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Abstract

Due to its excellent soft tissue contrast and novel innovate acquisition sequences,
Magnetic Resonance Imaging has become one of the most poputaaging modali-
ties in health care. However, associated acquisition adifts can signi cantly reduce
image quality. Consequently, this imperfections can distb the assessment of the ac-
quired images. In the worst case, they may even lead to falseatsions by the physi-
cian. Moreover, they can negatively in uence an automatic nppcessing of the data,
e.g., image segmentation or registration. The most commgnbbserved artifacts are
intensity inhomogeneities and a missing sequence-depentdgeneral intensity scale.
In this thesis, several novel techniques for the correctioof the intensity variations
are introduced. Further on, we demonstrate their advantagein a clinical application.

Many state of the art approaches for correction of inhomogeneities lack either
generalizability, e ciency, or accuracy. We present novelmethods that overcome
these drawbacks by introducing prior knowledge in the objége function and by
mapping the optimization process onto a divide and conquelike strategy. The ex-
periments show that we can increase the average separapiliif tissue classes in
clinical relevant 3-d angiographies by approximately 1892 whereas state of the art
methods could only achieve 11.6%.

The mapping of the intensities of a newly acquired image to aegeral intensity
scale has to preserve the structural characteristics of thmage's histogram. Further,
it has to be invertible. Hence, many standardization appraznes estimate a rather
coarse intensity transformation. We propose several mettie for standardization that
are closely related to image registration techniques. Thesnethods compute a per-
intensity mapping. In addition, the methods presented arehte only ones known that
do a joint standardization and that can handle images with aery large eld of
view. The experiments show that our method achieves an avge intensity overlap
of the major tissue classes of T1lw images of about 86.2%. Thesncommonly used
state of the art method resulted in only 70.1% overlap.

In order to illustrate the applicability and importance of the proposed normaliza-
tion techniques, we introduce a system for the computer-ad assessment of anoma-
lies in the scoliotic spine. It is based on the segmentatiorf the spinal cord using
Markov random eld theory. All required steps are presentedfrom the pre-processing
to the visualization of the results. In order to evaluate thesystem, we use the angle
between automatically computed planes through the vertebe and planes estimated
by medical experts. This results in a mean angle di erence ¢éss than six degrees
being accurate enough to be applicable in a clinical envirorent.



Kurzzusammenfassung

Auf Grund des hervorragenden Weichteilkontrasts und neuannovativen Aufnahme-
sequenzen wurde die Magnetresonanztomographie zu einer gist verwendeten
bildgebenden Modalitat im modernen Gesundheitswesen. A&fakte kbnnen allerd-
ings in den Aufnahmen eine stark verminderte Bildqualitat bwirken. Die Stérungen
erschweren die Sichtung der Daten und kdnnen schlimmstelidasogar zu falschen
Entscheidungen des Radiologen filhren. Dartber hinaus beessen diese eine au-
tomatische Weiterverarbeitung, z.B. eine Segmentierungder eine Bildregistrierung,
auf eine negative Art und Weise. Die am hau gsten beobachtet Artefakte sind
Intensitatsvariationen innerhalb eines Bildes und zwis@n mehreren Aufnahmen. In
dieser Arbeit stellen wir neue Techniken zur Korrektur diesy vor und demonstrieren
deren Anwendung in einer klinischen Applikation.

Viele aktuelle Anséatzen zur Korrektur von Inhomogenitatermangelt es entweder
an Generalisierbarkeit, E zienz oder Prazision. Die prasatierten Methoden I6sen
diese Probleme durch die Integration von a-priori Wissen andurch die Abbildung
der Optimierung auf eine Teile-und-Herrsche Strategie. BIExperimente zeigen, dass
unsere Ansatze eine durchschnittliche Verbesserung derp&eerbarkeit von Gewe-
beklassen in 3-d Angiographien um ca. 18.2% erreichen. Imriyfeich hierzu erlangen
Standardtechniken nur 11.6%.

Die Abbildung der Intensitaten eines neu aufgenommenen Béds auf eine Stan-
dardintensitatsskala muss die Struktur des ursprunglicleeHistograms erhalten. Weit-
erhin muss die Abbildung invertierbar sein. Daher berechneviele Standardansatze
eine grobe Intensitatstransformation. In dieser Arbeit sllen wir mehrere Techniken
zur Intensitatsstandardisierung vor, die zu Methoden der iBIregistrierung verwandt
sind. Darlber hinaus sind die vorgestellten Methoden diergigen bekannten An-
satze, die gleichzeitig mehrere Wichtungen sowie einen gea Aufnahmebereich ko-
rrigieren konnen. Die Experimente zeigen, dass unsere Metten eine durchschnit-
tliche Uberlappung der Gewebeklassen von ca. 86.2% erreich Der aktuell meistver-
wendete Ansatz kommt nur auf eine Uberlappung von 70.1%.

Um die Anwendbarkeit der vorgestellten Methoden zu demorn#tren stellen wir
ein System zur computergestitzten Sichtung von Anomaliem ider skoliotischen
Wirbelsaule vor. Das System basiert auf einer Segmentiegides Spinalkanals durch
Markov Zufallsfelder. Es werden alle Schritte, von der Voerarbeitung bis hin zur
Visualisierung der Daten, prasentiert. Zur Evaluierung wevenden wir den Winkel
zwischen automatisch berechneten Ebenen zu Ebenen, die vnem medizinischen
Experten bestimmt wurden. Die Winkelabweichung betragt daei weniger als sechs
Grad. Dies ist fur den klinischen Einsatz ausreichend.
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Chapter 1
Introduction

Un bon croquis vaut mieux qu'un long
discours.

Napoleon Bonaparte

1.1 Imaging in Medicine

There is little doubt that imaging of the morphology and funtionality of the human
body has revolutionized health care. Nowadays it is posstbto examine cells on a
microscopic level, visualize their metabolism and even d a specic ngerprint

to identify them. On the other hand, physicians are able to @ate morphologic 3-d
images of the human body as a whole and distinguish betweeretfunctionality of
malign and benign tissues on a macroscopic level.

This has lead to various tremendous improvements in healtrae. New possi-
bilities for acquisition and visualization have enabled pfsicians and engineers to
develop novel techniques for the diagnosis and treatment wh would not have been
feasible without modern imaging systems. Cancer diagnasiiis a very impressive
example for this. For instance, radiotherapy would hardly & possible without using
the information about the exact location of malign target stuctures.

Beyond that imaging has not only increased the quality of p&nt care, but also
reduced the costs for health care. The reason for this is th#ftere are much less
unnecessary procedures performed. Additionally, many eéases can be diagnosed in
a much earlier stage of the progression, since it is not nesay that symptoms show
on the outside of the human body, as it used to be. Moreover,afdisease is detected,
procedures can be performed much less invasive.

In particular, Magnetic Resonance ImagingMRI) gains more and more impor-
tance in diagnostics and treatment. The reason for this is #t it o ers a very good
imaging resolution. This holds especially for structuresontaining soft tissue mate-
rials. Additionally, it has the advantage that there are no &le e ects known. For
instance, in other modalities like computed tomography (CY ionizing radiation is
used that can cause irreparable damage to cells. MRI is based the discovery of
nuclear magnetic resonance (NMR) by Felix Bloch and Edward MPurcell in 1946.
Both received the Nobel price for their work in 1952. The intvduction of eld gra-
dients by Paul C. Lauterbur (Nobel price together with PeterMans eld in 2003) in

1



2 Chapter 1. Introduction

the early 1970s enabled spatial encoding and thus imagingng MRI. Consequently,
more and more acquisition protocols for medical applicatis were developed since.

Nowadays, MRI is applied in nearly all areas of medical diagstics and research.
Still most prominent are morphological acquisitions. In tis eld MRI has become
indispensable for many kinds of application because of itsitstanding soft tissue
contrast. It gives an excellent insight in all body regionsfrom the imaging of the
knee to whole-body examinations of tumor patients and the agsssment of anomalies
in the spine.

On top of this, due to new innovative acquisition protocols mre and more func-
tional images are acquired. Functional MRI (fMRI), for instince, bases on the change
of local blood ow in the vasculature induced by brain activy. Because of the asso-
ciated reduction of the paramagnetic deoxyhemoglobin, thehange of image contrast
can be used to visualize the centers of activity in the braiBluxt02].

Di usion MRI, describing di usion weighted imaging (DWI) a nd di usion tensor
imaging (DTI) [Fill09], relies on the local characteristis of the di usion of water
molecules. E.g., DTI uses the di usion properties of tissgecontaining brous struc-
tures like muscle bres in the heart or axons of white mattern the brain. The
di usion in the bers along its main axis is largest. Thus, the di usion can be mea-
sured in several directions and stored in a tensor at each @ ocation. The gained
information can be used for tractography afterwards, for stance.

Magnetic resonance angiography (MRA), like time-of- ightimaging also called
in ow angiography [Pike 92], exploits the unsaturated in aving blood into the satu-
rated static tissue to create image contrast. Furthermoreangiographies can also be
done by phase-contrast MRA (PC-MRA) and contrast-enhance®RA (CE-MRA)
that utilizes MRI contrast agents. Arterial spin labeling (ASL), on the other hand,
labels uids before they enter the slice to be measured. Ugrthis, perfusion maps
of the brain can be calculated. Recently, strategies for o¢h regions, like the kid-
neys [Mart 04,/ Jank 08| Jank 09, Uder 09], were introduced a®iv

1.2 Inuence of Artifacts on the Diagnosis and the
Computerized Analysis

Despite all the progress in imaging technology, a severe ptem for using these devices
for diagnostics and treatment planning are associated imig artifacts. The main
issue is that these image imperfections can in uence the gjaosis or in the worst
case even lead to false decisions by the physician.

If possible, the sources of artifacts have to be understooddiremoved during the
acquisition process. In many cases, however, this cannot aehieved due to phys-
ical, nancial or time issues. Then, they have to be dealt wit using retrospective
correction methods. Artifacts have to be handled in all kingl of acquisition proce-
dures, like among others CT, MRI, or optical methods like erabcopy. For many of
the associated image distortions satisfactory solutiongealready available, e.g., the
interpolation of defect pixels in digital radiographies.

As the focus of the thesis lies on MRI, we concentrate on thisadality because
of the sheer mass of di erent acquisition techniques and egkd artifacts. The most
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Figure 1.1: Di erence between intra- and inter-image intesity variations. Left: Slice
from a 3-d SPACE data set showing the spine. It can be observdtht the middle part
is brighter than the upper and lower area. Middle, Right: TwoMRI FLAIR images
of the same patient acquired in a distance of 6 months usingéhsame acquisition
protocol. Apart from the changed pathologies, large inteitg di erences can be
observed. The transfer function in both images was set to den 225, width: 150.

prominent acquisition artifacts in MRI are among many othes warp around artifacts,
chemical shift artifacts, truncation artifacts, and signal intensity non-uniformities.
The sources of these and other common artifacts visible in MiRnages are discussed
in chapter[2 in more detail. Some of the artifacts can even siiate pathologies that
are not visible in the artifact-free case. For instance, wararound artifacts can result
in high signal intensities in some regions and might be midtan for a pathology.
Furthermore, arti cial thickening of the optic nerves or paarenal uid collections are
simulated by chemical shift artifacts. However, many artifacts do not create false
pathologies in the images, but make the diagnosis much morenaplicated for the
radiologist. E.g. truncation artifacts can cause di culties in the evaluation of the
meniscus [[Puse 86]. Most mentionable, though, are intensihon-uniformities, also
denoted as signal intensity variations.

We di erentiate two distinct types of signal intensity variations:

1. intra-image signal intensity variations and
2. inter-image signal intensity variations.

Both kinds of variations are illustrated in Fig.[T.1.

Intra-image signal intensity variationslead to intensity non-uniformities within a
single image. Usually, these variations are very smooth. Ui, in many cases a human
observer does not even recognize them. Their impact on an aatatic processing of
the images, on the other hand, is large. In literature, theseariations are often
denoted as intensity inhomogeneities caused by a gain or gild. In some areas of
application the correction of intensity inhomogeneitiessi called intensity equalization.

Inter-image signal intensity variationsdenote intensity changes between two im-
ages showing the same content but that are acquired on di ene scanners and/or
at di erent time-points. The correction of these variatiors is denoted as intensity
standardization. It requires the existence of a general iabsity scale.
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We denote the process of removing both kinds of variations a®rmalization.
This is summarized in the following de nition:

De nition 1 (Normalization)

The normalization of an image consists of (1) the correctiorf signal intensity
inhomogeneities as well as (2) the standardization of the age intensities to a given
general intensity scale.

A special case of intensity variations is induced by some arleaved MRI acquisition
sequences. They create intensity dierences in adjacenticgs which signi cantly

reduce the image quality if the volume is visualized in 3-d. Ae correction of these
variations can be achieved using methods for intensity stdardization. Furthermore,

M. Schmidt introduced a fast and reliable correction methodéh [Schm 05].

The inter- and intra-image signal intensity variations andthus the lack of a pro-
tocol dependent standard intensity scale makes it impos$#to prede ne standard
transfer functions to visualize certain tissue classes. €hradiologist has to perform
the adjustment by himself in every single case and even for @lient regions within
the images. This process can be very time consuming.

Moreover, it is often a necessity to further process acquademages to be able to
provide the physician with an intuitive access to the imagesontent. The required
post-processing can include multi-modal image registram to visualize the data of
di erent modalities within the same coordinate system (imge fusion), PET and
MRI images for instance. Additionally, in many cases it is bee cial to segment
certain de ned structures within the acquired images to belae to conduct automatic
measurements, like lesion sizes, or to support the physigian nding a diagnosis by
automatically classifying anatomical structures.

Especially artifacts like intensity variations that chang the appearance of struc-
tures within the images have a signi cant in uence on the quiity of the results of
these image processing methods. For instance, in image ségition, the methods
are usually guided by intensity based di erence measuresn bgeneral, a direct com-
parison of the intensities of two images is done using the stmfrsquared-di erences
(SSD), or a statistical measure describing the mutual stadtical dependance between
the images' intensities (mutual information, Ml). In the cese of the SSD measure,
artifacts introducing intensity variations have a obviousin uence on the resulting
quality of the image registration. However, even statistel measures su er from ar-
tifacts causing intensity variations, as these alter the tensity distributions of the

images [Hahn 09, Lotj10].

For most segmentation methods, the in uence of image artiés on the result is
even more severe than in image registration. Many segmernitat approaches assume
that objects to be segmented have homogeneous intensity pesties. This includes
color information as well as information about their textuing. If these are altered
due to imaging artifacts, many approaches will perform sigeantly worse [Zhug 09]
or even fail.
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1.3 Contribution to the Progress of Research

The main contributions of this work can be split into three dierent categories: meth-
ods for bias correction, intensity standardization, and ta utilization of MR normal-
ization on a clinically relevant application dealing with omputer-aided assessment
of anomalies in the scoliotic spine. Although all methods we developed for MRI,
they can be utilized in other elds of application, too. In the following, we will brie y
introduce the major scienti ¢ contributions. For more infamation, we want to refer
to the corresponding chapters.

Correction of signal intensity inhomogeneities

1. Divide and Conquer based approach for intensity inhomgeneity correction: A
novel fast and robust method for bias correction. The main adntage, com-
pared to other state-of-the-art algorithms, is its good gearalization property.
Thus, the approach can easily deal with weak and strong bialds, it is ap-
plicable in 2-d as well as for 3-d problems, and it can handlemplex bias
elds.

2. Histogram-based regularization strategy for bias comgon: Technique for a
further regularization of existing methods to increase thereliability and their
robustness against interfering structures in the images. dfeover, using the
regularization technique, prior knowledge that is storedni histograms can be
integrated into the optimization process.

Signal intensity standardization

1. Ane alignment of 1-d histograms: An approach to perform avery coarse
matching of the intensity domains of two images. As the modebnsists of only
two unknown parameters, it is very fast. Although the resul are not very
precise because of the model's simplicity, the results arery well suited as an
initialization for more complex approaches.

2. Non-rigid alignment of 1-d histograms: Fast and precise ethod for intensity
standardization. Since a non-parametric intensity trangfrmation is estimated,
it can handle small local intensity deviations in the histogams. The incorpo-
ration of a tunable regularization enables the adaption othie approach to most
problem domains. Moreover, it estimates a real-valued traformation.

3. Non-rigid alignment of n-d histograms: It is the rst approach that standardizes
all acquired MR images jointly by mapping the standardizatn to a non-rigid
image registration problem. Thus, it can handle more compteintensity devi-
ations than 1-d approaches are capable of. The method is igtated into the
Slicer3 frameworé) by the National Alliance for Medical Image Computing.

4. Whole-body MRI intensity standardization: Images with alarge eld-of-view
or images that are a composition of several acquisitions lewery complex

Lhttp://www.na-mic.org/Wiki/images/f/fe/Slicer3Train  ing_WhiteMatterLesions_v2.3.pdf
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and often even spatially dependent intensity statistics. nl order to deal with
this problem we developed a novel distance measure that i¢gagrated into the
non-rigid alignment of n-d histograms.

Assessment of anomalies in the scoliotic spine

1. The assessment of anomalies in the scoliotic spine usin@Ms an essential task
during the planning phase of a patient's treatment and surg&s. Due to the
pathologic bending of the spine, this is an extremely time eguming process,
as an orthogonal view onto every vertebra is required. In thithesis, we present
a system for computer-aided assessment of anomalies in 3-BINImages of the
spine relying on the segmentation of the spinal cord. We intiduce all necessary
steps, from the pre-processing of the data to the visualizah component.

1.4 Structure of this Work

In this work, we will follow the data from the very basic phystal principles of the
acquisition modality, over the correction of artifacts tha are an inevitable result of
the used imaging techniques, to a sample application that Ires on the presented
pre-processing steps. The overall focus is put on MRI. Hovey all methods are not
restricted to this modality.

In order to better understand the intensity distortions thethesis deals with, the
basic theoretical foundations involved in forming an MR imge are introduced in
chapter [2. First, the physical principles, like nuclear spi, are presented. Then,
simple acquisition protocols are explained. This is folled by basic reconstruction
techniques and parallel image acquisition. The chapter idosed by a brief overview
about various imaging artifacts that in uence image qualiy.

Chapter [3 explicitly deals with intra-image signal intendy variations. In this
eld a lot of research was already done. For this reason, weast the chapter with
a short overview and classi cation of state-of-the-art mdtods. Further on, we will
introduce extensions to these methods that make the propasmethods more reliable
and robust against pathological structures. Additionally we will present a novel
method that is able to solve some of the major disadvantage$ many state-of-the-
art approaches. Finally, an evaluation is presented that copares our methods to
others that are commonly used.

In chapter [4 the correction of inter-image signal intensityariations is treated.
In the beginning, the normalization of single images is prested. The normalization
relies on the alignment of image histograms. In the follown this is extended to
multi-channel images and to the standardization of wholeddy MR images. The
algorithms are evaluated and compared to state-of-the-arethods.

In chapter [3, we give an example in which the normalization thniques that
were previously introduced are used in a clinically relevaapplication. We present a
framework for the assessment of anomalies in the scoliotpiree. The whole processing
chain is introduced, from the pre-processing of the acqudedata sets to the nal
presentation of the results to the physician.
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The thesis is concluded by a short outlook on possible nexests in the correction
of intensity variations in chapter[6, and a brief summary oftie the whole thesis in
chapter[7.
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Chapter 2

Magnetic Resonance Imaging Theory

In this chapter, we brie y introduce the theory of MRI. First, the physical background
is explained including spatial encoding. Additionally, wepresent three imaging se-
guences used for experiments and examples throughout theesiis. The next section
deals with algorithms for the reconstruction of the acquird MR data. Here, single
coil as well as parallel reconstruction methods are treatedrinally, the chapter is
concluded by a short summary of artifacts encountered in MRBecause the inten-
tion of this chapter is just to overview the principles and tle problems using MRI
for in-vivo imaging, many vital details of MR theory are skipped. For futher infor-
mation, we refer to state-of-the-art literature (e.g., Bravn and Semelkal[Brow 03] or
Oppelt [Oppe 0%]). Nevertheless, the chapter gives all theecessary information to
understand the sources of intensity variations within themages. This understanding,
however, is required to develop mathematical models that deribe these variations
in MR images. Without this, it is not possible to introduce rejuired restrictions, like
information about the smoothness of intensity inhomogenes, into the optimization
stage of the correction methods making a satisfactory solah feasible. Moreover, a
good intuition helps to provide and integrate prior knowlede for the normalization
of acquired MR images.

2.1 Acquisition

The human body consists of approximately 70% of bound and uabnd water mo-
lecules. The most abundant isotope of hydrogen is the nucktH. Its spin is 1=2.

For these reasons, usually the nucled$i is used forin-vivo imaging. However, other
nuclei with a nuclear spin are used as well in MR spectroscofiyr instance [Brow 03].
Although the theoretical physical basis of MRI relies on quaum mechanics, all
necessary e ects can be explained using a model of a protorsdebed by a small bar
magnet. In the quantum mechanic viewpoint, the spin of all sible atomic nuclei can
only take discrete angles with respect to the magnetic eldg(g. for protons with spin
1=2 two angles). Using the macroscopic viewpoint, the anglesrcae arbitrary. Due
to this fact, spin mechanics can be described using the Bloeljuations [Oppe 05].

9
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ZO;BO
Z;Bo 4

X x0

Figure 2.1: Left: Precession motion of the nuclear spins anod the main magnetic
eld B o with angular velocity ! 5. Right: The magnetization vectorM in the rotating
frame of reference.

2.1.1 Spin and Magnetization

If a sample of protons is exposed to an external magnetic ettie orientation of their
spins align parallel or anti-parallel to the direction of te magnetic eld. The pro-
portion of the direction of the spins is de ned by the Boltzman statistics [Brow 03].
Because of the lower energy level, there is a surplus of spaigning parallel to the
magnetic eld yielding a magnetizationkM k of the sample. kM k is the Euclidean
norm of the magnetization vectorM 2 R?3. If the magnetization vector of the sam-
ple is not completely parallel to the magnetic eldB o, a torque is exerted on it.
The torque is perpendicular to the direction of the magneticeld and the vector
M . Hence, the magnetization vector describes a precessingtimo around the main
magnetic eld B . The angular velocity of the spins is proportional to the Eulddean
length of B ¢ [Brow 03] and can be computed as

lo= kB ok: (21)
The angular velocity ! o is also called Larmor or resonance frequency. The propor-
tionality constant connecting the main magnetic eldB ( and the angular precession
velocity ! o is called the gyromagnetic constant . The gyromagnetic ratio for the
nucleus'H (proton with spin 1/2)is =(2 ) = 42:6 MHz/T As the precessing velocity
is known, it is possible to switch from the static frame of refrence with coordinate
axis X, y and z to a rotating frame of reference with coordinate axix® y° and z°
The rotation axis is the direction ofB o that corresponds to thez-axis. As a result of
the new rotating coordinate system, the magnetization veot does not rotate any-
more around the main magnetic eldB . This has the advantage that the following
equation can be written w.r.t. a static coordinate system. e connection between
the coordinate systems is illustrated in Figl_Z]1.
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The basic idea behind MRI is to ip the sample's magnetizatio vector away from
the parallel alignment to the main magnetic eld. Subsequely the vector begins
to realign with the main magnetic eld. The realignment can & measured from the
outside of the sample. The ipping is called excitation as th system is supplied by
additional energy from an external source. In order to ex@tthe spins, the energy
pulse (radiofrequency pulse, RF pulse) has to match the rasmnce frequency of the
sample de ned by the gyromagnetic ratio (see Eq[(2.1)). Ineneral, ip angles of
30, 90, or 180 are used. After excitation with a RF pulse, all spins precess
the same phase. Their moments add up to the signal induced ihd receiving coil.
Because of the in uence of molecular magnetic elds caused Imacro-molecules in
the sample and susceptibility variations in the excited tisue, the spins loose their
phase coherence. The transversal magnetizatidth ; induces a signal in a receiver
coil placed perpendicular to the transverse plane. This sigl is called free induction
decay (FID). The decay is characterized by the tissue depesat time constants T,
and T,. The decay caused by the molecular elds only is described biye constant
T,. It is up to three times longer thanT,. In literature, this is often referred to as
transverse relaxation time or spin-spin relaxation time.

A second very important tissue dependent time constant i$;. It describes the
longitudinal relaxation or spin-lattice relaxation. It corresponds to the time that is
needed to restore 63% of the-component of the magnetization vector. The relaxation
follows

M,(t) = Mo(1 e ) (2.2)

with t being the elapsed time since the RF pulse and, being the magnetization
before the excitation. Some typical relaxation times for §sue classes relevant in the
thesis are shown in the following tablg [Oppe 05]:
T, \ T,

kidney tissue 0:59s 0:16 T, =58ms 24

gray matter | T; =0:81s 0:14| T, =101ms 13

white matter | T, =0:68s 0:12| T, =92ms 22

Note that T, times are much smaller thanT; times.

2.1.2 Spatial Encoding

So far, only the excitation and the measurement of relaxatiotimes of the whole
sample was considered. Forimaging purposes, a spatial esiog of the measurements
has to be introduced.

Slice Selection

For simplicity we are considering axial slices only. Howewearbitrary orientations are
possible. The slice selection directly makes use of EQ. (2.1n order to change the
precessing frequency a magnetic gradient el@, in z-direction is applied to the main
magnetic eld. Thus the total eld strength is z-dependent and can be computed as

B,(z) = kBok + G,z: (2.3)

As the precession frequency depends on the eld strengly, we have to apply a RF
impulse including the frequencies, < f <f , de ned by the interval z; <z <z,
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Amplitude

°

v

Z Z, z Time

Figure 2.2: lllustration of the slice selection: The-componentB, of the main mag-
netic eld linearly varies due to the applied gradient. To exite a slice of slice thickness
Z; < z < Z,, the corresponding frequency pro le has to be computed (di&d line).
The pro le has to be Fourier transformed. The result is asinc function in time
domain (plot on the right) that corresponds to the required B pulse. In practice a
truncated sinc is used.

to excite a slice with a slice thickness af, z;. In the following, we assume that
the center of the interval corresponds t® = 0. With that the eld strength is
equal tokB ok in the center of the interval. The Fourier transform of the retangular
frequency spectrum corresponds to theinc(t) = sin(t)=t function in time domain.
The link between gradient eld, rectangular spectrum, and he signal envelope of the
RF pulse is illustrated in Fig.[Z2. A source for artifacts ases from the fact that in
theory the sinc function has an in nite duration, in practice, however, it has to be
cut o after the rst or second lobe due to the protocol timing.

Frequency Encoding

Let us assume that a slice centered arourml= 0 and parallel to the x;y plane has
already been excited. Thus, all spins have been ipped downde ned angle and
they are in-phase. Due to inhomogeneities in the magneticld the spins begin to
dephase and the induced signal in the receiver coils gets ésluced. From Eq. [(2.11)
it is known that the precession frequency is dependent on tHecal magnetic eld
strength. If the local magnetic eld strength is altered, tte spins in this region precess
with a di erent angular velocity corresponding to the new dd strength. In order to
do spatial frequency encoding a linear gradient is applied the main magnetic eld.
This gradient varies the magnetic eld inx-direction. The direction of the gradient
eld is the z-axis. This can be formulated as

B (x) = kB ok + Gyx (2.4)

with Gy being the gradient. If this gradient eld is applied during the readout, it
is obvious that the induced signal contains various frequeiges, each corresponding
to a spatial position along the gradient direction. The di @ence in angular velocity
of the initial to the altered magnetic eld strength for locaion x can be calculated
as ! = Gyx. In the following we call the x-axis also the readout direction or the
direction of the frequency encoding.
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Figure 2.3: lllustration of phase encoding: Before the agpation of the gradient

Gpg, all spins in one column precess in phase and with the samegession frequency.
During the application, the frequency of the spins is depesedt on their y-coordinate.

After the gradient has been turned o again, the spins contine to precess with their
original frequency but they have a phase di erence.

Phase Encoding

Using the slice selection and frequency encoding two of thequired three coordinates
can be selected. In fact the result of the frequency encodimgthe integral over the
y-direction at a xed Xx- and z-coordinate. In order to add further information to the
excited slice an additional gradientGpg is applied for a de ned time interval before
the readout. The gradient linearly alters the magnetic eldalong they-direction. In
the following, we will refer to this as the phase encoding diction. The eld inho-
mogeneity induced by the gradient yields that the precessidrequency is dependent
on the y-coordinate. After the gradient has been turned o, the spia will continue
to precess at the original frequency. However, the di erenprecession frequencies
yielded ay coordinate dependent phase shift of the spins. The magnitadof the
phase shift is de ned by the strength of the gradienGpe and the time it is applied.
The phase encoding principle is illustrated in Fig._2]3.

2.1.3 Pulse Sequences

Pulse sequences de ne the acquisition of the MR images. Foisiance, they include
the information about when to turn on a gradient or when to apty a RF impulse. We
will introduce three MRI pulse sequences used throughoutéhthesis. However, there
are a lot more important sequences used in clinical routin&specially, sequences that
attenuate certain tissue classes, like uids in FLAIR (FLud Attenuated Inversion
Recovery) are widely used.

Spin Echo

One of the rst imaging sequences was the Spin Echo sequende.s directly de-
rived from the position encoding techniques introduced inhe previous section. In
Fig.[Z4 the sequence timing diagram is shown. First, togeth with the slice selection
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Figure 2.4: Spin echo timing diagram: The rst line shows thexpected signal induced
in the receiving coil. In the second line the RF excitation pilse and the refocusing
pulse are shown. Next, the timing of the slice selection greht G, is illustrated.
This is followed by a phase encoding gradier@r. For every phase encoding step,
schematically illustrated by the parallel lines, the wholaliagram has to be repeated.
Finally, the frequency encoding is illustrated.
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gradient, a 90 RF pulse is applied. This pulse ips all spins and brings thennto
phase alignment. Next, the phase encoding gradief@pg is applied. This changes
the phases of the spins along thg-direction. In order to be able to do more pre-
cise measurements with respect to the fadt, relaxation times a 180 refocusing RF
pulse is applied after TE/2. TE is called echo time. This yi@ls an echo of the signal
after TE. The reason for this is that immediately after the 90 RF excitation pulse
the spins start to de-phase depending on local magnetic inhogeneities. If a 180
refocusing RF pulse is applied all spins are ipped by 18(ut continue to precess
with the same velocity in the same direction. Thus, the spinare in phase again after
TE/2 has elapsed after the 180pulse. This is illustrated in Fig.[Z4. During readout,
the frequency encoding gradient is turned on and the signa read/sampled using an
analog to digital converter (ADC). Before continuing the aquisition using a di ering
phase encoding gradienGpg to create data with another phase shift, one has to wait
for a certain time period. The time period between two acquitsons is called repe-
tition time (TR). This time interval is necessary as the magetization has to return
towards its equilibrium state before the next measurementan be performed.

The contrast in spin echo sequences is de ned by the two tingnparameters TE
and TR. Between the initial excitation and the received echthe magnetization has
decreased by a factor ofxp( TE=T,) because of thel, decay. If the echo times are
chosen to be much smaller tham, (TE << T ,), this has hardly any e ect as the
factor is close to one. If, on the other hand, TE and, are in close proximity, the
factor is dominated by theT, times of the underlying tissue. Thus, the resulting image
is To-weighted. The other important contrast parameter is the rpetition time TR. If
it is chosen to be smaller than the longitudinal relaxationime T,, the longitudinal
magnetization cannot completely relax. This means, that th magnetization vector
M is not in its equilibrium state parallel to the main magnetic eld B . This yields
T;-weighted images. The recovered magnetizatidvi, can be computed as

My = Mo(1 e ™R7T) (2.5)

with M, being the magnetization directly before the excitation pie. A summary of
the in uence of the contrast parameters is given in the follwing table:

| short TR | long TR
short TE || T;-weighted | PD-weighted
long TE not used T,-weighted

In Fig. 2.3 typical examples forT; and T, weighted images of the head are given.

Turbo Spin Echo

Turbo Spin Echo (TSE) sequences, also called Fast Spin EchBSE) are closely
related to the standard SE sequence introduced before. lesd of just one single 180
refocusing pulse multiple refocusing pulses follow each 9kcitation pulse. These
pulses produce multiple echoes of a single excitation. Thehees are called echo-
train. To every refocusing pulse a di erent phase encodingadient Gpg is applied.
Thus, every echo can be used to acquire a phase encoded lingne Tength of the
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Figure 2.5: Left: T1-weighted image. Right: T2-weighted irage. In the images the
same patient is acquired with di erent imaging parameters.For instance, it can be
seen that in the T1w image CSF appears dark whereas it appedmsght in the T2w

image. Both images are acquired at the Radiologic InstituteJniversity of Erlangen.

Signal ﬂ

RF ".90 AlSO AlSO ﬁ'
« [ /L N
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Figure 2.6: Turbo spin echo (TSE) timing diagram: The timingdiagram corresponds
to a TSE sequence with a echo train length of three. The rst tie illustrates the

expected signal induced in the receiver coil. Then, the etaiion RF pulse and

the refocusing pulses are shown. In the third line the schetatiming of the slice

selection gradientG, is presented. This is followed by the schematic phase encogli
gradient Gpe . Here, every gradient is followed by a reverse one indicatbyg opposite
arrows. Finally, the readout gradientGy is shown.
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Figure 2.7: Field of view of an axial slice through the head

echo-train (number of echoes) is called turbo factor. Thertiing diagram is shown in
Fig.[2.8. As multiple echo times are used, the echo time thad used for acquiring the
line with Gpg = 0 is called the e ective TE. Gpg = 0 is used as it has the highest
contribution to the image contrast.

There are several adapted versions of the TSE sequence. latee will deal with
images acquired usingampling perfection with application optimized contrastssing
di erent ip angle evolutions (SPACE) a 3-d TSE sequence. SPACE has extremely
long echo trains. In order to achieve this, the refocussingulses are no longer 180
but vary in ip angle. Consequently, high resolution 3-d im@ges can be acquired in a
very fast manner.

Arterial Spin Labeling

The principle of arterial spin labeling (ASL) is quite straght forward. In a rst
step, a slice to be imaged is selected. Then, the area below tlice to be imaged is
labeled magnetically. This area contains the arteries. THabeling is done by an 180
inversion pulse. After the labeling the arterial blood owsnto the selected slice. Due
to the inversion of the spins of the blood the magnetizationfdahe vessels is reduced.
After some time, called the transit time, the slice is imaged The result is called
tagged image. Because of the reduced magnetization withihet vessels, they have
a lower signal intensity in the image. After all spins have ehed their equilibrium
state the slice is acquired again yielding the control imageBy subtracting both
images the perfusion of the tissue is computed.

Compared to other perfusion imaging methods, ASL has the aavtage that no
contrast bolus has to be given to the subject. This reducesgislems regarding allergic
reactions. Further, it is still an open research topic if canast agents in uence the
metabolism of organs like the kidneys.

2.2 Reconstruction

The acquired MR image corresponds to a slice through the regi of interest of the
patient. The imaged part is called the eld-of-view (FOV). It is parameterized by
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Figure 2.8: k-space / image domain correspondence: Left: thespace image is
shown. For presentation the logarithmical absolute valueare shown. Right: The
corresponding slice in image domain. The connection betweboth domains is the
2-d Fourier transform.

the position and orientation within the acquired object, tre slice thicknessds, the
dimension in the readout direction, and the dimension in pts encode direction.
The size of a voxel inx- and y-direction is de ned by the number of samples during
the readout Nro, the number of phase encoding stegdpe as well as the size of the
FOV. Thus, the physical sizes, of a voxel can be computed as

Sy = ds FOVXZNRO FOVy:NpE (26)

where FOV is the size of the FOV in readout direction and FOV is the size in phase
encoding direction respectively. The 3-d voxel in the acged slice corresponds to a
2-d pixel in the image domain. In Fig[ 2.7 an axial slice andstFOV is illustrated.

2.2.1 k-Space

The acquired raw frequency and phase data is stored kispace. In the case of 2-d
acquisition protocols like the spin echo sequence, it is addata matrix. The ky-axis
of the matrix represents the time component (readout direain) of the acquisition,
the ky-axis encodes the phase shift information (phase encodeediion). The number
of sample pointsNgo in the readout direction is de ned by the sampling in the ADC.
In the y-direction the sampling is de ned by the number of phase ending stepsNpE.
In order to convert the acquired data fromk-space to the image domain, a 2-d Fourier
transform of the data has to be performed. The correspondenbetweenk-space and
image domain is illustrated in Fig.[Z.8.

In the center of k-space, the amplitude variations are dominant. Thus, these
lines are primarily responsible for the contrast in the imag Signals acquired with
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high amplitudes ofGpg contain high frequencies. For this reason, thesespace lines
represent the edges mainly. They are located away from thenter of k-space. This
corresponds to basic image processing principles.

In order to reconstruct the images from the raw data, it is a neessity for today's
that the k-space is completely lled and that the data points are equidtantly sam-
pled. This means that distances k, and k, between two data points inky- and
ky-direction are constant. The number of sample points ik-space Npeg Ngro), Ky
and ky de ne the resolution of the nal image. There are several sategies to |l
the k-space matrix. Acquisition sequences like the introducegis echo sequence (see
section[Z1.B), Il the k-space matrix linearly. This means that always a complete
k-space line is acquired at once and written into the data mat. However, otherk-
space trajectories are also used like a spiral trajectory.h€se acquisition trajectories
can be generated by dynamically altering the imaging gradies [Brow 03].

2.2.2 Parallel Acquisition Techniques

A major disadvantage of MRI compared to other tomographic thniques like CT
is the acquisition time. The limiting factor is the phase enading step. After every
acquired line one has to wait until the spins relax to their agjlibrium state again.
For example, a standard T1w spin echo sequence with 384 acqdilines, a TR time
of TR = 559 ms and no averaging yields a total acquisition time of approxiately

tac= Npeg TR=384 559 ms 3 min35s (2.7)

for every slice. The goal of parallel acquisition technigee(PAT) is to reduce the
number of phase encoding steps to accelerate the overall @isgion. The improve-
ment is measured by the acceleration factar. The main idea is to use additional
receiving coils. Due to the di erent spatial location of thecoils and their sensitivity
pro le the information can be combined to form the resultingimage. Modern coil
arrays can have up to 32 single receiving cdlis

There are two di erent categories of PAT. The rst one combires the information
of the receiving coils in the image domain. Methods of the sew category merge the
data in the frequency domain. Further, there are a few methadthat combine image
domain and frequency domain. In the following, we brie y intoduce one commonly
used approach of both main categorieSensitivity encoding(SENSE) andgeneralized
auto calibrating partially parallel acquisition(GRAPPA).

Sensitivity Encoding

SENSE is an approach operating in the image domain. In ordeo taccelerate the
acquisition, the phase encoding step width is increased byfactor r. Thus, only
every rth line has to be acquired yielding an acceleration factor af. The missing
k-space lines lead to overlaps of the acquired object as somegliencies that are
required for reconstruction are not available. The overlapare illustrated on the left
of Fig. [Z.9.

Lhttp://www.medical.siemens.com
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(d)

Figure 2.9: Schematic illustration of SENSE: The gure shosvthe principle of SENSE
for a two coil setting (r = 2). Figures (a) and (b) correspond to the image$; and
S, acquired using coil 1 and coil 2. The overlaps in the imageseaa result of the
missingk-space data. For an acceleration factor of= 2, data for every second phase
encoding step is acquired only. Image (c) and (d) are the ca@énsitivity pro les C;
and C, measured beforehand. Using the sensitivities and the acpd images, the
original image can be reconstructed (image (e)) using equatiois 2.8. Theoss
and the rectangle show the relationship of the pixel contrildions and locations in all
images.
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Figure 2.10: Schematic illustration of AUTO SMASH and GRAPR: Solid circles
illustrate measured lines, blank circles missing lines, drgray circles auto-calibration
signalsSA©S. The gure shows an acquisition with acceleration factor = 2 and one
additional SA°S line. Left gure: lllustration of the estimation of the weights using
the AUTO SMASH approach. Right gure: Using the GRAPPA algoiithm multiple
lines are used for the estimation.

Every pixel in the acquired image of every coil representse¢hweighted sum of the
spin density at r di erent locations within the images. The function of weighing
factors C; of coili are location dependent and correspond to the sensitivity pre of
the coils. An example of the system of equations for two ree@ig coils and thus an
acceleration factor ofr = 2 is

FOV FOV
S1(6Y) = Ci6y) (6y)+ Ci Xy + — Y Xy + Y

FOV FOV
Sa(xy) = Colxiy) (6y)+ Co Xy + — Y Xy + Ty (2.8)

whereS; is the signal perceived at coil. The connection between the two equations is
shown in Fig.[2Z.9. Here, the sensitivity pro lesC; of the coils have to be known. They
can be computed by a preceding reference scan. Both equatidrave two unknowns
for every measured position. As there are two unknowns and dwequations the
system of equations can easily be solved. Thus, the realgsal intensity can be
computed for both locations in the image.

Generalized auto calibrating partially parallel acquisit ion

In contrast to SENSE, GRAPPA [Gris02] is a method operatingn k-space. The
underlying theoretical concept ok-space methods is that the phase encoding gradient
Gpe bears a sinusoidal phase modulation across the whole exdibject [Lark 07].
As the measured phase is encoded along thalirection in k-space, it yields a shift of
the acquired line in that direction. This is used in the recostruction to approximate
the missing lines.
The k-space entries of the th coil can be written as
ZZ

Si (ke ky) = Ci(xy) (x;y)e e ®»Ydxdy (2.9)
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using the explicit formulation of the Fourier transform as mtegrals overx and y.
The simplestk-space based method iSimultaneous acquisition of spatial harmonics
(SMASH) [Sodi97]. In order to Il the missing k-space lines, it explicitly uses the
sensitivity pro les of the coils. It is assumed that the proles of all coils di er from
each other. Because of the arrangement of the coils, this asgtion is valid. SMASH
uses a linear combination of the coil sensitivities to appxanate the mth spatial
harmonic:

S .

ne(,m)Ci(xy)= e ™ kY (2.10)

1=1
wherelL is the number of available coils ana(I; m) de nes the unknown weighting of
the Ith colil to the approximation of the mth spatial harmonic. The weighting factors
ne(l; m) are estimated by a least-squares t. Inserting EqL(2.10) to Eq. (2.9) yields

M 7z
ne(l; M) S (ky; Ky) (x;y)e “Xe Ve ™ MWYdxdy
1=1
= S(keky+ m k) (2.11)

Using Eg. (2.11) all missingk-space lines can be approximated. Consequently, the
complete image can be reconstructed.

As the coil sensitivities are usually not known, an adaptiomf SMASH referred
to as AUTO-SMASH [Jako 98] determines the weights by acquimy additional lines
in the center of the k-space. These lines are used as reference lines. In order to
estimate the necessary weighta(l; m), a t to these lines is done. Theoretically,
only a single additional line is needed, if the acceleratidactor r is two. In general,
at least (r 1) reference lines are required. The additional acquirddspace lines are
called auto-calibration signalsSA“S. The problem can be formulated as

X
S8 (ke; ky + M ky) = ne(l; M) S (Ky; ky): (2.12)

=1 =1

The tting of the data is illustrated in Fig. Z.10] Here only a single line is used
to compute the missing lines in between. The reconstructioitself is equivalent to
SMASH.

In contrast to SMASH-like methods, GRAPPA does not only compte the com-
bined image but provides a reconstruction for every receiveoil. Further on, GRAPPA
does not use a single line to compute the missikgspace lines but a neighborhood.
The neighborhood consists of a number of blocks,. Each block consists of one
acquired line and(r 1) missing lines. A block is illustrated in Fig.[Z10. As the
missing lines are approximated for all coils, weights for exy receiving coilj have to
be estimated. Using this the reconstruction formula of GRAPA can be written as

X %1
Si (ks ky + m ky) = nc(J; b; ;M) S (ky; ky + br ky): (2.13)
=1 b=0

The corresponding tting process is illustrated in Fig[2.10.
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Figure 2.11: Parallel acquisition and sum-of-squares rewtruction: The image in
the bottom row and second column shows the sum of squares mstouction result
using a 32 channel head receiver coil array. The other ten igps are example images
of single coils. The images are acquired at the Radiologicstitute at the University
of Erlangen.
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(b)

Figure 2.12: Image (a) shows a motion artefact on a Tlw head age. In image
(b) a wrap around artifact is illustrated. Both images are aguired at Siemens AG,
Healthcare Sector, Erlangen, with TE=8.4 ms, TR=550 ms andm ip angle of 90 .

After the computation of the single coil images, they have tbe merged to form
the result image. In general a sum-of-squares (SOS) [Larg ®8construction is used
for this task. The SOS reconstruction can be formulated as

U
gx .
~x;y) = iSI(x;y)j? (2.14)

=1

where ~(X;y) is the estimated object density at position(x;y). An example for the
SOS reconstruction using a 32 channel head coil array is shrom Fig. 2.11.

2.3 Artifacts

In this section, we brie y introduce some of the most commowlencountered imaging
artifacts in MRI. However, many details are skipped. Interity non-uniformities
are discussed in more detail in the following chapters abotiie correction of signal
intensity variations. The correction of many of the introdiwced artifacts gains more
and more importance as their impact on image quality of moderscanners with higher
eld strengths increases.

2.3.1 Motion Artifacts

Motion artifacts are a very common problem in MR imaging. Oneof the basic
assumption of MRI is that there is absolutely no patient movwaent during the ac-
quisition. The only change that occurs is due to the variatio of the phase encoding
gradient Gpe. Since the time for a complete acquisition can be rather longnotion
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is unavoidable. This can either be the result of respiratorgnotion, heart beat, blood
ow, or patient movement. The result is that the tissue that is excited at a certain
position within the 3-d world coordinate system produces $t signal at a di erent,
translated position. Thus, the acquired information is putin the wrong location
within the k-space matrix. Moreover, if after a certain time the patientmoves but
stays in the new position for the rest of the acquisition, th&-space is lled with two
di erent patient settings.

Motion disturbs phase encoding more than on the frequency@ding as phase en-
coding is applied before the readout, whereas frequency eding is done concurrently
with signal acquisition. A motion artifact is illustrated in Fig. 212 (a).

2.3.2 Aliasing

Aliasing, also called warp-around artifacts, results fronobjects that are excited but
that are outside of the actual FOV. In the images they manifésas overlaps on the
opposite side of the FOV showing the object parts that are oside the FOV. This
artifact can occur both because of phase encoding and freqag encoding. However,
artifacts caused by frequency encoding can be eliminated byersampling of the data
during the readout or by removing the high frequencies using bandpass lIter. In

phase encoding direction the aliasing can only be correctby increasing the FOV in
the phase encoding direction. A wrap around artifact is illstrated in Fig. 212 (b).

2.3.3 Chemical Shift Artifacts

There are two di erent artifacts that are summarized as chemoal shift artifacts. The

assumption of frequency encoding is that all protons withimn excited voxel have
the same precession frequency. However, at voxels that caint both water and fat

molecules this is not the case. Fat molecules have a lowerarant frequency than
water. This leads to a frequency mapping of the fat protons ta voxel with a lower
frequency. Especially at borders between tissue classeshwan equal distribution

of water and fat molecules the tissue misalignment is visital An example for a
problematic region is the spine area between the discs andtebrae.

The second artifact based on the chemical shift is called pka cancelation. This
artifact occurs within out-of-phase gradient echo imagesThe reason for the arti-
fact is that in gradient echo images the phase cycling is noeversed using a 180
pulse. Thus, fat and water protons contribute di erently to the received signal. The
contribution of di erent molecules depends on TE. This is lustrated in Fig. Z13.

2.3.4 Truncation Artifacts

Truncation artifacts, also called Gibbs ringing, are relad to the detection and sam-
pling of the generated echoes. During the readout the signial sampled. After and
before the readout period the signal is cut o . If there is sli a signi cant signal after

this time period it is ignored. For instance, this can happenvhen high frequencies
from high contrast edges are still present. In the images tngation artifacts can be
seen as ring-like oscillations. The correction of this aftict can be done by using
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(b)

Figure 2.13: Chemical shift artifacts and magnetic suscaptlity: Image (a) shows
chemical shift artifact. Black borders around the structues are a result of this im-
perfection. Some of these are marked by the arrows. The imagas acquired at the
Radiologic Institute at the University of Erlangen. In imag (b) a magnetic suscep-
tibility artifact is illustrated. The black region marked by the arrow in the image
results from a magnetic susceptibility artifact caused by &iopsy needle. The needle
has a diameter of about 1 mm the artifact a diameter of about 6 m. The image
was acquired at Siemens AG, Healthcare Sector, Erlangen.

apodization lIters like Hanning or Gaussian Iters to redue the signal intensity at
the borders to zero. However, this can lead to blurred images

2.3.5 Magnetic Susceptibility

If two di erent tissues like air and soft tissue with di erent magnetic susceptibility
are in close vicinity to each other, local distortions are guced to the magnetic eld.
This yields a de-phasing of surrounding spins. Additionall frequency shifts of spins
may occur. In the images, this is observable as signal lossaadistortion of the image.
Especially metal objects produce large artifacts due to magtic susceptibility. This
is illustrated in Fig. 213.

Magnetic susceptibility is used in paramagnetic contrastgents. They cause an
observable signal loss iT,-weighted images, from which the tissue perfusion can be
calculated for instance.

2.3.6 Intensity Non-uniformity

There are a couple of reasons for the occurrence of intengign-uniformities. Mostly

they are dependent on the scanned object. Thus, it is not palske to correct these
non-uniformities by a calibration of the MR scanner. Insted, the inhomogeneity
correction has to be done retrospectively in general. Metts for correction of these
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(b)

Figure 2.14: Intensity non-uniformities: Both images shovexamples for intensity
non-uniformities. Image (a) was acquired at the Radiologinstitute, Charité, Berlin.
Image (b) was acquired at the Radiologic Institute, Univeiigy of Erlangen.

artifacts are one of the major topics of this thesis and will & discussed in the next
chapters in more detail. Two examples are given in Fig. 2]14.

A major cause of signal intensity variations are inhomogeities in the B; eld
induced by the RF pulse. In literature this is also referredd asRF inhomogeneities
It results in varying ip angles within the excited object. This yields a reduced
magnetization in areas with smaller ip angles and thus, vafing intensities in the
acquired images.

Furthermore, the tuning of the coils is of importance. Thisg especially the fact
for parallel acquisitions. For SENSE the coil sensitivitie have to be approximated
beforehand. For GRAPPA they are estimated implicitly. In geeral, however, the
estimation is not perfect leading to smooth signal intensgitinhomogeneities within
the reconstructed images.

Interleaved acquisition schemes are usually used to accate the acquisition of
3-d volumes by using a multi-slice technique. However, in m@ cases neighboring
slices are partly excited by the applied RF pulse. This cande to a reduced signal
intensity when the wrongly excited slice is excited again fats own acquisition. This
is calledslab boundary artefacin literature. The intensity deviations in neighboring
slices are tissue dependent.

2.4 Summary

The basic principle of MRI is to put an object in a strong homogneous magnetic
eld. Afterwards, the spins of the nuclei are ipped away fran the parallel alignment
to the external eld using a RF pulse. This is called excitatbn. When the pulse is
turned o, the spins begin to realign with the main magnetic eld. The signal that
they emit in the meantime can be measured using receiver «illt is denoted as
FID. So far, the whole sample is excited and emits the measdrsignal. Thus, no
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imaging is possible. However, by introducing gradient elsl that locally change the
magnetic eld strength, spatial encoding becomes feasibl&he succession of excita-
tion pulses, gradient elds and readout is called pulse segnce. The most popular
ones are spine echo sequences. They |l the raw data matrihdk-space, sequentially
row by row. In order to decrease the time needed for acquisiti, recently parallel

acquisition techniques were introduced. Here, several iges with reduced data are
acquired in parallel. To compute the missing data, all imageare combined during
the reconstruction. The most commonly used reconstructioiechniques used for this
case are SENSE and GRAPPA. However, still many MR images su érom imag-

ing artifacts. The most observed artifacts are intra- and iter-image signal intensity

inhomogenetities.

Mainly, there are three sources that characterize the intaity inhomogeneities
in the data sets: the coils, the acquisition sequence, andhimmogeneities in the
RF pulse. The induced inhomogeneities by the coils are muyiticative to the signal
de ned by their spatially dependent sensitivity pro le. The pro le smooth over the
whole image domain. Thus, the inhomogeneities are composefdlow frequencies
only. Moreover, close to the receiver coils, the signal-twise ratio is higher, as the
measured signal is stronger from these regions. On the othend, farer away from
the coils the signal gets weaker. Further on, the inhomogadties are also in uenced
by the imaged sample, due to local magnetic elds altering # signal. However,
also the used pulse sequence has a major in uence on the slgneensity variations.
E.g., the slab boundary artefact is often observed in MR im&g. It is a result of
an interleaved acquisition strategy. Although often di eently assumed, the intensity
deviation is tissue dependent.



Chapter 3

Correction of Signal Intensity
Inhomogeneities

In this chapter, we deal with the correction of signal intengy variations that occur
within a single volume. In literature, this is often called orrection of signal inten-
sity inhomogeneities or estimation of a bias or gain eld rggctively. In some cases,
especially related to retinal fundus images, the correctioof intra-image signal inten-
sity variations is named intensity equalization followingthe broadly used histogram
equalization. First, in this chapter, we present a mathematal formulation of the
correction problem that is based on the physical principlemtroduced in chapter[2.
Then, a brief overview about state of the art methods dealng with the topic is given.
Because there has been a lot of work done in the last decades,present a taxonomy
for the approaches. Additionally, the most commonly used niteods will be explained
shortly. Further on, we introduce a novel approach to inhomgeneity correction and
an extension to a given method. The latter one can be seen as additional reg-
ularization term to stabilize the estimation of bias elds. This is followed by the
experimental evaluation of the methods. The experiments ev that we can increase
the average separability of tissue classes in 3-d TOF MRA irgas by approximately
18.2% whereas state of the art methods could only achievd1.6%. Additionally, the
applicability of the proposed methods for the correction oinhomogeneities occur-
ring in other modalities is demonstrated. Finally, we conalde the section by a brief
summary and a discussion of the proposed methods and expezits.

3.1 Problem De nition

In general, the intra-scan signal intensity variations arelue to physical properties of
the acquisition device and/or the acquisition setup. Usubj, the bias eld is said to

be smooth and slowly varying as a result of the sensitivity prles of the receiver coils
(compare sectiori 2.2]2). Consequently, it is composed owldrequency components
only. This stands in contrast to multiplicative and additive noise, which is very
rapidly changing. Thus, it relies on high frequency componts. Basically, there are
two di erent ways to model the in uence of inhomogeneities © an acquired image:
the additive and the multiplicative model. For many modaliies, however, a mixture
of both models is the source of the intensity variations. Thaj the choice of the model

29
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should be based on the subsequent application. The additiveodel can be written
as

V(x) = u(x) + b(x) + n(x) (3.1)

wherev : RP 7! R is the observed image including the bias eld e ectsy : R® 7! R
is the ideal image,b: RP 7! R is the smooth bias eld andn : RP 7! R represents
the noise component of the model. The vectotr 2  de nes an arbitrary position
within the image domain 2 RP whereD is the image dimensionality. Usually,

is a subset ofR? or R3. The most commonly assumed model is the multiplicative
bias eld model. The reason for this is that the coil sensitities as well as the RF
pulse inhomogeneities are multiplicative to the MR signaldompare chaptefR). The
model can be formulated as

v(X) = u(x) hb(x)+ n(x): (3.2)

For both types of models the noise parnh is usually neglected. In order to avoid
problems associated with multiplicative models like its nolinearity, in literature
Eqg. (3.2) is often used in its logarithmic form:

¥(x) log v(x) =log u(x) + log b(x)

A(x) + B(x) (3.3)

where” denotes the logarithmic transformed signals. This, howewanduces a di er-
ent kind of problem. As the intensity quanti cation is discrete and the logarithmic
transformation changes the spacing between the intensisieit gets more di cult to
compute good approximations of the logarithmic images' iensity distributions. An
example for this is shown in FiglZ3]1. A possible solutions the mentioned problem
is an Parzen estimation of the histograms using varying keehsizes which depend on
the position within the histogram.

Moreover, a technique called NP windows [Dows06] can be useWe use an
adaption of this. Here, the image is assumed to be a continuodunction that is
sampled at the grid points corresponding to the positions 2 . In order to obtain
intensities between the grid points, we use a linear interpation between them. If an
intensity v(x) at a given positionx in an imagev has to be inserted into the histogram
V the intensity information of neighboring pixel is used as wWe For each neighboring
intensity x°2 N, all bins between the bins corresponding to the intensities and
x? are increased by a contribution factor. This factor is caldated with respect to
the intensity distance ofx and x° The advantage if this technique is twofold. First,
contextual information is integrated into the histograms. Second, less data samples
are needed to compute a meaningful histogram.

The advantage of the additive bias eld model is that the sigal to noise ratio
(SNR) is not changed due to the intensity transformation. Usg the multiplicative
case this is not the case. Assuming the standard SNR de niiosSNR = =  with
being the mean value of a single class andits standard deviation, the SNR change
can be seen in the multiplicative case computed as

R
SNR = u(x)bx)d (3.4)
n(x) #
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Figure 3.1: Example for log-transformed histograms: In plqa) the histogram of a
T1lw head image is shown. The intensity range is zero to 833.dPI(b) corresponds
to the histogram of the log-transformed image. The intensis are scaled so that the
image has the same intensity range than the input. The plotdlustrate that it is
much more di cult to approximate a good histogram in the logtransformed case.

where () is the standard deviation of the noise model. It is obvious #t the SNR
is directly dependent on the strength of the bias eld. If thevalues of the bias eld
get smaller then the SNR gets lower. Correcting the image irhése areas using a
multiplicative bias eld model increases the tissue contist within the dark regions
of the images. In many cases this is a very advantageous prdgefor subsequent
segmentation methods for instance. For the additive modehé contrast is not in-
creased.

In general, the correction of the intensity inhomogeneitg corresponds to a re-
duction of the information in the sense of information theor within the images.
However, the reduced information has to correspond to theds eld only. No tissue
information of any kind is acceptable to be lost during the aoection process. For
this reason, the estimation of the bias eld and thus the redction is restricted by
physical properties of the bias eld, like the smoothness drthe slow variance. Thus,
many trivial solutions are impossible, for instancda(x) = v(x). Furthermore, dur-
ing the correction of the signal intensity inhomogeneitiest has to be kept in mind
that the intensities of the images are invariant against a gbal a ne transformation.
Consequently, the scaling of the intensities are arbitraryFurthermore, the origin of
the intensities can be chosen arbitrarily. For this reasome following equation

uU(X)  swriU(X)+ turi (3.5)

wheresyr 2 R" is an intensity scaling andtyr 2 R is an intensity shift holds.
Usually, in MRI the lowest intensity is zero correspondingd no received signal .
In general, the MRI images are corrected in a mean-presergimanner. Thus, for
instance, in the multiplicative case

Z
v(X)

v(x)d = ox)

d (3.6)
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has to hold. Certainly, this can also be formulated for the atitive case as well.

3.2 State of the Art

In the last decades, a lot of di erent approaches for the coection of intensity inho-
mogeneities in MRI have been developed. The great majority the methods can be
classi ed to fall into a small number of di erent categories First of all, one has to
di erentiate between prospective and retrospective methis.

Prospective methods usually use information gained from the scanner sys-
tem to correct the acquired images. The sources of the usedomnmation are scans
of phantoms [Simm 94| Coll02], data from multi-coil imagese(g. surface and body
coils [Nara 88| Fan 03]) and the utilization of special acggsition sequences like SENSE
and GRAPPA (compare section 2.Z]12) [Prue 99, Chio 03]. The wahtage of prospec-
tive methods is that the additional information is closely elated to the problem in
general. Thus, the correction is very good for most approaes. On the other hand,
the methods are often restricted to a small area of applicam. Furthermore, in
many cases additional scans are required that introduce Ihigr overall costs and time
consumption. Most important, however, often the image acdggition is done long be-
fore the processing of the data. At this time, no additional @rrection or calibration
scans can be performed anymore. For these reasons, we camagnon retrospective
methods in this thesis.

In this context, retrospective means that the correction tkes place after the
acquisition and the reconstruction of the images. Althoughhere are multiple ways
to de ne categories to classifyretrospective correction approaches  [Bald 0€], we
use the classi cation scheme introduced by Vovkt al. in [VovkQ7]. They use the
following categorization:

1. lItering methods,
2. surface tting approaches,
3. segmentation-based methods and

4. histogram-based approaches.

Filtering: Methods based on the Itering [Axel 87| Lewi 04, Cohe 00] of ¢hacquired
images rely on the assumption that the inhomogeneities do hoontain any high
frequency information at all. The image content, on the othrehand, is assumed to
be composed of high frequency signals. Thus, the image cantand the inhomo-
geneities can be separated using low pass lItering. This irips that there is no
frequency overlap between both classes. In general, thissasption is not valid.
Consequently, new artifacts are introduced due to the Iteng operation, e.g. edge
e ects (see Experimental Sectioi"3.511). The most prominensed method is called
Homomorphic Unsharp Masking(HUM). We describe this method later on in this
section in more detalil.

Surface Fitting: Methods based on surface tting match a parametric model to
previously selected features [Dawa B3, Vemul05, Voku 99]. & Features used are often
the image intensities of a single dominant tissue class. Tieeare many disadvantages
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for methods using this kind of features. First of all, pixel arresponding to the tissue
have to be selected within the images. Further on, the corréan is based on a single
tissue class, that has to be very large and distributed ovehé whole image domain.
Finally, the bias eld has to be extrapolated to other regios what is very error-prone.
As this class is hardly used in practice, we do not introducenaexample approach in
more detail.

Segmentation: The segmentation of images is very closely related to the eor
rection of the intensity inhomogeneities. If a complete sagentation of the image is
available, the computation of the bias eld is rather trivid. On the other hand, it
is very advantageous for the segmentation process if theneao intensity variations
within the images that are induced by an imperfect acquisitin. This close relation-
ship is utilized by many authors to jointly do a segmentatiorand an inhomogeneity
correction. Especially, statistical frameworks are suitae for the incorporation of the
estimation of the bias eld additionally to the determination of segmentation model
parameters (e.g. segmentation methods based on maximurkelihood (ML) or the
maximum a posteriori (MAP) criterion [Well96] Van 99a, [Zhan01]. A very com-
monly used approach for the joint estimation of the bias eldand the segmentation
of images is theModi ed Fuzzy-C-Means(MFCM) segmentation approach introduces
by Ahmed et al. [Ahme 02]. We discuss this method later in this section.

Histogram: The most generalizable class of approaches can be labeleldistogram-
based methods. All information required for the correctiots directly computed from
the images' histograms. Usually these methods base on thesamption that the
application of a bias eld to undistorted images corresporslto the convolution of
the image histograms with a smoothing kernel. Due to this snathing the infor-
mation content within the images is increased. Consequeytlthe entropy is raised
as well. Histogram-based methods use these properties tareot the intensity in-
homogeneities[[Salv 06]. Due to the little assumptions madtehese approaches are
in general more robust in many elds of application and to stictural changes in
the images because of evolving pathologies, for instanceheTmost commonly used
algorithms of this class are theNonparametric Nonuniformity Normalization (N3)
introduced by Sledet al. [SIed 98] and theCorrection using Information Minimiza-
tion by Likar et al. [LikaO1]. Both methods are introduced in more detail latern
this section.

In the following we brie y discuss the most commonly used mbbds for signal in-
tensity inhomogeneity correction. For more details aboutite mentioned approaches,
we want to refer to the corresponding literature.

Homomorphic Unsharp Masking

HUM, a Itering method, is the most commonly used bias eld corection method. It
was rst introduced by Axel et al. in 1987 [Axel87]. HUM assumes a multiplicative
inhomogeneity model. The correction is done by a simple dsion of the observed im-
agev(x) by its low passed versiom.PFf v(x)g. In oder to maintain the image mean or
sometimes the median, the resulting image is multiplied by eonstant corresponding
to the image mean/median . Thus, the correction can be written as

u(x) = v(x)=hx) = v(x)=LPFfv(x)g: (3.7)
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Besides of the choice of using the mean or the median as mditptive constant, the
only parameter that has to be chosen is the size of the smoatbikernel. Brinkmann
et al. showed in[[Brin 98] that a kernel width of approximately 65 ioptimal for the
correction of MRI brain images. A further advantage of HUM ighat it can be easily
implemented very e ciently.

Modi ed Fuzzy C-Means

MFCM proposed by Ahmedet al. in [Ahme 02] is a typical example for a segmentation
based bias eld correction approach. The method is designéd segment the brain
into the three classedackgroundwhite matter, and gray matter. In order to improve
the segmentation of a standard Fuzzy C-Means (FCM) classire they added two
additional components: a regularizer that incorporates # spatial coherence of the
tissue classes and an additional parametdy that represents the bias eld. They
use the logarithmic version of the multiplicative model. Ahough, the method can
also be applied to multi-spectral data, for simplicity we pesent the single-spectral
case only. The overall objective function for the joint segentation and bias eld

estimation can be written as
|
X X X "
al, j(r) Br) cji® (3.8)

i=1 x2 r 2N x

x X |
J= abjox) Brx) cj*+

i=1 x2

# Ny

with C being the number of classes, being the factor steering the in uence of the
neighborhood,p being a weighting exponent controlling the fuzzinesst N, being
the cardinality of Ny and a;x being the fuzzy class membership of voxgl to classi.
The parameters to be estimated during the minimization of are the class centers
fcgs,, the I{r,)ias eld estimatesfb(x)qzz , and the partition matrix [ax] = A with
ax 2 [0;1], S, ax=18x,and0< , ax <N 8i.

Nonparametric Nonuniformity Normalization (N3)

Besides HUM, N3, a histogram based method, is one of the mostnramonly used
algorithms for inhomogeneity correction. Many authors copare their results to
this approach. The reason is that it is fast, relatively robsat and can be applied
to any body region as well as acquisition sequence. Sledal. assume in[[Sled 98]
a multiplicative bias eld model. In order to be able to use anadditive model,
they employ the logarithmic case. The principle idea of theicorrection strategy
is based on the assumption that the application of a bias eld to an image u
corresponds to the convolution of the histogran of the image with the histogram
B of the bias eld. As the bias eld is very smooth and slowly vaying, the correction
problem can be reduced to nding a multiplicative eld that maximizes the high
frequencies of the histograntd of the approximation of the ideal images. However,
the distributions of u and b are not known. Sledet al. propose that the distribution
U can be approximated by sharpening the distributioriv of the observed imagev.
Then a smooth eld is estimated that produces a distributionJ that is close to the
sharpened one. Furthermore, the distribution ob can be assumed to be Gaussian
with zero mean and given variance. Thus, the only parameteotbe estimated is
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the width of the distribution. B is assumed to be a Gaussian distribution. As any
Gaussian can be decomposed into a convolution of narrower @3aian distributions,
the method is iteratively executed starting with a very narow distribution [Sled 98].
Given the estimation U, the Gaussian shaped distributionB can be computed.
Using this and the convolution assumption the expected vaduof 0 given ¥ can be
written as
YA 1
E[0j9]

ap(0j0)da
Rl
1
0B(Y  0)U(0)da

"1 B¢ 0)0(0)da

(3.9)

This holds since the locationx is arbitrary and it is assumed that @ and ¢ are
independent and uncorrelated random variables. Conseqtignusing Eq. (3.9), the
bias eld f can be approximated by

B0) = Sf0  E[0j]g (3.10)

where S is a smoothing operator reducing the e ect of noise within th images.

Correction using Information Minimization

In [Lika 01] a histogram based method is introduced that dirly uses the assumption
that the application of a bias eld implies an increase of thanformation content
within the image. They model the degeneration of the bias dl by an additive and
a multiplicative part. However, they show that in most of thecases the additive part
can be neglected. In order to describe the bias eld they useliaear combination of

of the i-th basis function. As basis function Likaret al. use Legendre polynomials
g(x). The degree of the polynomials was up to fourth-order. Furdér on, they keep
the mean value constant (mean-preserving criterion) and sare that an equal change
of any parametera; results in a similar magnitude of model variation. This is ralized
by z

#i jv(x)si(x)jdx =1 8i: (3.11)

with # Dbeing the cardinality of . Using this the model of the signal intensity
inhomogeneities can be written as

NS

1+ a;Si(x)

i=1

X _
g(x) ¢
aidi

b *(x)

= 1+ (3.12)

i=1
where the ¢ are the neutralization constants needed to ful ll the mearpreserving
condition and d; being the normalization parameters corresponding to the ndition

shown in Eq. [3.I1). Thus, the optimization problem can be vitten as
fa’g=arg rfnin = H(v(x)b *(x)) (3.13)
aig
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with H being the Shannon entropy and a’g being the set of optimal parameters.
The solution to this problem can be found by Powell's multidnensional directional
set method an Brent's one-dimensional optimization algdtim [Lika 01].

3.3 A Divide-and-Conquer Approach to Bias Cor-
rection

In this section, we present a Divide-and-Conquer-like metid for the correction of
intensity inhomogeneities in images. In the following the ethod will be referred
to as DaC approach. The main idea is that the approximation oA complex global
parametric model is reduced to the estimation of many muchrapler local models
(compare Fig.[3.2). This is a valid assumption as the bias dlis smooth and slowly
varying (compare sections 2.212 and 3.1). The number of reced parameters to
be estimated can dier severely between the local and the ddal model. Typical
numbers are two or three unknowns for each local model and apgimately 100 for
the complex one. Subsequently, the local models are put tdlger in the conquer
phase to form the global one. Finally, the global model is uddor the actual correction
of the whole image. The process is illustrated in Fig.3.2.

The biggest advantage of the separation into two phases ligs the complexity
of the optimization. For the low-order local models the opthization bases on the
entropy of the image. Thus, it is non-linear. However, due tthe small number of
unknowns feasible and e ciently solvable. The compositiorof the global model in
the conquer phase can be mapped to a linear operation. Cauglently, it can be
computed very fast as well.

3.3.1 Model De nition

Throughout literature a lot of di erent parametric models are used to approximate
the bias eld within images. Particulary suitable are linea combinations of basis
functions. Here, especially radial basis functions as welé polynomials are used.

Although other models are also possible, we use polynomials

X
B(X)=ne+ ax =ne+a’x (3.14)
i=1

of degree one as local modelD corresponds to the dimension of the image, e.g.,

modelr. The seta' is de ned asa' = faj;:::;a;g. The coe cients a are the only
unknowns in the system of equations. Let the scalax, be the neutral element of the
bias correction operation. For a multiplicative model, theneutral element is set to
ne. = 1 and for an additive model ton. = 0. This means that if there is no correction
necessary, all coe cientsal are set toaj = 0.
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Sub Problems Local Bias Fields

Unprocessed Image

«.—l

Corrected Image Global Bias Field

Figure 3.2: Work ow of the divide and conquer based bias caection: The upper
row corresponds to the divide -phase of the bias correctip the lower row to the
conquer -phase respectively.
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As global bias model, we use a polynomial model as well. Howevthe degreed
of this polynomial is usually much higher than for the local me. In the 2-d case the
global polynomial model can be written as

@ X
b(x) = CIRSRS (3.15)

i=0 j=0

with a;; being the unknown coe cients andag, = n.. Consequently, the number
of unknownsN, can be computed from the image dimensioB and the polynomial
degreed as
_ (d+ D)!
7 dD!
As introduced in section[33l, from an information theoreticviewpoint the bias
eld correction reduces the information content of the imags. For this reason, we
use the Shannon entropy

(3.16)

Z
H(v) = p.( )logp( )d (3.17)

as criterion for optimality with  corresponding to the intensity domain. Conse-
quently, the optimal bias eld minimizes the entropy of the mage with respect to
the constraints introduced by the bias eld model. The densies that are required

for the computation of the entropy are approximated using gier the NP windows

based estimation technique’ [Dows 06] introduced in secti@l or a Parzen estima-
tion with a Gaussian window functionG . The scalar is the standard deviation of
the window function. The bin sizes of the histograms are ches to be smaller than

the quantization step size of the intensities within the imges. Using Parzen window
estimation the approximated probability density functioncan be written as

1 X

N
j=1

p()= G ( i) (3.18)

with N being the number of intensity samples, being the intensity of interest and
j being the intensity associated with binj. In order to increase the computational
e ciency this can be approximated by

p()=H?G p() (3.19)

where H corresponds to the histogram of the image. For more detailge want to
refer to Hahn et al. [Hahn09]. The advantage of using Parzen estimation (withou
optimal kernel width estimation) compared to the NP windowsbased technique is
runtime. However, with Parzen estimation the histograms & more sensitive to the
number of samples, the size of the bins as well as noise witliire images.

3.3.2 Divide-Step

In a rst step, the global correction problem is divided intosmaller sub-sg)roblems.
This is done by de ningR regionsR; that cover the whole region of interest: iR:1 Ri =



3.3. A Divide-and-Conquer Approach to Bias Correction 39

. Although it is not mandatory, the regions are equally sizeénd chosen to be dis-
joint. The splitting of the problem domain is illustrated in Fig. 3.2. For all regions,
it is assumed that its bias eld can be approximated by the loal bias eld models
de ned in Eq. (8.13). The search for the optimal parameter $ea" of the local bias
eld can be formulated as the non-linear minimization prok#m

a" =arg n;irn H(r;a") (3.20)

whereH (r;a") is the entropy of sub-regionr corrected by the local bias eld with
parameter seta'. As all sub-problems are independent of neighboring reg®ithey
all have their own coordinate system. The point of origin isiosen to be the center of
each sub-region. Thus, the signal intensity of this centergmnt is never altered inde-
pendent of the type of the local bias eld model and its strerty (compare Eq. (3.14)).
This has the advantage that local models with an extreme slepare no longer pre-
ferred.

The entropy minimization itself is done by a gradient descérapproach. Due
to the low degree of the local bias model, in the 2-d case onkyd and in the 3-d
case only three parameters have to be estimated for each selgion. In order to
emphasize the spatial coherence of neighboring sub-reg@mn additional regularizer,
suppressing large variations of neighboring parameter setan be introduced. Such
a regularization term can be formulated as

W - -
S(r;a")= ja ] (3.21)
i=1
wherea are the coe cients of the local polynomial model and

r
i

a (3.22)

are the mean values of the coe cients of the neighboring regms. N, is the neighbor-
hood of sub-regiorr and # N, is its cardinality. Given the neighboring coe cients
the resulting regularized optimization problem can be wrien as

a" =arg n;irn H(r;a")+ S (r;a") (3.23)

where steers the in uence of the regularization term.
In order to nd the optimal local model for the inhomogeneites including the
neighborhood information (see EqL(3.23)), we use an itera¢ minimization strategy.

Then, in each iteration, the coe cients of the neighboring egions of the previous step
k 1 are used to update the coe cients of the current sub-regiomiiteration k. This
is done for allR sub-regions and is repeated until the solution for all subrpblems
does not change anymore.

The result of the rst optimization step are R sets of coe cients that locally solve
the bias correction problem. Due to the locality of the coe gents, the parameters
cannot directly be used to do a global intensity inhomogertgicorrection. However,
as the union of all sub-regions covers the complete regionimterest, we can estimate
a global parametric model from the local approximations.
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Figure 3.3: Approximation of the additive inhomogeneity mdel: The left plot illus-
trates the estimated local bias elds. In order to approximee the global eld additive
scalars , have to be estimated for all local models.

3.3.3 Conquer-Step

In the conquer phase of the proposed method, the solution fall independent sub-
problems are combined to form the global correction model. ddever, due to the
invariance of the image data against intensity shifts and ating the solution of the
additive bias correction model is invariant with respect tothe summation with a
scalar constant (compare Eq.[(3]5)):

u(x) Swri U(X) + tyr
Swri (V(X)  b(X)) + turi = Swri (V(X) (B(X)+ )+ turi
= Swri (V(X) B(X))+ turi: (3.24)

The multiplicative model, on the other hand, is invariant tothe multiplication with
a scalar factor:

u(x) Swri U(X) + turi

SMRI \ég((; + turi = SwmRI vx)

+ turi

V(X; + tvRi - (325)

SMRI

For this reason, di erent strategies for the combination othe local models have to be
applied. For both types, the additive as well as the multiptative model, the local bias
elds are evaluated at a numbem, of points uniformly distributed over their region's
domain. From this, we receiveR sets ofn, bias eld valuesB, = f };:::; | g.

regions.

Additive Inhomogeneity Model

In the additive case as mentioned before, the bias eld correction is invarianto the
summation of the bias eld model with a constant scalar. Beasse of this and because
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of the choice of the origin of the coordinate system of the gjle sub-regions, neigh-
boring local inhomogeneity models di er by an additive scakr. Thus, the relation
between two local bias eldsh and lj of two neighboring sub-region® | and R; can
be described by .

b(x xP+ =Qhx xh)+ | (3.26)
where the ;s are corresponding additive scalars of regid®; with i 2 flI;j g. Note
that the correspondence of the ;s is related to an arbitrary global shift of the bias
eld by a scalar constant. The vectorx! de nes the origin of the local coordinate
system of regionR; in global coordinates. The relation between the global anché
local models can be approximated as

bx)=h(x xD+ | (3.27)
with b being the global bias eld as described in the equation§ (3.and (3.13) and

between the local bias elds, the summands,, and the global correction model is
illustrated in Fig. B3. In order to be able to transfer the Ieal bias eld valuesB; in

the global context, for all regions the corresponding, has to be estimated. If these
are known, the parameter setn of the global model can be computed in a straight

well as the parameter sefa can be estimated jointly. Using the setd, and X,, the
overall optimization objective for the joint estimation can be written as

XX )
(a; )=argmin (b(xj;a) | ) (3.28)
N
wherea is the optimal global parameter set of Eq.[(3.15), is the corresponding
vector of summands, andXx ; a) is the bias value at locationx given the parameter

seta. With a = (ag;:::;ay,) this yields in the 2-d case the following linear problem
0 1
(X%;l) (X%;l)2 e (X%;l)d 10::0
(x1,) (x1)? v (x3p)¢ 1 0 ::: O 0 1
(Xn) (X1n)? 0 (x3,)% 1 0 ::: 0K O a0 L :
(Xil) (Xil)2 o (X%;l)d 01::0 ,l g
(X%;z) (X%;z)2 L (X%;Z)d 0 1: 0 : _2
: SV aNlu =B (3.29)
(X%;n,) (X%;n,)2 N (X%;n,)d 01 0 . e
5 A SR ' A
(xR) D% i (xBp¢ 0 0 1 R R
(xF)  (xE? i (xB)¢ 0 0 :ir 1 3
. . . . . . Ny
(xZa) OB i (xB,)? 0 0 i1

The system matrix of the linear system is very sparse, as forexy region, and thus in
every matrix row, there is exactly one , unequal to zero. The system can be solved
using QR decomposition of the system matrix for instance.
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b(x) b(x)
A A
by (X) 109) bs(x)
1 //’__/ ....... 4‘/':/
, — 1 !
1 i 2| 3i
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X3 X5 X3 X Xi X3 X3 X
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Figure 3.4: Approximation of the multiplicative inhomogereity model: The left plot
illustrates the estimated local bias elds. It can be seen it the slopes of all elds
are di erent. In the right plot the estimated | values are multiplied. Now the overall
model is a straight line corresponding to the global model.

Multiplicative Inhomogeneity Model

In contrast to the additive case, the bias eld in the multiplicative inhomogeneity
model is invariant to the multiplication with a scalar factar . This is a direct result
from the missing general intensity scale of MRI images andemmultiplicative model
de ned in Eq. (8.2). Using this and because the local bias dlvalue at the center
of every local bias eld model equal§ (0) = n. = 1, the relation of the global to the
local bias eld can be written as

bx)= h(x xp): (3.30)

This corresponds to Eq.[(3.27) of the additive model. Thushe relationship between
two local polynomial models of neighboring sub-regions cére formulated as

b(x  xg= jh(x xb): (3.31)

Note that the correspondence of the;s is related to an arbitrary global multiplication
of the bias eld by a scalar constant. However, due to the mullicative factors
with r 2 [1;:::;R], the optimization process to nd the parameter setsa and is
no longer linear. This can easily be explained by the fact thahe parametersa’
are altered by the factors .. Consequently, the , values are more than a simple
shift. This is illustrated in Fig. 8.4] In the gure, it is a ssumed that the global
bias eld follows an a ne model. Because the bias eld value acenters of all local
bias elds corresponds tdy (0) = 1, the slopes of the estimated elds di er from each
other (Fig. 3.4 (a)). After the estimation of the factors ; the bias elds form the
global model (Fig.[3.4 (b)). In this example, the parameteret a does not have to
be estimated, as the degree of the local and global models cfat

Instead of using a non-linear optimization scheme for paraster estimation, we
divide the parameter estimation in two parts:
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1. the estimation of the factors , and

2. afterwards, by keeping xed, the approximation of the parametersa of the
global bias model.

Using this decoupling of the optimization process, both obgtives can be estimated
linearly. The major advantage of this is the much smaller coputational complexity.
For the computation of the factors ,, we use the logarithmic version of Eq.[(3.31).
Rearranging the equation yields

log | log j =logh(x xL) logh(x x.): (3.32)

Here, all unknown | are on the left and the known bias values are on the righthand
side. From Eq. [3:3R2) a simple least squares problem can bengeted. The error
induced by the equation is rather small if the vectox is in the area of overlap of the
two sub-regionsl and j. We draw n, samples from this overlapping area. If this is
done for all overlapping areas, we can create a large ovetatenined linear system of
equations. The solution to this system are thé, = log , values. This requires that
all ; are ;> 0. This is a consequence from all local bias elds beirfg(x) > 0 in

x 2 R ;. The problem itself is very sparse as there are just two noreto elements in
every line of the system matrix. Usind (x xL)=log b(x x.) gives the system

| | 1
Oy 10 -0 0 B(xi? x3) Bixi® xb
1 1 O 0 O
1 1 0 0 0

[ER
o
B
o
o

1 0 1:::0 0 B(xE x3) Hxi xd

9 0 O T l .1 iel;R X?) ﬁq 1(X? 1R X(Ff 1

1 0
B(x3* x3) Bxz* xd)
&0 L1 B(xk2 x2) B(xi2 xb
%E Bxr? X)) B xd)
: 2C _ :
n
R
B (x
O 0 0 :::1 1 ﬁ?(xrﬁeo 1R X(Ff) ﬁq 1(X§0 LR X(F:e )
(3.33)
In order to avoid the trivial solution = (0;:::;0)T an arbitrary ; can be set to
one.
If all , are known, the coe cients of the global inhomogeneity modetan be

estimated by solving

X X
a =argmin, (b(xj;a) () (3.34)

r=1 1=1

This can be easily written in matrix notation as well. The syem matrix looks very
similar to the matrix in Eq. (B.29). However, now the , are already known. Again,
arbitrary matrix solvers can be used to estimate the optimabarameter seta .
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3.4 Entropy Optimization using a Histogram-based
Regularizer

A problem of many methods for inhomogeneity correction is thlack of the inte-
gration of problem speci c knowledge into the process of ndg the corresponding
parameter set. Without this kind of information, it can happen that the correction
fails as the optimizer gets stuck in a wrong local or even glabminimum. In this
section, we present a method that includes prior knowledgeto the normalization ap-
proach. We model the problem speci c information by a histagm representing the
image statistics of the reference image. This histogram istioduced as an additional
regularizer into the objective function. In the following,we will brie y present Sal-
vado's method [Salv 06]. Afterwards, an extension to this @poach is described that
incorporates the histogram information. Initial correcton results using this extension

were rst described in [Jage 08] and [Bald 06].

3.4.1 Entropy Minimization

Salvado's method [[Salv(06] is based on the assumption thatettobserved images
are composed of an ideal image corrupted by multiplicativagnhal intensity inhomo-
geneities. Thus, the assumed model corresponds to Eg. {3.A)he bias eld itself
is modeled by bi-cubic splines. Like introduced in sectidn.B the observed image
contains information of the bias eld as well as the image coent. Thus, the entropy
of the corrected image has to be smaller than that of the obsexd image. Salvado's
correction approach iteratively estimates the parametersf a bi-cubic spline model
that minimize the entropy in the corrected image. Although heoretically applica-
ble to any dimension, in practice, it is applied to two-dimesional images only due
to runtime issues. In literature the method is often referm to as Local Entropy
Minimization with bi-cubic Spline model(LEMS).
In order to initialize the spline model a polynomial

xXd Xn
b(x) = am:n X7 X5 (3.35)

n=0 m=0

is t to the image data. The degree of the polynomial is denote by d. Usually,
d =4 is used. The unknown coe cients of the polynomial are calle@.,. In order
to estimate the unknown coe cients a least-squares approxiation is used, utilizing
SVD for instance.

After the unknown coe cients a, are estimated, an initial bi-cubic spline is
created. The spacing between the nodes is denoted &y. Salvadoet al. come
to the conclusion that in most cases a spacing &f, = 21 mm is a good choice.

= f 15110 k,0i0s the set of allK, nodes ; 2 R, with i 2 f1;:::;K,g, of the
bi-cubic spline model. The pre-sequently computed polynadat bias eld is used to
initialize all nodes ;.

We use a di erent optimization strategy than Salvadoet al.. Instead of a golden
section search and parabolic interpolation in each iterain, here, a simple gradient
descent approach is applied. Furthermore, in [Salv06] a bsize of half a quantization
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step size of the images is used. In our experiments it turnedtpthat a better choice
is to compute the histograms with a bin size of double the quéimation step size and
to employ a partial volume approach to compute the requiredistograms. Overall,
for our data sets, these changes made the approach much maekable.

The goal of the optimization is to nd the bi-cubic spline moal that minimizes
the objective function Og. In LEMS Og corresponds to the Shannon entropy

Koax
H (v;)= V [illog (v [I]); (3.36)

1= Gmin

with gmin and gmax being the minimal/maximal bin of the histograms. V is the
histogram of the imagev corrected using a spline model with node set. The
minimization is done iteratively. In one iteration, allK nodes ; 2 are optimized
sequentially using a gradient descent approach. The nodeg aptimized in a descend-
ing order starting with the node that corresponds to the higast intensity within the
image. The reason for this is that regions with high intensjtin the images usually
also have a higher SNR. The nodes are scaled returning a biadd with mean one
after each optimization step. After all nodes have been optized, the next iteration
starts. The optimization is stopped, if the entropy changesdrops below a threshold
or the maximal number of iterations is reached.

The overall bias eld bis obtained by evaluating the estimated bi-cubic spline at

each image position.

3.4.2 Histogram-based Regularization

In order to increase the robustness of LEMS, we introduce aweegularizer into the
objective function Og. The regularization term is based on a measure that computes
the di erence of the histogram of the current optimization $age to a reference his-
togram U. The reference histogram approximates the histogram of thideal image
u.

There is a close relationship between the histogram di eree measure and the
entropy measure. The entropy measure computes the inversistdnce to a uniform
distribution. For the measure, it is assumed that the idealmage contains a single
tissue class. Thus, its histogranU consists of a single peak only. A generalization
to this is the proposed histogram-based measure that is faded on the distance to
a reference histogram. In the ideal case, the reference bgtam is known as prior
knowledge.

Basically, there are two sources for the reference histognad:

1. from reference data and
2. approximated from the histogramV of the observed imager.

In general, reference data is not available for a speci ¢ potem environment. This is
mainly a result of the broad range of di erent acquisition potocols in MRI. A possible
source for reference data are atlases or images for whichdgsetndard segmentations
are available.
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However, the presence of intensity inhomogeneities in thmages yields blurred
image histograms compared to the ideal histogram (comparecsion[3.1). This prop-
erty can be used to approximate the reference histogralhusing sharpening methods
applied to the observed histogranV [Sled 98]. Consequently, the approximated ref-
erence histogram can be computed as

U=V wpFT K FTfVgg (3.37)

where is an elementwise multiplication and yp is a weighting factor [Gonz 02]. We
use a Gaussian highpass lter kernel

2

K =1 ez2 (3.38)

where is the standard deviation of the kernel and is a frequency.

In order to compute the di erence between the reference higram U and the
histogram of the current optimization stageV we employ the discrete version of the
Je rey divergence (JD)

Kax
Dyp(0:V ) = il Iog% +V [ |ogVT[')] (3.39)

1= Gmin

with
o[+ VvV [
N= —— -
Q) 5
as a distance measure between histograms.

The combination of the entropy and the JD-based similarity reasure yields the
new objective function

(3.40)

OEH :(1 )H + D D (341)

where steers the in uence of the single components andadjusts the ranges of both
terms. If is chosen to be =0, the resulting measure corresponds to the measure
proposed by Salvadceet al. On the other hand, if is setto =1 the correction is
independent of the image entropy and is based on the histognadistance only.

An estimation for the scaling factor can be computed beforehand. First, is
set to zero. Thus, the optimization depends on the entropy &n Let H be the
resulting entropy di erence of the initial to the optimized histogram. Second, is set
to one. Now, only the histogram measure is used. LetD be the resulting di erence.
The scaling factor is best set to

H
=5 (3.42)
Consequently, if is setto = 0:5 yields an equal in uence of both terms on the
optimization process.

As before, the optimization is done using a gradient desceapproach. However,
note that these two measures still have to be computed on tle@wn histograms: The
entropy is calculated on the local histogram of the region ah uence of the
currently treated node ; 2 whereasD jp is always based on the global histogram.

In the following, we call the proposed method.ocal Entropy minimization with
Histogram Regularization(LEHR).
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Figure 3.5: Synthetic inhomogeneities: The left image shewthe sinusoidal shaped
inhomogeneities applied to the checkerboard images. Thelwas range between 0.7
and 1.3. In the right plot the histogram corresponding to thebias eld is shown.

3.5 Experiments & Results

In this section, several experiments for the evaluation ohe proposed bias correction
methods are presented. Each experiment is splitten in a sext describing the used
data sets, a section introducing the evaluation strategy,ral nally a results section.

3.5.1 Divide and Conquer-based Bias Correction

In order to evaluate the proposed DaC inhomogeneity correoh method, we chose
ve di erent scenarios. First, we use synthetic images to liistrate the major pros and

cons of our algorithm. This is done for both the 2-d and 3-d cas Then, we apply the
proposed correction approach to synthetic 3-d MRI images. ikally, the method is

used for the inhomogeneity correction of clinically releva 3-d T1lw MRI data sets as

well as 3-d TOF MRA images. The experiments were performed @n2.00 GHz Intel

Core2 CPU with 2 GB RAM. DaC is implemented in C++ and integrated in the

ITK frameworkll. The bias correction of an image with a siz856 256 a sub-region
size of 40, and an overlap of two requires approximately onecend.

Synthetic Images

Checkerboard image:

Data Sets: We use two di erent settings for the experiments using articial data sets.
The images in the rst experiment are composed by two inteni classes that are
arranged in a checkerboard-like fashion. The intensity cdaes simulate two di erent
tissue types. The lower intensity has a value df,, = 100 and the higher intensity is
inigh = 150. The intensities are distorted by a multiplicative sinusaial inhomogeneity
eld. Its frequency is slightly lower than the frequency of he checkerboard. The

Lhttp://www.itk.org
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Figure 3.6: Correction of synthetic checkerboard imageseft: The resulting checker-
board images are shown. Right: The histograms of the imagesthe left. In the rst

row the checkerboard a ected from the arti cial bias eld is shown.

In the second

row, the results of the correction using HUM are illustrated Next, the results using
N3 and nally the result using the proposed DaC approach.
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strength of the inhomogeneity eld is 60%. This means that ta intensities of the
bias eld are bound between the values 0.7 and 1.3. The ovdralesign is chosen
in such a way that the correction is di cult for homomorphic approaches/[[Well95].
Segmentation-based as well as histogram-based methodstl@other hand, can more
easily solve this problem. The used bias eld and its histogm are shown in Fig[(3.b.
The distorted image is shown in the upper left and its histogim in the upper right
of Fig.[3.8.

Evaluation Method: Here, a qualitative evaluation is done only. In order to com-
pare the results of the di erent inhomogeneity correction échniques, the resulting
images as well as their histograms are shown.

Results: As expected the correction using HUM yielded very unconviimg results.
The initial inhomogeneity eld is removed, but due to the stucture of the image, the
image intensities within regions of a single intensity arelt@red incorrectly. It can be
observed that the intensities are shifted towards the mearf the image. This e ect
becomes more and more obvious if the lter size is decreased.literature, this e ect
is called edge e ect[[Vovk07]. In the histogram of the HUM-aoected image the
shift of the intensities towards the mean ,, = 124 can be see. The result is shown
in Fig. (c) and the corresponding histogram in Fid."316 {d

N3 succeeds in separating most of the pixel of both classeowéver, the inhomo-
geneity correction is not satisfactorily. The resulting irmge as well as its histogram
are illustrated in Fig.[3.8 (e) and (f). The reason for this bleavior is that N3 sequen-
tially estimates the bias eld by a sharpening of the originbhistogram. Though, the
arti cial bias eld is so strong that a good estimation of the underlying ideal his-
togram cannot be computed that way. Consequently, the imageannot be restored
completely.

The correction results using the proposed DaC approach isryeconvincing. It can
be seen that the tissue classes are completely separated.lyGsmall intensity varia-
tions are still visible within the image histogram. These vaations have the following
reasons: In multiple steps of the proposed method a disciadtion of the data is done
inducing a certain discretization error. More important, he inhomogeneity eld has
a sinusoidal shape, however, the correction is done using aymomial model. This
cannot compensate all the intensity variations induced byhte sinusoidal model. The
correction result of DaC is illustrated in the last row of Fig[3.8.

Random Intensities:

Data Sets: In the second experiment using synthetic data, the intensds of a 3-d
volume are randomly drawn from a pre-de ned intensity distibution. The distribu-
tion chosen corresponds to the histogram of a real 3-d MRI healata set. The data
set containing the random numbers is then altered using a sisoidal inhomogeneity
eld. A slice through the image data is shown in Fig[Z31l7 (a). n Fig. B4 (b) the
probability density of the undistorted volume is plotted. The random structure of
the images is very advantageous for homomorphic approachsscause they rely on
uniformly distributed intensities throughout the whole vdume domain. Moreover,
as the histograms are independent of the underlying struate within the image,
histogram-based methods are not in uenced by the randomrgstoo. On the other
hand, approaches that base on a segmentation of the data setnot be applied in
this scenario. Again, we compare the proposed DaC approattiJM and nally N3.
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Figure 3.7: Slice through the synthetic volume: The image otie left side shows a
slice through a synthetic volume. The intensities are ranaoly drawn from the density
shown on the right side. Moreover, the volume was altered by Zd sinusoidal bias
eld. The density shown corresponds to a real MRI head image.

Evaluation Method: As a measure for the quality of the inhomogeneity correction
we use the standardized deviation from the known ground tratinhomogeneity eld
BN(x) to the estimated bias eldsh(x). The measure corresponds to the quality criteria
described in Sledet al. [SIed98]. In a rst step the ratior, = b(x)=h(x) at every
pixel location is computed. Then, the mean value, and the standard deviation ,
for all ry are calculated. In order to measure the quality of a correction result, we
compute

q= —: (3.43)

Thus, g-values close to zero indicate a good correction, larger wak a bad one.

Results: The results show that there is no signi cant performance dierence be-
tween the proposed method (DaC) and HUM. They values for the methods are for
DaC pac = 0:030and for HUM gyum = 0:039 A slice through the estimated 3-d
inhomogeneity elds can be seen in Fig._3.8. The resulting tesation of the inho-
mogeneity eld using the N3 method is slightly worse. Herehe correction yielded a
g-value ofgyz = 0:093 Like in the previous experiment, the reason for the correicin
problems of N3 are due to the sequential estimation of the lsaeld. Nevertheless,
the shape of the inhomogeneities for all evaluated methodsreesponded to the shape
of the ground truth eld. The estimated bias elds of the three methods as well as
the reference eld are shown in Fig_3]8.

Synthetic MRI brain images

Data Sets: The synthetic MRI images used are taken from th8rainWeb: Simulated
Brain Databasé of the McConnel Brain Imaging Center of the Montreal Neurolgical

Zhttp://www.bic.mni.mcgill.ca/brainweb/
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(a) (b)
() (d)

Figure 3.8: Estimated bias elds of synthetic 3-d data: (a):Slice through ground
truth bias eld. (b): Estimated eld using DaC. (c): Estimat ed eld using HUM.

(d): Estimated eld using N3. It can be seen that all algorithms recover the structure
of the ground truth eld quite well.
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Figure 3.9: Ground truth segmentation (left) and simulatedT2w MRI brain data
(right). The images are taken from the BrainWeb database [Ti®8].

Institute, McGill University [Call98]. In total we use 12 dierent data sets. Six data
sets are simulations of normal brains and the rest simulates brain with Multiple
Sclerosis. All data sets have an isotropic resolution of 1 mamd a size ofl81 217
181 For each scan T1-weighted, T2-weighted and Proton DensifPD) images were
available. The strength of the simulated bias eld is 0% and@Ps for all scans. A level
of 40% means that the values of the applied multiplicative bis eld range between
0.8 and 1.2. An example T2w slice and its segmentation is show Fig. B.9.
Evaluation Method: In order to evaluate the inhomogeneity correction, we use
two quality measures. The rst one is the coe cient of variations cv(C) of a tissue
classC. It describes the normalized standard deviation within a sgle class. The
normalization of (C) is done by its mean (C). Thus, the criteria can be written as

cv(C) = (). (3.44)

(C)

The coe cient is invariant to uniform linear intensity tran sformations. To be able to
use this criterion, a segmentation of the tissue classes seded. For the synthetic MR
images ground truth data is available. We apply this crite@a to the white and gray
matter tissue class. However, there are cases where the @tiass intensity deviation
is reduced by the inhomogeneity correction but on the otherdmd the inter-class
distance is worsened. For segmentation purposes this dasverlap is extremely
important as it describes the separability of the tissue céses. In order to deal with
the class overlap, we use a second quality measure, the sledacoe cient of joint

variations (see[[Lika01]):

(Cy+ (Co)
j (C) (G

cjv(Cy; Co) = (3.45)



3.5. Experiments & Results 53

Normal Brain Brain with MS Lesions
Tiw T2w PD Tiw T2w PD
0% 40% 0% 40% 0% 40% 0% 40% 0% 40% 0% 40%
cv(GM)
Orig. 99 135 177 203 45 9.7/ 10.1 13.7 9.7 13.7 3.8 9.4
DaC 9.9 9.9 178 179 45 45| 10.1 101 9.8 9.8 3.9 3.8
N3 99 10.0 177 200 46 46| 101 10.2 9.9 10.1 4.0 4.0
HUM 140 13.7 202 202 54 51| 142 140 113 111 4.6 4.4
M4 99 100 178 178 45 45| 101 102 9.9 9.9 3.9 3.8
FMI 115 13.7 223 203 6.3 6.9/ 13.2 114 150 11.3 6.3 6.8
cv(WM)
Orig. 5.2 9.2 120 133 49 75| 54 93 8.3 10.6 4.5 7.4
DaC 50 5.0 121 116 49 46| 5.2 5.1 8.4 8.1 4.6 4.3
N3 5.2 5.2 120 13.0 49 46| 53 5.3 8.4 8.2 45 4.3
HUM 84 8.1 144 142 53 48| 85 8.2 9.3 9.0 4.9 4.4
M4 51 5.0 122 118 49 47| 53 5.3 8.5 8.4 45 4.3
FMI 7.3 9.2 176 148 6.6 6.1/ 85 6.9 12.4 9.6 6.9 6.3
cjv
Orig. 51.6 69.3 832 106.4 64.9 163.0509 68.0 749 1238 66.9 195p
DaC 52.0 515 827 838 644 642514 509 744 756 66.2 66.9
N3 51.9 518 83.1 1039 664 66.751.3 511 749 778 687 68.7
HUM 95.0 90.6 106.0 1079 754 735925 882 90.7 908 76.6 74.5
M4 521 517 825 824 650 641515 511 743 742 67.0 66.1
FMI 725 96.4 1255 116.8 93,5 107,988.0 65.3 150.3 98.3 117.3 1259

Table 3.1: DaC-inhomogeneity correction results (simulad MR brain images). All
values given are in %. The results for methods marked withare taken from [Lika 01].

with C; and C, being the two regarded tissue classes. It again is invariaagainst
linear intensity transformations.

For the evaluation DaC is compared to the following state-ethe-art inhomo-
geneity correction methods:HUM [Brin98], N3 [Sled 98],Intensity Inhomogeneity
Correction by Information Minimization (M4) [Lika01], and nally a method called
Fast Model Independen{FMI) [Voku 99].

Results: The results are shown in Tablé_3]1. The results labeled by aastare
taken from an article of Likar et al. [Lika01]. The results show that DaC, M4 and
N3 yielded very similar correction results. After the inhorogeneity correction allcvs
and cjvs are very close to the coe cients of the undistorted imaged-or instance, the
average deviation of thecjv of the corrected images to thecjv of the ground truth
images arecjVpac = 0:7% for DaC, cjvms = 0:8% for M4 and cjvns = 3:5% for N3.
On the other hand, the correction results of HUM and FMI are nibconvincing. Here,
the average deviations of thejv to the undistorted coe cients are cjvyum = 39:1%
for HUM and cjvgy = 60:5% for FMI. For HUM this is a logical consequence of
the results of the pure synthetic data sets. It can be obsemgthat the and FMI
even corrupt images containing no intensity inhomogene@s. All other methods kept
these images nearly constant.

Real MRI brain images

In this evaluation section, we use two types of real clinicalelevant MRI images.
First, we evaluate the inhomogeneity correction algorithsusing two data sets taken
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(b)

TN
'l

(d) (e)

Figure 3.10: Real MRI data sets with gold standard segmentan: Upper row: T1w
slice through clinical relevant human head scan (left) andd corresponding ground
truth segmentation (right). The images are taken from the IBBR database. Lower
row: Slice through a 3-d TOF MRA image (left). Segmentation ©WM/GM brain
tissue (middle) and rough segmentation of CSF (right).
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from the Internet Brain Segmentation Repository(IBSR)E of the Massachusetts Gen-
eral Hospital, Center for Morphometric Analysis. For both @ta sets a gold standard
segmentation including the classes white matter, gray atter and other is avail-
able. In Fig.[3.10 (a) a slice through one of the data sets and (b) through its
segmentation is shown. Second, we use 12 TOF MRA data sets tthgere acquired
at the Department of Radiologic Sciences at the Universityfc&alifornia, Los Angeles
(UCLA). For these data sets no complete gold standard segntation is available.
However, for all data sets 3-4 slices that are segmented inte classes CSF and brain
tissue (gray and white matter) are available. An example sle and its segmentations
can be seen in the Figurds—3110 (c), (d) and (e).

IBSR:

Data Sets: The rst IBSR data set, labeled 788, used shows the brain of aate
subject. The scanner used is a 1.5 Tesla General Electric iggmachine. The ac-
quisition parameters for the T1-weighted coronal scan areR=40 ms and TE=5 ms.
The reconstructed in-plane resolution is 1.0 mfn The slice thickness of the image is
3.0 mm. The size of the reconstructed volume 856 256 60. Further, the methods
are evaluated using a T1-weighted IBSR data set, labeled XB2f a brain of a 5 year
old male subject. Again the Signa scanner is used for acqti@mi. The parameters
are TR=40 ms and TE=5 ms. The in-plane resolution is 0.9375 mm 0.9375 mm
and the image has a slice thickness of 1.5 mm. The data set hasesolution of
256 256 128

Evaluation Method: In order to evaluate the correction of the data sets in the
IBSR database, we use the coe cient of variation (see Eq[(&4)) as well as the
coe cient of joint variation (see Eqg. (B.49)) introduced in the previous section as
quality criteria for the correction results. In order to conpare DaC, we also compute
the correction results for N3 and HUM.

Results: The correction results are illustrated in the rst two linesof Table[3.2. For
data set 788 it can be observed that all methods have a simileorrection performance.
The unprocessed data set itself is a ected by a very weak biadd. Thus, the overall
change induced by the methods is rather small. The resultsrfmage 1320 show that
the coe cient of variation is reduced equally by N3 and DaC. Hwever, thecjv is
lower using DaC compared to N3. In both cases, HUM has a negattie ect on the
separability of gray and white matter.

3-d TOF MRA:

Data Sets: The 3-d TOF MRA data sets were acquired in clinical routine aUCLA
on a 3T TrioTim Siemens scanner. All data sets show the headgien. The scanning
parameters were TR=24 ms and TE=3.6 ms. The in-plane resolan of the data
sets was around 0.41 mm 0.9375 mm with a slice thickness of about 0.64 mm. The
size of the data sets was 416 512 144

Evaluation Method: The results of the correction experiment using 3-d TOF MRA
images are illustrated in Table_3R. In order to do a quantitive evaluation of the
proposed method, for alN; data set the coe cient of variation, compare Eq. [3.4%),
for CSF and brain tissue (GM/WM) is computed. Additionally, we calculate the
coe cient of joint variation cjv for these tissue classes to measure the in uence of
the bias correction onto subsequent processing stages. tder to summarize all three

3http://www.cma.mgh.harvard.edu/ibsr/
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Origp DaC HUM N3 | Orig. DaC HUM N3 | Origp DaC HUM N3
IBSR cv(WM) cv(GM) cjv(GM; WM )

788 220 215 217 223 105 95 10.1 10.6f 948 935 97.3 93.9
1320 | 195 155 160 154 129 9.0 9.2 9.2| 850 809 859 848
UCLA cv(Brain ) cv(CSF) cjv(Brain; CSF )

P1 210 182 186 184 317 314 536 315 875 779 980 781
P2 196 155 164 154 33.7 33.0 606 32§ 774 654 895 66.1
P3 215 180 187 184 313 313 560 314 863 774 1111 804
P4 29.0 238 274 248 393 385 714 382 1285 948 123.0 106.2
PS5 216 171 175 174 339 353 622 347 788 652 928 718
P6 232 179 187 294 339 349 603 374 810 732 954 3129
P7 266 214 259 229 338 349 76.1 33.0107.2 851 116.1 974
P8 206 178 186 185 33.7 30.7 58.2 31.7109.3 815 1193 950
P9 218 176 183 183 311 295 452 26.2 895 729 1130 773
P10 183 150 151 149 310 266 422 269 959 722 973 778
P11 200 176 176 17§ 371 341 537 334 919 764 1142 809
P23 195 161 165 163 279 279 485 273 805 695 1140 783

Table 3.2: DaC-inhomogeneity correction results (clini¢aelevant MR brain images).
All values given are in %.

coe cients in a single measure for each class, we compute thgerage ratio of the
coe cient of (joint) variation after and before correction:

1R CVoor (i)
= — — 3.46
YN i=1 CVorig (1) ( )

where Cveo (1) is the cv/ cvj of the corrected image and Cvyig(i) is the cv/cvj of
the original imagei. Moreover, we do a k-means clustering of the images to fur-
ther illustrate the in uence of the bias correction on segnrgation and classi cation
methods.

Results: The cjv numbers show that there is a signi cant improvement of the
separability of the two considered tissue classes using Da€ well as N3. Although
the correction succeeded for both methods, the results imdite that DaC performs
better than N3. Especially, thecjv value of subject P6 shows that N3 can fail in some
cases whereas DaC shows more robustness. The average ratio;i.n 3 = 113:2%
(excluding P6: y.n 3 = 88:4%) for N3 and jyv.pac = 81:8% for DaC. As expected
the separability of the tissue classes are worsened using MIHere, the average ratio
is Gjv;HUM = 116:6%.

Similar results can be seen regarding the composite classitaming GM and
WM. Both algorithms DaC and N3 performed well, however, it ca be clearly seen
from the resulting cv values that DaC does in most of the cases better and overall
a more reliable correction. The average ratios in percentador these algorithms are

brain:N 3 = 88:2% for N3 and prainpac = 82:8% for DaC. The variation coe cient
for the CSF class does not show a signi cant improvement foroth algorithms. In
this case, the results of N3 are slightly better than the onesf DaC. The percentages
for the two tested methods are s.n 3 = 96:6%for N3 and  cspac = 96:9% for DaC.
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Figure 3.11: K-means clustering of TOF images: The left imaghows a slice through
a MRA TOF volume. The clustering result in the middle image wa achieved using
no pre-processing of the volume. The right image shows tharkeans clustering result
on bias corrected image utilizing DaC.

There are two simple reasons for this. First, CSF appears yedark in TOF images.
Thus, the multiplicative bias eld has not an equally strongimpact on it as it has on
other brighter tissue classes. Second and more importarthe segmentation of CSF
is mainly composed of the ventricles that have a relativelynsall size compared to
the whole volume and that are basically located within a fewlises only. Due to the
slow varying bias elds, the e ect on the ventricles is rathe small. Looking at the
correction results of HUM shows, that the method works welbf the dominant brain
tissue class but signi cantly worsens the variation coe cent for the CSF class. The
average ratios are panqum = 86:8% and rqum = 182:0% This results from
edge e ects that dominate the correction of the small CSF c&s. The larger class, on
the other side, is hardly a ected by this.

In order to further illustrate the e ect of the bias correction on a subsequential
processing of the TOF data sets, we do a k-means clustering tbé images. The
clustering can be mathematically formulated as the minimation problem

XX
J= kv(x) Gk? (3.47)

i=1 x2

whereR is the number of classes and is the intensity prototype of classi. We use
four classes: background, CSF, brain tissue (WM,GM) and v&sls. An illustrative
result is shown in Fig.[3. 1. The left image shows the origihancorrected slice. In
the middle image the clustering result without any bias cogction is shown. In the
last image the clustering result after bias correction usgnDaC is shown. Looking at
the front region of the brain (arrows in Fig.[3.11) indicateghat the clustering result
signi cantly improves using bias correction as a pre-prossing step.
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3.5.2 Histogram-based Regularization

Especially in combination with the histogram-based regut&ation, Salvado's method
has a rather high complexity. Thus, 3-d correction is not fesble. For this reason, we
present results of 2-d experiments only. First, we evaluathe method on synthetic
data sets. Here, we utilize the same data sets as for the ewation of DaC. This
is followed by experiments on real clinically relevant imags. Quantitative results
are presented for slices of 3-d TOF images of head. Further,one qualitatively
evaluate the method on slices of 3-d SPACE images of the spinEhe experiments
were performed on a 2.00 GHz Intel Core2 CPU with 2 GB RAM. The athod is
implemented in C++ and integrated in the ITK frameworkd. The bias correction
of an image with a size256 256 and a node spacing of 50 requires approximately
three minutes.

Synthetic Data Sets

Data Sets: The synthetic data sets correspond to the arti cial images sed in the
experiments of sectioh 3.511. First, we perform the evaluah on checkerboard im-
ages corrupted by a sinusoidal bias eld. The frequency of ¢hsine wave is slightly
lower than the frequency of the checker board. The lower imsity is i, = 100
and the higher intensity isingn = 150. In the second experiment, we use random
intensity values. The distribution corresponds to a real atical head data set (com-
pare section 3.5J1). However, in this section we do no 3-d &aions. Thus, just a
single slice was computed and altered by a sinusoidal biadde The pdf as well as
an example image showing a random distribution and a sinusiail distortion is show
in in Fig. B7Z.

Evaluation Method: In the experiment using the checkerboard images, only qual-
itative results are shown. As reference we use both, the gralitruth histogram as
well as the arti cially sharpened image histograms. Like irsection[3.5.11, we utilize
the normalized relative deviation of the gold standard biaseld to the estimated
one in order to evaluate the correction quality of the data $& containing random
numbers.

Results: In the checkerboard experiment, it can be observed, that LESI( =0)
yielded very good results. Both classes are successfullpagated. Similar to the
DaC approach smaller deviations from the correct values cdre observed (FigZ3.12
(@)). The corresponding image histogram is plotted in Fig_32 (d). LEHR achieved
similar results utilizing a gold standard reference and an-value of =1 (Fig. B.12
(b)). Only in the bottom of the image slight intensity deviations can be seen. This,
however, is a result of the precision of the optimization. Irrig. 312 (e) the gold
standard histogram as well as the histogram of the correctathage are plotted. If
the required reference histogram is approximated by a shamping of the observed
histogram, the results become signi cantly worse (Fig_32L(c)). The corresponding
reference histogram as well as the histogram of the corregtémage are shown in
Fig. 3.12 (f). The reason for the worse result is that the idédnistogram cannot be
approximated in a satisfactory manner. Thus, there are mornatensities relevant for
the correction method than barely the two gold standard intesity peaks. This result

“http://www.itk.org
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Figure 3.12: Checkerboard results for entropy and histogra optimization: In the
upper row the corrected images using (a) LEMS, (b) LEHR (= 1) using a ground
truth histogram and (c) LEHR ( = 1) using an approximated ground truth his-
togram are shown. The plots (d), (e) and (f) correspond to thdéistograms of the
respective images. Furthermore, in (e) and (f) the used reémce histograms are
shown.
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is closely related to the correction results of N3 in sectidB.5.1. N3 has the same
problems correcting this synthetic data set as it also releon a sharpening of the
input histograms.

In the experiments using randomly generated images, the wis for LEMS and
LEHR are diering very much. The quality criterion Eq. (B.43) yielded for LEMS
e = 0:17Q0 As we are correcting 2-d images only, the measureghumbers cannot
be compared in a one-to-one fashion to the numbers of DaC, NBdaHUM in sec-
tion B.5.1. However,ce is signi cantly worse compared indicating problems in the
bias eld estimation of LEMS. A reason for this is the missingegularization during
a single optimization step, even though all nodes of the bi bic spline are rescaled
after every iteration to satisfy the mean preservation crérion.

LEHR, on the other hand, achieved very good correction red¢sl Using an ap-
proximated reference histogram arvalue ofgy,y = 0:036 can be achieved for =1.
Surprisingly, the result using ground truth histogram is wih ggry = 0:044 slightly
worse. An explanation for this behavior is that in the case afising a ground truth
reference, in the close proximity of the correct solution # distance values between
the reference and the corrected histograms are very small.hds, the optimization
slows down and nally it stops. In the case of an approximatedeference histogram
the standard deviation of a tissue class is usually smallehdn in the ground truth
histogram. Thus, the optimization stops at a later stage.

The best correction result is obtained for LEHR using the grtnd truth histogram
as reference and a weighting of = 0:6. Here, ag-value ofgsth: 0.6 = 0:024is achieved.
The best con guration for the approximated histogram is = 0:5. This results in a
g-value of gay: 0.5 = 0:031 These values are slightly better than the results for DaC,
N3 and HUM. However, as mentioned before, they are not dirégtcomparable. They
are just an indication that the performance of the histogramegularized optimization
is close to the performance of the before mentioned algoritis.

Clinical Relevant Data Sets

Slices from 3-d TOF images

Data Sets: In correspondence to the experiments evaluating DaC in semt [3.5.1, we

use images of the head acquired with a 3-d TOF sequence at thadwetic Resonance
Research Center at UCLA for evaluation. Although, the imageare acquired using
a 3-d sequence only single slices are used for the experiraeas the complexity of
the evaluated correction algorithms is too large for biggetata sets. For all selected
slices reference segmentations including the classes mr@ntaining WM and GM as

well as the class CSF are available.

Methods: As only single slices are used, the CSF class is small and regtd to a
small area. Thus, its coe cient and the coe cient of joint variation representing the
separability of the classes are rather unreliable. For thigason, only the coe cient
of variation (compare Eq. [3.44)) of the large brain class igsed for measuring the
correction quality. However, the other coe cients are giva as well for completeness.

Results: The correction results LEMS and LEHR are shown in Fig._3.13nlorder
to give a better impression of the performed bias correctipm threshold is applied
to the images. The arrows in the image point to regions wheréé di erences of the
correction using LEHR, =1, and LEMS ( =0) can be seen best. The rst column
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(9) (h) ()

Figure 3.13: 3-d TOF results for entropy and histogram optinzation: The images
(@), (d) and (g) show the original uncorrected slices. In thémages (b), (e) and (h)
the correction results using the histogram optimization & illustrated. Finally, in the
images (c), (f) and (i) the results using entropy optimizatn are shown. The arrows
indicate regions of interest where the di erences betweehé corrections can be seen
best.
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shows the original uncorrected slice. In the middle colummnmages (b),(e) and (h)
show the result using LEHR and the images (c),(f) and (i) illstrate the correction
using LEMS. By comparing the results, it can be seen that LEHRerformed better
than LEMS. This result is supported by the coe cient of variation of the brain tissue
class. To compute the overall performance, the mean of alleoients of variation
is computed. The mean coe cient using LEHR is ,(Brain) = 0:156 On the other
hand, the mean coe cient using LEMS resulted in ¢(Brain) = 0:164 The best
value yields = 0:75with 5(Brain) = 0:155 The coe cients of variation for the
small CSF class resulted in ,(CSF) = 0:308for =1 and ((CSF) = 0:313for

= 0. The best value was achieved for = 0:75 again with ;5(Brain) = 0 :307. As
mentioned before, the results for the CSF class have to be liied with care due to
its size. The coe cient of joint variation resulted in ,(CSF;Brain) = 0:717 using
the histogram measure and ¢(CSF; Brain) = 0:692 The best result yielded = 0:25
with  ,5(CSF; Brain) = 0:676

Slices from 3-d SPACE images

Data Sets: In this experiment, slices from 3-d SPACE images acquired itinical
routine are used. Compared to the bias elds visible in the T® images from the
previous experiment, here, the intensity inhomogeneitiggresent in the images are
rather large. The slices used are either coronal or sagittalThey have a size of
384 384 with an in-plane resolution of approximately 1.04 mm 1.04 mm. The
imaging parameters were TE=130 ms and TR=1000 ms with a ip agle of 150.
Example images can be seen in the Figurles 3.14 (a) and (d). Atlages were acquired
at the Radiologic Institute at the University of Erlangen.

Evaluation Method: As there is no gold standard segmentation or bias eld avail-
able for these images, a qualitative evaluation is done onlyBefore correction all
image intensities below a certain threshold are set to zern the images to concen-
trate the computations on foreground pixel. For visual evalation LEHR is compared
to LEMS.

Results: The results of the inhomogeneity correction using LEMS as Was LEHR
( =1) are shown in Fig.[3I4. In the rst column, Figured 314 (a) ad (d), the
original images are displayed. In the images Fig.-3114 (b) a@rfe) the resulting images
using LEHR are illustrated. Finally, in the last column, Figures[3.1% (c) and (f), the
corrected images using LEMS are given. In this experiment,dan be seen clearly that
the results achieved using LEMS are much more reasonable tithe corrections using
LEHR. The reason for the big correction di erence is that theapproximated reference
histograms do not match the ideal ones very well. Because tifet extreme intensity
inhomogeneities, the ideal histogram cannot be resolved bysimple sharpening of
the input histograms. Thus, the correction does not cover tlarge global intensity
variations induced by the bias eld in the images. The entrop optimization on the
other hand does not su er from these drawbacks as it does natly on a previously
approximated reference. Regions of interest that illustta the correction di erences
best are marked by arrows within Fig[CZ3.14.
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Figure 3.14: 3-d SPACE results for LEMS and LEHR: The images) and (d) show

the original uncorrected slices. In the images (b) and (e) éhcorrection results using
LEHR are illustrated. Finally, in the images (c) and (f) the results using LEMS are
shown. The arrows indicate regions of interest where the dirences between the
corrections can be seen best.
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1

Figure 3.15: Microslice photograph of a slice through the man eyeball.

3.6 Application to Other Modalities

In this section, we show the applicability of the DaC approdtto other modalities
that su er from similar signal intensity inhomogeneity prablems. First, we present
experiments for the correction of intensity inhomogenetis of microphotographs of
cuts through the eye. Here, the intensity variations are maly due to soiling after
the slicing. Thus, the inhomogeneities are assumed to be atilee. The second
experiment deals with retina fundus images. The retina islilminated by a single
ash. The re ected light is acquired using a CCD camera. The min distortions
are due to the optical system of the human eye. Here, the add# as well as the
multiplicative model are applied in literature [Yous08,Hov03]. We assume the
multiplicative model as otherwise there is no contrast enlmgement in regions that
were initially dark. However, one has to keep in mind the woesing of the SNR that
can negatively a ect subsequent pre-processing steps. Bahtensity distortions have
in common that they are rather complex. For this reason biasocrection methods,
that rely on very low polynomial approximations cannot be usd in these cases, M4
proposed by Likaret al. [Lika01] for instance.

3.6.1 Microslice Photographs

Data Sets: In Fig. B15 a typical microslice photograph of a human eye shown.
The image has a size 08801 2201 pixel. It is obvious that there is a principal
tendency that the upper left part of the image is darker thanhe lower right area. The
images were acquired by S. Ga ing, Erlangen Gradient Schoah Advanced Optical
Technologies (SAOT), University of Erlangen and G. Michet:, Interdisciplinary
Center of Ophthalmic Preventive Medicine and Imaging, Uniersity of Erlangen.
Evaluation Method: As there is no gold standard available, we cannot do a quanti-

tative analysis of the methods. Here, however, the resulte@w signi cant di erences.
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Consequently, the pros and cons of each method can be illed in a good manner
on this clinically relevant data set.

We evaluate HUM and the proposed DaC approach for the corregh of additive
intensity inhomogeneities within the images. In the versio described in sectioh 312,
HUM corrects multiplicative intensity inhomogeneities. Br the current experiment,
we change the correction of an observed intensity, with a local mean |, and a
global mean 4intheimagesto = ,+ 4 | so that HUM can handle additive
inhomogeneities.

Results: In Fig. B.18 the correction results of both methods are illgsated. In
order to visualize the results in a more convenient way, we plied a threshold to the
images. For each image it was chosen so that the backgroundwsis approximately
the same level of masked pixel in all images. Fig—3l16 (a) si®the thresholded
unprocessed image. Here, the non-uniformities can clealdg seen. Image (b) corre-
sponds to the correction result of the proposed DaC approactn Fig. B18 (c) the
HUM corrected image is presented. Both methods removed théolgal ramp very
well. However, locally the proposed method outperforms HUMn the areas marked
by the arrows 1, it can be seen that HUM emphasized the bordey lincreasing the
background intensity next to darker structures. This is knan as edge e ects. The
reason for this is that due to the lower signal intensities athe structure itself the
local mean is decreased. Thus, after the correction thesersaare brightened. The
formally bright homogeneous area (arrows 2) is falsely darked to adapt it to the
global mean value. The main problem is that therewith also atomical structures
are altered. This can be seen in the area of the lens (arrow 3)he correction result
of the proposed method does not show these drawbacks.

3.6.2 Retina Fundus Images

Data Sets: For the second 2-d experiment, we use retina fundus imageoyided by
the Shiley Eye Center of the University of California, San @&go in the scope of the
STARE (Structured Analysis of the Retina) Projecﬁ. Example images are shown in
the left column of Fig.[3.17.

Evaluation Method: As in the previous experiment no gold standard was available
for the correction. For this reason only a qualitative evalation is done. In order to
evaluate the proposed DaC approach, we compare it to HUM.

Results: The correction results of HUM and DaC can be seen in Fig.—311The
middle column corresponds to DaC and the right column to HUMaspectively. In or-
der to visualize the di erences between the correction relts, we applied a threshold
to the images. The threshold for each image is chosen so thhetdi erence between
the methods can be observed best. Like in the previous expeeént it can be ob-
served that the results of the DaC approach are more reasoalfrom an anatomical
viewpoint. In many HUM corrected images the edge e ects domate the crossing
between two types of tissue classes. This can be seen esfigdiaimages including
pathologies or next to large vessels. Moreover, wrong int@ty shifts can be ob-
served, if two large regions with di erent dominating tisse types are visible within

Shttp://www.ces.clemson.edu/ ahoover/stare/



66 Chapter 3. Correction of Signal Intensity Inhomogeneities

(@)

(b)

Figure 3.16: Bias eld correction results for microslice pdtographs: The image (a)
shows the thresholded unprocessed image. Image (b) shows BraC corrected image.
Image (c) is the correction result of HUM. The arrows indica the main di erences
between the two correction methods: 1: edge e ects; 2: twartge classes with di erent
intensities; 3: changes in the image content.
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% W
7 4

Figure 3.17: Bias correction of retina fundus images: Lefolumn: Green channel
of retina fundus images. Middle column: Correction resultaing the DaC approach.
Right column: Correction result using HUM. All images are tken from the STARE
database. The arrows emphasize regions where the di ereadeetween the methods
can be clearly seen.
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the images. The proposed approach does not have these dragksa In the images
of Fig. 3.17 this can be best seen at the tips of the red arrows.

3.7 Summary & Discussion

Many MRI images su er from severe intra-volume intensity imomogeneities. In or-
der to improve the performance of post-processing algoritts like segmentation or
image registration, these artifacts have to be removed. Iiné last two decades several
methods have been developed to deal with bias elds. They cére classi ed in the
categories retrospective and prospective. Many state ahe art methods are either
developed for a few speci ¢ applications and/or they are ngirecise enough. We pre-
sented in this section two novel approaches for bias corremt. DaC is a fast and very
exible method that relies on the divide and conquer principle. LEHR, on the other
hand, introduces prior knowledge into the estimation of thenhomogeneities. Con-
sequently, the correction includes a signal intensity stalardization component. For
more information about standardization see section 4. Hower, the computational
complexity of LEHR is rather large. Thus, its practical releance is low.

The most noticeable property of DaC is its generalizabilityThe experiments show
that it is for all kind of data one of the best methods for the eémnation of intensity
inhomogeneities. It can easily deal with large as well as webias elds. Further on,
the method is, compared to many other entropy based approae rather fast due
to its divide and conquer design. On the other hand, it has & the advantages of
entropy based algorithms, like the independence of largerhogeneous tissue regions,
in contrast to HUM, for instance. The experiments show that RC can increase
the average separability of tissue classes in 3-d TOF MRA irgas by approximately
18.2% whereas N3, for instance, could only achieve 11.6%.

LEHR su ers of similar issues as N3. Both methods are extreriyedependent on
the approximation of the reference histogram. A good approration of the refer-
ence is possible for weak bias elds only. If the inhomogeties are too large, the
single tissue classes cannot be correctly separated in thetbgrams leading to bad
correction results. If, on the other hand, the inhomogeneds are rather small then
the estimation of the reference histograms is quite good amdliable. Thus, due to
the additional knowledge, the correction is very good. Aviible ground truth data
is always advantageous if integrated as an additional regulzer in the estimation of
the intensity inhomogeneities. However, for almost all apigations there is no ground
truth available.

The choice of the right correction method is highly dependémn the subsequent
application and the statistics of the images. In general, migods basing on the
images' entropy are more precise and robust against (patlglical) changes in the
data. Moreover, they have better generalization propertgethan other methods. Their
complexity, however, is usually much higher than that of otr methods. For instance,
HUM, basing on the smoothness assumption, can be implemeshteery e ciently. Its
correction results are not very convincing in an anatomicaense. But, it is su cient
for several post-processing methods. N3 and LEHR rely on testimation of reference
histograms. If these can be provided in a reliable manner, lojging ground truth data,
for instance, the results are very good. This, however, is npossible in all cases.
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The performance of N3 is usually rather good, whereas LEHRtiso slow for clinical
relevant applications. Although, only slightly slower than N3, DaC generalizes best of
all tested inhomogeneity correction methods. The correctn results are in the great
majority of cases convincing in a medical sense. The reasonthe good performance
of DaC is that the entropy optimization is solved using very ismple models. The
composition of the global model is done after all local modeare estimated.
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Chapter 4

Standardization of MRI images

Following de nition 1 describing the normalization of MR images in section 1.2, be-
sides the intra-scan intensity correction, the inter-scamtensity correction is a very
important pre-processing step in MR imaging. The major soae of these variations
is the calibration of the MR system and intensity non-unifomities. A similar prob-
lem that is solved by intensity standardization methods, ishe correction of the slab
boundary artefact (compare section 2.3.6). The methods mtduced in this chapter
deal with these problems. Although a lot of research was doirethe eld of intensity
inhomogeneity correction, compare chapter 3 for instancthe standardization of MR
images did not get the same attention so far. In general, a gamal intensity scale
has no direct impact on medical diagnostics by experts; hower, volume renderers
cannot use standard presets (transfer functions) to visuak certain organs or tissue
classes. The physician has to adjust the settings for everyngle scan. Furthermore,
more sophisticated automatic segmentation and quanti cabn methods are needed,
as they have to adapt their parameters to the observed imageténsities. Addition-
ally, currently a new class of hybrid imaging systems combimg MR and Positron
Emission Tomography (PET) is being developed. In order to orease the PET im-
age quality, an standardized attenuation correction utizing the MR data has to be
performed [Zaid 07]. For this purpose the MR intensities havto be mapped to at-
tenuation coe cients which correlate to tissue classes. Fthermore, Madabhushiet
al. conclude in [Mada05] that a subsequent application of bothparoaches, inho-
mogeneity correction and intensity standardization, has ajor advantages for most
processing methods, like segmentation or registration. this chapter, we rst de ne
the standardization problem. This is followed by a short oveiew of state of the art
algorithms. Next, a 1-d histogram matching approach is prested. One advantage
of MR is the possibility to obtain images of a body region usgqdi erent acquisition
protocols emphasizing di erent types of tissue. We preserg method for the joint
standardization of all acquired spatially coherent imaged-urthermore, an approach
for the inter-scan correction of whole body MR images is inbiduced. Afterwards the
methods are evaluated and the results are presented. The eximents show that
our method achieves an average intensity overlap of the majossue classes of T1w
images taken from the public available IBSR database of abo86.2%. The most
commonly used state of the art method resulted in only 701% overlap. The section
is concluded by a brief summary and conclusions.
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4.1 Problem De nition

Inter-scan intensity variations are a well known artifact n image processing. In
general, they describe intensity di erences of pixel belging to a single homogeneous
class in two or more di erent images. In MR imaging the classecorrespond to tissues,
like white matter, fat, etc., present in the images.

in two imagesv and u with  being the intensities inv and being the intensities in
u respectively. In the following the imager is called target image andi is denoted as
reference or source image. The goal of intensity standardiion is to nd a mapping
"1 7! of the intensities of the target image to the intensities offte source image
such that

()= 82 f1l:::;kg (4.1)

R is the intensity domain of the images. For medical applicatins it is a neces-
sity that ' is a bijective mapping. The reason for this constraint is thaotherwise
information included in the images can get lost due to the stalardization process,
for instance, if intensities of two di erent tissues are maped to the same intensity
in the output image. Furthermore, letp, : 7! [0; 1] be the pdf of the target image
andp, : 7! [0; 1] the pdf of the reference image respectively.

In practice, in many images pathologies are present. Thesatpologies can have
a major impact on the shape of the images' histograms. It is meimportant that
these structural characteristics are preserved during tretandardization process. This
is a very challenging task as the content of the images and thuheir histogram
characteristics are not known beforehand. Moreover, anatocal structures can be
visible in the reference histogram and not in the target histgram or vice versa.

In contrast to the correction of intensity inhomogeneitiesit is assumed that the
standardization mapping performs a global correction. TBimeans, that the intensity
mapping is independent of the spatial positiorx within the imagesv and u. Thus,
it is assumed that there are no spatial intensity inhomogeitees present within the
images.

4.2 State-of-the-Art

The most commonly used intensity standardization method itistogram equaliza-
tion [Gonz 02]. As reference it assumes a uniform distribatn of the image intensities
in the nal image. The mapping can be written as
Z i

i =" he( )= . pv(w)dw (4.2)
with p, being the pdf ofv and w being a dummy variable for integration. In the
continuous case the inverse of the mapping can be computeélp)] is larger than zero
in the covered intensity range, the mapping is even strictlynonotonically increasing.
Consequently, the inversion is a single valued function. lime discrete case, however,
usually the mapping cannot be inverted. Furthermore, due tthe uniform mapping
onto the interval [0; 1] structural information, about pathologies for instance, s lost.



4.2. State-of-the-Art 73

For these reasons, histogram equalization is not suitablerfthe usage in medical
applications if the information about tissue intensities n the data sets is explicitly
used in subsequent processing stages.

A generalization of histogram equalization is histogram ggi cation, also called
histogram matching. In contrast to histogram equalizatioran arbitrary pdf can be
assumed as reference. Equivalent to Eq. (4.2) the pdf of theference image can be
transformed to a uniform distribution. Let the correspondng mapping be called#.
Using #, the histogram speci cation can be written as

i = "us( )= # M owe( )l (4.3)

First, the distribution of v is mapped to a uniform distribution. Afterwards, the
uniform distribution is mapped by # ! to the distribution of the reference. Like
before, the mapping s is exact in the continuous case, for discrete images, howeve
this cannot be guaranteed. Nevertheless, it is only inveltie if # is strictly monotonic.
For further details we want to refer to [Gonz 02]. Although aeference histogram can
be speci ed, the structural information is not preserved iit is not contained in the
reference histogram. Moreover, as histogram speci catianaps the histograms very
precisely, di erences within the images have a huge impacnhdhe standardization
results.

In the following, we brie y describe state of the art meth ods that were explicitly
designed for application in MRI. They try to overcome the prblems associated with
invertibility and the loss of structural information by int roducing prior knowledge
about the problem domain into the standardization process.

A histogram based method is proposed by Pierre Hellier [H8IB] who, given an
image, estimates a mixture of Gaussians that approximatedié¢ histogram of the
image. The tting is done utilizing the approach presentedn [Van 99b]. He then
computes a polynomial correction function that aligns the man intensities of the
di erent tissue classes. Unfortunately, this approach is@plicable to the head region
only, as this is the only region where the tissue classes cae bstimated by a few
distinct categories. Furthermore, it is highly dependent o the quality of the result
of the tting of the Gaussians.

Weisenfeld and War eld propose a combined intensity standdization and inho-
mogeneity correction method in [Weis 04]. They estimate a rtiplicative correction
eld that adapts the intensity statistics of an acquired MR wlume to a previously
created model. As a model they employ the histogram of a prewisly acquired im-
age with appropriate image properties. The correction is heved by minimizing
the Kullback-Leibler divergence between the model and theemplate intensity dis-
tribution. The standardization method has been evaluatedrobrain scans but can
potentially be applied to other regions of the body, too. Hoawer, the computational
complexity of the method is rather high. Thus, it is not suitdle for the daily clinical
routine.

A signal intensity standardization method using spatial tsue correlations be-
tween a reference and a template image is presented in [SctBhBy M. Schmidt.
In order to match the images, a non-linear registration algahm is used. Once the
images are aligned, a scalar multiplicative correction wgt is computed. Though
potentially applicable to all body regions, the standardiation is highly dependent on
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the result of the registration step. Thus, the results will |8 worse in regions of the
body with signi cant anatomical di erences and deformatias, like the thorax or the
abdominal area or regions including anomalies as well as palogies.

The intensity standardization methods described in Nyuét al. [Nyl 00] and Geet
al. [Ge 00] are based on a 1-d histogram matching. Currently, Nygi method is the
most frequently used standardization approach in MR imagmn First, they detect
landmarks (e.g., percentiles, modes) on a training set ofstograms. Then all de-
tected landmarks are averaged, in order to generate a stamddandmark set. When
a new image is acquired, the detected landmarks of its histagn are matched to
the previously computed standard positions. Finally, in ader to create a continu-
ous intensity mapping, the histogram positions between thendmarks are linearly
interpolated. This standardization method has been evaltead on brain scans but
can potentially be applied to other regions of the body, tooNevertheless, for every
new body region and protocol, the corresponding histograrhave to be analyzed and
appropriate landmarks have to be chosen. The reliable detemn of the landmarks
is a very challenging and essential task, as the quality of éhstandardization heavily
depends on it. This can be seen as the major drawback of this timed. Moreover,
the intensities between the landmarks are linearly interdated, in practice, however,
these intensity deformations are non-linear.

We presented a comparison of several methods for intensitiaisdardization at
the conference Bildverarbeitung fur die Medizin 2008 [Bg 08]. In the remainder of
this chapter we introduce several approaches for intensigtandardization that do not
rely on any assumptions about the shape of the images' histagns. Thus, our meth-
ods are completely independent of the application, regiorf mterest and acquisition
sequence, as long as there are reference histograms avhalédy the given task. These
can be easily computed by choosing representative images tfte new body regions
and/or acquisition protocols. Because only histograms aremployed, no non-rigid
spatial alignment of the data sets has to be done. For this rean, deformations or
pathologies hardly in uence the normalization results. Tdahe best of our knowledge,
all state of the art algorithms standardize the observed intensities using a single im-
age at a time and ignore spatially adjacent images. For manypglications this is
su cient, because in many regions of the body a gray value inr@ image acquired
with a speci ¢ pulse sequence is associated with exactly oiméensity in another pulse
sequence. This, however, is not always the case. We introéua novel method that
can jointly standardize all acquired images. Moreover, thproposed method is the
only approach that can deal with whole body MRI data sets, wish have much more
complex statistical properties than spatially constraing images, like the head.

4.3 Matching of 1-D Histograms

In this section, an approach for the standardization of sirlg spectral data sets is in-
troduced. The method itself is split into two parts; rst an ane alignment is done to

overcome larger intensity deformations. After this coarsmatching, a non-parametric
non-rigid alignment of the target with the reference histogm is performed. The sep-
aration of the estimation of the matching into the describegarts has the advantage
that the rough alignment can be done in a very fast manner. Mepver, in order to
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make the non-parametric alignment more stable it can be retauized stronger if only
small changes have to be considered.
Throughout the section the overall intensity mapping 1p is de ned as

"o )= () (4.4)

with 2 being an arbitrary intensity within v. The function p : 7! describes
the deformation of the intensities also denoted as intengishift. As mentioned before,
the deformation is split into the ane A and the non-rigid p part:

()= a p( ): (4.5)

4.3.1 A ne Alignment of 1-D Histograms

The a ne transformation model for the alignment of the refelence with the target
histogram can be written as
T= 8, + T (46)

where ~is the transformed intensity. The only unknown parametersfahe model are
the scalingsa 2 R and the translation ty 2 R of the intensities. Givens, and ty
the unknown parameterss, and t, of the deformation eld

Al )= San t1a (4.7)

can be computed. For MR images the translation part can be niegted in most cases.
The resulting optimization problem is easily solvable. Ewvebrute force methods are
applicable here because the problem dimension is low.
In order to measure the di erence between the two histogramsve either use the
Sum of Squared Di erences (SSD) or the Je rey Divergence (JDSSD is de ned as
Z Z

1
Dsso= Dssp(;puipv; )d = > (B ") pul ))2d (4.8)
where' is the intensity mapping as de ned in Eq. (4.1). JD is de ned a
Z 1
D= Da(ipupi ) = p()log® ) p  (og® g @)

() ()

with

()= P )+ P " ().
2

Theoretically there are many measures applicable and knowrom literature, most

notably the Kullback Leibler Divergence (KL-Divergence). In practice, however,

these two measures perform best. Although JD is very similao the symmetric KL

Divergence, in our experiments JD showed to be more robustagst the number of
histogram bins, bin size, initial alignment of the histogrens etc.
Consequently, the optimization problem can be written as

(4.10)

ip = argmin Dsssppg (4.11)

where p( ) is set to the identity.
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4.3.2 Non-Rigid Alignment of 1-D Histograms

After the a ne alignment a non-rigid matching using a variational registration ap-
proach is utilized to approximate the non-parametric defenation . The goal of
the proposed intensity normalization is to maximize the siitarity of the transformed

target pdf p, ' 1p to the reference with respect to the intensity shift , and a
given similarity measureD. Like in the a ne alignment stage, we utilize either SSD,
compare Eg. (4.8), or JD, compare Eq. (4.9), to measure thenslarity between the

transformed target pdf and the reference. The a ne intensig shift , is assumed to
be known.

Relying on the similarity measures only yields an ill-posedptimization problem.
For this reason, we introduce an additional term controllig the smoothness of the
solution. As we want neighboring intensities to be mapped asmilar as possible
we chose a regularizer that is based on the rst derivative dhe mapping p. In
literature this is called di usion type regularization and can be formulated as

=5 (50’ (4.12)

where controls the in uence of the regularization termS on the solution of the
optimization problem and 3 ( ) is the derivative of the intensity dependent map-
ping. However, other regularization approaches, like cuature or elastic regulariza-
tion [Mode 04], can be applied as well.

Besides stabilizing the optimization process, the reguiaer S introduces the pos-
sibility to integrate prior knowledge about the problem domain into the solution of
the intensity standardization. This is particularly advartageous if the target and
source images are a ected by di erent kinds of image artifds such as noise or defect
pixel. Further on, in medical applications, like the analys of brain tumors in MR,
the source images do not show the same pathologic structutean the target image
in general. Moreover, the structures can have di erent sizein the data sets. These
facts a ect the image's pdf and with that the normalization d the target image. Here
the regularization prevents a mismatch of the intensitiesfahese structures.

Using the presented similarity measures as well as the reguktation term, the
standardization can be formulated as the variational proleim of rst order

Z
= DGPuPi 0)* 5 ( §()°d (4.13)

with D representing either SSD or the JD. The goal of the optimizain is to nd the
intensity deformation . This corresponds to the functional
Z
= L(; b; p)d (4.14)

with L(; o; 8)=DGpuwps )+ 5( 3( )% As we want to nd its minimum,
the Euler di erential equation

d
QL(; 0; 2) d—@—@?%L(; b 2)=0 (4.15)

D
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has to be ful lled. This is equivalent to setting the directonal derivative ofl to zero.
In practice, this yields the minimization problem

. @ d @
=argmin  —L(; p; 3) S —=gL(; o5 B) (4.16)
@D d D
For all used similarity measure the second partdi@@gL( 9 is zero. For the

regularization the rst part &L( ;. b, 3)becomes zero. Thus, using SSD Eq. 4.15
yields

o) () (v )0) 5( )=0; (4.17)
and employing JD

()
()
The di erentiation of JD is described in detail in appendix B

In order to nd a solution to the presented di erential equations, we introduce

an additional arti cial time component . The partial derivative regarding the time
component is formulated as

@ @ d
@ p(; )= =L b; %) d
The solution for the non-rigid matching corresponds now tohe steady state solution
2 ,(; ) =0 of the time-dependent PDE [Mode 04, Weic 98]. Eg. (4.19) careb
reformulated as

® ) S+log % y=0: (4.18)

2

L(; b; 9): (4.19)

8o

@

@D(; )=ALol() f( ol ) (4.20)
with A[ p(; )] ) = &L(; b; ) being a partial di erential operator corre-
sponding to the regularization term andf (; p(; )) = di@@g'-( , p; 3) being a
force term corresponding to the distance measure. By seftjn g)( )= p(;i )
and using as discrete time step a semi-implicit scheme

(i+1) () ) .
o L oAy 16 90y (4.21)

for the solution of the non-rigid alignment problem can be de/ed from Eq. (4.20)
[Mode 04].

To solve the described optimization problem, Eq. (4.21) ha® be discretized.
The discretization is done by sampling the pdfs on an equidst grid. The spacing
between two grid points is denoted by . The discrete version ofp, is denoted
by U and the discretization ofp, is calledV. Moreover, for the approximation of
the continuous pdfs of the images by discrete histograni$ and V a partial volume
based interpolation scheme is used. This means, that durintge computation of
the histograms, observed intensities are added to the two igbboring histogram
bins weighted by their relative distance to the borders of t# bins. Furthermore
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the histograms are normalized to sum up to one. Consequentithe range of the
histogramsis y = f nin; i maxgincluding N = (1 max min)=  bins.

In order to compute the warped histograms, the mapped inteites are added to
the resulting bins using the linear partial intensity schera described above. For the
discretization of the derivatives of p, we use central di erences. Additionally, we
use a Neumann boundary condition. In particular, we set3( )=08 2 @ and

9()=08 =2 . This means that the derivatives for all that are smaller or
larger as the gray value range are assumed to be zero.

The mapping p is discretized at the same positions as the histograms. The
discrete version of p is denoted by . Thus, there is a corresponding displacement

for every histogram bin. Moreover, let (D') be the discrete version of (D'). Further

on, if we use a lexicographic ordering the partial di erenfil operator A [ (D')] can be
discretized as a matrix vector multiplication A (D'). The matrix A 2 R™ " has a
size ofn, ny with ny being the number of histogram bins. For the di usion type
regularization, A is a tri-diagonal matrix of form

0 1

A = (4.22)

2

assuming a central di erences approximation of the derivates and a Neumann

boundary condition [Mode 04]. Finally, the force ternf (; $)( )) is discretized by

evaluating it at the center positions of the histogram binsThis yields a vectorf (.
Using the proposed discretization Eq. (4.21) can be approxated by

(i+1) (i) _ _
D " D — (5+1) £ (). (4.23)

This can easily be transformed into the update scheme
SRS D (429

with 1 being the identity matrix. The required inversion of the matix (I A)
can be done using SVD. The inversion has to be computed onlycenat the beginning
of the standardization procedure. The matrix just dependsro , and the number
of binsny,. The size of the matrix isn, ny.

The updating of the deformation eld can be terminated if eiher the maximal

number of iterationsiyay IS reached or if there is no signi cant change = (D”l)

(D') between two subsequent updates anymore. Thus, k<" with "> 0.

In order to further increase the robustness and the e ciencyf the optimization,
we employ a multi level approach. The main advantage of the rulevel approach
is that the alignment of histograms in a lower resolution is och faster and large
deformations can be estimated much more reliably. Thus, &ft the alignment in at
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a coarse resolution only the remaining small deformationsate to be treated at the
computational more expensive higher resolution. Let the mober of levels be called
M. Usually, M =2 is enough. Let further the downsampled variables be markeg b
subscript denoting the resolution of the discretization. &t instance g?m corresponds
to the deformation eld in level m.

The proposed intensity standardization is steered by the pameters4 , |, the
maximal number of iterationsina, and the number of used level$/. Without the
inversion of the matrix (I A) that has to be performed only once, the complex-
ity of the method corresponds to the complexity of a matrix vetor multiplication.
Consequently, it isO(nZ) dependent on the number of histogram bins;,. The overall
approach is summarized in Algorithm 1.

Algorithm 1 Algorithm for the alignment of 1-d histograms
Require: v, u, ,
Ensure: Standardized image intensities of image

1: compute the histogramsV and U

2: compute the a ne mapping A by minimizing Eq. (4.11)
3:apply atoV

4: initialize ;=08 2 ;i=1

5. compute the downsampled histogramsl, and V((,O)

6: for m=0 to M do

7. repeat _

8: compute (D'?m using Eq. (4.24)

o: compute V) using g?m

10: i=i+1

11:  until kK k<™ M i<ipax

12:  upsample the transformation g;)m

13: end for

14: for all voxelsdo

15:  transform the intensities ofv to obtain v using the estimated deformation p
16: end for

17: return v

In a way the proposed method can be seen as a continuous versid dynamic
programming (DP). In both methods an ideal mapping is competd. However, this
mapping is discrete in the DP case whereas for the 1-D histagn matching a real val-
ued mapping is computed. Furthermore, in the proposed algtirm deformation con-
straints are implicitly introduced into the computation using a regularization term.
In the case of DP these constraints can be explicitly modeled

4.4 Non-Rigid Alignment of n-D Histograms

The goal of the non-rigid alignment of n-D histograms is to 1l a mapping between
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Figure 4.1: Schematic illustration of the intensity standedization. First, from the

reference images a reference joint histogram is created. iFhs the training com-
ponent of the approach. Then from the current MRI images a jaot histogram is
generated. In the next step these histograms are non-rigydtegistered. Using the
gained transformation function, the current images are stalardized. For visualiza-
tion purposes, the proposed method is shown for= 2, but it is applicable to any
n.

so that an arbitrary intensity vector 2 " describes the same tissue class in both
sets with " R" being the intensity space of the image sets. The method, we
present in this section, was rst introduced at the Conferece Vision, Modeling
and Visualization 2006 [Jage 06a] in the context of the se@mtation of Multiple
Sclerosis in MRI head images. Later on, it was re ned and pubhed in [Jage 09a].
The main idea of our method is that this mapping can be appromiated by the
minimization of the distance between the joint histogramsfahe two sets of images.
The required joint histograms are of dimensionalityn, corresponding to the number
of images. The domain of the histograms is". Note that, at least for real data sets,
no plausible transformation of the relative joint histograns can be found, such that,
the di erence is zero, because the volume of tissue classeghe image setsv and
u di er for inter- as well as intra-patient measurements (e.g anatomical di erences,
partial volume averaging e ects, positioning of the patiet). Thus, the search for
a mapping between the intensity spaces is equivalent to ndg the transformation
" np between the corresponding joint histograms which minimisea given distance
measureD:

'vp =argmin D(U;V;" np); (4.25)

ND

with U and V being the joint histograms of the image setsl and v. If the joint
histograms are treated as images, this task can be viewed asan-rigid image regis-
tration problem. Note that, although in theory histograms d arbitrary dimensionality
can be used, in practicen should be small enough to be able to reliably compute the
required densities. Otherwise, the registration results ay be no longer satisfactory.
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Techniques like Parzen estimation can solve the problem osu cient samples; how-
ever, this leads to high computational costs.

For image registration a variety of algorithms are availald. A survey about image
registration is given in Maintz et al. [Main 98] and Hill et al [Hill 01]. We employed the
variational non-rigid registration approach which was rg introduced by Modersitzki
et al. [Mode 04]; however, other deformable registrationslemes are applicable like
the spline based non-rigid registration presented in [Ru8®]. The result of this
method's optimization is the transformation' yp : R" 7! R". In the context of the
registration of multi-dimensional joint histograms, it describes how to transform the
gray values of one set of images such that its intensity distribution best matches
the reference distribution, with respect to the used distace measure and regularizer.
The objective functionalJ of the non-rigid registration can be written as

J[U;V; nol=D[U;V; o]+ S[ npl; (4.26)

with D being the distance measure (e.g., Sum of Squared Di eren@gdViutual Infor-
mation), S being a regularizer (e.g., Curvature or Elastic regularizeon), de ning
the in uence of the regularizer on the optimization and yp representing the defor-
mation between the joint histograms. The applied non-rigidmage registration using
a variational framework is very similar to the non-rigid algnment of 1-d histograms in
section 4.3.2. For further in depth information about varigional registration theory,
we want to refer to the literature [Mode 04, Jage 06b]. The iensity standardization
can be done by

corr —  orig + ND( orig) = L'ND( orig); (4-27)

where ;, 2 " describes the intensity vector in the original target imagsetv and

or 2 " is the intensity vector in the corrected images respectiwel A schematic
overview of the standardization process is given in Figurel4 Here the relationship
between the spatial and the intensity domain is illustrated

If the computed transformation is applied to the joint pdfp of the target image
get, it is not guaranteed that the resulting function is stil a pdf, as the constraint

(p ~np)( ) =1 might be invalid. However, as the derived mapping is applied
to images, the resulting pdfs of the corrected images willlflh the constraint again.
Nevertheless, volume preserving non-rigid registrationparoaches can be used as
well [Habe 04].

In a pre-processing step, the joint histograms were equalt in order to increase
the performance of the registration in regions with small §sue support. This is very
important for data sets acquired with protocols that highlght small structures (e.g.
blood vessels or kidneys in TIRM images). Without the equaation step, areas in
the joint histograms representing such structures are noteated satisfactorily in the
registration process, as small histogram values hardly inence the distance measure.
Thus, the registration concentrates on structures in the Btograms with high tissue
support.

For data sets being statistically simple , e.g. consisto of only a few dominating
classes like the head region, the proposed method returndisfactory results (see
results section). However, the following problems may aeésin more complex data
sets: a) tissue classes with a small number of voxels do notveaenough support to
be transformed in a reliable manner; b) if a previous bias dl correction step has
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failed, the histograms are blurred and the statistical infonation of a tissue class is
spread to a broad range of gray values. Consequently, it is langer possible to nd a
plausible global transformation of the intensity vectors.One straightforward solution
to this is to split the data sets into smaller sub-volumes. Tése sub-volumes can then
be intensity-standardized separately. However, this cartils lead to problems if the
statistical content of a sub-volume is not su cient for reliable registration. In order
to have su cient statistical content, a partition should have the same dominating
tissue classes as the corresponding partition in the refaoe image. Furthermore, the
histogram has to have a similar morphology as the histograna$ the neighboring par-
titions. If the su cient content assumption does not hold, some tissue classes might
be transformed in a false way. Furthermore, due to the indepdent standardization
of the sub-volumes, intensity discontinuities can occur ahe junctions between the
partitions.

4.5 Standardization of Whole-Body MRI scans

In order to overcome these drawbacks we proposed parts of flelowing sub-volume
based technique at the Conference Bildverarbeitung fiur éiMedizin 2007 [Jage 07]
and rened it in an article in IEEE Transactions on Medical Imaging [Jage 09a].
The core of our method is the new distance measure for the r&ggation of the joint
histograms which utilizes the statistical information of righboring partitions in the
joint histograms in regularizing the computed transformabn of the intensities. The
modi ed method can be summarized as follows: The data is spinto K partitions.

reference volume is created. The partitioning of the input ata sets is arbitrary.
We use a linear partitioning along thez-axis; however, the sub-volumes can also be
identi ed using other strategies (e.g., segmentation). Ezn partition is independently
registered, but all the remainingK 1 partitions are utilized for regularization of
the registration. Consequently, the new distance measurearc be described as a
weighted linear combination of the simple distance measwef all K histograms.
Thus, the deformation computed for partitionj depends on all histogram partitions,
as it utilizes their properties as well. This leads to the fédwing distance measure:

DI[U;V; Lpl=  axDUVY Lp] (4.28)
k=1
with
X
aj-;k =1; (429)
k=1

where U¥ and V¥ are the reference histogram of sub-volumie and the target his-
togram of sub-volumek respectively, |, is the deformation eld of partition j
corresponding to the transformation' {,;, and D is a simple distance measure as
mentioned above. Furthermorej is the current sub-volume andg; is the in uence
of the force of partition k in the context of the standardization of sub-volumg .
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Figure 4.2: Schematic illustration of the B-spline interplation of the transforma-
tion vectors. The example useX = 5 partitions. The planes ;- s represent the
magnitude of the deformation in a speci ¢ sub-volume. The pt shows the relation-
ship between the control pointsP;-Ps of the splineS,.,,, the z-coordinate within the
volumes and the magnitude of the translation.
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If all &y, are set toaj = < the resulting deformation eld of all partitions is the
same. Settinga;; =1 for all j and a;x = 0;8] 6 k results in a unconstrained non-
rigid registration of the joint histograms of allK blocks. The proposed approach can
still lead to discontinuities at the junctions of the partitions. However, these can be
signi cantly reduced, depending on the chosen weighting é¢tors a,« . Furthermore,
these discontinuities can be further reduced by interpolatg the computed transfor-
mations' p along the spatial positions of the corresponding intensés. Depending
on the partitioning of the volume into blocks, di erent interpolation schemes have to
be applied. As we decompose our volume along theaxis only, we apply a cubic B-
spline interpolation as follows. The sampling of the interity spaces of then acquired
images is denoted by;:::;l,; thus, the joint histograms haveL = I, ::: |, bins.
Consequently, the transformation’' },; corresponding to the deformation eld },
is sampled atL positions. Thus,n L B-splines have to be computed; one for each
bin and for each dimension of the deformation eld. Correctig an intensity , with

z-coordinate z in an imagev,, given an intensity vector = ( 1;:::; miiion)'
results in

mcor = m+ Sim(2); (4.30)
wherem 2f 1;:::;ngand| 2f 1;:::;Lg corresponds to the intensity vector . The

relationship between the control points of the spline$,.,, the z-coordinate of the
volumes and the signal intensity transformation is illustated in Figure 4.2. The
approach can be summarized as shown in Algorithm 2.

Algorithm 2 Algorithm for the alignment of n-d histograms
Require: U, aj  8K;]
Ensure: Standard intensity scale
for k=1 to K do
compute current histogramV
equalizeV ¥
end for
for j =1 to K do
compute ; the previously computed
histogramsU¥, V¥ and a; are required
end for
for =1 toL do
for m=1 to ndo
compute B-splineS;,, using !
end for
end for
for all voxelsdo
transform the intensities using the interpolated
transformations; S;.,, and the z-coordinate
are required.
end for

A further advantage of the proposed intensity standardizabn method arises from
the use of joint histograms. As only pdfs are utilized, the andardization results do
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not become worse if the region of interest in the two volumes ers slightly. For
this reason just a coarse rigid registration of the refereacwith the current image
data sets is required in the inter-patient case to generaténé¢ K sub-volumes for the
proposed approach. If the whole statistical information isised at once K = 1) then
no alignment of the volume setal and v has to be done. As a result of the exibility
concerning the region of interest, the method can deal withnatomical di erences
in inter-patient scans or anatomical changes due to evolgnlesions, for instance.
However, if the source and target images are signi cantly dirent anatomically, or
if there is a big variance in the localization of the regionsfanterest, the registration
may fail. However, a possible solution for increasing the glity of the standardiza-
tion results is to introduce additional reference histogras that cover the possible
anatomical di erences. Hence, before the signal intensistandardization, the proper
set of reference histograms has to be chosen. This can be ewhd, for instance, by
selecting the histograms with a minimal distance to the cuent histograms. Further-
more, we assume that the images are roughly aligned. If thiarmot be guaranteed
a rigid pre-registration has to be performed beforehand. this is not done then
the joint histograms will not t and hence the quality of the standardization will be
worse.

4.6 Experiments & Results

In this section, several experiments for the evaluation ofhe proposed histogram
alignment methods are presented. Each experiment is spéttd in a section describing
the used data sets, a section introducing the evaluation sttegy, and nally a results
section.

4.6.1 1-d Histogram Alignment

In order to evaluate the proposed 1-d histogram matching iensity standardization
method, various experiments using synthetic images as wadl clinically relevant data
sets are performed. First, we present results of experimentising arti cially altered
images to demonstrate the basic properties of the developagdproach. Then, clini-
cally relevant image data of di erent body regions, pulse sgences as well as scanner
brands are used for the evaluation. Whenever possible, gdthndard information is
utilized to measure the standardization performance. In s@e cases, however, only
a qualitative evaluation is performed. The experiments werdone on a 2.00 GHz
Intel Core2 CPU with 2 GB RAM. The intensity standardization methods are imple-
mented in C++ and integrated in the ITK framework®. As a global transformation is
computed, the signal intensity standardization is indepetent of the dimensionality
of the reference and target images. Using 128 bins, two lesjehnd 100000 iterations,
it took approximately one second to perform the standardizeon including the a ne
pre-alignment.
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() (b) () (d)

Figure 4.3: Images used for the synthetic 1-d standardizati experiments: (a) T1lw
slice through a 3-d volume of the head. (b) The correspondingask to exclude the
background from the calculations. (c) T2w weighted slice slwing the kidneys. (d)
Mask image corresponding to image (c).

Arti cial Perturbation of Real Images

Data sets: In this experiment, we alter images by introducing an arti ¢al perturba-
tion of its intensities. Throughout the experiment we are ugag 2-d images, however,
all methods are independent of the data sets' dimensionalit All results are gener-
ated using two di erent kinds of images: a slice through a Tlvinead data set and a
T1lw image of the kidneys. The image showing the kidneys wasabicorrected using
DaC in a subsequent step. For the computation of the intensitmappings a mask
was used to restrict the calculations to foreground pixelsThe masks were generated
using a semi-automatic segmentation scheme. The images adl\&s their masks are
shown in Fig. 4.3.

Evaluation Method: The considered methods are evaluated in three di erent seftiys
using synthetic perturbations of the images' intensities.

First, we apply Pepper Noiseto the images. The percentage of corrupted pixels
ranges betweem, = 0 and p. = 0:5. As the histograms are computed using a NP
window based technique, the noise cannot be simply added toet histogram directly
but has to be introduced into the images. The corrupted imaget, are computed as

o (x) = 0 if rand() < pe (4.31)
P u(x) otherwise '

whererand() is a random numbers generator that produces random numbersthva
uniform distribution in the range of [0; 1]. Thus, the noise depends on the position
within the image what is re ected in the histograms.

Second, we alter the images using additivBaussian Noise Due to the spatial
dependence of the NP window histogram approximation, in thicase the intensities
are distorted within the images, too. The imagesy including the Gaussian noise can
be computed as

tg(X) = U(X) + Jrana( ) (4.32)

Lhttp://www.itk.org
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with grang( ) being a random number generator that produces random numigewith

a Gaussian distribution with standard deviation and zero mean. We use a random
number generator that is based on the Polar method. The staadd deviation varies
between zero and 50 intensity units.

Finally, we evaluate the considered methods by introducingn additional arti cial
tissue classto the images. The intensity distribution of the arti cial class is assumed
to be Gaussian with a standard deviation of =10 gray values. As the tissue class
is locally bounded within the images, it is su cient to alter the histogram of the
original images. The new histogram can be written as

Ga(i) = (Ua(i)+ oG (i 1c) (4.33)

with G being a Gaussian density with standard deviation. The variablei. de nes
the mean intensity of the arti cial tissue class and the scar factor 4 its size. In
the experiments we use three di erent center pointg. at the intensities 20, 120 and

varies between 0 and 0.5; here, 0.5 means that the size of tltgliional class is 50%
of the size of the initial foreground pixel. Thus, a class ®zbetween 0% and 50% of
the initial number of pixel within the images is used.

In all three scenarios considering an arti cial perturbaton of the images' intensi-
ties, we evaluate histogram speci cation (HS), a simple a ® alignment (AR) of the
data sets, nonrigid 1-d histogram matching only (1D), and té proposed combined 1-d
histogram matching (AR1D). The latter one includes the a ne histogram alignment
as a pre-processing step. In order to test the proposed methim a relevant scenario,
we utilize the same parameters as the ones used for the stardization of 3-d clinical
data sets (Tumorbase, see next experiment section). The amtsity transformation is
computed using the distorted image+ as reference and the undistorted image as
target. The transformed imageu is then compared to the undistorted image. As
quality measure, we utilize the mean square error (MSE) as lvas the root mean
square error (RMSE) between both images. If the methods arebust against the
perturbations, the resulting measure has to be equal to zero
Results: In Figures 4.4 (a) and 4.4 (b) the results of the standardizain of the
T1lw head image as well as the image of the kidneys perturbedthvipepper noise
are shown. Due to the one-to-one mapping of the histogram gpeation the MSE
and with it the RMSE induced increases, as expected, linegrdependent on the
probability of the pepper defect. With a pepper probabilityof 50% the MSE using
histogram speci cation isMSEys = 21:39 for the head data set andMSE,s = 40:54
for the kidneys respectively. This means that there is a meantensity deviation of
about RMSEys = 4:63 in the head case andRMSEys = 6:37 for the kidney image.
Using an a ne registration of the histograms only, it can be sen in the plots that the
standardization error increases with the probability of adefect pixel. The reason
for this is the way of doing the histogram computation. Due tahe NP windows
technique the histograms are blurred because of the spatdistribution of the pepper
noise. This fact confuses the search for the optimal scalipgarameter. However,
due to the reduced exibility the error is still less than the error introduced by
histogram speci cation. For the head image the MSE iIMSExg = 3:53and MSExr =
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Figure 4.4: Results of the synthetic 1-D standardization geriments: In all ex-
periments, we compare histogram speci cation, an a ne aligment, 1-d histogram
matching without and with a previous a ne alignment step. The left column ((a), (c),
and (e)) shows the result using the head images, the right cohn ((b), (d), and (f))
the results using the kidney image respectively. The plotsii(a) and (b) correspond
to the pepper noise setting, (c) and (d) correspond to the Gasian noise experiment
and (e) and (f) illustrate the results of the additional tissie class experiment. The
shown MSE corresponds to the MSE from the ground truth data.
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2450 in the kidney case. This corresponds to an induced intensitgleviation of
about RMSExr = 1:88in the head case andRMSExr = 4:95 for the kidney image.
Applying the 1-D histogram matching without subsequent a ne registration shows
that there is hardly any in uence of the pepper noise onto thatandardization result.
The reason for this is that the structural di erences of the stograms are too small.
Here, the MSE iSMSE;p = 1:49 (RMSE;p = 1:22) for the head image andVISE;p =
3:61 (RMSE;p = 1:90) in the kidney case. However, if the a ne registration is doe
before the 1-D non-rigid registration of the histograms asnainitialization step the
error gets higher compared to a single 1-D non-rigid registiion. The MSE becomes
MSEprip = 1:89 for the head images andMSEarip = 17:96 for the kidneys that
corresponds to a mean intensity deviation 0RMSEarip = 1:37 and RMSEarip =
4:24 at a probability of 50% for pepper noise. The reason for the gneasing error is
that after the a ne registration the histograms do not match with su cient accuracy
in many areas. The non-rigid registration tries to revert tle a ne alignment but the
optimization gets stuck in a local minima. Nevertheless, #error is still smaller than
the MSE induced by histogram speci cation and a pure a ne algnment.

The results of the experiments testing the in uence addditive Gaussian noiseare
shown in the Figures 4.4 (c) and 4.4 (d). With an increasing ahdard deviation of
the noise the MSE introduced by histogram speci cation in@ases as well. Given a
standard deviation of =50 intensity units, the introduced MSE is MSEys = 14:54
(RMSEys = 3:81) for the head images andVISE,s = 14:29 (RMSEys = 3:78) in
the case of the kidney data set. The reason for this behavia that the Gaussian
noise blurs the image histogram. Thus, in order to t the refeence (in this case the
histogram including the arti cial noise) the target histoglam has to be spread in some
areas and has to be clinched in others yielding an increasedSEL This e ect also
a ects the standardization results of the a ne registration, the single 1-D histogram
matching and the combined approach, too. Compared to the pppr noise scenario,
however, even the 1-D histogram matching without a prior a re registration yields
a signi cant MSE. The proposed combined registration appich also performs much
worse than in the pepper noise experiment. The reason for shis exactly the same
as for histogram speci cation. The locality of the correctin tries to minimize the
distance to the blurred version of the histogram. Thus, thetandardization induces
an error dependent on the standard deviation of the noise.

To evaluate the experiment that introduces anadditional arti cial tissue class
into the data, we compute the MSE dependent on the relative z of the arti cial
tissue class. Moreover, the MSE is computed for three di ene mean intensities of
the arti cial tissue class. Then, the three resulting curve are averaged. This is done
for all four methods for the head as well as the kidney data seThe resulting plots
are shown in the Figures 4.4 (e) and 4.4 (f). As expected fordtstandardization using
histogram speci cation the MSE increases with the relativeize of the arti cial tissue
class. The error results from the mapping of multiple pixehtensities to the additional
class. This also means that if the mean value of the class isther away from the mean
value of the foreground pixel the error becomes larger. At avel of 50% the MSE is
in averageMSEys = 29:13 (RMSEys = 5:40) for the head image. In the case of the
kidney data set the average MSE i8MSEns = 31:24 (RMSEps = 5:59). The ane
registration is hardly a ected by the additional tissue clas in the case of the head
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Experiment Data Set || HS AR 1D | AR1D
Pepper Noise Head 21.39| 3.53 | 1.49| 1.89
Pepper Noise | Kidney || 40.54| 24.50| 1.90| 17.96
Gaussian Noise Head 14.54| 11.90| 8.27| 13.64
Gaussian Noise Kidney || 14.29| 9.63 | 7.07| 11.96
Add. Class Head 29.13| 1.37 | 1.08| 1.17
Add. Class Kidney |l 31.24| 10.50| 4.66| 7.09

Table 4.1: 1-d non-rigid standardization results using artial perturbations. All
numbers correspond to the MSE of the standardization resultor the pepper noise
experiment a pepper probability of 50% is assumed. A standhdeviation of =50 is
used in the Gaussian noise experiment. Finally, in the exgerent with an additional
arti cial tissue class, the class has a size of 50% of the i@t image pixel.

image. Here, the MSE is in averagMSExr = 1:37 (RMSExg = 1:17). However, for
the kidneys the MSE has a saltus at a relative class size of 1L5%his results from the
experiment with the mean intensity of the class being 220. Ehcenter intensity of the
new class is slightly larger than the main intensity range ahe kidney image. With
the increasing class size, the a ne registration includeshis region into the main part
of the histogram. This results in an average MSE dfISExr = 10:50 (RMSEar =
3:16) at a relative class size of 50%. Applying the 1-D histogram aiching only
induces a rather small MSE to the standardization result. Ag relative class size of
50% this resulted in an average MSE dISE;p = 1:08 (RMSE;p = 1:04) for the head
image and a MSE ofMSE;p = 4:66 (RMSE;p = 2:16) for the image of the kidneys.
For the 1-D non-rigid histogram matching including a subsegent a ne registration,
the same behavior can be observed. However, the saltus in th@e registration
case of the kidney is hardly visible in the result. Looking athe average MSE at a
relative class size of 50%, this results IMSEar;p = 1:17 (RMSEprip = 1:08) in the
case of the head image and an average MSEMSEri1p = 7:09 (RMSEpr1p = 2:66)
for the kidney image.

In table 4.1, the results of all three experiments are brie ysummarized. The
numbers correspond to the plots in Fig. 4.4.

MRI Head Data Sets

In the experiments using real clinically relevant head imags, we use two public avail-
able data bases. First, 17 T1w data sets provided by tHaternet Brain Segmentation
Repository (IBSR)? of the Massachusetts General Hospital, Center for Morphortnie
Analysis are used. Second, we do qualitative experimentsing ten public available
SPL braun tumor resection image data sets (Tumorbase) praled by the Surgical
Planning Laboratory (SPL), Brigham & Women's Hospital, Boson Massachusetts,
USA 3,

Zhttp://www.cma.mgh.harvard.edu/ibsr/
3http://www.spl.harvard.edu/
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Figure 4.5: Histogram overlap distance measure: The distag between two relative
histograms (gray and blue bars) corresponds to the sum of ih@verlap (red bars).

IBSR:
Data Sets: Originally, 18 data sets are included in the IBSR database,owever, for
one data set the gold standard segmentation is missing. Fdf ather data sets a gold
standard segmentation into the classes white matter (WM), rqy matter (GM), CSF
and background is available. All data sets are provided in ads corrected form. The
images have a slice thickness of 1.5 mm. The in-plane resautis about 0.94 mm
0.94 mm. The size of the data sets 856 256 128
Evaluation Method: In this experimental setup the evaluation is based on the gl
standard segmentations. To measure the quality of the inteity standardization the
overlap between the histogram of a tissue class before antkathe standardization
to the histogram of the same tissue class in the reference igeais calculated. Here,
the overlap of two relative histograms is calculated as
X
do(H1;H2) = minfH 1(i); H2(i)g (4.34)

i2

where is the intensity range of the histograms andH ;, H, are the histograms to be
compared. This means that in the case of a bad standardizatiadghe overlap of the
relative histograms isdo(H1;H,) =0 and for a perfect standardization the measure
givesdo(H1;H,) = 1. The similarity measure is illustrated in Fig. 4.5. As the gl
standard segmentation contains three di erent tissue clags, we compute the measure
for all three and average the result for all tissue classesorFevaluation one data set
is used as reference. Then, all other images are standardize the reference. Thus,
in total Ng =17 16=2 = 136 standardizations are performed. From all results the
mean as well as the standard deviation is computed.

Results: In Fig. 4.6 a few standardized images of the IBSR database thahere cor-
rected using the proposed 1-D histogram matching are showit.can be seen that all
images' histograms are matched to the source histogram in ary good manner. The
visual impression is supported by the quantitative numbersThe proposed standard-
ization approach reached a mean value ofr ;p = 0:862 This means that all classes
had an average overlap of 86.2%. The standard deviation istivi srip = 0:058
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Figure 4.6: 1-d standardization results on IBSR T1w data sst (a) Reference image
(transfer function: center 65, width 130); (b) Reference iage (transfer function:
center 90, width 40); (c),(e),(g): target images (transfefunction: center 90, width
40); (d),(f),(h): standardized images (transfer function center 90, width 40)
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Figure 4.7: Three example slices from three di erent T1w inges taken from Tumor-
base.

rather small. The mean overlap before the standardizationag e = 0:395 with
a standard deviation of e = 0:31Q0 Consequently, the overlap was improved by
approximately 218%.

A similar good result was achieved using histogram speci ttan. Here, the mean
value of the overlapping criteria was ws = 0:842 The standard deviation was with
ns = 0:076also slightly higher than the deviation of AR1D. Due to the lage number
of evaluations, it is obvious that AR1D performed slightly letter than histogram
speci cation. The overlap is improved by 213% in average. Mever, it has to
be kept in mind that the speci cation approach tries to nd a one-to-one mapping
between the histograms. Thus, pathologic structures thatra not included in this
quality measure are mapped to other tissue classes as well.

Surprisingly, Nyul's method has considerable problems de&y with the T1w data
sets. Using the landmark con guration that relies on the semd mode of the his-
tograms yields a mean overlap ofy = 0:643with a quite large standard deviation
of Ny =0:188 The reason for the bad result is that in some cases the secandde
is not detected very well. That leads to a very bad overlap meare for these data
sets. Consequently, the standard deviation is also highehan for the other meth-
ods. Using a di erent landmark con guration yields slighty better results. If the
50% percentile is used as second landmark, the mean overlap j.s0 = 0:701 with
a standard deviation of y.50 = 0:123 For these more heuristic con gurations the
results can never be as excellent because the data sets aoenfrdi erent patients.
Consequently, all tissue classes have di erent sizes whdteais the percentiles.

Tumorbase:

Data Sets: All ten public available T1w data sets provided by the SPL hag a size
of 256 256 124 Their in-plane pixel resolution is 0.94 mm 0.94 mm with a

slice thickness of 1.5 mm. All images show pathologies likeemngioma, low grade
glioma and astrocytoma. The acquisition order was LR. In Fig4.7 some example
slices taken from the volumes are given.

Evaluation Method: For the Tumorbase data sets no gold standard segmentation is
available. For this reason only a qualitative evaluation igslone. In order to restrict
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Figure 4.8: Standardization results of the Tumorbase image In plot (a) the his-
tograms of the unprocessed images are shown. The plots () @nd (h) show the
results using the proposed 1-D non-rigid histogram registtion method using three
di erent reference histograms. The results using Nyul's ntieod are illustrated in (c),
(f) and (i). Finally, the output of histogram speci cation is shown in the plots (d),

(9) and (j).
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the calculations on relevant tissue classes, we use a spterimask. It was centered
in the middle of the volume and had a radius of half the size ofeh direction.

Results: In Fig. 4.8 the results of the standardization using the propsed AR1D
method as well as the results of histogram speci cation andyl's method are shown.
In order to illustrate the performance of the methods, we artrarily choose three
data sets from the database. These data sets are used as eiee for the intensity
standardization. All other data sets are standardized to tese references. Fig. 4.8
(a) shows the histograms of the masked data sets without anyasdardization. All
histograms have very similar shapes. However, the distriban of the intensities do
not t very well. The Figures 4.8 (b), (e) and (h) show the resit of AR1D. In all three
cases it can be seen, that the approach aligns the histogramery well. Moreover,
the structure of all histograms is preserved.

The standardization results for Nyul's method are shown inhte Figures 4.8 (c),
(f) and (i). As the second mode of the histograms did not matcthe same tissue class
in all histograms, we could not use it as landmark. Thus, we dose the median of
the intensities as landmark. Nyulet al. propose this approach in [Nyl 00]. The plots
show that the method improves the similarity between the htsgrams while keeping
the structure of the single histograms. However, for one datet the median did not
t very well to the general median landmark. Thus, this histgram is corrected in
a very bad manner. Overall the result is very good, but the imnsity deviation of
the standardized data sets to the reference one is obviousyger compared to the
results of AR1D.

Finally, in the Figures 4.8 (d), (g) and (j) the histograms ofthe standardized
images using histogram speci cation are shown. As expectdte overall matching of
the histograms is very good. But important shape charactegiics of the histograms
are not preserved at all. This can be observed in all three exples. Thus, the
result of this approach is not usable in the medical contextsathis corresponds to
a reduction of intensity information within the images. Mos likely the information
that was taken away corresponds to pathologies not visible all images.

4.6.2 N-d Histogram Alignment

For evaluation of the proposed non-rigid alignment oh-D histograms (NAND) for
intensity standardization various body regions, pulse sagnces and di erent ma-
chines of the same brand were used. If possible the approachasvwevaluated using
time-to-time studies (follow-up studies). However, in thecase of whole body MRI,
no voxel-wise evaluation was possible, as the deformatiohtbhe anatomical struc-
tures was too large even for follow-up studies, due to di ent positioning of the
patients, non-rigid transformations of body regions, paral volume averaging e ects
and pathologies. As for the 1-d histogram matching, the metid is independent from
the size of the volumes. However, the performance is highlgmendent on the num-
ber of bins. In a two image problem with a joint histogram sizeof 128 128the
standardization took about seven seconds.
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Figure 4.9: Left: the marginals of the T1-weighted head im&g before standardiza-
tion; Right: the marginals of the same images after signaltiensity standardization.
The thick line in both plots represents the reference histogm.

Standardization of MRI Head Images

Data Sets: For the evaluation of the proposed intensity standardizatin method on
MRI head data sets T1- and T2/FLAIR images were used. All dataets were acquired
on a Siemens Symphony 1.5 T scanner. The T2-weighted FLAIR tdasets had a
resolution of408 512 19, an isotropic in-plane resolution of 0.43 mm 0.43 mm,
7.2 mm slice thickness and TE = 143 and TR = 9000 ms. The T1-wédited images
had a resolution 0f208 256 19 with an isotropic in-plane resolution of 0.86 mm
0.86 mm, 7.2 mm slice thickness and TE = 14 and TR = 510 ms. In tat 25
volumes from eleven di erent patients were used. All the inges were of real patient
data including evolving lesions.

Evaluation Method: For the experiments, a single T1l-weighted volume and its
corresponding FLAIR data set was chosen as reference for legatient. Then the
follow ups were standardized to the intensities of the refence volumes. As the
treated body region is small and the pdfs of brain images ar@mnvery complex, the
volumes were not partitioned K = 1). By subtracting the two image setsu and v
intuitive quality measures can be computed.

In order to evaluate the intensity standardization the meardistance and the stan-
dard deviation between each patient's reference and targeblumes were chosen as
quality measures. The systematic error between the refel@mand the standardized
images is expected to be smaller than that between the refaoe and the unpro-
cessed images due to the signal intensity standardizatioklowever, patient data with
evolving structures from clinical routine was used and thuthe anatomy of the brain
changed. Consequently the evaluation method has the drawdkathat the di erence
between the volumes will never vanish. The lesions were revad by a segmenta-
tion step beforehand (just for evaluation, not for the signlaintensity standardization
step). Only those voxels that were classi ed as healthy braitissue in both volumes
were considered in computing the quality of the standardiz@an. In order to be able
to compute the di erence between the volumes, a rigid regisition using normalized
mutual information [Hahn05] as distance measure had to beilized, so that the
reference and template volumes match each other.
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Figure 4.10: First row: On the left side a slice of the referea T1-weighted volume
is shown, on the right the FLAIR slice respectively. Beginmg with line 2: Left
column: the original FLAIR slices. Right column: the correted FLAIR slices. All
images (except the T1w slice) are displayed with the same trsfer function: center

200 and width 200.
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FLAIR T1

original standardized original standardized
Volume | | | |
la 19.94 | 62.41| 27.51| 62.27| 90.98| 57.82| 4.65 | 55.01
1b 42.25| 66.70| 6.30 | 70.75| 75.19| 62.82| 3.17 | 61.23
2 89.76| 100.88| 3.64 | 72.99| 45.37| 61.92| 9.36 | 67.46
3 7.09| 58.17| 1.02 | 59.00| 19.24| 69.83| 1.64 | 65.01
4a 80.11| 79.58| 8.67 | 58.95| 53.39| 74.52| 0.39 | 77.93
4b 79.36| 50.44| 2.14 | 57.64| 17.79| 81.75| 10.18 | 86.32
5 22.82| 46.84| 0.32 | 49.50| 25.49|53.70| 9.74 | 56.45
6 22.82| 34.79|13.39 | 36.37| 7.51|68.70| 1.81 | 61.00
7 106.70| 73.07| 7.70 | 77.73| 28.09| 61.78| 4.50 | 58.29
8 38.24| 87.34| 30.33 | 88.17| 87.53| 75.91| 12.27 | 63.13
9 107.80| 110.41| 12.48 | 110.74| 2.23| 96.49| 0.90 | 84.50
10 25.05| 39.58| 1.84 | 41.44| 19.49|57.27| 5.56 | 60.58
1lla 2.48 | 56.81| 3.02| 55.87|15.49 | 52.84| 16.53| 51.74
11b 11.28| 47.09| 2.72 | 46.54| 8.47 | 47.57| 15.03| 47.39

Means | 46.84] 36.41] 8.65] 9.17] 35.45] 29.02] 6.84] 5.12]

Table 4.2: Standardization results of the MRI head images. Bsolute mean and
standard deviation of the di erence images with and withoutstandardization.

For the signal intensity standardization, we used the follwing parametrization
for the registration: =0:01, =0:001and128bins. As interpolation method, a
bi-linear interpolation was utilized. The histograms werereated by a partial volume
technique. This means that the bins were lled relative to tle distance to the intensity
vector. This con guration was suitable for most of the expements. In some cases
the parameter had to be slightly adapted.

Results: The detailed results of the standardizzi_};ion are shown in Tdé 4.2. For
the FLAIR images the absolute mean = (1=N) J.lej jJ of all Ne experiments
using the images without standardization was g ar = 46:84 and the corresponding
standard deviation was g ar = 36:41 Using the proposed intensity standardization
approach the absolute mean was?, ,rx = 8:65with a standard deviation of g =
9:17. For the original T1-weighted images the absolute mean was; = 35:45 with
a standard deviation of 1; = 29:02 Using the intensity standardization the mean
was ¢, = 6:84 with a standard deviation of 9, = 5:12 Although, in general, the
method signi cantly decreases the di erence, there are aviecases that this di erence
may increase. There are two reasons for this e ect:

First, the optimization of the registration might be stuck in a local minimum of
the objective function.

Second, if the structure of the histograms does not t precddy, the resulting
intensity mapping might be incorrect. However, this just hapens if the distance
between the histograms was small from the beginning; thushe resulting di erences
are still very small.
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If the method proposed by Nyl et al. [Nyl 00] is employed thessults are: s, =

1073 M =8:30, WM = 11:27and MW = 7:57. As the used images were
bimodal, we utilized the second mode as histogram landmarkAs mentioned be-
fore, a slight di erence between the volume is expected asdtanatomy of the brain
changed [Jage 06a]. Furthermore, we applied no bias corieat method to the head
images, because the intensity inhomogeneities of the aagui images were rather
small. Figure 4.9 shows the marginals of the joint histograsnof the T1-weighted
head images before and after standardization. The margisabf the joint histograms
correspond to the histograms of the single volumes. Here simlumes were randomly
selected and standardized to a single reference. The thiakd represents the reference
histogram in both plots. In Figure 4.10 the e ect of the signhstandardization on
FLAIR images is shown. The rst row shows corresponding sks from the reference
volume set illustrating all dominant tissue classes. On thkeft side the original im-
age slices are shown. On the right side the processed imagesshown. All images
are displayed with the same transfer function; thus, compable tissue classes should
have similar gray values in the corrected images. Furthermm all images are from
di erent acquisitions, whereas the images in the second arthlird row show a follow-
up study of the same patient. It can be clearly seen that the fansities are adapted
to the intensities of the reference image.

Parametric Perturbation of Intensities

Data Sets: In this experiment parametric perturbations were applied o a pair of T1-
and T2/FLAIR weighted images. They were acquired on a SiemsrSymphony 1.5
T scanner. The T2-weighted FLAIR data set had a resolution o408 512 19, an
isotropic in-plane resolution of 0.43 mm 0.43 mm, 7.2 mm slice thickness and TE =
143 and TR = 9000 ms. The T1-weighted volume had a resolutiorf 208 256 19
with an isotropic in-plane resolution of 0.86 mm 0.86 mm, 7.2 mm slice thickness
and TE = 14 and TR = 510 ms.

Evaluation Method: In all experiments in this section the used image pair was
utilized as reference. Then the T1- and the T2/FLAIR- weighéd images were per-
turbed by a parametric intensity mapping; thus, both data sts are transformed
independently. With that setting, the joint standardization of all volumes has no
advantage over the separate standardization. In this casbd di erence of NAND to
Nyul's approach [Nyl 00] is reduced to the non-linearity ofar approach and that it is
not necessary for us to locate any landmarks in the histogramIn order to evaluate
the standardization methods, the perturbed images were mppd back to the previ-
ously chosen reference data sets. As a measure for the qyadit the standardization,
the mean distance between the reference and the intensityastlardized images was
used.

The rst intensity mapping we evaluated was

(D

99:8

ref T 1 (4.35)

new ref

with ey being the perturbed intensity, s the intensity in the reference image,
998 the 99.8-percentile of all intensities in the reference iga and a factor to
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control the strength of the perturbation. This means that if = 1, the intensities
do not change at all. If is smaller than one then peyw < (e if > 1 then

new > ref- FUrthermore, the higher the value of the initial intensity the larger is
the perturbation. We evaluated the signal intensity standedization for 2 [0:3; 20]
for Nyul's method [Nyl 00] and the proposed approach. As theigtograms were bi-
modal, in Nyul's method the second mode was utilized as landmk as recommended
in [Nyl 00].

Secondly, we evaluated

new = ref 1 + CSin ref (4-36)
99:8

as an intensity mapping. Here the parametec describes the amplitude of the dis-
tortion and its frequency. We evaluated both algorithms with a frequerycof =1
and =4. For =1 we evaluated the amplitudea 2 [0;05]; for = 4 we chose
c 2 [0;0:35] An amplitude of ¢ =0 yields no intensity distortion.

Results: The results are illustrated in the upper three plots in Figue 4.11. It can
be seen that both approaches decrease the mean distance te tieference images.
However, in general, the NAND vyields better results than Nylis method [Nyl 00].
Due to the piecewise linear intensity mapping between the oken landmarks, the
results of Nyul's method get worse if the perturbations becoe more non-linear. As
the proposed signal intensity standardization method doesot rely on the position
of any landmarks, it is much more exible and can easily adapthe correction to
the non-linearity. If there are small intensity distortions only, Nyul's method slightly
outperforms the proposed method. The reason for this is, thd there are hardly any
intensity distortions then it is easy to exactly determine he same landmark positions
in the histograms. As the proposed approach does not use argsamptions about
the shape of the histograms and we are using a global regutation in the non-rigid
registration, small changes in the perturbed histograms gid global changes in the
intensity mapping.

Arti cial Perturbation of the Intensities of a Single Tissu e Class in Syn-
thetic Images

Data Sets: For this experiment we used synthetic data sets from the McQ@oell
Brain Imaging Centre (BIC) of the Montreal Neurological Ingitute, McGill Univer-
sity [Coll98]. The simulated data sets had a resolution af81 217 18land a
slice thickness oftlmm. We chose the T1w and T2w-images with a noise level 8%
and no signal intensity inhomogeneities. In order to evalt@the proposed algorithm,
the intensities were arti cially perturbed by a warping of the joint histograms using
thin plate splines. Slices from the synthetic images are utrated in Figure 4.12.
Figure 4.13(a) shows the joint histogram of the original T2wand T1lw image. In
Figure 4.13(b) the joint histogram with the maximal intensty deformation is shown.
For the experiments the intensity deformation is varied beteen no and maximal
distortion.

Evaluation Method: For the evaluation, the mean absolute distance of the refer-
ence image to the standardized intensity transformed imagevas chosen. In order to
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Figure 4.11: N-d non-rigid standardization results using raarti cial perturbation:
The rst plot shows the results of the standardization for tre linear intensity per-
turbation of the images. In the second and third plot the redts for the sinusoidal
perturbation are shown ( =1 and =4).
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Figure 4.12: The left image shows the used synthetic T1lw imag On the right
side a corresponding T2w slice is shown. The images are takesm the BrainWeb
database [Coll 98].

create a set of transformed images the intensity deformatiovas scaled between no
deformation and maximal deformation. The measures of NAND eve compared to
Nyul's method [Nyl 00]. Here, we tried di erent con gurations and found, that using
the percentile setp = f10;,20;:::;90g, where each elemenp; 2 p represents ap;th
percentile, in the histogram yields the best results.

Results: This experiment demonstrates the main advantages of the sigl inten-
sity standardization using all acquired images jointly coipared to the normalization
of the images separately. It can be seen that if just the intesities of a certain tissue
class are deformed, these changes cannot be corrected byrafig the 1-d histograms
to a given reference. The reason for this is that the translemn of an intensity in the
projection results in the translation of a complete row in tle joint histogram. Thus,
not only the distorted tissue class is modi ed. The result othe experiment regarding
the T1w image is shown in the last plot of Figure 4.14. As illisated in Figure 4.13,
the plot shows that the proposed method outperforms Nyul's athod [Nyl 00] given
the arti cial intensity distortion. Figure 4.13(d) shows the standardization result of
the images with maximal intensity deformation. The intengies of the transformed
intensity class were not corrected properly. Consequentlthe mean distances after
standardization are worse than before. Furthermore, str&aartifacts can be seen at
the borders of the percentile positions. Using a continuousansformation instead of
the piece-wise linear transformations could reduce thesestogram artifacts. In Fig-
ure 4.13(c) the normalization result of the proposed method shown. The intensity
deformation was reduced signi cantly. However, due to theegularization and the
loss of some intensities during the distortion step, no pedt standardization, in the
sense of zero distance, was reached.
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Figure 4.13: Image (a) shows the original joint histogram dhe synthetic T2w and
T1lw image. The histogram is equalized for presentation. The-direction represents
the T2w image and they-direction the T1w image. In gure (b) the joint histogram

of the intensity transformed images is shown. (c) shows therection result using the
proposed method. (d) illustrates the correction result of Mil's method [Nyl 00]. The

arrows indicate regions where the di erences between theasidardization techniques
can be seen best.
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Figure 4.14: N-d standardization results using an arti ciaiintensity transformation
of a single tissue class: The plot shows the mean distance loé¢ intensity perturbed
T1lw image, the corrected version using Nyul's method [Nyl QGnd the standard-
ized method using the proposed method with respect to the deg of the intensity
distortion.

Standardization of Head Data Sets Including Arti cially Ev olving Patholo-
gies

Data Sets: For the evaluation of the in uence of pathologies on the progsed signal
intensity standardization T2/FLAIR weighted images and T1weighted images with
contrast bolus were used. All data sets were acquired on ai8ens Symphony 1.5 T
scanner. The T2-weighted FLAIR data sets had a resolution gf08 512 19 an
isotropic in-plane resolution of 0.43 mm 0.43 mm, 7.2 mm slice thickness and TE
=143 and TR = 9000 ms. The T1-weighted images had a resolutiaaof 208 256 19
with an isotropic in-plane resolution of 0.86 mm 0.86 mm, 7.2 mm slice thickness,
TE = 14 and TR = 510 ms and 14 ml ofMagnevist contrast bolus.

Evaluation Method: Two evolving pathologies were simulated in this experiment
First, the ventricles were increased (see Fig. 4.15) and sad, a lesion within the data
set was arti cially enlarged (see Fig. 4.15). In order to simlate the growth of the
pathologies, a landmark based non-rigid registration appach was employed. For this

purpose a set of landmarks. = fl;;:::;1,0, wherel; 2 R® i 2f1;:::;:ng, on the
border of the structure (ventricles / lesion) were selecteth the treated volume pair
v. Thesen landmarks were manually assigned to new positionis® = f19;:::;1%g.

Additionally, for each landmark |; a second pair of landmarks at a distance out-
side the structure was introduced to keep the transformatio as local as possible.
Finally, the corners of the volumes were used as static lan@mks. Thus, in total
n 2+ 8 landmarks were utilized. The registration approach used kad on thin
plate splines [Rohr01]. After the alignment the landmarksra matched exactly. The
values between the landmarks are interpolated smoothly. Ehresult of the registra-
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tion is a mapping : R® 7! R® that describes the transformation of a voxel. By
multiplying by a constant factorg, 2 [0; 1] the resulting mapping , generates a
new volume pairv,, where the size of the treated structure lies between the siin
the original volumes and the size in the volumes mapped by. This is illustrated in
the Figures 4.15 and 4.16.

Let u be a reference volume set. The computed mapping of the intégsspace
of a target volume setv, to the reference setu is denoted by , : vo 7! u. In
order to be able to compare the result of the signal intensitgtandardization, the
resulting intensity transformation , is applied to the original volume pairv yielding
V., = a4(v). If pathologies have no inuence on the signal standardizemn, all
corresponding volume pairy , should have the same intensities for all voxels. Let
be the mean of all signal standardized volumes ,. Thus, the pathology dependency
can be measured by the mean distancg, and its standard deviation of an observed
volume pairv _ to the mean volume pairv.

Results: In the experiment using the arti cially enlarged lesion, ttke volume of the
lesion varied between approximately, = 38cm? for g, = 0 to about v, = 136¢cm? for
01 = 1. This corresponded to a lesion to head ratio of about, = 0:02to r, = 0:08.
The results are illustrated in the plots of Figure 4.17. The man absolute di erence
of all transformed FLAIR images yielded ,FLAlR = 0:26 with a standard deviation
of IF'-A|R = 0:13 the mean absolute di erence of the T1lw images wasT1 =0:54

with a standard deviation of ,T 1-037

In the experiment using the arti cially increased ventricks, the volume of the
ventricles varied between approximately, = 85cm?® for g, = 0 to about v; = 316cm®
for g = 1. This corresponded to a ventricle to head ratio of about, = 0:04 to
r; =0:14. The results are illustrated in the plots of Figure 4.18. Thenean absolute
di erence of all transformed FLAIR images yielded \',:LAlR = 0:40 with a standard
deviation of \',:LAlR = 0:23 the mean absolute di erence of the T1lw images was

;I'l = 0:64 with a standard deviation of \'/I'l =0:49
The input images had gray values in the range between zero aagproximately
1200. Thus, the maximal measured intensity deviations shothat the proposed
algorithm is robust against severe pathological changestiin the volumes.

4.6.3 Standardization of Whole Body Data Sets

Data Sets: All data sets were acquired on a Siemens Avanto 1.5 T whole boMRI
scanner. The TIRM images had a resolution @12 512 30 (each block) with an
isotropic in-plane resolution of 0.98 mm 0.98 mm and 5.5 mm slice thickness and
TE = 83, TR = 1660 ms and the FL2D images had a resolution 612 410 30
(each block) with an isotropic in-plane resolution of 0.98 m  0.98 mm and 5.5 mm
slice thickness and TE = 4.7 and TR =291 ms. The size of the coroped whole body
images wasb42 1746 20 for both protocols. Only the composed volumes were
used for the experiments. All images were acquired in cliailcroutine, thus, including
pathologies. In total nine whole body MRI data sets were usddr evaluation. Two of
these were from the same patient, acquired with a time delay six months. In order
to reduce the e ects of intensity inhomogeneities homomohic unsharp masking was
employed.
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(@) (b)

(©) (d)

Figure 4.15: The images (a)-(d) show the arti cial growth othe rst two ventricles:
(a) original slice, (b) 33%, (c) 66% and (d) maximal deformabn.
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(@) (b)

(©) (d)

Figure 4.16: In the images (a)-(d) the arti cial growth of anlesion is shown. Image
(a) shows the original FLAIR slice; (d) the maximal deformabn; (b) 33% of the
maximal deformation and (c) 66% respectively.
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Figure 4.17: Results fon-D non-rigid histogram standardization of arti cially grow-
ing ventricles: The plots show the di erence of the transfaned volumes with di erent
sizes of the lesion to the mean transformed volume. The imsity range of the im-
ages is approximately[0; 1200]
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Figure 4.18: Results fon-D non-rigid histogram standardization of arti cially grow-
ing ventricles: The plots show the di erence of the transfoaned volumes with di erent
sizes of the ventricles to the mean transformed volume. Ehintensity range of the
images is approximately{0; 1200]
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Figure 4.19: The top plot shows the results of the intensitytandardization with
respect to the in uence parameter . The bottom plot illustrates the e ect of di erent
numbers of partitions on the standardization.
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Evaluation Method: Due to the anatomical di erences and the large deforma-
tions within follow-up studies, no voxel-wise evaluation ®thod was used. As quality

measure the relative distance

dJD After |

My = (437)

dJD;Before .
between the reference and current joint histogram before dmfter the standardization
was chosen. Consequently, if;y < 1 the distance between the images was reduced
and ifryy 1 the standardization failed. As distance measurd;p between the joint
histograms the discrete version of JD, introduced in Eq. (@), is used. Similar to
the KL-Divergence, JD measures how e cient, on average, it @uld be to code one
histogram using the other as code book [Rubn00]. Our assurnmt is that if the
histograms of two images are as close as possible, a tissaexIn both images covers
the same intensity range in both volumes. Hence the distandeetween the joint
histograms is a good measure for the quality of the results tie signal intensity
standardization.
In the rst experiment we evaluated the standardization quéity related to the
in uence of neighboring histograms on the regularizationWe used a uniform parti-
tioning along the z-axis. Only direct neighbors to the curnet histogram are allowed to
a ect the registration. For this reason we introduced an inuence parameter 2 [0;1]
with 8
< 3 if j=Kk;
ax = . (1 )=2; if k=) 1_k=j+1; (4.38)
0 else

where| is the current sub-volume to be registered. Consequently, = 1:0 does not
use statistical information of neighboring histograms and = 0:0 uses neighboring
pdfs only for the standardization. The results showed thathe parameter has to
be chosen between 2 [0:5;07], depending on the number of partitions. If fewer
partitions are used, then the inuence has to be reduced. Netthat, because the
rst and the last sub-volume are mirrored, their in uence onthe registration result
isnotjust but +(1 )=2. The standardization results using di erent numbers
of partitions and a varying parameter are illustrated in Figure 4.19 (upper plot).
The second experiment deals with the number of partitions tbe used. In order
to evaluate this parameter, the best signal intensity starardization result for each
number of partitions (the parameter may vary) is selected. This shows that ap-
proximately ten sub-volumes have to be chosen. If more partins are used the pdfs
cannot be estimated in a reliable manner anymore. The reasdor this is that the
data sets are rather noisy and consequently there is not erghuintensity informa-
tion included in smaller partitions. If fewer partitions are used, the standardization
is aected by intensity inhomogeneities and small structugs are neglected in the
registration. The standardization results are illustratel in Figure 4.19 (lower plot).
Results: The results of both experiments show that it is best to use appximately
K = 10 partitions. They also show that the statistical information of neighboring
partitions has a signi cant impact on the quality of the stardardization of a sub
volume. For the given number of partitions a parameter  0:6 provided the best
results. Using the Je rey divergence it was possible to a@hie a relative distance of
ry = 0:567 This means that the distance between the joint histogramsds been
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Figure 4.20: From left to right: slice from the reference T1wolume; slice from the
reference TIRM weighted data set. A threshold of 400 was appdl to the third,
fourth and fth image to better visualize the di erences. The third image shows a
reference T1w slice, the fourth the original T1w slice of a @rent patient and the
fth image the standardized T1w slice.

reduced by about 45%. However, it is not possible to achievgsi cantly better re-
sults as the anatomical di erences between the data sets awo large. Consequently,
even if the signal intensities of all tissue classes are tiformed in an ideal manner,
there still have to be di erences between the histograms. TEhresults of the whole
body signal intensity standardization are illustrated in kgure 4.20.

4.7 Summary & Discussion

A major disadvantage of MRI compared to other modalities ishat its intensities do
not follow a pulse sequence dependent general intensity lecéke Houns eld units
in CT. In the last decade, several methods for this standarziation problem were
developed. In the medical context, however, it is a necegsithat the estimated in-
tensity transformation is invertible and that it preservesthe structural characteristics
of the images' histograms. Due to these restrictions most pmaches are application
dependent, unprecise, and or have a high computational cofagity. All methods for
intensity standardization have in common that a global intesity transformation is
computed. This is the major di erence to the correction of itensity inhomogeneities
where a spatially dependent mapping is estimated (comparbapter 3).

All novel methods for MRI signal intensity standardization we presented in this
chapter, are closely related to image registration. In cordst to most of the previ-
ously published methods, the proposed approaches are indagent from any prior
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knowledge about the structure of the data sets and rely on thenage statistics only.
Hence, no prior registration or segmentation of the data setare necessary. However,
a separation of foreground and background pixel is highly ecemmendable. Other-
wise, the optimization process concentrates on the dominasackground peak within
the histograms. Furthermore, the methods are independent the application, body
region and pulse sequence used for acquisition, if a refererstandard intensity scale
is available.

The most basic method for intensity standardization, intrauced in this chapter,
relies on the estimation of an a ne mapping between two 1-d Istograms. Due to
the very limited number of unknown parameters, it is fast anc¢an be implemented
in a straight forward manner. However, because of the lack a@xibility the results
are not very accurate. This is the reason, why it is usually esl for pre-alignment
only to cover large intensity deviations.

In order to re ne the correction of local deviations in the hstograms, we pre-
sented a 1-d non-rigid matching approach. Here, a non-paratnic deformation of
the intensities is estimated. To overcome unrealistic tragformations and to integrate
knowledge about the smoothness of the deformation, an addmal regularization
term is introduced into the objective function. The optimiation problem is varia-
tional problem.

So far, the information of a single scan is used only. In mosages, however,
radiologist acquire more than one weighting for a body regiat a time to gain further
contrast information about anatomical structures. We presnted the rst approach
that uses the properties of all acquired images jointly (e.gT1- and T2-weighted
images). The image properties are stored in multi-dimensial joint histograms. In
order to normalize the intensities of a newly acquired dataes a non-rigid registration
is performed between a reference and the target joint histagn. From this matching
a non-parametric transformation is obtained, which desdres a mapping between the
corresponding intensity spaces and subsequently adaptsetimage properties of the
newly acquired series to a given standard. Furthermore, wetioduced an adaption
to this method that is able to deal with images having a large ®V, whole body scans
for instance. To our knowledge, this is the only approach thhacan handle this kind
of data.

The presented standardization methods are a reliable way &ljust pdfs of single
as well as multiple series of MRI scans to a pulse sequenceeateent standard signal
intensity scale. The experiments show that the proposed apgaches outperform
all existing state of the art methods in terms of generalizability, robustness against
pathologies and structural changes, as well as accuracy hetstandardization results.
For instance, the proposed non-rigid 1-d histogram matchgnachieves an average
intensity overlap of the major tissue classes of Tlw imageaken from the public
available IBSR database of about 86.2%. Nyul's method, onéhother hand, resulted
in only 70.1% overlap. However, if the image properties area distinct between the
source and the target, the obtained results may still not beasisfying.
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Chapter 5

Computer-aided Assessment of
Anomalies in the Scoliotic Spine

In this section, we present a real clinical application of # normalization methods
introduced in section 3 and 4. Using the recently introduce8-d SPACE sequence,
the fast acquisition of the complete spine is possible. Hovez, the data sets su er
from large intra- as well as inter-scan intensity variatios. Without the correction
of these artifacts in the data sets, no reliable automatic prcessing of the acquired
images is achievable.

The majority of the proposed framework for computer-aidedssessment (CAA)
of the scoliotic spine that is introduced in this chapter haslready been presented
at the conference Medical Image Computing and Computer-Aisted Intervention
- MICCAI 2009 [Jage09b]. We show that it is possible to stastically model the
spinal channel and cord. Using this model we perform a segregion of the spinal
structures. Upon this we build an application that enableshe physician to assess
the scoliotic spine nearly as fast and precisely as a non-atic spine which should
improve the pre-operative work-up of this young patient grop.

5.1 Motivation

MRI is being used increasingly to investigate children wittscoliosis. Although there
may be a hereditary component to true idiopathic scoliosighe condition has no
known cause and is not associated with dysraphism. Howevén, the infantile and
juvenile age group the incidence of spinal cord anomaliekditethered cord, sy-
ringomyelia, Chiari malformations, diastematomyelia ananeningocele / myelomenin-
gocele ranges from 17.6 to 26% [Lewo 92, Gupt98]. Furtherradhere can be struc-
tural changes of the vertebral bodies like wedge vertebra bemivertebra. As MRI
can visualize all these abnomalities it can be extremely inoptant in the pre-operative
planning of scoliosis. Failure to detect abnormalities ofne neuraxis prior to treat-
ment of scoliosis, particularly with instrumentation that lengthens the spine, can have
serious neurological consequences.

With the introduction of 3-d spin echo sequences (3-d SPACKiemens, Erlangen,
Germany), compare also section 2.1.3, MRI of the scoliotipise can be acquired
with only two sequences (upper spine and lower spine). Hoveeydue to the extreme
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bending of the vertebral column in all three axes the manuakaessment of the spine is
a very time consuming process. In some cases it is even imaedor the radiologist
to analyze pathological changes within the spine manuallyrhe reason for this is that
an orthogonal view with respect to the spinal column is requed on every vertebra.
Furthermore, it can be very di cult to specify the anatomic | ocalization of the viewed
vertebra. A pin-pointed surgery planing, however, is absately essential due to the
severity of the procedure. In Figure 5.1 pre- and post-opdige images of scoliosis
patients are shown. In addition two examples of orthogonalises are given in the
gure.

5.2 State of the art

Most state-of-the-art methods for the localization of the @ne in tomographic images
do a segmentation of the vertebrae (e.g. [Peng 06]). Howevtrese approaches usually
use assumptions about the spinal appearance that are not fldd in data sets of
scoliosis patients. Particularly the shape of the scoliatispine is altered considerably.
Thus, all assumptions concerning the typical s shape anditi that the orientation
of the vertebrae are no longer valid. Additionally, the shap of the vertebrae can
vary in a wider range than in the non-scoliotic case. Two typal examples of spinal
images of scoliosis patients are shown in Figure 5.1. RedgnStern et al. presented
a promising method to automatically determine the centersfothe vertebrae and
the centerline [Ster10]. Their approach relies on geometal properties of spinal
structures as well as on their characteristics in CT and MR iages. Additionally,
there are a few methods for segmentation of the spinal cord.citosh and Hamarneh
use 3-d deformable organisms that complement classicaéfdrmable models with
high-level mechanisms [McIn 06]. Furthermore, Couloet al. propose a method that
is based on the optimization of a B-spline active surface [GD2]. Theoretically,
most of the approaches that are used for the segmentation afbular structures can
be altered for the segmentation of the spinal cord or at leagbr parts of it [Jage 05,
Feti 02].

The computation of the centerline presented here does notmknd on any prior
information about the shape of the spine nor on the shape ofdtvertebra. Further on,
it is not restricted to the used MRI protocol but can be adaptd to other modalities
in a straight forward manner. The only requirement is that tre spinal channel or the
spinal cord are visible within the images.

The system for the CAA of spine anomalies can be separatedarfour parts: pre-
processing of the data sets, the segmentation of the spin&lannel/cord, the labeling
of the vertebra and nally the visualization of the data.

5.3 Pre-processing

In order to cover a wide range of cases and to make the segmd¢ioia stage more
robust against the in uences of inhomogeneities and noisathin the data we use the
following state-of-the-art pre-processing methods. In der to be able to directly use
signal intensities additional to structural components vthin the images, we apply the
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(@)

(b) (©)

Figure 5.1: Pre- and post-operative images from scoliosiatfgnts: Images (a) and
(b) show two coronar slices from pre-operative 3-d SPACE MRimages of two
di erent patients acquired at the Radiologic Institute of the University of Erlan-
gen. In the upper left of both images a slice orthogonal to thepinal column is
shown. The slices correspond to the red lines. Image (c) is anterior-posterior
X-ray of a case of adolescent idiopathic scoliosis postifus (source: Wikipedia,
http://en.wikipedia.org/wiki/File:Wiki_post-op.jpg ). There was originally
a thoracic curve of 30 and a lumbar curve of 53.
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(@)

(b)

Figure 5.2: E ect of the normalization on the segmentation:Fig. (a) shows a seg-
mentation result without normalization. In (b) the proposed pre-processing was used.
It can be seen that using the normalization steps has a sigeant in uence on the
guality of the segmentation result. The arrows in both imagemark regions of inter-
est where the di erences between the input data and betweehé¢ segmentations can

be seen best.
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proposed divide-and-conquer based inhomogeneity coriiect method. The degree of
the used polynomial is six. This compensates the in uence abil inhomogeneities
during the acquisition of the 3-d MRI images. Subsequentlyye use a signal intensity
standardization approach to correct inter-scan intensityariations within the data
sets. The method used is based on the 1-d non-rigid alignmesftimage histograms
like introduced in section 4.3.2. The size of the histogranwas 128 bins. Finally, a
median Iter is applied to the data sets to reduce noise prestin the images. Even
with a kernel size of3 3, the noise reduction is su cient for further processing stges.
Furthermore, the edge preserving property of the median #r is a necessity for the
sequential segmentation. All these methods can be appliedrthg the segmentation
step on a per voxel basis. Thus, only voxels that are requirddr the segmentation of
the spinal channel/cord are processed. This yields a redutceomputational cost. The
di erence of the segmentation performance with and withouproper pre-processing
is illustrated in Fig. 5.2.

5.4 Segmentation using MRFs

The proposed method for the segmentation of the spinal chaginand cord is an it-
erative process. The basic idea is that in each iteration giethe segmentation is
propagated with respect to the minimization of an energy fustion. This function
is based on local signal intensities as well as local strucaliinformation like image
gradients and the distance to the current approximation oftte spinal centerline. The
segmentation is formulated in the context of Markov random eld (MRF) theory.
Thereby the spatial coherence can be modeled statisticalby posterior probabilities
and easily be formulated as Gibbs distributions. Moreovehecause of the normaliza-
tion of the data sets, all required intensity distributionscan be estimated beforehand.
Furthermore, due to the initialization step of the method, agradient descent strategy
can be derived for optimization that can be implemented e cently.

5.4.1 Initialization

For the initialization of the presented method the radiologst has to set a single
seed point within the spinal channel. From this seed point aadaptive region grow-
ing is started. The upper and lower intensity boundaries ofhte segmentation are
increased/decreased by one in each growing step until a pesded number of vox-
els Ng is contained within the segmented region. Experiments shothat a value
of No = 300 is sucient. Afterwards we apply morphologic closing to theinitial
segmentationS, to Il potential holes due to signal intensity variations within the
images. All segmentationsS; with i > 0 are binary images with a value of one for
voxels within the segmented region and zero as backgroundua

5.4.2 lteration Step

In every iteration i the centerlinec is approximated rst using the segmented region
Si 1 from the previous iteration. The estimation ofc, is performed by thinning the
segmentationS; ; using the method presented by Lee in [Lee 94] and a sequential
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polynomial least-squares approximation of thex ;y and z components of the
skeleton voxels. In general a polynomial degree of four tox$s su cient.

The second phase in every iterationis the minimization of the energy functionU
given the previous segmentatioi®; ; and the parametric centerlinec;. The objective
function is derived from MRF theory [Li01]. In the following we will brie y introduce
all necessary de nitions that are required for the usage of RFs for segmentation
ISsues.

Markov Random Field Theory

Let = f1;2;:::;N g be a discrete set oN sites. Here, the sites correspond to
pixel locations. A label or state is an event that may happen to a site and may be
both continuous or discrete. In our case, two discrete labséts are de ned: one for
the intensity values denoted asY and one for the class memberships denoted Zs
Note that a label in Y assumes its value in the rangg0;2% 1] and a state inZ

the number of classes. As the spinal cord/channel are treat@s a single clas€ = 1.
Next the neighborhood system and cliques are introduced, wh build the basis
for the contextual constraints. In analogy to most authorsywe de ne a neighborhood
for as
N=FfN;;i2 g

where N; is the set of sitei's neighbors (see e.g. [Li01]). The neighborhood system
has the following properties:

1. a site is not a neighbor of itselfi 2 N;

2. the neighboring relationship is mutual; thus, it is symmigic:
i2Nj, J2N;

A clique for ( ;N) is de ned as a subset of sites in , in which all the pairs of
distinct sites are neighbors, except for single-site cliga. Here, pairwise interaction
between pixels is considered only. Every clique thereforensists of one or two sites.

the set , in which each random variableZ; takes a valuez; 2 Z . is the set of
all possible con gurations ofZ . Z is said to be a Markov random eld (MRF) on
with respect to a neighborhood systenN if and only if the following two conditions
are satis ed [LiO1]:

1. positivity: P(Z) > 0;8Z 2

2. Markovianity: P(zjZ ¢ ig) = P(zjZn,;) WhereZ  iqdenotes the set of labels
at the sites f igand Zy, stands for the set of labels of's neighbors.

Markovianity depicts the local characteristics of the randm eld. This yields that a
label at a sitei depends on its neighboring pixels only. In other words, a sii has
direct interaction with its neighbors only. It is possible b always satisfy Markovian-
ity because a su ciently large neighborhoodN; can be selected, where the largest
neighborhood consists of all other sites.
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According to the Hammersley-Cli ord theorem [Hamm 71] a MRFis equivalent
to a Gibbs random eld (GRF). The theorem states that X is called MRF on
with respect toN if and only if Z is a GRF on  with respect toN . The practical
value of the theorem is that it provides a simple way to spegifthe joint probability
P(Z);Z 2 by specifying the clique potential functionsv.(Z) [Li01].

Here, a con gurationZ corresponds to a segmentatio8; at iteration j andz cor-
responds to the states, of a voxelx. Thus, the optimal solution of the segmentation
problem is de ned by the maximum of the Gibbs distribution

P(Si)= Q "exp( U(S) (5.1)

with Q being a normalization constant,U(S;) = P « V(s,]Si) being the objective
energy function ands, being the state of the voxelx .

In the case of the segmentation of the spinal channel/cord,enare using a 26-
connected 3-d neighborhood. Moreover, there are two di ane states: occupied
(sx = 1) if the voxel is part of the spinal channel/cord and free g, = 0) otherwise.
Using S; ; as initialization, we assume that we are within the area of #&faction
of the correct minimum [Feti02]. For this reason a local gradnt descent strategy
can be used for optimization:S; is set to S; ; initially. All voxel that neighbor the
segmentation are put into an open voxel séd. Then for each voxek 2 O the energy
for the occupied statee; and the energy for the free statey is computed. Ife; < eg
then x is included into the segmented regios;. Its free neighbors are put intoO.
The site x itself is removed fromO. This is repeated until no more voxels change
from state free to occupied. The method is summarized in Algthm 3. First this is
done for the segmentation of the spinal channel. This segntation is then used as
initialization for the segmentation of the spinal cord.

Clique Potentials

The potential V(s«jS;) is composed by the following four parts. The rst part of the
potential is called smoothness prior as it controls the hongeneity of the segmentation
result. It can be formulated as

1 X

#N

Vu(s¢jSi) =10 1 (5.2)

X £x 2N xJs, 0= sx g

with Ny being the neighborhood ofx and # the cardinality. This means that
Vs(sxjSi) is zero if all voxels in the neighborhood ok have the states,. If all
neighboring voxels have a di erent state thars, the potential is one.

The second component of the potential uses knowledge abobgetintensity range
of the spinal channel and cord. The intensities are modeled/ mormal densities
N( ¢ 2)andN( o; 2 with .and . being the parameters of the spinal channel
and ,, , of the cord, respectively. Thus, the resulting intensity ptential V, of a
voxel x can be formulated as

Vi (sxjSi) = ( 1)sx+1 ju(x) fc;ogj 2 fc;og =2 fc;og) (5.3)

whereu is the MRI volume of the spine andfc;og means ¢ or o. For s, =1 the
potential has the minimum -1 ifu(X) = tcog, it iS zero if u(X) = tcog 2 tciog
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Figure 5.3: Spinal segmentation example: In the image a #idrom the original
volume is overlayed with the segmentation result in red. Inrder to close holes the
segmentation was dilated.

and positive if the signal intensity di ers more than2 ¢ from ... If the voxel's
state iss, = 0, the maximum is 1 and falls down linearly tol . Consequently,
voxels having an intensity between ¢.oq 2 fcog are preferred to be within the
segmentation; voxels with intensities that di er more than2 ;... from the mean
fc.og tend to belong to the background.

The third part of the potential utilizes the relative position of the voxel to the cur-
rent centerline estimationg in iteration i. With d.(x) being the Euclidean distance
from the voxel x to the centerline ¢; the potential V4 can be written as

Va(sxjSi) = ( )™ (de(x)  re)=re (5.4)

where r.=2 is the average radius of the spinal channel/cord. As a resulty(sy =
1jS;i) < Vq(sx = 0jS;) for voxels that are closer tharr =2 to the approximated center
line ¢ and V4(sx = 1jS;i) > Vq4(sx = 0jS;) if the distance is larger. The minimal value
of Vy for the occupied state is -1; the maximal value of the potemti for s, =0 is 1.

Finally, the last part of the potential uses the scalar prodot between the prop-
agation direction of the segmentation and the gradient of # image intensities. As
propagation direction we use the gradient of the segmentati imageS,; at the voxel
X. It can be computed by nite di erences, for instance. Thus,the potential can be
de ned as

Vg(sJSi) = ( D>(L j (r u(x)'r Si(x)i=gnax) (5.5)

where gmax IS the maximal tolerable magnitude of the gradient. If the gadients are
aligned parallel or anti-parallel or if the image gradients zero, the potential for
Sy =1 has its minimal value -1 and its maximal value 1 fos, = 0.

Using the aforementioned clique potentials, the objectivieinction can be written

as the minimization problem
X
S =arg msin Vs(SxJS) + Wu(sxjS) + Vu(sxjS) + Vy(s«]S) (5.6)

X2
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Algorithm 3  Summary of the spinal cord segmentation
Require: u, seed pointpg
Ensure: Segmentation of the spinal cords

1: do intensity inhomogeneity correction (see section 3)

2: do intensity standardization (see section 4)

3: do median ltering of u (kernel size3 3or5 b5)

4: compute initial segmentationS,

51=0

6: repeat

7 i=i+1

8: Si=Sj 1

9: compute centerlinec from S;

10: compute open voxel seD from S;

11:  repeat

12: take voxelx from O

13: remove voxelx from O

14: € = Vs(sx = 0jSi) + W(sx =0jSi) + Vu(sx = 0]S;) + Vy(sx = 0jS;)
15: e = Vs(Sx = 1jSi) + Wu(sx = 1jSi) + Vu(sx =1jSi) + Vy(sx = 1jS))
16: if e > e then

17: sets, =1 in S;

18: insert x°2 N, with s,0 =0 into O

19: end if

20: until =,

21: until S; == S;
22: return  S;




124  Chapter 5. Computer-aided Assessment of Anomalies in thediotic Spine

0 Intensity 250
| - ‘ ‘ 0
oF
X
@)
] o)
or =
s D
=
I =
. @
: o
v3): o
o @,
c =,
> o
o =)
9_)‘ [
=
(72}
1

Figure 5.4: Centerline through vertebra bodies: The left iage shows a 12 mm thick
MIP in the spinal region including the computed centerline hirough the vertebra

(white line). The data set shown is pre-processed. This line used to compute the
boundary positions of the vertebra. In the righthand plot the signal intensities along
the centerline are shown. Additionally the estimated bourakies of the vertebrae are
illustrated (dotted lines). The computed threshold was = 70:3.

where S is the optimal segmentation of the image with domain . The proposed
gradient descent approach for segmenting the spinal chamiocerd is summarized in
Algorithm 3.

The result of a segmentation is shown in Fig. 5.3. The segmedtpixel are marked
in red. The segmentation is a little bit larger than the spinacord. The reason for
this is that after the segmentation the result is dilated to tbse possible holes. This
is done because we are interested in the centerline only.

5.5 Labeling of the Vertebrae and Visualization

In order to label the vertebrae within the images, we computan intensity prole p
on the ventral side of the estimated centerline. Then we apphk threshold to the
computed pro le p. From this an initial guess about the positions of the vertefae
is computed. Finally, this guess is re ned using the averagdistances between the
vertebrae. The pro le as well as the estimated boundaries tie vertebrae are illus-
trated in Figure 5.4. As there is no slice where the whole lintarough the vertebrae
can be seen we use a 12 mm thick Maximum Intensity ProjectioM(P) to be able
to cover the whole spine in the illustration. The original ste thickness was 1 mm.

For the visualization, the computed centerline is approxi@ted by splines. Us-
ing the parametric approximation we can compute MPRs that a& orthogonal to
the backbone for every position of the spinal channel/cordAn illustration of the
presentation of the MPRs is shown in Figure 5.6.
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Figure 5.5: Evaluation principle of the automatic centerlhe segmentation: The il-
lustration shows a schematic view onto the spinal column. Ehcolored rectangles
represent the vertebra and the curved thick black line the émated centerline. The

black lines through the vertebrae correspond to the estimatl planes. The red one
to the gold standard. The arrows represent the normals to thplanes.

5.6 Experiments & Results

Data Sets: All data sets were acquired during clinical routine. In tota we used
20 3-d SPACE data sets from the spine including ten volumes @hing the upper
spine and ten data sets covering the lower spine. All imagesere acquired with a
repetition time of TR = 1000ms and an echo time of TE= 130ms. The volumes
had an isotropic in-plane resolution between 0.8 mm0.8 mm and 1.3 mm 1.3 mm
and a slice thickness of 1 mm. The image matrix had a size of 384384. Every
scan consists of 60 up to 160 slices. All used data sets are |mp available at our
homepagé.

Evaluation Method: The whole processing chain was implemented in C++ and
integrated into the ITK Framework (http://www.itk.org). F or a better presentation
of the results and to increase the usability for radiologisteverything was integrated
into the medical visualization platform InSpace3D. The exgriments were performed
on a 2.00 GHz Intel Core2 CPU with 2 GB RAM. The whole processinchain took
about 5-20s depending on the size and the bending of the baokie.

The focus of this work is an easy-to-use framework for CAA ohamalies in the
scoliotic spine. For this reason it is important that radiobgists have an orthogonal
view onto every vertebra. Thus, we use the following qualityneasure for evaluation.
First, for every vertebra v within the images, a medical expert de nes a ground
truth plane with normal n4". Then, the corresponding planes with normah ¥ are

Lhttp://www5.informatik.uni-erlangen.de/~spine/
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computed using the proposed segmentation method. In ordey measure the distance
between the corresponding planes we use the angle

dny = arccosj(ng”)" naYj (5.7)

aligned perfectly parallel or anti-parallel the angle beteen the normal vectors is
d,w = O degree. If, on the other hand, the corresponding planes arethmgonal,
d,.v = 90. The quality g, of the proposed segmentation method is computed by

1 X
v

i=1

0 = Chn;i (5.8)
with V being the number of ground truth planes. It re ects the mean agular de-
viation of the ground truth to the automatically computed planes. The evaluation
principle is illustrated in Fig. 5.5.

Evaluation Results: In total planes through V = 181 dierent vertebra were
de ned by the radiologist. Using the proposed quality mease for our segmentation
method yielded a mean distance of, = 5:65 with a standard deviation of =
6:09 . The minimal deviation was 0.50 and the maximal deviation was 25.73degrees
(lower spine: | = 7:80, | = 8:40 min; = 0:69, max = 25:73, upper spine:

v =457, y =434 ming = 0:50, max, = 13:21). If it is assumed that an
average vertebra has a size of abo80 30 20mm?3 this means that there is a distance
between the two planes of less thaBmm at the border of an average vertebra.

Additionally, a second radiologist de nedV = 61 planes through vertebrae that
had already by labeled by the rst radiologist. These planesvere used to compute
the inter-observer variability of both radiologists. Thisresulted in a mean angular
deviation of g, =2:94 ( ¢, =1:99, min =0:48, max = 9:38).

The results show that the proposed algorithm works very relbly for the upper
spine. Especially in the lower lumbar area and the pelvic raan the results get slightly
worse. The reason for this is that the medulla ends in this rean and separate nerve
cords are left. Thus, there is a higher probability that the agmentation follows these
cords away from the backbone. In clinical routine this is no& big problem, as these
regions are irrelevant for diagnostics in general.

5.7 Summary & Discussion

We presented a novel approach for the segmentation of the sal cord based on
MRF theory. The segmentation is used to compute planes ortonal to the vertebra
column for CAA of anomalies in the scoliotic spine. The advaage of our method
is that we do not use any segmentation of the vertebrae itsaifr information about

their relative positioning. Thus, even an extreme bendingfdhe spine or pathologic
changes of the vertebra structure can be compensated eashurther on, the method

presented works on 3-d volumes and is not restricted to a gouible coverage of the
spine in a single slice. Additionally, no training step is mguired. Thus, the method
can easily adapt if the acquisition protocol changes or othenodalities like CT are

used.
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(@) (b)

(©) (d)

Figure 5.6: Visualization of the spinal cord: The gures she the presentation of
the computed MPRs. The upper two images in each gure show theagittal plane
and the coronal plane respectively. The second row in eachuge shows the plane
orthogonal to the spinal cord and the orthogonal plane in a @-view.
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The proposed framework enables the radiologist to intuitely assess anomalies in
the scoliotic spine. The errors in orientation observed aremall enough for clinical
usage. Furthermore, the majority of false centerline estiations occurs in the pelvic
region of the spine that is only of little diagnostic interes The observed errors can
further be reduced by post-processing like a rough segmetita of the vertebra using
the approximated centerline to improve their pose estimatn.
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Outlook

A convenient way of improving the quality of both, the corretion of signal intensity
inhomogeneities, and the intensity standardization, is tinclude prior knowledge into
the objective function. Usually this information is generted from large amounts of
reference or training data what can cause severe problems.the following, we will
present two sketches of possible approaches, one for inhgereity correction and
one for intensity standardization that make use of prior kn@ledge.

Active Bias Field Model

Segmentation methods often use statistical shape modelstoé data to increase the
accuracy of the segmentation results. One of the most comnmpmused methods for
representing shape in segmentation are Active Shape Modé&SM) rst introduced
by Cooteset al. [Coot95]. The knowledge about the shape is stored in the mddby
computing the mean shape and the principal components of gf&deviation. This
can be done by a Principle Component Analysis (PCA). Thus, # principal shape
components can be selected concerning the degree of vaoiatihey represent in the
training set.

The training is the most challenging part using the proposetechnique. As men-
tioned in section 3.4.2, it is hard to get ground truth data ofntensity inhomogeneities.
A possibility to generate a gold standard is to manually segemt the data sets. Due
to the close connection between the estimation of inhomogsties and segmentation,
afterwards, gold standard data can be computed. For the geragion of the model, all
training data sets have to be in the same coordinate system.ottever, the alignment
does not depend on the anatomy of the imaged object but on thegmetry of the sur-
rounding coil system. Following the alignment of the data,te creation of the model
itself corresponds to the model generation known from segnt&tion literature.

If a statistical bias eld model is available, it can be useddr the inhomogeneity
correction. There are two ways how to use this kind of prior flormation. First,
the model can be utilize directly for correction. In this cas, starting with the mean
bias model, the inhomogeneities are estimated by iteratiyeminimizing the image
entropy using the principal components of the statistical rmmdel as decent directions.

Second, the model can be used as an additional regularizatiterm in the op-
timization process. This strategy allows a more exible anédjustable handling of
the in uence of the model in the optimization. The integraton into the approaches
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described in section 3 can be done easily. For LEMS or LEHR,dmodes can be
adapted regarding the bias eld model after every iterationIn the case of DaC, the
model can be applied after the proper estimation. The in uece can be weighted to
allow subject dependent di erences.

Multiple Mean References Standardization

There are two di erent possibilities to integrate additioral information into the stan-
dardization techniques introduced in section 4: Multiple éferences and the creation
of a mean reference. The methods we presented before makeaisesingle reference
only independent of its characteristics. The term Multipe references means that
there is a reference available for every principal shape bt histogram; a reference for
histograms with two modes and a reference for histograms ¢taiming three modes for
instance. A mean reference, on the other hand, is invertindgpe principle of multiple
references by creating a mean model over all training samgpleThis has the advan-
tage that the average distance between an observed histogrand the reference is
minimized. Both principles can be combined by computing sexal mean histograms
covering a certain shape range. A potential multiple mean ferences standardization
algorithm is composed of a subsequent training step and anensity standardization
step.

From our point of view, there are two possible methods to idéfy a set of distinct
references. First, the user prede nes a set of charactercs that separate the his-
tograms in several disjunct classes. As mentioned befor@ssible criteria for a class
are the number of modes, the relative sizes of the modes, thesgion of the modes
relative to histogram percentiles, etc. Second, automatly computed features on
the histograms or between histograms like their distance r©de used. When the fea-
tures are computed on the training data, a clustering algaghm has to be applied on
the feature sets. The resulting clusters de ne the histogma classes. After identifying
the sets of histograms, for every set a reference has to be pomed. This can be
done similarly to shape models by computing the deformatioreld between every
histogram within one class. The reference is then createding these deformation
elds.

The standardization process is straight forward. In a rst gep, the reference is
selected. This is done by computing either the characteriss of the histogram or
by selecting the reference with the closest feature set. Gnthe reference histogram
is selected the intensity standardization is performed usj a method proposed in
section 4.



Chapter 7

Summary

Without any doubt medical imaging has revolutionized moder health care by o ering
means to display the morphology and the metabolism of the huan body. Especially
MRI gained more and more importance in the last decade due ttsiexcellent soft
tissue contrast and new innovative acquisition sequencdsat allow functional imag-
ing (fMRI, ASL, etc.) besides the classic morphological ingeng. However, these
techniques su er from artifacts that have a signi cant impact on quality and image
interpretation. Among others signal intensity variationsare the most common ar-
tifacts in MRI. They can be di erentiated in two distinct cat egories: First, signal
intensity inhomogeneities that describe intensity variabns resulting from a gain or
bias eld within a single data set. The methods for correctig these are named bias
correction. Second, inter-image signal intensity variabns where intensities vary in
between di erent scans. This artifact is corrected using tensity standardization ap-
proaches. Because the intensity variations a ect directlyhe appearance of anatomi-
cal structures in the images and thus their statistics, theyave a large impact on the
performance of post-processing methods like image regigion and segmentation.

The basis of MRI is the discovery of nuclear magnetic resonanby F. Bloch and
E. M. Purcell in 1946. It describes the property that nuclei Ave in a magnetic eld.
If they are put into a strong magnetic eld, the spin of nucleistart to precess around
the axis of the external eld. The precession or Lamor frequey ! o depends on the
eld strength and the nuclei. For'H ! 4 is 426 MHz at one Tesla eld strength. By
applying a RF pulse, the sample's magnetic vector is ippedveay from the parallel
alignment. After the pulse is turned o, the magnetization kegins to realign with
the direction of the outer magnetic eld. This induces a curent in the receiver
coils. The decay of the signal is characterized by tissue depent time constants
T, and T,. The introduction of eld gradients by P. C. Lauterbur and P. Mans eld
made spatial encoding feasible. By using three types of gradts for slice selection,
frequency encoding, and phase encoding 3-d imaging is pblkesi The speci cation of
the succession of RF pulses and the application of eld graaits is denoted as pulse
sequence. The most prominent pulse sequence is called smimoe The acquired raw
data is stored ink-space. It is a frequency domain that can be mapped to the imag
domain by a Fourier transform. As it is often rather time conaming to Il the entire
k-space, parallel acquisition techniques were developedhebretically, the speed up
is equivalent to the number of parallel acquisitions. In orer to create the image, two
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di erent composition strategies are used: Methods workingn spatial domain like
SENSE and methods working in frequency domain, GRAPPA for gtance.

The signal intensity inhomogeneities observed in MR imagese usually smooth
and slowly varying. Thus, they consist of low frequencies bn In literature, these
variations are described by two di erent models, an additig and a multiplicative one,
in general. The selection of an appropriate model is very aligation dependent. As
bias elds have a huge impact on a subsequent processing o titata, a lot of research
has been done in the last two decades. State of the art methds can be split into
prospective and retrospective methods. In clinical envinment, however, retrospec-
tive methods are much more feasible. This class of methodsxdae categorized into
Itering approaches, like HUM, surface tting based method, segmentation-based
approaches, e.g. MFCM, and histogram-based approaches, 198 instance. Most of
these lack either generalizability, precision, and/or rutime e ciency.

In order to decrease the computational costs, we introduceddivide and conquer
based method (DaC). First, the problem domain is split into mall sub-regions. It
is assumed that the bias elds in these small regions can beppximated by a
very simple model. The criteria for optimality is the Shanna entropy. Due to the
simplicity of the local models, the non-linear optimizatio can be done very e ciently
using a gradient descent strategy. Afterwards, a global metis computed from the
local ones using a least-squares t in the conquer phase okthpproach. This model
is used to correct the distorted image.

Salvadoet al. propose a method that estimates a bi-cubic spline model byeit
atively minimizing the image entropy. The method was desigr for the correction
of MR images for atherosclerosis characterization. To furer increase the generaliz-
ability and accuracy of the approach, we presented an exteos that regularizes the
optimization process (LEHR). The regularization is basedrothe distance of the im-
age histogram to a reference one. This reference can eitherdpproximated from the
original histogram or a gold standard histogram can be usedhus, prior knowledge
about the shape of the histograms can be included into the adwtive function.

The evaluation of both methods is done on synthetic images st to show the
principal pros and cons. DaC is used to correct 2-d as well asddmages whereas
LEHR is applied to 2-d data only due to its computational cos. The experiments
show that DaC is superior to all tested methods because of i&hility to estimate
even very complicated bias elds. Regarding LEHR, it turnedbut that the choice of
the reference is a crucial point in the estimation. If the refrence histogram cannot be
approximated very well, the results are rather bad. On the ¢ter hand, if a reliable
approximation is possible, the results are very good. Furém on, DaC is applied to
simulated 3-d head images. The images are a ected by tunalkilthomogeneities and
noise level. The results are compared to several other mettso The only approach
that yielded comparable good results is M4 introduced by L#c et al. If possible
the experiments using real clinical relevant data are evadted using a gold standard
segmentation. If that kind of data is not available then a qubtative evaluation is per-
formed. The results of these experiments expressively umlige the received results
from synthetic data sets. It turned out that DaC corrected al images very reliable
and that it is robust against pathological changes. For insince, the experiments
show that DaC increases the separability of tissue classes3-d TOF MRA images
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by approximately 18.2% whereas state of the art methods ould only achieve 11.6%.
Furthermore, if the bias elds are weak LEHR provides satisittory results. On the

other hand, if the inhomogeneities are rather strong, and tIs the required reference
cannot be approximated very well, the correction quality igow.

Compared to the correction of intensity inhomogeneities,ignal intensity stan-
dardization did not receive the same amount of attention. Heever, especially seg-
mentation approaches su er from a missing standard intertgiscale. In the context of
clinical applications, the intensity mapping that is comptied by the standardization
methods has to be invertible. Moreover, it has to keep the sicture of the his-
tograms o preserve the medical information. For this reasamany state of the art
image processing approaches like histogram equalization tostogram speci cation
are not suitable. The most commonly used approach was pretsh by Nyul et al.
Their method relies on the accurate determination of pre-deed landmarks on the
reference as well as the target histogram. These are then mpag onto each other.
The histogram positions in between are mapped linearly. Thexact determination
of the landmarks is the biggest drawback of the method as thfails in many cases.

To overcome the drawbacks of the state of the art methods,we presented a cou-
ple of methods that are closely related to image registratioapproaches. In order
to increase the performance of a sequent non-rigid alignntesf the histograms, a
1-d histogram matching consisting of an a ne intensity mappng is presented. Due
to two unknowns only, the optimization can be done very e ciatly. The used dis-
tance measure is JD. The standardization results using there@ mapping are rather
weak, but it is very well suited as initialization for more conplex methods as large
intensity transformations are removed. In order to take loal intensity deviations
into account, a non-rigid 1-d histogram matching is introdaed. Its transformation
is non-parametric and it is computed on a per-intensity basi Because of the a ne
pre-alignment, the estimation of the transformation can belone in a very fast man-
ner.

So far, all known methods compute the intensity standardizeon for a single image
at a time. However, usually in MRI more than one sequence isagfor acquisition, a
T1lw and a T2w for instance. We presented the rst method that ses the complete in-
formation jointly for standardization. First, the intensity information of all sequences
is stored in a joint histogram. Thus, the dimensionality of he histogram corresponds
to the number of input images. Next, the joint histograms arenatched. If they are
considered to be images, the intensity standardization pibtem can be mapped to a
non-rigid image registration. The gained non-parametricransformation is used to
alter the intensities in the target images.

A problem of all methods for intensity standardization is adrge FOV. The reason
for this is that the intensity statistics are very complex fo these data sets and the
data sets are often corrupted by severe bias elds. Thus, laldntensity characteristics
are ignored during the standardization process. To improvihe correction of these
data sets, rst we split the data sets into small sub-regionsThen, these sub-regions
are corrected individually. Consequently, there are intesity jumps at the border
between regions. In order to reduce these, a novel distanceasure is introduced that
regularizes the estimation of the transformations by corgering adjacent regions.
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Similar to the evaluation of bias correction methods, the geriments are split
into synthetic ones showing the basic properties of the mailds and experiments on
clinical relevant data. Whenever possible Nyul's method igsed as a reference. In
the synthetic experiments the intensities of real data setare arti cially perturbed.
Then, the perturbed image is standardized to the original da set. We could show
that the proposed non-rigid methods outperform Nyul's metbd in all the experi-
ments. Only if the arti cial perturbation is small then Nyul's method yields better
results in some cases. Moreover, we could illustrate thatttiere are tissue dependent
(not intensity dependent!) intensity variations, the joint intensity standardization
results are much more reasonable than for the independentsea For the experiments
using real clinical data, either images from public availde databases or images ac-
quired in daily clinical routine are used. These experimesitton rm the results gained
from the synthetic data. In most cases the non-rigid alignnm outperforms all other
methods. Especially, using the T1lw images of the public alable IBSR database,
Nyul's method has considerable problems whereas the nogid alignment does a
reliable and robust standardization. Here, Nyul's method éhieved an average inten-
sity overlap of only 70.1% compared to an overlap of about &3% using the proposed
standardization technique.

With the introduction of the 3-d spin echo sequence SPACE, a$t acquisition of
the complete spine is possible. The assessment of anomati¢le spine is an essential
task during the planning phase, due to the severeness of thaerrection procedure of
the scoliotic spine. Because of the pathologic bending ofelspine, the assessment is
an extremely time consuming process as an orthogonal viewr . the spinal column
onto every vertebra is required. However, SPACE images shiog spinal structures
su er from severe intra- as well as inter-scan intensity vaations. Without a proper
correction of these artifacts no fast reliable automatic mrcessing of the images is
achievable. We introduced a system for CAA of anomalies in ¢hspine relying on
CPRs. All necessary steps from the pre-processing of the danhcluding intensity
normalization to the visualization component were preseatl. As the core part of
the framework is based on a segmentation of the spinal cord @cused on this.
The proposed segmentation method is an iterative processn évery iteration the
segmentation is updated by an energy based scheme derivenirirMRF theory. As
some of the used potentials are based on image intensitiedagradients, the pre-
processing has to include a normalization of the data sets.oiFthis, the previously
introduced methods are used. Further, a noise reduction iode that is based on
median Itering. From the segmentation of the spinal cord tle centerline of the
backbone can be approximated. The visualization of the datia done by computing
planes that are orthogonal to the subsequently approximatiecenterline. These planes
are shown to the user.

We evaluated the segmentation results on public availabldimical relevant 3-d
MRI data sets of scoliosis patients. In order to assess theality of the segmentation
we used the angle between automatically computed planes tlugh the vertebra and
planes estimated by medical experts. This results in a meamgular di erence of
less than six degrees. Moreover, we did a qualitative evatign of the method. The
results look very reasonable. The experiments show that trengular deviations of
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the estimated planes through the vertebrae are small enoudgh be applicable in the
clinical environment.

Although most of the normalization results including intersity inhomogeneity cor-
rection and intensity standardization using the proposed ethods are very accurate,
in some cases the normalization fails. Often, the reason fiiis is the changing image
content and thus the appearance of the histogram, additiohaodes for instance. In
order to deal with this more prior knowledge has to be includkinto the optimiza-
tion process. A possible way of doing so is the introductionf @ statistical model
of the intensity inhomogeneities observed for a prede nedoaly region and receiver
coil setup. This could be used to regularize the optimizatio process. Moreover,
the introduction of more than one reference into the standdization process would
positively in uence the results.

In conclusion, we created several methods for a reliable nmalization of MRI data
sets that outperform most state of the art methods. As requested the approaches
are applicable in a real clinical setting due to their geneliaability, computational
complexity, robustness against pathological changes, atiteir precision. These prop-
erties were successfully illustrated in a clinically relewt application that improves
the daily work ow.
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Appendix A

Mathematical Symbols

List of all mathematical symbols in order of appearance in ttext.

M
Bo

"o

X, Yy, and z
x% y9 and z°

FOV,, FOV,

ds

Nro

Npe

Sy

Ky, Ky
Kx,

FT

tac
r

Ky

magnetization of a sample

main magnetic eld

angular velocity corresponding taBg
gyromagnetic constant
coordinates

coordinates in the rotating frame
transversal magnetization
longitudinal relaxation time
spin-spin relaxation time

time

magnetization before excitation
magnetization att

gradient eld

z-component at positionz
X-component at positionx
sinc-fucntion

di erence in angular velocity
phase encoding gradient

echo time

repetition time

parallel magnetization

eld of view

slice thickness

number of samples during readout
number of phase encoding steps
physical size of a voxel
coordinates ink-space

sampling step ink-space

Fourier transform

acquisition time

acceleration factor

spin density
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sensitivity of coil i

signal perceived at coil

number of coils

weighting coe cients of the coils
number of blocks (GRAPPA)
estimated object density

voxel or pixel in image & 2 )
observed image

ideal image

bias eld

noise component

image domain

image dimension

logarithmic version of

neighborhood of pixelx

standard deviation of noise componem
mean/median value of data samples
low pass lter

class centers

fuzzy membership of voxek to classi
number of classes

weighting factor

weighting factor steering the fuzziness
histogram of imageu,v,b, and h
expected value

cardinality of

weights/coe cients

Legendre polynomials

basis function

neutral element

degree of a polynomial

Shannon entropy

probability density function

Gaussian kernel with standard deviation
number of regions

sub-region

regularization term

local bias eld

weighting of a local bias eld

set of local bias eld values of regiom
bias value of regiorr

set of global coordinates of region
set of nodes

single node

number of nodes

spacing between the nodes
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objective function of LEMS

threshold

weight of highpass result in the thinning approach
Gaussian highpass Iter kernel with standard deviation
frequency

objective function of LEHR

scaling factor for the histogram di erence measure
di erence in entropy

di erence of histogram measures

ratio between estimated and ideal bias eld

quality of a correction result

intensity

coe cient of variation

coe cient of joint variation

intensity domain

intensity mapping

intensity shift or intensity deformation

scaling and translation of the a ne model
similarity measure

smoother

variational problem of 1-d histogram matching
function depending on the intensities and the intensity sk
arti cial time component

discrete time step

spacing between intensities

partial di erential operator

discrete version ofA

discrete version of

number of histogram bins

force term

vector describing the discrete version df

identity matrix

number of used levels

current level

number of images for the joint standardization
sets containing then reference and target images
joint histograms of the setsu and v

variational problem of n-d histogram matching
number of partitions

current partition

weight of partition k while standardizing partition |
spline for the correction of an image/,, at |

random number generator with uniform distribution
random number generator with Gaussian distribution
overlap of two relative histograms

amplitude
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percentile

set of percentilesp;

set of landmarks

landmark

mapping of a voxel

factor controlling the magnitude of a mapping

intensity mapping

in uence of neighboring partitions on the standardization
ratio between distances of joint histograms after and befeistan-
dardization

Je rey divergence of joint histograms

minimal number of voxels in a segmented region
segmentation in iterationi

centerline in iteration i

energy function

set of sites

number of sites

discrete label sets

pixel depth

random variable

set of random varaibles

label or state

clique potential

normalization constant of a Gibbs distribution

state of voxelx

energy of state 0 and state 1

normal distribution with mean and standard deviation
Euclidean distance from centerline

average radius of spinal cord/channel

maximal gradient magnitude

threshold

normal to a gold standard and to the estimated plane through
vertebra v

angle between normal vectors

mean angular deviation
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Derivative of the Je rey Divergence

In the following, we deduce the derivative of the JD
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As we use the derivative to compute the Euler di erential egation, only the inner
part has to be di erentiated with respect to .
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The derivative of the

@@Dql( )

Appendix B. Derivative of the Je rey Divergence

rst part of Eq. (B.3):

o ( ))log 2q( () (B.4)

1

qu( () (1

A () S+log 2 ()

+ o ()

The derivative of the second part of Eq. (B.3):
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