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1. Introduction
In the last two decades, the standard of medical imaging techniques increased rapidly and
offers nowadays a great bandwidth of possibilities to assist in medical diagnosis and
therapies. In addition to conventional X-ray diagnosis, technical devices for
computertomography (CT) and magnetic resonance tomography (MRT) developed fast since
the 80s of the last century. Furthermore, several kinds of novel medical imaging techniques
(e.g. Positron emission tomography (PET), single-photon emission computed tomography
(SPECT) or diffusion tensor imaging (DTI)) were created and applied. In the last years
technical devices for hybrid imaging (e.g. CT-PET or MR-PET) were developed. The
technical development of all such medical imaging techniques allows improved diagnosis
possibilities and the planning of therapeutical procedures. Many imaging modalities provide
helpful assistance for clinical operation planning or novel clinical applications including
modern operation techniques (e.g. augmented reality- based operations).
However, the increasing development of medical imaging techniques in many medicalrelevant domains augmented the medical image data amount, which has to be analyzed by
medical experts. Medical image analysis has to be performed by medical experts (e.g.
radiologists), which often requires time-consuming manual tissue delineation or organ
segmentation in CT- or MR data material. In the last two decades automatic image analysis
methods were developed to assist medical experts in medical image data interpretation.
Automatic medical image analysis methods were often designed for organ or tissue structure
(e.g. for cysts or cancer) recognition and segmentation. However, those methods are mostly
semiautomatic or interactive and require for more or less additional interactions the presence
of medical experts. Fully automatic methods exist only for more simple recognition or
segmentation problems in medical image analysis. Implemented fully automatic
segmentation applications exist mostly for special kinds of contrast-enhanced CT data (e.g.
fully automatic vessel segmentation and visualization) which are only purchasable in
combination with a computertomographical device via the device provider. Since the ionized
radiation of CT is hazardous to health, MRT is much more suitable for diagnostic purposes.
However, MR data segmentation is often more challenging than CT data segmentation.
Hence, MR data have also to be enhanced by using contrast agents to produce image
material, in which enhanced tissue structures can be segmented more easily.
In the last years developed an additional need for automatic image segmentation especially
for epidemiological research purposes. Organ volumetry is now included to investigate
health-related properties of populations in epidemiological studies. Ethical restrictions
prohibit ionized radiation of CT and contrast agent injections for probands. Consequently, in
epidemiological large- scale studies an enormous amount of native MR datasets are
produced. Additionally, the need of research assistance and clinical applications in modern
cardiology require automatic image segmentation frameworks for MR data.
Since manual medical image segmentation is very time-consuming and occupy many
medical experts - which gets more serious due to the lack of medical experts - this work shall
develop solutions and design frameworks for (fully) automatic segmentation requirements in
epidemiological and cardiological applications. The first listed publication [GLOG 09] deals
with segmentation in a cardiological research application, however, the majority of the
publications in this work are related to an epidemiological study (SHIP-study) and deal with
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fully automatic, three-dimensional (3D) segmentation of liver ([GLOG 10], [GLOG 11]) and
renal parenchyma ([GLOG 11/2]) in MR datasets.
There exist several kinds of image segmentation approaches, but in this work, some suitable
approaches have been selected and extended to combine them with other novel designed
methods in application-specific segmentation frameworks.
All the developed approaches should also be useful for MR data or CT data segmentation of
other medical domains. Consequently, this work shall contribute to replace or at least to
assist efficiently time-consuming manual MR image segmentation of medical experts, which
should exonerate the healthcare sector.
This works introduces the basic principles of MRI data acquisition in section two to give
important fundamental information of MRI data and continues with the segmentation
challenges of MRI data in section three to provide the reader an impression of some
fundamental segmentation-specific problems. In section four the theoretical basics of the
most important methods, which are used in the publications, are presented. In section five
the own contributions for all listed publications of the author are described. The results of
every publication are summarized and discussed in section six. Finally, in section seven
important conclusions are drawn to emphasize the importance and the contribution of this
work for automatic segmentation applications and future developments in similar medicalrelevant domains.

2. Basic Principles of MRI Data Acquisition
Magnetic resonance imaging (MRI) is a well-established state-of-the-art method to visualize
internal structures of a human or an animal body mainly for medical analyzing purposes. In
contrast to endoscopy, MRI is a non-invasive imaging technique and provides sufficient
contrast to differentiate between many soft tissue types in MR-images. Opposing to
computertomography (CT) using ionized radiation, MRI does not emit health precarious
radiation and is considered to be safe [WES93].
However, MRI is a complicated imaging technique including several principles of physics like
magnetism and quantum mechanics. Although the functional explanation of MR-physics is
beyond the scope of this thesis, a short description should be given as knowledge
background for the following chapters.
Proton nuclei have an intrinsic angular moment (spin) rotating around the nuclei's spin axis
and causing a very weak atomic magnetic field. The spin creates also a magnetic effect in
direction of its rotation axis, which is the magnetic moment (µ). The directions of magnetic
moments are arbitrary distributed. If the moments are located inside an exterior magnetic
field (B0), they are aligned along the magnetic flux lines of B0. However, this alignment is only
enforceable for protons of lower odd atomic numbers like hydrogen. Since hydrogen is
contained in water and many other molecules of human beings, it is ubiquitous in human
bodies and their spins play the most important role for magnetic resonance measurements.
The influence of B0 generates another effect leading to a gyroscopic spin motion around the
6

spin axis (precession) with a frequency proportional to the B0 -field (Lamor frequency ω0)
[WES 93, MCRO 10]:

ω0 = B0 ⋅ γ

(1)

The parameter γ stands for the element-specific gyromagnetic relation who has for
hydgrogen a value of 42.57 MHz/Tesla [WES 93].
To perform MR image acquisition the hydrogen nuclei are excited by electromagnetic high
frequency pulses generated by the MR-tomograph. To ensure energy transfer for this nuclei
excitation, the pulses must have the same frequency like the hydrogen nuclei’s Lamor
frequency inside the B0 -field according to (1).
The excitation of the hydrogen nuclei is a very complex process in the context of quantum
mechanics, but can be sufficiently well interpreted macroscopically in the classical-physical
sense [WES 93]. The vector sum of all magnetic moments aligned with the B0-field
represents the net magnetic vector (NMV). The longer the excitation phase lasts the less
hydrogen nuclei are aligned parallel to the B0 -field (longitudinal plane), which modifies the
NMV to align gradually with a plane orthogonal to the B0 -field (transverse plane). After
termination of the excitation phase the magnetic moments of the spins release their energy
of the irradiated electromagnetic pulses of the MR-tomograph and realign gradually with the
longitudinal plane. The time necessary for this realignment is called relaxation time and can
be measured to generate contrast of different tissue types in MRI data.
For MR image creation two relaxations have to be distinguished. The T1-relaxation
represents the return of the disturbed magnetization to its state of thermal equilibrium along
the B0 -field, and is called the longitudinal relaxation time. The T2 (transversal) relaxation
describes the decay of phase coherence between the spins in the transverse plane (s. Fig.
1). The transversal and longitudinal relaxation processes are superimposed interference-free
and play an important role for MR image creation. Receiver coils detect the temporal
development of the transversal magnetization. Thereafter the signal is enhanced and filtered
for further use.
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Fig. 1: Gradually dephasing a)-d) of the transversal magnetic components of the NMV [WES93].

The hydrogen spins show different relaxation times according to their surrounding tissue
properties. To generate specific contrast properties in MRI data several MR imaging
techniques can be applied. In this context T1 and T2 weighted MRI data have to be
distinguished, whose contrast is influenced by different tissue dependent relaxation times
[WES93, MCRO 10].
In this work more complex types of MR-images are considered. Proton density (PD)
weighted and T1-fatsaturated MR images are used for atherosclerotic plaque segmentation.
Novel MR imaging techniques are used to produced in-phase and out-phase as well as
watersaturated and fatsaturated MR datasets that are used for liver and kidney
segmentation. The applied MR imaging techniques are described in more detail in the MR
acquisition sections of every publication.

3. Segmentation Challenges of MRI Data
Depending on the situation, a segmentation process can contain one or more activities (i.e.
segmentation, grouping, perceptual organization or fitting) at the same time, which makes it
very difficult to find a sharp definition of segmentation [FORS 03]. However, all the
contributing activities in a segmentation process aim to obtain a compact representation of a
semantically meaningful object in the image data. In this context segmentation can be
considered as partitioning an image by arranging subsets of the image pixels into multiple
segments. In this context segmentation is also known as a process in which every pixel in
8

the image is assigned unambiguously to a label. Usually, in medical image segmentation the
labels contain adjacent pixels, such that all pixels in a label have the same homogeneity
criteria and share similar visual properties [LEHM 97]. The same principles for subsets of
voxels can be used to describe segmentation in 3D datasets.
There exist numerous kinds of objects that can be segmented in MRI data for medical
purposes and a complete listing is beyond the scope of this work. Few applications shall be
mentioned to give an impression of the varying segmentation tasks in medical imaging
focused on MRI data. For diagnostic purposes medical experts have to recognize and to
delineate several types of tissue structures including pathological regions (i.e. cancer, cysts
or inflammations) in MR images. In clinical applications medical experts segment
pathological regions or whole organs from MRI data to prepare complicated operations by
the help of virtual operation planning programs [YUDI 08]. Further applications, that require
segmentation, are surgical operation planning [GRIM 97] including organ transplantations
and novel augmented reality techniques [SIEL 08, SUTH 06] that overlay segmented organs
and tissue structures of MRI data to assist operation planning in real surgical applications.
Segmented 3D models of patient organs are also used in augmented reality techniques
using endoscopic real-time video sequences for minimally invasive surgery [SOLE 09]. For
epidemiological research organ volumetry of MR datasets is very important, which requires
also correct organ recognition and organ frontier determination in 3D MR datasets [VOEL
10].
Since manual segmentation of MRI data performed by radiologists requires human
intelligence in form of learned expertise and visual cognition abilities for many years, manual
segmentation can be a difficult task for medical experts. Hence, correct automatic
segmentation for computational methods basing on mathematical models of artificial
intelligence is an even more complicated requirement. Segmentation difficulties can be
reduced by contrast agents, which highlight certain tissue structures. However, not all
interesting tissue can be enhanced by contrast agents and the recognition can therefore be
very challenging. Moreover, in epidemiological studies no contrast agents are used.
The great challenge of automatic segmentation methods for MRI data is emphasized by
several mentioned problems in related scientific work, that have to be considered in practical
applications [PHAM 00, YUDI 08]. Furthermore, related work analysis confirms the slow
progress of fully automatic segmentation ability of the proposed methods to be successfully
adapted for epidemiological and clinical requirements [DUNC 00].
There exist additional reasons for the difficulties of practically applied segmentation methods
that justify the segmentation challenge of medical image data and MRI data in particular.
Similar to several computer vision applications, segmentation of (medical) image data is an
inverse mathematical problem [MARR 87]. Problems that are not inverse problems are called
forward problems, for which effects can directly be calculated for given causes according to a
physically or mathematically formulated cause-effect principle. Opposing to forward problems
the class of inverse problems represents mathematical problems, in which measurements or
observations of unknown causes are given and the causes of the observations have to be
reconstructed. Hence, to solve inverse problems we have to deduce indirectly the unknown
cause basing only on observed effects of the cause. The french mathematician Hadamard
categorized inverse mathematical problems into well-posed and ill-posed inverse problems
according to three conditions. If there exists a solution for the inverse problem (existence),
the solution is non-ambiguous (uniqueness) and the solution has a continuous dependence
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of the data (stability), then it is a well-posed inverse problem. If one of these three conditions
is not true, then the inverse problem is ill-posed. Frequently, for ill-posed inverse problems
(like the segmentation problem in MRI data) realistic solutions do not exist. It is hard to find
solutions for ill-posed inverse problems. A popular way, however, is using regularization
[MARR 87]. However, the ill-posed characteristic of the segmentation problem complicates
the creation of mathematically based solutions for MR image segmentation extremely.
Furthermore, the exact delineation of organs in MRI data is complicated, since adjacent soft
tissue show often similar MR-intensities. Even radiologists have problems in non-ambiguous
delineation between several touching organs (i.e. between liver and kidney) for manual
segmentation purposes. Automatic segmentation methods face serious problems in avoiding
overspills, if organ frontiers are not visible in MRI data.
Particularly, technical problems can limit the success of automatic segmentation techniques.
Usually, the MR- intensities of voxels in MRI data are influenced by adjacent MR-intensities.
Hence, a voxel can contain a mixture of multiple tissue values, which is called partial volume
effect [PHAM 00, MCRO 2010]. MR image artifacts can occur due to malfunctions of the MR
imaging hardware, environmental influences (humidity, high temperature, or presence of
metallic items) or influences of the human body (blood flow, implants, etc...). MR-artifacts are
structures that are not really present in the body, but are visible on the MR image data
[MCRO 2010]. MR-artifacts can be well visible in the MR-images but can also be very small.
This ambiguity confuses diagnosis and can lead to misdiagnosed pathologies [PHAM 00].
Furthermore, matrix resolutions and voxel sizes influence the segmentation result. In
particular transversal resolution deteriorates segmentation quality, since it is usually lower
than the matrix resolution of transversal image planes and is directly dependent of the
chosen slice thickness during MR-measurement. Lower resolutions provide less information
for exact delineation and require more approximations of the real organ extensions.
Furthermore, lower resolved MR datasets increase the effect of partial volume effects, which
complicates the delineation quality between different tissues [MCRO 2010]. The data used in
this work have a matrix resolution of 1.64 (mm) x 1.64 (mm) and a slice thickness of 4.0
(mm), which is a relatively coarse matrix resolution comparing to clinical MR data. Since
epidemiological large-scale studies collect MR data of numerous probands, higher matrix
resolutions require longer MR data acquisition times, which limit the throughput rate of the
probands and complicates effective time planning for large-scale studies.
Since MR-measurements produce different MR-datasets according to different weightings
and imaging techniques, all available weightings have to be considered for segmentation
[PHAM 00]. Depending on the used weightings and the object to be segmented, one or more
appropriate MR-datasets have to be selected. However, it can also be helpful to reduce the
number of differently weighted MR-datasets to one dataset by preserving relevant image
information, which is then used for further segmentation methods. The used approach for
considering all different MR-datasets has to be well selected according to MR image material
and medical tissue, which has to be segmented.
As consequence of some of the mentioned technical problems (i.e. MR artifacts) and the fact
that MRI data show (in general) lower Signal-to-Noise ratios (SNR) than CT data, MRI data
have to be denoised, which requires appropriate steps of pre-processing. In this thesis,
partial differential equations are used for denoising in a pre-processing step, which
prolongates processing times in all applications. There are no requirements for processing
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times, hence, no complete analysis about computational times was performed. However,
observations show that computational times are in the range of 15 - 40 minutes for all threedimensional applications. The two-dimensional application for automatic plaque
segmentation needs about 5-10 minutes. (The denoising steps are implemented in C++ and
all segmentation applications are implemented using MatLab on a PC with 2.6 GHz and 8
GB RAM.)

4. Theoretical Concepts of Used Methods
In this section, the theoretical basics of the used methods are explained. Many of the
publications contain constructed frameworks for special segmentation tasks, which are
modularized and use individual combinations of the listed methods in this section. Some of
the explained fundamental methods are used to adapt them to segment tissue structures for
specific MR image material. Furthermore, several modules of the frameworks extend existing
segmentation methods with new ideas or contain completely novel approaches. Primarily, a
short definition and categorization of segmentation methods is given.

4.1 Definition and Categorization of Segmentation Methods
Segmentation generates connected regions of adjacent pixels (or voxels) by using certain
criteria for homogeneity. Segmentation subdivides all pixels (or voxels) R of the image
(dataset) completely into K different and disjoint regions Ri according to [SONK 08]:
K

R = ∪ Ri

, Ri ∩ R j = ∅ ∀i ≠ j

(2)

i =1

Segmentation methods can be subdivided into voxel (pixel)-orientated, region-orientated,
edge-orientated, texture-based and model-based methods, where also hybrid methods
between them exist. Voxel (Pixel)-oriented methods segment regions voxelwise (pixelwise)
only based on associated values for the voxels (pixels). Similarly, edge- and region-based
methods consider certain edge or region properties for segmentation. Especially, texturebased methods analyze characteristic textures inside regions to perform segmentation.
Model-based segmentation methods contain special models, which often incorporate
physical or mathematical models to describe characteristic properties of the regions.
However, there exist many hybrid methods combining principles from one or more of the
mentioned segmentation methods.
Since the most of the publications in this thesis deal with MR dataset segmentation, the
following segmentation methods are referred to voxels of 3D MR datasets. Exact
differentiations between the 2D and 3D cases are avoided to not confuse the reader.
However, all segmentation methods can also be applied to 2D images.
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4.2 Threshold Segmentation
For greyscale datasets, thresholding can be used to create a 3D binary dataset (B) basing
upon a voxelwise assignment to background and foreground regions of a 3D dataset
containing grayvalues. If the grayvalue g of a voxel at position (x,y,z) in a 3D dataset is
higher than or equals a certain threshold T, then it is assigned to the foreground class:

1 , if
B ( x, y, z ) = 
0 , if


g ( x, y , z ) ≥ T
g ( x, y , z ) < T

(3)

Especially, in contrast-enhanced medical datasets a threshold can be used to segment a
brighter region from a darker background. Depending on the grayvalues of the interesting
object, the assignment into foreground and background regions can be changed. Similarly, n
regions can be segmented using n-1 thresholds according to:

0 , if

1 , if
B ( x, y , z ) = 
 : :

n , if

g ( x, y, z ) < T1
T1 ≤ g ( x, y, z ) < T2
:

(4)

g ( x, y, z ) ≥ Tn−1

Furthermore, one threshold can be used to segment the whole region (global thresholding) or
different thresholds can be applied in different parts of the whole region (local thresholding)
[SONK 08, BANK 09]. In medical image processing for MR datasets, the used thresholds are
often MR-intensities or grayvalues, but can also be other real-valued features, that are
referred to the voxels.

4.3 Region Growing
Similar to thresholding, region growing is a voxel-orientated segmentation method, which
decides voxel memberships to regions basing upon a homogeneity criterion for the voxel
values. For this method, an initial seed point selection is required, where one or more seed
points can be used as starting points for the region-growing algorithm [BANK 09]. Region
growing is an iterative and expanding algorithm. Initially, every region consists of the
selected seed points. For all adjacent voxels of the regions has to be decided if the
homogeneity criterion is fulfilled, consequently, every adjacent voxel's region membership is
assigned accordingly. The used criterion must be a predicate basing upon the voxel value
and can be for example the voxels MR-intensity or its gray level texture. The regions grow at
their frontiers with every iteration and the algorithm terminates, if no adjacent voxel of the
regions fulfills the predicate.
Opposing to the threshold techniques, the region growing method produces regions having
the same property, which is used as homogeneity criterion. Another advantage is that the
generated regions are connected [BANK 09].
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4.4 Morphological Operators
Morphological operators are developed in the field of mathematical morphology. They
process geometrical structures using mainly techniques of set theory and topology. In
medical image processing, morphological operators are mainly used for binary images,
although they can also be extended to apply them to grayscale images. For a morphological
operation in binary images a binary structuring element has to be defined, whose shape
influences strongly the morphological result. Hence, the choice of structuring elements can
be used to steer the results of the morphological process. Four different morphological
operations are often used in medical image processing and are explained in the following.
Morphological erosion reduces the size of binary image regions [SONK 08] and can be
understood as all point locations that can be reached by the center of the structuring element
S, when it is moved inside the binary image regions B. It can be mathematically defined as:

BΘS = { z ∈ I | S z ⊆ B} , S z = {s + z | s ∈ S } , ∀z ∈ I

(5)

Here, Sz represents all possible translations with the vector z of the structuring element
inside the whole image area (I). Erosion can be applied to remove small details in the image,
for example for noise removal.
Dilation augments the binary image regions [SONK 08] and can be considered as all image
locations that are covered by the structuring element when its center moves inside the binary
regions. Similarly, to the erosion process it can be defined by using basic set theory
operations:

{

}

B ⊕ S = z ∈ I | ( S sym )z ∩ B ≠ ∅

, S sym = { x ∈ I | −x ∈ S } ,

(6)

where Ssym stands for the symmetric of the structuring element. Dilation can also be applied
to fill holes and to combine structures inside of binary images.
Opening is obtained by erosion followed by dilation [SONK 08] with the same structuring
element:

B S = ( BΘS ) ⊕ S

(7)

Opening can be used to remove noise or to separate binary regions that are connected by
small bridges. For instance, in medical images thresholding can often result in
oversegmented structures connected by small bridge-like structures, which can be separated
to further determine the correct segment.
Opposed to opening, the morphological closing process starts with a dilation followed by
erosion [SONK 08] with the same structuring element:

B • S = ( B ⊕ S ) ΘS

(8)

Closing can be applied to close holey structures that are smaller as the structuring element.
In this work, morphological operators are mainly used for binary 2D images as slices of 3D
MR datasets; however, they can easily be extended for 3D applications.
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4.5 Distance Transformation
The distance transformation (often called distance transform) calculates distances for the
voxels according to a predefined metric. The result of a distance transform is a distance map
containing the distances for every voxel to the nearest voxel of a voxel set that frequently
belongs to region boundaries in binary datasets. The publications in this work use Euclidean
distances; however, distance maps can also be generated based on Manhattan or
chessboard distances. In case of the Euclidean metric, the distances correspond to
perpendicular distances to the nearest voxel of the voxel set. The Euclidean distances can
also be calculated in subvoxel-accuracy, if the exact region surface is located between voxel
centers. For example, the Euclidean distances d of every foreground voxel (xf, yf, zf ) of a
binary dataset region B to its nearest background voxel (xb , yb , zb ) can be calculated with:

d (( x f y f , z f ) | B ( x f y f , z f ) = 1) = min {( xb , yb , zb )|B( xb , yb , zb )=0}

( ( x y , z ) −( x y , z ) )
T

f

f

T

f

b

b

b

(9)

This formulation results in a distance map for the foreground regions of a binary dataset.
Similarly, a distance map can be calculated for the negative Euclidean distances of the
background voxels to the nearest foreground voxels using:

d (( xb yb , zb ) | B ( xb yb , zb ) = 0) = − min

x y , z ) −( x y , z ) )
}( (
T

{

( x f , y f , z f )|B( x f , y f , z f )=1

f

f

f

T

b

b

b

(10)

The combination of both distance maps results in a signed distance map, which can be used
as starting signed distance map for a following level set segmentation. The generation of
starting signed distance maps for level set segmentations is used in the most publications of
this work.

Fig. 2: Left) Example of positive distances according to (9). Right) Example for a signed distance map with green
line indicating the isocontour with distance 0 as boundary of a segmented liver in a MR dataset. Both distance
maps are calculated with real 3D distances based on the lattice of a given 3D MR dataset.

4.6 Bayesian Learning Using Bayes Rule
Probabilistic methods using Bayesian statistics are frequently applied to generate solutions
for several kinds of inverse problems. Opposing to the domain of frequentist statistics,
Bayesian statistics defines a probability as a degree of belief under conditions of uncertainty
and allows the incorporation of prior knowledge in form of a priori probabilities [BISH 07].
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Hence, for image analysis purposes the Bayes rule can be applied to infer probabilistic
decisions based on combined prior knowledge with new observations.
Given two events A and B, their joint probability P(A,B) can be written by using their
conditional probabilities P(A|B) and P(B|A) symmetrically:

P ( A | B )⋅ pr ( B) = P ( A, B ) = P ( B | A)⋅ pr ( A)

(11)

The expressions pr(A) and pr(B) are the prior probabilities representing prior knowledge
about the occurrences of A and B. In case of discrete variables the Bayes rule determines
the a posteriori probability of A given B and can easily be inferred from (11) [BISH 07],
provided pr(B) does not equal zero:

P ( A | B) =

P ( B | A)⋅ pr ( A)

(12)

pr ( B )

However, for image analysis applications we have to consider continuous probabilities and
we use an alternative form of the Bayes rule:

P (Ci | V ( x, y, z )) =

P (V ( x, y, z ) | Ci )⋅ pr (Ci )
K

∑ P (V ( x, y, z ) | C )⋅ pr (C )
j

(13)

j

j =1

Here, the a posteriori probability P(Ci|V(x,y,z)) of a certain class Ci given a voxel value V at
the position (x,y,z) in an MR dataset is determined by using the alternative Bayes rule form in
(13). The expression P(V(x,y,z)|Ci) is called the likelihood, pr(Ci) the a priori probability of the
class Ci and K is the number of different classes, that has to be considered in the application.
For image segmentation in MRI data, the membership in a class Ci represents properties of
object interest (i.e. to be part of liver or kidney).
Likelihood and a priori probabilities are used as prior knowledge but have to be determined
before. Hence, sample data has to be collected to define likelihood and a priori probabilities
in advance. This requires a training phase and the Bayes rule is used in a supervised
manner as Bayesian learning method.
For every voxel in the MR dataset can be determined, which class has the maximal classspecific a posteriori probability for the voxel resulting in the maximum-a-posterioriclassification:

arg max P (Ci | V ( x, y, z ))
i∈{1.. K }

(14)

If a priori probabilities are not considered a maximum-likelihood classification can be
performed in similar manner:

arg max P (V ( x, y, z ) | Ci )
i∈{1.. K }

(15)

15

4.7 Linear Discriminant Reduction
Linear discriminant analysis (LDA) is a supervised classification technique to separate class
features in feature space. LDA separates classes by finding an optimal hyperplane that
separates classes linearly in feature space. However, it can also be used for linear
discriminant reduction (LDR) by preserving as much discriminant information of the classes
as it is possible in linear sense. Thus, it is applicable to reduce the dimensionality of
measurements having more than one observation. Since MR measurements produce
different weighted data material, the number of different weightings determines the
dimensionality of the observations. Different observations for the same voxel position can be
summarized to voxel vectors, whose entries represent the different weightings accordingly.
The LDR can be solved by maximizing the Fisher-criterion [BISH 07]:

( )

T

J w =

w SB w
T

,

(16)

w SW w

where w represents the optimal weighting vector of the discriminant function that has to be
determined. The between-class covariance matrix SB and within-class covariance matrix SW
are defined by:

(

)(

S B = m2 − m1 ⋅ m2 − m1

(

)(

SW = ∑ xn − m1 ⋅ xn − m1
n∈C1

)

T

(17)

and

) + ∑ ( x − m )⋅ ( x − m )
T

T

n

2

n

2

(18)

n∈C2

For simplicity, the LDR is described for two classes. Thus, m1 and m2 are the mean vectors
of the sample vectors x collected for each of the two classes (C1 and C2) in a precedent
training phase. According to [BISH 07] (16) can be reformulated using Langrangian
multipliers and Karush-Kuhn-Tucker conditions to:

SW −1S B w = λ w

(19)

This expression is an eigenvalue problem, thus the required optimization to determine the
optimal w can be found using singular value decomposition. To perform further
segmentations in only one dataset, the dimensionality should be reduced to one dimension in
this work. Consequently, we select the eigenvector belonging to the highest eigenvalue. This
eigenvector has the direction of the optimal projection axis, on which all vector voxels can be
projected to obtain dimensionality-reduced datasets that best preserves the discriminant
information of the two classes. The projected samples can be used to generate histogrambased distributions for every class, which can be used as likelihood probabilities for Bayesian
learning purposes. The principle to determine likelihood probabilities for this LDR-extended
approach is shown in Fig. 3 as example for the two classes' liver and background. This
principle is combined with class-specific position probabilities to derive a novel probabilistic
framework, which is explained in more detail in the liver segmentation publications.
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Fig. 3: Example for the vector sample projection onto the determined projection axis of the optimal eigenvector for
LDR (shown in red). For illustration purposes, the example samples are two-dimensional. Liver samples and
background samples are depicted in blue and green respectively. Furthermore, the histograms for the projected
liver and background samples are shown together with their smoothed, continuous approximations (red curves).

In this work, LDR is also used in a straight-forward manner to find optimal projection axis for
more than two classes.

4.8 Fourier Descriptors
Shape analysis can be performed by Fourier descriptors that can be used to describe and to
compare two-dimensional shapes. (Also higher dimensional shapes can be compared using
Fourier descriptors, what is not used in this thesis.) In computer vision applications, Fourier
descriptors, which were introduced by Zahn and Roskies [ZAHN 72], are adopted as
supervised recognition methods to find trained shapes from a learning database in a give
image. Assuming that the coordinates of a two-dimensional shape boundary are given in a
defined order (i.e. clockwise or anticlockwise), then the ordered coordinates {(x1,x2)..(xN,xN)}
are easily transformed into complex numbers by interpreting the first coordinate as the real
part and the second as the imaginery part of the complex representation:
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u ( n) = x1 (n) + i ⋅ x2 (n)

(20)

The Fourier descriptor method is based on the transformation pair of discrete Fourier
transformation and its inverse transformation, whereat the shape boundary is used as a
complex signal producing a complex spectrum in Fourier domain [ZAHN 72]:

a (k ) =

1
N

1
u (n) =
N

N −1

∑ u ( n )⋅ e

−2 πikn / N

,k =−

n=0

N −1

∑ a ( k )⋅ e

N
N
,..., −1
2
2

N
N
, n = − ,..., −1
2
2

2 πikn / N

n= 0

(21)

The coefficients a(k) are the Fourier descriptors representing the given shape in Fourier
domain. They can be retransformed into spatial domain using the inverse Fourier
transformation to obtain the original shape. The most important information for shape
representation is contained in the lower Fourier descriptors that represent the general shape
features. The higher Fourier descriptors contribute only to shape details. Depending on the
shape comparison requirements, it has been shown that the first 20-30 Fourier descriptors
are usually sufficient for shape representation [FOLK 02].
An advantage of this representation is that shape invariances can easily be performed with
simple calculations, whereas shape invariance calculations in spatial domain are often very
complex and time-consuming. It can mathematically be demonstrated that shape translation
affects only the first Fourier descriptor (DC component) of the complex signal. Hence,
translation invariance is achieved by setting the first Fourier descriptor equal to zero.
Similarly, it can be shown that scaling the shape contour in spatial domain results in
multiplication of the Fourier descriptors with the scaling factor. Since the second Fourier
descriptor describes the size and orientation of the basic ellipse of the shape, which is not
assumed to contain a nonzero area, we can divide all Fourier descriptors by the magnitude
of the second Fourier descriptor to achieve scale invariance.
Another two types of invariances are necessary for shape comparison, which are rotational
invariance and starting-point invariance of the contour order. All information about shape
rotation and the contour order orientation are contained in the phase of the Fourier
descriptors. Thus, rotational invariance can easily be obtained by removing all phase
information. However, with this information loss the inverse Fourier transformation
approximates only the original shape showing essential parts of the contour to be removed.
A possibility to obtain rotational invariance without information loss can be achieved by using
the rotation of the basic ellipse [FOLK 02]. It can be shown that the basic ellipse rotation

ϕelliptic , which is given by the phase information (ϕ−1 , ϕ1 ) of the symmetric pair of the second
Fourier descriptor (a(-1),a(1)) results:

ϕelliptic =

(ϕ−1 + ϕ1 )
2

(22)

The basic ellipse rotation can be subtracted from the Fourier descriptors’ phase information
to achieve a rotational invariant shape representation in Fourier domain. However, this
rotational invariance is limited to rotations by π.
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Furthermore, starting-point invariance can be achieved by subtracting the phase of the
second Fourier ϕ1 descriptor from all Fourier descriptor phases. These differences have to
be weighted by the order number (k) of every Fourier descriptor to achieve the starting-point
invariance [FOLK 02]:

a (k ) = a (k )⋅ e−iϕ1k

(23)

Since characteristic 2D subshapes of selected organs that were segmented in this work
show small scale and rotational variability, the most important invariances, that were used for
the publications are the translation and starting-point invariances.

4.9 The Level Set Method
4.9.1 Basic Principles of the Level Set Method
The level set method has been developed to provide a mathematical and numerically stable
description for several kinds of front propagating problems of moving surfaces in physical
and computer science applications like fluid dynamics, multi-phase-flow, crystal growth,
computer graphics or computer vision.
The basic principle of the level set method is to describe the front movement of a (n-1)dimensional hypersurface as an embedded zero level set of a n-dimensional function,
representing the hypersurface implicitly. In Langrangian formulations fronts are given and
tracked explicitly on a moving grid discretized by marker points. Opposed to Langrangian
methods, the level set method is based on an Eulerian formulation, where the front is
captured on a fixed grid and moved implicitly.
For the case of two-dimensional closed curve evolution, the three-dimensional function is
called the level set function φ and combines the spatial front evolution in x and y direction
with a time parameter t resulting in a time-dependent level set function φ ( x, y; t ) . This
formulation leads to a time-dependent initial value problem φ ( x, y, t = 0) with an initial curve
embedded as zero level set of the level set function. This initial value problem requires that
the level set function is a signed distance function [SETH 99]. Signed distance functions
have been introduced in the distance transform Section (Section 4.5). To be consistent with
the explanation of Section 4.5, signed distance functions are defined with positive Euclidean
distances inside the (initial) curve and negative Euclidean distances outside the (initial)
curve. However, the sign for the distance values can also be switched to provide positive
values outside and negative values inside.
To derive a curve evolution equation for this implicit curve representation, we adjust the level
set function over time, and require that the curve is represented by the zero level set at every
time point t:

φ ( x (t ) , y (t ) , t ) = 0

(24)

Consequently, the level set value of every interface point, whose velocity can be described
by β(t) (with β (t ) : R + → R 2 ), is constrained to be zero:
19

φ (β (t ) , t ) = 0 (25).
Time derivation using the chain rule results in:

φt + ∇φ (β (t ) , t )⋅ β '(t ) = 0 (26)
By considering that a supplies the speed in the outward normal direction

β '(t )⋅ n = a

(27)

and the normal n is given by:

n=

∇φ
,
∇φ

(28)

we can derive the level set function:

φt + a ⋅ ∇φ ( x, y, t ) = 0

(29)

The speed in normal direction can be steered by the choice of the speed parameter a, whose
sign determines if the curve shrinks or expands. Furthermore, two-dimensional curve
evolution can be illustrated as zero level sets moving on a three-dimensional (hyper)surface
(Fig. 4) for proceeding time steps.

Fig. 4: two-dimensional zero level set moving along three-dimensional surface.

Additionally, the curvature property of the curve can be incorporated and steered in a new
level set function, which results in a mean curvature (К) dependent motion given by the
divergence of the unit normal [SURI 02]:
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 ∇φ  φxxφy 2 − 2φxφyφxy + φyyφx 2

 =
κ = div 
,
3
 ∇φ 
2
2 2
φ +φ

(

x

y

)

(30)

resulting in the level set equation controlled by the mean curvature speed parameter b:

φt + a ⋅ ∇φ − b ⋅ κ ⋅ ∇φ = 0 ,

(31)

There are many advantages for the curve evolution via the Eulerian formulation of the level
set method compared to the Langrangian formulation, which uses curve tracking in explicit
manner. One of the main advantages for image segmentation is that the possibility to
perform topological changes during propagation is inherently defined in the level set
formulation. Several foreground regions containing positive distance values can easily merge
or split by using the implicit curve representation, which is hardly possible for explicit curve
tracking schemes. There exist already numerical schemes from hyperbolic conservation laws
that can be adapted to approximate the partial differential equation (PDE) for the level set
motion. Furthermore, the level set formulation facilitates the incorporation of geometric
properties i.e. the curvature, which can be expressed in separate terms and weighted
individually using weighting parameters.
4.9.2 Numerical Aspects and Implementation Techniques for the Level Set Method
One of the simplest possibilities to implement the hyperbolic level set equation is using finite
differences in form of a spatial upwind differencing scheme combined with an explicit forward
Euler time discretization. To implement finite spatial differences, forward and backward finite
differences for every spatial dimension have to be considered. The upwind differencing
scheme selects forward or backward differences for every grid location according to the
actual propagation direction of the level set function. This approximation is based on the
Godunov scheme [GOD 59] and can be formulated using combinations of minimum and
maximum functions [SURI 02, WANG 05]:

φijn+1 = φijn −∆t ⋅  max (a, 0) ∇+ + min (a, 0) ∇− 
2
2
2
2
∇+ =  max ( Dij− x , 0) + min ( Dij+ x , 0) + max ( Dij− y , 0) + min ( Dij+ y , 0) 
(32)


2
2
2
2 1/ 2

∇− =  min ( Dij− x , 0) + max ( Dij+ x , 0) + min ( Dij− y , 0) + max ( Dij+ y , 0) 


1/2

The expression (32) can be used to approximate the solution of (29). Since the level set
equation of (31) contains a mean curvature term, which includes second order derivatives, it
is a parabolic partial differential equation. The curvature-dependent term can be
approximated independently by using central differencing. If the gradients of the level set
function are unit normal vectors on the whole grid, then the mean curvature motion can be
expressed by using the Laplacian which simplifies (31) to [WANG 05]:

φt + a ⋅ ∇φ − b ⋅∆φ = 0

(33).

If the gradients of the level set function are unit normals ( ∇φ = 1 ), many geometrical
properties can be expressed more simplified. Depending on the different terms in a level set
function, the level sets near the zero level set will more or less distort or stretch the field of φ
during propagation. Consequently, a re-initialization of the level set function to preserve the
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signed distance property of ∇φ = 1 is required. There are different possibilities for reinitialization. Two methods introduced by Sussman et al. [SUSS 94] and Peng et al. [PENG
99], which use further partial differential equations for reinitialization, are implemented in this
work. They are based on the solution of:

φt = sign (φ0 )⋅ (1− ∇φ )

(34).

φ ( x, y, t = 0) = φ0

The steady state of this system is the required signed distance function. This PDE can be
discretized and expressed by:

φijn+1 = φijn −∆t ⋅ Signε (φij0 )⋅ G (φijn ) ; (35)
for numerical reasons Sussman et al. [SUSS 94] propose to smooth the sign function.
Hence, the numerical approximation of (35) results in:

Signε (φ )ij =

φij
φ + ε2
2
ij


+ 2
− 2
+ 2
− 2
0
 max (a ) , (b ) + min (c ) , (d ) −1 , if φij > 0


2
2
2
2
G (φ )ij =  max (a− ) , (b+ ) + min (c− ) , (d + ) −1 , if φij0 < 0


0
, otherwise




(
(

)
)

(
(

)
)

(36)

using forward and backward differences according to:

a = D− xφij , b = D+ xφij , c = D− yφij , c = D + y φij

(37)

An appropriate small value for ε has to be determined empirically. Peng et al. [PENG 99]
proposed to improve the approximation of the sign function by incorporating its gradient:

Sign (φij ) =

φij
2

φ + ∇φij ⋅∆x
2
ij

(38)
2

Since these PDE-based approaches do not use explicit spatial locations of the grid points but
reinitialize φ by only considering its signed distance values, they are faster than explicit
solution techniques. Thus, by using re-initialization we can consider the level set propagation
as an iterative PDE-based initial value problem that is in every time step solved only for one
(or a few) iteration(s).
A very important limitation for forward Euler schemes is the restriction for time step selection.
The time steps have to be small, since they must obey the Courant-Friedrichs-Lewy (CFL)condition [SURI 02, WANG 05]:
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 u ⋅∆t u y ⋅∆t 
 <1
max  x
+
 ∆x
∆y 

(39).

Here, ux and uy represent the velocities in x- or y-direction respectively.
Since for image segmentation only the propagation of the zero level set is important, we can
restrict the computational domain down to a narrow band around the zero level set. Thus,
only the values inside this narrow band have to be updated in every iteration. If the zero level
set touches the narrow band, the calculation stops and a new position for the narrow band is
determined depending on the actual zero level set in its center. The grid points inside the
narrow band are re-initialized and the propagation continues. Since the full-matrix approach
is very inefficient, the level set propagation can be accelerated with the narrow band
technique, how it was proposed by Sethian [SETH 99].
In the following publications, the level set method is applied for 2D MR images as well as for
3D MR datasets. For those applications, all calculations based on the presented methods
using 2D level set functions in form of φ ( x, y, t ) have to be extended to 3D level set
functions φ ( x, y, z , t ) . However, this extension does not modify the principle of the presented
methods in this Section.

4.10 Variational Techniques in Level Set Methods for Image Segmentation
4.10.1 Fundamentals of Variational Calculus
Calculus of variation is an essential part of the functional analysis domain in mathematics.
Many physical problems can be solved (or at least solved more efficiently) by using
variational calculus techniques. Initially, they were applied for special problems in classical
physics. For example in mechanics, the classical Brachistochrone problem of Johann
Bernoulli was solved successfully with variational techniques. Variational techniques were
also found to be very helpful for other classical problems. Additionally, variational techniques
have also been applied for image segmentation and other computer vision optimization
problems in the last two decades.
The goal of variational calculus is to find and analyze the extrema of functionals. Thus, their
solutions can be used for many optimization problems in computer vision. In traditional
calculus, one has to find the extrema of functions f : X → Y , whereas in variational calculus
a functional J is defined as a map from the space of smooth functions ( C ∞ (ℜ) having
derivatives of all orders) to real numbers:

J : C ∞ (ℜ) → ℜ
x2

J [ y ] = ∫ F ( x, y ( x), y '( x)) dx

(40)

x1

In many physical applications, functionals are formed as definite integrals involving unknown
functions and their derivatives. For optimization purposes in image segmentation, variational
approaches are often designed to represent the optimal solution as its (global) minimum. To
perform minimization, one has to find the functional derivative. It can be shown, that the
functional derivative (Frechet derivative) of (40) is given by:
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δJ
∂F d  ∂F 
=
−  
δ y ( x) ∂y dx  ∂y ' 
The expression

(41)

δJ
is also called the first variation of the functional J[y]. Since for a
δy

functional minimum the first variation must vanish, (41) must be equal to zero resulting in the
Euler-Lagrange equation:

∂F d  ∂F 
−  = 0
∂y dx  ∂y ' 

(42)

The Euler-Lagrange equation is a necessary condition for the existence of an extrema y(x),
but not a sufficient condition. If a functional depends on different functions y1 ( x) ,.., yn ( x) ,
then there exists for every of these functions an own Euler-Lagrange equation that has to be
solved:

δJ
∂F d  ∂F 
 = 0 , i = 1,.., n (43)
=
− 
δ yi ( x) ∂yi dx  ∂yi ' 
A more general possibility to determine the derivative of a given functional is the Gateauxderivative. The Gateaux-derivative is a generalized direction derivative and can be
expressed for a given functional J at a location x0 ∈ D ( J ) and ν ∈ Ω :

δ J ( x0 , ν ) = lim
ε→ 0

J ( x0 + ε ⋅ ν ) − J ( x0 ) dJ ( x0 + ε ⋅ ν )
=
ε
dε

ε=0

(44)

The goal for many variational optimization techniques in image segmentation is to derive
variational minimization expressions for convex energy functionals having only one global
minimum to find. However, in many cases it is very difficult to derive adequate convex energy
functionals for the challenging segmentation goal. To derive variational techniques in
combination with the level set function one has to consider the energy functional type of:

(

)

E (φ ) = ∫ F x, φ, ∇φ dx ,
ℜ

(45)

m

()

Here, the former introduced signed distance function φ x

with x ( x1 ,.., xm ) is replaced for

the general function y(x). The variable m represents the number of image dimensions. Since
variational techniques for MR dataset segmentation are used in this thesis, the number of
image dimensions is three (m=3). The resulting Euler-Lagrange equation is [SOLE 06]:
m
∂F
∂  ∂F 

−∑
= 0
∂φ i=1 ∂xi  ∂φxi 

(46)

How it was pointed out above, the Euler-Lagrange equation is a necessary condition for that
function Φ which minimizes the functional. However, the concrete function Φ fulfilling this
condition has to be found. Consequently, the central idea for variational techniques is to find
those functions, which fulfill the Euler-Lagrange condition. Analogue to the process of finding
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minima for functions, this can be achieved by applying the gradient descent method. For a
function f : ℜ n → ℜ one can move in direction of the steepest descent in ℜ n according to:

 d x
 = −∇f , x ∈ ℜ n
 dt


x (0) = x0

(47)

Similarly, beginning with an initial level set function φ ( x, y, z , t ) one can modify this function
stepwise in gradient descent manner leading to functions with decreasing functional energy:

 ∂φ ( x, y, z , t )
dE (φ )

=−

∂t
dφ

φ ( x, y, z , 0) = φ0 ( x, y, z )

(48)

In case of gradient descent convergence, a solution for the Euler-Lagrange condition was
found. In practical level set applications the temporal convergence is achieved if the level set
function does not (or hardly) change between two time iterations.
In the following chapters (4.10.2 and 4.10.3) few state-of-the-art examples for variational
level set segmentation approaches are presented. The most of them were used for twodimensional as well as for three-dimensional cases of the publications. Thus, they are
explained for two-dimensional applications using two-dimensional signed distance functions
φ ( x, y; t ) but can easily be extended to three-dimensional applications.

4.10.2 Edge-based Level Set Segmentation Methods
Edges are important image features, where segmentation objects can have their real
borders. However, in many cases, only a small subset of image edges is relevant for the
interesting object. Furthermore, in medical images many edges, that delineate organs or
tissue structures, are not visible. Despite of this, edges that represent tissue borders can be
very helpful for image segmentation.
Edges are (higher) intensity gradients in medical images, where the zero level set should
stop its propagation. Malladi et al. [MALL 95] extended the level set equation (31) containing
mean curvature flow and curve evolution in normal direction with stopping terms based on
image gradients:

g (I ) =

1
1 + ∇Gσ ∗ I

p

, p ≥1

(49a),

g (I ) = e

− ∇Gσ ∗ I

(49b)

Here, I = I ( x, y ) stands for the discrete image, the operator “ ∗ ” signifies the convolution
operation, Gσ is the Gaussian filter with a characteristic width of σ and p is a parameter to
strengthen the stopping effect of function (49a and 49b). The resulting level set equation is:

φt = g ( I )⋅ (a ⋅ ∇φ − b ⋅∆φ) (50)
A variational approach using the forces based on normal velocity, curvature speed and
image gradient information was proposed by Caselles et al. [CASE 97]. Their work can be
considered as a level set-based variational reformulation of the classical active contour (often
called “snake”) approach of Kass et al. [KASS 88]. Kass et al. derived an energy functional
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with internal contour forces and external image edge-based forces expressed in a manner of
explicit curve representation. Caselles et al. showed that this energy functional is given by
geodesics in Riemannian space leading to their geodesic active contour approach:

φt = g ( I )⋅ (a + bκ )⋅ ∇φ + ∇φ ⋅∇g ( I )

(51)

The dot product of ∇φ ⋅∇g ( I ) can be interpreted as an additional attraction force for the
zero level set. This expression attracts the zero level set near and at both sides of an edge
depending of the image gradient magnitude.

4.10.3 Region-based Level Set Segmentation Methods
Due to technical limitations (i.e. partial volume effects or a low signal-to-noise ratio) of MR
measurements, distinctive edges between different tissue structures are not always clearly
visible in MRI data. Thus, MRI data can show smooth transition regions between adjacent
organs or tissue structures, which are not appropriate for edge-based level set applications.
In such cases region characteristics of the interesting tissue structure are more helpful for
segmentation.
One of the most cited region-based level set segmentation methods which uses variational
techniques is the active contour model of Chan and Vese [CHAN 01]. Chan and Vese
derived an energy functional that considers grayvalues of foreground and background
regions combined with contour properties of length and curvature. Their model has a strong
relationship to the well-known Mumford-Shah functional [MUMF 89] and can be regarded as
a piecewise-smooth Mumford-Shah model. Furthermore, Chan and Vese express their
energy model in a level set formulation:

Fε (c1 , c2 , φ ( x, y; t )) = µ ⋅ ∫ δε (φ ( x, y; t ))⋅ ∇φ ( x, y ) dxdy + ν ⋅ ∫ H ε (φ ( x, y; t )) dxdy
Ω

Ω

+λ1 ⋅ ∫ I ( x, y ) − c1 ⋅ H ε (φ ( x, y; t )) dxdy + λ2 ⋅ ∫ I ( x, y ) − c2 ⋅ (1− H ε (φ ( x, y; t ))) dxdy
2

2

Ω

(52)

Ω

The variables c1 and c2 are the mean values of the foreground and background region(s)
updated in every time step. The parameters µ, ν, λ1 and λ2 are weighting parameters for
every term in the functional. Furthermore, they introduced a regularized version of the
Heaviside function:

H ε ( φ ( x, y; t ) ) =

 φ ( x, y ; t )  
1  2
⋅ 1 + ⋅ arctan 

2  π
ε

 

(53)

which leads to the regularized Dirac function:

δ ε (φ ( x , y ; t ) ) =

1

π

⋅

(

ε
ε 2 + φ ( x, y; t )

2

)

(54)

Using the Euler-Lagrange equation and a gradient descent approach results in a level set
equation of:
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∂φ ( x, y; t )
∂t

   ∇φ ( x, y; t )
= δ ε (φ ( x , y ; t ) ) ⋅  µ  ∇ ⋅ 
   ∇φ ( x, y; t )



2
2
  −ν − λ1 ( u0 − c1 ) + λ2 ( u0 − c2 ) 




(55)

According to Chan and Vese, a re-initialization for this region-based level set equation is
optional. Applications showed less computation time and suitable results without reinitialization, which confirms that re-initialization is not necessary.

4.10.4 Prior Shape Integration for Level Set Segmentation
Several approaches exist for prior shape level set segmentation, but only few of them
incorporate variational techniques. Leventon et al. [LEVE 00] incorporate training shapes via
their signed distance functions and model their shape variability using principal component
analysis. They combine the variational derived geodesic active contour model of [CASE 97]
with a probabilistic term modeling the maximum a posteriori estimation concerning shape,
pose and image gradients in every level set propagation step. Tsai et al. [TSAI 03] extended
the region-based variational level set method of Chan and Vese [CHAN 01] with binary mean
and variance energy functionals based on image statistics. Furthermore, they add a
variational shape alignment technique for binary images in their training phase and combine
their approach with the prior shape integration method of Leventon et al. [LEVE 00]. The
shape representation of Paragios and Rousson [PARA 04] is based on energy functionals
incorporating signed distance functions via a stochastic level set formulation. This
representation is combined with a variational level set approach for global-to-local shape
registration.
In contrast to Leventon et al. [LEVE 00], Cremers et al. [CREM 07] use a Parzen-Rosenblatt
estimator for their kernel density estimation-based shape representation to encode shape
variability via signed distance functions:

P (φ ) ∝

1
N


1


2
exp
−
d
H
φ
,
H
φ
( ε ( ) ε ( i )) (56)
∑

2

2
σ
φ
(
)
i =1

N

with:

σ (φ ) =
2

1
N

N

∑ min (d ( H
2

i≠ j

i =1

ε

(φ), H ε (φi )))

(57)

and H ε as the regularized Heaviside function (53). The expression d 2 (φ, φi ) = Eshape (φ ) is a
shape energy, where φi is aligned with respect to its center of gravity µφ (intrinsic alignment):

(

)

Eshape (φ ) = d 2 (φ, φi ) = ∫ H ε (φ ( x + µφ )) − H ε (φi ( x)) dx
Ω

2

(58)

Cremers et al. [CREM 06] derive a shape energy functional and combine it with the regionbased energy functional of Chan and Vese [CHAN 01] weighted by the factor 1/α:
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E (φ ) =

1
ECV (φ ) + Eshape (φ )
α

(59)

Gradient descent results in:

∂φ
1 ∂ECV ∂Eshape
=−
−
∂t
α ∂φ
∂φ

(60)

The functional derivative of the shape functional is given by:

∂Eshape
∂φ

∂
∑ α ∂φd ( H (φ), H (φ ))
=
2σ ∑ α
2

i

i

2

(61)

i

The invariant shape gradient is derived by using Gateaux-derivatives, which results in the
expression:

( ( ( )) ( ( )))

( ( ))

∂
d 2 H φ x , H φi x
= 2 ⋅ δε φ x ⋅
∂φ
T


x − µφ


 H ε φ x − H ε φi x − µ φ

+
⋅


H
φ
d
x
(
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ε
∫


 


'
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'
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 ∫  H ε φ x − H ε φ i x − µ φ  δ ε ⋅ φ x ⋅ ∇ φ x d x 
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(62)

( )

The force on the propagating zero level set is induced in every training shape direction and
weighted by the factor:

 1

αi = exp − 2 ⋅ d 2 ( H (φ ) , H (φi )) (63)
 2σ

Cremers et al. derive also an alternative variational level set formulation using an intrinsic
scale factor. However, this alternative formulation is not used in the following publications.

5. Scientific Contributions of the Author with Explanation of Own
Input for All Publications
This work summarizes the scientific contributions of four different publications that were
published in the years 2009-2011. The publications are listed below and their published
versions are presented subsequently in the appendix C of the doctoral thesis in the same
order as they are listed here. All publications are over-length manuscripts according to the
journal and publisher rules and are presented in their special format styles that are required
by the publishers. After this listing the input of the author for every of the four publications is
explained in more detail.
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In section 5.2 a new contribution of the author is explained, that is not published already but
intended for submission.

5.1 Listed Contributions (1 - 4)

Contribution 1 (Published Version in Appendix C):
(1) Gloger O., Ehrhardt, M., Dietrich, T., Hellwich, O., Graf, K., Nagel, E. A threestepped
coordinated level set segmentation method for identifying atherosclerotic plaques on MRimages. Communications in Numerical Methods in Engineering 2009;25(6):615-638.

Contribution 2 (Published Version in Appendix C):
(2) Gloger O., Kühn, J., Stanski, A., Völzke, H., Puls, R. A fully automatic three-step liver
segmentation method on LDA-based probability maps for multiple contrast MR images.
Magnetic Resonance Imaging 2010;28(6):882-897.

Contribution 3 (Published Version in Appendix C):
(3) Gloger, O., Tönnies, K.D., Kühn, J.: Fully automatic liver volumetry using 3D level set
segmentation for differentiated liver tissue types in multiple contrast MR datasets, 17th
Scandinavian Conference on Image Analysis, SCIA 2011, Ystad, Sweden, May 23- 27,
2011, pp. 512-523.

Contribution 4 (Published Version in Appendix C):
(4) Gloger, O., Tönnies, K., Liebscher, V., Kugelmann, B., Laqua, R., Völzke, H.: Prior shape
level set segmentation on multi-step generated probability maps of MR datasets for fully
automatic kidney parenchyma volumetry. To appear in: IEEE Transactions on Medical
Imaging
The author of this doctoral thesis is the main author of all listed publications. All publications
including the necessary work were performed predominantly by the main author. Hence, the
main authors input for all listed publications can be summarized as follows:
The idea of the main concept of every publication including the used algorithms was
performed by the main author. The most publications describe frameworks for segmentation
purposes. The main author was responsible for method contribution and framework design.
The main author introduced new algorithms and methods. The implementation for all used
algorithms was performed completely by the main author. The test design was arranged by
the main author; hence, all separate method tests and the final tests of the whole frameworks
were performed completely by the main author. The calculations and evaluations of the
results were accomplished by the main author. The main author composed all publications
by his own but was assisted by several co-authors. The design and structure choice was
arranged by the main author. Some co-authors consulted the main author in selected
theoretical questions and in his method description. The main author obtained very valuable
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support for structure improvement, text comprehension and writing style by some of the coauthors. Furthermore, the training model generation and ground truth generation for result
evaluation was performed or at least assisted by few co-authors who are medical experts.
The valuable assistance can be summarized for every publication separately: In publication
(1) the ground truth was performed by Thore Dietrich and valuable medical advice was given
by the cardiologist Eike Nagel. Advice for numerical questions was given by Matthias
Ehrhardt. In publication (2) medical and radiological-specific advice was given by Jens Kühn
and Ralf Puls, who performed and assisted ground truth generation. Epidemiological advice
and helpful writing style corrections were given by Henry Völzke. In publication (3) valuable
structuring hints and writing style support was given by Klaus Tönnies. Furthermore, fat liverspecific information and ground truth generation was assisted by Jens Kühn. In publication
(4) the structure of method presentation was influenced by Klaus Tönnies who also
supported very helpfully the written presentation style of the manuscript. Valuable medical
and epidemiological advice and writing style hints were given by Henry Völzke. Ground truth
generation was arranged by Rene Laqua. Helpful mathematical advice was given by Volkmar
Liebscher and Bernd Kugelmann. Volkmar Liebscher assisted helpfully in mathematical
decisions during major revision process.
The author is also co-author in two further publications that are not summarized in this
doctoral thesis but have influenced the process of the work. Hence, they were considered
during this work and should be mentioned:
(5) Völzke H., Gloger, O., Ivanovska, T., Schmidt, C.O., Langanke, M., Assel, H., Hosten, N.,
Puls, R. Klinische Bedeutung bildgebender Verfahren in populationsbasierter Forschung.
Deutsche Medizinische Wochenschrift 2010;135(30):1491-1496.
(6) Völzke, H. Alte, D., Schmidt, C.O., Radke, D., Lorbeer, R., Friedrich, N.,Aumann, N., Lau,
K., Piontek, M., Born, G., Havemann, C., Ittermann, T., Schipf, S., Haring, R.,
Baumeister, S.E., Wallaschofski, H., Nauck. M., Frick, S., Arnold, A., Jünger, M.,
Mayerle, J., Kraft, M., Lerch, M.M., Dörr, M., Reffelmann, T., Empen, K., Felix, S.B.,
Obst, A., Koch, B., Gläser, S., Ewert, R., Fietze, I., Penzel, T., Dören, M., Rathmann, W.,
Haerting, J., Hannemann, M., Röpcke, J., Schminke, U., Tost, F., Rettig, R., Kors, J.A.,
Ungerer, S., Hegenscheid, K., Kühn, J.P., Hosten, N., Puls, R., Henke, J., Gloger, O.,
Teumer, A., Homuth, A., Völker, U., Schwahn, C., Holtfreter, B., Polzer, I., Kohlmann, T.,
Grabe, H.J., Rosskopf, D., Kroemer, H.K., Kocher, T., Biffar, R., John, U., Hoffmann, W.
Cohort Profile: The Study of Health in Pomerania. International Journal of Epidemiology
2010.
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5.2 Contribution 5: Extended Parenchyma Volumetry Approach Using a
Variational Technique for Outer Cortex Edge Alignment
Since several level set-based optimization techniques using calculus of variation were
successfully applied for image segmentation problems (i.e. [CASE 97, CHAN 01, CREM 06]),
a new optimization approach as variational extension of the parenchyma volumetry
publication (contribution 4) is tested in this work. Similar to former approaches, an energy
functional is derived, that shall contribute to align the zero level set with the outer cortex
edges. The optimized outer cortex edge alignment force uses level set-based expressions
and is combined with the other forces of contribution 4 (shape-driven and image-driven
forces) to attract the zero level set to the outer cortex edges. According to the gradient
descent principle, the initial level set function is recalculated iteratively influenced by the
image-driven and shape-driven force until the level set propagation terminates. In
combination with such forces, a maximization of a proposed energy functional is applied to
derive an outer cortex edge alignment force by using the gradient ascent principle. The final
zero level set represents the optimal segmentation result influenced by the three forces,
which can be weighted separately using weighting parameters. Since the used shape and
image data optimization approaches were introduced by [CREM 06] and [CHAN 01] and
described in contribution 4, only the optimization of the energy functional for the outer cortex
edge alignment is described in the following.
For the intended optimization, the following energy functional is used:

E (φ, ∇φ ) = ∫∫∫
Ω

2



∇I 

δε (φ )⋅ max ∇φ +
− T , 0⋅ d Ω



∇
I



(64)


∇I 

Here, δε (φ ) is the regularized Dirac function according to (54) and the term ∇
φ
+

∇I 


2

has a similar filtering effect to enhance the outer cortex edges like the term ∇φ ⋅∇I , which is
used in contribution 4. I=I(x,y,z) stands for the cortex probability map (introduced in
contribution 4) which is used as the image function in this extended approach. Since
reinitialization generates normalized gradients for the signed distance function ( ∇φ = 1 ) and
dividing the image gradients ∇I by their magnitudes ∇I also results in normalized image
gradients (for simplification we use now ∇I n =

∇I
), the used gradients ( ∇φ, ∇I n ) are both
∇I

normalized. This functional optimizes in a small neighbourhood around the zero level set the
alignment between normalized cortex probability map gradients ∇I n and gradients of the
signed distance function ∇φ . The co-domain of the quadratic term lies in the range [0;4] and
is influenced by the dot product of the normalized gradients. The more the gradients show in
the same direction, the higher is the value of the quadratic term. Experiments show that the
optimization using only the quadratic term ( ∇φ + ∇I ) instead of the maximum function in
2

(64) may also result in local extrema, where gradients have opposed directions. Thus, the
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effect of opposed directed gradients is removed by using a maximum function and the
threshold T=2, which optimizes alignments of gradients directed into same directions.
Since previous segmentation steps result very often in starting surfaces that encircle
parenchyma tissue, the threshold of T=2 can be used to extract probability map gradients,
that are aligned in the same direction with the signed distance map gradients and represent
most probable outer cortex edges. The optimization of this functional can then be applied to
fix the zero level set in a small neighbourhood of the outer cortex edges. The small
neighbourhood of the zero level set is controlled by the regularized Dirac function δε (φ ) . For
optimization, the Euler-Lagrange equation (46) can be calculated and the result parts of this
equation are listed here (using M = (∇φ + ∇I n ) ≥ T for short and F as integrand according
2

to (45)):

∂F
−2φ M
2
= δε (φ )⋅ 2
⋅ (∇φ + ∇I n ) (65 a)
2
∂φ
ε +φ
∂F
= δε (φ )⋅ 2 M ⋅ (φx + I x ) (65 b)
∂φ x

 −4 M φφx

∂  ∂F 
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+
I
+
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+
I
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(
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x
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The remaining parts of the Euler-Lagrange equation for the y- and z-dimension can be
calculated analogically, which results in:

 −2 M φ

4 M φφx
2
 2
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2 (
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Since the regularized Dirac function is factored out from the left part of (66), this term can be
combined easily with the shape- driven and data-driven forces of [CREM 06] and [CHAN 01].
According to (48) gradient descent is used to minimize the functional energy of [CHAN 01]
and [CREM 06]. Gradient ascent is used to maximize the functional energy of the (64),
consequently, (66) represents the term for the outer cortex edge alignment force.
In the following two Figures the different, initial forces and the zero level set for the first level
set iteration for an upper transversal slice (Fig. 5) and a lower transversal slice (Fig. 6) are
shown. The corresponding final level set segmentation results together with the relevant
contributing forces can be seen in Fig. 7 and Fig. 8 for both selected slices.
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Fig. 5: separate results and contributing forces for an upper transversal slice of initial level set segmentation step.
(a) zero level set (blue) depicted on cortex probability map. (b) Corresponding slice for term (∇φ + ∇I n ) , (c)
2

outer cortex edge alignment force, (d) image-driven force, (e) shape-driven force and (f) denoised original slice
with zero level set depicted in blue.

Fig. 6: separate results and contributing forces for a lower transversal slice of initial level set segmentation step.
(a) Zero level set (blue) depicted on cortex probability map. (b) Corresponding slice for term (∇φ + ∇I n ) , (c)
2

outer cortex edge alignment force, (d) image-driven force, (e) shape-driven force and (f) denoised original slice
with zero level set depicted in blue.
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Fig. 7: separate results and contributing forces for an upper transversal slice of final level set segmentation step.
(a) Zero level set (blue) depicted on cortex probability map. (b) Corresponding slice for term (∇φ + ∇I n ) , (c)
2

outer cortex edge alignment force, (d) image-driven force, (e) shape-driven force and (f) denoised original slice
with zero level set depicted in blue.

Fig. 8: separate results and contributing forces for a lower transversal slice of final level set segmentation step. (a)
Zero level set (blue) depicted on cortex probability map. (b) Corresponding slice for term (∇φ + ∇I n ) , (c) outer
2

cortex edge alignment force, (d) image-driven force, (e) shape-driven force and (f) denoised original slice with
zero level set depicted in blue.
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The variationally derived outer cortex edge alignment can only slightly improve the
segmentation results that could be achieved without using an outer cortex edge alignment
force. Furthermore, the results of the variational outer cortex edge alignment are worse than
the results for the outer cortex edges that could be achieved by using the proposed stopping
and attraction forces of contribution 4 (s. table 1 below and table 1 of contribution 4).
Table 1: listed segmentation quality measures (ve=volume error, oe: overlap error, vo=volume overlap, dice= dice
coefficient) for right and left renal parenchyma. (Please note the listed quality measure definitions in Section 4.8 of
contribution 4 for further comparison). The same 30 test probands as in contribution 4 were used.

right parenchyma
ve

oe

left parenchyma

vo

dice

ve

oe

vo

dice

mean:

0,091

0,218

0,805

0,887

0,114

0,239

0,790

0,870

std:

0,059

0,057

0,050

0,034

0,064

0,064

0,060

0,043

The results show that the segmentation quality is worsened if the zero level set is pushed
away from the outer cortex edges. This repulsion effect can be observed at positions of the
zero level set where it is located inside but adjacent to the outer cortex edges. The repulsion
effect can be explained by the term

φ
, which is contained in several partial derivatives
φ + ε2
2

of the regularized Dirac function and shows opposite signs in the small neighbourhood of the
zero level set (Fig. 9). The derivative of the regularized Dirac function is contained in nearly
every term of the Euler-Lagrange equation (s. (67)). The opposite signs inside the small
neighbourhood of the zero level set can also be seen in Fig. 6 (c) and Fig. 8 (c). However,
several tests show, that the variationally derived force of the outer cortex edges supports the
segmentation results if the zero level set is not located in a small ε -dependent
neighbourhood inside the cortex.

Fig 9: term

φ
φ +ε
2

2

contained in several terms of the Euler-Lagrange equation (67) showing negative signs

adjacent and outside the segmented area, which is delineated by the zero level set (blue) and positive signs
inside the area.
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6. Contribution Summary and Result Discussion
In this section, the results of every contribution are summarized and their essential benefits
and significance for the whole work are discussed before a resulting conclusion is drawn in
section 7. Every contribution is summarized separately in the following subchapters and
important informations to evaluate their application domains are given. In this section, the
reader should obtain an overview of the relevant findings of every contribution and all
contributions in combination with their results are described in the perspective of the whole
thesis.

6.1 Contribution 1: A Threestepped Coordinated Level Set Segmentation
Method for Identifying Atherosclerotic Plaques on MR-images

This approach coordinates three different steps using the level set method in three different
variants to segment atherosclerotic plaques on MR-images. MR-images are denoised by
using anisotropic diffusion techniques and the denoised data of different weightings are
combined according to the requirements of every level set segmentation step. Existing level
set approaches are applied and adapted to extract the media in the first two steps, whereas
a new approach is proposed in the third step to segment atherosclerotic plaque patterns in
the segmented media.
A novel, local weighting concept is designed to identify conspicuous plaque patterns inside
the arterial wall. Since technical limitations can attenuate MR-intensities along certain
directions leading to different MR-intensities of similar tissue, MR-intensities have to be
compared locally. The local weighting concept takes local MR-intensity properties of healthy
media tissue into consideration to distinguish them from plaque-similar MR-intensities in their
environment inside the media. Furthermore, the influence of a maximal shrinking distance
(MSD) for the segmentation results is examined, which can be determined as minimal
Euclidean distance on the segmented arterial wall.
The segmentation results show, that the level set method is an appropriate method to
delineate several tissue structures assisted by their ability to overcome topological changes
without problems. In the first two steps, the arterial wall can be segmented successfully by
adapting two similar level set methods to the MR-image material. Furthermore, it could be
shown, that the level set method can be used and extended successfully to segment
atherosclerotic plaques inside the arterial wall. The proposed kind of extension is a factorial
extension in the partial differential equation of the level set method allowing the zero level set
to delineate plaque patterns inside the arterial wall.
The incorporation of the MSD can improve the segmentation results in case of neointimal
plaque formations at the inner media wall. If no plaque structures exist, the MSD concept
reduces the segmentation quality. However, it reveals vessel wall abnormalities, which are
no plaque tissue but can lead to plaque formations in further progress of atherosclerotic
illness.
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It should be considered, that the application of supervised classification or segmentation
techniques was not suitable due to the small amount of MR-image material. 12 different
specimens were available containing 256 adjacent MR-slices. However, most slices of a
specimen were similar. Hence, three MR-images were analyzed from every specimen that is
maximally remote from each other to show as much different image material as possible.
However, neither 12 different MR-images from every specimen nor 36 MR-images are
sufficient image data for training and evaluation purposes.
Furthermore, the shape of the vessel wall including the plaque tissue was altered during
preparation phase. The deformations of the vessel shape were individual and distinct from
each other. Hence, prior shape segmentation techniques could not be applied to obtain
reliable results.

6.2 Contribution 2: A Fully Automatic Three-step Liver Segmentation Method
on LDA-based Probability Maps for Multiple Contrast MR Images

Opposed to the former work for the plaque segmentation on 2D MR-images, liver
segmentation is performed to achieve volumetry of the liver in 3D MR-datasets. Since the
MR data material consists of four different weightings for every proband, all different
weightings should be taken into account for the segmentation process. Furthermore, this
framework is designed for an epidemiological study in which sufficient MR-datasets are
available. Thus, supervised techniques for machine learning methods can be applied to
produce higher segmentation qualities.
The linear discriminant analysis (LDA) is used as dimension reduction technique to generate
probability maps in combination with a Bayesian learning approach. In a training phase, fourdimensional vector voxels of liver and background tissues are collected. The vector voxel
dimensionality is reduced to one dimension by preserving as much discriminant information
between the liver and background class as it is possible in linear sense. The determined
projection axis of this training phase is used for vector voxel projection to calculate
dimensionality reduced data from new MR-datasets in the application phase. Histogrambased distributions of the dimensionality-reduced data are used as likelihood-probabilities for
Bayesian learning resulting in a posteriori liver probability maps. Class-specific position
probabilities are also incorporated in the Bayes theorem to improve the probability map
quality for the following segmentation purposes. This approach can easily be extended for a
three-class case between liver, kidney and background, which is used for a proposed, novel
refinement approach in a later framework step.
The produced probability maps provide the basic concept for segmentation and can be
considered as segmentation preparation step. A slicewise region growing segmentation is
performed in the probability maps. Stopping criterions for the region-growing algorithm are a
minimal probability value and a maximal two-dimensional curvature value for the boundaries
of every segmented slice. The liver segmentation concept performs an extra slicewise
segmentation for the left liver part using the proposed consecutive threshold technique.
Several refinement techniques are proposed to improve the segmentation results of the
threestepped region growing approach. Oversegmented kidney areas are removed by using
difference datasets of two-class-based and three-class-based probability maps, region37

shrinking methods are adapted to reduce oversegmentations and Fourier descriptors are
applied for final border refinement.
However, for probability map generation it has to be considered that several probands in the
SHIP-study show fatty livers with different fat quota. Since fatty livers show different MRintensities than non-fatty livers in the four MR-weightings, the application of new MRdatasets containing non-fatty livers in combination with trained parameters of fatty liver
samples and vice versa show lower segmentation qualities. Thus, liver samples from fatty
livers and non-fatty livers are collected separately to learn the method’s parameters for
preparing two different probability map generations. A method to distinguish automatically
fatty livers from non-fatty livers is implemented in addition. Hence, probability maps can be
generated appropriately according to the present fat liver type. This flexible approach
increases the segmentation quality for both liver tissue types.
In general, however, segmentation errors for fatty livers (11.4 % volume error) are higher
than for non-fatty livers (8.3 % volume error) owing to lower contrast of fatty livers in MRdatasets. Therefore fatty livers show less MR-intensity differences to adjacent tissue types in
the background class resulting in less distinctive probability values for fat liver tissue, which
reduces the probability map quality for the following region growing segmentation.

6.3 Contribution 3: Fully Automatic Liver Volumetry Using 3D Level Set
Segmentation for Differentiated Liver Tissue Types in Multiple Contrast MR
Datasets

This contribution uses the same probability map generation technique like contribution two,
where a LDA-combined Bayesian learning approach with incorporated liver position
probabilities is designed. Opposing to the slicewise connected region growing segmentation
method of contribution two, this contribution applies a complete 3D level set segmentation
approach. The geodesic active contour approach is adapted for three-dimensional MRdatasets and subdivided into a coarse segmentation step for lower resolved probability maps
and a fine segmentation step for originally resolved probability maps. A sigmoid
transformation is performed for the gradient magnitudes of the probability map providing
more suitable conditions to construct the edge-based stopping term of the level set
segmentation approach.
The presented framework incorporates a novel segmentation refinement approach to reduce
overspills which uses distance maps calculated by an Euclidean distance transformation
based on the zero level set of the level set segmentation result. A stepwise shrinkage
algorithm according to the isocontours (level sets) of the distance map and beginning with
the binary level set segmentation result controls if label separations occur during shrinkage
and separates those labels, which do not belong to the liver from the label containing the
liver. The results show, that the label inclosing the probability map maximum represents the
liver part and the separated labels can be considered as overspills. The shrinkage algorithm
terminates with a maximal shrinkage distance to avoid label separations inside the liver.
However, a method to recognize the transition region between liver and kidney tissue was
developed. Hence, the shrinkage algorithm continues until the maximal distance of the
distance map is reached only to remove overspills especially in this transition region.
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The same method of contribution two to differentiate automatically between fatty and nonfatty livers and to generate liver probability maps according to the present liver tissue type is
implemented for this 3D level set framework.
Several error measures are analyzed and it could be shown that the three-dimensional level
set approach provides better segmentation results than the slicewise connected regiongrowing method of contribution two. Furthermore, the results show that the refinement
approach can improve the segmentation quality. This quality improvement is better for nonfatty livers, because the lower probability map quality for fatty livers can show broader
overspills into adjacent tissue, which cannot be removed by the refinement approach as
successful as in non-fatty liver probability maps.
Contribution two and three follow the proposed principle of segmentation in a-posteriori
probability maps, which are calculated by using the LDA-based dimensionality reduction
technique in a former framework step.

6.4 Contribution 4: Prior Shape Level Set Segmentation on Multi-Step
Generated Probability Maps of MR Datasets for Fully Automatic Kidney
Parenchyma Volumetry

A fully automatic framework consisting of several steps, in which different methods are
adapted for 3D MR-dataset segmentation, was developed to perform renal parenchyma
volumetry. The proposed framework generates and stepwise improves probability maps that
are used as image information part incorporated in a final prior shape-based level set
segmentation step. Several important, renal parenchyma features assisting the parenchyma
segmentation process are collected by manual trained 3D parenchyma models from SHIPprobands during an initial training phase.
The modularized framework starts to determine regions, where left and right renal
parenchyma is most likely to find by collecting manually trained left and right parenchyma
masks of several MR-datasets in the training phase. Probability maps for renal parenchyma
tissue and renal cortex tissue are generated using a Bayesian probabilistic approach. Liver
parts are recognized and removed in the parenchyma probability maps using a proposed
algorithm based on distance transformed binary datasets calculated by a maximum a
posteriori approach. The proposed new stepwise shrinkage method of contribution three is
extended to separate low connected tissue regions from the parenchyma containing 3D
label. In case of label separations, the parenchyma containing 3D label is recognized by
applying a novel algorithm that compares the Fourier descriptors of the label slices with
trained Fourier descriptors of horseshoe-like shapes in inner transversal parenchyma slices
collected in the training phase. The probability maps are refined by attenuating low
connected non-parenchyma tissue regions.
A final level set segmentation step is used to improve the segmentation results of the former
steps. The level set segmentation uses the refined probability maps as image force and
combines it with a shape force based on prior shape information of the trained 3D
parenchyma shapes. To improve the segmentation results, new alignment forces are defined
to align the zero level set at outer cortex edges, which are calculated using renal cortex
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probability maps. The framework can also recognize renal cysts that are removed in a final
thresholding step.
The segmentation results are promising which justifies the framework application in
epidemiological studies. Furthermore, the results show that the incorporation of outer cortex
edge alignment improves the segmentation quality.
Probands showing very low abdominal fat accumulation have more surface contacts
between adjacent tissues, which cause compacter probability maps. Liver part recognition as
well as horseshoe-shape detection is more complex in compacter probability maps. Empirical
tests show that the segmentation results of such probands are worse due to those reasons.
Fortunately, the results for probands with low abdominal fat quota show, that the outer cortex
edge alignment forces can improve the segmentation also in compact probability maps.

6.5 Contribution 5: Extended Parenchyma Volumetry Approach Using a
Variational Technique for Outer Cortex Edge Alignment

Variational methods for level set segmentation are popular techniques in the domain of
image segmentation and have proven their impact in related work. However, energy
functionals for variational image segmentation have to be well derived in order that they can
achieve good segmentation results or assist in improving segmentation results if they are
combined with other methods. The results of the variational derived outer cortex edge
alignment show only slightly better segmentation results, which might be explained by the
derivative of the regularized Dirac function. Future work should show if modified energy
functionals of the proposed functional of (64) can improve the segmentation results without
showing side effects that could be observed by using the proposed energy functional (64) or
if completely new functionals have to be tested. In particular, the proposed outer cortex edge
alignment force will be tested for several ε - values to determine their impact for the
segmentation results. Additionally, alternative regularizations for the Dirac function will be
used to avoid possible repulsion effects, which can happen in some cases.

Additional remarks for all contributions
Several denoising methods have been tested to reduce noise and MR-artifacts as well as to
homogenize MR-datasets for segmentation purposes. It got obvious, that linear filtering
methods smoothed MR-image material but did not preserve relevant edge information
between adjacent tissues. Appropriate denoising results for MRI-data were produced by
using modified partial differential equations as extensions of the heat equation. Diffusionbased denoising methods of Perona and Malik [PERO 90] and the mean curvature diffusion
equation (MCDE) of Whitaker and Xue [WHIT 01] were tested to denoise the MR-data
material. The MCDE was found to provide the best denoising results and was used for MRimage data denoising as preparation step in all contributions. To conserve computing time
the C++-based MCDE of the ITK-C++-library [IBAN 05] was used in the frameworks.

40

7. Conclusion
The initial goal of this work was to select and to use segmentation methods, which are
appropriate to segment organs and tissue structures in MRI data. However, image
segmentation is known to be a very challenging task for fully automatic applications and
there are even stronger requirements for useful automatic segmentation of MRI data due to
the explained reasons in section three. The complex nature of MRI data segmentation
including assisting frameworks for epidemiological organ volumetry got obvious during the
work for all listed contributions that deal with automatic segmentation of cardiological MRI
data and fully automatic volumetry of abdominal organs for an epidemiological study. Thus,
existing methods have to be extended and new methods have to be developed to fulfill the
high MRI data segmentation requirements of every contribution.
The segmentation requirements of the four listed publications were the automatic
identification and segmentation of atherosclerotic plaque structures including neointimal
plaque formations and chronic plaque structures in exceptional 2D MRI data of iliacal vessels
in human specimen. Furthermore, fully automatic segmentation of liver and renal
parenchyma tissue in 3D MR datasets was required to perform organ volumetry that can
assist medical experts in epidemiological studies.
The level set method was found to be a flexible method to fulfill the high segmentation
requirements in MRI data. Beginning with an initial curve for 2D image data (or surface for
3D image data) as the zero level set of a signed distance function, the level set method
steers curve evolution according to time-dependent partial differential equations. The level
set method can perform topological changes easily, which can be very important to
overcome obstacles during propagation like MR artifacts or tissue with different properties
showing modified MR-intensities (e.g. organ cysts, inflammations, cancer, inner organ parts).
The implicit formulation using signed distance functions can segment structures with subpixel accuracy. The level set method offers the possibility to add new forces to the
segmentation process that can be mathematically expressed e.g. using geometrical
properties like curvature. A very promising advantage is the possibility to incorporate the
flexible level set approach in an optimization strategy using variational techniques. Here,
principles for convex optimization can be applied to derive problem-specific and high-level
energy functionals.
The mentioned advantages were helpful for all applied level set techniques; consequently,
the level set method could be adapted and extended successfully for the segmentation
purposes in four of the five contributions. The level set method was extended by using
additional forces (e.g. the outer cortex edge alignment forces for the renal parenchyma
volumetry or the local weighting concept for atherosclerotic plaque segmentation) that were
incorporated to assist the segmentation process. Existing variational techniques could also
be used to combine them in a modularized framework for successful segmentation.
However, contribution 5 shows that energy functionals for the variational segmentation
improvement have to be designed carefully.
Unfortunately, due to the explained high segmentation challenges for MRI data, adapted
level set methods were not sufficient to achieve segmentation qualities satisfying all
requirements of every contribution without further supplementations. Consequently, the used
level set techniques have to be combined with further methods. This requires well-designed
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frameworks, in which all methods are coordinated in a modularized manner. Hence, such
frameworks had to be developed in this work to ensure sufficient segmentation quality for
scientific investigations in the context of epidemiological studies or cardiological-relevant
projects.
A very successful method with which the level set method was combined in the frameworks
is an extended probabilistic approach that is proposed in this work. A LDA-based dimension
reduction technique combined with a Bayesian learning approach, which incorporates liver
and background position probabilities, has proven of value to generate qualitative 3D a
posteriori probability maps. Such probability maps are used to enhance liver tissue of MRI
data. Similarly, probability maps are generated for renal parenchyma and renal cortex tissue
without using the LDA-based dimension reduction technique. The advantage of such
probabilistic approaches is their extensibility to integrate position probabilities that improved
the probability map quality decidingly.
The probability map generation is an essential enrichment for the success of the
implemented frameworks. Particularly, probability maps can be used as image force for level
set segmentations, that use edge-based (e.g. the geodesic active contour approach of
Caselles et al. [CASE 97]) or region-based (e.g. the approach of Chan and Vese [CHAN 01])
energy functionals and can be combined flexibly with other functional terms (e.g. prior shapebased terms). This could be demonstrated in contribution three, four and five.
Hence, instead of performing segmentation in original MRI data, segmentation in generated
probability maps maintains an advantageous and central principle, which has established in
this work.
The used dimension reduction property of the LDA for probability map generation is a fast
und useful technique to reduce the vector sample dimensionality of the different MR
weightings in this work by preserving as much discriminant information as possible in a linear
sense, which got obvious during result calculation and comparison with principal component
analysis (PCA) and support vector machines (SVM). Since LDA is a supervised and classdifferentiating method, it was possible to incorporate it into a Bayesian learning technique.
Dimension reduction using PCA was less successful to use them for further segmentation
approaches. The LDA-based probabilistic method was also more convenient to apply them
for more than two classes. The application for a three-class case of liver, kidney and
background showed that liver and kidney transition regions could be enhanced, which
facilitates to apply refinement methods. Thus, the LDA-based probabilistic method can be
extended to more classes and provides more possibilities to derive new techniques in a
modularized framework. Furthermore, in case of classification, LDA can manage more
classes and is therefore more useful than other classification techniques like SVM, which is
limited to two classes.
Furthermore, the application of two different segmentation methods using various refinement
methods for LDA-based probability map segmentation could be tested in publication two and
three. In publication two a slicewise connected 3D region growing method was developed,
because the 3D region growing method provided worse results including more
oversegmentations. The slicewise connected 3D region growing method of publication two
can be compared with the 3D level set method of publication three. The 3D geodesic active
contour approach shows better segmentation results for non-fatty livers (4.7 % volume error)
than the proposed slicewise connected 3D region growing method (8.3 % volume error).
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However, the results for fatty livers are similar for both approaches, which might be justified
by the less probability map quality for fatty livers. This can result in broader
oversegmentations that could not be reduced by the proposed segmentation refinement
methods as successful as for non-fatty liver probability maps.
In the frameworks of publication two and four, Fourier descriptors were incorporated. Fourier
descriptors were used to recognize characteristic 2D organ shapes and for segmentation
refinement. Fourier descriptor methods are fast shape comparison methods and have
maintained their value for shape refinement as part of framework modules in this work.
The tested modularized frameworks are of great advantage to integrate and combine several
different methods. Several solution variants of such frameworks show that not only existing
methods could be combined principally but also existing methods were extended
successfully and novel developed methods could be incorporated. Consequently, the
frameworks could be adapted to satisfy the requirements of specific segmentation problems.
In this work could be demonstrated, that such problem-specific framework designs make the
combined approaches well applicable for epidemiological studies. Volumetric applications in
epidemiological studies require flexible methods that can be extended to incorporate objectspecific or segmentation-specific features. Particularly, the flexible combination possibilities
of well-designed probabilistic approaches with problem-specific variational techniques were
demonstrated successfully in this work, which allow applying problem-specific level set
equations.
Since MRI data segmentation is a challenging problem and there exist numerous different
segmentation requirements for epidemiological applications, well-designed and problemadapted frameworks will have essential importance for future tasks. This work should
demonstrate the useful combination possibilities for framework design especially for MR data
segmentation in epidemiological-relevant organ volumetry. Finally, this work shall encourage
developing problem-specific frameworks to generate fully automatic segmentation
approaches for MRI data in future applications and finalize by remembering the citation of
[DUNC 00]:
“…no one algorithm can robustly segment a variety of relevant structures in medical
images over a range of datasets”.
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SUMMARY
In this work we propose an adapted level set segmentation technique for the recognition of atherosclerotic
plaque tissue on magnetic resonance (MR) images. The images are 2D cross-sectional images and show
different profiles from ex vivo human vessels with high variability in vessel shape. We used a curvaturebased anisotropic diffusion technique to denoise the MR-images.
The segmentation technique is subdivided into three level set steps. Hence, the result of every phase
serves as constructive knowledge for the next level set step. By analyzing and combining carefully all
available channel information during the first and second step we are able to delineate exactly the vessel
walls by using and adapting two well-known level set segmentation techniques.
The third step controls an enclosing level set which separates the plaque patterns from healthy media
tissue. In this step we introduce a local weighting concept to consider intensity information for conspicuous
plaque patterns. Furthermore, we propose the introduction of a maximal shrinking distance (MSD) for
the third level set in the vessel wall and compare the results of the local weighting algorithm with and
without the concept of the MSD. The incorporation of locally weighted intensity information into the
level set method allows the algorithm to automatically distinguish plaque from healthy media tissue. The
knowledge of the MSD can improve the segmentation results and enables to delineate tissue areas where
plaque is most likely. Copyright
2009 John Wiley & Sons, Ltd.
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1. INTRODUCTION AND MOTIVATION
Atherosclerosis is a serious disease affecting the arterial blood vessels. It is a continuous process in
which certain substances (e.g. cholesterol) accumulate within the vessel wall. This accumulation
may cause a slow reduction of the vessel lumen causing a deterioration of blood flow during
exertion, or—in the case of a ‘vulnerable’ plaque—rupture suddenly causing a closure of the vessel,
which leads to a myocardial infarction (heart attack) or stroke. Thus, it is of most importance to
discriminate between stable and unstable plaque and predict potential plaque rupture.
With magnetic resonance (MR) imaging (MRI) it is possible to visualize all parts of the body—
including the heart and the vessels—with high spatial resolution (typical values for in-plane
resolutions in clinical research are about 400 lm×400 lm for human plaques in coronary arteries
and about 500 lm×500 lm for aorta plaques). It is possible to visualize plaque in larger vessels,
such as the aorta and the carotid arteries with state of the art MR scanners and to characterize plaque
components. Methods for automatic plaque segmentation of carotid plaque have been proposed [1]
and allow for serial assessment of plaque size and its lipid core. Similarly, vessel wall imaging of the
coronary arteries is possible and first clinical data are available [2–4]. However, the rapid motion
of the coronary arteries in combination with the small vessel size has made plaque characterization
in the coronary arteries impossible. Potential future developments will improve spatial resolution,
overcome motion artifacts by motion compensation algorithms [5, 6] or specifically enhance those
components of a plaque, which cause plaque rupture using specific contrast agents [7, 8].
Owing to prospective improvements in MR-image resolution we aim to test modern segmentation
techniques for higher in-plane resolutions of 79 lm×79 lm, which is of course five to six times
higher than usual. Informations about segmentation success for this type of MR-images should
help to estimate the benefit of level set segmentation techniques for plaque images in general. If
we expect higher resolutions for aorta or coronary arteries in future, this contribution represents a
pioneer work for automatic segmentation of prospective image resolutions.
Primarily, we applied pixel-oriented classification algorithms (i.e. k-means) and low-level
segmentation approaches (i.e. watershed-segmentation, region growing, presegmentation with
scale space concepts [9]) for plaque identification, but stated that suchlike approaches failed in
most circumstances. To facilitate automatic image analysis and to reduce observer variability we
propose a new algorithm for the assessment of plaque images. In contrast to previous methods
with probabilistic approaches we provide a technique that subdivides healthy media tissue from
plaque with a closed contour into two resulting subparts. This bordering closed contour guarantees
an important local closeness to distinguish between plaque and healthy media tissue during the
segmentation process.
Atherosclerotic plaques cannot be differentiated on MR-images by the information of gray
values alone, but have an associated regional context. We know, however, that atherosclerotic
plaques are located within or adjacent to the arterial walls. Consequently, we are interested in
a segmentation technique that—in a first step—can segment the arterial vessels and then—in a
second step—can recognize relevant plaque structures in the vessel walls. Since vessel boundaries
in 2D cross-sections must present closed loops, we used a segmentation technique based on active
contours as an appropriate starting point.
The model of active contours has been introduced by Kass et al. [10] and represents an explicit
form for describing the motion of a closed contour. The algorithm is based on the principle, that a
contour continues to move toward the boundaries of an object. This process can be represented by
a minimization of an explicit energy function, which includes two terms: one for controlling the
Copyright

2009 John Wiley & Sons, Ltd.

Commun. Numer. Meth. Engng 2009; 25:615–638
DOI: 10.1002/cnm

A THREESTEPPED COORDINATED LEVEL SET SEGMENTATION METHOD

617

smoothness of the contour and one to influence the attraction of the contour to the object boundaries.
This parametric model has been frequently used and extended for segmentation problems in
(bio)medical image segmentation [11–16].
The classical model of snakes and active contours yields a significant disadvantage of managing
certain topological changes during the contour evolution process. Operations like splitting and
merging are not possible to represent with this classical approach. Unfortunately, those flexible
curve propagations could be of great importance during the segmentation process of detailed
medical shapes especially for the delineation of the outer media border and the recognition of
plaque (which we show in detail in Section 4.2). Caselles et al. [17] associated the classical active
contour model with a geodesic flow model, which is represented by a partial differential equation
(PDE) based on a mean curvature flow. The energy minimizing problem can be solved by finding
the geodesic contour in Riemann space derived from the image. Solving this model with a level set
approach provides the contour with the ability of managing the desired topological changes. The
contour is now represented implicitly through the level set equation and yields additionally the
advantage of having fewer parameters to guide the propagation of the contour. Parameters used in
the level set propagation are geometric measures, which are independent of the parameterization
of the curve. Hence, they are also called geometric active contours where the classical snakes refer
to parametric active contours.
In combination with variational techniques the level set method has often been applied for finding
the minima of energy functionals, which aim to solve special segmentation problems for modern
computer vision applications. In [18] a dynamical framework is proposed that uses variational
techniques derived from a Bayesian model and is able to segment scalar and vector-valued images.
In contrast to the edge-based energy functionals [17], region-based energy functionals [19, 20]
are independent of edge information making their application for medical images very promising.
However, variational formulations that use either edge-based terms or region-based terms have
the disadvantage that their derived level set propagation stops in local minima. Recently, some
approaches try to overcome those problems. In [21] a local term is incorporated in a region-based
energy functional [19] that minimizes the local contrast variances on a narrow band inside and
outside of the contour. Lankton et al. [22] combine the advantages of region based [19] and
edge-based energy functionals [17] by deriving a geodesic energy from local regions around the
contour, which results in a hybrid curve evolution.
The exclusive application of region-based and edge-based energy functionals is not sufficient
for atherosclerotic MR-images due to their vessel complexity that shows high shape and intensity
variances and lacks local edge information. In this work we propose a level set technique that uses
relevant informations during propagation to overcome those challenges and is capable of plaque
delineation on a variety of MR-images.
In the following sections we explain this new approach for plaque segmentation successively.
In Section 2 we describe the image data we work with and explain how they have been created. In
Section 3 we describe the denoising method we used for the MR-images as preprocessing step in
our algorithm. In Section 4.1 we give a short summary of the theoretical aspects of the level set
method which are crucial for understanding the subsequential concepts. Section 4.2 describes our
threestepped level set method in detail and shows the results of the segmentation process of the
inner and outer media borders. Furthermore, this section introduces the proposed concepts for the
local weighting of conspicuous vessel wall areas and the healthy media border. Section 5 illustrates
and compares the results for the proposed concepts. Finally, in Section 6 we give a summary and
a conclusion of this work and summarize our ideas for future work.
Copyright
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2. MR DATA ACQUISITION
Human arterial specimens from the groin (iliac region) were obtained during vessel replacement
surgery. After freezing at −80◦ C, each specimen was warmed up to 30◦ C in a phosphate buffered
solution. Then it was placed in a 15 ml tube which was then filled with 1% agarose solution. The
specimens were measured in a 7 Tesla MR-Tomograph (Bruker Germany, PharmaScan). A whole
body mouse coil (diameter of 38 mm) was utilized to obtain a 79 lm×79 lm in-plane resolution
and a 110 lm slice thickness. Scan time for four contrasts (PD, T1, T1fatsat, T2) was about
16 h. The method is described in more detail in [23]. Figure 1 shows an imaging example of 4
channels each with a 256×256 matrix size. With those different channels we have the possibility
to emphasize special tissue patterns in a certain range.

3. DENOISING OF MR-IMAGES
Although certain relevant plaque patterns are well visible, the images exhibit regions with a low
signal-to-noise ratio (SNR). The level set propagation is influenced by high image gradients. To
ensure a suitable level set propagation we have to denoise those images effectively without losing
too much detail information. Blurring the images with a Gaussian kernel causes an additional
dislocation and blurring effect for important edges. Those edges are indispensable information
for the stopping decisions of the level set propagation. Consequently, we decided to apply edgepreserving algorithms based on anisotropic diffusion.
A frequently referenced non-linear diffusion model was introduced by Perona and Malik [24].
In [25, 26] two important extensions of the Perona–Malik model have been proposed. Wei [25]
suggests a generalization of the Perona–Malik equation by introducing an edge enhancing functional
and using local statistics for more effective edge preservation and noise removal. Another extension

Figure 1. MR-images of arterial profiles quantified with four different types of measurement (proton-density,
T1, T1-fatsaturated, T2). The important parts of the arterial profiles are inscribed on the images above.
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of the Perona–Malik model (with u representing the underlying image) has been developed by
Whitaker and Xue [26], which they call a modified curvature diffusion equation (MCDE):


Lu
∇u
(1)
= |∇u|·div g(|∇u|)·
|∇u|
Lt
They propose it as a level set analogue of the anisotropic diffusion model of Perona and Malik
and also emphasize its superiority compared with the Perona–Malik model. Their curve evolution
is based upon the principles of the self-snakes, which have been introduced by Sapiro [27].
Owing to the fact that we use denoising techniques as a preprocessing step for our work, we
chose the implementation of the ITK development framework [28] to denoise MR-images using
the MCDE model. The diffusion process can be controlled by the number of iterations and a
conductance value, which influences the conductance term of the diffusion process. In the ITK the
conductance term [28] is used as a function that can suppress diffusion at higher image gradients
and preserve edges by


|∇u|2
g(|∇u|) = exp −
(2)
2k 2
and can be steered by the conductance value k. We used 175 iterations for time steps of 0.125 s
and denoised the images with conductance values in the range of 1.0–2.5.

4. PLAQUE SEGMENTATION WITH THE LEVEL SET METHOD
4.1. Description of the level set method
The level set method traces back to the work of Dervieux and Thomasset [29] and has been
introduced for the purpose of curve evolution by Osher and Sethain in 1988 [30]. Level set methods
gained increasing interest in the field of fluid dynamics and material sciences and also became
popular in computer vision fields mainly in medical image processing. (A couple of level set
applications are described in [31–33].) The main idea in the level set concept is describing the
subsequent motion of an implicitly given closed contour via a time-dependent PDE. Instead of
dislocating the contour explicitly, that has to be arranged for parametric active contours, we embed
the initial location of the two-dimensional front as a zero level set of a three-dimensional function
/(x, y, t). This function is a signed distance function, which provides for every location in the
image its Euclidean distance to the zero level set. Using this definition the resulting movement of
the curve is directly related to the temporal dislocation of the zero level set (Figure 2).
If we calculate the time-dependent alteration of the signed distance function for certain time
steps, we can follow the time-dependent displacement of the curve as the zero level set of the
signed distance function. The PDE can be solved by using explicit or implicit methods for time
discretization. By using explicit methods we have to ensure numerical stability, which can be
realized by applying relatively small time steps for the time discretization that fulfill the condition
of Courant–Friedrichs–Lewy (CFL condition).
Segmentation techniques using level set propagation and considering image properties (i.e. edge
information) and curve properties (i.e. curvature) were suggested by Caselles et al. [17] and Malladi
et al. [34]. Stopping terms for implicit active contours with mean curvature motion have been
Copyright
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Figure 2. Embedding a closed contour as a zero level set into a 3D time-dependent function.
The three resulting zero level sets are shown in 2D with their corresponding values.

introduced in [35]. The authors in [17, 34, 35] propose stopping terms, which are based on image
gradients and are represented by the factors:
g(u 0 ) =

1
,
1+|∇G r (x, y)∗u 0 (x, y)| p

g(u 0 ) =

1
exp(|∇G r ∗u 0 (x, y)|)

p>1

(3)

(4)

with u 0 as the original image and G r as the Gaussian function with standard deviation r. The
curvature can be expressed by the divergence of the normal, which can be simplified to the
Laplacian, if we ensure the condition |∇/| = 1. This can be guaranteed by a reinitialization process
which aims to renew the signed distances after every time step.
We apply a segmentation technique for the outer media border, which relies upon the principle of
Malladi et al. [34], who introduced curvature and image gradients into the level set propagation via
/t + g(u 0 )·(FA + FG )·|∇/| = 0

(5)

where the force FA represents the force in normal direction for the level set propagation. Depending
on the sign of the distance values inside and outside the curve, the sign of FA can be used to
shrink or expand the evolving curve. The other term FG stands for the geometry of the front
such as the local curvature. With the model (5) we can influence a zero level set to stop at the
desired boundaries of the object and penalize its local curvature. The penalization of the curvature
is important for medical objects, which in general exhibit smoothed boundaries. However, this
model requires edge information for the whole boundary of the object which is to be segmented.
For medical images the problem of missing edges is well known; hence, the application of (5) can
lead to the leakage of the zero level set through the gaps caused by missing edges. A possibility to
resolve this problem is the geodesic active contour model proposed by Caselles et al. [17]. They
show that finding the geodesic curve in Riemannian space is equivalent to solving the classical
energy model of the active contours. The geodesic active contour model (6) yields an additional
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attraction term with respect to (5):
/t = g(u 0 )·(FA + FG )·|∇/|+∇g(u 0 )·∇/

(6)

The scalar product of the attraction term ∇g ·∇/ attracts the evolving curve to the boundary, if the
curve is near the boundary. The term can even prevent the leakage of the evolving curve through
weak edges and small gaps.
4.2. The threestepped level set segmentation
The goal of our method is the segmentation of plaque from MR-images measured in [23]. The
media can exhibit a variety of plaque structures, however, those formations arise adjacent or
inside the vessel wall. We aim to segment the media together with its plaque tissue and after that
delineating healthy tissue from plaque tissue inside the vessel wall.
For the segmentation we used the level set method. The process of our threestepped plaque
segmentation can be subdivided into three phases. Every phase uses a single level set approach
and the results of every phase serve as additional knowledge for the next level set step. Primarily,
we apply an inner zero level set to separate the lumen from the inner media border. After that
we evolve the final contour of the first level set phase until it reaches the outer boundary of the
media.
The first two steps ensure the segmentation of the media. The most challenging task is the
differentiation of plaque from healthy media tissue inside the extracted media. Fortunately, we know
that atherosclerosis is a continuous process beginning adjacent to the inner media border. Neointimal
formations accumulate at the inner media border and chronic plaque develops successively inside
the media. Subsequently, we exploit the closed contour of the zero level set to delineate the healthy
media tissue from plaque with a shrinking zero level set starting from the outer media border. This
coordinated process will be explained in the following three sections in more detail.
4.2.1. Detecting the inner border of the media. We expect the outer border to be approximately
circle shaped. In our images of surgical specimen this is not fulfilled due to deformations during
surgery and further preparation. The inner border of the vessel can have more variability, but will
always form a closed shape with rounded inner edges. In our considerations we exclude vessels
with a completely closed lumen. Consequently, the initial seed point was placed in the center of
the arterial profile for every image.
On T1 and T1fatsat images exist more in contrast between the media and its adjacent regions
in comparison with the corresponding PD and T2 images. To preserve the contrast for the media
boundaries we denoised the T1 and T1fatsat images by using a lower conductance value of 1.0.
Owing to possible artifacts and signal descents during measurement, the MR-images can lose
information and miss edge magnitude. Executing the algorithm for only one channel image could
cause leakage effects for the zero level set. We aim to compensate this effect by averaging the
intensities from two measurements. Although contrast can be deteriorated in places, we collect
sufficient edge magnitude to segment the media by averaging the denoised T1 and T1fatsat images.
For guiding the first level set to the inner media border we used the geodesic active contour
model [4] and used (6) in combination with (3) ( p = 2). Starting from an initial point inside the
lumen, the first zero level set terminates its propagation exactly at the inner media borders. Near
the inner media border the attraction term attracts the curve to the exact edges of the border and
furthermore avoids the leakage into the vessel wall region (see Figure 3). On its way to the inner
Copyright

2009 John Wiley & Sons, Ltd.

Commun. Numer. Meth. Engng 2009; 25:615–638
DOI: 10.1002/cnm

622

O. GLOGER ET AL.

Figure 3. Curve evolution of the geodesic active contour model converging to the inner media border.
Three time steps with the zero level set are shown. Left: zero level set on edge image relying upon
the stopping term (g). Middle: attraction force (∇g ·∇/) from the geodesic active contour model. Right:
propagating curve on denoised image. (We used propagation speed F = 6 and curvature speed F = 2.)

media border the zero level set encircles those edges, that result from inhomogeneities inside the
lumen.
4.2.2. Detecting the outer border of the media. It is not possible to segment the outer media
border with a shrinking level set starting beyond the media. There could exist parts from other
tissues outside of the vessel wall which could unintentionally stop a shrinking zero level set
before it reaches the outer media border. After delineating the inner media border there is no
reliable knowledge about the extent of plaque and media tissues. Subsequently, it is precarious
to estimate an initial position for a shrinking level set beyond the media based upon the location
from the delineated inner media border. Hence, we utilize the position of the inner media border
as determined in the first step as starting zero level set for the next segmentation step.
Owing to higher inhomogeneities of plaque tissue inside the vessel wall there exist stronger
edges than in the lumen region. For the further propagation we stated that the geodesic active
contour model can be attracted by strong edges inside the vessel wall and stop the propagation
unintentionally. Hence, we extracted the relevant edges with the Canny algorithm [36] and used
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Canny edges as stopping criterion. (For the hysteresis in the Canny algorithm we chose 0.05 as
higher threshold and 0.02 as lower threshold for all images.) A similar approach to combine the
level set propagation with the Canny algorithm has been proposed by Qin et al. [37], who use
the maximum along the gradient directions to determine the edge points. For the second level set
step we applied the concept of [34] and used (5) to guide the second level set to the outer media
border. For using the flexible motion character of the level sets we set the curvature speed equal to
zero (FG = 0), to allow the zero level set to circulate around Canny edges inside the vessel wall.
Instead of using (3) or (4) we used Canny edges as the stopping term (Figure 4)
(
0 if (x, y) is Canny edge
canny(x, y) =
(7)
1 else
To overcome the barricades of the edge of the inner media border we let the zero level set pass
by using one iteration without applying the stopping term. Similar to the first step, we apply
the second segmentation step to the average image of the denoised T1 and T1fatsat images. To
exploit the edge enhancement of the anisotropic diffusion we used conductance values of 2.5 to
denoise the images. The denoising method preserves all Canny edges of the outer media border
and attenuates edges inside the vessel wall.
After this step the whole media is delineated which provides a comfortable initial point for
further plaque recognition, because atherosclerotic plaque can only be located adjacent to the inner
media border or in the media itself.

Figure 4. Approaching the second level set to the outer boundary of the arterial vessel. The selected four
time steps are listed pairwise. The final zero level set of the inner vessel border is shown for every time
step in the right image. The circumfluent propagation (propagation speeds of FA = 2) along Canny edges
can be seen in the left image of every time step.
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4.2.3. Contouring of atherosclerotic plaque patterns in the media. In contrast to the first and
second level set step we need as much information from plaque tissue as possible for the third
level set step. Plaque tissue is enhanced in PD and T2 channel images. However, though in [23]
it was argued that T2-weighted images exhibit most plaque contrast, in PD-weighted images also
plaque is enhanced. For collecting as much plaque information as possible we denoised the PD
and T2 images with a conductance term of 1.0 and used the average image for the third level set
step.
To present our results we provide the numbers for the 12 different specimens, which were used
in [23] and show their T2-measurements in Figure 5.
The plaque images do not show suitable edge information with respect to the relevant plaque
tissue. High gradient magnitudes inside the vessel wall influence the zero level set to stop too
early, whereas Canny edges exhibit gaps. Consequently, we need a further concept that supports
plaque segmentation inside the vessel wall.

4.2.3.1. Penalizing grayvalue deviances using a local weighting concept. With regard to the
plaque images from Figure 5 it is obvious that plaque patterns also attract attention with their
distribution of intensity information. Neointimal formations yield higher intensities whereas chronic
plaque is darker in comparison with the adjacent healthy media tissue. Thus, we decided to penalize
striking intensities additionally to Canny edges during the level set propagation.
To obtain a measure for the intensity distribution of healthy media tissue, we consider the
intensities in a small stripe inside the media adjacent to the outer media border. We disregard the
case of a media where chronic plaque is tangent to the outer media border, because all our analyzed
images show at least such a small stripe without inflamed media tissue. We apply a shrinking level
set with negative propagation speed (−3) for two iterations to delineate a small stripe between
the actual zero level set and the outer media border. However, it is precarious to consider the
intensity distribution of the whole stripe to distinguish plaque and healthy media. During MR
measurement artifacts and descents of signal intensity can arise in an arbitrary direction. Owing
to those technical features, it is not predictable, if an intensity at a certain location on the media
does represent the same tissue property of another media location. Subsequently, the intensities in
the whole stripe are not reliable measure for healthy media intensities. To overcome this challenge
we have to incorporate locally weighted intensity information from the stripe into the level set
equation.
For every pixel on the outer media border (we call it the reference point) we calculate a weighted
average value and an accordant weighted standard deviation. All pixels inside the stripe contribute
to the weighted average value and weighted standard deviation of a reference point with their
reference distance. The reference distance from a certain point inside the stripe is the length on the
outer border between its closest point on the outer border and the reference point. Owing to the
curvature values for the outer media border, the reference distance ensures an appropriate distance
measure for our weighting method. For the construction of the weighted average and the weighted
standard deviation for every reference point, we provide the weights of the points inside the stripe
with a Gaussian weighting function:
 2

1
d (x, y)
w(x, y) = √ ·exp −
2r2
r 2p
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Figure 5. T2 images of eight samples with recognizable plaque (image numbers: 9, 11–15, 19, 20) and
four samples without plaque tissue (image numbers: 10, 16–18).

where d represents the explained reference distance, r the selectable standard deviation and (x, y)
a position of a point on the outer stripe. The weighting procedure can be demonstrated using
Figure 6.
Choosing a very small standard deviation results in weighting the intensities inside the stripe
more locally. By selecting a high standard deviation for the Gaussian weighting function we will
integrate more information from the stripe to make a local decision for conspicuous regions.
Increasing the standard deviation will converge to a uniformly distributed weighting for all points
inside the stripe.
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Figure 6. Local weighting relative to a certain reference point and a selected standard deviation. The
weighted values for the pixels inside the stripe based on a selected standard deviation are shown with a
thin Gaussian-shaped wall. The reference point and the points on its perpendicular in this stripe have the
highest-weighted values for the local weighting process.

With the local weighting method we determine the dispersion range for healthy media tissue.
The weighted average value m(x, y) for every reference point on the outer media border is
given by
PN
w(xi , yi )· I (xi , yi )
m(x, y) = i=1P N
(9)
i=1 w(x i , yi )

where i should be an index referencing all points pi with location (xi , yi ) in the outer stripe,
I (xi , yi ) the intensity of (xi , yi ) and N the total number of points in this stripe. Its corresponding
weighted standard deviation is given by:
PN
w(xi , yi )·(I (xi , yi )−m(x, y))2
(10)
std(x, y) = i=1
PN
i=1 w(x i , yi )

Every pixel in the media, which is not located inside the stripe, has a closest point (reference point)
on the outer media border. Hence, we compare every pixel intensity in the media, whose pixel is not
located inside the stripe, with the dispersion range of its reference point. If the intensity falls inside
the range of the weighted standard deviation about the weighted average of the reference point,
then this pixel belongs to healthy media tissue. If this is not the case then this intensity is locally
striking and belongs to plaque tissue. Consequently, we penalize those intensities exponentially
with their distance to the dispersion range of the weighted standard deviation. We express this
intensity penalty with:
(
1,
|I (x, y)−m(xr , yr )| < std(xr , yr )
(11)
h(x, y) =
exp(−(|I (x, y)−m(xr , yr )|−std(xr , yr ))) else

In this context the intensity of an evaluated pixel location I (x, y) is compared with the weighted
average m(xr yr ) and weighted standard deviation std(xr , yr ), respectively, its reference point
(xr , yr ).
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We incorporate the penalty of (11) into the level set equation. Furthermore, we know the pixel
locations of the lumen from the first level set step and avoid a possible leakage into the lumen
area with the stopping criterion of
(
0 if (x, y) ∈ lumen
(12)
lumen(x, y) =
1 else
Subsequently, our level set equation results in
L/
= canny·h ·lumen· FA ·|∇/|
Lt

(13)

Owing to the fact that edges calculated by Gaussian convolution are very broad, they do not
delineate plaque tissue precisely. Canny edges inside the media exhibit gaps, where the zero level
set can break through. Furthermore, Canny edges can divide media tissue that is not relevant for
plaque recognition. With the local weighting concept we introduce a measure that is independent
from edge information and regard local grayvalue distributions, which are salient for a human
observer. These salient areas are also important for cardiologists to distinguish plaque tissue
from healthy media tissue. Hence, the local weighting approach can support Canny edges to
delineate plaque tissue. Canny edges that do not delineate salient areas are encircled by the zero
level set.
It should be mentioned that the segmentation results of the local weighting concept can be
steered by the selection of the standard deviation r in (8). Depending on the circumstances of the
measurement and the interests of the segmentation, it could be important to incorporate intensities
of the stripe which are very close to the reference point. Our purpose was to be independent of
the signal descent of the intensities during measurement; hence, we used values for sigma in the
range of 10–20. Owing to the dependence of the outer stripe for the local weighting it should be
clarified that the segmentation results are also dependent on the results of the first and second
level set step. If the media was not segmented correctly, the outer stripe could contain intensities
of other tissue, which could falsify the local weighting results. With this concept we take into
account the shape of the outer border providing the distant values along the level sets.
4.2.3.2. Introduction of the maximal shrinking distance in the media. Finally, we use additional
information for supporting the segmentation process of plaque. On most available MR-images,
that we could apply for this algorithm, there exists at least one position at the inner media border
which does not show plaque accumulation. The closest Euclidean distance from such a location
to the outer media border serves as an estimate of the healthy media thickness. All tissue located
within the outer media border that was not identified as lumen and has a higher Euclidean distance
to the outer media border than the healthy media thickness delineates a region where plaque is
most likely.
A healthy media without plaque accumulation shows very small alterations of thickness. Hence,
we cannot delineate an exact healthy media thickness due to those small thickness alterations. On
plaque images, however, we can delineate the most likely plaque region which serves as a good
approximation for a healthy media border. We use this healthy media border as a limitation for the
shrinking zero level set inside the media. The distance in normal direction from the outer media
border to this healthy media border is called the maximal shrinking distance (MSD) for the third
zero level set. This distance measure is independent of the vessel wall thickness and can help to
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avoid the leakage of the zero level set into plaque regions, which are not penalized by the local
weighting concept or delineated by Canny edges.
On the other hand, if the whole inner media border is coated with neointimal plaque formations
(e.g. image numbers 13 and 15), the smallest Euclidean distance between the outer and inner
media border serves as a helpful measure to delineate most likely plaque regions, which are located
farther away from the outer media border than this distance. Here, this delineating border cannot
be regarded as an estimation for healthy media tissue. But it serves as an MSD for the third zero
level set, because media regions beyond this border must be neointimal plaque formations, if we
neglect small vessel wall alterations.
For every location in the arterial profile we calculate its smallest Euclidean distance
(dist to outer border in (14)) to the outer media border and compare it with the MSD. We
formulate this as a stopping criterion for the level set propagation as follows:
(
0 if dist to outer border(x, y) > MSD
smallerMSD(x, y) =
(14)
1 else
Owing to the fact, that the MSD depends on the most narrow position of the vessel wall and
orientates itself to the outer media border, it is not necessary to regard the lumen positions given
by (12) anymore. We incorporate the knowledge about the MSD into the level set equation and
exchange (13) by
L/
= canny·h ·smallerMSD· FA ·|∇/|
Lt

(15)

5. RESULTS
5.1. Results of the local weighting concept
We applied the third level set step according to (13) and list in Figure 9 the results for the central
of the 3 slices from the analyzed specimens. To compare the quality of the results we regard expert
knowledge about the underlying plaque tissue. For measuring purposes the specimens have been
fixed with agarose gel, which has been manually removed for further histological examinations.
During the histological preparation, the vessel form has been extremely altered, so that a registration
between histological images and MR-images is a very complicated issue (Figure 7). Furthermore,
histological images and MR-images exhibit different slice thicknesses (110 lm for MR-images
but 5.10 lm for histological images) and due to partial volume effects an automatic registration
between those types of images is awkward.
Reliable knowledge for plaque occurrence has been introduced by experts after comparing
histological images with corresponding MR-images. Expert knowledge about plaque regions is
shown in Figures 8–10 (right column) enclosed by blue curves.
If Canny edges are connected with delineated plaque the zero level set will stop there. Hence,
in some cases, the final closed contour obtains convexities with a thickness of one pixel. Those
convexities do not represent plaque. A final mean curvature motion with a curvature penalty of
the level sets cannot separate the contour from those convexities due to the closed connection. We
know that Canny edges have a thickness of one pixel [36]. We exploit this knowledge and remove
coordinates that occur twice in the final zero level set and get rid of the convexities successfully.
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Figure 7. Histological images for image number 11 (left) and 13 (right). Plaque tissue (neointimal
formation) is shown adjacent to the inner media border. The vessel shapes have been modified
during histological preparations.

The combination success of Canny edges and local deviant areas to delineate plaque from healthy
media tissue gets obvious. Missing edge information is compensated by local deviant plaque areas.
On the other hand, plaque intensities that were not evaluated as local deviant are delineated by
Canny edges. Furthermore, Canny edges that do not delineate plaque are encircled by the zero
level set.
The image numbers 17 and 18 do not exhibit plaque tissue (Figure 9). There are no conspicuous
grayvalue areas inside the vessel wall that could be penalized by our algorithm, hence, for image
number 18 the algorithm does not find plaque. The small light artifact in image number 17 is
recognized by the local weighting concept, but has no connection with the lumen. Hence, the final
zero level set excludes this artifact.
The denoising method removes very thin plaque patterns, hence we lose edges and informations
about local deviant areas to stop the level set propagation. However, we regard those thin plaque
patterns as not relevant for our segmentation results. The very small stripe of plaque tissue at the
inner media border of image number 16 reveals plaque, but is not delineated by our algorithm.
This lamellar plaque area can only be seen on the T2 image but cannot be seen on the histological
image. Subsequently, our algorithm does not find plaque.
5.2. Results regarding the healthy media border in the local weighting concept
The Results for introducing the concept of the healthy media border in our algorithm (according
to Equation (15)) are shown in Figure 10.
The MSD avoids the leakage of the zero level set into plaque regions, which are not identified
by the deviant intensity areas and furthermore not delineated by Canny edges (please compare
the results for image numbers 11–13 and 19 in Figures 8–10). Obviously, the healthy media
border serves as helpful information to improve the segmentation results especially for vessel
wall abnormalities, which are not demarcated by different signal levels in the MR-images and
thus cannot be recognized by a human observer (please note the result for image number 15 in
Figure 10).
Such local alterations of vessel wall occur frequently in humans and are not yet regarded as
plaques, but described as positive remodeling (Glagov-effect). Those regions represent areas, where
plaque accumulation begins as expected and plaque tissue is most likely. For MR-images without
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Figure 8. Final result of the level set propagation with locally weighted deviant areas for image numbers
9–14. Left: local deviant areas with Canny edges and segmented lumen region. Middle: final zero level
set after third level set step and inner media border from first level set step. Right: comparison of result
from third level set step (transferred from middle column) with manually evaluated expert knowledge of
plaque tissue (standard deviation of the weighting function in the range of 10–20).
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Figure 9. Final result of the level set propagation with locally weighted deviant areas for image numbers
15–20. Left: local deviant areas with Canny edges and segmented lumen region. Middle: final zero level
set after third level set step and inner media border from first level set step. Right: comparison of result
from third level set step (transferred from middle column) with manually evaluated expert knowledge of
plaque tissue (standard deviation of the weighting function in the range of 10–20).
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Figure 10. Results of the level set propagation of the local weighting concept supported by the knowledge
of the MSD according to Equation (15). (The MSD is shown in magenta in images of column 1 and 3).
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plaque occurrence (i.e. image number 18) the application of the MSD could show plaque, which
indeed represents vessel wall abnormalities. Subsequently, in images without plaque the healthy
media border does not detect plaque tissue, but reveals vessel wall abnormalities, where plaque is
most likely.
5.3. Comparison of the results
Owing to the difficult acquisition of these very exceptional MR-images we could only test our
algorithm for 12 different specimens, which we show in Figure 5. Fortunately, the specimens were
measured in 256 slices. To avoid stronger correlations between those image data, we selected 3
slices from every specimen, which are as far away as possible from each other. Hence, we could
test our level set method for 36 images and compare their results in this section.
For analyzing the segmentation result we compared the segmented regions between the inner
media border and the final zero level set of the third level set step with the expert knowledge
about plaque for every image. We relate the sum of the incorrectly segmented areas to the arterial
area, which represent the relative segmentation errors as shown in Figure 11. For every specimen
number we clarify the segmentation errors with bars for the 3 selected slices. The images that can
be seen in Figure 5 are the most representative; hence, their results are shown with the 2 bars on
the left for every specimen number. The results for the other slices can be seen in the following 4
bars for every specimen number.
The results show that the most segmentation errors for the local weighting concept are lower than
10% except for the specimen numbers 15 and 19. However, if we compare the results for both the
applied methods, we see that the knowledge of the MSD does not reduce the segmentation errors
in general. Particularly for the specimen numbers 9, 10, 16, 17 and 18, that do not show plaque
or show only marginal plaque in all slices, the MSD algorithm augments the segmentation errors
definitely. For all the images coming from those specimen numbers, the MSD algorithm reveals
vessel wall abnormalities, which are recognized as plaque tissue, and increases misleadingly the
segmentation errors.
The MSD algorithm reduces the segmentation errors for images that show higher plaque
complexity. Images that show more variety in neointimal plaque formations and chronic plaque
(specimen numbers 12, 14, 15 and 19) miss local deviant areas and edges. In those cases the
MSD can prevent the zero level set leaking into plaque regions. On the third slice of specimen
number 15, the vessel has separated and shows a completely different profile.
For the application of the MSD, an exact demarcation of the healthy media border is required.
It is not determinable, if during preparation the vessel wall thickness has been altered locally.
This influences the delineation quality of the healthy media border. Generally, we recommend
the application of the local weighting concept with and without the MSD. Especially for images
without or with marginal plaque, the application of the algorithm without the MSD controls, if the
algorithm with MSD just detected vessel wall abnormalities. Furthermore, this strategy delivers
the extent of vessel wall abnormalities for images that do not show plaque tissue.
For evaluating the segmentation results it should be mentioned that the denoising technique
influences the segmentation results by removing thin plaque tissue structures, which consequently
cannot be delineated by the level set algorithm applied to the denoised images. Furthermore, the
segmentation results are influenced by the indistinct media areas which seem to be plaque and
have been recognized by our algorithm, but cannot be determined unambiguously as plaque in the
histological images.
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Figure 11. Segmentation errors with respect to the area of the arterial profiles for the analyzed
images. The two applied methods are compared (lightgray: local weighting concept and black:
local weighting concept with MSD).
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6. CONCLUSION
We explain the preparation and measurement of the MR-images we are working with in more
detail in Section 2. In Section 3 we describe the denoising technique we use to denoise the
MR-images and prepare them for the level set propagation. At the beginning of Section 4 we
give theoretical backgrounds of the level set method. In the main part of this section we present
our method for the threestepped level set segmentation. For the first level set step we use the
geodesic active contour model and determine an initial seed point inside the lumen (which should
be determined automatically by applying the Hough transformation for circle detection in future
work). The geodesic active contour propagation guides the first extending zero level set toward
the exact boundaries of the inner media border. Owing to strong intensity gradients from plaque
inside the media we adapt a level set technique [34] for Canny edges instead of using the geodesic
active contour concept. Based on the final demarcation from the first level set step, we let the
zero level set from the second step converge toward the outer media border circulating around
the thin Canny edges from plaque tissue. To segment the media, we apply the level set technique
on averaged and denoised T1 and T1fatsat images, which exhibit sufficient edge magnitudes for
approaching the inner and outer media border with the zero level set.
The third level set step is based on the knowledge of the already segmented inner and outer
media border, which we collected during the first and second level set segmentation phases. By
shrinking the zero level set, which is initially identical with the determined outer media border,
we approach toward the Canny edges of the denoised average image derived of plaque relevant
PD and T2 channels. Additionally, we propose a method to emphasize areas with higher locally
weighted intensity deviances to detect conspicuous plaque patterns. This local weighting approach
serves as a filter for plaque intensities and is used as a further stopping criterion for the third zero
level set. The local weighting concept evades the problem of intensity attenuation along arbitrary
directions in the image, which arises during the MR measurement of the analyzed MR-images.
Furthermore, we are able to emphasize local distinctive features by adjusting a new parameter for
the standard deviation of the local weighting function.
Finally, we discuss and justify the introduction of the MSD and incorporate this knowledge into
the level set equation. With the MSD we can use a further stopping criterion for the shrinking
zero level set. The MSD delineates a region where plaque is most likely and can improve the
segmentation results.
We apply our algorithm for 36 images derived from 12 different specimens. The results of the
local weighting concept are shown in Section 5, where we show the segmentation results for the
threestepped algorithm with and without the MSD concept for the analyzed images. We introduced
expert knowledge and discussed which kind of expert knowledge is appropriate to evaluate the
segmentation results. In the same section we list the segmentation errors based on the expert
knowledge for all the 36 images analyzed.
For most of the images the segmentation errors for the local weighting concept are lower
than 10%. The results reveal, however, that for images with marginal or missing plaque the MSD
concept increases the segmentation errors. Here the vessel wall abnormalities are responsible
for this error augmentation. For images that show higher plaque complexities, the MSD concept
reduces the segmentation errors and serves as a reliable stopping criterion for the third zero level
set. We discuss representative results and give reasons for them. Furthermore, we reason our
recommendations for using both applied algorithms for the third step and give hints how to interpret
the results.
Copyright
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The application of the threestepped level set segmentation method shows good results, although
the available MR-images are highly noisy and have been influenced by certain preparations before
their measurement in a modern MR tomograph. Owing to these circumstances we think that
adapted level set strategies for plaque recognition will also yield useful segmentation results for
worse in-plane resolutions from upcoming in vivo plaque measurements. We aim to encourage for
the application of level set methods that use special knowledge during the propagation (e.g. the
MSD concept).
In our forthcoming work, we aim to test iteratively the segmentation techniques for a successive
deterioration of in-plane resolutions to determine frontiers for image qualities in automatic image
understanding of plaque. Those contributions should improve the adjustment between the research
domains of automatic image understanding and biomedical MR-imaging. We will concentrate
on level set segmentation with prior shape in the future, when more images of similar types of
ex vivo plaque images (which we analyzed in this work) are available. Furthermore, we aim to
improve the denoising methods with vector-valued denoising techniques to preserve more of the
thin plaque structures, which can be removed unintentionally by using the scalar-valued anisotropic
diffusion technique. To preserve all thin plaque structures we applied the level set technique on
the original noisy images. Unfortunately, the level set propagation stopped too early due to high
image gradients caused by low SNR. Although those thin plaque patterns are actually of minor
relevance we aim to enhance the denoising results, which serves as an important preprocessing
step for the application of the level set segmentation and influences the segmentation results.
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Abstract
Automatic 3D liver segmentation in magnetic resonance (MR) data sets has proven to be a very challenging task in the domain of medical
image analysis. There exist numerous approaches for automatic 3D liver segmentation on computer tomography data sets that have
influenced the segmentation of MR images. In contrast to previous approaches to liver segmentation in MR data sets, we use all available MR
channel information of different weightings and formulate liver tissue and position probabilities in a probabilistic framework. We apply
multiclass linear discriminant analysis as a fast and efficient dimensionality reduction technique and generate probability maps then used for
segmentation. We develop a fully automatic three-step 3D segmentation approach based upon a modified region growing approach and a
further threshold technique. Finally, we incorporate characteristic prior knowledge to improve the segmentation results. This novel 3D
segmentation approach is modularized and can be applied for normal and fat accumulated liver tissue properties.
© 2010 Elsevier Inc. All rights reserved.
Keywords: Automatic liver segmentation; Multiclass linear dimension reduction; Region growing; Bayesian formulation; Fourier descriptors

1. Introduction
Modern imaging techniques have revolutionized the
domain of medical diagnosis in the last two decades and
continue to support medical progress by improving the
technical imaging possibilities. Improvements in image
quality also reveal deeper insights into the human body
and its bio-medical processes, which leads to new scientific
interests and requirements to improve the diagnosis. Hence,
modern imaging techniques produce an increasing amount of
image material which has to be analyzed by physicians. This
increasing amount of image data on the one hand and new
scientific diagnostic methods on the other hand require the
assistance of automatic image analysis. However, automatic
image analysis is a very difficult task due to the complex
structures of organs or other parts of the human body, which
require the use of special prior knowledge in image data
interpretation. Those image interpretations are usually
⁎ Corresponding author.
E-mail address: gloger@uni-greifswald.de (O. Gloger).
0730-725X/$ – see front matter © 2010 Elsevier Inc. All rights reserved.
doi:10.1016/j.mri.2010.03.010

performed by specialized radiologists; this fact alone reveals
the complexity of medical image understanding.
However, there is an increasing interest for automatic
image analysis in many biomedical domains. For surgical
planning and the treatment of various liver diseases,
automatic liver segmentation plays an important role and
has become an important research topic [1–9]. Additionally,
in epidemiological studies, image informations from modern
computed tomographic (CT) or magnetic resonance (MR)
scans of the liver are necessary for statistical analyses. The
volumetric analysis of the liver is of special interest in
analyzing certain health related properties of populations.
This work has been developed as part of an epidemiological
study. Here, the need for reliable and fast liver segmentation
in MR images arose in the study due to special epidemiological research questions. Due to the large number of
participants and the necessity of standardization timeconsuming manual liver volumetric analysis cannot be
performed by the radiologists alone and must be supported
automatically. Consequently, in this context, automatic liver
segmentation is also a prerequisite for further scientific work.
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Automatic liver segmentation is known to be a difficult
challenge in medical image processing. The tissue properties
of the liver are similar to those of adjacent organs and tissues,
making the liver difficult to distinguish in modern CT and
MR images. Consequently, state-of-the-art segmentation
techniques can lead to over-segmentations, where liver
segments include adjacent organs like the kidney, pancreas,
spleen and the stomach. Conversely, special diseases such as
liver cirrhosis, fatty liver or tumors can show heterogeneous
tissue properties inside the liver, which can lead to undersegmentations. MR images typically show lower contrast
and smaller edge magnitudes than CT images, which
complicate the application of edge-based segmentation
methods. Motion and pulsation artefacts plus partial volume
effects on MR images represent further challenges in the
exact, automatic liver segmentation.

formulation, which aims to guide the final zero level set
according to trained 3D liver shapes in the case of missing
edges or occlusions. The segmentation of [8] is performed on
3D T1-weighted MR data sets which are denoised by
anisotropic diffusion to smooth the data inside of regions
with low image gradients. A coarse segmentation based upon
histogram analysis and region-labeling and a further fine
segmentation with the region-based level set approach of
[26] is applied. Chen [9] developed a four-step algorithm
beginning with a primary step for multiple initializations.
Subsequently, a level set method is applied and supported by
a fast marching method to accelerate the curve evolution
process for the different initialized liver regions. A convex
hull algorithm is incorporated to combine all segmented
regions and a final level set smoothing step is used to smooth
the segmented liver contour.

2. Related work

3. Data acquisition

Literature review shows that there are several proposed
approaches to segmenting the liver in CT images. These
approaches use basic image processing techniques (like
threshold methods, histogram analysis, morphological
operations) [1,10] and combine them with further ideas.
According to [6], the concepts applied can be subdivided
into four categories: atlas-guided methods, region growing
methods, deformable models and classification based
methods. However, some authors combine several methods
from more than one of the four categories and we have to
adjoin the graph-cut techniques [4,11], the watershed-based
concepts [12] and expectation maximization [13] as own
categories. Atlas-guided methods aim to adapt prior 3D
models of the liver to the underlying image data
[3,5,7,14–17], where statistical or active shape models are
applied to model the high variability in 3D liver shape.
Parametric Active contours [18] have been applied often for
segmentation of medical images and its variational reformulation as geometric active contours [19] offer more flexibility
during the segmentation process with regards to topological
changes. Those deformable models have been applied for
liver segmentation [1,20–22] but seem to be most effective
for a final segmentation refinement with level sets [6,9].
Classification based methods [6,23,24] use Bayesian formulations to model the stochastic interdependencies in the
underlying image data.
In comparison with CT-based techniques, there exist
fewer publications for the 3D automated hepatic segmentation on MR images. The reasons may lie in the greater
segmentation difficulty for MR data. It seems that the
segmentation concepts that have been used for CT-data also
have influenced the segmentation concepts for MR data. In
[25], the authors apply modern level set techniques using
prior shape models and aim to reduce their drawbacks. The
variational formulation of the region-based level set
approach of [26] is extended by a shape-based energy

All abdominal MR data sets have been acquired related to
a whole body MRI using a 1.5 Tesla magnetic resonance
scanner (Magnetom Avanto; Siemens Medical Systems,
Erlangen, Germany). Subjects were placed in the supine
position, and five phased-array surface coils were placed to
the head, neck, abdomen, pelvis and lower extremities. The
spinal coil was embedded in the patient table.
Following sequences have been used for examination of
the liver and volumetric project. The T1-weighted Flash-3DVIBE (volume interpolated breathhold exam) DIXON
sequence [27] provides in- and out-phase as well as waterand fat-saturated images TR=7.5 (ms) and multimodal
TE=2.4/4.8 (ms) have been used in context with a flip
angle of 10°. The voxel size is 1.64×1.64×4.0 mm and the
scan time has been 19 s for 64 slices. Although this
resolution is relatively coarse, it is also used in clinical
routines for diagnostic purposes. By using this resolution, we
could avoid increasing scan times for the great number
of probands which could extend the time for the whole
study unnecessarily.
We selected randomly those probands used for training
and testing of our method but aimed to involve special cases
like fat liver and liver lesions. Inclusion criteria for the whole
study are the age of the probands (21–79 years) and a valid
German citizenship among the population of the German
part of Pomerania.
For the normal liver volumetry we trained 10 probands
with normal livers and tested 20 further probands upon this
training base. The training sample consists of seven male and
three female probands. All of them were healthy. The tested
sample consists of 15 males and five females, which contains
eight probands showing liver lesions. Due to the fact that we
had a much smaller amount of fat liver probands than
probands with normal livers, we used five fat liver probands
for training and tested 10 further fat liver probands. The
training sample consists of five male probands with one
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proband showing a liver lesion. The tested sample consists of
seven male and three female probands with 4 probands
showing liver lesions. Liver lesions and fat liver were the
only kind of liver disease that are contained in our training
and testing samples. The age of the probands in the samples
are about 45–79 years.
4. Presentation of the method
Our fully automatic approach can be subdivided in several
modules (Fig. 1). The Modules 1 and 2 generate probability
maps by incorporating important prior knowledge about
tissue properties and locations of the liver, the kidney and the
background and reformulates this knowledge in a probabilistic framework. Those modules prepare the three-dimensional data sets for the subsequent region growing method of
Module 3. We adapted the well-known region growing
method to segment the main liver part in a slice-by-slice
transversal perspective. We call our segmentation strategy
conservative region growing. With the knowledge of the
segmented main liver part a subsequent segmentation process
performs a residual segmentation of the left liver part. The
refinement of our conservative region growing method is
performed in Module 4. In case of initial over-segmentations
in the kidney area, our algorithm is capable to withdraw from
the kidney by regarding the extent of the local signed

curvature in the kidney area. It additionally refines the liver
contour adjacent to the diaphragm, which consists of muscle
tissue. Instead of using a final level set based mean curvature
flow or level set smoothing step like [6] or [9] we use Fourier
descriptors in Module 4 to smooth the segmented liver
contour, which is of course much faster than incorporating a
level set based curvature flow where we need to calculate
signed distance functions. In the following subchapters we
explain the modules in more detail.
4.1. Module 1: training phase
To integrate prior expert knowledge successfully, we
have to perform a training phase. This training input was
supplied by radiologists, who segmented the contours of 10
different liver shapes manually. On the same data sets, they
segmented the contours of the kidneys manually. With this
expert knowledge we can categorize the four-dimensional
pixels of the MR data sets in liver tissue, kidney tissue
and background.
According to Couinaud [28] the liver can be anatomically
subdivided into eight parts. However, we could only observe
obvious intensity heterogeneities between the left liver part
and the right liver part in some cases. For our segmentation
strategy, it is useful to train the left liver tissue separately.
Hence, the radiologists segmented manually the left liver
parts of the same 10 data sets.

Fig. 1. Modularized overview about the composition of the new approach.
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Furthermore, we collected from those manually segmented areas the three-dimensional locations of the pixels inside
the liver, kidney and in the background. Due to variable
positions, shape and extent of the liver between different
subjects, we selected 10 MR data sets of different subjects
with a relatively high variability in shape and location of
the liver.
4.2. Module 2: generation of probability data sets
It is well known from literature that over-segmentations
occur due to similar tissue properties of the adjacent regions
like the kidney, the stomach, the pancreas and the spleen.
After the application of our conservative region growing
method we noticed over-segmentations mainly for the
kidney part, depending on the individual distance between
liver and kidney for the analyzed subjects. We noticed
occasionally intensity inhomogeneities inside the liver
between the left and the right liver part. Due to those
observations, we subdivided the generation of probability
data sets into the three cases:
• Probability map generation for the three classes: liver,
kidney, background (LKB case)
• Probability map generation for the two classes: liver
and background (LB case)
• Probability map generation for the two classes: left
liver and background (leftLB case)
We can determine the position probabilities of liver,
kidney and background from the three histograms of the
pixel coordinate distribution from the training phase in the
orthogonal three-dimensional directions (x, y and z)
separately. We calculate the background's position distribution for the LKB case and for the LB case separately, because
in the LB case, the kidney contributes to the background
probability. Those position probabilities are calculated once
for every voxel of the three-dimensional data set and were
stored for further calculations.
In the next step, we determine the tissue probabilities
according to the intensity distributions in the MR data sets.
To calculate probabilities for the analyzed classes of liver,
kidney and background, we have to regard the intensities in
all different weighted channels. Hence, we have to perform
a reduction of higher dimensional data to single dimension.
There exist several techniques (i.e., principal component
analysis, support vector machines) to reduce the information
of higher dimensional data. Due to several inter- and intrasubject tissue inhomogeneities inside the liver, an exclusively pixel-based classification is precarious. Hence, we
decided to apply reduction techniques as primary approximation for the proximate segmentation modules. For the
large data amount in the epidemiological study we need a
relatively fast technique for the reduction of high dimensional data and decided for the linear discriminant analysis
(LDA) according to Fisher [29]. Rao [30] extended this
approach to the multiclass-LDA, which we applied for the

LKB case. Current extensions propose improvements for
the linear reduction ability of multiclass-LDA [31,32].
Although the LDA performs linear reductions, we consider
it a fast and appropriate reduction technique for the
probability maps, which we use thereafter for our
segmentation approach.
Given an n-dimensional statistical model with K classes,
the linear discriminant reduction aims to reduce the
dimension of the n-dimensional model to d (dbn) dimensions
by applying a linear transformation. This searched optimal
transformation preserves a maximum amount of discriminant
information in the underlying data sets. To determine this
optimal transformation, the criterion of Fisher [29] has to
be maximized:
J ð AÞ = Trace

n

ASw AT

!−1

ASb AT

!o

ð1Þ

A represents the unknown transformation matrix and Sw
and Sb are the within-class scatter matrix and between-class
scatter matrix, respectively. The within-class scatter matrix
regards the multidimensional data together with its means
and is given by:
Sw =

K X
X

ðyi − lk Þ " ðyi − lk ÞT

ð2Þ

k = 1 iaCk

For our approach yi can be seen as the pixel vectors of our
MR data sets in the special class of liver, kidney or
background and μk as the centroid in every class. The inner
summation adds the inner term over all samples belonging to
the class Ck indexed by i where k is used as index for the
different classes. Furthermore, the between-class scatter
matrix considers the relationship between the centroids of
every class and the mean of the total data set μ regarding the
amount of data Nk in every class:
SB =

K
X

Nk " ðlk − lÞ " ðlk − lÞT

ð3Þ

k =1

The LDA aims to maximize the ratio of the between-class
scatter to the average within-class scatter in the lowerdimensional space. This is an optimization problem, which
can be solved with an eigenvalue decomposition of the
−1
matrix Sw
Sb. In our approach, we set d=1 and regard as our
searched projection matrix the eigenvector which belongs to
the largest eigenvalue.
In each of the three cases, we perform the LDA separately
and obtain three different projection axes. We project all
trained vector-valued pixels from liver, kidney and background on those axis and obtain a distribution for the three
different classes in every of the three cases. From every
distribution, we calculate the probabilities for the projected
values with the help of histogram analysis. Hence, we obtain
tissue probabilities of liver and background in the LB and

886

O. Gloger et al. / Magnetic Resonance Imaging 28 (2010) 882–897

Fig. 2. Liver probabilities of the selected transversal slice from Fig. 3 without position probabilities (left) and with position probabilities (right). The
automatically determined seed point is indicated with a cross (right).

leftLB cases and tissue probabilities for liver, kidney and
background in the LKB case. Consequently, altogether, we
learned seven different tissue probabilities.
At this point, the preparation of the probability map
generation is complete and we can continue with the
calculation of probabilities from data sets of previously
unseen subjects. For the LKB case, we project all fourdimensional vector pixels of a new MR data set onto the
learned discriminant axis for the LKB case and can assign its
tissue probabilities for liver, kidney and background
depending on the learned tissue probabilities of those
classes. We perform the same calculations for the twoclass cases (LB and leftLB), which leads to seven probability

results for every vector pixel of a new MR data set. To
determine a reliable a posteriori probability we use the Bayes
theorem, which can be formulated for the LKB case,
as follows:
Pðliver jV Þ
=

PðV jliverÞ " PðliverÞ
PðV jliverÞ " PðliverÞ + PðV jkidneyÞ " PðkidneyÞ + PðV jbg Þ " Pðbg Þ

(4)
with bg representing the background and V=V (x, y, z) the
voxel at a special position in the 3D-data set. P(V|liver), P(V|
kidney) and P(V|bg) represent the determined tissue proba-

Fig. 3. Original MR images selected from a transversal slice of the VIBE measurements. A relatively easy case for the following segmentation with distinctly
visible liver tissue is shown here. Normal weighting (upper left), opposed-phase weighting (upper right), water-saturated weighting (lower left), fat-saturated
weighting (lower right). Frequently mentioned organs and tissue types in this work are labeled for better orientation on the water-saturated weighting image.
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bilities after the projection from the Voxel V (x, y, z) onto
the LDA-axis for the LKB case. In our approach we omit
the prior of the classes by setting the a priori probabilities
to 1; thereby simplifying the equation. Additionally, we
incorporate the information of the trained positions of the
three classes as independent probabilities in the likelihood,
which yields:
Pðliver jV Þ
=

PðV jliver Þ " Pxyz ðliverÞ
PðV jliverÞ " Pxyz ðliverÞ + PðV j kidneyÞ " Pxyz ðkidneyÞ + PðV jbg Þ " Pxyz ðbg Þ

(5)
and:
Pxyz ðliverÞ = Pxyz ð liver j x; y; zÞ
= Pð liver j xÞ " Pð liver jyÞ " Pð liver jzÞ

ð6Þ

is the position probability of the class liver at the selected
location x, y, z. The position probability of the classes kidney
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and background are defined in the same manner. Due to similar
tissue properties there are several areas in the MR data set where
higher a posteriori probabilities for liver tissue occur (see
Fig. 2). By incorporating position probabilities, the a posteriori
probabilities are concentrated in the liver area. However, some
tissue adjacent to the liver gets also more probable to be liver
tissue, we decided to incorporate position probabilities according to Eq. (5). With this approach, we combine the prior
knowledge of liver tissue and liver positions effectively and can
use the maximum of the calculated 3D probability map as an
optimal starting point for our region growing method (Fig. 2).
Although the position probabilities enhance the probability values in the neighbourhood of liver tissue also, possible
oversegmentations can be avoided by introducing an upper
threshold for the allowed signed curvatures in every
transversal slice (more details are given in Section 4.4.2).
Oversegmentations into the muscles of the diaphragm, the
pancreas and the spleen can be reduced efficiently. However,

Fig. 4. Two examples (left vs. right) for the comparison between the effects of the two-class LDA (LB case: upper row) and the three-class LDA (LKB case:
middle row) after the posteriori probability calculation of (5). In the right example the kidney is suppressed effectively in the LKB image (middle) comparing to
the LB image (above), whereas in the left example the LKB calculation suppresses also posteriori probabilities inside the liver. The original water-saturated MR
images are shown in the lower row for comparison. Liver and kidney tissues are labeled.
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oversegmentations into the kidney area cannot be avoided by
this strategy. Consequently, we performed a separate threeclass LDA and introduced the LKB case. The Bayesian
probabilistic formulation based upon the results of the threeclass LDA permits, in many examples, a distinctive
separation of liver and kidney on the probability maps
(please note Fig. 4). Due to tissue similarities and overlap of
position probabilities between liver and kidney, however, the
a posteriori probabilities of the liver can be reduced
significantly in some examples (Fig. 4). Because of those
observations, we use the results from the LKB and LB
calculations in combination with additional refinements of
our region growing approach, which is described in Section
4.4.3 in more detail.
For the segmentation of the left liver part, we use the
probability maps which are determined based upon the
learned left liver tissue and positions in the three-dimensional MR data set. An example of the a posteriori
probability of the leftLB case can be seen in Fig. 5.
4.3. Module 3: three-step segmentation method
The segmentation approach can be subdivided into three
steps. In step one, we apply a fast region growing algorithm
on lower resolution probability images. Due to higher
resolutions in all transversal planes (176×256) in comparison
to the sagittal (64×176) and coronal (64×256) planes, we
subsample all transversal slices with the factor three and
initially perform a fast region growing segmentation step.
After the termination of the coarse region growing step, we
refine the segmentation with a region growing step on the
original probability images. In the third step we segment
exclusively the left liver part with a consecutive threshold
technique in longitudinal direction of the body.
4.3.1. Conservative coarse and fine region growing
segmentation step
The first region growing step starts its expanding
evolution beginning at the automatically determined seed
point (see Section 4.2). The conventional three-dimensional
region growing method advances iteratively and adjoins in
every iteration those voxels to the region which are directly

connected with the region and fulfill a predefined criterion.
The type of connection depends on the regarded neighbourhood of a voxel and is a design parameter (e.g., 26
neighbourhood connection as the highest connection possibility in 3D). If there is no neighbouring voxel that fulfils the
predefined criterion, the algorithm terminates. The decision
whether a neighbouring voxel is merged with the region can
depend on various properties which have to be formulated as
a Boolean predicate. Our region growing method adjoins a
neighbouring voxel if its probability value is higher than a
predefined threshold. Additionally, the voxels on the current
region border in every transversal plane must be associated
with a two-dimensional signed curvature of the region border
that is lower than a predefined threshold.
We implemented a slice-wise, two-dimensional region
growing method with a unique expansion onto the
neighbouring transversal slices; hence, this connection type
can be categorized as 8 (+2). In the lowest transversal plane
of the segmented region, our method searches the probability
maximum inside an area bordered by the projection of the
segmented region in the lowest plane, and determines if this
maximum is higher than the probability threshold. The same
process is done for the highest transversal plane of the
segmented region. Hence, we can guarantee that the region
expands only at one position into the adjacent transversal
slices. By using this technique, we constrain the segmentation so that we segment only one region in every transversal
slice. We call this technique conservative region growing
and ascertained its usefulness due to its ability of avoiding
possible oversegmentations. We will elaborate on this point
in Section 7.
We calculated the signed curvature in every transversal
plane as the alteration of the normal vectors of the current
region border. The sign of the curvature can be determined
with the direction of the vector from the cross product of two
subsequent normal vectors on the border.
4.3.2. Consecutive threshold technique of the left liver part
Due to the spatial separation of the left and right liver in
longitudinal perspective, there remain left liver regions that
cannot be segmented with the conservative region growing

Fig. 5. An example of a posteriori probabilities for the leftLB case (left) in comparison with the water-saturated original image (right). The left liver part is
effectively emphasized (left), whereas in the original image (right) both liver parts are evident. The left liver part and the right liver part are labeled.
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method. Hence, we need an additional segmentation step for
the left liver regions. Because of possible intensity
inhomogeneities between the left and right liver we produced
probability maps for the left liver part (see Section 4.2) that
we use for the consecutive threshold segmentation. Due to
their three-dimensional anatomical structure, all liver shapes
will show common displacement characteristics that can be
observed in subsequent longitudinal perspective. The
transversal liver area increases until it reaches a maximum,
thereafter it will shrink continuously. The separation of the
left liver occurs on one or more slices in the middle part of
the liver in longitudinal direction. This separation leads to a
distinctive reduction in the main liver area between two
transversal slices. We analyzed the left liver areas in the
transversal slice of the separation in 40 MR data sets and
determined a lower threshold for those separated areas
empirically. Together with the trained probability maps of
the leftLB case, the empirically determined minimum size of
the left liver area and the knowledge about the already
segmented main liver part from Section 4.3.1, we are able to
identify all left liver regions. We know that the separation
occurs between the borders of the segmented main liver part
in two subsequent transversal slices and we incorporate the
knowledge of the segmented main liver part as follows: the
result of the region growing step yields three-dimensional
binary regions for the segmented main liver part. Beginning
with the main liver region from the topmost transversal slice
we subtract the previous binary region from the following
binary region and determine the difference region. Hence,
those difference regions have integer values in the range
[−1,1]. Values of 1 indicate possible separation regions for
the left liver (Fig. 6).
We perform, in every difference region that exceeds the
empirically determined minimum size, a threshold segmentation on the leftLB case probability maps. For simplification we used the same optimal threshold that we found for
the main liver segmentation. Due to anatomical reasons, we
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know that the left liver areas decrease continuously in
longitudinal direction. For every identified left liver
separation region, we perform a consecutive slicewise
threshold technique in longitudinal direction by using the
region of the threshold result from the previous slice as
regional limitation for the threshold segmentation of the
current slice. By integrating the segmented regions from
the previous slice as limitation, we use prior knowledge
from the previous threshold segmentation result and can
avoid over-segmentations effectively. If there is no region
left, that fulfils the threshold or the minimum size, the
consecutive segmentation of this left liver part terminates.
An illustration of the consecutive threshold technique
gives Fig. 7.
4.4. Module 4: segmentation refinements
Due to similar tissue probabilities adjacent to the liver, it
is very difficult to avoid oversegmentations in general.
With our applied algorithm, the most oversegmentations
occurred in the kidney area and in some muscle areas in
direct adjacency to the liver. The muscle areas we refer to
in the following sections belong to the diaphragm.
Consequently, we refined our algorithm to avoid oversegmentations into the kidney area which will be explained
in Section 4.4.3. Oversegmentations into the muscle
regions occur mainly at the sinistral border of the main
liver part (the sinistral orientation is according to the
orientation of the most shown images in this work, i.e., Fig.
2). Those oversegmentations are characterized by distinctive convex regions. To avoid oversegmentations into the
muscles, we reduced the two-dimensional convex curvature
amount on the sinistral main liver border, which will be
explained in Section 4.4.2. Due to the curvature-dependent
calculations of 4.4.2 and 4.4.3, we used Fourier descriptors
as primary refinement step to smooth the borders and get
rid of local curvature extrema. This refinement is discussed
in subchapter 4.4.1.

Fig. 6. (Left) Difference image between right liver regions from two subsequent transversal slices. Previous region border (blue) together with its following
region border (magenta) are shown. Values of 1 (white) indicate possible regions for left liver dispartments. Middle: Recognized left liver dispartment (white)
after threshold segmentation on leftLB image. The threshold segmentation uses the region limitation of the possible dispartment regions of the difference image.
(Right) segmented right liver regions from the two subsequent slices (blue and magenta) and segmented left liver region (green) on water-saturated MR image.
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Fig. 7. Consecutive threshold technique of the left liver part shown on water-saturated MR images. Topmost slice: segmented right liver region from the previous
slice (blue) and segmented right liver region of the current slice (magenta). The left liver segmentation result of the previous slice (red) serves as regional
limitation for the left liver segmentation in the current slice (green).

4.4.1. Border refinement with Fourier descriptors
Similar to many organs, the liver has a smooth surface
without sharp edges and corners. Hence, the segmented liver
borders can be refined by removing the high frequencies in the
border. We applied the Fourier descriptors [33] for this kind of
refinement, which is a very fast method to remove high frequencies in the border. Additionally, it simplifies the curvaturedependent calculations of the following two subchapters.
To apply the Fourier descriptor technique the border's twodimensional discrete coordinates have to be considered in the
complex plane. The n discrete coordinates: x(n)=[x1(n),x2(n)]
of the border have to be ordered clockwise or counterclockwise and to be embedded in the complex plane, which
yields a discrete complex function: u(n)=x1(n)+j·x2(n). The
discrete Fourier transformation of this complex function
determines the Fourier descriptors a(k) of the border:
%
&
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1 NX
2pjkn
uðnÞ " exp −
að k Þ = "
;
N n=0
N
with: k = −

N
N
; N
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2
2

ð7Þ

where N represents the number of sample points on the
border. The magnitudes of the Fourier descriptors contribute
proportionately to the frequency content in the border.
Consequently, higher frequencies in the border can be
suppressed by low-pass-filtering or using only the lower
Fourier descriptors for the inverse Fourier Transformation.
Discussions in the literature show, that the first 20–30 Fourier

descriptors are sufficient to represent the shape. We used the
first 20 Fourier descriptors to refine the liver contours.
4.4.2. Compensation of sinistral convex regions
The sinistral part of the 3D liver surface is characterized
by a smooth boundary without distinctive variabilites in local
curvature. Due to this anatomical fact, the sinistral borders of
the main liver part from two-dimensional transversal slices
show small convex two-dimensional curvatures. Oversegmentations into the sinistral muscle areas show more
distinctive convex shapes, which can be measured with the
signed mean curvature of the border. The curvature at a
border position can be determined by its normal derivation.
The derivation of the normal can be approximated by the
Y
Y
alteration of the normal ( n1 and n2) of the two adjacent
discrete border positions. The normal alteration can be
measured easily with the angle between the regarded
adjacent normal vectors and is given by
!
Y Y
n1 " n2
a = ar cos Y
ð8Þ
Y
j n1 j " j n2 j
Consequently, all curvature values are in the range [0,π].
We regard the normal alteration between all the pairs of
equidistant border positions in a certain neighbourhood and
determine the mean of those alterations as mean curvature of
the actual border position. This calculation integrates the
curvatures in the neighbourhood and prevents to stress local
curvature extrema. With the signed curvature we can
distinguish normal alterations of convex parts of the border
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from those of concave parts of the border. The signed
curvature can easily be determined by the sign of the
orthogonal contribution of the cross product vector between
Y
Y
the regarded normal vectors n1 and n2.
To reduce convex shapes of the sinistral border of the
main liver part we have to reduce high curvatures in those
areas. In our application, we regard all border positions of the
main liver part that are located sinistral of the borders
centroid and call them sinistral border positions. The sinistral
convexities are smoothed with a region shrinking method
that shrinks the sinistral convexities until their signed
curvatures fall below a predefined threshold. The region
shrinking method reduces the convex regions effectively and
improves the segmentation result in every transversal slice of
the MR data set (Fig. 8).
The region shrinking method reduces over-segmentations
but should be seen as an approximation of the real shape. The
used threshold for the convex curvature is an upper threshold
and was empirically chosen. The liver areas decrease
continuously in the lower transversal slices, hence the
curvature of their borders increases. The chosen threshold
has to regard this fact and has to be used as upper threshold
for the convex curvature reduction. However, the influence
of the convex curvature reduction is reduced on the lower
transversal slices of the liver due to the subsequent sinistral
displacement of the centroid in longitudinal direction.
4.4.3. Refinement in over-segmented kidney areas
Several subjects do not show distinctive borders between
the liver and the kidney areas in the MR data sets. Due to
similar tissue probabilities, the region growing segmentation
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can lead to over-segmentations into the kidney. To avoid this
kind of over-segmentations, we performed multiclass- LDA
to distinguish between liver, kidney and background tissue
and combined the resulting tissue probabilities with the
position probabilities which lead to the LKB case (compare
to Section 4.2). In the LKB probability maps, the kidney
regions are suppressed effectively, however, some liver
regions can also be suppressed in some cases (Fig. 4).
Consequently, if we perform the segmentation on the LKB
probability maps, we avoid over-segmentations into the
kidney regions, but cannot guarantee to delineate the liver
parts adjacent to the kidney correctly. Hence, we have to
perform the region growing segmentation on the LB
probability maps and examine if over-segmentations into
the kidney area occurred. This examination and the further
segmentation refinement can be performed with the help of
the difference data sets between the LB probabilities and the
LKB probabilities.
The resulting difference data sets show high probability
values in the kidney regions. In the case of overlapping
kidney and liver tissue they show also higher probability
values in the transition region. Anatomical observations in
transversal perspective show that there are significant
concave regions in the transition area between liver and
kidney that indicate the separation between liver and kidney.
Those concavities can be identified with the help of negative
curvatures in the segmented border. The higher probabilities
of the difference data sets represent a mask for the transition
areas between kidney and liver and determine where the
negative curvatures in the border have to be taken into
account (Fig. 9). For the primary approximation of the

Fig. 8. Reduction of sinistral convexities due to over-segmentations into the muscle areas. Sinistral convexities are located sinistral the liver borders centroid (red
circle). The result of the region shrinking border is shown in green. We chose a convex curvature threshold of 0.8.
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Fig. 9. Three examples (from left to right) for the compensation of over-segmentations in the kidney area. (Upper row) Difference image between the LB
probability map and the LKB probability map of a selected slice. High grey values represent the transition area. The boundary (green) is shown before the
compensation with distinctive concave curvatures (marked by red crosses). (Lower row) The boundary before the compensation (green) is shown together with
the refined boundary after the compensation (blue) for comparison on original water-saturated MR images. (Left column) Example for two found concave
regions in the transition area. Middle column: example for more found concave regions in the transition area. (Right column) Example for a case without oversegmentation. The compensation of concave regions does not affect the form of the segmented liver region due to the concave characteristic of the liver in that
region. Liver and kidney tissues are labeled.

correct separation between those two organs, we could
determine a separation line between the two most concave
border positions in the transition area. However, it is crucial
to find the two corresponding most concave border positions
because the segmentation could provide numerous concavities in the transition area (Fig. 8). Hence, we determine
separation lines between all negative curvatures and can be
sure to find the connection line between the two
corresponding concave border positions, which indicate the
true separation between liver and kidney. Those separation
lines split the binary regions of the over-segmented liver in
numerous parts. Due to the fact that the liver is located
sinistral to the kidney on transversal-oriented MR images,
we determine the leftmost binary region as the main liver part
of the slice. The numerous splitting does not affect the main
liver part because concave curvatures occur only in the
transition areas. However, if no over-segmentation occurred
and a segmented liver border shows concave curvatures on
the difference data set, the separation lines cannot deteriorate
the segmentation of the main liver part, because those
separation lines do not separate liver regions from each
other (Fig. 8).

5. Extension for fat liver data sets
During the segmentation tests for the selected MR data
sets we observed that the segmentation results for fat liver

worsened significantly. Due to the low contrast of fat liver
MR images, fat liver segmentation is a further challenge for
the liver segmentation. We therefore performed a training
phase for fat liver MR data sets according to 4.2 and
implemented the segmentation for fat liver examples
separately. By using the knowledge of fat liver tissue, we
could improve the segmentation results for the fat liver MR
data sets.
Consequently, we trained two different discriminant axes
for the two example cases of normal and fatty livers.
However, in the case of new data sets, we have to perform
the correct assignment between normal and fatty liver based
generation of probability maps. This assignment can be
arranged with a maximum likelihood classification method.
We classify new MR data sets by analyzing the pixel
distribution in a predefined region of the data set. The
manually segmented MR data sets of the training phase
provide informations of the liver positions in the MR data
sets. We determined the overlap of the manually segmented
data sets of the two training phases. This overlap region can
be regarded as reliable region which contains exclusively
liver pixels in the most MR data sets of new subjects.
We presuppose multivariate
normal
distributions
)
*
Gliver ðY
xl jll ; Rl Þ and Gfatliver Y
xfl jlfl ; Rfl for the normal
xfl and can
liver intensities Y
xl and fat liver intensities Y
determine the two different distribution's centroids (μl, μfl,)
and covariance matrices (Σl, Σfl) basing upon the trained
samples. Hence, we classify the new subject's data set Y
xnew ,
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which has been taken from the predefined overlap region, to
be normal liver or fat liver. The new data Y
xnew set can
be classified according to the maximum log-likelihood
principle with:
(
N
)
X
X*
max
lnGliver xnew jll ;
;
l
i=1

N
X
i=1

)
)
X *
lnGfatliver xnew jlf l ;
fl

ð9Þ

The LDA-based generation of probability maps regards
the tissue properties of the training data. Hence, due to
different tissue properties between fatty and normal livers the
calculation of probability maps has to be distinguished. The
segmentation of fatty liver data sets in normal liver trained
probability maps leads to worse results and vice versa. The
correct assignment of the new MR liver data set to one of
the two types of training examples improves the segmentation results.
6. Results
With the help of radiological experts, we determined the
liver borders for 20 MR data sets of normal livers and 10 MR
data sets of fat accumulated livers manually. Those borders
were used as ground truth to evaluate the volume errors of our
approach. The three-step segmentation method is steered by a
threshold for the two region growing steps and the threshold
step. We learned the optimal threshold automatically with
calculation experiments by testing the segmentation method
for several different probability thresholds. The probability
values are in the range of [0,1]. However, we scaled the
values into the range of [0,255] for better comparison and to
avoid rational thresholds. Due to the observed probability
values, it was sufficient to test the segmentation method for
probability values in the range of [120,240]. We performed
the search for the optimal threshold in steps of 5 and
determined the volume error between the threshold-based
segmentation result and the trained expert volume of the data
sets. We analyzed the minimum volume error for the data sets
and determined 170 as optimal threshold for the region
growing segmentation method.
For the evaluation of the segmentation quality, we
determined liver volume errors. We calculated the liver
volume errors as deviations between the automatically
determined liver volume volautomatic and the manually
determined liver volume voltrue by radiologists. We calculated the true positive volume error (TPVE) as:
TPVE =

jvolautomatic − voltrue j
voltrue

ð10Þ

The TPVE results of our segmentation method for normal
livers and for fat accumulated livers are shown in Table 1.

We calculated a mean TPVE of 8.3 % for the normal
volumetric liver segmentation and 11.8 % for the fat
accumulated volumetric liver segmentation. This difference
is due to the fact that the similarity between liver intensities
and adjacent tissue intensities is higher in fat accumulated
livers than for normal livers. Furthermore, fat accumulated
liver MR images show lower contrast on all weighted MR
channels than normal liver MR images.
Although our aim is to minimize the volume segmentation error, we calculated the Hausdorff distance between the
three-dimensional shapes of the manually segmented liver
region and the automatic segmented liver region to obtain
informations about the sensitivity of the results. The
Hausdorff distance measures the mutual overlap of two
shapes and can be used for sensitivity analysis:
(

dHausdorff = max sup inf dEuclid ð x; yÞ; sup inf dEuclid ð x; yÞ
xaX yaY

yaY xaX

)

ð11Þ
In this context X and Y represent the two sets of boundary
positions of the both analyzed shapes and deuclid represents
the Euclidean distance.
The TPVE does not regard the correct alignment of the two
shapes and several over- and undersegmentations can
compensate. Similar to the TPVE, the Hausdorff distances
for fat liver segmentation results are higher than for normal
liver segmentation results (Table 1). Lower tissue differences
between the liver and adjacent tissue can deteriorate the
segmentation results significantly which leads to higher
overlaps between the training shapes and the automatically
segmented shapes. However, the Hausdorff distance searches
for maxima of Euclidean distances between the shapes and
could punish local shape misalignments stronger which do
not increase the volumetric error comparatively. Furthermore, the coarse and nonuniform resolution of the used image
data augments the Hausdorff distances of our segmentation
results especially due to misalignments in transversal
direction. At this point, we would like to emphasize that
our algorithm is intended for liver volumetry in epidemiologic studies where the TPVE is of essential interest.
Additionally, we listed the runtime for the segmentation
method in Table 1. Due to a higher extent of oversegmentations for fat livers the runtime for the fat liver
case higher than for normal livers.
A comparison of our results with existing methods is
crucial due to different quality measures and image material.
Some authors did not regard segmentation errors in their
work. Instead of regarding volume errors to discuss the
segmentation quality, some authors take measures about
surface errors into account. Information about volume errors
exists for some work referring to CT images. For example
Flor et al. [15] achieved volume errors about 10.72% for
their CT images and Frei et al. [6] reported about volume
errors about 5.36% in the first and 2.36% in the second
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Table 1
Mean and standard deviations for TPVE and Hausdorff distances between
the training shapes and the automatically determined segmentation results
Volume error
(TPVE)

Hausdorff distance
(mm)

Runtime
(min)

Normal liver tissue
Mean
Standard deviation

0.0834 (8.3 %)
0.0341

13.51
7.59

11.22
2.78

Fat liver tissue
Mean
Standard deviation

0.1184 (11.8%)
0.056

20.35
8.66

15.37
4.96

The results differentiate between normal livers and fat livers. The runtime
analysis was performed on a 1.8-Ghz Intel Core 2 Duo Processor with
3 GB RAM.

study. However, they used linear regression analysis for the
estimation of volume differences and applied their segmentation methods on special angiographic CT images. For the
evaluation of the segmentation quality on MR images Platero
et al. [8] used a modification of the Hausdorff distance and
did not provide sufficient information about the choice of
relevant parameters. Consequently, we can only compare the
segmentation quality of our method with the work of [9],
who used MR images and determined volume errors for their
segmentation evaluation. Their true positive volume error
averages about 9.5%; hence, our results for normal livers
(8.3%) improve the segmentation quality.
7. Discussion
We mentioned numerous approaches from the literature
in Section 2. These approaches have several drawbacks and
produce inaccurate segmentation results or are inappropriate
for the re-application in three-dimensional MR data sets.
Segmenting the liver volume using 3D prior models of the
liver is a reasonable approach to support the 3D segmentation, but cannot guarantee reliable results due to the
relatively high variability in liver shape. Usually, edgebased level sets and active contours integrate the gradient
magnitudes of the image into the segmentation process. Due
to strong noise, artifacts and hepatic diseases that can show
strong edges inside the liver on MR images, level sets can
stop its evolution at high gradients inside the liver and
converge on local minima. On the other hand, low image
contrast of MR images can show small or even missing
edge magnitudes, which leads to oversegmentations into
adjacent tissue.
Furthermore, some existing approaches are based upon
assumptions that are not valid for our data sets. For example,
some authors [9] use a convex hull algorithm for segmenting
the liver. However, it seems to be precarious to presume that
the liver can be enveloped in a convex 3D shape due to some
concavities — mainly in longitudinal direction for the left
liver part- which are apparent for most subjects on our
MR images.

Surprisingly, most of the current approaches do not
consider all the tissue information of different weightings.
Usually, abdominal MR data are recorded in several
weightings, so relevant tissue information is lost by
concentrating on fewer channel images. In contrast to earlier
approaches, we use all available tissue information from
different weighted channel images effectively and learn the
liver tissue and position probabilities. By applying LDA for a
certain amount of training images, we can learn a
multidimensional projection axis which preserves the highest discrimination information between liver tissue and
surrounding tissue classes. The projection of vector-valued
MR data on this discriminant axis serves as a fast possibility
to reduce the four-dimensional data to one dimension.
Incipiently, we used the principal component analysis (PCA)
as reduction technique for the four-dimensional MR data
sets. Also, numerous applications of PCA exist in context of
medical image analysis and comparative studies between the
LDA and PCA in similar application domains [34].
However, we state that the LDA is clearly superior to PCA
for our applications due to its ability of directly optimizing
class separability.
By incorporating the LDA for our purposes, we are able
to determine tissue probabilities which we can combine
easily with position probabilities in a Bayesian probabilistic
formulation. This is done in a separate training phase, which
has to be performed one time at the beginning. This
probabilistic framework produces probability maps as input
for our following region growing segmentation approach.
There are two important justifications why we decided to use
a posteriori probabilities of (5) instead of (4) for the
probability map generation. The first justification is that
the a posteriori probability values inside the liver region get
more homogeneous and the second justification is the
automatically determined seed point for the further region
growing module. Due to the influence of the position
probabilities, we can determine the maximum in the whole
3D probability data set as reliable seed point for the region
growing segmentation step.
Region growing is a basic segmentation technique in
computer vision and can be formulated easier for special
segmentation problems [35,36] in medical image analysis
than, e.g., level sets or active contours. Furthermore, the
region growing method is less time-consuming than level
sets and can be adapted and extended with selected criteria
for special segmentation purposes, thereby providing an
optimal starting method for our automated liver volumetry.
We developed the conservative region growing method to
avoid oversegmentations into adjacent tissue of the liver.
Due to the voxel size (1.64 mm * 1.64 mm * 4 mm), the data
sets have a lower resolution in longitudinal direction, this
approach increases the probability of reaching adjacent
tissue with tissue properties similar to the liver in
longitudinal direction. Consequently, if we set only one
seed point in every transversal plane, we segment only one
region in every transversal plane. In combination with the
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avoidance of high signed curvatures, this region growing
version preserves a high connection degree between the
region voxels and contributes effectively to reduce oversegmentations. Consequently, those regions have a higher
probability to be part of the right liver. Attempts with a threedimensional region growing method basing upon a 26connection type resulted in more severe over-segmentation
into adjacent tissue regions.
The most referenced techniques for MR images in the
literature demand interactions steered by the user. For
instance, regions of volume, regions of interest, number of
starting regions, and in some cases, certain thresholds must
be provided by the user. In contrast to those proposed
approaches, our approach is fully automatic and further userguidance is not necessary. The starting point of our initial
region growing method is determined automatically due to
our probabilistic formulation of trained liver tissue and
positions. Of course, our algorithm uses few thresholds, but
most of those thresholds can be set reliably (once) on the
basis of training image data.
The LDA considers the gray value distribution measured
by different weightings. For this purpose, the corresponding
gray values of the same organs in those different weightings
must be superimposed correctly. The quality of superposition can be worsened due to probands' movements during
and also between the measurement of different weightings. If
the data sets of the different weightings are not well
superimposed, registration methods can be applied to ensure
this issue. However, we found out that the corresponding
liver and background voxels of the four used different
weightings are well superimposed by using mutual information based registration techniques of the ITK [37]. Of course,
this is due to the fact that we used the DIXON measurement
technique [38]. According to this technique we acquire 2 MR
data sets: the first one is acquired under in-phase conditions
(TE: 4.8 ms) and the second one under out-phase conditions
(TE: 2.4 ms). Hence, there exists a temporal difference of 2.4
ms between the two acquired MR data sets. For both
acquired MR data sets the water-saturated and fat-saturated
data sets are calculated. Both calculated data sets are
correctly registered because they rely upon the same
acquired MR acquisition. As it has been stated above, the
MR data sets of the in-phase and out-phase acquisition differ
marginally in their acquisition times; hence, we can be sure
that all four used MR data sets in this work are sufficiently
well registered.
Furthermore, we can limit and supervise breathing
motions by using the breathhold technique [27]. The
probands are instructed not to move during MR measurements and also instructed to breath in and hold their breath
for 19 s. In this breathhold time step of 19 s the complete MR
data sets, consistent of two measured and two secondary
automatically calculated sequences, are acquired. Consequently, if a proband is not able to hold the breath, motion
artifacts can arise. Although this is rarely the case, it should
be examined how the automatic segmentation is influenced
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by motion artifacts in future work. An initial registration step
has to be considered for the application of our method in
other epidemiological studies, which do not use the DIXON
measurement technique and special breathhold techniques
for MR measurement.
Finally, we emphasize that we expected healthy probands
in large part who do not show severe liver diseases in this
epidemiological study. Consequently, this algorithm was
designed for the issue of volumetry in MR data sets and was
not intended for further clinical applications like surgical
plannings where special operations for liver diseases (i.e.,
lesions) have to be planned. However, we assessed that fatty
livers followed by liver lesions are the most frequent liver
diseases that are diagnosed during the first year of this study.
So, we designed a special module for fatty liver segmentation (Section 5). Furthermore, our method is able to segment
livers with lesions by surrounding those lesions. Also, liver
regions adjacent to the liver borders can be regarded for the
total liver volume due to the enhancing effect of the learned
position probabilities. For the volume determination, we
regard the whole region inside the segmented borders, so the
lesion volume contributes to the total volume of the
segmented liver. Hence, the application of this algorithm is
not limited to epidemiological studies exclusively, but its
suitability and possible adjustment for further clinical
applications has to be examined in future research.

8. Conclusion
The application of the proposed modularized segmentation method proved effective in the automatic liver
segmentation of 3D MR data sets and provides great
potential for the automatic assistance of liver volumetric
analysis for epidemiological studies and other large-scale
studies. Only few approaches exist for the challenging task
of liver segmentation on MR images. Current approaches,
however, do not take into account all of the available channel
information of different MR weightings. In comparison to
previous approaches, we purposefully and successfully
combine all available information in different MR weightings and are thereby able to segment the liver with custom
region growing and threshold methods as well as refinement
algorithms. With regard to previously published approaches,
our approach is a novel approach for determining liver
volumes on MR images automatically.
Due to missing edges, motion artifacts and lower signalto-noise-ratios, MR images pose further segmentation
challenges compared to CT images. In contrast to edgebased approaches, we are independent of these features and
learn a reliable probability threshold that regards important
tissue and position properties and consequently reduces the
amount of over- and under-segmentation. The separate
treatment of left and right liver properties provides the ability
to take intraorgan tissue inhomogeneities into consideration.
Furthermore, we are able to extend our approach to the
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processing of fatty liver tissue and incorporate an automatic
decision method to distinguish between the two tissue
classes for new subjects.
It is well known that 3D segmentation in medical image
analysis is challenging in terms of algorithm design and
implementation. The time expenditure, in particular, is very
high for fully 3D approaches. Although the conservative 3D
region growing method is primarily a combined, slice-wise
2D approach than a fully 3D segmentation, it proved to be
fast and less sensitive to oversegmentation. Additionally,
signed curvatures can be determined easier and faster for two
dimensions on discrete data. Lower data resolution in
longitudinal direction complicates 3D signed curvature
approximations and reduces its accuracy. However, in the
future, we aim to apply fully 3D level set techniques for
comparison, whereupon we have to overcome the problem of
high time expenditure.
Atlas-guided approaches use prior shape information of
the liver as to guide and support the segmentation process but
have limitations due to the high interindividual variability of
liver shapes. In this contribution, we do not incorporate prior
shape information directly but aim to identify improbable
subparts of the conventional liver shapes derived from prior
knowledge. Consequently, we are able to refine the
segmentation results and approximate the real shape in the
MR data set with more flexibility than by using a rigid prior
shape template.
The combination of our probability map generation with
the conservative region growing method and the final
refinements of our approach is novel and fully automatic.
The coordinated interaction of all modules contributes to
good segmentation results; hence, our approach proved to be
appropriate for liver segmentation purposes in this epidemiological study.
Furthermore, our approach can easily be adapted to
automatic liver segmentation of MR data sets from other
large-scale studies or other laboratories. Our method is not
limited to four different weightings but can even be applied
to MR data sets with differing weighting numbers due to the
fact that the LDA-based probability map generation can be
applied for arbitrary numbers of weightings. An essential
prerequisite is an own training phase with selected MR data
sets in combination with the used different weightings.
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Abstract. Modern epidemiological studies analyze a high amount of
magnetic resonance imaging (MRI) data, which requires fully automatic
segmentation methods to assist in organ volumetry. We propose a fully
automatic two-step 3D level set algorithm for liver segmentation in MRI
data that delineates liver tissue on liver probability maps and uses a
distance transform based segmentation refinement method to improve
segmentation results. MR intensity distributions in test subjects are extracted in a training phase to obtain prior information on liver, kidney
and background tissue types. Probability maps are generated by using
linear discriminant analysis and Bayesian methods. The algorithm is able
to differentiate between normal liver tissue and fatty liver tissue and
generates probability maps for both tissues to improve the segmentation
results. The algorithm is embedded in a volumetry framework and yields
sufficiently good results for use in epidemiological studies.
Keywords: Level Set Segmentation, Distance Transformation, Linear
Discriminant Analysis, Bayes’ Theorem.

1

Introduction

Advances in medical imaging techniques have substantially increased the demand on medical image segmentation. Besides being used as a tool in routine
clinical practise, medical image segmentation can be very helpful for analyzing certain health-related properties in populations in modern epidemiological
science. Organ volumetry is an important part of this. Epidemiological studies
often analyze enormous amounts of data from participants, which would make
manual segmentation very time-consuming and exhaustive and, consequently,
prone to intra- and interreader bias.
A. Heyden and F. Kahl (Eds.): SCIA 2011, LNCS 6688, pp. 512–523, 2011.
c Springer-Verlag Berlin Heidelberg 2011
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Automatic image segmentation is preferred but is difficult because understanding the complexity of medical images requires radiologists with special
training and skills. Automatic liver segmentation is particularly challenging since
the properties of hepatic tissue are similar to those of adjacent organs and tissues. Consequently, state-of-the-art segmentation techniques can lead to oversegmentations with liver segments including adjacent organs such as the kidney,
pancreas, spleen, and stomach. Conversely, some diseases such as cirrhosis, fatty
liver, or tumors can show heterogeneous tissue properties inside the liver, which
can lead to undersegmentation.
This work sets out to assist medical experts in analyzing MR datasets in
the setting of epidemiological studies investigating large populations of different
subjects. MR datasets typically show lower contrast and smaller edge magnitudes than CT datasets. Further challenges of tissue delineation in MR datasets
are motion and pulsation artifacts as well as partial volume effects. All of these
drawbacks require robust segmentation techniques especially designed for MR
datasets and incorporating flexibilities for identifying oversegmentation in the
setting of automatic volumetry. The approach presented here uses flexible level
set segmentation including the ability of recognizing and reducing oversegmentation. Liver MR signal intensity patterns of multiple contrast datasets differ
strongly between normal and fatty livers. The method proposed here differs
from existing approaches for MR image segmentation in that it differentiates
between fat liver and normal liver, enabling successful segmentation for both
kinds of liver tissues.

2

Related Work

Literature research shows that numerous approaches for liver segmentation in CT
datasets exist, while only a few methods have been proposed for MR datasets. CT
segmentation approaches cover a wider spectrum of different methods ranging
from fundamental concepts (like histogram analysis, morphological operations,
threshold techniques, and region growing) [1, 2] to deformable models [3, 4, 5],
atlas-based concepts [6, 7, 8, 9], classification methods [10, 11, 12], and graph-cut
techniques [13, 14]. There exist a fast liver segmentation method [15] especially
for contrast enhanced MR images using a partitioned probabilistic model. However, only few approaches are available for native MR datasets using level set
segmentation techniques [16, 17, 18] or fast marching and improved fuzzy cluster
methods [19].
Although MR acquisition usually produces multiple contrast datasets, existing analysis approaches to the segmentation of MR datasets do not apply image
information from all weighting available. Variations in appearance resulting from
liver disease or the presence of different types of liver tissue are not accounted
for. Twenty percent of the subjects in our study have fatty livers [20]. Fatty livers
have different tissue properties than nonfatty livers and therefore have different
MR signal intensities. Automatic methods should recognize fatty livers and segment them as well as nonfatty livers. Hence, we developed a fully automatic liver
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segmentation framework that can differentiate between fatty livers and nonfatty
livers and segments both types of tissue by using class-specific prior knowledge
about MR signal intensities. We use 3D geodesic active contours and extend and
accelerate the work of [21] for segmentation of liver-specific probability maps by
calculating improved stopping terms in a two-step segmentation approach. The
drawbacks of existing approaches discussed above are overcome by the approach
we are presenting here.

3

Data Acquisition

The study is based on images taken from participants of the population-based
Study of Health in Pomerania (SHIP). All abdominal MR datasets were acquired
on a 1.5 Tesla MR scanner (Magnetom Avanto; Siemens Medical Systems, Erlangen, Germany). Subjects were placed in the supine position, and two phasedarray surface coils were placed over the abdomen and pelvis. The spinal coil was
embedded in the scanner table. Two trained technicians performed all examinations in a standardized way. Four different datasets were created using the VIBE
sequence (Fig. 1). The T1-weighted gradient-echo sequence in two-point Dixon
technique [22] provides in- and out-phase as well as water- and fat-saturated images. Images were acquired with TR = 7.5 (ms) and multimodal TE = 2.4/4.8
(ms) and a flip angle of 10. The voxel size was 1.64 x 1.64 x 4.0 mm, and 64
slices were acquired in 19 s. The image resolution used is common for diagnosis
in clinical routine although it is relatively coarse. It was used in SHIP in order to
avoid long image acquisition times. The Dixon technique ensures that the four
different datasets are sufficiently well registrated for the subsequent methods
that are used in our liver volumetry framework.

4
4.1

Description of the Method
Denoising of MR Datasets

Edge-preserving anisotropic diffusion [23] is used to homogenize the MR intensities inside the different tissue types and to preserve edge magnitudes that are
important for distinguishing liver tissue from adjacent tissues. We applied this
denoising method over 50 iterations by using time steps of 0.0625.
4.2

Training Phase

A training phase is mandatory for supervised probability map generation techniques. Thus, for training purposes, binary masks of 20 livers from different
subjects were segmented manually and saved. Manual segmentation was performed by medical experts. The binary masks served to obtain prior knowledge
of MR signal intensity distributions and can be used for later probablity map
generation. Since many subjects in SHIP have fatty livers, we determined MR
signal intensities separately for fatty liver and nonfatty livers. As biopsy results
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Fig. 1. Original MR images taken from a transverse slice of the VIBE sequence. Inphase weighting (upper left), opposed-phase weighting (upper right), fat-saturated
weighting (lower left), water-saturated weighting (lower right). Frequently mentioned
organs and tissue types in this work are labeled on the images for better orientation.

are available for some SHIP subjects, we selected MR datasets of 10 subjects
with nonfatty livers (< 5 % fat) and 10 subjects with fatty livers (25% - 64%
fat) for this purpose. For our supervised recognition technique, we aim to enhance the transition region between liver and kidney and therefore we have to
assign three tissue types (liver, kidney, and background). Hence, binary masks
of the 20 selected subjects’ right kidneys were segmented manually by medical
experts and saved separately. Finally, an overlap region, which is contained in
all 20 binary masks of the segmented livers, was determined. We call this region
the ”reliable common liver” (rcl) region because it is most likely contained in all
liver regions of the SHIP subjects.
4.3

Probability Map Generation

MR signal intensity distributions for liver and surrounding tissues are estimated
from the training data. Since intensity distributions in the MR images vary
for fatty and nonfatty livers, two distributions in the rcl region are estimated.
Likelihoods for the two tissue types can be determined with the MR intensity
distributions of the two types of trained binary masks. Thus, for every tissue
type, we can calculate their mean (µf , µnf ) and covariance matrices (Σf , Σnf )
and estimate their multivariate normal distributions (Pf , Pnf ). We extract all
−
→ −
→
N test subjects’ MR signal intensity samples (V = { X i kXi ∈ rcl, i = 1..N })
inside the rcl region and assign the liver tissue type according to the maximum
likelihood classification by using the calculated log-likelihoods:
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max{

N
X

−
→
−
→
ln Pnf (Xi kµnf , Σnf ), ln Pf (Xi kµf , Σf )}

(1)

i=1

For generating probability maps we apply the work of Gloger et.al. [24] and
use linear discriminant reduction techniques based upon the work of [25] and
extended by [26] for multiple distribution classes. By using the binary masks
produced during the training phase, MR distributions for the two liver tissue
types, the kidney, and the background can easily be estimated. Every sample
vector of the collected MR distributions consists of four elements representing
the four different MR weightings. We distinguish two types of probability map
generation: the two-class case (liver, background) and the three-class case (liver,
kidney, background). For each case, we perform linear discriminant reduction
(LDA)[25] and determine the axis that serves as optimal projection axis for the
data to reduce class overlaps after projection. LDA reduces the dimensionality of the samples from n=4 to n=1 in a linear manner by preserving as much
discriminant information between the given class distributions as possible. By
projecting the sample vectors of every class onto the projection axis we obtain
one-dimensional probability distributions for every class. The distributions are
generated using a kernel density estimator on the histogram. We used a value
of σ = 2.0 as standard deviation in the gaussian kernel. Additionally, we incorporate the information of the trained positions in the given binary masks of
the three classes as independent probabilities into the likelihoods. In the case of
three classes this results in:
−
→
P ( V |L)Pxyz (L)
−
→
(2)
P (L| V ) =
−
→
−
→
−
→
P ( V |L)Pxyz (L) + P ( V |K)Pxyz (K) + P ( V |B)Pxyz (B)
Pxyz (L) = Pxyz (L|x, y, z) = P (L|x)P (L|y)P (L|z)

(3)

for the liver class. Here V = V (x, y, z) represents a voxel with its MR dataset
coordinate and L, K, B represent the 3 classes of liver, kidney, and background,
respectively. Liver pobability map generation for the two-class case is defined
straight-forward in the same manner as (2) and (3), treating kidney samples
and kidney locations as part of the background class information. In this approach we do not differentiate between the class occurrences and set the a priori
probabilities of every class to 1. For every test subject we calculate the liver
probability maps for the three-class case and the two-class case, depending on
which liver tissue type is present. The segmentation is performed in the liver
probability map of the two-class case, incorporating liver probability maps of
the three-class case for refinement purposes (Fig. 2).
4.4

3D Level Set Segmentation

Instead of using original MR datasets, we perform level set segmentation on
the calculated probability maps. We use the liver probability map of the twoclass case calculated as described in the previous section. In the liver probability
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Fig. 2. Two-class liver probability map (upper left) and three-class liver probability
map with kidney significantly suppressed (upper right). Difference image enhances
transition region between liver and kidney (lower left). Original fat-saturated image
(lower right).

map, the most probable liver tissue is enhanced based on liver- specific MR signal
intensity distributions and MR dataset locations. A further advantage is that we
can use the maximum value of the probability map as the starting point for 3D
level set segmentation. During the test phase of our method, we observed that
the maximum value is always located inside the liver. As possible MR artifacts or
liver disease may show different probability values, we use the Geodesic Active
Contour approach of Caselles et.al. [21]. Consequently, we use the flexibility
of the level sets to perform topological changes for our segmentation purpose.
A drawback of the level set method is its time-consuming propagation process.
Hence, we perform the segmentation in two steps: a fast and coarse segmentation
step on lower resolved probability maps and a fine segmentation step in the
probablity maps with original resolution. Fine segmentation is initiated with the
coarse segmentation result that is scaled up to the original matrix resolution.
Level set propagation is steered by the following partial diffential equation:
∂φ
= g(pm)(a + bκ)|∇φ| + ∇g(pm)∇φ
(4)
∂t
Here, φ represents the signed distance function depending on the segmenting
surface, κ is the mean curvature, pm = pm(x, y, z) represents the probability
map values at the MR dataset positions, and a, b are weighting parameters for
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propagation speed and level set mean curvature weighting. As stopping function
we chose:
1
g(pm) =
(5)
1 + |∇pm|2
The stopping effect of g is influenced by the strength of the probability map
gradients. To accelerate level set propagation we suppress the influence of lower
probability map gradients. Instead of using a threshold to remove low gradients
we use a sigmoid function to transform the gradient values to the relevant range
of gradients to ensure faster propagation. We focus on a particular set of gradient
values and progressively attenuate values outside that range:
S(|∇pm|) = (max(|∇pm|)−min(|∇pm|))

1
)
1 + exp(− |∇pm|−β
α

+min(|∇pm|) (6)

For the sigmoid transformation we apply the following values for the parameters: α = 10 and β = max(|∇pm|)
.
3
4.5

Distance Transform Based Segmentation Refinement

Due to adjacent tissue with similar appearance overspills can occur. Some of
those overspills could be avoided by penalizing the curvature term during level
set propagation. However, it was crucial to find a representative weighting parameter for penalizing the curvature term for all the variously shaped livers
having different curvature properties. In case of strong curvature penalizations,
elongated and tapered liver parts are excluded during segmentation. Interior liver
parts having low probability values (i.e. vasular structures or the hepatic portal
vein) have to be overcome by topological changes. This is not possible, if high
curvatures are necessary to overcome those inner structures. Since, higher penalization of the curvature term produces undersegmentations we used curvature
weightings, which in fact can produce overspills but includes all liver parts.
Then we applied a new method to remove those overspills, which are recognized and removed in a postprocessing step where we assume that regions
erroneously connected to the liver are touching the liver only in a small region.
By eroding the liver boundary such regions should be found since erosion should
split the segment at those sites. Hence we erode the liver segment, remove erroneously included segment parts and use the remaining, eroded part to predict the
correct liver boundary at sites of overspill. We use the distance transform that
has been generated by the level set segmentation to guide this erosion process.
During level set propagation we have assigned positive distance values inside the
liver and negative ones outside the liver. Hence, the positive part represents a
distance transform of the segmentation result (SR) and we determine an initial
3D label (SR label) constructed by all positive distance values. Now we iteratively subtract a distance value (we chose 1 mm) from the signed distance map,
which leads to a subsequent inwards shrinkage of the zero level set. If the segment
is split in a shrinkage step, then we continue with the segment that contains the
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Fig. 3. Slice of 3D label resulting from level set segmentation (left). Same slice following
label separation as a result of the shrinkage method (middle). Voxels contained in level
set segmentation result and not contained in one of the separated 3D labels are assigned
to the 3D labels according to their minimal euclidean distance. The borders of the
shrinked 3D labels (middle) are depicted in green with arrows indicating the shrinkage
direction (right).

starting point of the level set propagation. Voxels removed by the actual shrinkage step get segment labels assigned according to their euclidean distance to
the nearest segment. We construct a new signed distance map depending on the
liver-representing label surface. Thus, we remove all labels which we regard as
overspills (Fig. 3).
Given the high liver shape variability and the fact that livers consist of left
and right liver parts we aim to avoid label separations inside the liver. Livers
can show concave surface regions, which can lead to separations inside the liver
when this method is used. We found that most overspills are detected in the
first shrinkage steps; hence, we use an upper shrinkage frontier (20 mm) to
avoid removal of liver parts. However, parts of the kidney region may not be
removable by this technique since the kidney has similar tissue properties, and
there is a higher degree of surface contact between liver and kidney. Overspill
into kidney regions can be removed if we perform shrinkage beyond 20 mm but
only at sites where label separations occur inside the transition region between
liver and kidney. This transition region can be determined by subtracting the
liver probability map of the two-class case from the liver probability map of
the three-class case (Fig. 2, lower left). We threshold this difference dataset by
choosing the half of the probability map maximum (0.5 in case of probability
values of [0;1]).

5

Results

We tested our method on 40 MR datasets from different subjects, which are not
contained in the training set. 20 Twenty of the MR datasets contained livers
with normal tissue and 20 MR datasets showed livers with fatty tissue. Result
quality was different depending on whether fatty livers or nonfatty livers were
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Table 1. Mean (Mean) and standard deviations (Std) of segmentation quality measures
for evaluating liver segmentation with the new method proposed here. Segmentation
quality differs for nonfatty livers (left) versus fatty livers (right).

VE
Mean
Std

0.047
0.031

Nonfatty livers
OE
DICE
0.129
0.028

0.944
0.020

TPF

VE

Fatty livers
OE
DICE

TPF

0.881
0.052

0.120
0.078

0.206
0.082

0.940
0.017

0.892
0.057

segmented. Hence, we evaluate and present the results for fatty and nonfatty
livers separately (Tab. 1).
We used three segmentation quality measures for result evaluation. We calculate the volume error (with VT , VS representing the training and segmented
volume respectively)
VT − VS
VT

(7)

N (|MT − MS |)
N (MT )

(8)

VE =
and overlap error according to:
OE =

with MT , MS representing the binary masks of trained and segmented dataset
respectively. N () represents the number of voxels. Furthermore, we calculated
the true positive fraction according to:
TPF =

N (MT ∩ MS )
N (MT )

(9)

Finally, we determined the DICE coefficient, which has been established as a
reliable measure for segmentation quality in large-scale studies [27]:
DICE =

2N (MT ∩ MS )
N (MT ) + N (MS )

(10)

Our method performs better when used to segment nonfatty livers. All quality
measures are superior for nonfatty livers compared with fatty livers. A comparison with existing approaches to liver segmentation in CT and MR datasets
is difficult due to inconsistently used quality measures. Unfortunately, reliable
data on the quality of MR segmentation is scarce. Although comparing quality
measures between different imaging modalilities is precarious, we compare our
results with the few results published on CT datasets. In [5] the authors report
overlap errors of 12.2, which is nearly the same as our results for nonfatty livers.
The authors in [28] achieved a mean value of 0.91 for the Dice coefficient, which
is worse than our results for nonfatty livers. The only reliable information about
quality measures for MR liver segmentation is given in [18]: our results for the
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TPF measures are with a mean value of 0.94 nearly as good as their TPF results
of 0.95. However, our method is fully automatic and takes different tissue types
into account, which is not possible by applying the method described by Chen
et al. Result analysis with visualization techniques in our volumetry framework
shows that probability maps of nonfatty livers are less susceptible to overspill.
Furthermore, overspills from probability maps of nonfatty livers are easier to
remove. With the upper border for the maximum shrinkage distance we used
during the distance-based refinement phase, some overspills are not removed
from fatty liver probability maps.

6

Discussion

We developed a fully automatic 3D volumetry framework, which uses and extends an existing edge-based level set approach to segment livers in MR datasets.
Previously, we tested also a well-known region-based level set approach [29] delivering worse results than our extended edge-based level set approach. A two-step
level set segmentation is performed in liver probability maps produced by combining methods of linear discriminant analysis with a Bayesian formulation. We
filter relevant liver edges from liver probability maps by using sigmoid functions
which generates adapted stopping functions to improve and accelerate level set
propagations. Prior knowledge about liver-specific MR intensity distributions is
collected during a primary training phase, which is used for probability map generation. Thus, no user-interaction is required. Our method differentiates between
fatty liver tissue and non-fatty liver tissue and generates tissue-specific probability maps automatically. Consequently, our method performs liver sgementation
for both tissue types, which is very helpful for applications in epidemiological
studies.
We tested our method for 40 probands of an epidemiological study and achieved
good results. Comparisons show that our results for non-fatty livers are in the
same quality range as results from existing approaches for liver segmentation of
CT and MR datasets. Our method outperforms several approaches for CT
datasets. A volume error of less than 5% for non-fatty livers is already appropriate
for fully automatic non-fatty liver volumetry in large-scale studies.
The segmentation results for fatty livers should be improved to be used for
epidemiological studies. Fatty liver tissue shows more similarity to adjacent tissue
types, which reduces the probability map quality for the application of edgebased level set segmentation techniques. Due to higher tissue similarity, overspill into adjacent tissue is more probable on fatty liver probability maps. In
future work we aim to improve the segmentation quality especially for fatty
livers by using more relevant liver features in order to reduce the volume error
below 10%. Although livers show high shape variabilities, we will incorporate
prior shape information to improve the results for fatty livers.
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