.8: Estimated growth with two different noise levels. The origi-
nally simulated growth for each thickening is indicated by the light gray
bar, while the colored bars represent different matching methods for the
search rays.
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avg. avg. growth avg. abs.
surface error rate error growth rate error

noise level low medium high low medium high low medium high
SAD 0.37 0.39 0.47 -0.066 -0.065 -0.057 0.095 0.072 0.147
POC 0.38 0.39 0.46 -0.055 -0.063 -0.094 0.095 0.069 0.121
Ojansivu 0.38 0.39 0.46 -0.055 -0.063 -0.093 0.095 0.069 0.121
Foroosh 0.39 0.39 0.46 -0.047 -0.054 -0.082 0.094 0.063 0.116

Table 6.3: Summarized errors for surface estimation of 28 thickenings
at noise levels low (η = 50 HU), medium (η = 250 HU) and high (η =
500 HU).

clusion, a growth tendency can be reliably extracted, which is important
for the follow-up assessment. The phase correlation based methods show
an improvement of the precision. The best performance was achieved by
applying the phase correlation method from Foroosh et al. [122].

6.6 Summary and Conclusion

In this chapter, consistency between both points in time was introduced
for the interpolation at the back part of the thickening and for the lo-
calization of the front part. In contrast to existing methods, this newly
introduced consistency allows not only separate volume estimation of the
thickenings at both points in time, but also a direct comparison of the vol-
umes and therefore growth rate estimation. Both estimations, front and
back, achieve sub-voxel accuracy regarding the surface distance between
estimation and real surface. This accuracy is essential for growth estima-
tion, because the thickenings have a small thickness of just a few voxels,
hence differences in the surface localization lead to strong differences in
the growth rate estimation. For both methods, the non-rigid registra-
tion from the previous chapter is inevitable to account for the different
coordinate systems in both images.
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Chapter 7

Correction of
Pre-Segmented
Thickenings

Full automatic segmentation methods, as described in the previous chap-
ter, usually result in meaningful and precise segmentations. However, in
some cases these methods might result in imperfect segmentations. Often,
these mistakes can be easily observed by humans which automatically in-
clude meta-knowledge e.g. of the anatomy in their decisions process. An
interactive correction method should enable the user to input his knowl-
edge with a minimum of intuitive interaction.

Existing interaction methods to modify 3D surfaces can be adapted for
the segmentation correction of 3D volume data e.g. Proksch et al. [127].
Their methods allow a visual feedback from the image data during the cor-
rection process. More sophisticated is the approach presented by Heckel
et al. [128], which provides a similar visual feedback, but allows a much
easier user interaction, by just sketching the new shape. Also image in-
formation is utilized to interpolate the user interaction in the slices not
visible. The live wire tool from Hachmann et al. [16] also directly includes
image information and allows the user to drag incorrectly positioned parts
of the segmentation surface. The surface automatically snaps to edges,
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(a) Starting situation: User wants
to modify existing segmentation (dark
blue) to conform with object boundaries
(light blue), observed from image. The
mouse cursor position is on the segmen-
tation boundary and a region of interest
(ROI), indicated by the black circle, has
been pre-selected.

(b) Final situation: User selected match-
ing size of ROI, and dragged the mouse
cursor to the boundary, observed from
the image. The segmentation was au-
tomatically adapted inside the spherical
3D ROI to conform the user input and
the image data.

Figure 7.1: Idea of user interaction for the introduced correction tool.

according to the displayed image slice. As the resulting segmentation can
be visualized in real time, the user can precisely position the mouse cursor
while dragging and the segmentation is only modified when dropping the
mouse cursor. The range of influence for the interaction is limited by a
spherical region of interest (ROI), placed around the mouse cursor.

In this section a new method is proposed which adopts the exact user
interaction, shown in Figure 7.1, from the live wire tool, but operates
in the voxel space. It is based on graph cuts and does not need the
construction and maintenance of a triangular mesh. Furthermore, image
information from the whole image, i.e. not only the information from the
displayed slice, is considered. The proposed tool can also be used for the
simultaneous segmentation at two points in time. Only the front part
of the thickening, facing the lung tissue, is corrected in this step. The
back is still given by the timely consistent interpolation of a healthy lung
model, described in Section 6.1 (starting on page 110). Large portions of
this section have been previously published in [17]. Additionally in this
thesis, also the user rating and an evaluation of the variability regarding
standard segmentation tools is given.
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7.1. Segmentation with graph cuts

7.1 Segmentation with graph cuts

The presented method uses graph cuts to separate thickenings from the
surrounding. An introduction to this method is given in Section 4.3.1
(starting on page 52) and details can be found in several publications
about graph-cuts for image segmentation [50, 51, 52]. In contrast to this
previous usage on a 2D surface embedded in 3D, this time the method is
utilized for a 3D object segmentation. In the following section the different
aspects of the tool and the resulting edge weights w(p,p′) between the
image points p and p′ are explained.

7.2 User interaction

The user interaction of dragging the surface shown in Figure 7.1, is trans-
ferred into edge weights by adding so-called hard constraints. These con-
straints are stored in an image gC of the same size as g. Each voxel p ∈ P
has a corresponding hard constraint gC(p) ∈ {S, 0,T}. If the user drags
the surface, in the first step, all hard constraints gC(p) of voxels p ∈ PROI
inside the ROI are set to 0. In the next step, all hard constraints gC(p)
of voxels p ∈ P line on a line between the dragging start position pstart
and the current mouse position pcurrent are set to S or T. This choice
gchoice depends on if the user extends or reduces the segmentation and is
determined by the surface normal n of the segmentation and the dragging
direction

gchoice =
{

S if nT · (pcurrent − pstart) > 0
T else

. (7.1)

A visual explanation corresponding to the exemplary scenario from Fig-
ure 7.1 is given in Figure 7.2.

7.3 Edge weights

One of the most important criteria to separate the different image parts
is their intensity. Intensity distributions for the two classes are used to
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(a) Starting situation: The initial thick-
ening segmentation and an in a safe dis-
tance the initial background segmenta-
tion are given

(b) Final situation: After finishing the
drag operation, the background segmen-
tation has been removed inside the ROI
PROI and the thickenings segmentation
has been extended by a line.

Figure 7.2: Exemplary scenario for constraints image gC resulting from
the user interaction in Figure 7.1. The constraints S corresponding to the
segmentation are shown in dark blue, while the constraints T responding
to background are shown in orange.

calculate regional penalties based on the negative log-likelihoods [51]

Rs(p) = − lnP (g(p) | thickening) , (7.2)
Rt(p) = − lnP (g(p) | lung tissue) , (7.3)

which are added to the edge weights. The conditional probabilities are
extracted from manually segmented training data. The t-link weights are
given by

wt
s(p) =


0 gC(p) = T
K gC(p) = S
λRs(vp) else

, wt
t(p) =


0 gC(p) = S
K gC(p) = T
λRt(vp) else

,

(7.4)
where λ is a parameter to weight the influence of the intensity model and
K is the maximum neighborhood weight, as defined in [51].

Another important criterion is the continuity of the segmenting surface,
which is considered by penalizing the surface area of the segmentation
boundary. A neighborhood system, as shown in Figure 7.3a, is utilized to
calculate the weight terms wl(p), p ∈ P for all families l of neighborhood
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Figure 7.3: Relation between edge family and corresponding closest dis-
tance of edges.

relations. The boundary terms are calculated in Riemannian metric, de-
noted by the superscript R, which are derived from the Euclidean terms,
denoted by the superscript E . Riemannian metric includes image infor-
mation for a more realistic estimation of the surface shape.
First, the Euclidean terms are calculated

wn,E
l = 4ρl · 4Φl

π
, (7.5)

where4ρk is the closest distance between the lines within the family l, and
4Φl is the angular differences between the nearest families of edge lines.
Using a dense neighborhood this can be approximated using a spherical
Voronoi diagram [129] and 4Φl = 4π

26 .
Then, the weights in Riemannian metric D are determined as suggested
by Boykov et al. [130]

wn,R
l (p) = wEl

detD(p)(
uTl ·D(p) · ul

)2 , (7.6)

where ul is a vector of unit length, pointing in the direction of the neighbor
voxel in the family l. The anisotropic Riemannian metric is

D(p) = f (|Og(p)|) · I3 + (1− f (|Og(p)|)) · Og(p)(Og(p))T

|Og(p)|2
, (7.7)
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where I3 is the identity matrix and f(x) = exp(− x2

2σ2 ).

Typically, for computed tomography (CT) data the voxel spacing δx,y in
x- and y-direction is identical and the spacing in z-direction is δz > δx,y.
For this special case the distances 4ρk are reduced to 5 cases and given
in Figure 7.3a. The n-link weights wn(p,p′) are determined by the edge
family l, with κ : (p,p′) 7→ l,

wn(p,p′) = wn,R
κ(p,p′), ∀ p,p

′ ∈ P . (7.8)

7.4 Simultaneous segmentation

For the transfer of the segmentation between different points in time, a
non-rigid and volume preserving registration, as introduced in Chapter 5,
is applied. The labeling is transferred to the other point in time, and
the signed distance function Φ(p), which is the closest distance for each
point p to the segmentation boundary, is extracted. The distance has
a negative sign in the interior of the segmentation and a positive sign
outside. Thickenings do not shrink over time but may grow. The volume-
preservation is required during registration to effectively translate this
knowledge into constraints: Shrinking is strongly penalized, while growing
is only penalized if it is in an unreasonable range. In combination with
the signed distance function Φ(p), the t-link weights at the second point
in time are

w̃t
s(p) = λ · R̃s(p) +

{
−Φ(p)

1+|Φ(p)| if Φ(p) < 0
0 else

, (7.9)

w̃t
t(p) = λ · R̃t(p) +

{
α
(

Φ(p)
β

)γ
if Φ(p) > 0

0 else
, (7.10)

where α, β, γ are parameters to influence the penalization. R̃s and R̃t
are the intensity based penalties from Equations 7.2 and 7.3, but for the
second point in time.
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Figure 7.4: Segmentation quality.

7.5 Results and Discussion

The newly developed segmentation tool has been tested in an evalua-
tion by a group of 11 users and compared to the live wire tool [16],
which provides a similar user interface. Also the standard combination
of the add/subtract tool which allows a polygonal selection, as well as
the paint/wipe tool which acts as a brush tool with different sizes, have
been compared against the new tool. All tools were implemented using
MITK [131] and tested in an identical scenario, where the users had 120
seconds of time to segment a given thickening. The graph cuts tool pre-
sented in this paper was utilized for a simultaneous segmentation. The
weight influence for the intensity model was chosen as λ = 0.006. In the
graphical user interface both points in time are shown side-by-side and
the user can see the live results of the interaction in both images. Those
results for the second point in time, where user interaction was only in-
directly applied, were compared to results from the other tools directly
applied on the second point in time. The other tools were only applied on
the second point in time as they do not offer inter-temporal segmentation
capabilities.
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The resulting segmentations are compared with a reference segmentation
of the thickening. This reference was created by a voxel–wise majority
decision of segmentations carefully carried out voxel-by-voxel by 3 expe-
rienced users. For performance analysis, the Sørensen–Dice coefficient
(cSD = 2 tp

(fp+2tp+fn) ) and the Tanimoto coefficient (cT = tp
tp+fp+fn

) are
chosen as quality criteria [132], where tp, fp and fn represent the true
positives, false positives and false negatives number of voxels. User seg-
mentation and reference segmentation are compared using the healthy
lung model from Section 6.1 as the backside. Resulting segmentation
performance and variance for different users are plotted over time in Fig-
ure 7.4a.

The 2D segmentation tools add/substract and paint/wipe show nearly
linear and identical increasing segmentation quality over time. Both 3D
segmentation tools show a strong improvement in the beginning and then
an asymptotic improvement, converging to a Tanimoto coefficient of ap-
proximately 0.85. In Figure 7.4b the variational coefficients cv =

√
Var(c)
E(c)

namely cSD and cT of Sørensen–Dice coefficient and Tanimoto coefficient
for the final results (after 120 seconds) between the users are shown. There
is a significant improvement from 2D to 3D tools. Especially the graph
cuts tool shows a very small variability. The results achieved as a con-
sequence of indirect user interaction at another point in time from the
graph cuts tool are even better than the results from the other tools di-
rectly applied to this image. Especially the variability between different
user segmentations is quite low which is achieved by integrating image
information in the complete ROI. In contrast, the live wire tool includes
this information only at the active slice and the other tools do not include
image information at all.

Additionally, the users rated the live wire and the graph cuts tool [16]
according to the following categories and related questions:

• intuition: How long do I need to get familiar with this tool?

• reaction time: How fast does the tool react to the user interaction?

• precision: How precisely do I make a segmentation?

• efficiency: How much effort do I need to make to achieve a good
result?
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Intuition Reaction time Precision Efficiency Usability
Graph Cuts 1.64 1.64 1.79 1.45 1.64
single ± 0.67 ± 0.81 ± 0.60 ± 0.52 ± 0.67
Graph Cuts 1.55 3.12 1.88 1.36 1.82
dual ± 0.52 ± 0.59 ± 0.54 ± 0.50 ± 0.60
Live Wire 2.09 2.73 1.82 1.18 1.64
single ± 0.83 ± 1.00 ± 0.60 ± 0.40 ± 0.50
Live Wire 2.57 2.55 3.55 3.18 3.09
dual ± 1.12 ± 0.82 ± 1.04 ± 1.08 ± 1.45

Table 7.1: User rating of the live wire and graph cuts tool. Both for a
single and for two points (dual) in time. The best grade corresponds to 1
and the worst to 6. For each criterion, the average grading and variance
is given.

• usability: How useful is the tool?

The results averaged for all users are given in Table 7.1. The user grad-
ings indicate that the graph cuts tool is superior with respect to most
criteria. The only source of criticism for this tool is the reaction time for
the dual segmentation, when segmentating both images simultaneously.
However, the comparison to the live wire tool is misleading, as it is only
applied independently on the images and not simultaneously which results
in smaller computational time for each interaction. Also, the perceived
efficiency for a single point in time is rated slightly worse for the graph
cuts tool. This could not be reproduced by the similarity measurements
presented in Figure 7.4a which show a higher efficiency for the graph cuts
tool.

7.6 Summary and Conclusion

Even though exact user interaction with superimposed image informa-
tion is only possible in 2D slices, the proposed tool expands the input
information into the 3D surrounding of the interaction slice. A real time
feedback allows the user to validate the modifications. At the same time,
changes are not instantly stored, only after dragging the mouse cursor.
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This allows correcting for small mistakes during the user input. The eval-
uation shows that the required interaction time for a desired segmentation
quality can be successfully reduced. Even more importantly, by including
image information the variability between the users is reduced and their
segmentations are more comparable. The interaction effort required for
segmentation at a second point in time is eliminated, because the infor-
mation is automatically transferred between both images. However, the
current implementation is limited to rather small objects such as thicken-
ings and offers suboptimal reaction time at the second point in time. An
optimized implementation including graphics processing units (GPUs) or
multilevel banded heuristics [133] might allow a better reaction time, also
for larger objects.
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Visualization

After processing all information and obtaining the results for thickening
location, thickness, volume and growth, they have to be presented to the
user. Beside the mere numbers, a visual interpretation can improve the
overview about the data. In this chapter two different approaches are
proposed. The first approach covers the global visualization of the lung
surface, which can be used to visualize different features and the final
findings. Secondly, an innovative method to visualize thickenings in 3D
and to include potential uncertainties in the visualization is presented.
Both visualization methods include the two points in time to facilitate a
consistent interpretation of the data.

8.1 Planar Visualization of Surface Informa-
tion

Without special processing, the computed tomography (CT) data can only
be visualized in a slice–wise manner, as described in Section 2.2.1. So in
the evaluation process only a small part of the pleura is visualized at the
same time and it is difficult to obtain an overview of the whole pleura.
To overcome this limitation, a planar 2D visualization of the pleura is
introduced. This mapping might introduce distortions to the pleura sur-
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face. A perfect isometric mapping would preserve lengths (isometric map-
ping), angles (conformal mapping) and areas (equiareal mapping) on the
planar surface and the isometric mapping includes the two other proper-
ties [134]. Certainly, a perfect isometric mapping is generally not possible.
Methods approximating one or more of these behaviors are known in com-
puter graphics as surface parametrization or surface flattening algorithms.
However, “almost all surface parametrization methods approximate the
underlying smooth surface [...] in the form of a triangular mesh” [134].
Computing such a representation from the binary segmentation and an
additional mapping of the discrete information to this surface will lead
to additional errors. The approach presented in this section is based on
a method from Grossmann et al. [135] and uses multidimensional scaling
(MDS) to directly map the binary surface to R2. This method leads to
a global solution, does not require extraction of a triangular mesh and a
temporal component can be integrated. In Section 8.1.1, the computation
of the surface distances is described. Subsequently, the mapping process
is explained for a single and then in a consistent way for two surfaces. Fi-
nally, the interpolation of the surface is explained and analyzed regarding
the mapping quality for single and simultaneous mapping and the results
are discussed.
The method of a linked planar visualization has been published before [1].

8.1.1 Distances on Discrete Surface

To calculate the distances, first a weighted adjacency matrix with dis-
tances between the connected surface points p3D,i with i ∈ I,
I = {1 . . . |∂R|} of a 26-connected neighborhood is extracted. Based
on this information, a breadth first search, based on the Boost C++ Li-
brary [136], is used to determine the distances on the surface. A lung
surface has approximately |∂R| = 350000 surface points. Just to store all
pair distances, approximately 450 GB of memory are necessary. So, the
distances are only extracted for a sub-sampled amount of surface points.
As a regular sub-sampling of the unparameterized 3D surface is not easily
possible, a non-maxima suppression [97] with a suppression radius r is
applied to the binary surface. This leads to a random selection of surface
points ∂Rsub,r ⊂ ∂R, with distances of at least r voxels. The indices of
the sub-sampled surface points are denoted by i ∈ Isub,r ⊂ I.
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(a) 3D surface ∂R of
a lung with coordinates
(x, y, z)T = p of each sur-
face point p ∈ ∂R taken as
components in red, green,
and blue colorspace (RGB).

(b) Same surface points with identical color
coding as in Figure 8.1a in a 2D planar vi-
sualization.

Figure 8.1: Exemplary mapping of a 3D surface to a planar 2D visual-
ization. Source: Faltin et al. [1]

8.1.2 Multidimensional Scaling

MDS is an approach to map a set, with size N , of data points with index i,
into a space of any dimension M , by using only the dissimilarities δi,j ,
i, j ∈ I = {1 . . . N} of the data points. This section gives a very short
idea of the method and details can be found e.g. in the book from Cox
et al. [137]. The results are only meaningful if their dissimilarity can be,
at least approximately, described in the target space of dimension M . In
the target space, their positions pMD,i are estimated depending on their
distances di,j =

∥∥pMD,i − pMD,j
∥∥, by

min
pMD,1...pMD,N

loss∆(pMD,1, . . . ,pMD,N ), (8.1)

with different possible loss measures and the matrix ∆ containing the
entries δi,j . The MDS methods in literature are differentiated into

• classical vs. non-classical and

• metric vs. non-metric
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in km Aachen Köln Düsseldorf Berlin Erlangen Konstanz
Aachen 0 63 69 541 374 413
Köln 63 0 34 479 324 398
Düsseldorf 69 34 0 478 350 432
Berlin 541 479 478 0 367 619
Erlangen 374 324 350 367 0 253
Konstanz 413 398 432 619 253 0

Table 8.1: Air distances between cities, shown in Figure 8.2a.

approaches. These terms and the resulting loss criteria named stress or
strain are sometimes ambiguously used. In this thesis the terminology
from Buja et al. [138] is chosen and non-classical MDS with the loss cri-
terion

loss∆(pMD,1, . . . ,pMD,N ) = Sstress∆(pMD,1, . . . ,pMD,N ) =∑
i,j=1...N
i 6=j

(
d2
i,j − δ2

i,j

)2
∑
i,j=1...N
i 6=j

(
δ4
i,j

) (8.2)

is chosen. This criterion is differentiable even when two points are coin-
cident. The solution is found by a gradient–based minimization, utilizing
the conjugate-gradient method from Polak and Ribière [139]. Also weight-
ing terms wi,j for each dissimilarity can be individually chosen, resulting
in the new criterion

Sstress∆,W (pMD,1, . . . ,pMD,N ) =∑
i,j=1...N
i 6=j

wi,j
(
d2
i,j − δ2

i,j

)2
∑
i,j=1...N
i 6=j

(
wi,jδ4

i,j

) , (8.3)

denoted by the matrix W of same size as ∆.

8.1.3 Surface Mapping for a Single Surface

In this special case, MDS is used to map points from 3D space to a 2D
plane. The sample points describe a 2D surface embedded in a 3D space,
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Berlin

Aachen
Köln
Düsseldorf

Erlangen

Konstanz

(a) Map of Germany with se-
lected cities. Modified from
Source: Wikimedia Commons,
David Liuzzo, 2006 [140]

0

450 km

550 km
(b) Resulting points after applying MDS on
the distances, given in Table 8.1. The original
configuration can be recovered, beside rota-
tion, translation and reflection which are not
observable by the dissimilarities.

Figure 8.2: Selected cities on a 2D map as an exemplary case for MDS
compared with the output which is estimated only with knowledge about
the distances between the cities from Table 4.5.

therefore a meaningful 2D representation can be obtained, but of course
a perfect isometric mapping cannot be extracted. A suitable boundary is
automatically given by the mediastinum which is removed from the lung
surface as described in Section 3.4. All sampled points are mapped, just
depending on their dissimilarities δi,j = δ(p3D,i,p

′
3D,j), ∀i, j ∈ Isub,r and

independent on their actual position, in the 3D space. These dissimilar-
ity measures δi,j are given by the surface distances from Section 8.1.1,
as introduced by Grossmann et al. [135]. Solving the minimization Prob-
lem 8.1 leads to the 2D representation. This representation is not unique
regarding the rotation, translation and reflection, as these properties are
not observable from the dissimilarities. So additionally, a rotation and
translation to keep the superior-inferior axis (top to bottom) constant in
the 2D image and a reflection to keep superior-inferior axis (front and
back) consistent for left and right in the 2D image might be useful. For
a single surface all weights wi,j are kept equal to one, if all regions are
of similar importance. Focusing on some special regions which are e.g.
subject to thickenings can be achieved by adjusting these weights, but
this is not discussed in detail.
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8.1.4 Consistent Mapping for Two Surfaces

The process as described in the previous section can also be independently
applied to the lungs of the same patient at two different points in time.
In most cases, this leads to similar but not identical results. Problem 8.1
might have multiple solutions and if there is only a single global minimum,
it is not always reached. So the idea is to connect both points in time
in a single minimization problem. For this purpose, points on the lung
surfaces ∂Rr and ∂Rt from both points in time are linked by enforcing
dissimilarities of zero for a point which should be at identical positions on
the 2D plane.

Firstly, suitable points for the linking are selected. Suitable are points
which are certainly at the same surface position for both points in time,
after the non-rigid registration, described in Section 5.3. To regularly
distribute these points on the lung surface, for each surface point pr,i,
i ∈ I the smallest distance

d(pr,i) = min
pt,j∈j=1...|∂Rt|

∥∥pr,i − pt,j
∥∥

2 (8.4)

to the lung surface ∂Rt at the other point in time is extracted utilizing
the k-d tree algorithm [55]. A non-maxima suppression [97] with radius of
r is applied to the inverse distances 1

d(pr,i)
to obtain the sub-sampled set

Isub,r for the linking process. The resulting points pr,i, pt,j , i, i′ ∈ Isub,r
correspond to each other for i = conn(i′) and i = conn−1(i′), respectively.

Secondly, the minimization problems are independently formulated as in
the previous section and then connected. The set of linked points does not
have to be identical with the set of sub-sampled points in Section 8.1.1.
For practical reasons, as the problem statement is typically given by the
matricesW and ∆, whose size depend on the number of involved points,
the point sets are chosen to be identical. The W r, ∆r and W t, ∆t are
the dissimilarities and weights for the different points with identical order
of the points at both points in time. The order of the points is given
by the minimal distance in 3D. So, the entries δr,i,j , δt,i,j and wr,i,j ,
wt,conn(i′),conn(j′) correspond to the same point combination at both points
in time, because point i corresponds to point i′ and j corresponds to j′.
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Then, the matrices describing the linked problem are

∆conn =
(

∆r 0
0 ∆t

)
,W conn =

(
1 λdiag(1, ..., 1)

λdiag(1, ..., 1) 1

)
,

(8.5)
with 1 being matrices of size |Isub,r| × |Isub,r| with ones in each entry
and diag(1, ..., 1) being matrices of same size with ones on the diagonal
and zeros at each other entry. λ is a weighting term to balance the inter-
and intra-temporal distance specifications given in ∆. Only the diagonal
entries of the matrices 0 are relevant to set the temporal distances of
connected points. The other entries are of no importance and are ignored
because of their zero weights in W conn.

Finally, the connected problem can be solved identical as Problem 8.1,
described in the previous section.

8.1.5 Interpolation

Only the subset of points Isub,r is mapped to points p2D,i, i ∈ Isub,r
on the 2D plane by MDS. For all other discrete image points p3D,i, i ∈
(I \ Isub,r) their matching 2D position p2D,i is estimated by radial basis
function (RBF) interpolation as described in Section 6.1.1 (see page 110).
Especially in the border regions close to the diaphragm, it cannot be
guaranteed that the 3D points are transformed to 2D without any overlap.
In a planar visualization of any surface information, it is not desirable to
mix information from different 3D regions, just because they do overlap
in 2D. So only the frontmost points are kept, regarding the main viewing
direction. This direction is left or right in laterolateral direction, which
is represented by the y-coordinate, depending on the visualized lung l ∈
{0, 1}. For each point p2D,i, i ∈ I the frontmost point

pfront,2D(p2D,i) = arg max
(x′,y′,z′)T =p′2D∈∂R2D

‖p′2D−p2D,i‖<δr

(−1)ly′ (8.6)

within a surrounding of radius δr is chosen. Only if this frontmost point
pfront,2D(p2D,i) is not more than δy away from the point p2D,i the point
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itself is kept. So the final set I front ⊂ I of visualized points is given by

I front =
{
i : ∀i ∈ I,
|y − y′| < δy, (x′, y′, z′)T = pfront,2D(p2D,i), (x, y, z)T = p2D,i

}
.

(8.7)

The distances δr =
√

2 and δy = 1 are chosen to include inaccuracies in
the range of voxel precision in the 2D plane and the 1D depth, respectively.

8.1.6 Results and Discussion

The visual results for a qualitative assessment of a single point in time
are shown in Figure 8.2 and additional results with included feature visu-
alization are shown in Figure 4.5 (see page 48).
For quantitative assessment, the radius r for the non-maxima suppression
is plotted against the duration time (on an Intel Core i5 with 16GB of
memory) and the quality of the assessment as stress [141]

STRESS1 =


∑

i>j
i,j∈I

(di,j − δi,j)2∑
i>j
i,j∈I

δ2
i,j


0.5

, (8.8)

STRESS2 =


∑

i>j
i,j∈I

(di,j − δi,j)2

∑
i>j
i,j∈I

(di,j −mean (di,j))2


0.5

. (8.9)

The average results for all patients are given in Figure 8.3. Both STRESS
criteria result in similar graphs. For increasing radii, the computation
time decreases rapidly to approximately 40 seconds, while the STRESS
increases much slower. For radii between 45 voxels and 64 voxels, the
STRESS and the computation time are both low. In this range also the
inter-patient variance for the computation time is at maximum 25 seconds,
but can be significantly larger outside of it. The inter-patient variance for
the STRESS criterion is constantly low with a maximum of 0.008.
Visual results for the dual process are shown in Figure 8.4. As an ex-
emplary feature frib was chosen to visualize the effect of dual alignment.
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Figure 8.3: Distortion and computation time, depending on radius r for
the non-maxima suppression.

Beside some small effects at the edges and slight distance offsets, which
are more related to the feature extraction, the dual processing results in
an exact alignment.

Quantitative results for the consistent planar visualization are given in
Figure 8.5. The radii values leading to stable results for the planar visu-
alization for a single point in time are investigated for the problem with
two points in time for different connection strengths λ ∈ {0, 1, 500, 1000}.
Additionally to the average STRESS1 criterion, the average distance be-
tween both data sets on the 2D plane

d̄2D = 1
|∂Rr|

∑
i=1...|∂Rr|

min
pt,j∈j=1...|∂Rt|

d2D(p2D,r,i,p2D,t,j) (8.10)

with
d2D(pi,pj) =

∥∥pr,i − pt,j
∥∥

2 (8.11)

of all points is given. The stress value stays stable independently of the
chosen connection strength. The distance between the two points in time
is significantly reduced for λ = 1, but only slightly decreased for much
larger values. The 2D histograms of Figure 8.6 show the link between
distances in 3D

d3D(p3D,r,i,p3D,t,j) =
∥∥pr,i − pt,j

∥∥
2 (8.12)
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and distances d2D(p2D,r,i,p2D,t,j) in 2D for the connected points i =
conn(j). Especially for points with small distances in the 3D space, the
2D distances can be reduced with increasing connection weight which does
not have a strong influence on the marginal 2D distribution and therefore
the average distance d̄2D.
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8.1. Planar Visualization of Surface Information

(a) Lung from first point in time. (b) Lung from second point in time.

(c) Difference between second and first
point in time without alignment (λ = 0).

(d) Difference between second and first
point in time with alignment (λ = 500).

Figure 8.4: Planar visualization of a lung from the same patient with
the feature rib distance frib at two points in time. The color scheme for
the difference images (lower row) is chosen such that red color represents
10mm of increase between first and second point in time, dark blue rep-
resents 10mm of decrease, and light blue to light green means no change.
All images, but 8.4c are generated with alignment (λ = 500).
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Figure 8.5: Results for consistent mapping for various radii r and various
weightings λ.
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(c) λ = 1000.

Figure 8.6: Exemplary histogram from one patient of distances in 3D
space and connected distance on the 2D plane. Additionally, the marginal
frequencies are shown on the planes at both axes. The frequency is
cropped at 200.
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8.2. Visualization of Uncertain Thickening Surface

8.2 Visualization of
Uncertain Thickening Surface

While the planar visualization conveys information about the whole lung
surface at once, this section covers the visualization of single thickenings.
In the work from Chaisaowong [6] a visualization method for thickening
has already been presented. His method aims for nice-looking surfaces
which might obscure uncertainties in the segmentation process. However,
the approach covered in this section has the aim to explicitly convey the
known uncertainties to the user. Large portions of this section have been
previously published in [15] and [18].

Classical surface mesh visualization, as shown in Figure 8.7c, provides a
good impression about the presumable morphology and size of the thick-
ening. However, probable errors introduced in the smoothing and associ-
ated uncertainties are not visualized. This information could be included
in classical mesh–based rendering using transparency and color informa-
tion, but the rendering would still show a sharp surface, which gives the
observer an impression of accuracy. Due to the low resolution image data
and noise, this accuracy might be misleading for diagnostic purposes. The
approach proposed by Kniss et al. [142] is capable of visualizing uncer-
tain borders between different segmentations using color and transparency
but has drawbacks in visualizing uncertain surfaces not attached to other
segmented objects. Therefore, a scatter plot as rendering method is sug-
gested in this section. With a high point density it is possible to give
the user an idea of the segmentation surface and still convey the un-
certainty of this surface. Color can be used as an additional parameter
to e.g. compare two simultaneously rendered segmentation surfaces, as
shown in Figure 8.11b. Most research that addresses the visualization of
point clouds covers the topic of visualizing noisy clouds as surfaces and
eliminating the uncertainty in the visual context [143]. It is also quite
common to reduce the number of points [144] while preserving the visual
quality. Also down- and up-sampling strategies [145] are mainly used to
obtain noise-free representations with uniform density. In contrast, the
noise and irregular density is explicitly utilized to represent uncertainty.
An approach addressing uncertainty by point clouds was suggested by
Grigoryan and Rheingans [146]. In contrast to the approach presented
here, this method does not address the problem of estimating a surface
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(a) Different transverse CT slices. (b) Binary segmentation.

(c) Smoothed surface mesh. (d) Scattered visualization.

Figure 8.7: Thickening with calcification located close to the spine.
Source: Faltin et al. [18]

with correct volume and is not capable to adjust the density of the point
surface.

8.2.1 Surface Extraction

Starting point for the scattered visualization is a mesh representation.
This mesh needs to include the partial volume (PV), information about
potential smoothing and the initial segmentation certainty for each face
f . This information can be extracted with the method presented in Sec-
tion 6.4.3 (see page 124). From this approach, the vertices P 2(g) act as
an input for the following steps.

8.2.2 Scattered Visualization

The scattered surface is generated in three steps. First, the input mesh is
subdivided into a high number of triangles to give sufficient possible can-
didates to render points of the surface. Second, a point selection, based on
158



8.2. Visualization of Uncertain Thickening Surface

a dart throwing method [147], is used to select a given numberm of points
in a stochastic process. This step also includes the confidence λ(i) to ad-
just the density of the point–based surface. In the third step, the point
distance d(i) =

∥∥p0(i)− p2(i)
∥∥ between original and smoothed segmen-

tation is included in the visualization as scatter orthogonal to the surface.
A resulting scattered visualization of a sphere with varying parameters is
shown in Figure 8.8.

Figure 8.8: A surface of a sphere rendered as scattered visualization.
The adjustable parameters are demonstrated by increasing confidence λ
from left to right and increasing point distance d from bottom to top.
Source: Faltin et al. [18]

8.2.2.1 Mesh Subdivision

The subdivision process is not meant to refine the detail level of the seg-
mentation surface, as the extractable details are limited by the input
image resolution. Instead, it is used to generate a dense set of candidates
for the scattered visualization. A smooth refinement which modifies the
subdivided mesh is not explicitly desired. Therefore, bisecting the tri-
angle edges and creating four new triangles from each input triangle, as
suggested by Cline et al. [147], is sufficient. The process is repeated, un-
til a predefined maximum permitted triangle area amax is reached. The
new triangles f ′ = (i′, j′, k′)T ∈ F ′ have the centroids c′(f ′) and the area
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(a) Disturbed by white
noise.

(b) Smoothed with sim-
ple volume distribution.

(c) Smoothed with op-
timized volume distribu-
tion.

Figure 8.9: Roughness of sphere surface shows effect of different volume
distribution methods. Source: Faltin et al. [18].

a′(f ′). The point distances d(i) arising from the smoothing and the confi-
dences λ(i) from Section 6.4.3 (see page 124) are mapped to the new faces
f ′ and given by d′(f ′) and λ′(f ′). For smooth transitions at the triangle
edges, an inverse distance weighting [148] is utilized for interpolation. The
confidence for each new face f ′ is given by

λ′(f ′) = w(f ′, i)λ(i) + w(f ′, j)λ(j) + w(f ′, k)λ(k)
w(f ′, i) + w(f ′, j) + w(f ′, k) , (8.13)

with w(f ′, i) = 1
(p(i)−c(f ′))2 and i, j, k are the vertices of the original

triangle before subdivision.

8.2.2.2 Point–based Surface

A scattered visualization requires an adjustable density of points, which
shall not depend on the underlying triangle size and shape. The dart
throwing algorithm [147] is utilized and extended by including the cer-
tainty λ′(f ′). Instead of using the area a′(f ′), the product b′(f ′) =
a′(f ′) · λ′(f ′) is used as the selection probability. Thereby, the number
of points at the boundary region is scaled inversely with its segmentation
confidence. Then the original algorithm [147] is applied: each candidate
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f ′ is sorted into a bin B(f ′), where B(f ′) =
⌊
log2

(
max(b′(f ′))

b(f ′)

)⌋
. A tri-

angle is chosen by selecting a bin with a probability proportional to the
total sum of b′(f ′). Then, a triangle is chosen within the bin and accepted
with probability b′(f ′)

max(b′(f ′)) . If the triangle is not accepted, it is rejected
and a new one is chosen from the same bin. This is repeated until a tri-
angle is accepted. Due to the logarithmic binning the acceptance rate is
at least fifty percent and the triangle selection will run in constant time
on average [147]. The point selection is repeated until the desired number
m of points has been reached.
The certainty λ′(f ′) just describes the relative density and does not in-
fluence the total density. The latter can only be adjusted by the number
of points m. It is necessary to produce identical densities for different
visualized objects of the same scenario; a scenario is given by the relevant
tissue contrast in the image and the resolution of the object. Therefore,
the number of points m is chosen as the sum of all selection probabilities

m =

ν
∑
f ′∈F ′

b′(f ′)

 , (8.14)

where ν is a parameter which represents the average point density. In the
scenario of pleural thickenings, ν = 2000 was chosen.

8.2.2.3 Orthogonal Scattering

In the final step, each resulting point from Section 8.2.2.2 is equally dis-
tributed orthogonally to the surface. The interval is [−d′(f ′), d′(f ′)],
with the interpolated point distance d′(f ′) from Section 6.4.3 (see
page 124). The orthogonal direction is given by the surface normal. For a
visually smooth transition the inverse distance weighting [148] is applied
to interpolate the normals and the point distances d′(f ′), analogous to
the confidence interpolation in step 8.2.2.1.

8.2.3 Results and Discussion

This section is split into two parts. First, the surface extraction is eval-
uated regarding the adjustability between smoothness and shape preser-
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vation. In the second part, a short and qualitative analysis illustrates the
scenario of comparing follow-up segmentations.

8.2.3.1 Surface Extraction

The influence of the segmentation confidence was assessed using a sphere
with radius of 2 cm consisting of 4098 vertices. Its vertex positions p(i)
are disturbed by white additive noise in the interval of [−0.1, 0.1] cm,
resulting in a mesh as shown in Figure 8.9a. The smoothing was carried
out with parameter λ(i) ∈ [0, 16] (constant for all vertices) and for 1 and
5 iterations. Additionally, the simple method of distributing the volume
equally to all patches is compared to the optimized volume distribution
described by Equation 6.36 (see page 126), with detailed derivation in
Appendix B.2. In Figure 8.10, the resulting average vertex distance to
the noisy (8.10a) and original (8.10b) sphere is plotted versus the mesh
roughness, given by the average length of the Geometric Laplacian [149].
The dashed lines are benchmark values, representing the average distance
between the vertices of the noisy and the initial sphere (horizontal line)
and the average length of the Geometric Laplacian [149] for the initial
(left line) and the noisy (right line) sphere. Since there is no confidence
parameter in the original algorithm [120], its functionality is reproduced
with λ(i) = 0. These fixed operation points are marked by diamonds
in Figure 8.10. Using the optimized volume distribution one iteration is
sufficient for results close to the convergence area, which is otherwise only
reached with approximately five iterations.

The effect of the proposed volume distribution method can also be visually
observed. The noisy sphere of Figure 8.9a is smoothed with λ(i) = 0 for
all patches. The simple method, with an identical distribution for every
patch, results in an irregular shape, shown in Figure 8.9b, whereas the
optimized method recovers the sphere with a more regular shape, recog-
nizable in Figure 8.9c. An exemplary smoothing result for a thickening
surface with 5 iterations, using the optimized volume distribution method,
q′min = −1024, q′max = 200 and λmax = 1 is shown in Figure 8.7c. In all
experiments the given volume is exactly preserved.
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Figure 8.10: Roughness is plotted against shape error. The working
point is adjustable by the parameter λ(i).

8.2.3.2 Scattered Visualization

An exemplary pleural thickening was rendered in Figure 8.7d. The dif-
ferent light and dark spots are not caused by coloring or shading, but
by varying density of the points, which represents the confidence λ′(f ′).
Uncertainty and shape are visualized in a comprehensible way. However,
in static 2D views, the shape of the object cannot be easily observed with-
out additional help (e.g. a classical mesh–based rendering). Therefore,
it can be interpreted as a more error–oriented, instead of shape–oriented,
visualization method.

8.2.3.3 Visual Comparison and Growth Estimation

An important aspect of follow-up assessment of pleural thickenings is the
growth estimation. An overlay of a mesh based representation, as shown
in Figure 8.11a, might lead to growth estimation in regions with very
uncertain segmentation boundaries. The scattered visualization of this
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(a) Overlay of mesh based visualiza-
tion.

(b) Overlay of scattered visualiza-
tion.

Figure 8.11: Follow-up visualization of pleural thickenings from two
different points in time. The first point in time is shown in orange and
the second point in time in blue. Source: Faltin et al. [18]

overlay in Figure 8.11b allows a more informed decision about growth in
different regions.

8.3 Summary and Conclusion

In this section, two different visualization aims have been discussed and
suitable methods have been proposed.

With the first method, extracted features and detected thickening re-
gions can be visualized on the lung surface with low distortions. Previ-
ous methods for the visualization of this data are only able to display a
small amount of the information in 2D slices or alternatively in a non-
standardized 3D view with potential 3D occlusions. Thus, an exact and
at the same time global overview cannot be given. In contrast, the pro-
posed method can view all information in a 2D standardized view without
occlusions. By the newly developed connection of both points in time, a
direct comparison of the pleura surfaces is feasible. Therefore it is highly
useful for the visual interpretation and also documentation of findings.

The second method extracts the 3D thickening shapes which can be visual-
ized and compared at different points in time, while conveying information
about the segmentation uncertainty. Other exemplary methods are 2D
slice–wise visualization or surface rendering. The slice–wise approach is
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strongly influenced from misalignment orthogonal to the visualized plane:
if slightly different planes are shown at both points in time, the complex
thickening morphologies cannot be compared. A 3D view is more robust
to small misalignment, but the rendered surfaces show sharp boundaries,
even when transparency is utilized. This conveys false segmentation cer-
tainty which might lead to mistakes in the growth assessment in regions
with unclear boundaries. Therefore the proposed method is based on a 3D
view and intentionally shows surfaces with scattering which depends on
the segmentation certainty. Thus, the user is not misled regarding regions
with unclear boundaries. For visual growth assessment new methods were
especially designed for volume- and shape-preservation, so the results from
both points in time stay consistent.
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Conclusion

9.1 Summary

The manual follow-up assessment of pleural thickenings in CT images from
two points in time is time consuming and subject to inter- and intra-reader
variability. Existing automated methods have severe limitations consid-
ering the 3D coherence of potential findings. Additionally, they mainly
ignore the temporal relation of data from consecutive images. With these
limitations, the thickening assessment is unstable and is strongly influ-
enced by small changes in anatomy and imaging process. In this thesis,
a workflow for the stable and consistent follow-up assessment has been
presented to overcome these limitations.

The first step is the localization of thickening regions on the pleura. Be-
cause of the fuzzy decision criteria an unambiguous identification of these
regions is challenging. Nevertheless, in this thesis relevant features for the
decision process have been successfully extracted. An innovative combi-
nation of neural network (NN)–based classification and graph cuts–based
segmentation combines the fuzzy, point–wise decision with the identifica-
tion of coherent thickening regions.

To exploit the temporal relation of the images from both points in time,
they are aligned with respect to the lung surface. Two methods which
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explicitly focus on the lungs’ surface and its surrounding have been pro-
posed. First, the images are rigidly aligned with a registration based
on an offline trained Markov-Gibbs random field model of the lung tis-
sue. The resulting lung specific measure outperforms generic similarity
measures in terms of precision and reliability when aligning the lung sur-
face. Secondly, a non-rigid registration compensates deformations of the
soft tissue. A combination of intensity–based information and additional
knowledge about the location of the lung surface improves the image reg-
istration in terms of computation time and stability. Finally, a new way
of volume preservation in thickening regions is applied to the registration
to allow a correct assessment of thickenings which are subject to growth.
The registration forms the basis of temporal consistency in all subsequent
steps.

The extraction of a thickening’s front and back requires different ap-
proaches: while the front is evident from the image contrast, the back is
not directly observable and approximated by the healthy lung shape. The
localization of the front can be influenced by image noise and the partial
volume effect. These influences are reduced by intensity–based matching
of the surfaces in consecutive images. With a phase correlation–based
method, sub-voxel accurate localization is achieved. The thickening back
is estimated with a radial basis function interpolation, which connects the
interpolations from both points in time. Two different connection meth-
ods have been proposed and evaluated. For both methods, the connected
interpolation is more consistent compared to the independent interpola-
tion, without loss in precision.

In some cases, the fully automatic segmentation results in unsatisfying
boundaries. For this purpose, an intuitive tool which allows correction
by simple user interaction has been designed and implemented. Precise
interaction is only possible in a 2D visualization of the 3D image data.
The carefully designed user interface allows a fast and precise interaction.
A graph cuts–based segmentation combines the 2D user input with image
information in 3D. In comparison to commonly used segmentation tools,
the proposed tool speeds up the segmentation process and significantly
reduces the variability between different users.

Finally, two different visualization concepts have been presented. The
first is meant to visualize the whole pleura surface at once. Based on
multidimensional scaling, a 2D planar visualization with low distortions is
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estimated from the 3D lung surface. Different features, e.g. the thickening
localization and thickness, can be visualized in this planar view. The
newly introduced temporal consistency allows direct comparison of the
surfaces from multiple points in time. The second visualization concept
can be used for the 3D assessment of thickenings. A scattered visualization
of the thickening’s surface is utilized to convey segmentation uncertainties
and the influence of the surface post-processing. This is particularly useful
when visualizing follow-up results, which requires the superimposition of
thickenings from two points in time. Through the additionally conveyed
information, uncertain segmentations can be easier distinguished from
actual growth by the observer.

To conclude, all these steps form a seamless workflow for the follow-up
assessment of malignant pleural mesothelioma (MPM) targeting four ob-
jectives: temporal consistency in consecutive image for a reliable growth
assessment; reproducibility for low inter- and intra-reader variability; spa-
tial coherence of thickenings for a profound assessment; and a high degree
of automation for a low workload. All methods consider the limited image
resolution which is a challenge for the relatively low thickness of the thick-
enings. To reach these objectives, each step has been carefully designed,
developed, implemented and evaluated. All methods could improve the
temporal consistency by linking both points in time. This is not at the
cost of precision, since performance for a single point in time was at least
achieved and in most cases even outperformed. The results of all steps
are based on each other. Without the on-going temporal link the results
at both points in time might drift apart.

In contrast to existing approaches, this is the first work which covers the
full workflow of processing the images, possible user-interaction and visu-
alization for the assessment of MPM. It is the only known approach which
guarantees spatial and temporal consistency in each step for a meaningful
follow-up assessment. Additionally, it is the only method which considers
uncertainties in processing and visualization. Consequently, the proposed
concept takes MPM follow-up assessment to the next level regarding con-
sistency, precision and reliability.
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9.2 Outlook

A strategy to consistently assess pleural thickenings has been sketched and
individual methods have been successfully proposed. However, a detailed
examination of each single method still reveals ideas for future research.
Some important ideas for each step are shortly discussed in this section.

The thickening localization is the only step which does not benefit from
the temporal relation of the image data because localization is applied
prior to registration. Integrating the temporal connection might improve
the localization quality. Though, a solution is difficult because it induces
a circular dependency of localization and registration. Another limiting
aspect in the localization is the highly expensive and therefore limited
ground truth of segmented thickenings on the pleura. Creating artificial
derivations of the real image data has been successfully applied in different
scenarios to improve NN–based classification. Therefore, the insertion of
artificial thickenings in image data from healthy patients could be used to
increase the ground truth data. Nevertheless, creating realistic artificial
images is a difficult task because of the high variability and complexity of
lungs and thickenings in shape and tissue.

The interpolation of the healthy pleura surface has been transformed into
a 2D problem. A 3D interpolation with implicit surfaces [106] would be a
more general solution. However, this requires a nontrivial adaptation of
the temporal link for 3D.

To reduce the interaction time in the segmentation correction even fur-
ther, a combination of the graph-cuts 2D to 3D segmentation correction
might benefit from an intelligent selection of image planes. A promising
approach is the selection of planes with large margins to already cor-
rected planes [150] which can be potentially combined with the proposed
segmentation tool.

Also, detailed rendering aspects have not been considered yet in the 3D
thickening visualization. Aspects like transparency, sight distance and
blur might improve the usability of the scattered visualization.

Finally, future developments in the image acquisition process and medical
protocols, like higher CT resolutions or multimodal imaging with func-
tional modalities might increase the precision of growth estimation and
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improve the detection performance. These adaptions of the imaging pro-
cess result in higher radiation doses or significant acquisition costs and do
not contribute to the established diagnosis process [24]. Therefore, im-
provements in the acquisition are not expected to be realized in the near
future.
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Appendix A

Registration

A.1 Approximation of Volume-Preserving
Displacement

In this section, the approximation of an offset d for the control point (CP)
positions Φ to preserve the volume at a specific point p is derived. The
following notation is only valid for a single point p, which results in the
values

µ =
(⌊

x

δx

⌋
− 1,

⌊
y

δy

⌋
− 1,

⌊
z

δz

⌋
− 1
)T

(A.1)

and

u =
(
x

δx
−
⌊
x

δx

⌋
,
y

δy
−
⌊
y

δy

⌋
,
z

δz
−
⌊
z

δz

⌋)T
. (A.2)
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The initial constraint is defined by the Jacobian determinant, which has
to be equal to one for the CP positions Φ̃ = Φ +d including the offset d.

1 = det(J)

1 =
∑
o∈W

∑
s∈W

∑
t∈W

co,s,t(Φo+µ,x + do,x)(Φs+µ,y + ds,y)(Φt+µ,z + dt,z)

1 =
∑
o∈W

∑
s∈W

∑
t∈W

co,s,tΦo+µ,xΦs+µ,yΦt+µ,z︸ ︷︷ ︸
independent of displacements

+

co,s,t(Φo+µ,xΦs+µ,ydt,z + Φo+µ,xds,yΦt+µ,z + do,xΦs+µ,yΦt+µ,z)︸ ︷︷ ︸
terms linear regarding displacement

+

co,s,t(Φo+µ,xds,ydt,z + do,xΦs+µ,ydt,z + do,xds,yΦt+µ,z)︸ ︷︷ ︸
terms quadratic regarding displacement

+

co,s,t(do,xds,ydt,z)︸ ︷︷ ︸
terms cubic

regarding displacement

The image itself, and therefore the CP positions can be placed at arbitrary
locations in the space. With these assumptions dx,dy,dz � Φx,Φy,Φz

the terms which are quadratic and cubic regarding the displacement can
be dismissed. The determined displacement should be as small as possi-
ble, to obtain the original transformation as good as possible. Then, the
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constraint can be simplified∑
o∈W

∑
s∈W

∑
t∈W

co,s,tΦo+µ,xΦs+µ,yΦt+µ,z − 1︸ ︷︷ ︸
=g

≈ ∑
o∈W

do,x
∑
s∈W

∑
t∈W

co,s,tΦs+µ,yΦt+µ,z︸ ︷︷ ︸
=Θo,x

+

∑
s∈W

ds,y
∑
o∈W

∑
t∈W

co,s,tΦo+µ,xΦt+µ,z︸ ︷︷ ︸
=Θs,y

+

∑
t∈W

dt,z
∑
o∈W

∑
s∈W

co,s,tΦo+µ,xΦs+µ,y︸ ︷︷ ︸
=Θt,z

If all values of do,x, ds,y and dt,z are placed in the vector d̄ and all
corresponding values of Θo,x, Θs,y and Θu,z are placed in the same order
in the vector Θ̄ this equation can be written as

d̄
T · Θ̄ = g.

This is nothing else than the description of an 43 · 3 = 192 dimensional
hyperplane. Each point of this hyperplane describes a configuration d of
the 43 CP positions, which result in approximately no compression for
the considered point p. To obtain the initial transformation and to agree
with the assumption, the shortest displacement vector d0 is chosen. This
is the vector from the origin to the plane, which is orthogonal to the plane

d̄0 = g · Θ̄∥∥Θ̄∥∥2
2

.
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A.2 Reducing number of precalculated
values

The number of possible values co,s,t(u) is 4 · 4 · 4, regarding the vectors o,
s and t, multiplied with number of possible positions inside a cube defined
by eight CP. This number is, if only discrete grid positions are regarded,
δx · δy · δx. For large grid spacings δx, δy or δx this can get inefficient. To
reduce this number, co,s,t(u) can be decomposed

co,s,t(u) = det

B̂o,x(u) B̂s,x(u) B̂t,x(u)
B̂o,y(u) B̂s,y(u) B̂t,y(u)
B̂o,z(u) B̂s,z(u) B̂t,z(u)


= + B̂t(u, x) det

(
B̂o(u, y) B̂s,y(u)
B̂o(u, z) B̂s,z(u)

)
︸ ︷︷ ︸

=c′o,s,x(u)

− B̂t,y(u) det
(
B̂o,x(u) B̂s,x(u)
B̂o,z(u) B̂s,z(u)

)
︸ ︷︷ ︸

=c′o,s,y(u)

+ B̂t,z(u) det
(
B̂o,x(u) B̂s,x(u)
B̂o,y(u) B̂s,y(u)

)
︸ ︷︷ ︸

=c′o,s,z(u)

=− B̂s,x(u) det
(
B̂o,y(u) B̂t,y(u)
B̂o,z(u) B̂t,z(u)

)
︸ ︷︷ ︸

=c′′o,t,x(u)

+ B̂s,y(u) det
(
B̂o,x(u) B̂t,x(u)
B̂o,z(u) B̂t,z(u)

)
︸ ︷︷ ︸

=c′′o,t,y(u)

− B̂s,z(u) det
(
B̂o,x(u) B̂t,x(u)
B̂o,y(u) B̂t,y(u)

)
︸ ︷︷ ︸

=c′′o,t,z(u)

.
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Using these terms,

Θo,x(u) =
∑
s∈W

Φs+µ(u),y· (
c′o,s,x(u)

∑
t∈W Φt+µ(u),zB̂t,x(u)

−c′o,s,y(u)
∑
t∈W Φt+µ(u),zB̂t,y(u)

+c′o,s,z(u)
∑
t∈W Φt+µ(u),zB̂t,z(u)

)
︸ ︷︷ ︸

=ζo,s(u)

Θs,y(u) =
∑
s∈W

Φs+µ(u),y·ζo,s(u)

Θt,z(u) =
∑
o∈W

Φo+µ(u),x·

(
−c′′o,s,x(u)

∑
o∈W Φs+µ(u),yB̂s,x(u)

+c′′o,s,y(u)
∑
o∈W Φs+µ(u),yB̂s,y(u)

−c′′o,s,z(u)
∑
o∈W Φs+µ(u),yB̂s,z(u)

)
the number of possible combinations for c′o,s,x(u), c′o,s,y(u), c′o,s,z(u),
c′′o,s,x(u), c′′o,s,y(u) and c′′o,s,z(u) is only 43 · 43 · 2 · 3 · δx · δy · δz = 24576 ·
δx · δy · δz. The first two 43 terms are all possible combinations of two of
the vectors o, s and t, the term 2 · 3 describes the terms c′x, c′y, c′z, c′′x, c′′y ,
c′′z and δx · δy · δz is the number of possible discrete image positions inside
the CP grid. This is a reduction of precalculated values with factor larger
ten, compared to the approach without decomposition with a number of
262144 · δx · δy · δz possible values.

177



Appendix A. Registration

178



Appendix B

Segmentation

B.1 Volume-Guaranteeing Adaptive Mesh
Smoothing

The problem

min
w(g)

{E(w(g))} ,

E(w(g)) =1
2

∥∥∥w(g)K̃(g)T − Q̃(g)T
∥∥∥2

+ 1
2λ(i)

∥∥p1(i) +w(g)− p0(i)
∥∥2

+ 1
2λ(j)

∥∥p1(j) +w(g)− p0(j)
∥∥2

subject to n(g)Tw(g) = Ω(p0(g))− Ω(p1(g)) + Ω̃(g) (B.1)
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can be solved using the method of the Lagrange multiplier [151, p. 418].
This results in the new energy function

ε1 =1
2

∥∥∥w(g)K̃(g)T − Q̃(g)
∥∥∥2

+ 1
2λ(i)

∥∥p1(i) +w(g)− p0(i)
∥∥2

+ 1
2λ(j)

∥∥p1(j) +w(g)− p0(j)
∥∥2

+ β

(
n(g)Tw(g)

6 − Ω(p0(g)) + Ω(p1(g))− Ω̃(g)
)
. (B.2)

with the derivatives which have to be zero
∂ε1
∂wx
∂ε1
∂wy
∂ε1
∂wz

 =
(
w(g)K̃(g)T − Q̃(g)T

)
K̃(g)

+ λ(i)
(
p1(i) +w(g)− p0(i)

)
+ λ(j)

(
p1(j) +w(g)− p0(j)

)
+ β

6n

=w(g)K̃(g)T K̃(g)− Q̃(g)T K̃(g) + λ(i)w(g) + λ(j)w(g)
+ λ(i)(p1(i)− p0(i)) + λ(j)(p1(j)− p0(j))︸ ︷︷ ︸

λ(g)

+ β

6n

=
(
K̃(g)T K̃(g) + λ(i) + λ(j)

)
︸ ︷︷ ︸

α

w(g)− Q̃(g)T K̃(g) (B.3)

+ λ(g) + β

6n

=0 (B.4)

and

∂ε1
∂β

= n(g)Tw(g)
6 − Ω(p0(g)) + Ω(p1(g))− Ω̃(g) = 0. (B.5)
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With Equation B.4,

w(g) = 1
α

(
Q̃(g)T K̃(g)− λ(g)− β

6n
)
, (B.6)

β

6n = Q̃(g)T K̃(g)− λ(g)− αw(g), (B.7)

β

6 ‖n‖
2 = K̃(g)T Q̃(g)n− λT (g)n− αw(g)Tn (B.8)

and β can be determined including Equation B.5
β

6 ‖n‖
2 =K̃(g)T Q̃(g)n− λT (g)n− α6

(
Ω(p0(g))− Ω(p1(g)) + Ω̃(g)

)
(B.9)

β = 6
‖n‖2

( nT Q̃(g)T K̃(g)− nTλ(g)

− α6
(
Ω(p0(g))− Ω(p1(g)) + Ω̃(g)

)
) . (B.10)

Finally, the displacement satisfying Problem B.1 can be directly calculated
using Equation B.6.

B.2 Volume Distribution

For the optimal volume distribution the energy from Problem B.1 has to
be minimized depending on the additional volume Ω̃(g) of all patches with
the side constraint, that the sum of additional volume for all patches is
equal the total volume. Leading to the minimization problem

min
Ωg∀g∈G

∑
g∈G

E2(g)

 ,

subject to
∑
g∈G

Ω̃(g) = ΩPV . (B.11)

Inserting all terms into Equation B.6, and separating the part w̄(g) inde-
pendent of Ω̃(g), leads to the offset

w(g) = w̄(g) + 6
‖n‖2

Ω̃(g)n, (B.12)
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with

w̄(g) = 1
α

( Q̃(g)T K̃(g)− λ(g)

− 1
‖n‖2

( nT Q̃(g)T K̃(g)− nTλ(g)

− α6
(
Ω(p0(g))− Ω(p1(g))

)
n ) ) . (B.13)

The energy term from Problem B.11 can also be separated in parts de-
pending and not depending on Ω̃(g)

E(w(g)) =1
2

∥∥∥∥∥ w̄(g)K̃(g)T − Q̃(g)T︸ ︷︷ ︸
A1,g

+ Ω̃(g)︸ ︷︷ ︸
xg

6 n

‖n‖2
K̃(g)T︸ ︷︷ ︸

B1,g

∥∥∥∥∥
2

+

1
2

∥∥∥∥∥ λ(i)
(
p1(i)− p0(i) + w̄(g)

)︸ ︷︷ ︸
A2,g

+ Ω̃(g)︸ ︷︷ ︸
xg

6λ(i) n

‖n‖2︸ ︷︷ ︸
B2,g

∥∥∥∥∥
2

+

1
2

∥∥∥∥∥ λ(j)
(
p1(j)− p0(j) + w̄(g)

)︸ ︷︷ ︸
A3,g

+ Ω̃(g)︸ ︷︷ ︸
xg

6λ(j) n

‖n‖2︸ ︷︷ ︸
B3,g

∥∥∥∥∥
2

.

(B.14)

In a different notation, this energy is equivalent to

E(w(g)) =
∑
g∈G

∑
i∈{1,2,3}

1
2 ‖Ai,g + xgBi,g‖ , (B.15)

inserted in the Problem B.11 and applying the Lagrange multiplier [151, p.
418] leads to

ε2 =1
2
∑
g∈G

∑
i∈{1,2,3}

∑
j

(ai,g,j + xgbi,g,j)2 (B.16)

+ η

X −∑
g∈G

xg

 (B.17)
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with the matrix elements ai,j(g) of Ai(g) and bi,j(g) of Bi(g) and X =
ΩPV . The derivatives of this term which have to be equal zero

∂ε2
∂xg

=
∑

i∈{1,2,3}

∑
j

(ai,g,j + xgbi,g,j)− η = 0 (B.18)

and
∂ε2
∂η

= X −
∑
g∈G

xg = 0. (B.19)

Equation B.18 leads to

xg =
∑

i∈{1,2,3}

∑
j

(
b2i,g,j

)−1

︸ ︷︷ ︸
b̃g

η − ∑
i∈{1,2,3}

∑
j

ai,g,jbi,g,j

 (B.20)

which can be inserted into Equation B.19 to obtain

η =

∑
g∈G

b̃g

−1X +
∑
g∈G

b̃g
∑

i∈{1,2,3}

∑
j

ai,g,jbi,g,j

 . (B.21)

So the final optimal volume of each patch, regarding Problem B.11, is
given by Equation B.20 with Ω̃(g) = xg.
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