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Abstract

A stroke is a medical emergency which requires immediate dragsis and treatment.
For several years, image-based stroke diagnosis has been assistatyuyserfusion
computed tomography (CT) and perfusion magnetic resonance aging (MRI). A
contrast agent bolus is injected and time-resolved imagingt &ypically one frame per
second, is used to measure the contrast agent ow. However, theseotmodalities
are not accessible in the interventional suite where cathetguided stroke treatment
actually takes place. Thus, interventional perfusion imagig, which could lead to
optimized stroke management, is currently not available.

In this thesis, a novel approach is developed that makes intemmtional perfusion
imaging possible. It uses a C-arm angiography system capable of ke imaging
(C-arm CT). This system can acquire projection images during tation around the
object which are then used to reconstruct 3-D data sets. The conmadly low C-arm
rotation speed (typically 3 5 seconds per 200 is the main technical challenge of this
approach.

One of the major contributions of this thesis lies in the devepment and eval-
uation of a novel combined scanning and reconstruction methodit uses several
interleaved scanning sequences to increase the temporal samplof the dynamic
perfusion signals. A dedicated reconstruction scheme is appligxprocess the data
from this protocol. For the rst time, in vivo C-arm CT perfusion studies have been
carried out and the results have been compared to those from deeence perfusion
CT exam. Promising correlation values ranging from 0.63 to ®9were obtained.

An additional contribution was made in the eld of image recostruction theory
by deriving a theoretical model for image reconstruction aifacts due to time-varying
attenuation values. The attenuation values in C-arm CT perfaion imaging vary due
to the contrast agent ow during the long C-arm rotation time. It was shown that
the magnitude of these artifacts can be reduced when using aptzed reconstruction
parameters.

Furthermore, investigations regarding special injection @tocols were carried out
and fundamental image quality measurements were made.

Through the methods developed, the measurements conducteddaresults ob-
tained, this thesis made a number of signi cant and original agributions, both on
a practical and on a theoretical level, to the novel and highlrelevant research eld
of interventional C-arm CT perfusion imaging.



Kurzfassung

Der Schlaganfall ist ein medizinischer Notfall, der eine sofege Diagnose und Ther-
apie erfordert. Seit einigen Jahren werden die Perfusions+@putertomographie
(CT) sowie die Perfusions-Magnetresonanztomographie (MRT) eWJnterstitzung
der bildbasierten Schlaganfalldiagnostik eingesetzt. Dabwiird ein Kontrastmittel-
bolus injiziert und eine zeitaufgeldéste Aufnahme mit typisabrweise einem Bild pro
Sekunde durchgefiihrt, um den Kontrastmittel uss zu messen. Altdings stehen
diese beiden Modalitaten nicht in Angiographieraumen zur Véigung, in denen die
kathetergestutzte Schlaganfalltherapie durchgefiihrt wit. Daher ist interventionelle
Perfusionsbildgebung, welche zu verbesserter Schlaganfdillmedlung fuhren kann,
gegenwartig nicht moglich.

In dieser Arbeit wird ein neuartiger Ansatz entwickelt, der inteventionelle Per-
fusionsbildgebung ermdglicht. Dieser Ansatz verwendet ein C-en-Angiographie-
system, mit dem CT-&hnliche Bildgebung durchgefuhrt werdenann (C-Bogen-CT).
Mit diesem System werden Projektionsbilder wahrend einer Rotan um das Objekt
aufgenommen, aus denen dann 3-D-Datensétze rekonstruiertrden. Die vergleichs-
weise langsame Rotationsgeschwindigkeit des C-Bogens (typeuteise 3 5 Sekunden
pro 200) stellt bei diesem Ansatz die groyte technische Herausforderungrda

Ein Hauptbeitrag dieser Arbeit liegt in der Entwicklung und Evaludion einer
neuartigen, kombinierten Aufnahme- und Rekonstruktionsméide. Dabei werden
mehrere, ineinander verschachtelte Aufnahmesequenzen akigut, um die zeitliche
Abtastung der dynamischen Perfusionssignale zu erhéhen. Die Datererden dann
mit einer angepassten Rekonstruktionsmethode verarbeitet. Auersten Mal wur-
denin vivo C-Bogen-CT-Perfusionsstudien durchgefihrt und deren Ergelsse mit
denen einer Perfusions-CT-Untersuchung verglichen. Dabei sintelversprechende
Korrelationswerte im Bereich von 0.63 bis 0.94 erzielt worde

Ein weiterer Beitrag wurde im Bereich der Bildrekonstruktiostheorie geleistet,
indem ein theoretisches Modell fur Bildrekonstruktionsartetkte durch zeitlich veran-
derliche Schwachungswerte hergeleitet wurde. Die Schwaonhswerte &ndern sich in
der Perfusions-C-Bogen-CT durch den Kontrastmittel uss wahned der langandau-
ernden C-Bogen-Rotation. Es wurde gezeigt, dass sich das Ausnabigser Artefakte
mit optimierten Rekonstruktionsparametern reduzieren lasst.

Dartber hinaus wurden Fragestellungen hinsichtlich besondasgr Injektionspro-
tokolle untersucht und grundlegende Bildqualitatsmessungerucchgefihrt.

Durch die entwickelten Methoden, die durchgeflihrten Messueg und erziel-
ten Ergebnisse leistet diese Arbeit, in theoretischer als auch in gktischer Hin-
sicht, mehrere wesentliche, neue Beitrdge zu dem neuartigenduhochrelevanten
Forschungsgebiet der interventionellen C-Bogen-CT-Perfusisbildgebung.
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Chapter 1

Introduction

1.1 Motivation: Enhancing Stroke Treatment

Nowadays, a signi cant amount of research is conducted to imprewprevention and
treatment of stroke. Often research is concerned with clinitaspects of stroke but
also many research projects in engineering exist that contriteito this topic.

This thesis comes from a technical discipline and aims to nd gadions to a
particular technical challenge in order to enhance strokedatment. For several years,
perfusion imaging is used by physicians for stroke diagnosis arrédatment planning.
The term perfusion refers to the blood ow at the capillary leel. Due to technical
constraints perfusion imaging is, however, not available in ¢hinterventional suite
yet, i.e. the room where certain kinds of stroke treatment aahlly take place.

The motivation of this thesis is to examine the feasibility of prfusion imaging
in the interventional suite. This new application could enhace stroke treatment by
providing additional perfusion information immediately béore or during the treat-
ment. The practical bene ts of this application and the relded technical challenges
will be explained in the following two sections of this introdctory chapter.

1.2 Clinical Background

1.2.1 Stroke Diagnosis and Treatment

According to the world health organization (WHO), stroke is oe of the leading
causes of death worldwide]1]. Estimations show that stroke andhar cerebrovascu-
lar diseases have accounted for 5.6% (low-income countries},2B6 (middle-income
countries) and 9.3% (high-income countries) of deaths in 20(]. The risk of stroke
approximately doubles for each decade of life after the agé b [2]. Thus, with an
increasing life expectancy, the global number of strokes ispected to further increase
in the future. There are two types of stroke.

1. Ischemic strokes, which constitute about 85% of all stroke casasd which will
be the focus in the following explanations, occur if a cerelrartery is blocked
and certain areas of the brain do not receive su cient blood sygy [3].

1
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Figure 1.1: Typical stroke management protocol (adapted fro [6]).
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Figure 1.2: Potential stroke management protocol in the intgentional suite.

2. Hemorrhagic strokes are caused by a ruptured cerebral vess&aing blood to
leak into the brain.

For ischemic stroke there are two main treatment options.

1. During intra-venous (IV) thrombolysis a pharmaceutical isnhjected intra-venously
to dissolve the blocking of the artery(]3].

2. The second therapeutic option is intra-arterial (IA) thergy which requires the
patient to be in the interventional suite where a catheter carbe guided to
the cerebral arteries. Using this catheter, either a pharmacgcal can be ad-
ministered locally near the blocking (IA thrombolysis) or the bocking can be
dissolved mechanically (mechanical thrombolysis), seeé [3] foetdils.

The e ectiveness of IV thrombolysis and IA therapy strongly depnds on the elapsed
time after the onset of stroke. According to[[4], the time winde for considering 1A
therapy is 0 6 hours after onset whereas for IV thrombolysis iis 0 3 hours after
onset. Note, during every minute in which a typical ischemic sti@ is untreated the
average patient loses 1.9 million neuronsl[5]. For comparisaie average number
of neurons in the human forebrain is reported to be 22 billiofg]. Thus, fast stroke
treatment is mandatory.

Figure 1.1 shows a ow chart, adapted from]6], of a typical stiee management
protocol for patients which present to the hospital less than 6durs after onset of
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symptoms. First, a non-contrast-agent-enhanced CT exam is perfned to rule out
intra-cranial hemorrhage which is a contraindication forV thrombolysis or IA ther-
apy. If the onset of symptoms is less than 3 hours ago IV thrombdalg can be per-
formed. Otherwise further diagnosis with CT angiography (CTA)and perfusion CT
(PCT) is necessary to determine the risk-to-bene t-ratio of IA herapy. Equivalent
diagnostic exams could also be conducted using MRI.

Generally, a stroke is characterized by an infarct core whiaan be surrounded by
a region of potentially salvageable tissue known as the penurabWith PCT various
cerebral perfusion parameters can be measured which help tacide if a penumbra
exists that may actually bene t from IA therapy [3]. If the dedsion for IA therapy is
made the patient must be relocated from the CT scanner room to éhinterventional
suite and prepared for IA therapy.

Note, the perfusion scan in the CT scanning room is necessary but sas a delay
before the start of IA therapy [7]. Furthermore, the state of pdusion may change
between the CT perfusion scan and the start of IA therapy.

1.2.2 Bene ts of Interventional Perfusion Imaging

Assuming perfusion imaging directly in the interventional suitewould be possible,
using a modality known as C-arm CT (SectionL31), for examg)| then IA therapy
could be enhanced by providing additional perfusion scans inediately before or
during the intervention. The following potential advantages exist.

1. Re-assessment of perfusion immediately before 1A therapy: As previ-
ously mentioned, the state of perfusion may change between timiial perfusion
scan and the start of IA therapy. Therefore, re-assessment of pesion in the in-
terventional suite immediately before the start of the therap could provide the
physicians with more precise information about the current sta of perfusion.
If necessary, the treatment plans could be adapted.

2. Monitoring of perfusion during IA therapy: With interventional perfu-
sion imaging the treatment success of |IA therapy could be dirdgtdetermined
in the interventional suite during the procedure. This couldsupport therapeu-
tic decisions, e.g. to determine the treatment endpoint, andherefore make 1A
therapy more e ective.

3. Faster start of 1A therapy: In selected cases, when a stroke is suspected

and the stroke onset is estimated to be 3 6 hours ago, the patiemould be
brought directly to the interventional suite. Unenhanced CT &lso denoted as
native CT), CTA and perfusion CT (the latter two if hemorrhage is excluded)
could be acquired in the interventional environment using @rm CT. Here, it
is assumed that the image quality of unenhanced interventioh&T is su cient
to exclude hemorrhage. If the patient would be assessed suitale A therapy
then no relocation would be necessary which would make the oatrwork ow
faster compared to the standard work ow. A ow chart of this woik ow is
shown in Figure[I.2. A recent study has suggested that IA thrombydis may
provide better results in reopening occluded vessels also in th8 hours window
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(a) monoplane system (b) robotic, monoplane system (c) biplane system
(Artis zee ceiling-mounted) (Artis zeego) (Artis zee biplane)

Figure 1.3: Clinical C-arm angiography systems (Siemens AG, &léhcare Sector,
Forchheim, Germany) capable of CT-like imaging (images caesy of Siemens AG).

after onset of symptoms where normally IV thrombolysis is prefieed [8]. Thus,
this work ow may also apply to patients where the onset of strokés estimated
to be less than 3 hours ago.

1.3 Interventional Imaging with C-arm CT

1.3.1 Basics

The main application for an X-ray C-arm angiography system is tprovide real-time,
time-resolved (typically 1 30 frames per second) 2-D imaged the organ of interest
during interventional procedures. Figurd_1]3 shows di erenstate-of-the-art clinical
C-arm angiography systems equipped with at-panel detectorswith the C-arm at
a xed position, X-ray radiation is emitted from the X-ray sourceand recorded using
the detector. The organ of interest is located between the sa#& and the detector
and attenuates the X-ray radiation.

The 2-D images may be used to navigate a catheter inside an astefor example.
Another well-established application is digital subtraction agiography (DSA) where
images acquired after the injection of a contrast agent are @cessed by subtraction
of a mask image of the same region without contrast agent. Thisdenique is used
to evaluate the blood ow in vessels or pathological structureke aneurysms/[9].

This 2-D imaging method provides high temporal resolution ah high spatial
resolution (typically 0.3 0.6 mm pixel side length). Howeversince the images are
projections of the 3-D organ of interest onto a 2-D plane celtadisadvantages arise.

1. 3-D organs with a complex geometry are di cult to interpre using these 2-D
projections only.

2. It is generally not possible to recognize low contrast di ereces between cer-
tain structures of the 3-D organ. As an example, the bleedingsible in the
tomographic image shown in Figure 1.4(b) would not be obvious a projection

image as shown in Figure 1.4(a).
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(a) X-ray projection image (b) reconstructed C-arm CT image

Figure 1.4: (a) X-ray projection image of a human head acquuewith a C-arm
angiography system and (b) transaxial C-arm CT reconstruction siwing a bleed-
ing in the right hemisphere (images courtesy of (a) Dr. T. Struert, Department of
Neuroradiology, University of Erlangen-Nuremberg, Germany antb) Siemens AG).

To overcome these limitations of projections-based 2-D imagnit is possible for
several years to acquire tomographic, CT-like images in thaterventional suite by
using C-arm CT, also known as at-detector CT (FD-CT) or 3D rotational angiogra-
phy (3DRA) [10, [11,12,13]. While the C-arm rotates around th@atient (typically
through 200 ) hundred to several hundreds of 2-D projection images are acged. Us-
ing a cone-beam image reconstruction algorithm, a 3-D volunean be reconstructed
from this data set [14,15].

With C-arm CT, 3-D images of complex-shaped objects like theslart, for example,
can be obtained for pre-procedural treatment planning or tra-cranial bleedings can
be recognized. Depending on the object size, a state-of-th#-@-arm CT system can
resolve objects with a contrast di erence of 510 Houns eld ung (HU) [13]. Thus,
it can signi cantly enhance the functionality of C-arm angigraphy systems during
interventional procedures.

The principle of C-arm CT is closely related to that of convenbnal multi-slice
CT (MSCT), but there are also some di erences. As an example, thénte needed to
acquire one full set of projection data over an angular rangd 800 typically takes
35 s with C-arm CT while it takes only 0.30.5 s per 360 with MSCT. Due to
mechanical constraints and for the sake of patient safety, the-&m rotation speed is
restricted to a certain maximal value. Furthermore, currentC-arm CT systems are
not capable of performing uni-directional, continuous C+an rotations as in MSCT.
Instead, the C-arm can only perform alternating forward and &ckward rotations in
order to sequentially acquire several reconstructed volumes.

Usually analytical image reconstruction algorithms such as Fdtamp-type algo-
rithms [16] are used to reconstruct the large C-arm CT volume d&a sets (typically
ranging from 256 to 512° voxels) [13]. These analytical algorithms assume a station-
ary object of interest during the acquisition of the projectio data. For the human
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heart, for example, this assumption is not valid and sophistical C-arm CT image
reconstruction algorithms have been developed to compensébe the cardiac motion
[14,[18,19].

Recently, quantitative imaging of cerebral blood volume wh C-arm CT has been
introduced [20,[21]. Using a specialized injection and scannipgotocol, two recon-
structed 3-D volumes are acquired before and after a contrasgent bolus injection,
respectively. Cerebral blood volume describes a static parat@eof cerebral perfu-
sion. There are also dynamic perfusion parameters, such as ceatlimiood ow and
mean transit time (Chapter[2). Currently, these parameters aaot be measured
using C-arm CT. The next section will provide a description of te challenges to
measure (dynamic) perfusion parameters with C-arm CT.

1.3.2 Challenges of C-arm CT Perfusion Imaging

In perfusion CT imaging the ow of an injected contrast agent btus is imaged at
short intervals, typically one reconstructed image per secondnd the time-resolved
data is analyzed on a voxel-by-voxel basis to compute variopgrfusion parameters,
see ChaptefR for details.

Thus, perfusion-CT-like imaging could be implemented with Gam CT by ac-
quiring reconstructed images using alternating forward anddekward C-arm rota-
tions after a contrast agent bolus injection. However, therera two major challenges
with respect to this approach which will be discussed next. Bothfdhese challenges
are related to the comparably long acquisition time for a comgte set of projections
which is about one order of magnitude greater in C-arm CT congped to MSCT.

1. Due to the longer sample period in C-arm CT which is typically 3 5 seconds
rotation time plus 1 second wait time between two rotations inalternating
direction temporal undersampling of the dynamic contrast agent ow can
occur which in the following image analysis can lead to incact perfusion
values.

2. In PCT the acquisition time for one set of projection data is suciently short
such that the (intentional) change of attenuation values dudo the contrast
agent ow in the organ of interest can be assumed to be constant dag this
interval. However, in perfusion C-arm CT this assumption is not jppropriate
due to the longer acquisition times and image reconstructiornrt#acts can arise.
These artifacts can also cause incorrect perfusion values.

1.4 Scope and Original Contributions of this The-
sis

This thesis covers several topics from the eld of medical imagprocessing that are
practically relevant for C-arm CT perfusion imaging. Generigy, the two main steps in
C-arm CT perfusion imaging from an image processing point of vew are image
reconstruction of a dynamic object due to contrast agent ow ath image analysis of
the reconstructed data.
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Both of these steps were addressed in this thesis and, additiogalalgorithms
for the analysis of contrast agent bolus injection protocols eve developed and fun-
damental image quality measurements (measurement of iodinencentration) were
carried out. Furthermore, a software program was implementeas part of the work
on this thesis to investigate a complete C-arm CT perfusion imawg work ow under
realistic conditions.

The original contributions of this thesis are summarized belo along with the corre-
sponding publications.

1. Novel Scanning Protocol and Reconstruction Approach: In order to
compensate the low temporal sampling of the reconstructed CrarCT data
(Section[1.3.2) an interleaved scanning (IS) protocol was wdoped. In com-
bination with a specialized reconstruction approach, denadeas partial recon-
struction interpolation (PRI), also the artifacts due to data inconsistencies can
be reduced. This novel combined approach (IS-PRI) was invegated using
numerical simulations andin vivo C-arm CT data from a pre-clinical study.
Methods and results were also presented in journal articles aadl conferences
which were focused on technical applications, seel[2Z] 23], aslishical appli-
cations, seel[24, 25], respectively. Furthermore, results frgohysical phantom
measurements were published i [26] but are not presented inghhesis.

2. Novel Model for Reconstruction Artifacts: Image reconstruction artifacts
arise if the X-ray attenuation values vary during the acquisitn of the projection
data. This topic is of particular concern in perfusion C-arm @ imaging due to
the intentional contrast agent ow and the low scanning speedfcSectionL.3.P.
A novel mathematical model based on the concept of derivatiwgeighted point
spread functions was developed in order to better understanhis kind of recon-
struction artifact. Using this model, the impact of this reconstuction artifact
and suitable reduction strategies can be investigated. Methednd results were
also presented in a journal article’[27] and at a conference]]28

3. Review of Perfusion Image Analysis: Diagnostic CT and MR brain per-
fusion imaging is available for several years already and webtablished image
analysis methods exist. A review of both the theoretical modaind the practi-
cal implementation of these methods was carried out. A partitar novel aspect
of this review was to outline the simpli cations of the model hat is necessary
in order to apply it to real data. This review has been publishe as a journal

article [29].

4. Novel Approach for Contrast Agent Bolus Measurement: Since perfu-
sion C-arm CT imaging is conducted in the interventional suitealternative I1A
contrast agent bolus injection strategies compared to a comi@nal IV injection
could be applied. In order to investigate these alternative jaction protocols,
a novel approach to segment the carotid arteries and to measut®& contrast
agent bolus distribution has been developed. The segmentatidechnique is
based on a suitable weighting of a temporal maximum intensity pfection of a
DSA sequence. This approach has also been presented at a confex¢30].
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(Chapter 5)
Novel algorithm
to investigate new kinds
of injection protocols

(Chapter 6, Section 6.2) A program that implements
image reconstruction and image analysis algorithms

(Chapter 4) Novel (Chapter 2)
(Chapter 6, 4 combined scanning Review of the model
Section 6.1) o .. protocol and recon- and algorithms for
Iodine Injection struction approach perfusion image analysis
concentration H %Y ‘
measurement -~
with C-arm CT . . .
Scanning I%F#j> Reconstruction E":’E> Image analysis

Image acquisition (Chapter 3) Novel model

for reconstruction artifacts
due to time-varying
attenuation values

Figure 1.5: Graphical overview of the chapters of this thesend how they are related
to the work ow of C-arm CT perfusion imaging.

5. Measurement of C-arm CT Image Quality: An underlying assumption
in CT perfusion imaging is that the measured X-ray attenuation &lues are
proportional to the local contrast agent concentrations. Mesurements with a
physical phantom were carried out to verify this assumption foa clinical C-arm
CT system. These measurements were also presented at a confere8&E [

In summary, the results of this thesis were published in four jounal articles [23,
25,[27,29] and were presented at ve conferencésl[22, (24, 28/3l].

1.5 Organization of this Thesis

In this section, the organization of this thesis will be explaied in order to provide a
better orientation for the reader. A graphical overview of he chapters of this thesis
and how they are related to the C-arm CT perfusion imaging workw is provided in
Figure[I.5. The depicted perfusion imaging work ow consists tfie image acquisition
(injection and scanning), image reconstruction and image alysis steps. Note, the
rst chapter (Introduction) and the last chapter (Summary and Conclusion) are not
displayed in this gure. Furthermore, a short description of eeh chapter will be given
next.

Chapter 17 Introduction

This chapter introduces the reader to the necessary clinicahd technical background
of this thesis. In particular, the bene ts of interventional perfusion imaging and the
related technical challenges are discussed. An overview of these and the original
contributions as well as the organization of this thesis is psented.
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Chapter 27 Review of Image Analysis for Brain Perfusion Meas urement

In this chapter, a review of existing work on image analysis teniques for CT and MR

brain perfusion data is provided. Since CT and MR brain perfusn is available for

several years, well-established image analysis techniques exigtese techniques are
used to process the C-arm CT data obtained using the novel reconsttion methods

described in Chaptei’#. They are also implemented in the softwauprogram that is

described in Section 612.

Chapter 31 A Model for Filtered Backprojection Reconstruct ion Arti-
facts due to Time-Varying Attenuation Values

The intention of this theoretically oriented chapter is to povide a detailed under-
standing of Itered backprojection reconstruction artifacs when the attenuation val-
ues vary during the data acquisition. A short summary of FBP imag reconstruction
is given and a novel spatio-temporal model is derived. This rdel is used to ana-
lyze artifact reduction techniques. Measurements using C-ar@T were compared to
predictions of the artifact model.

Chapter 47 C-arm CT Perfusion Imaging Using Interleaved Sca nning
and Partial Reconstruction Interpolation

This chapter presents the main practical contribution of ths thesis which is a novel
approach for C-arm CT perfusion imaging. This approach is a oined scanning
protocol and reconstruction technique that increases tempalrsampling of the recon-
structed data. It also provides a mean to reduce the reconstruoh artifacts that
were described in Chaptef]3. The approach is described in détand is evaluated
using numerical simulations andn vivo data.

Chapter 571 Evaluation of Contrast Agent Bolus Injection at t he Aortic
Arch: Automatic Measurement of Bolus Distribution

In this chapter, methods and results of a novel approach to meare the contrast agent
bolus distribution in the carotid arteries using 2-D DSA are pesented. In the pre-
clinical studies presented in Chaptef]4 the contrast bolus wasjected at the aortic
arch. To verify that equal amounts of contrast agent ow into loth carotid arteries,
this automated segmentation and image analysis method was aatly developed.
The method is evaluated using real data from a clinical C-armn@iography system.

Chapter @7 Practical Aspects Regarding C-arm CT Perfusion | maging

This chapter covers two aspects that have been identi ed to bpractically relevant
when CT-like perfusion imaging is to be implemented using C+ar CT.

1. The rst part of this chapter addresses fundamental C-arm CTmage quality
measurements. In order to investigate the feasibility of C-arm Tfor perfu-
sion imaging, the linearity of contrast agent concentration @d measured X-ray
attenuation was veri ed. The measurements were performed ung the same
C-arm CT system as for acquiring than vivo data in Chapter[4.
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2. As part of this thesis, a software program was developed to ingohent a com-
plete perfusion imaging work ow with C-arm CT. In the second p# of this
chapter, this program is described and an overview of the cesponding work-
ow is given. The program implements the algorithms from Chpters[2 and(4.

Chapter 1] Summary and Outlook

This chapter summarized the work presented in this thesis, pralkes general conclu-
sions, and gives an outlook for future work.



Chapter 2

Review of Image Analysis for
Brain Perfusion Measurement

Overview:
In this chapter, a review of the theory and the practical impmentation of image
analysis algorithms for CT and MR brain perfusion measuremens iprovided. It fo-
cuses on deconvolution-based image analysis algorithms whach the most commonly
applied algorithms for this purpose. In particular, the decovolution methods that
utilize the regularized singular value decomposition are degmed. First, a detailed ex-
planation of the underlying physiological model will be proded (Section2Z.2). Then
the practical implementations are described (Sectidn 2.3)d relevant pre-processing
steps are explained (Section 2.4).

The algorithms presented in this chapter will be used to analgzthe C-arm CT
perfusion data reconstructed with the methods described in Chter @ and they are
implemented in the software program described in Chaptér6.2.

This chapter is based on Deconvolution-based CT and MR braingrfusion measure-
ment: theoretical model revisited and practical implementigon details , by A. Fiesel-
mann, M. Kowarschik, A. Ganguly, J. Hornegger, and R. Fahriglnternational Jour-
nal of Biomedical Imaging vol. 2011, article ID 467563, 20 pages [29].

11



12 Chapter 2. Review of Image Analysis for Brain Perfusion Measuremt

2.1 Introduction

CT and MR brain perfusion imaging is commonly used for image-bad stroke di-
agnosis. It is conducted by injecting a contrast agent bolus iata vein followed by
repeated scanning of the brain. Typically, one reconstructesnage per second is
obtained over an interval of about 40 50 s[[3]. A dierent apgication for perfu-
sion imaging is to evaluate the blood ow in tumors, for examplewhich also uses a
contrast agent bolus injection and repeated scanning [32].

A time-concentration curve (TCC) can be extracted at each vl position of this
time-resolved data set. This TCC describes the change of cordétaagent concentra-
tion over time after the contrast agent bolus injection. Vamus perfusion parameters
can be computed from each TCC. Thus, a parameter map can be oisted that pro-
vides information about the local state of tissue perfusion at dirent voxel positions.

As an example, FiguréZ]1 shows common parameter maps based onaanperfu-
sion CT exam (Somatom De nition AS+, Siemens AG, Healthcare Séar, Forchheim,
Germany) of a 69-year-old male stroke patient. The patient gsented to the hospital
with an acute high grade hemiparesis on the right side. A CT anggraphy scan
indicated an occlusion of the left middle cerebral artery. Té time-to-peak (TTP)
image shows a large lesion that illustrates the maximum involddissue. In addition,
the cerebral blood ow (CBF), cerebral blood volume (CBV), anl mean transit time
(MTT) images exhibit perfusion de cits in a smaller brain terrtory.

These perfusion parameters will be explained in Sectiogn R.2h&re a detailed
derivation of the underlying model of the tissue perfusion wilbe presented.

2.2 Theoretical Model

In this section, the theoretical physiological model of tissuegpfusion for intravascular
tracer systems will be introduced and the derivation of a decwalution-based mathe-
matical approach for the estimation of diagnostically impomnt perfusion parameters
will be presented.

2.2.1 Model of the Microcirculation at the Tissue Level

For computing the tissue perfusion, a physiological model of tHdood supply to the
tissue is assumed. Figure—2.2 shows this model that consists of a waduof interest
Vi covering the organ-speci c parenchyma, the interstitial spag as well as the
capillary bed. The volumes of the parenchyma and the interstal space are denoted
by V.., While the volume of the capillary bed is referred to ag.,,. The entire volume
of interest Vioi = V.4 [V cap Shall be supplied with blood by a single arterial inlet
and correspondingly drained by a single venous outlet. In geag it may have a
di erent shape than the cuboid shown in Figurd—Z]2. A blood celtan take various
paths through the capillary bed. The transit timet it needs to pass through the
capillary bed depends on the chosen path. A stationary probadity density function
heap(t) Of transit times is assumed.
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(c) MTT map in's (d) TTP mapin s

Figure 2.1: CT perfusion parameter maps of cerebral blood o{CBF), cerebral
blood volume (CBV), mean transit time (MTT), and time-to-peak (TTP). The is-
chemic stroke lesion is marked with arrows (images courtesy ofr.DI. Stru ert,

Department of Neuroradiology, University of Erlangen-Nurembey, Germany).
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cvoi(t)

c. (0 o .0

arterial inlet venous outlet

volume of interest = volume of parenchyma and
interstitial space and volume of capillary bed

Figure 2.2: Physiological model of the tissue perfusion. A bloo@ltcan take several
paths through the capillary bed. The variables are de ned ifmable [Z1.
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Figure 2.3: Examples of the time-concentration curves (TCCg. (1), Cuwi(t), and
Ceen(t) given in arbitrary units (a.u.). The right gure (b) represents a zoomed view
of the left gure (a) with a rescaled ordinate.

Once a contrast agent bolus has been injected, it enters thelwme V,, under
consideration via the arterial inlet and is then diluted intothe capillary bed. The
local contrast agent concentrationg,y (t) and c.en(t) are measured directly adjacent
to the capillary bed on the arterial and venous sides, respeatly. Furthermore, the
average contrast agent concentration,; (t) within the volume of interest can also be
measured. In perfusion CT an iodinated contrast agent is used, efeas in perfusion
MRI the measured signal di erence is created by a paramagnetiontrast agent based
on gadolinium (Gd). The contrast agent concentration is de Bd as mass of iodinated
contrast agent per volume (unit: g/ml) or amount of Gd-based acatrast agent per
volume (unit: mol/ml), respectively [33]. For the following analysis, the contrast
agent concentration is assumed to be measured as mass per voluwtech can easily
be related to amount per volume.

Figure [Z3 illustrates TCCscyt(t), Cri(t), and cen(t) that may be measured in
brain tissue, for example. For the sake of simplicity, the maximmu contrast agent
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concentration has been normalized to one. Note, the (averggenhancement within
the volume of interest is commonly more than an order of magnitle below the
enhancements of the feeding artery and the draining vein.

An additional, important assumption is that the contrast agent emains in the
intravascular space. For our case of cerebral perfusion, it shduherefore not cross
the blood-brain barrier (BBB). As a consequence, this meansdhall contrast agent
entering from the arterial inlet will eventually leave the wlume of interest at the
venous outlet. A breakdown of the BBB may occur in tumor patiets, in stroke
patients, and in patients that su er from in ammations or infections, for example.
In these cases, the methods presented in this chapter may leadrt@gcurate perfusion
estimates and particularly to an overestimation of the blood Mume [34,35]. Note,
there exist other modeling approaches which do not assume thdtet contrast agent
remains in the intravascular space. These models can be used faasuring tumor
perfusion, for example[[32, 33, 36].

Finally, it is supposed that the contrast agent mixes perfectlyvith the blood and
that the physical properties of the blood (its ow behavior, h particular) are not
in uenced by the contrast agent.

In fact, only knowledge of the functions, (t) and ¢, (t) is needed to compute the
blood ow within the volume under consideration. In practice the function cy(t)
also known as the arterial input function (AIF) is not measure d directly at
the respective volume of interest, but in a larger feeding antg in order to achieve a
reasonable signal-to-noise ratio (SNR) (see Section 213.1).

As a rst diagnostically relevant perfusion parameter, the meartransit time
(MTT) of the volume under consideration is de ned as the rst manent of the prob-
ability density function hca(t) of the transit times; i.e.,

z 1
MTT = heap( )d (2.1)
0

considering thathcap(t) = 0 8t < 0. Furthermore, the residue (or residual) function
r(t) cf. [37]] represents an intermediate quantity of interest a nd is de ned as

8 R
<1 (hep()d fort 0,

= 0 fort< 0. (2.2)

The (dimension-less) residue function thus quanti es the relate amount of con-
trast agent that is still inside the volumeV,,; of interest at time t after an (idealized)
delta-shaped contrast agent bolus has entered the volume attlarterial inlet at time
t =0;i.e., c(t) = (t). Due to the various transit times within the capillary bed, the
contrast agent will not leave the volume instantaneously, butrgdually over time. In
particular, this means that the residue function decreases mnuously from r(0) = 1
to 0. Figure[Z34 shows typical examples of a probability dengitfunction heap(t) of
transit times as well as the corresponding residue functiar{t). In this example, the
PDF hcap(t) is modeled by a gamma PDF[38].



16 Chapter 2. Review of Image Analysis for Brain Perfusion Measuremt

Variable Unit | Description

Vyoi ml total volume under consideration

Veap ml volume of the capillary bed within the volumeV,;

Vioi ml volume V,,; without the volume of the capillary bed,
Vioi = Vi N Vcap

VoI g/ml | mean density of the volumeV,;
voi g/ml | mean density of the volumeV,,,

Me-voi (t) g total mass of contrast agent in volumeV,;

Mevoisin(t) | 0 in- own accumulated mass of contrast agent inv,; at time t

Mevoiout (1) | out- own accumulated mass of contrast agent fronV,; at time t

Cart (1) g/ml | local contrast agent concentration at the arterial inlet,
Cart () = (j’l—(}‘J o measured at the arterial inlet

Cen(t) g/ml | local contrast agent concentration at the venous outlet,
Cren(t) = O‘I’J—\”,‘J o measured at the venous outlet

Cvoi (1) g/ml | average contrast agent concentration in the total volum#,,;,
Cvoi (t) = Meuvoi (1) =jVioi]

Ceap(t) g/ml | average contrast agent concentration in the capillary bed,
Ccap(t) = Mcyoi (t) :jvcapj

Cyoi (1) g/ml | average contrast agent concentration corresponding ¥9,;,
Cuoi (1) = Meyvoi () =jVyeil

F ml/s | volume ow at the arterial inlet and at the venous outlet

Neap(t) 1/s probability density function of the transit times

Table 2.1: Summary of parameters used to derive the indicatalilution theory and
to de ne clinically relevant tissue perfusion quantities.

012345678 091011 0123456 7 8 91011

t[s] t[s]
(a) PDF hegp(t) of transit times (b) residue function r(t)

Figure 2.4: Examples of the probability density function (PDF)hcap(t) of transit
times (the mean transit time is 4 s) and the corresponding residdanction r(t).
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2.2.2 Derivation of the Indicator-Dilution Theory

Using the parameters de ned in Tablé—Z]1, the accumulated massefscontrast agent
that have entered and left the volume of interest during the tnhe interval [0 t],
denoted asmc.yoi:in (t) @and me.oi-out (t), respectively, can be expressed as

z t

mc;voi;in(t) =F Cart( )d ; (2-3)
v

mc;voi;out(t) =F o Cven( )d : (2-4)

The volume ow F (unit: ml/s) is assumed to be constant over time. The contrast
agent concentrationscy (t) and ceen(t) at the arterial inlet and the venous outlet,
respectively, are time-dependent functions which are assuméal be O fort < O.
These functions primarily depend on the parameters of the ctmast agent injection
and the patient's cardiac cycle.

The massmc..i(t) of a contrast agent within the volume of interest at timet can
be computed using the principle of conservation of mass as

Zy
Mevoi (1) = Meyoisin(t)  Mewvoizout (1) = F 0 (Cat( ) Cren( ) d : (2.5)

The contrast agent concentrationc,n(t) at the venous outlet can be computed
from the contrast agent concentratiorc, (t) at the arterial inlet by convolving it with
the probability density function hc,p(t). One therefore obtains

Z.,
Cren(t) = L Cart ( )hcap(t )d - (2.6)

Note, throughout this chapter, all integrals with in nite integration endpoints
shall be interpreted as the limit of the integral when the respeive endpoint ap-
proaches1l . Using Equation (Z®), Equation [Z5) can be rewritten, by applyng
the Dirac delta function (t), as

Z, Z,., Z,,
mc;voi(t) =F 0 1 Cart( ) ( )d 1 Cart( )hcap( )d d: (2-7)

Changing the order of integration and re-arranging this ecation leads to

Z 41 Z
mc;voi(t) =F 1 Cart( ) 0 ( ( ) hcap( ))d d: (28)
By applying the substitution °= , one obtains
Z, z

SO Ml DA = (9 he(Nd =Rt ) @9)

For the last step it is useful to recall that, fort 0, it holds
VA t VA t
(=1 hep()d = (() heap()d : (2.10)
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and that heap(t) = 0 for t < 0. Equation (Z8) thus eventually reads

Z.,
Mevoi(t) = F L Cart () r(t )d - (2.11)

The cerebral blood ow (CBF) is introduced as the blood volure ow normalized by
the mass of the voluméV,;,

CBF= -~ . (2.12)

JVvoiJ voi
Here,jV..i] denotes the absolute value of the volumé,,;. The normal value for CBF
in humans is between 50 and 60 ml/100g/min for grey matter [39 Inserting this
de nition into Equation (ZII) yields
Z,,

Me;voi (1) =CBF 1 Cat()r(t  )d : (2.13)

vaoij

According to Table[Z1, the contrast agent concentratiort,,; (t) within the volume
Vyoi Of interest is de ned as

Mevoi (t)
i(t)y= —>——; 2.14
Cvoi (1) Vo] ( )
which nally leads to the following formulation of the indicator-dilution theory,
Z .,
Cvoi(t) = CBF  voi ) Cart () r(t )d
=CBF o (Cat +1)(1); (2.15)

where + denotes the convolution operator as usual, see alsol[34, 40]. Atermative
derivation of the same mathematical result is presented i [33] historical overview
of the development of the indicator-dilution theory with numerous references to math-
ematical aspects can be found in_[41]. Note, the solution of Equat (ZI3) with
respect to CBF and other clinically important perfusion parameters will be discussed
in Section[Z.Z2.8.

From a physiological point of view, it would be more meaningfio normalize CBF
by the mass of the volumé/, ;. This volumeV,; contains the mass of the parenchyma
(and the interstitium) only. In that case, CBF would be a local neasure for the blood
volume ow per mass of parenchyma (and interstitium) that actally requires blood
supply for oxygen and nutrient delivery. In Equation [ZIR), lowever, the volume
Vioi also contains the mass of the blood- lled capillary bed itselfAnother aspect to
consider is that the mean density ,; of the volume, which in uences the CBF value,
actually depends on the (varying) mass of the contrast agent ithe capillary bed.
The alternative de nition of CBF,

CBF = . (2.16)

vaoiJ Voi
would then lead to a corresponding alternative formulation fothe indicator-dilution
theory,

Cloi (t) = CBF voi (Q:lrt + r)(t) : (2-17)
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From a practical perspective, however, it is more convenietd use the de nition of
CBF given by Equation (Z12), see Section Z.3.1.

The derivation of the indicator-dilution theory in this section was focused on brain
perfusion imaging. This theoretical model can be used in strokatients if the BBB
is intact cf. Section 22217 but it is not suited for semi-perm eable tumors, for
example. With slight adaptations, this theoretical model caralso be applied in other
applications of perfusion imaging such as pulmonary perfusiomaging. See[[42] for
detailed discussions. A discussion of models in hepatic and renaffpsion imaging
is given in [43] and[[44], respectively.

In the context of perfusion measurement, the term recirculatn refers to the
physiological phenomenon that, due to the patient's cardiaactivity, the contrast
agent passes through the volume under consideration multiplartes. It can easily be
shown, however, that there is no need to correct for recircdlan when deconvolution
methods are applied to determine perfusion parametefs [45].

2.2.3 Computation of Perfusion Parameters Using Deconvo-
lution

In Equation (Z13), the variablesc, (t) and c,.i(t) can be measured and have known
values whereas the values of CBK(t), and ., are unknown. In order to compute
CBF as well as other diagnostically relevant tissue perfusion ganeters, rst an
intermediate quantity of interest is introduced, the ow-scded residue functionk(t),

K(t)=CBF i r(t); (2.18)

which is given in units of 1/s and can be determined directlyém the measured data
Cart (t) and ci(t). Using Equation (Z18), Equation [ZIb) can be written as

Cuoi () = (Cart + K)(1) : (2.19)

Hence, k(t) can be obtained from the measured data,(t) and c,;(t) using a de-
convolution method. Since a fundamental property of the rediie function r(t) is
r(0) = mzt:lx(r(t)) =1, one may then determine CBF as

CBF = 1 mtax(k(t)) : (2.20)

voi

Using mta>(k(t)) instead of k(0) has particular practical advantages that will be dis-
cussed in detail in Sectiof Z.311.

The ow-scaled residue functionk(t) can further be used to determine the MTT
parameter of the tissue volume under consideration. From Equat (Z2), it follows
that, for t > 0, the following holds:

dr(t) _

g = Dean(t) : (2.21)
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Equation (Z1) can thus be rewritten, and then using integratin by parts and Equa-
tion (ZI8) and Equation (ZZD), one obtains

z
wrr= 0 g
0 d
7 !
= ' r(¢ )d im r()
0 11 0
Zl
= r(¢ )d
1 21
= k( )d : (2.22)

mtax(k(t)) 0

Note, it was assumed that there is a constant > 0 such thatr(t) =0 for t>T .
This assumption ensures that

Iim r() =lm r(). =0: (2.23)
11 0 11

The cerebral blood volume (CBV) corresponding to the tissue vatoe V., repre-
sents another diagnostically relevant perfusion parameter dris de ned as

Veapl

CBV = -
voi JVvoiJ

(2.24)

It quanti es the blood volume normalized by the mass oW,, and is typically mea-
sured in units of mI/100g. The quantity CBV can be computed fran the parameters
CBF and MTT using the central volume theorem|[[35,-40], accordg to which

CBV
MTT

CBF = (2.25)
holds for the perfused volume of interest. Interestingly, thitheorem has been rec-
ognized for a long time and is already found in a historical puibation from 1893
[4€]. It states that the perfusion parameters CBV and CBF corisponding to the
volume V,,; of interest are related by the respective temporal parameter M that
guanti es the mean time that a blood cell needs to pass throughs capillary bed.
With Equation (2220) and Equation (Z22), it follows from Equaion (Z2Z3) that

1 z

voi

CBV=MTT CBF=

01 k()d ; (2.26)

which demonstrates that the CBV parameter can be derived fronthe ow-scaled
residue function k(t) as well. A healthy human brain exhibits a CBV of about
4 ml/100g for grey matter and a CBV of about 2 ml/100g for whitematter [39].
Note, the de nition of CBV that corresponds to the alternative de nition of CBF
in Equation (Z18) is
jvcapj .

CBvV = -
VOi JVvoiJ

(2.27)
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Figure 2.5: Perfusion parameters that are measured directlysing the time-
concentration curve. See Section Z2.2.4 and Sectibn 213.1 &xplanations (BAT:
bolus arrival time, TTP: time-to-peak, FM: rst moment, AUC: ar ea under curve).

Accordingly, this alternative de nition relates the blood volume to the mass of the
parenchyma (and the interstitium) only and explicitly omits the mass of the capillary
bed itself.

Furthermore, there are references in the literature that sugest measuring the
blood volume in units of ml/ml. This alternative dimensionless quantity may there-
fore be considered as a measure of blood (or vascular) volumefian. When relating
the absolute volumejV,,j of the capillary bed to the entire absolute volumgV,ij
of interest, a typical average ratio of about 4% will result fothe human brain. The
reader is referred to[[47] for both technical and clinical dails.

2.2.4 Additional Perfusion Parameters

Besides the aforementioned quantities CBV, CBF, and MTT, thex are additional
perfusion parameters such as the time-to-peak (TTP) of the TCCthe maximum
contrast agent concentrationcnax, as well as the rst moment (FM) of the TCC, for
example. The rst moment can be computed by projecting the ceroid of the area
under the curve (AUC) of the TCC onto the time axis.

Figure[Z.3 illustrates the quantitiescnhax, TTP, and FM. The remaining parameter
bolus arrival time (BAT) will be explained in Section[Z.3.1. In practical measure-
ments, the time pointt = O represents the start of the scanning. A comparison
of several perfusion parameters and their clinical impact orhé treatment of stroke
patients is given in [48].

In summary, Table[Z2 covers the de nitions of the most commoniagnostically
relevant perfusion parameters. Note, this chapter has focused deconvolution-based
methods to determine perfusion parameters. There exist also ra@tonvolution-based
methods to compute CBF, CBV and MTT. The reader is referred td29] for the
nondeconvolution-based de nitions of these parameters.
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Parameter | De nition

R1

CBV (1= vwi) o k()d

CBF | (1= ) max(k(t)

MTT & k()d = max(k(t)
TTP arg tmax(q,c,i (1)

FM () d /¢ Ga()d

Table 2.2: Summary of perfusion parameters de nitions.

2.3 Practical Implementation

This section is devoted to the practical implementation of glorithms for perfusion
image analysis. First, the necessary adaptations of the theoreti model from Sec-
tion that are needed for its application to data from realCT and MR scanners
will be discussed. Afterwards, commonly used algebraic deconwan methods will

be described and also an overview of alternative approachedl Wwe given. The need
for suitable regularization will be motivated and the in uerce of the regularization
parameter on the resulting perfusion estimates will be discussedror the sake of
completeness, also techniques for the pre-processing of the aegliperfusion data
will be addressed.

2.3.1 Adaptations of the Model of the Microcirculation

In Section[Z.Z1, a model of microcirculation at the tissue lelwas presented. It was
assumed that the average contrast agent concentratiogy.(t) could be measured,
which corresponds to a volum#,,; under consideration that is supplied by one single
capillary bed only. Furthermore, it was supposed that the comast agent concen-
tration cu(t) could be measured locally at the arterial inlet into the caplary bed.
However, real CT and MR scanners are characterized by limitedapal (and contrast)
resolution and, in reality, one cannot rely on these two aforeemtioned assumptions.
Thus two major adaptations of the physiological model will béentroduced which are
necessary once it is to be applied to data from real scanners.

First, during a standard CT and MR perfusion exam, a volume of irgrest is
scanned and the data is reconstructed on a grid of regularly sgatvoxels. In the
object domain, each voxel volumé&/,ox (Vvox] JV wi]) contains numerous capillary
beds as well as arterioles and venules that supply and drainegbe capillary beds,
respectively. For the particular case when the volum&,, is located completely
within a larger artery or vein, there are of course no capillgrbeds located within
Vvox-

The measured signal (X-ray attenuation or MR relaxation rate)n a voxel is thus
a combination of the signals from both the capillary beds as Wes the arterial and
venous vessels [49]. The perfusion parameters that are complifeom the voxel's
TCC are therefore not true parameters of the capillary perfsion. If no larger artery
or vein is located inside the volume/,., the model introduced in Sectioi Z.Z]1 may
be adapted as follows: the measured time-concentration cureg,(t) refers to the
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average perfusion from the arterioles through the capillarigeds to the venules found
iN Vyoy.

The second adaptation of the model concerns the measurementogf (t). In
reality, it is not possible to locally measure the concentratio at the arterial inlet
into the volume V,. Instead, it is common practice that a global arterial input
function is chosen in a large arterial vessel. In brain perfusiomaging, for example,
the anterior cerebral artery is often selected [50].

This approach leads to a traveling time of the contrast agentdius from where
the AIF is measured to the location of the tissue volume wherg,,(t) is measured.
This traveling time will be referred to as bolus delay. Anothephysical e ect that
needs to be taken into consideration is bolus dispersion|[51f.appears as a widening
of the shape of the bolus that is caused during the ow from the neote AIF location
to the measurement site ot (t).

The bolus delay has two implications. The curve,(t) does not start to rise at
the same time point ascy (t) starts to rise. The di erence between these two time
points can be de ned as the bolus arrival time (BAT), which mg be considered as
an additional perfusion parameter([52]. Alternatively, the BT can be de ned as the
time interval between the start of the scanning and the time whe ¢, (t) begins to
rise, see FiguréZ]5. The results obtained with this alternatevde nition di er from
the results obtained with the rst de nition by a constant value only.

Second, the ow-scaled residue functiok(t) is equal to O fromt = 0 to t = BAT.
In addition, due to the bolus dispersion,k(t) will not rise instantaneously to its
maximum at t = BAT, but it will have a nite rise time. The time-to-maximum
(TMAX) of the ow-scaled residue function, de ned as

TMAX = arg max (k(t)) ; (2.28)

has also been suggested as an additional perfusion parameter, [58]. Since the
function k(t) can be 0 att = 0 (due to bolus delay), it is reasonable and recommended
to estimate CBF as the maximum ofk(t) cf. Equation (2[20)] and not as the
value ofk(t) at time t = 0.

Bolus delay and dispersion may lead to an underestimation of CBJ51]. In
order to correct for bolus delay and dispersion several methotlave been proposed
[55,56]. The use of local arterial input functions could alseduce the e ect of bolus
dispersion, see SectionZ.4.6. On the other hand, new perfusicargmeters (BAT,
TMAX) are motivated by these two e ects and can be de ned accordigly. They
represent perfusion characteristics related to the ow of theantrast agent bolus
from the selected feeding artery to the respective tissue site.

2.3.2 Deconvolution Using Algebraic Methods

In this section, the robust numerical solution of the main equa&bn of the indicator-
dilution theory Equation (2[I9)] by means of algebraic deco nvolution methods
will be discussed. An overview of further deconvolution methodsill then be given
in Section[Z.3.B. The discretization of Equation{Z.19) will & introduced and it will
be shown that its solution without regularization leads to nophysiological results.
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Figure 2.6: Examples of measured time-attenuation curves iregusion CT in (a) an
arterial vessel and (b) in tissue. The time curves have been presgessed by baseline
subtraction and removal of the baseline time frames. The exangptlata is measured
at N = 35 discrete time points.

Suitable regularization approaches will be explained and ativated by a singular-
value-decomposition-based analysis. To illustrate the matherieal concepts, exam-
ples will be provided using the time-attenuation curves (TAG 5« and o shown in
Figure[Z8 that were extracted from a real perfusion CT scan.

It is assumed that the measured TACs can be converted to time-coentration
curves using a constant of proportionality of 1 g/ml/HU. Detailsabout the conversion,
also discussing perfusion MRI data, will be explained in SectidnZ24.

In practice, the TCCsc,y (t) and ¢ (t) are sampled at discrete time points. These
time points are denoted as; = (] 1) twithj =1;:::;N. A typical value of the
sampling period tis 1 s, for example. Equation[{Z.19) can be discretized as

Zq A
Cvoi (tj) = . Cat( )k(t; )d t Can(ti) K(tj i41) ; (2.29)

i=1

seel[5l7]. It is assumed that the values af;; (t) can be neglected fot > N t. Since
k(t) =0 for t< 0O, the end summation index could also be set foinstead ofN. By
rewriting this expression using matrix-vector notation, one lotains

et 0 o0 %kt Y cw)
t % lt) ) i 0 g % (t2) EZ % o (1) E (230
Cart&tN) Cart(t.N 1) Cartl(tl) k(t-N) Cvoi&tN)
or shortly
Ak =c (2.31)

where t and c,(tj) are contained in the matrix A 2 RN N, and k(t;) and ci(t;)
represent the entries of the vectork 2 RN andc 2 RN, respectively. Di erent ways
to discretize Equation [Z.ID) are investigated in [58]. For exaple, it was suggested



2.3. Practical Implementation 25

100
10107
5,
@ Q)
S =
o — 10’}
o o
< <
5t .
10 ¢
0 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
j[1] 1]
(a) entries of ks on a linear scale (b) absolute values of the entries ofk;s on a

logarithmic scale

Figure 2.7: Least-squares solution vectdts of Equation (Z:31) using the example
data from Figure[2.6. ks); denotes thej -th entry of the vector kis. The plot shown
in gure (a) illustrates the strong oscillations of (s);. The plot given in gure (b)
shows the absolute valuegkis);j on a logarithmic scale.

in [59,[60] to use a discretization method with a block-circutd matrix A in order to
reduce the in uence of the bolus delay. See Appendix A for dets

In order to solve Equation [Z31) fork, the least-squares solutiork;s could be
computed. It minimizes the squared Euclidean residual norm oheé linear systems
given by Equations [Z.3D) and[[2.31) and is de ned as [61]:

ks =argmin jAk cj3 (2.32)
k2RN

Several numerical methods exist that can be used to compukgs. The reader is
referred to [62] for details. However, the least-squares solutik,s does not represent a
suitable solution of Equation [Z.31), if the matrixA is ill-conditioned. It can be shown
that a matrix A with a structure as shown in Equation [2.30) or Equation[(A.B), also
known as a Toeplitz matrix, is in fact ill-conditioned [63/@]. In that case, a small
change inc (e.g., due to projection noise) can cause a large chang&kin The rate at
which a change irc in uences the solutionk s is roughly proportional to the condition
number of A, de ned as ;= » wherer® rank(A) [61].

As an example, Figurd—Z]7 shows the solutiokys of the example data from Fig-
ure[Z8. The solution is strongly oscillating and even has a riginramplitude. It is
obvious that this solution has nothing in common with the reaphysiological behavior
of the ow-scaled residue function.

In order to get a better understanding of whyks is not a meaningful solution
and to motivate the regularization approach, the matrix egation Equation (Z:31)
will be investigated. The singular value decomposition (SVD) wbh is a well-known
method for the analysis of matrix equationd[61, 64] will be uddor this purpose and
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Figure 2.8: SVD analysis of the matrixA constructed from the example data shown
in Figure Z8. (a) Plot of the absolute values of the weightingattors (U] ¢)= ; and of
their individual componentsjucj and ;. (b) Plot of the entries of the right singular
vectorsv; of A fori 2 f 32 33 34,35g. (vi); denotes thej -th entry of v;.

it will be described next. For the particular case of a square max A 2 RN N with
f linearly independent rows and columfs it is de ned as

A=U VT= u ;v|; (2.33)
i=1
whereU =[uq;:::;ups] andV = [vq;:::;Vvy] are unique orthogonal matrices com-
posed of the left and right singular vectorsi; and v;, respectively [61]. The diagonal
matrix =diag( 1;:::; p) contains the singular values ; in non-increasing order
1 o il ~ > 0. The least-squares solutiok s of Equation (Z31) using the
SVD of A is actually given by
X uT
Ke= v (2.34)

see again[]61].

The SVD will now be used to analyze Equation[{Z:31) wittA and c which are
constructed from the data shown in Figuré2]6. Figurg 2.8(n) peesents a plot of
the absolute values of the expressions [ c)= ; that occur in Equation (Z32). These
factors weight the right singular vectorsv; of A. The entries of the right singular
vectorsv; are shown in Figure 2.8(H) fori 2 f 32,33, 34; 359.

It is known from numerical analysis that the discrete Picard caodition represents a
means to analyze discrete ill-conditioned problems |63 64]his condition is violated,
if the expressionsu!c do not decay faster, on average, than the singular values
until a threshold value is reached where the singular valuesvld o. The reader is

2The number of rows and columns inA that only contain zeros is determined by the number

N Nyp. After the subtraction of the baseline, it may happen that the rst entry cy (t1) is zero,
see Sectioff 244, and thatA thus becomes rank-de cient.
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referred to [64] for a more detailed explanation of the disdee Picard condition and
its relation to the Picard condition from which it is derived. A usual reason for the
violation of the discrete Picard condition is noise in the measead data that the matrix

A is based on. One can see that the discrete Picard condition is aally violated

in the example shown in Figuré¢ 2.8(3)[65]. Consequently, thdsolute values of the
ratios (uc)=; which represent the weighting factors of the right singular vectors
Vi become very large.

The absolute values of the entries of the right singular vectswv; shown in Fig-
ure[2.8(b] tend to be larger for higher vector indice compared to lower indiceg .
A similar trend can also be seen in the solution vectdts, see Figurd 2.7(H).

To obtain a numerically stable result, a Iter is used for regulazation. The
Iter should suppress the in uences of small singular values; or, equivalently, the
in uences of high absolute values of the weighting factorsif c)= ;. The regularized
solution k|, wherel is a regularization parameter, is given by

k| = f|;i i_ A\ (235)

Two common de nitions of the Iter factors f; will be introduced. First, the
lter factors f 9 correspond to the truncated singular value decomposition (TSVID
approach and are de ned with a sharp threshold al,

8
<0 for ;<I
fl-(itSVd) = 0 or ’ (2.36)
’ -1 for ; I.
Second, the lter factorsf, ™" are based on the Tikhonov regularization approach

and characterized by a smooth weighting function centered @und I,

2

ikh i .
fl;(itl ) — Iz-ll- PR (2.37)

The (absolute) regularization parameterl is usually computed relative to the
maximum singular value 4, i.e.,

The relative regularization parameter,e is supposed to lie in the interval between 0
and 1.

In order to illustrate the Tikhonov lter factors, Figure Z.9]shows a plot of the
function f,"™" ( )= 25 2+ 12) which is unlike Equation (2037} de ned for
a continuous range of . For determining fl(“kh) (), 1=1was assumed. It can
be seen that, for increasing (i.e., stronger regularization), the values ofl(ﬁkh) ()
decrease for all .

Interestingly, the solution k of Equation (2.31) using the lter factorsf,;
is equivalent to minimizing the weighted sum of the squared Eudean residual norm
jiAk  cjj3 and the squared Euclidean solution nornjjkjj3 [64]; i.e.,

(tikh) (tikh)
I

k™ =argmin jjAk  cji3+ 1Zjikji3 (2.39)
k2 RN
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Figure[2.10(a) shows the solutiok{™" computed for two di erent regularization
parameters. The solution forl, = 0:1 still shows some nonphysiological oscilla-
tions. However, the solution forl,q; = 0:3 can in fact be interpreted as a ow-scaled
residue function in the presence of bolus delay and dispersiorf, cSection[Z.3.11.
Figure illustrates a plot of rrj1a>((k|(“kh) )j), which is proportional to CBF

(see SectioiZ.Z13 and Table2.2), as a function bf;. Apparently, CBF depends
on the choice of regularization parameter. Choosing an optahregularization pa-
rameter that will lead to physiologically reasonable estimatewill be discussed in
Section[Z34.

Finally, Algorithm ZTlsummarizes the algorithm to compute pgusion parameters
based on the TSVD approach. This algorithm will actually be usedth Chapter[4 to
compute the relevant perfusion parameters. Note, the factor€60, 100, and 60 in
line [I3 I3 ensure that the output values have the desired units.

2.3.3 Alternative Deconvolution Approaches

The algebraic deconvolution approach from SectidnZ.B.2very commonly applied to
analyze perfusion data. Yet, deconvolution problems arise many other applications,
and numerous alternative algorithms to solve these problemsave been developed
[66]. This section will provide a brief overview of alternatie deconvolution approaches
that have also been applied to perfusion data.

The Fourier transform (FT) represents a standard method to solvdeconvolution
problems[62], and it has also been evaluated to analyze peifun data [57[67], 68, 69].
Interestingly, the FT-based deconvolution approach is matheatically equivalent to
the SVD-based deconvolution approach with a block-circulanmatrix A, cf. Ap-
pendix[A [59,[70, 71 72]. However, results obtained with SVD-bad and FT-based
deconvolution can be di erent because the chosen regularizat approaches for these
two methods are usually not equivalent. The regularizatiomithe context of the FT-
based deconvolution approach can be implemented by means ofmadi ed Wiener
lter [67], for example. The reader is referred to[/42, 73] fa detailed analysis of the
equivalence of SVD-based and FT-based regularization apprbas.

In contrast to the model-independent deconvolution approaes also model-depen-
dent approaches exist. Model-dependent approaches assume réage shape of the
residue function. For example, in[[57,75] a decaying exponiah function was used
which makes the deconvolution more stable since it reduces tdegrees of freedom
of the residue function[[57]. However, if the underlying residufunction is di erent
from the model the perfusion parameters may not be estimated rcectly.

Deconvolution using orthogonal polynomials was investigadein [76]. An itera-
tive deconvolution algorithm based on maximum likelihood gectation maximization
(MLEM) algorithm was proposed in [/7]. An approach using Gaussiarr@gcesses was
evaluated in [78]. The deconvolution algorithm in[]79] uses @onlinear stochastic
regularization method.

A comprehensive comparison of all available deconvolution theds has not been
carried out yet. The SVD-based deconvolution approach, whids available in sev-
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Algorithm 2.1: TSVD algorithm to compute perfusion parameters.

number of voxels) with sample period t,
AIF location X4  Xi, whereig,
number B of baseline frames
Output : CBF parameter mapl o (X;i) (unit: ml/100g/min),
CBYV parameter map| ¢, (X;) (unit: ml/1200g),
MTT parameter map | e (X;) (unit: s)

1 /I constants suitable for CT brain perfusion data
2 lieg 0:2 /] see Section 2[3.4 ]
3 wi  1:04 g/ml /I typical density of brain tissue [74] [

4 convert 4 (t;) (Xaif; tj) to car (tj) according to Equation [2.4D)
5 construct A using c.« (t;) according to Equation [Z.3D)

6 compute SVD ofA, cf. Equation (Z.33)

7 computef {9

according to Equation [Z.3b)

s foreach voxel positionx; do

9 convert (Xi;t;) to cywi(tj)  o(xi;t;) according to Equation [Z.40)
10 construct ¢ using ¢, (tj) according to Equation [Z.30)

11 | computek™? according to Equation [235)

12 /I compute perfusion parameters (Table 2.2) ]
numint: numerical integration applied to vector entries

13| lan(xi) 6000 (1= voi) max((ki*?);)
1 | la(Xi) 100 (1= v tnur]nint((kl(ts"d))j)

15 et (Xi) 60 Tepy(Xi) = lenr(Xi)
16 end
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eral software packages [80, BL,182], is comparably simple toplement and can be
considered as the current standard method in perfusion imageaysis.

2.3.4 Determination of the Regularization Parameter

Figure[2.10(b) demonstrated that (the maximum of) the solutia k"™ depends on
the regularization parameterl,. Consequently, the computed perfusion values
which can be derived fromk™" according to Table[ZP2 vary for dierent l.. As
an example, the CBF value will be underestimated systematicglfor large .

Therefore, an optimal choice of, is crucial. A simple approach is to empirically
determine a xed valuel,. This approach is often used in practice, and a typical
value in brain perfusion CT is, for examplel,e = 0:2 [81]. However, there exist more
sophisticated approaches as well to determine the valugs independently for each
voxel position [83]. Since the required amount of regularizan depends roughly on
the signal-to-noise ratio (SNR), these approaches can be mor«ilele when the SNR
is spatially variant.

In [57,59,[60], an oscillation index (Ol) was de ned to determe the intensity of
oscillations of the ow-scaled residue function. The regularation can then be varied
until the Ol value falls below a certain threshold.

The L-curve criterion represents a model-independent metdo determinel (and
lre1) [45,[84,[85]. The L-curve is de ned by a double logarithmiclpt of the squared
Euclidean normijkjj3 of the solution versus the squared Euclidean noripAk |  cjj3
of the residual for a range of di erentl values. The optimal regularization parameter
lopt can be found at the location of the characteristic corner pdirof the L-curve.

Another method to determine an appropriate regularization arameter is gener-
alized cross validation as described in_[63,186]. An implemetitan of the L-curve
method and the generalized cross validation can be found 5|6

Furthermore, a parameter estimation method that uses a-prioknowledge of the
behavior of the residue function was proposed in[87].

Kudo et al. [81] reported that two manufacturers applied a »d threshold value
I in their perfusion analysis software. Unfortunately, the clirdal use of methods
with adaptive threshold values is rarely described in the cuent literature.

2.4 Perfusion Data Pre-processing

This section gives an overview of pre-processing techniquesittitan be applied in
order to enhance the quality of the estimated perfusion parartess. Pre-processing
occurs prior to the deconvolution step which may be implemeatl as described in
Section[Z3.P.

A simple, yet mandatory pre-processing step consists of the cons#n to contrast
agent concentration values, see Section 24.4. Further prespessing steps are used
to enhance the image quality (e.g., noise reduction) and to kect for artifacts (e.qg.,
motion correction, partial volume correction) and speci c poperties of the blood
(e.g., correction of di erences in hematocrit). There arelao pre-processing steps
that can optimize the analysis of the perfusion value maps (e,gsegmentation of
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certain anatomical structures) and the application work ow €.g., automated AlF
estimation).

The order of the pre-processing steps presented in this sectiom@at as a guide-
line for their practical implementation. However, a di erert ordering can of course be
reasonable as well. Finally, this overview cannot includelaletails regarding suitable
pre-processing steps. The reader is referred to the availableedature for in-depth
discussions.

2.4.1 Motion Correction

Patient motion (e.g., due to head movement or breathing) camesult in a sudden

change of the attenuation values at the xed (stationary) voel positions. Since
this change in the attenuation value is caused by motion and hdy contrast agent

ow, the computed perfusion values can be severely biased. A ptecal approach for

motion correction is to register all time frames of the reconsicted data set onto the

rst time frame [88]. A 3-D registration should be used because itan also correct
motion that occurs perpendicular to the orientation of the econstructed slices. For a
brain perfusion scan, a rigid registration may be su cient. Conersely, in abdominal

perfusion imaging, a non-rigid registration may be better suitd to compensate for
the deformations due to breathing.

As an alternative to registration, use of group-wise motion coection based on
an optimization of a global cost function has been suggestéd [89There are also
several approaches for motion correction in functional magtic resonance imaging
(fMRI) data [90]. These approaches may be used for perfusion MRhta as well
since both types of data typically consist of T2*-weighted echplanar imaging (EPI)
data [91]. However, the dynamic signal changes are relativelygher in dynamic
susceptibility contrast-MRI (DSC-MRI) data, i.e. MR perfusion imaging with T2*
weighting, when compared to fMRI datal[911] which must be takemto account when
adapting fMRI-based motion correction algorithms to DSC-MRdata.

A related issue is streak artifact in reconstructed perfusion CTmages that are
caused by patient motion that occurs while the projection dat corresponding to a
single time frame is acquired. In perfusion MRI images, ghostiragtifacts can arise
if the patient moves during the data acquisition. These kinds foartifact cannot
be corrected by inter-frame motion correction. Instead, deéchted reconstruction
algorithms would be required. As a practical alternative, the frames that exhibit
severe reconstruction artifacts may simply be removed from thaata set (i.e., from
the series of successive time frames), which corresponds to thenglation of invalid
sampling points of the voxel-speci ¢ TCCs.

2.4.2 Noise Reduction

In the course of a perfusion exam, the measured signal in tissue thaicaused by the
contrast agent ow can be very low. For the case of perfusion CTof example, tissue
enhancements of less than 10 HU are measured. Hence, noise in tleenstructed
images can be of a similar order of magnitude as the signal in tigsuself. Conse-
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qguently, noise reduction should be taken into consideration iorder to improve the
accuracy of the estimated perfusion parameters.

Noise reduction can be implemented as a spatial smoothing of thatd. Using
a basic approach, each time frame can be Itered independentbf the other time
frames, and linear isotropic lters (e.g., based on a Gaussian dr kernel) may be
applied. Alternatively, anisotropic Iters that preserve edgs and avoid blurring of
large vessels can also be employédi[92].

Both linear and nonlinear ltering in the temporal dimension i.e., between
successive time frames represent further methods for noise redtion [93]. It
should be noted, however, that the regularization during theleconvolution step is
equivalent to linear ltering in the temporal domain.

Recently, sophisticated 4-D lItering techniques have been pposed that perform
Itering in both the spatial and the temporal dimension and tha are optimized for
perfusion data [94/95]. Fitting of the TCCs to a model functio such as a gamma-
variate function is also a means for noise reduction [88].

2.4.3 Segmentation

A segmentation of certain anatomical structures in the reconsicted data set can
optimize the perfusion image analysis [82, 96]. For exampldyet TCCs could then
be analyzed only in regions of interest where blood ow is acilly expected [97].
Other regions such as air, bone, cerebrospinal uid (CSF) andalci cations can be
neglected. A segmentation and the subsequent removal of vessslsiseful in order
to optimize the quantitative analysis of perfusion parameterin tissue. Such a vessel
segmentation can be performed prior to the deconvolution steput it can also be
implemented as a post-processing step as describedin [98].

2.4.4 Conversion to Contrast Agent Concentration

Neither for the case of CT imaging nor for the case of MR imaging cahe TCCs
Cart (t) and cyi(t) be measured directly. Instead, the measurement is a superpositi
of the signal from the tissue itself and the contrast agent. Sincdaé¢ deconvolution
approach presented in Sectidn 2.3.2 expects that the funati®c, (t;) and ¢ (tj) only
refer to the signal caused by the contrast agent, the tissue signalist be subtracted.
Furthermore, the measured signal must be converted to a contrasgent concentration
value.

In perfusion CT, it is assumed that the (underlying) contrast aget concentration
value is proportional to the (measured) X-ray attenuation vale [99,[100]. Since
deconvolution is a linear operation, the constant of propoidnality does not in uence
the computed ow-scaled residue function. It can also be seen théne additional
perfusion parameters from Section 2.2.4 are independent afg constant. Therefore,
this constant is usually set toK, = 1 g/ml/HU for the sake of simplicity. The
baseline value o can be computed as the mean of(t;) during the B acquired time
frames before the contrast agent bolus arrives in the artetinput function. The
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conversion formula from an attenuation value (tj;) (corresponding to a particular
voxel) into the respective contrast agent concentration vakic(t;) then reads as

c(tj)=Ka ( (tvg 1) o) (2.40)
1%
0= 5 (ti) : (2.41)

In perfusion MRI, however, the contrast agent concentrationalue is not propor-
tional to the received signalsy,(t;) (in one voxel). Instead, it can be determined
using the following formula:

K mr Smr (tj +B 1) .
I ; 2.42

c(t)) =

1 %
Smr;0 = B Smr (ti) ; (2.43)

i=1

seel[34]. HereK ,; is a constant of proportionality which with a similar argumen t
as forK can have a norm of one and TE is the echo-time of the MR sequence. It
must be noted, however, that the constanK ,,, can be di erent for blood and tissue
due to di erences in T2* relaxivities [49,T01]. This comptiates absolute quanti ca-
tion of cerebral perfusion as discussed in[102]. Furthermoreudies have shown that
fully oxygenated blood, for example, demonstrates a nonliaerelationship between
the measured di erence in T2* relaxation rate and contrast age concentration [103].

Note, if only one time frame is considered as the baseline (i.&.,B=1), then
c(0) = 0, and the matrix A de ned by Equations (Z30) and [Z311) will be rank-
de cient, cf. Section[Z3.2.

2.4.5 Correction of Hematocrit Di erences

Hematocrit (Hct) is a value that describes the proportion of theblood that consists
of red blood cells. Hct is higher in arteries than in capillaree Consequently, the
proportion of the plasma in the blood, given by the di erencel Hct), has a higher
value in capillaries than in arteries. Since the contrast agems distributed in the
plasma only, the amount of plasma has a direct in uence on the rasured Houns eld
value or MR relaxation rate.

If the Hct di erence is not corrected, it may bias the absolute ganti cation of the
contrast agent concentration. A constant dimension-less coatéon factor , derived
from the known Hct values in arteries and capillaries (often s¢0 = 0:73) has been
proposed[[3b, 98]. The measured TCQs,;(t) is then multiplied with  to avoid the
bias due to di erent Hct values.

2.4.6 Automated Arterial Input Function Estimation

The total time for the perfusion image analysis can be shorteneohd the analysis can
be made user-independent by an automated estimation of the artal input function.
Several methods have been proposed that detect one global Al©4, 105/ 106].
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An interesting alternative approach is to estimate several lot&lFs, which would
be better suited to the theoretical model that was introducedn Section[Z.2 [[107,
[108,[109]. Since the local arteries are often small, this apgach can have several
disadvantages[[102]. For example, partial volume e ects cf Section[Z4Y
can be more severe when compared to choosing one global AIF in egéa vessel.
Perfusion analysis using local AlFs was actually investigated {A10] and the authors
state that it produced more useful CBF maps.

Besides the arterial input functionc,y (t) the venous out ow function cen(t) could
also be detected automatically. Knowledge about the venousitaow function could
be used to automatically correct for partial volume e ects with are described next.

2.4.7 Correction of Partial Volume E ects

Due to limited spatial resolution in reconstructed perfusion CTand MR data, the
AIF can su er from partial volume e ects [40]. This e ect can lead to an underes-
timation of the AIF and consequently to incorrect perfusion vales. To correct for
partial volume e ects in the AlF, several methods have been ppmsed([[111, 112, 113].
Commonly, the peak concentration value within a larger vens vessel or the area
under the curve of a large venous vessel is used to rescale the Al%].[4
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Chapter 3

A Model for Filtered
Backprojection Reconstruction
Artifacts due to Time-varying
Attenuation Values

Overview:

In this chapter, a theoretical analysis of a certain kind of irage reconstruction ar-
tifact that is relevant in C-arm CT perfusion imaging is carred out. Namely, FBP
reconstruction artifacts arise if the attenuation values vay, e.g. due to contrast agent
ow, during the acquisition of the projection data.

A novel spatio-temporal model based on the concept of derivaé-weighted point
spread functions is derived. This model leads to a better undganding of this kind
of artifacts. For validation, the model is compared to result§rom numerical simu-
lations and to C-arm CT measurements of a ow phantom. The modean also be
applied to systematically investigate artifact reduction stréegies. In this chapter,
the in uence of the angular interval length, which is used fothe data acquistion, on
these artifacts is investigated.

This chapter is based on A model for Itered backprojection econstruction artifacts
due to time-varying attenuation values in perfusion C-arm CT, by A. Fieselmann,
F. Dennerlein, Y. Deuerling-Zheng, J. Boese, R. Fahrig, and #Hornegger. Physics
in Medicine and Biology 56(12):3701 3717, 2011127].

37
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3.1 Introduction

3.1.1 Motivation

Analytical image reconstruction algorithms based on the FBP arusually employed to
reconstruct the large-volume data sets acquired with state-tiie-art C-arm CT sys-
tems [13]. Using general-purpose computing on graphics procegdinits (GPGPU),

FBP-based algorithms (e.g., Feldkamp-type algorithmg [16]gan be implemented
such that they are computationally very fast[[114]. Thus, they &n be used for im-
age reconstruction during interventional procedures such asmtheter-guided stroke
treatment where time is a critical factor (Section§_1.2]11 ahi4.1.1).

There exist also alternative CT image reconstruction approaels such as algebraic
and statistical methods [15]. However, currently these approaes are not frequently
employed for (C-arm) CT reconstruction [[11I5]. In general, # time that is needed
for image reconstruction is longer with these approaches wheampared to the FBP.

The FBP reconstruction assumes constant attenuation values die object during
the acquisition of the projection data. Reconstruction artiécts arise if this assump-
tion is violated. As it has been mentioned in Section1.3.2 &ady, contrast agent ow
in perfusion imaging with C-arm CT systems, which have acquisitiotimes of several
seconds per C-arm rotation, can cause this violation (FigufeId. For the analysis
and optimization of FBP-based reconstruction algorithms, a gabunderstanding of
artifacts due to time-varying attenuation values is essentla Note, in CT perfusion
imaging the duration of the data acquisition is su ciently short to assume constant
attenuation values.

In this chapter, a novel spatio-temporal model for this kind bartifact will be
presented. This model can be applied to estimate the magnitudé artifacts and to
optimize reconstruction parameters. It could also be used to delop new FBP-based
dynamic reconstruction algorithms that are based on an inveran of this model.

3.1.2 Previous Work

There exists some previous work that concerns FBP reconstruati artifacts due to
time-varying attenuation values.

In [I16] a mathematical formalism is presented to describe thesetifacts in
parallel-beam geometry CT scanning and it is validated usingomputer simulations.
But this formalism assumes periodic changes of the contrast agesoncentration
and is therefore not suitable to describe artifacts in perfusioimaging with time-
attenuation curves that are non-periodic.

The work presented in[[117] and[118] also show reconstructiorsués using com-
puter simulation of objects with time-varying attenuation values during the scanning
but no mathematical analyses of the artifacts were carried tu

Similar reconstruction problems as mentioned above arise inymamic single-
photon emission computed tomography (SPECT) when the tracer noentration
changes during one camera rotation. In[119] and[120] the PBeconstruction is
used for dynamic SPECT and the resulting artifacts were investigad qualitatively
and quantitatively but without derivation of a model.
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A change of attenuation
during one C-arm rotation

. time interval for
' one C-arm rotation

-

attenuation u(x,?) in one voxel

time ¢

Figure 3.1: lllustration of the change of attenuation valuen one voxel during one
C-arm rotation.

FBP reconstruction artifacts due to the time-varying opacication of a vessel,
when using a C-arm mounted X-ray image intensi er (XRII) for 3-D maging, are
investigated in [121] but no mathematical model was develoge

Artifacts due to time-varying contrast agent concentration m perfusion CT with
a slowly rotating CT scanner are investigated in([122]. The renetruction error of
a time-attenuation curve is formulated as a low-pass Iterig process. However, it is
not studied how artifacts propagate into other reconstructedoxel attenuation values
in the image, which is the focus of this chapter.

3.2 Background of FBP Reconstruction

In this section, the notation will be presented with a brief desgtion of the direct
2-D fan-beam FBP reconstruction. A more detailed descriptionf these methods can
be found in [14].

The X-ray source rotates with a constant angular velocity s on a circular path
of radius R around the origin of the coordinate system (Figuré_3.2). The &ation
a( (t)) of the source at timet is given by

a( (1) = (R cos( (t); R sin( (t))" (3.1)
(D) ="1st+ o (3.2)

where (t) is the view-angle and , is the starting view-angle att = 0. In this chapter,
the variable always depends explicitly ont although this is not always indicated
for simplicity. The following unit vectors are de ned:

es( )=( sin();cos())’ (3.3)
ew( ) =(cos( );sin( )" . (3.4)
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Figure 3.2: lllustration of the (simpli ed) C-arm CT acquisition geometry.

The function u (x; ) gives the coordinate where a ray from source locatica( )
passing throughx intersects the detector. It can be computed as

Dx"ey( )

R xTes() (3-5)

u(x; )=

whereD is the source-to-detector distance. It is assumed that the atteation values
(x; ) atlocationsx = (x;y)" have view-angle-dependent values. Furthermore, it is
assumed that no truncation of the projection images occurs artdat the attenuation
values are zero in the region? + y> R2,
The projection p(;u ), which is measured at the detector coordinatel, can be
written using the usual de nition of the delta function:

77
p(;u)= (X; ) (u(x; ) u)dxdy. (3.6)

In this chapter, all integrals without explicit integration endpoints should be inter-
preted as the limit value when the lower and upper endpointgpproach 1  and +1 ,

respectively. The pixel value .(r;trec) at location r corresponding to the state at
time t,c can be reconstructed using the FBP reconstruction with an angar sliding

window functionw (; ):

z z
rec(l; trec) = R T TReI\i( D)2 p( (t);u) hramp u(r; (t) u
(uz+DD2)1=2 W () (treo);arctan(u=D) dudt . (3.7)

Here hyamp (U) denotes the usual ramp Iter kernel and = arctan(u=D) is the fan-
angle. This reconstruction formula assumes a consistent data sépoojection images,
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i.e. there is no change of the attenuation values over time.h€ functionw (; )is

zero outside an angular interval of size

8
“m ( + =2, ) for =2 =2
w(; )=,

. (3.8)
-0 otherwise .

The minimum interval for is the short-scan range + |, where ., is the full
fan-angle. The functionm (; ) compensates for redundant data inside the angular
interval due to the fan-beam acquisition geometry. An examplor m (; ) is the
weighting function proposed in[[123],

8

%sin2 7 == for0 < +2
1 for +2 < +2
me )=, ., (3.9)
§ sin® ; —%— for +2 <
-0 otherwise .
with = . With the de nition of the FBP from Equation (3.7) that uses

the window w (; ), an image corresponding to a certain time point,.. can be
reconstructed. The time point could be exibly chosen if the Garm system could
perform continuous C-arm rotations. With current C-arm systers the C-arm rotates
in alternating directions (Section[I.311) therefore the aice for t, is restricted to
the time point at the center during one short-scan rotation. Tl artifact model in
Section[33B is actually applicable to both scenarios, continus and bi-directional
C-arm rotations.

3.3 Spatio-temporal Artifact Model

In this section, a novel artifact model will be derived and irgrpreted. The key idea
of this model is to separate the artifact into two components, ree that depends on
the dynamic process, i.e. the change of attenuation values, ande that depends on
the acquisition geometry and the reconstruction algorithm pameters.

3.3.1 Derivation

The expression from Equation[(3]6) is substituted into Equatior (3]) and by changing
the order of integration one obtains:
et )_zzzz RD2

TR rTe( ()2

1=2
u’+ D? w (1) (teo);arctan(u=D)

(u (x; (t)) u)dudtdxdy: (3.10)

(x5 (1) hamp u (r; (t)) wu

The delta function is evaluated and the result is re-arrangethto the following two

functions (see AppendiXB for details):
zz

rec(l 5 trec) = (r X;X;tree) dxdy (3.11)
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z

(S; X tree) = RD* h u(s+x; (t) u(x; (1)
ST R (s x)Tew ()2 | ’
GO W O)2eD?
w (1) (trec); arctan(u (x; (t))=D) dt. (3.12)

The function (s;X;tec) can be interpreted as the reconstruction associated with
a point object located atx which has time-varying attenuation values (x; (t)).
The variable s = (s4;s,)" denotes the distance vector from the point object in the
reconstructed image and,.. is the temporal center of the sliding window used in
the FBP reconstruction. A detailed interpretation of (s;X;tec) Will be given in
Section[3:3.2.

Now the focus will be on the time dependence of(x; (t)). It will be assumed
that it is a smooth function without discontinuities. If the contrast agent bolus is
injected into the antecubital vein, for example, the bolus Vit pass through the heart
and lungs. Thus, when it arrives in the brain it has been low-pas#iered and is a
smooth curve. Using this assumption (x; (t)) can be represented as a Taylor series
around (tec):

0 () () ()"

n=0 d " (t): (trec) n!

(x; (1) = (3.13)

According to Equation (3.2) the second-order derivative of (t) is zero. Therefore,
the following total derivative exists (the proof is given in Apendix[Q):
1

oG @0 ) am "
dtn t=trec @ : (t)= (trec) dt t=trec
B d(é((t)) . (3.14)

()= (trec)

Equation (3:I2) and Equation [3IB) are combined and the new pression for (x; (t))
is plugged into Equation [3.I2). Then the order of summation ahintegration is
changed and the result is split into these two functions

Rodh (x;t)

| n PN
o L "Po(siX; (tred)) (3.15)

t=trec

(S; X, trec) =

4
( rec)” 2

Pa(S;X; rec) =RD? = R (s+x)Tew( )

Rramp U (S+ X; ) u(x; )
1=2

(u(x; )*+D?

w rec; @rctan((u (x; ))=D) d (3.16)
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Figure 3.3: Spatio-temporal artifact model: a point objeciat x with time-varying
attenuation value (x;t) creates an artifact aroundx in the reconstructed image.
The artifact is described by ,¢(S;X;tec) Where s is the distance vector fromx.
This function is the sum of the functionsP,(s; x) that are each weighted with the
n-th derivative of (x;t), which is evaluated at the central time pointt,. of the set
of projection data, and a C-arm-angular-velocity{(s)-dependent factor. The nal
reconstruction (s;X;trec) IS a superposition of the artifact ,; and the product

(X; trec)Po(s; X) where Py denotes the (conventional) point spread function due to
the scanning and reconstruction process.

where (e (trec). Substituting by + . and using Equation [3.8) to determine
the integration interval yields:
Z + =2 n 2

Pa(siX; e) =RD® = R (s+x)Teu( + rec)

hramp u (S + X; + rec) u (X1 + rec)
1=2
(U (X; + reo))®+ D?
w ; arctan((u (x; + ())=D) d . (3.17)

Equations (311), [3.I5) and[[317) constitute the artifact mdel that will be inter-
preted in the following section.

3.3.2 Interpretation

According to Equation (3.11) the reconstructed image ec(r ; trec) IS the superposition
of the functions (s;X;tc). In atheoretically exact reconstruction with ec(r ; trec) =
(r; trec) this function would be:

theoretical (S; X3 trec) = (S) (X ; trec) . (318)

However, in reality due to the nite detector pixel width not all spatial frequencies
in the projections can be measured and the ramp Iter kernel Isato be adapted.
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The reconstruction of a point object will then lead to a slighty blurred point object

with a smooth edge. The point spread function (PSF) provides a deription of the

blurring [124]. With the parameter Pggic (S; X) denoting the PSF that characterizes
the scanning and reconstruction process of a static, time-indepdent point object at
X, one gets:

static (S; X3 trec) = Pstatic (S; X) (X ; trec) . (3-19)

Equation (3.19) and Equation [3.I1) can be interpreted as traformations of the
true attenuation values into the reconstructed attenuation values .. The function
Pstatic (S; X) Is shift-variant because it depends explicitly orx. In the fan-beam FBP
this property is evidenced by a non-uniform noise propagatio125], for example.

In Equation (B.18) the variable (t..c) is a system parameter that is determined by
the start and end scan angle. For a time-independent objectei. when d (x; t)=dt =
0, Equation (3.I3) reduces to Equation[{3.19). However, Equatio(3.15) is more
general because it has been derived for dynamic, time-depentl objects. In this
equation, the function (s;X;t.c) IS a superposition of weighted functions which are
denoted by P,(s;x). The weights are then-th order derivative values of (x;t),
evaluated att,., and the n-th power of 1=!,. Because the function®®, with n 1
have a similar character a$®, they will be denoted asn-th order derivative-weighted
point spread functions (DWPSF).

The function (s;X;tec) can be split into a term corresponding to the static case
as in Equation (3:19) and into terms that depend on rst or highe order derivatives
of (x;t):

(SiXitrec) = (X trec) Po(S: X5 (trec)) +  art(S; X trec) (3.20)
A od" (x:t

wGxite) = SR e)). @2D)
n=1 t=trec

The artifact function . (S;X;tec) results from a time-varying attenuation value
(x; (1) at x. The artifact is centered aroundx and the vectors gives the distance
from the center. Figure[3B shows an illustration of the artifet model where for
simplicity the scan geometry variable ... has been omitted. Furthermore, in this
illustration the in nite sum is approximated by the nite sum fromn=1to n= N.
Each term in the artifact model consists of two components. The st component
Is the rate-of-change of the time-attenuation curve given by its temporal deriva-
tive value relative to the C-arm rotation speed. The second canponent is the
function P, (S;X; rec) that depends only on the scan geometryR;D; ; ) and on
the reconstruction parameters lf;amp (U); m (; )). Changing the speed of the time-
attenuation curve and the rotation speed of the C-arm by the saenfactora > 1,
ie.

fBstx-t) = (x;at) (3.22)
| st = aly; (3.23)

does not change the artifact function ,¢(s;X;tec). However, if only the C-arm
rotation speed is increased while the time-attenuation curveemains constant then
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n=0, P0=3.9789 n=1, P1=1.1370 n=2, P2=1.6477 n=3, P3=0.2100
n=4, P4=0.2066 n=5, P5=O.0159 n=6, P6=0.0124 n=7, P7=0.0006

Figure 3.4: Plot of the derivative-weighted point spread furtions P,(s; (0;0)";0)
computed from the parameters given in Tabl€Z3.1. The variadl , is the absolute
amplitude of P,. The images have a windowing from ,=2 (black) to + =2 (white)
and their dotted grids have a spacing of 1 mm.

the artifact function changes. The change is non-linear andhé weights of the higher-
order DWPSFs is less than when compared to the weights of the lexworder DWPSFs.
It can also be seen that

| Li!gn art(S;X; rec) =0 (3.24)

which means that the artifact disappears if the acquisition the interval becomes
very short. Figure[3.4 shows then-th order DWPSFs computed for typical scan and
reconstruction parameters (Tabl¢-3]1). For better visualizeon, the windowing is set
relative to their absolute amplitudes , de ned as

n(X: rec) = Max (jPn(s;X; rec)j) : (3.25)

The 0-th order DWPSF describes the normal blurring of a point glect due to the
scan and reconstruction process. The integral value over the fition Py is close to
unity whereas the integral values oveP,, with odd n are close to zero. Interestingly,
the DWPSFs with odd values forn and even values fom have similar patterns,
respectively.

The pattern can be explained by investigation of Equation{3:). In this equation
only the factor ,( ) "=n! depends om. For n = 0 this factor is a constant and
all view-angles contribute equally to the integral value. & n > 0 the function ,( )
introduces a non-uniform view-angle-dependent weightindf n is odd then ,( ) is
an odd function and the values at the integral endpoints havdi erent signs. If n is
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Parameter Symbol Value
starting view-angle 0 100
view-angle increment 1
number of views per rotation | Nyiews 201
angular range per rotation =( Nyiews 1) 200
angular velocity of the C-arm | ! 60 /s
time per rotation Tiot = =l 3.33s
source-to-isocenter distance | R 800 mm
source-to-detector distance D 1200 mm
number of detector pixels N detpix 600
detector pixel size u 0.6 mm
total detector width U = Ngetpix u 360 mm
full fan-angle m = 2arctan(U52D)) | 17.1
redundancy weighting function| m see Equation [(3.B)
ramp lter kernel Rramp Shepp-Logan, seé¢ [14]
number of reconstructed pixels 301 301
reconstructed pixel size 0:015 0:015 mn¥

Table 3.1: C-arm CT scan and reconstruction parameters used ftre numerical

examples with the artifact model.

even then the values of ,( ) are equal at the integral endpoints. These properties
cause similar functionsP,(s; X; rec) for even and oddn, respectively.

Now the variable . will be

investigated.

If x = (O,O)T then Pn(S;X; rec)

depends on . only by sTe,( + ) ands’e,( + ). By expressings in polar

coordinates ass = (rcos( ); rsin( ))T and using common trigonometric identities
one gets:

sTey( + rec) = I sin(
sTey( + rec) = I cos(

(3.26)
(3.27)

rec)

rec) .

It can be seen that a change of the variable,. by a certain angle can be com-
pensated by a rotation of the coordinate system by the same angte the opposite

direction of rotation. Therefore, changing .. results in a rotation of the function

Pn(s;(0;0)"; ) around the origin. Generally, i.e. also fox 6 (0;0)", one can see
that Ph(S;X; rec) IS 2 periodic with respect to (ec.

3.4 Numerical Example

In this section, the artifact model will be used to predict artiacts from typical tempo-
ral changes of attenuation values in perfusion imaging. Foaiidation, the predictions
from the model will be compared with numerical simulations. Fally, the model will
be used for an analysis of di erent reconstruction parameter \zes.
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Figure 3.5: Examples for artifacts due to inconsistent data: f1row) view-angle-
dependent attenuation value inside the modeled origin-ceaved artery with radius
1 mm, (2" row) predicted reconstruction using the artifact model, (3 row) recon-
struction using numerical simulations, (4 row) plot of attenuation values along the

circular paths shown in the above images (q

’ sim ~

- - -). The images have

a windowing from 5 HU (black) to +5 HU (white) and their dotted grids have a

spacing of 2.5 mm.
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3.4.1 Methods

A mathematical phantom pna(X;t) is de ned to model a large cerebral artery inside
the human head. It consists of two circles that are centered irhé origin: a smaller
circle with radius rpha.at =1 mm and a larger circle with radiusr yha:nead = 100 mm.
In order to simulate contrast agent ow, the attenuation values inside the smaller
circle vary over timet according to a function pna.art (t) proposed in [57]:

8
3 wt phaar(t) for X2+ y? rpz)ha;art
2 2 2 2
3 w for rpha;alrt <X°ty rpha;head (3'28)

"0 otherwise

pha(X;t) =

with
A

pha;art(t)= ( exp( 1))

H (") is the unit step function, , = 0:18cm ! is the X-ray attenuation of water,
A = 0:25 yaer IS the maximum enhancement, = 3:0 and = 1:5 are shape
parameters and "= t=s is a dimensionless quantity where s denotes seconds.

The image mq (X;trec) IS computed using the artifact model. According to Equa-
tion (BI1) the nal 2-D reconstruction e is a superposition of the 2-D functions
which can be thought of as individual reconstructions of (tharetical) point objects.
To apply the artifact model, the point objects are rst approximated by discrete
pixels. Then is computed for each pixel and (. is determined using a discretized
version of Equation [311L), see Algorithni3]1.

~oexp( = )H(Y) . (3.29)

ered assuming 4-th and higher order derivative values can beghected due to the
smoothness of yha.at(t). The parameters for the model are taken from Tablg—3.1.
The reconstruction time pointst,. are 2.25 s, 4.50 s and 6.75 s. These time points
were chosen to investigate the reconstruction from data acqgeot during the in ow,
plateau and out ow phase of the time curve (see rst row in Figurd3.3). It was
assumed that the data was acquired from three individual C-armotations which all
started at the same starting angle to allow for better comparison

For the numerical simulation the scan parameters from Table“B.are used to
simulate C-arm CT scanning of the central slice of the phantom dung the time
interval t 2 [tiec Tt =2, trec + Trot=2]. The reconstruction time pointst,.. are the
same as for the artifact model. A FBP reconstruction g (X; trec) iS generated from
the simulated projections by applying the reconstruction paameters from Table311.

3.4.2 Results and Discussion

In Figure [3.3 each column corresponds to a di erent timé&... The rst row shows a
plot of the view-angle-dependent attenuation value insidéhe artery. The second and
third rows show the images g and g, respectively. The last row shows values of
mal and s, evaluated along a circular path (radius 2.5 mm) around the agin of
the coordinate system. This path is also depicted in the images the second and
third row. The windowing of the images was chosen from 5 HU to +3U. Because
the contrast agent enhancement in tissue is about 5 to 10 HU givenan arterial
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Algorithm 3.1:  Algorithm to model a FBP reconstruction from data with
time-varying attenuation values. Note, for simplicity all vaiables are de-
noted as continuous variables whereas in a practical implemtation the
variables can take discrete values only.
Input : time-varying (true) attenuation values (x;t),
time point t,e. (central time point of the C-arm rotation),
scan and reconstruction parametersR; hyamp;:::)
Output : modeled FBP reconstruction ec(r)

rec(r) 0 8r
2 foreach x do

3 Il ~(s) describes the artifact that arises from a point

object at x with time-varying attenuation values (x;1)
4 ~s) 0 8s

5 /I consider N DWPSFs (e.g., N =4)

forn=0toN 1do

=

7 computeP,(s) Pn(s;Xx; (tec)) according to Equation (3.17)
8 compute dy gi%%%gﬁhzuu

9 ~(s) ~(s)+d, ' " Py(s) [/ cf. Equation (3.15) ]

10

11 end

12 /l add artifact caused by this point object to the modeled
reconstruction (see Equation (3.1I)) ]
13 foreach r do

14 ‘ rec(r) rec(r) + ~(r X)
15 end
16 end

enhancement of 250 HU and a blood volume fraction in cerebrassue of 2% to 4%
this windowing is useful to estimate the areas where the artifict values have the
same magnitude as the peaks of the tissue time-attenuation ces:

The results from the model ( nq/) and the simulation ( sjm) show excellent agree-
ment. The curves in the last row of Figurd—3]5 have root mean squadeviations
of 1.1 HU (trec = 2:25 S), 0.3 HU €rec = 4:50 s) and 0.5 HU fec = 6:75 S). From
the results one can see that only a small number of DWPSFs of the nmeddnust be
considered in order to predict the artifacts from typical pefusion time-attenuation
curves. The small di erences between model and simulation areimarily due to
discretization e ects.

3.4.3 Analysis of Reconstruction Parameters

The model can be used to systematically analyze the e ect of dirent scan and
reconstruction parameters on the artifacts from inconsisterdata. Parameters that



50 Chapter 3. A Model for Filtered Backprojection Reconstructin Artifacts

=200 =240 =280 =320 =360

Figure 3.6: Derivative-weighted point spread function®, of the artifact model com-
puted for di erent sliding window lengths . The window center is 0 and the window
widths are constant for eachn (see Sectiomi-3.4]13 for details). The color map range is
from black to white. The dotted grid has a spacing of 1 mm.

1.00
= 075
S
Z’_, 0.50
0257 I \A\// ]
0 = - - 4
-180 -90 0 90 180 200 240 280 320 360
I [°] L[]
(a) sliding window function w (; 0) (b) weighted spatial spread S, of P,

Figure 3.7: (a) Sliding windowing functionw (; 0) corresponding to the central ray
for dierent . (b) Weighted spatial spread S, of P, depending on .
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could be investigated include, for example, the Iter kerneh,,mp (u), the type of the
redundancy weighting functionm (; ) and the sliding window length .

As an example, the DWPSFs computed for di erent sliding windowdngths are
presented. The parameters from Table—3.1 are used, the value s is changed
and is adapted accordingly. The windowing functionw (; 0) for dierent is
shown in Figure[3.7(a) and Figuré_316 showB, (n = 1;2;3) computed for di erent
. The window width is constant for each n for better comparison of the change
due to dierent . The window widths are set to the maximum absolute amplitude
values , computed for =200 as shown in Figurd_34.

For quantitative evaluation the weighted spatial spreadS, of P, is introduced
which is de ned as

7
Su(X; red) = IPa(SiX; rec)i (S2+ S2) 2 dsyds, : (3.30)

This heuristic de nition takes into account both the absoluteHU value of the artifact
and its distance from the center of the point object and can besed for relative
comparison of dierent values. The absolute value ofP, is computed in order
to avoid the possibility that positive and negative contributions of P, cancel each
other out. Because artifacts which propagate farther into tl tissue area can have a
more negative impact on the clinical interpretation of the prfusion maps a distance
weighting has been included as well.

Figure [3.7(b) shows that increasing the sliding window lengtheducesS, from
484 mn? ( =200 ) to 1.48 mm® ( = 360 ). Interestingly, S; increases from
0.26 mm? ( =280 ) to 1.06 mn? ( = 360 ). The behavior of the functionsP,
with respect to and other reconstruction parameters could beexplained by further
investigation of Equation (3.17).

The artifact model can be used to optimize reconstruction panaeters for the
expected temporal variation of the attenuation values. The sial spread of the linear
component of the time-attenuation curve, de ned by5,, decreases by about 70% when
using =360 compared to = 200 . Typically, one can nd an approximately
linear change of attenuation values inside an arterial vessaliihg the in ow phase.

Therefore, with respect to the spatial spread of the FBP artifas the parameter
value =360 is more optimal than =200 if the dynamic changes of the atten-
uation values are approximately piecewise linear. On the ath hand, for temporal
dynamics that are not expected to be piecewise linear, diené values may be
more optimal. Note, a larger window length would not increasehe total X-ray dose
during the exam if continuously rotating C-arm CT systems coulde used.

Higher values lead to a lower temporal resolution of the recaostructed time-
attenuation curves. Although the full width at half maximum (FWHM) is the same
for all windowsw ( ; 0), see Figurd 3.7(3), the full width at quarter maximum, for
example, increases for higher . Finally, it should be noted tht there is a trade-
0 between the reduction of the spatial spread of the artifactsand the temporal
resolution of the reconstructed time curves.
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(a) reference (b) forward rotation (c) backward rotation

Figure 3.8: Reconstructions of a ow phantom: (a) referencesconstruction of data
with constant attenuation values and (b-c) reconstructions fodata acquired during a
forward and backward C-arm rotation while the attenuation alues inside the plastic
tube were linearly increasing. The windowing is from 250 HU (lack) to +250 HU
(white).

3.5 Experimental Data from a Clinical C-arm CT

In this section, reconstruction results of a ow phantom will bepresented. The
phantom has time-varying attenuation values and was scannering a clinical C-arm
CT system.

3.5.1 Methods

In order to investigate reconstruction artifacts due to timevarying attenuation values
under realistic conditions a simple ow phantom was built. A smbplastic tube (inner
diameter 2.0 mm) was placed into a water- lled container (Vimme of water about
22 8 25 cn?) that was placed on the patient table of a clinical C-arm CT systm (Artis
dTA with syngo DynaCT, Siemens AG, Healthcare Sector, Forchhai, Germany).
The tube was connected to a double head contrast agent injectAccutron HP-D,
Medtron AG, Saarbriicken, Germany) that had the syringes llé with water and
contrast agent (Oxilan 300, Guerbet Group, Villepinte, Frane), respectively. During
injection into the tube (injection rate 10 ml/s) the mixing ratio of the two syringes
was linearly changed from 0% to 50% contrast agent using an iease of 12.5%
contrast agent per second.

A total of 191 projections was acquired with a view-angle imement of 1.0, a
detector pixel spacing of 16 0:616 mnt after 4 4 binning and a C-arm rotation
time of 4.3 s. The phantom was scanned using a forward and a backa/aC-arm
rotation and one 3-D volume was reconstructed for each rotat with the standard
reconstruction Iter kernel. For reference, the phantom lled with a constant amount
(about 15%) of contrast agent was also scanned and reconstructed

3.5.2 Results and Discussion

Figure [338 shows the reference reconstruction of the static pitam data and the
two reconstructions of the dynamic phantom data from the forard and backward
C-arm rotation, respectively. The axial images were reconsicted using 150 150
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pixels with 0.1 mm pixel spacing. Thus, the side length of each age is 15 mm. The
reconstructions show a similar pattern when compared with theeconstruction of
the numerical phantom during the in ow or out ow phase (Figure[3.5, left and right
columns) which also resulted from an approximately linear chge of attenuation
values during the data acquisition.

Using the artifact model, the reconstruction results in Figur¢ B(b)|(c)]can be
interpreted as the superposition of the weighted DWPSFs of zdlo(Py) and rst
(Py) order. It is assumed that second and higher order DWPSFs receixero weights
due to the approximately linear change of attenuation valie The di erent signs of
the streaks in Figure[ 3.8(b)[(c), which are contributions ofP;, are well explained by
the di erent directions of the C-arm rotation, i.e. dierent signs of!s. Note, the
weight of Py is independent of! s, see Equation [3.15).

This experiment provides a qualitative evaluation and intgoretation of the recon-
struction artifacts of the ow phantom. A more detailed, quaritative analysis could
be carried out in the future. For example, di erent angular sbing window lengths up
to 360 could be investigated. With potential future C-arm CT systems hat could
perform continuous C-arm rotations this investigation woud be of high interest in
order to validate the predictions from the numerical exam@ in Section’3.4.3.

3.6 Discussion and Summary

The aim of this chapter was to derive and interpret a model foFBP reconstruction
artifacts due to time-varying attenuation values. The FBP afjorithm was analyzed
because it is computationally very fast and can be applied tocenstruct large-volume
data sets in C-arm CT perfusion imaging during stroke treatment

The novel spatio-temporal model describes the variation of t@nuation values
by their temporal derivative values. To model the spatial spred of the artifacts
time-derivative-weighted point spread functions were intsduced which are computed
from the scan and reconstruction parameters. With this formadim the reconstruction
artifacts can be separated into a component that depends ondhdynamic process
and a component that purely depends on system parameters. The d&b is opti-
mized for contrast agent ow in perfusion imaging where the dyamic process can be
approximated by a few temporal derivative values.

This model gives a detailed understanding of these FBP reconsttion artifacts.
It can be used to predict the magnitude of artifacts for di er@t temporal dynamics
if the scan and reconstruction parameters are known. The modgdn also be applied
to further investigate di erent reconstruction parameters n a systematic way. As an
example, a comparison of di erent reconstruction sliding winow lengths has been
conducted. It could be shown that the optimal value for depemnls on the expected
temporal dynamics of the attenuation values.

A limitation of the model is that artifacts due to sudden changs of the local
attenuation values, caused for example by patient motion canh be well described.
These artifacts, which are most prominent at regions that have lsigh spatial gradient
of attenuation values, can degrade the image quality in a simal manner as the
artifacts due to contrast agent ow. In order to model these aifacts a higher number
of DWPSFs would be required to consider more terms of the Taylaeries, which
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would, however, not be practical. Alternatively, if the artfact model was adapted
such that it would use a parameterization of the time-attenuabn curves which allows
sudden changes of the attenuation values it may be possible toempately describe
these artifacts as well.

Noise in projection images was not considered in the artifact rdel. It can be
treated by separating the noise from the signal and then making aormal FBP
reconstruction of the noise. The artifact model is applied tohte signal only. The
nal result of the model is the sum of the prediction from the nage-free signal and
the reconstruction of the noise.

In this chapter, the model has been derived for the direct 2-Ban-beam FBP.
To derive it for reconstruction algorithms that use 3-D cone-bam data, like the
Feldkamp-Davis-Kress (FDK) algorithm [16], the equations inrSection[3:2 must be
extended to the 3-D geometry and the equations in Sectign Bn3ust be derived in a
similar approach using this new geometry.

All terms in the artifact model are linear and this model couldbe written as
a matrix equation if Equations (3.11), [3.Ib) and [(3.17) wereliscretized and the
derivatives were approximated by discrete derivative opetars. Hence, a numerical
inversion of this model could used to reduce the artifacts in threconstructed images.
Considering only those terms corresponding ta = 1 and n = 2 would make the
inversion approach robust against noise while still including #gnmost relevant terms.

To summarize, the novel model provides a comprehensive methtm describe
FBP artifacts from time-varying attenuation values in perision imaging. It is a
mathematically exact analysis of the FBP reconstruction algghm. This model
can lead to enhanced reconstruction approaches in intervémal perfusion imaging,
such as sliding-window reconstruction approaches for contiously rotating C-arm CT
systems, in order to optimize patient treatment during stroke tlerapy procedures.



Chapter 4

C-arm CT Perfusion Imaging
Using Interleaved Scanning and
Partial Reconstruction
Interpolation

Overview:

In this chapter, a novel combined scanning and reconstructiospproach for C-arm
CT perfusion imaging is presented. This approach increases tearal sampling of
the reconstructed data by using several interleaved scan sequesiclt also provides a
mean to reduce the reconstruction artifacts that are descrilden Chapter[3 by using
an interpolation-based reconstruction technique. The appaeh is described in detail
and it is evaluated using numerical simulations anth vivo data.

This chapter actually presents the main practical contribuibn of this thesis and
it has several links to the previous chapters. The image analgsinethods from Chap-
ter 2 are applied to the simulated data and then vivo data and the theoretical model
from Chapter[3 is considered for explanations of the artifast The following chap-
ters will also have links to this chapter. In ChapteiCb, an injetion protocol that is
optimized for the interleaved scanning approach will be ingtigated. Furthermore,
in Chapter 6.2 a software program will be described which progges data acquired
using this approach.

This chapter is based on Interventional 4-D C-arm CT perfusio imaging using

interleaved scanning and partial reconstruction interpolabn, by A. Fieselmann,

A. Ganguly, Y. Deuerling-Zheng, M. Zellerho , C. Rohkohl, J. Bbese, J. Hornegger,
and R. Fahrig. IEEE Transactions on Medical Imaging(in press).
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4.1 Introduction

In this section, rst two major requirements for image reconstiction algorithms
concerning perfusion imaging using C-arm CT will be presented.hen an overview
of previous work in this eld will be given.

4.1.1 Requirements Concerning Image Reconstruction

Image reconstruction algorithms concerning perfusion imagygg in the interventional
suite must ful Il certain clinical and technical requirements. Two major requirements
that have been identi ed are described next.

1. Short image reconstruction time: Since time is a critical factor for the
success of stroke treatment (Sectiodn_1.2.1) a short image recaostion time
is an important clinical requirement. Therefore, a computi#onally fast image
reconstruction algorithm is needed to process the large-vohe data sets which
are acquired with C-arm CT. For example, reconstructing a valne with 512
512 200 voxels at 40 di erent time points using 2 bytes for storingach voxel
value will result in 4000 MB of reconstructed image data. In[H] it is estimated
that about 10 minutes are the upper limit for the reconstructbn time that is
clinically acceptable for diagnostic at-detector perfusia CT imaging in an
acute stroke settina. If perfusion imaging is used during the intervention,
e.g. for monitoring the treatment success (Section_1.2.2), én even shorter
reconstruction times are expected to be necessary.

2. Reconstruction of tissue TACs which have a low CNR: In perfusion
(C-arm) CT imaging the TACs measured in tissue are generally checterized
by a lower CNR when compared to TACs measured in arteries, for axale
(Figure [Z8). It is a technical requirement that an image reanstruction algo-
rithm should not only process dynamic data with a high CNR correty but it
must also process the dynamic data with a low CNR correctly.

4.1.2 Previous Work

There exists some previous work that concerns image reconstian for dynamic
perfusion imaging using slowly rotating (C-arm) CT systems. This wrk can be
classi ed and summarized as follows.

1. Iterative model-based reconstruction: An iterative model-based recon-
struction algorithm is presented in[[127]. The authors used a pEmeterization
of the TACs based on Gaussian or gamma-variate basis functions. &imodel
parameters were estimated in an iterative manner by using foand projection
and backprojection operations. However, the high dimensiorigl of the pro-
posed optimization leads to very long reconstruction times antherefore it is

3Note, in a typical ischemic stroke event, on average, 19 million neurons wildie during these 10
minutes (Section[I.2Z1) [5]. Therefore, the reconstruction time has a direct impacbon the health
of the patient: every minute of reconstruction time that can be saved will, on average, rescue 1.9
million neurons.
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currently not possible to use this approach with real data durig interventional
stroke therapy (Sectiol Z.111).

2. lterative limited-angle-based reconstruction: In order to increase the
temporal sampling frequency and the temporal resolution, a rfed is pre-
sented in [128] that uses a limited view-angle interval and a jor image for
image reconstruction. However, since this is also an iterativegonstruction
approach, longer reconstruction times which would make this approach cur-
rently not applicable for use during interventional stroke teatment when
compared to an analytical approach are to be expected. Fushmore, it has
not been investigated how this method would perform with redadtic tissue TACs
that have a low CNR (Section 4.111).

3. Analytical interpolation-based reconstruction: In [L22] a method for per-
fusion imaging using a slower continuously rotating CT scanner bad on a dy-
namic Feldkamp-type reconstruction algorithm has been presied. The actual
motivation for this method was to reduce X-ray dose by operatmthe CT scan-
ner at a slow rotation speed. Unknown projection data at certaitime points
is interpolated by using polynomial splines. To increase compmtional speed,
it was suggested to perform the interpolation using partially ackprojected vol-
umes. Note, this algorithm is based on the Feldkamp algorithm®] which can
be implemented such that it is computationally very fast when sing modern
graphics hardware, for example [114]. However, this algdrh would require a
continuous uni-directional C-arm rotation which is curretly not possible (Sec-
tion [L37).

A straightforward extension of this algorithm which works wit data acquired
using bi-directional C-arm rotations is presented in[[129]. nktead of using
polynomial splines it is suggested to interpolate the missing pextion data
individually for each view angle by least-squares curve ttig with Fourier basis
functions. The interpolation accuracy is, however, limited ¥ the low number
of sample points that are acquired with one single bi-directal C-arm CT
scanning sequence (e.g., 5 samples points distributed non-onihly over a 30 s

interval [129]).

Due to the limitations of the current approaches in terms oftteir practical applicabil-
ity and performance, a novel approach will be presented in thichapter. In contrast
to the previous work listed above, it will be evaluated using simated data and in
vivo data acquired using a real C-arm CT system.

4.2 Specialized Scanning Protocol and Reconstruc-
tion Method
In this section, rst the technical challenges will be explaiad that have been identi ed

when CT-perfusion-like imaging is to be implemented using Qqa CT. This explana-
tion is more detailed than the previous explanation given ilsection[I.3.2. Then two
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approaches will be presented: a specialized scanning protoantl an interpolation-
based 4-D reconstruction method, which are the technical solahs that have been
developed as part of this thesis project.

4.2.1 Challenges in C-arm-CT-based Perfusion Imaging

This section starts with a description of 4-D imaging using C-arnCT. In order
to obtain N,y reconstructed 3-D volumes the C-arm has to be rotatel,,; times,
each time through approximately 200, in a bi-directional manner. Note, current
C-arm CT systems are not capable of continuous, uni-directioh&-arm rotations
(Section[1.31). During each rotation 2-D projection data i@ acquired. The time
period for one rotation (typically 35 s) will be denoted T,,;. A short waiting time
Tw (typically 1 s) is required between two rotations. Figuré 4.FE){top) shows the view
angle (t) 2 [0; ] of such a multi-rotational scan sequence plotted against time. A
multi-rotational scan sequence is also used in cardiac C-arm CTitlv retrospective
electrocardiogram (ECG)-gating, for example [17].

Low Temporal Sampling Frequency

In perfusion CT the sample period is typically 1 s but it may be inreased to up to
3 s and similar diagnostic quality of the computed perfusion pameter maps may
still be provided [130,[131]. However, in perfusion imaging wita C-arm CT the

temporal sample period, given byl,s + T,y, obtained with such a 4-D scan protocol,
Is typically longer than 3 s and may not be su cient for adequaé sampling of the
reconstructed time-attenuation curve. The temporal samplig frequency is de ned
as the inverse value of the temporal sample period and, in thigse, it is less than
1=3 reconstructed images per second. In particular, arterialrtie-attenuation curves,
which are used for normalization of the perfusion values (Sémt [Z.2), have relatively
fast contrast agent dynamics and may be undersampled [131].

Inconsistent Projection Data

The acquired projection data is inconsistent due to the (inteional) time-varying

contrast agent concentration in the region of interest duringpne C-arm rotation.
Two kinds of FBP reconstruction artifacts will be described that an occur. In order
to explain these artifacts one single point object with time-arying attenuation values
will be considered that is approximated by a discrete voxel. Nef due to the linearity
of the FBP the explanations can be easily generalized to an atriary number of voxels
with time-varying attenuation values.

First, the reconstructed time-attenuation curve measured athis voxel position is
not a sampled version of the true time-attenuation curve. In f&, the relatively long
acquisition process leads to a low-pass lItering of the true cue. By investigation
of the FBP algorithm it can be shown that this process can be appximated by a
convolution of the true curve with a rectangular function otemporal width T,; before
it is sampled [122]. Due to the low-pass lItering the peak valuef a reconstructed
time-attenuation curve will be underestimated even if the sapie time point, i.e. the
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central time of the C-arm rotation, coincides with the time & the peak value of the
curve.

Second, streak artifact in the reconstructed 3-D volumes carppear around the
voxel with time-varying attenuation values. A detailed desaption of this kind of arti-
fact is actually provided in Chapter3. The magnitude of thiskind of artifact depends
on the slope of the time-attenuation curve during the C-arm ration. Therefore, this
artifact will be most prominent around arterial vessels in whic the attenuation values
change rapidly and thus the time-attenuation curve has a higslope.

4.2.2 Interleaved Scanning (1S)

In order to improve the low temporal sampling (Sectioi’4.2.1gn interleaved scanning
protocol with Nseq di erent multi-rotational sequences is proposed. Each of thBlse,
multi-rotational sequences consists dfl,,; C-arm rotations, each of which provides a
full set of projection data. In total Ns¢q No: datasets are acquired. The interleaved
scanning protocol has two important features. First, a new bouwith identical
injection parameters will be injected before each multi-tational sequence. Second,
for each multi-rotational sequence there will be a di erent dlay time between the
start of the bolus injection and the start of the scanning.

This interleaved scanning approach increases the sampling déwy of the projec-
tion data space and consequently the sampling density of the rewdructed time-
attenuation curves extracted from each voxel. Figure 4.Ifpshows an example with
two multi-rotational sequences.

One can determine the temporal delay, between the start of the injection and
start of the n-th multi-rotational sequence fi =0;:::;Nseq 1) by

n
n= (Trot + Tw) Ni + 1t (4-1)

seq

wheret. is a constant temporal o set. This de nition of , leads to a regular sampling
of the central view angle =2. Other de nitions of , with non-uniform sampling
periods are also possible. Fat. Tt ONe or several baseline volumes without
contrast agent are acquired before the acquisition of the coast-agent-enhanced
volumes. In perfusion imaging at least one baseline volume is ded which will then
be subtracted from the following contrast-agent-enhanced kones (Section[Z.414).
Thus, a practical choice would bd; =  T,.

A method that is similar to this interleaved scanning approaclwas recently ap-
plied to lung perfusion imaging in rodents using a micro-CT_[23. The authors used
several consecutive small volume injections of iodinated coast agent, performed at
a series of di erent starting view angles, in order to increase ¢htemporal sampling
density.

4.2.3 Partial Reconstruction Interpolation (PRI)

With interleaved scanning as described in Sectidn"4.2.2 thenporal sampling den-
sity of the perfusion time-attenuation curves can be increasedNevertheless, the
projection data for each reconstructed 3-D volume is acquaeover a time interval
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T.ot. In order to compensate for the inconsistent projection data,ral to reduce the
two kinds of artifacts that were described in Section'4.2.1 nainterpolation-based 4-D
reconstruction approach is proposed. It is motivated by a metd that was previously
investigated using a slowly rotating CT scanner (Section’4.1.4122]. This method
has been adapted to the C-arm CT scanning approach which, inrdoast to the
method in [122], uses several interleaved sequences each lpalternating directions
of C-arm rotations. In order to describe this reconstruction gmroach, at rst only
one multi-rotational scan sequence, i.eNseq = 1, will be considered. Thereafter, the
case with multiple scan sequences will be described.

During one C-arm rotation there areN,.ws di erent view angles, starting at o,
with angular intervals . For each individual view angle |,

1= ot (1=0;::; Nviews 1) ; (4.2)

a discrete sequence of cone-beam projectigng(u; v) is acquired, whereu and v are
the usual coordinates on the at-panel detector, at time poits t;x (0 k Ny 1)
that refer to the time when the projection under the angle |, was acquired during
the k-th rotation.

In order to estimate an unknown projection valuepr., (u;Vv) at a certain time
point test With t.0  test tin, 1 ONE can apply temporal interpolation using the
known projection values:

ND(‘ 1
Brites (U5 V) = Pk (U; V) " ik (test  tik) - (4.3)
k=0

Possible interpolation functions' x : R 7! R for non-uniformly sampled projection
data, caused by the alternating directions of C-arm rotatiog, will be discussed in
Section[4.2Z.#. In order to approximate a consistent data set thiinterpolation can
be applied to estimate projections for all necessary combinatis ofl, u and v at a
certain time point teg.

However, during C-arm CT scanning the projections may not be quired at
exactly the same angular position in forward and backward roteons due to lim-
ited accuracy of the mechanical C-arm motion. This would nedively impact the
projection-based interpolation. To take this into account ad to increase the com-
putational speed, the interpolation can also be applied usingaptially backprojected
volumes. In order to describe this concept the projection dataf the k-th C-arm
rotation will be denoted as

pNviews 1;k(umin ’ Vmin); o ’ pNviews 1;k(umax;Vmax)g (44)

where the subscripts min and max indicate the minimum and maxiom detector
coordinate, respectively.

The operator PFBF{f(x)fP kg for partial ltered backprojection is introduced
in order to partially reconstruct an attenuation value at posiion x using only the
projections from P, with | 2 [l; I,] . This operator includes all steps of a normal
FBP reconstruction including the fan-beam redundancy weidimg, for example, but
backprojects the data over a limited angular interval only.



4.2. Specialized Scanning Protocol and Reconstruction Mettho 63

The PFBP operator can be implemented using a Feldkamp-type algthm [16]
as

Xom (u (x))
W (x)?

PFBP}2(x) fP g = Pic(u, (x);v (X)) : (4.5)

=1
Here, the functionsu (x) and v (x) give the detector coordinates where a beam
from the view angle | passing throughx intersects the detectorm ( |;u) is a fan-
beam redundancy weighting function[123] (cf. Equatioi{3)9vhere it is de ned for
instead ofu) and W (x) is a distance weighting function, see [114] for details. The
function P« (u; v) is a bi-linear interpolation of the pre-processed (e.qg., rgon ltered)
projection pyk (u; V).
lllustrations for these partial backprojections are shown in fgure [4.2(@). An
important property of the PFBP operator is that a normal recorstruction of the value
rec(X; K) at x during the k-th C-arm rotation, here assuming a time-independent
object, is given by the sum of all partial Itered backprojectons, i.e.

W 1 .
ec(X: K) = PFBP{ ™" Y(x)fPyg ; (4.6)
j=0

whereL = Nyiews=M and M is the number of angular interpolation intervals. In
general, the numberL of view angles per partial backprojection could also be non-
uniform and angular windowing functions could be applied. ¢ simplicity, it is
assumed thatL is an integer value. Note, the partial reconstruction interplation
approach is generic and can also be based on reconstruction atgms other than
the FDK algorithm as long as these algorithms ful Il the condiion in Equation (£.6).

One can now apply the interpolation to the partial backprojetions in order to
reconstruct a value (X ;test) cOrresponding to the time pointteg:

M 1Ny 1 _
~rec(X test) = PFBP{ ™" Y(x)fP g
j=0 k=0

" grosik test  tromuk (4.7)

Next, the use of this approach with data from an interleaved scamg protocol, i.e.
Nyt 2, will be described. In order to optimize the accuracy of thenierpolation the
data from di erent multi-rotational sequences can be combiad. Mathematically, one
changes the summation endpoint of the inner sum in Equatiof (49.from N,,; 1 to
Niot Nseq 1 and interpretsk as an index that can refer to C-arm rotations from di er-
ent multi-rotational sequences. This combined interleaved aoning (IS) and partial
reconstruction interpolation (PRI) approach is also illustraed in Figure[4.2(b) and
summarized in Algorithm[41. The combination of both methodsIS-PRI) increases
the temporal sampling density and can yield better approximabns for consistent
projection data sets.

In the IS-PRI approach the change of contrast agent concentiian in an projection
interval with L view angles is assumed to be negligible. Furthermore, the coast-
agent-induced temporal enhancement function is assumed to be ciently smooth
between two data time points in order to obtain accurate intgolation results.
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Algorithm 4.1:  Algorithm for partial reconstruction interpolation with in-
terleaved scanning data.

Input : projection data of Ngeq Nyt C-arm rotations,
number M of angular interpolation intervals,

Output : reconstructed data

/I step 1: generation of PFBP data
for @ =0 toNgq 1do
3 for g =0 toN,,y 1do

N

4 k g+ & N
5 let P, denote the set of projetion data of they-th C-arm rotation
in the g-th interleaved sequence (cf. Equatior{4.4))

6 forj =0 toM 1do

7 compute X (j; x;k)  PFBP{™" *(x) P \g according to
Equation (&3) for all (pre-de ned) voxel positionsx and store
this data to the memory or le system

8 end

9 end

10 end

11 /| step 2: interpolation of PFBP data
12 foreach voxel positionx do

13 ~rec(X; test;i) 0 8i

14 forj =0toM 1do

15 X (k)  X(j; x;k) // intermediate variable

16 sort X (k) such that the corresponding acquisition time points
t;+0:5Lk are in ascending temporal order

17 for i=0toNy, 1do

18 | ~rec(Xitesti)  ~rec(X;testi) + interpolated value of X (K) at tes;

19 end

20 end

21 end
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4.2.4 Interpolation of Non-uniformly Sampled Data

Due to the alternating directions of C-arm rotations the prgection data is sampled
using non-uniform time intervals. This has to be considered whechoosing suitable
interpolation functions ' | in Equation (&.17). There are various interpolation meth-
ods for non-uniformly sampled data and an overview of 5 di eré methods will be
provided next.

Nearest neighbor (NN) and linear (LIN) interpolation are robust aginst noisy
data and they preserve the monotonicity of the data that is beig interpolated. I.e.
the interpolated values between two adjacent sample pointge either strictly in-
creasing or strictly decreasing. Cubic spline (CS) interpolain generates smooth
curves which can be non-monotonic but it can lead to uninteretl overshoots or un-
dershoots when interpolating noisy datg [62]. Another class ofterpolation methods
are piecewise cubic Hermite interpolating polynomials (HIPY[33]. They also pre-
serve the monotonicity of the data but they generate smootheucves when compared
to linear interpolation. Radial basis function (RBF) interpolation computes an inter-
polated value by using a distance-dependent weighting of thendwn sample values
[134]. For example, in[[17] a Gaussian function has been used &sgiting function.

4.2.5 Complexity Analysis

In this section, the computational complexity of the IS-PRI ajjorithm is investigated.
This algorithm is composed of two main steps, cf. Algorithni~4.1. Ae rst step
consists of the generation of the PFBP data (Equation[{4l5)). Thesecond step
involves the interpolation of this data in order to obtain the time-attenuation curves
(Equation (&1)).

The PFBP data is generated using the FDK algorithm[]16]. The baprojection
step, which represents the most time-consuming part of this algthm, has a com-
plexity of O(Nyiews N%), cf. [135], wheren denotes the side length of the reconstructed
volume andN,i.ws denotes the number of projections used for the reconstructicf
one volume.

The complexity of the PFBP generation is independent of the maber M of
angular interpolation intervals. However, the memory that isrequired to store the
PFBP data scales linearly withM . The computational complexity to generate the
PFBP data from all Ng¢q N/t C-arm rotations is therefore

O(Nsequot N views n3) : (4.8)

Before the interpolation can be performed the data from thenterleaved scanning
protocol must be arranged in ascending temporal order. The sorg) has to be done
for all M angular intervals individually and the typical complexity of each sorting
step iISO(NseqNrot 109(NseqNrot))-

The interpolation is conducted for the time series at each vek position and
at each angular interpolation interval; thus, a number ofM n® time series to be
interpolated exist. Therefore, the interpolation step has aamplexity of

O(M Ny n®) (4.9)
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Value, set 1 | Value, set 2
Parameter Symbol | (simulations) | (in vivo study)
view-angle increment 0.5 1
number of views per rotation Nyiews | 401 191
angular range per rotation 200 190
time per rotation Trot 430 s 430 s
time between rotations Tw 1.25s 1.25s
number of rotations N ot 9 6
total scanning time 48.7 s 32.05s
source-to-isocenter distance R 800 mm 785 mm
source-to-detector distance D 1200 mm 1198 mm
area of quadratic detector pixel ( u)®> | 0:6 0.6 mm? | 0:616 0:616 mn¥
number of detector pixels Ngewix | 800 1 616 480

(no binning) | (after 4 4 binning)
total detector size 480 0:6 mm? 380 296 mnt

Table 4.1: Scan parameters for the numerical simulations artde in vivo study. The

angular range per rotation is computed as = (Nyiews 1) . The total scanning

time is computed asN,,t Tot + (Nt 1) T,. The total detector size is computed
as Ndetpix ( u)z-

where Ny, is the number of interpolation time points. Assuming that

M th Nseq Nro'[ Nviews ; (4-10)
the complexity of the complete algorithm is nally given by
O(Nseq I\Irot I\Iviews n3) : (4-11)

Thus, the interpolation step can be neglected in this asymptatianalysis and the
computational complexity of the whole 1S-PRI algorithm is aproximately that of
individual FDK reconstructions of each C-arm rotation. A simiar result was obtained
for the interpolation-based algorithm that is presented in[38], which is designed for
a continuously rotating CT scanner without interleaved scanmig.

4.3 Numerical Simulations

In this section, numerical simulations were performed to ingigate the properties of
the acquisition and reconstruction scheme described in Sectidi®.

4.3.1 Phantom Description

Three di erent time-attenuation curves were generated to mdel the ow of con-
trast agent through a large artery, a region of normally-petfsed tissue and a region
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Figure 4.3: (a) Synthetic time-attenuation curves, here witout noise, corresponding
to alarge artery (4 (t), left scale), to healthy, normally-perfused tissue ( is:n(t),
right scale) and to pathological, hypoperfused tissue ( is:p(t), right scale). The
plots show the dynamic enhancement (above the static baselinalwe) relative to the
attenuation , of water. (b) Locations of the artery and the tissue regions inhie
dynamic head phantom.

of hypoperfused tissue. The arterial enhancement ,.(t) was modeled using the
following gamma-variate function (cf. Sectiof3.411) [57]

A
( exp( 1)

art (t) = N EXp( = )H (A) : (4-12)

Here, H (") is the unit step function, A =0:5 , is the maximum dynamic enhance-
ment (above the static baseline value), , = 0:18cm ! is the X-ray attenuation of
water and = 3:0 and = 1:5 are shape parameters that were also suggested in
[57]. The dimensionless quantity = (t tg)= depends on the bolus arrival timeg
and the time scaling factor which are both measured in s. The factor controls
the FWHM of the curve. The initial values wereto = 0 and = 1 but as will be
explained in Sectio"4.3]2 in more detail these values wereriea to obtain several

di erent curves.

Using these parameter values, arterial time curves were genezdtthat were rep-
resentative of the curves that were actually measured in the vivo perfusion studies
(Section[44). Note, in the studies a bolus injection at the atc arch was used
which resulted in a higher enhancemenmA when compared to a conventional intra-
venous bolus injection into the antecubital vein which is tgically 0:25 0:30 ,,. The
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time-attenuation curves s (t) in tissue were computed using the indicator-dilution
theory (cf. Equation (ZI5)),

Zt
is(t) = CBF wi — an()r(t )d (4.13)
8
<1 fort<Ty
ree) = . t To) . _ (4.14)
CexXp g, 5 fort To;

with o = 1:04g=ml. The shape of the residue functiomr (t) and the value Ty =
0:632 MTT were chosen as suggested i [137]. According to Equatidn (3)2MTT
can be computed as

MTT = CBV =CBF : (4.15)

The values CBF = 60 mE100g-min and CBV = 4ml=100g were chosen to gen-
erate a time-attenuation curve s.y(t) for healthy, normally-perfused tissue and
CBF = 20mI=100g-min and CBV = 4ml=100g were chosen to generate a time-
attenuation curve  s.p(t) for pathological, hypoperfused tissue. A plot of all three
time-attenuation curves is shown in Figur¢ 4.3(@).

A dynamic Shepp-Logan-type head phantom [188],a(X;t) was created that
contained three circular regions of interest (ROI) with varyng attenuation values,
see Figurd 4.3(). The rst ROI (radius 1 mm) modeled an artery \th attenuation
values , + art (t). The second and third ROIs (radius 2 mm each) modeled tissue
regions with attenuation values , + tis:n(t) and , + iis:p(t), respectively.

The constant attenuation values of the elliptical skull (oute radii 62 mm and
92 mm) and the brain tissue were 2,, and ,, respectively. The constant attenuation
values of the two inner ellipses were chosen to be9B ,. In order to improve the
reproducibility of the results, a more detailed description ofhis phantom along with
relevant source code is available online [139].

4.3.2 Investigations

C-arm CT scanning of the 2-D phantom was simulated with a lineadetector array
using the scan parameters from set 1 in Table—4.1. Poisson-distrtbd noise was
added to the projection values of ya(X;t) assuming an emitted X-ray ux density
of 21 1P photons per mn? at the source-to-detector distance as in [127].

Di erent numbers Nseq 2 f1;2;3;4g of scan sequences and di erent numbers
M = 11;2;3,4;5;6;12 18y of angular interpolation intervals were used. The ve
interpolation functions from Section[4.Z4 were applied ahthe interpolation time
step was set to 0.5 s. These 160 di erent combinations of IS-PRI @aneters were
used to simulate scanning of the phantomn,(X;t). For each instance the scanning
was repeated ten times each time having a di erent noise readtion and di erent
values forto and . These values were uniformly distributed in the intervaldg 2
[0; (Tyot + Tw)[ and 2 [0:85; 1:15], respectively. This was done in order to take
into account variations due to di erent, relative shifts bewveen start of the scanning
and the bolus arrival and also variations due to di erent shape of the curves. The
thickness of the reconstructed slices was 9.6 mm which is a typliocvalue for neuro
perfusion CT data. The reconstruction of thick slices was reakd by averaging 16
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Figure 4.4: Simulation with noisy, synthetic data correspondig to (a c) healthy and
(d f) pathological tissue. The graphs show mean and standard d&tion of dier-
ent measures with known ground truth (GT; dashed line) for di éent interpolation
methods (abbreviations explained in Section 4.2.4) and nurars Neeq 2 f 1;2; 3; 49
of interleaved sequences. The di erent colors of the bars cespond to values from
Nseqg = 1 (dark) to Ngeq = 4 (bright).
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noisy projections, i.e. the slice thickness divided by the detiee pixel size, for each
view angle. The in-plane voxel spacing was 0.2 mm.

In order to analyze the reconstructed data, the focus was punhdhe following two
aspects. First, the accuracy of measured perfusion values (CBFBZ, MTT, TTP)
was investigated for the healthy and pathological tissue. Seut, the reconstruction
artifacts due to inconsistent data around the simulated arteryvere investigated, cf.
Section[4.Z.1L.

The perfusion parameters CBF, CBV and MTT were computed usinghe TSVD
algorithm (Algorithm £.I) with a xed threshold value of 20% ofthe maximum sin-
gular value. Recall that in this algorithm the arterial time curve .. (t) and the
tissue time curve s are deconvolved and the peak value and the integral of this
deconvolved function give the CBF and the CBV, respectively, hereas MTT is the
ratio of both (Equation (£.15)). TTP was determined directly from the tissue time
curves.

The reconstruction artifact around the artery was quanti ed by measuring the
average absolute deviation from the ground truth value in anraular region around

the artery. The following expression de nes the pixel positiaax; (i =0;:::;N; 1)
that lie within this annular region:
o X+ Y2 (Bran): (4.16)

The outer radius was set to 3, after initial evaluation of di erent radii in order to
have the majority of the artifact within the annulus ring. The measure 5 of the
mean reconstruction artifact for a given time pointt.g; is de ned as

1™t .
art (Test) = N J ~rec (Xi; test) pha (Xi;test)] : (4.17)
i =0

4.3.3 Results

Figure [44 shows the mean and standard deviation of the compudteerfusion pa-
rameters CBF, CBV and TTP from reconstructions with a constanimumberM =6
of angular interpolation intervals and di erent interpolation methods. Results with
di erent numbers M will be discussed later. According to the central volume theo-
rem, see Equation[{Z.15), only two of the three parameters CBEBV and MTT are
independent and, for brevity, the MTT plots which show similarqualitative results
as the CBF and CBYV plots were omitted.

Generally, the standard deviation of the computed parametevalues, which is a
measure for the variability, decreases when the numbBlse, of interleaved sequences
increases. Especially the standard deviation of CBF and TTP (hethly tissue) de-
creases signi cantly whenNsq is increased from 1 to 2. For example, with linear
interpolation the standard deviation of CBF in healthy tissue @&creases from 14.3
ml/100g/min to 3.6 ml/2100g/min when two interleaved sequenes instead of one se-
guence are used. For pathological tissue these values are 2.9100g/min and 1.5
ml/100g/min.

The mean TTP values get closer to the ground truth value for ineasing Nseq
and the mean CBF and mean CBYV values tend to get overestimatedspecially for
pathological tissue.
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Figure 4.5: Simulation with noisy, synthetic data: Mean and stadard deviation
of estimated CBF, CBV and TTP with known ground truth (GT; dashed line) de-
pending on di erent number N Of interleaved sequences and di erent numbers
M 21 1;2;3;4,5;6; 12 18g of angular interpolation intervals (the bars are ordered in
increasing numbers oM ) investigated using pathological tissue and applying linear
interpolation as interpolation method.



72 Chapter 4. C-arm CT Perfusion Imaging using 1S-PRI

0.012 0.012
— > N — > N
seq seq
0.0 0.01
0.00 ]l 0.008
@ 0.00 @ 0.006
) o
E E
© 0.00 A4 - BRI - Ll |- | © 0.004
0.00 0.002
0 L 0
NN LIN HIP cs RBF NN LIN HIP cs RBF
(@ M =1, Ngeg =3, xedtime: t=9s (b) M =6, Nggq =3, xed time: t=9s

(c) ar(t) as a function of time, LIN interpola-
tion
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ordered in increasing numbers oNs,) and interpolation methods (abbreviations
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computed with linear interpolation (LIN) as a function of time. The dashed lines
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Figure 4.7: Reconstruction of a simulated arterial vessel withrhe-varying attenua-
tion values from (a d) noisy and (e h) noise-free input data usng Nseq = 3 interleaved
sequencesM is the number of angular interpolation intervals. The windowng is from
10 HU (black) to +10 HU (white).

Figure [43 shows the CBF, CBV and TTP of the simulated pathologal tissue
as a function of di erent number M of interpolation intervals when using linear
interpolation. For Ngeq 2 f 3;4g the mean of the estimations of CBV and TTP
varies with increasingM values while the CBF estimation is nearly una ected by
di erent M values. It can be observed that the results wittM 2 f 12, 18g are similar
to the results with M = 6. Generally, the estimation of the perfusion parameters
does not improve signi cantly when increasingV for neither the pathological tissue
(Figure [4.3) nor for the healthy tissue (data omitted for brewy).

Results for the reconstruction artifact around the simulated dery are shown in
Figure 48. Figure[4.6(d) shows . (t) for dierent time points t when using the
linear interpolation method. If Ngeq > 1then the value of ,.(t) decreases foM =6
when compared toM = 1. For comparison of di erent interpolation methods, in
Figure[4.6(a} [b)jthe mean and standard deviation is plottedfor a reconstruction time
point during the arterial out ow phase (test = 95, see Figurd 4.3(4)). The value of

art (9 8) from a reconstruction without any simulated contrast agent owis indicated
with a dashed line, this value is purely due to the noise in the pjection images and
thus also the reconstructed images, cf. de nition of 5 in Equation (@.11).

As a visual example Figurd_4]7 shows reconstructions of the simigld arterial
vessel at the time pointtesy = 95 for di erent numbers M, here with an in-plane
voxel spacing of 0.1 mm. Additionally, also the results obtaimefrom noise-free input
data are presented in this gure.
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4.3.4 Discussion

The results show that perfusion parameters can be measured wids$ variability, i.e.
lower standard deviation, when severalNseq > 1) interleaved sequences are used. A
few exceptions exist that could be explained due to the specisampling pattern,
see Equation [[4.11) and the shape of the synthetic curves which é¢dde optimal for
speci ¢ values ofNse,. The mean value estimation of the perfusion parameters is not
generally improved with an increased numbeN s of interleaved sequences.

In brain perfusion imaging the relative comparison of perfusiovalues in the
healthy and diseased hemispheres is more signi cant than absauperfusion values
[3]. Therefore, the variability of the measurements is a morienportant aspect than
the mean values.

For Nseq  2the performance of the di erent interpolation methods is coparable.
Linear and nearest neighbor interpolation may be favored inrpctice because they
can be implemented such that they are computationally very &. Of these two
methods, linear interpolation shows slightly better results (g., lower variability of
CBF, CBV and TTP measurements forNs.q = 2). With two interleaved sequences
the variability for the measured perfusion parameters may atady be low enough for
application in brain perfusion imaging.

For Nseq > 1, the variability of the parameters CBF and CBV does not decrase
for increasingM . This e ect can be explained by the deconvolution-based peigion
analysis. IfM = 1 then the reconstructed time curves have been low-pass ltered
before sampling and interpolation. The low-pass Itering carbe approximated by
a convolution with a rectangular function of temporal width T,,; (Section[Z421).
Note, both the arterial and the tissue curves are low-pass Iteckwith a similar Iter
kernel. Mathematically, the deconvolution operation of tw functions is invariant to
a preceding convolution of each function with the same lter &rnel.

It should be noted that other measures of the tissue time curves wh do not
depend on the normalization with the arterial time curve, sut as peak value, can
improve for increasingM as has been shown in[22]. However, the investigation of
clinically relevant parameters such as CBF is more signi cant

The major advantage of usingM > 1 can be seen in Figures—4.6 arid 4.7. When
using the PRI approach it is possible to approximate a consistent tiaset of projec-
tion values and to reduce the reconstruction artifacts due tdata inconsistencies. It
can be seen that fot = 9 s, for example, the artifact is reduced almost completely if
Nseq 2. This can be explained by the linear slope of the arterial timattenuation
curve at this time point which enables accurate estimation ahe unknown data by
means of linear interpolation. Choosing higher numbers! of angular interpola-
tion intervals than M = 6 does not signi cantly improve the results, although small
changes can be seen in the noise-free data of Figlreg 4.7. Thamefit is suggested
setting M to 6 in order to reduce the computational complexity.
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4.4 In Vivo Study

In order to show the clinical feasibility of the novel IS-PRI appoach and to validate
it under realistic conditions, anin vivo brain perfusion study with 5 healthy pigs has
been conducted where perfusion CT was used as reference forvalaation.

4.4.1 Material and Methods

The following procedure was performed under institutionalaview board approval
for each of the 5 perfusion-normal pigs (mean weigti4 4:7kg). The pig was
sedated and placed on a respirator. A 5-French di usion cathet¢Vanguard, Medrad
Inc, Idianola, PA, USA) was placed at the root of the aortic arch nder uoroscopic
guidance. During the study iodinated contrast agent (Omnipage, 350 mg iodine/ml,
Nycomed, Princeton, NJ, USA) was injected which was diluted with an equal
amount of saline using a programmable dual head power injecto(Accutron HP-D,

Medtron AG, Saarbriicken, Germany). Using this injector, dela times could be
programmed with 0.1 s precision. Each bolus was injected at ateaof 6 ml/s for 8 s,
resulting in 24 ml of pure contrast agent per injection.

A number Ngeq = 6 interleaved sequences were acquired with a clinical C-arm
CT system (Axiom Artis dTA with syngo DynaCT, Siemens AG, Healthcare Sector,
Forchheim, Germany) using the C-arm CT scan parameters from sgtof Table[4.].
Retrospectively, three additional subsets of sequences witeq = 1 (1% sequence
of the superset),Ngeq = 2 (1% and 4" sequence of the superset) anllseq = 3 (1%,
39 and 3" sequence of the superset) were created. The size of each recons#cl
volume was256 256 256isotropic voxels with a voxel side length of 0.5 mm and the
interpolation sampling interval was 1 s. Based on the experieaérom the simulations
the numberM of interpolation intervals was set to 6 and linear interpolabn was used.

For validation, a perfusion CT (rst 2 animals: Somatom Sensatio 64, Siemens
AG, Healthcare Sector, Erlangen, Germany; last 3 animals: Lig8peed 16, GE
Healthcare, Milwaukee, WI, USA) was acquired for each of the 5 emals with the
same injection parameters as for the C-arm CT scans. The data iinothe perfusion
CT exam was reconstructed with a pixel size d:39 0:39 mm?, a slice thickness of
9.6 10.0 mm and a temporal sampling interval of 0.5 1.0 s. Forhe C-arm CT data
reconstructions were created which had with similar slice thkoesses by applying a
moving average Iter (kernel size 9.5 10.0 mm) perpendicufato the orientation of
the reconstructed slices.

After reconstruction of the 4-D C-arm CT data set the time-attemation curves in
an arterial and a venous vessel and in a tissue region were evagdhgualitatively. A
quantitative evaluation was carried using the computed pewkion parameter maps.

For this evaluation, at rst the 3-D C-arm CT perfusion maps wee registered onto
the 2-D perfusion maps (2 3 slices per animal) obtained with CTA rectangular grid
with a line spacing of 10 pixels was used to subdivide the wholealm area into square
ROIls. For each ROI the mean perfusion values (CBF, CBV, MTT) wereomputed
using software based on the TSVD algorithm (Algorithni2]1).

The linear correlationr ., [62] between the perfusion CT map and the (registered)
perfusion C-arm CT map was determined by using the data from aROls. In order



76 Chapter 4. C-arm CT Perfusion Imaging using 1S-PRI

Figure 4.8: Transversal C-arm CT image of a pig head that shows @hlocations
of the extra-cranial arterial (A) and intra-cranial venous {) vessels and the tissue
(T) region that were selected for plotting of the time-attenation curves shown in
Figure[49. The windowing range is from 75 HU to +375 HU.

to decrease the inuence of large vessels a vascular pixel eliation (VPE) was
additionally applied; similar to the method described in[[98] If the mean CBV
value from perfusion CT in a certain square ROl was above the tbshold value of
8 ml/100g (this value was suggested in[98] for human data andwas assumed that
it also applies to the data from thein vivo pig studies because of the similarities of
the human brain and the pig brain [140]) then the data from thé ROl was not used
for the correlation analysis.

An alternative evaluation method would be to manually select RIs in di erent
gray and white matter regions as done in_[25]. The evaluatioconducted in this
chapter does not require manual selection of ROIs and is théoee user-independent.

4.4.2 Results

Figure [£.8 shows the locations of the arterial and venous vessaihd the tissue re-
gions that were selected for investigation of the time-atteration curves. The time-
attenuation curves from one animal are shown in Figure—4.9. Wi increasing Neq
the FWHM of the reconstructed curves decreases and gets closerthe value from
the reference CT. The curves obtained with 1S-PRI are genehalsmoother than the
curves from CT. The smoothest curves are obtained witNs.q = 1. These qualitative
ndings also hold for the results of the other 4 animals of the stly.

A representative 3-D CBF data set of one animal is given in Figer4.10 by
displaying 3 orthogonal planes through the volume. No severe asyetry can be
seen in the transversal and coronal planes as would be expecteaht a healthy
animal. Figure[£I1 shows a comparison of the CBF maps of one raal obtained
with perfusion CT and with perfusion C-arm CT using IS-PRI (Nseq =2, M = 6).
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Figure 4.9: Reconstructed time-attenuation curves obtairefrom one pig in thein
vivo studies using di erent numbersNgeq 2 f 1;2; 3; 4g of interleaved sequences and
M = 6 angular interpolation intervals. The data from a perfusion CT(PCT) exam

is given as reference. For each curve the rst sample point vauvas subtracted to
allow for better comparison.
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Figure 4.10: 3-D CBF data (unit: ml/100g/min) of a perfusionnormal pig computed
from 4-D data acquired using the I1S-PRI approach. The color bapplies to all three
images.
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Parameter VPE | Ngeq | A B C D E Mean SD
CBF [mI/100g/min] | no 1 0.97/ 092, 0.91| 0.87| 0.95| 0:92 0:04
CBF [ml/100g/min] |yes |1 0.79]/ 0.80| 0.58| 0.54| 0.62 | 0:67 0:12
CBV [mI/100g] no 1 0.98] 0.96| 0.92| 0.87| 0.96 | 0:94 0:05
CBV [mI/100g] yes |1 0.75| 0.73| 0.52| 0.42| 0.49| 0:58 0:15
CBF [ml/100g/min] | no 2 0.97| 0.95/ 0.93| 0.88| 0.94| 0:94 0:03
CBF [ml/100g/min] | yes |2 0.79| 0.82| 0.74| 0.55| 0.63| 0:71 011
CBV [ml|/100g] no 2 0.98| 0.96| 0.93| 0.89| 0.96| 0:94 0:04
CBV [mI/100g] yes |2 0.78| 0.77| 0.59| 0.46| 0.53| 0:63 0:14
CBF [ml/100g/min] | no 3 0.93/0.95/0.94| 0.89| 0.93| 0:93 0:02
CBF [ml/100g/min] |yes | 3 0.80] 0.83| 0.78| 0.59| 0.65| 0:73 0:10
CBV [mI/100g] no 3 0.98| 0.96| 0.94| 0.91| 0.95| 0:95 0:03
CBV [mI/100g] yes |3 0.77| 0.76| 0.71| 0.51| 0.61| 0:67 011

Table 4.2: Linear correlation coe cientr; between perfusion parameters that were
measured with CT and C-arm CT in 5 healthy pigs (labeled from Ad E). VPE:
vascular pixel elimination, SD: standard deviation.

Table[4.2 shows the linear correlation coe cients .o between perfusion CT and
perfusion C-arm CT parameters for the results with and withoutvPE. For brevity,
the detailed results for MTT have been omitted. The mean cortations for MTT
were generally lower (¢or = 0:12 with VPE, r¢or = 0:35 without VPE for Ngeq = 2)
but also showed an increase for increasifkeq (rcor = 0:31 with VPE, reor = 0:51
without VPE for Ngeq = 3).

4.4.3 Discussion

The results from Figurel 4.9 show that the time-attenuation cures measured with the
IS-PRI approach are comparable to those measured with CT. The swibness of the
curves with 1IS-PRI could be explained by the potential undersapling, especially at
low numbersNgeq, and the interpolation, both of which act as a low-pass Itemg.

Compared to conventional multi-slice perfusion CT it is possiklto measure vol-
umetric perfusion with the I1S-PRI approach (Figure[4.1I0). A diailed discussion of
the advantages of volumetric perfusion measurement for strokiagnosis is provided
in [141].

The mean correlation of the computed C-arm CT perfusion valgewith perfusion
CT increases for increasind\seq regardless of whether vascular pixels are kept or
eliminated. While the mean correlation is highest when vasail pixels are included
in the analysis, it is also very high if the vascular pixels are reoved. In that case the
improvement when using increasing numbeds., is most prominent. The standard
deviation of the mean correlation decreases for increasiNge,. The evaluation with
VPE may be clinically more signi cant, in order to evaluate tissugerfusion, than the
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evaluation without VPE. Nevertheless, the results without VPE show tke correlation
between perfusion CT and perfusion C-arm CT values on a broadeange of values.

Higher numbersM of angular interpolation intervals were not evaluated as t
results from the simulations did not show a signi cant improvemet for M > 6.
The simulations showed that reconstruction artifacts could beeduced withM = 6
compared toM = 1. With in vivo data these reconstruction artifacts were di cult
to evaluate due to the lack of ground truth data.

In order to increase the CNR of the measured tissue time-attenuati curves a
contrast agent bolus injection at the aortic arch was used (Clpger B). With this in-
jection, which is feasible during stroke therapy procedureas the interventional suite,
the fraction of contrast agent that actually reaches the brai is increased compared
to an intra-venous contrast agent bolus injection (Section. ).

The interleaved scanning with multiple contrast agent bolusnijections is based
on the assumption that similar contrast agent ow patterns can begenerated in
the patient's brain for each bolus injection. With contrast @ent bolus injections
at the aortic arch the bolus travel time to the brain is very sha which improves
the reproducibility of the contrast agent ow pattern. ECG-triggered contrast agent
bolus injections, which were not performed in this study due tbhardware constraints,
could reduce the in uence of the cardiac cyclé [132] whichwd further increase the
reproducibility.

The necessity for two separate injections could be relaxed if aplane C-arm
angiography system was used where both planes could acquirejpctions simulta-
neously during the C-arm rotation. In that case two interleavd sequences could be
acquired with only one contrast agent bolus injection.

The study was not optimized for X-ray dose reduction. When used ialinical
practice the applied dose of a protocol with two interleaved ao sequences may be
similar to the applied dose of current volume perfusion CT protmls [142].

A more detailed analysis of the clinical data focusing on clicél aspects such
as di erent injection protocols and a di erentiation of gray and white matter was
carried out in [25]. In [25] the correlation between perfusioCT and perfusion C-arm
CT was computed using manually selected circular ROIs and a &ar correlation of
reor = 0:88 was obtained with two interleaved sequences. Also with the autatic,
user-independent ROI selection approach as carried out in thchapter the correlation
of CBF and CBV is very high (ranging fromr o = 0:6310 r¢or = 0:94f0r Ngeg = 2).

4.5 Summary and Conclusion

A novel combined scanning and reconstruction approach was peaited in this chapter
that allows for tissue perfusion measurement in the intervential suite. Emphasis
was put on computational speed of the methods, e.g. by using a med FDK-based
reconstruction algorithm, so that this technique could be usedbr intra-operative
imaging during stroke therapy procedures (Sectidn 4.1.1).

Using numerical simulations it has been shown that with two intdeaved sequences
the variability of estimated perfusion values is su ciently low such that this method
could be used for clinical decision making. These simulations neecarried out with
C-arm CT scan parameters that are representative of current symns (Table[4.1).
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The results are expected to improve with faster C-arm rotatiorspeeds accompa-
nied by faster detector readout rates and shorter waiting tine between rotations,

e.g. realized with robotic C-arm CT systems such as the Artis zee@Siemens AG,

Healthcare Sector, Forchheim, Germany). Furthermore, witmew biplane C-arm

angiography systems the two interleaved sequences could beuacgg using a single

contrast agent bolus injection only.

The in vivo studies were based on a healthy pig model and the perfusion parster
maps computed from data acquired with the novel IS-PRI apprad showed promising
correlations with those from a reference perfusion CT. Furtlevalidation in stroke
cases and human patient studies is necessary and should be cardetin the future.



Chapter 5

Evaluation of Contrast Agent
Bolus Injection at the Aortic Arch:
Automatic Measurement of Bolus
Distribution

Overview:

In this chapter, a novel algorithm for time-resolved 2-D DSAmage data is presented.
It is used to evaluate a contrast agent injection protocol thaapplies an injection at
the aortic arch for C-arm CT perfusion imaging. The algorithmperforms an au-
tomatic segmentation of both common carotid arteries (CCA) bsed on dedicated
spatio-temporal weighting functions. Then it computes the fative distribution of
the contrast agent bolus between the CCAs. A uniform distributio of the contrast
agent is actually desirable for comparison of perfusion betweehe left and right
hemispheres. The algorithm can be used for retrospective evaioa of the bolus
distribution to assess new injection protocols or for intra-proedural optimization of
the injection catheter location.

This chapter is based on Automatic Measurement of Contrast Bols Distribution

in Carotid Arteries Using a C-arm Angiography System to Support Iterventional
Perfusion Imaging, by A. Fieselmann, A. Ganguly, Y. Deuerling-Beng, J. Boese,
J. Hornegger, and R. Fahrig. InProc. SPIE Medical Imaging 2011: Visualiza-
tion, Image-Guided Procedures, and Modelingolume 7964, pages 79641W1 6, Lake
Buena Vista, USA, 2011[]30].

83
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(a) aortic arch and CCAs (b) right CCA

Figure 5.1: (a) Anteroposterior view onto the heart with labedd aortic arch and
right and left common carotid artery (CCA). (b) View onto the right CCA. Original
images taken from[[146].

5.1 Introduction

In CT and MR brain perfusion imaging the contrast agent bolus isnjected intra-
venously. Usually a large vein of the arm (antecubital vein) ishosen[[143, 144]. After
an IV injection the bolus travels through the heart and the lung and it is well-mixed
with the blood when it arrives in the brain. This type of contrast agent bolus injection
can also be used in perfusion C-arm CT imaging. However, for thigp@ication,
also alternative contrast agent bolus injection strategies wid be possible since the
patient is located in the interventional suite and already ctheterized for vascular
therapy (Section[L.2).

For example, the contrast agent bolus could be injected dirtg into an artery
using an injection catheter. A selective injection into one dhe two common carotid
arteries (CCA, Figure[5.1) would be possible. This approach idraady applied for
the acquisition of DSA data [9/145], for example. However, wheising this kind of
injection approach, the bolus would ow into one of the hemidperes of the brain only.
Therefore, no comparison of the perfusion between the left andjht hemispheres
could be carried out which is actually desirable in perfusionmaging.

A di erent approach would be to inject the contrast agent bols at the root of
the aortic arch (Figure|5.1(a)). This would allow the bolus ¢ ow into both CCAs.
This kind of bolus injection has two potential advantages.
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1. The fraction of the contrast agent that actually reaches th brain is expected
to be higher when compared to an IV injection. Note, after an IMnjection a
signi cant fraction of the contrast agent bolus will ow directly to the trunk and
lower extremities after leaving the heart. A higher fractia of the contrast agent
bolus that reaches the brain results in a higher SNR of the measal TACs,
which is desirable for the subsequent image analysis. Alternatlyeinstead of
increasing the SNR, the amount of injected contrast agent coulde reduced
while providing a similar SNR when compared to an IV injection.

2. Because the traveling time from the aortic arch to the brains relatively short,
physiological variations (e.g., heart rate) during the traeling time will have a
smaller in uence when compared to an IV injection. This can kd to more
reproducible contrast bolus injections which are requiredof the interleaved
scanning approach presented in Chaptét 4.

In order to compare perfusion values between the left and riglemispheres,
equal amounts of contrast agent are required to ow into both CAs. However, the
exact location of the injection catheter at the aortic arch ad potentially also further
injection parameters can in uence the distribution of the catrast agent bolus in the
CCAs.

In this chapter, an automatic algorithm will be presented to gantify the contrast
agent bolus distribution in the CCAs based on time-resolved 2-D A data. The
algorithm will be applied to data acquired as part of a C-arm T perfusion study
(Section[4). The aim is to investigate if a uniform contrast age distribution is
possible when using an injection at the aortic arch. The algohin could also be
used during the intervention in order to optimize the injecton catheter position by
providing additional quantitative information.

5.2 Description of the Algorithm

Figure®.:2 and Algorithm[®.1 depict an overview of the algofitm. After pre-processing
of the raw data (step 1), the CCAs are segmented fully automatitg (step 2). Then
the end of the contrast agent wash-in phase is determined fromehime-intensity
curves of the CCAs (step 3). This information is necessary to come the so-called
contrast agent volume map (step 4). Finally, the contrast agenvolume map and
the segmentation result of the CCAs are used to compute the cardtcontrast agent
distribution ratio (CCDR) parameter (step 5).

5.2.1 Pre-processing

The rst step of the algorithm is the pre-processing of the measudedata. The
variable psyp(U; v; t) is introduced in order to denote the baseline-subtracted pregtion
values at the detector coordinategu;v) and at time t. In this chapter, all variables
are denoted as continuous variables for simplicity. In a préical implementation they
can only take discrete values, of course. The baseline subtraatic accomplished by
subtraction of the projection value before contrast agent eats the eld of view.
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Figure 5.2: Overview of the algorithm to measure the contrastgent bolus distribu-
tion (CCDR) in the common carotid arteries (CCA).
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Figure 5.3: (ac) Spatial (wsy), temporal (W) and combined (vemp) Weighting
functions. The windowing is from 0 (black) to 1 (white). (d e) Unweighted tMIP
(Pwip ) and tMIP weighted with wemp (Php )- Both tMIPs have the same windowing
from O (black) to the half maximum of the image data correspondg to (d) (white).

Note, to convert the measured photon ux density into line integals of attenuation
values, i.e. projection values, a logarithmic transform and ahange of sign must be
applied rst. To reduce noise, a 2-D spatial Gaussian Iter with stamdard deviation
of 2.5 mm is applied to all time instances Opsyp(U; V; t).

5.2.2 Segmentation of Carotid Arteries

The common carotid arteries are segmented from a temporal meum intensity
projection (tMIP) of psup(U; v;t) which will be denoted agwip (U; V). First, a spatio-
temporal weighting of ppp (U;V) is applied in order to increase the intensity of the
CCAs relative to other structures. The combined weighting furtion wem, 2 [0; 1] has
a factor wsp: 2 [0; 1] that uses prior knowledge of the spatial position of the CCAs



5.2. Description of the Algorithm 87

and a factorwyy,, 2 [0; 1] that uses prior knowledge of the expected temporal contrast
agent dynamics. The weighted tMIP, denoted by, (U; V), is then given by

Pavie (U; V) = Wemp (U; V) Prvie (U; V)
= Wept(U)  Wimp (U V) Prvip (U5 V) (5.1)

The weighting functions wgp:(u) and wimp (u; v) will be described next. The spatial
weighting assumes that the CCAs can be found near the center ofethmage. To
mathematically de ne wgpy(u), the 1-D Gaussian-type functionGs (x) is introduced

as
2 ’ (In(2))** | 21A
1 X 2(In(2))®
_— _— - @ _— .
@ 8255 exp : exp : X ; (5.2)

It has the amplitude scaling factor& and the standard deviation&,

Gi(x)= &

&= &)’ (5.3)
&=(8In@) ° 1; (5.4)

and the parameterf which controls the FWHM. Then, wgy(u) is de ned as
Wept(U) =2 Gy(u  up) 1: (5.5)

Here, U is the total width of the detector and ug is the center coordinate of the
detector, both with respect to theu-coordinate. See Figurg 5.3(h) for an example of
Wspt(U). Di erent smooth weighting functions would of course also be ssible.

The temporal weighting assumes that the contrast agent arrivesarlier in the
arteries than in the draining veins. The expected time-to-pk value of the time-
intensity curve measured in the CCAs is denoted biax.e. This value can be chosen
relative to the duration T, of the contrast agent injection. For example, it can be
set to tpaxe = 1:2 Tiyj. The temporal weighting functionwiy, (u; v) is then de ned as

8

<1 -for t V) <t

Wimp (u;v) = | . - or maX(U.V) max;e (5.6)
’ GtmaX ;e(tmax(U, V) tmax;e) ) for tmax(U, V) tmax;e

tmax (U; V) = arg rtnaX(psub(u; vit)) ; (5.7)

wheretnax is the time-to-peak at position(u; v). An example forwiy,, (U; v) is shown
in Figure [5.3(b).

For the following analysis of the bolus distribution, a compke segmentation of
the CCAs is not required. Thus, the CCAs are only segmented in a RQVhere
V2 [Ve Ww=2Ve+ V,=2]. The parametersv,, = 60 mm and V¢ = Vmax.cran  Vaw
are used where/max.cran IS the v-coordinate at the cranial end of the image. These
parameters have been chosen empirically and work well for igal DSA data sets
acquired at the aortic arch. In the future, a more adaptive ROselection may be
used. See Figureé5l.4 for a graphical visualization of the bouaries of the ROIL.

Next, the centerlines of the two CCAs can be segmented in the ROf the im-
agepype (U;v). To this end, a simple technique is used that looks for the 2 hight
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intensity values, separated by a minimum distance of 5 mm, alondne line in the
u-direction for a givenv-coordinate. Two paths are created by connecting the coordi
nates of these maxima starting from a maximum at the left and rigt side respectively
(Algorithm 5.1). One may introduce further prior knowledge ly requiring that the
centerlines are allowed to have a certain maximum curvaturenly. Figure[5.4 shows
an example of the segmentation. Note, di erent 2-D vessel cenlige segmentation
methods exist as well and are described in[147,148], for exdenp

5.2.3 Computation of Contrast Agent Volume Map

The contrast agent volume map (CVM) is introduced as a relativeneasure to estimate
the amount of contrast agent that has owed through a certain €gion. In particular,
the CVM is used to compute the carotid contrast agent distributio ratio (CCDR)
in Section[5.Z%. Due to the linearity of the iodinated contist agent and the X-ray
attenuation value (Section[6.1l), the measured baseline-suatted projection value
Psub(U; Vv; 1) is proportional to the total mass of contrast at timet that is intersected
by the X-rays from the source to the pixel centered atu,v) [99].

First, the duration T,ashin Of the contrast agent wash-in phase is determined
relative to the average time-to-peak ax.cca measured inside the (segmented) CCAs.
For example, it can be set tOTyashin = tmax:cca t 1 S Where s denotes seconds. Then,
the CVM, denoted by p.ym(U; V), is computed as

Twash ;in

Povm (U; V) = . Psub(U; v; t) dt : (5.8)

The integration interval is limited to the wash-in phase to fulll the condition that
the measured dataps,p(U; v; t) has only contributions from a single vessel. The CVM
can be displayed for a visual assessment of relative contrast agentus distribution.
A quantitative evaluation of the CVM is done by computing the CCDR, as described
in Section[5.Z.4.

5.2.4 Computation of Bolus Distribution

The carotid contrast agent distribution ratio (CCDR) is compued using the seg-
mented centerlines of the CCAs and the contrast agent volume mgCVM). For

eachv-coordinate in the ROI,v 2 [v. Vvy=2;V + V,,=2], there is au-coordinate for
the segmented centerline of the left CCAUer) and the right CCA (Ujgn: ). For a

given v-coordinate, thev-speci c CCDR can be approximated as

CCDRy  pevm (Uiert (V); V) = Roym (Urighe (V)5 V) - (5.9

The nal CCDR value is computed by averaging over the valueshdained using the
di erent v-coordinates.
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Algorithm 5.1:  Algorithm to compute the carotid contrast agent distribu-
tion ratio (CCDR) from a 2-D DSA sequence.

Input : pre-processed projection dat@as,,(u;Vv;t) (see Sectiom 5.2]11)
Output : CCDR value

Powie (U;V)  max(psup(U; vit)) 8 ujv
compute piy,p (U; V) according to Equations [5.11), [5.6) and[(516)

3 /I extract centerlines of left and right CCA
4 forall the v 2 [v. vyw=2;Vv.+ vy,=2] (see Sectiom 5.212§lo

12
13

14

15
16
17
18

19

20

21

(u)  piue (u;v) 8u [/ intermediate variable

/I get location of first maximum
Uret (V) argumax( (u)

(Uer(v)) O
/I get location of second maximum
repeat

Uright (V)  arg umax( (u))

(Urignt (v)) O
until J (uleft) (uright)j S mm

/Il by convention, the  u-coordinate of right CCA must be
lower than the u-coordinate of left CCA

if Uright (V) Uleft (V) then
swap values betweee (V) and Uyign: (V)

end

end

compute pevm (U; V) according to Equation [5.8)
compute v-speci ¢ CCDR value (CCDR,) according to Equation [5.9)
compute nal CCDR value by averagingCCDR, over all v-coordinates
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5.3 Experimental Evaluation

5.3.1 Material and Methods

The algorithm was tested using DSA sequences from 5 anesthetibedlthy pigs. The
data was acquired as part of the perfusion studies which are dabed in Chapter[4.
The DSA sequences, acquired at 7.5 frames per second, were aalyretrospec-
tively to compute quantitative parameters. For future patient studies only slight
adaptations of the algorithm to the human anatomy are expeed [140].

A contrast agent bolus (lohexol, 350 mg iodine per ml) was dedéired intra-
arterially at the root of the aortic arch using a 5-French di usion catheter at dif-
ferent injection rates (3, 6, 9 ml/s). Contrast agent concenttions (33% 100%)
were adjusted for each injection rate to provide a similar tofacontrast agent vol-
ume. Furthermore, di erent catheter positions were investigted for one injection
rate (3 ml/s).

5.3.2 Results

The centerline segmentation of the CCAs succeeded in all data sets determined by
visual assessment. Hence, quantitative information about the cwwast agent distri-
bution could be computed in all data sets.

For di erent injection rates (IR), the mean and standard devation of the CCDR
values wered:99 0:14(3 ml/sIR), 1:10 0:13(6 ml/sIR) and 1:06 0:10(9 ml/s IR).
When the catheter was pulled backward by 510 mm from its origal position, it
was0:26 0:10 (3 ml/s IR). Catheter positions that were rated optimal during the
perfusion studies (Chaptef4) had, in this retrospective anatys, CCDR values closer
to one.

Figure 5.4 shows segmentations of the CCA and extracted timeténsity curves
from one pig with di erent injection catheter locations. Quantitative results for this
example wereCCDR = 1:03 (top row) and CCDR = 0:36 (bottom row). While
the catheter position in the upper image provides uniform carast agent bolus dis-
tribution, the catheter position in the bottom image results h a non-uniform bolus
distribution.

5.4 Discussion and Conclusion

A novel algorithm has been presented for automatic quantitate evaluation of con-
trast agent distribution in the CCAs after a test bolus injectionusing time-resolved
2-D DSA images. This algorithm includes an automatic segmerian of the CCAs
and an automatic image analysis to compute relevant parameteof the contrast
agent volume distribution. The results of this study show that tke contrast agent is
uniformly distributed (mean relative di erence  10%) into the CCAs if the injection
location is selected properly. Additional evaluations thawill contribute to a larger
sample size may be necessary to further validate this hypothesis.

Therefore, IA injections at the root of the aortic arch can beconsidered as a
potential injection approach in perfusion C-arm CT imaging.It can provide higher
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Figure 5.4. Segmentation of the two common carotid arterig€€CA) and plot of the
time-intensity curve extracted from the CCAs. The segmentationis overlayed on
a temporal maximum intensity projection of the 2-D DSA data set The top im-

ages correspond to an optimal injection catheter position wheas the bottom images
correspond to a non-optimal position.
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contrast agent enhancement levels in the brain, thus a high&NR of the measured
TACs, compared to an IV injection. Alternatively, the amount o injected contrast
agent can be reduced while providing a similar SNR as an |V injgan.

Beside a retrospective evaluation, this novel method couldsal help to optimize
the catheter placement for arterial injections in perfusiorC-arm CT imaging during
stroke therapy by providing additional quantitative parameers. In fact, the method
Is robust, fast, user-independent and would not require extra Xay or iodine dose
compared to the current protocols which already use a test baunjection with a
pure visual assessment of the contrast agent ow.



Chapter 6

Practical Aspects Regarding
C-arm CT Perfusion Imaging

Overview:

This chapter covers two aspects that have been identi ed to bpractically relevant
when CT-like perfusion imaging is to be implemented using C+ar CT. The rst
part of this chapter addresses fundamental C-arm CT image quigl measurements.
In order to investigate the feasibility of C-arm CT for perfusio imaging, the linearity
of contrast agent concentration and measured X-ray attenuatiowas veri ed. The
measurements were performed using the same C-arm CT system as faquaring the
in vivo data in Chapter[4. As part of the work on this thesis, a software pgram
was developed to implement a complete perfusion imaging wark with C-arm CT.
In the second part of this chapter, this program is described dnan overview of
the corresponding work ow is given. The program implementshie algorithms from
Chapters[2 and®.

Section[6.1 of this chapter is based on Using a C-arm CT for inteentional per-
fusion imaging: a phantom study to measure linearity between dine concentration
and Houns eld values , by A. Fieselmann, A. Ganguly, Y. Deuerling-Beng, J. Boese,
R. Fahrig, and J. Hornegger. InProc. Annual Meeting DGMP 2010 Freiburg i. Br.,

Germany, 2010.[[31].
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(a) drawing of the phantom (b) C-arm CT scan of the phantom

Figure 6.1: (a) Drawing of the phantom used for the measurememnt (b) Axial C-
arm CT scan of the phantom with circular ROIs drawn around the ontrast- lled
containers (the bottom left ROI is a reference ROI in water).

6.1 Quanti cation of lodine Concentration Using
C-arm CT

6.1.1 Introduction

This chapter is concerned with fundamental C-arm CT image @ity measurements
regarding the image-based quanti cation of iodine concerdtion. As it has been
explained in Section"2.4]4, a linear relationship betweenehunderlying iodine con-
centration and the measured X-ray attenuation value is assumedrfCT perfusion
imaging. This linearity has been veri ed for conventional MSCT scanner[[99]. In this
chapter, investigations were carried out in order to verify lis linearity for a clini-

cal C-arm CT system; the linearity is a necessary pre-conditiof C-arm-CT-based
perfusion imaging with the standard image analysis methods.

6.1.2 Material and Methods

A cylindrical phantom was built using perspex which containedmaller cylindrical
containers of about 3 cm diameter (Figur¢ 6.1(h)). It was sif@r to a phantom
previously described in[J100] that was used for image quality m&urements using
CT. The diameter of the phantom was about 20 cm and its height&s about 25 cm.
The containers were lled with di erent dilutions of deionized water and contrast
agent (350 mg iodine per ml). Water was lled into the phantombody such that all
containers were submerged.

In order to study the relationship of HU values and iodine concémtions in the
low concentration range, ten containers were lled with dilitions containing 0.1%
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Figure 6.2: Plot of the measured attenuation value in the ROI aa function of the
contrast agent concentration.

to 1.0% (in steps of 0.1%) of contrast agent using milliliter synges. The phantom
was scanned in four di erent orientations, obtained by rotatn of the phantom by
90 around its longitudinal axis, using a clinical C-arm CT system (Atis dTA with
syngo DynaCT, Siemens AG, Healthcare Sector, Forchheim, Geany). This was the
same system which was also used for the investigations in Chapiér Mote, it had
undergone routine calibration before conducting the measements. A protocol with

a fast C-arm rotation speed (4.3 seconds per 19Gvas chosen which was also used
for experimental perfusion studies, see again Chaptér 4. Thisqtocol acquired 191
projection images using a X-ray tube voltage of 83 kV.

Mean HU values were determined inside circular ROIs that wereralvn around
the containers in a central slice of the reconstructed volumé&igure[6.1(b)). Finally,
the mean HU values were averaged over the measurements from fitl di erent ori-
entations. The C-arm CT phantom measurement were compared \nitneasurements
using a clinical CT scanner (Somatom De nition, Siemens AG, Héhcare Sector,
Forchheim, Germany).

To study the relationship of HU values and iodine concentratia in the high
concentration range the ten original containers were remad with six containers
that were lled with dilutions containing 1.0% to 6.0% (in steps of 1.0%) of contrast
agent. The measurements with the six containers were repeatas described above.

6.1.3 Results

The results from the C-arm CT and CT measurements of the low coentration
range are shown in Figur¢ 6.2(R). There is a very high linear relation (C-arm
CT: reor = 0:993 p < 0:00%; CT: reor = 0:996 p < 0:001) between the contrast
concentration and the measured attenuation values. The slopekthe regression lines
are very similar (121HU=% in C-arm CT and 120HU=% in CT). The regression line
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of the C-arm CT data has an initial o set of 39 HU with respect to the regression
line of the CT data. Figure[6.2(b) shows the measurements of tHew and high
concentration range using C-arm CT. The linear correlation &ween the contrast
agent concentration and the measured attenuation value is aig very high (rcor =
0:999 p < 0.001).

6.1.4 Discussion and Conclusion

The measured data show very high linear correlation. For compson, similar mea-
surements were carried out i [149] using a micro-CT system and arelation value
of reor = 0:9998has been obtained. This linear relationship is a pre-requisitwhen
using the standard mathematical models to compute perfusion maneters (Chap-
ter ). The actual slope and the o set of the concentration-atgnuation curve do
not in uence the computed perfusion values due to the normalation of the tissue
time curves with the arterial time curve and the subtraction 6 baseline time frames
(SectionZZ4.4).

Generally, the results shown in this chapter may also be of intest for other
potential applications of contrast-enhanced imaging with &-arm CT system. For
example, various CT applications in tumor diagnosis based ongasurement of iodine
concentrations have been described [100]. An application ofd@m CT to measure
iodine concentration in the liver was suggested in [150].

To conclude, the results for the given clinical C-arm CT system sk that the
assumption of linearity between iodine concentration and meared attenuation val-
ues holds. Thus, no pre-correction of the measured data is necegsand standard
mathematical models can be used to compute tissue perfusion paeters from the
reconstructed C-arm CT data.

6.2 Description of a Software Program for C-arm
CT Perfusion Imaging

In this section, a software program will be described that was deloped as part of
the work on this thesis. This program was designed for two tasks.

1. It should be used for experimental evaluation of the algohims from Chapters
@2 and[4 with real C-arm CT data. For example, di erent reconstuction and
post-processing strategies can be implemented and evaluated dytechnical
expert user.

2. This program should also be used for evaluation of C-arm CT gdasion imag-
ing in a realistic clinical environment, where it will be used ¥ biomedical
researchers or physicians.

6.2.1 Work ow

The two aforementioned tasks lead to di erent requirementsofr this software pro-
gram. For experimental evaluations, the program is requirettd be designed such that
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Figure 6.3: Work ow for processing the perfusion C-arm CT data.

it is exible and user-con gurable. On the other hand, for itsevaluation in a realistic
clinical environment during the work on this thesis, in vivo animal studies were
performed but patient studies are expected to be conductedihe future a minimal
amount of user interaction is desirablé [151]. In order to full both requirements, the
program has been designed such that almost each step of the wonk ¢Figure [6.3)
can be automated but, nevertheless, user interaction to changarious parameters
is also possible. The program runs on a dedicated workstation (gm X-Workplace,
Siemens AG, Healthcare Sector, Forchheim, Germany) for pgstecessing of medical
imaging data. For processing the data, the C-arm CT projectiomata from an in-
terleaved scanning protocol must be transfered to the workstain rst. This data is
stored in the DICOM (digital imaging and communications in meicine) le format.
These les can be sent directly from the C-arm CT system to the wostation. The
work ow for processing the perfusion C-arm CT data is describedenxt.

Step la: Import of projection data

The program automatically scans a pre-de ned import directty for C-arm CT pro-

jection data les. Using the DICOM information, it can identify the order of the
data within the IS scanning protocol. Currently, the scanningdelay , of the n-th

interleaved sequence (Equatiori{4.1)) is not stored in these deand it must be en-
tered manually using a graphical user interface (GUI). Howevein the future this

information could be stored in the DICOM le as well; thus, no use interaction

would be necessary. The imported projection data are stored inlacal database of
the software program.
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Step 2: Selection of a VOI for reconstruction

In this step, the user may de ne a VOI (number of voxels, voxel spaty, center
of VOI) for the image reconstruction. To this end, two multi-danar reconstruction
(MPR) views of an initial reconstruction of one volume at a low sgtial resolution
are displayed where the VOI can be placed interactively. The Isetion of a smaller
VOI can reduce the processing time while focusing on the actuablume of interest.
If no user interaction is desired, default values for the VOI cabe used.

Step 3: Image reconstruction

The user can select various reconstruction parameters (e.gymber M of angular
interpolation intervals) before starting the reconstruction In order to examine re-
constructions from di erent sets of parameters, several recomattion tasks can be
de ned before these tasks are executed as a batch process. If nor uisieraction is
desired, a set of default parameters can be used.

Step 4: Registration with CT data

This step is optional. The software program o ers the possibilt to register the
reconstructed C-arm CT data to a CT data set. This allows for beéér comparison of
the perfusion C-arm CT parameter maps with those from a perfusiocCT scan which
was acquired before the intervention or study. In order to catuct the registration,
the CT data must be imported into the program rst (step 1b in Figure[6.3) using a
graphical user interface.

Step 5: Image Analysis

In this step, the user can inspect the reconstructed time-attemtion curves using a
dedicated GUI (Figure[6.4(b)). Both, the reconstructed perfsion C-arm CT data
and the perfusion CT data, can be analyzed. For comparison ofgsion C-arm CT

parameter maps with those from perfusion CT scan, it is actuallgesirable to use
the same processing software for the image analysisi[81]. When mgwhe mouse
cursor inside the image area (left side of the GUI), then the timattenuation curve
at the corresponding voxel position is plotted (right side of ta GUI). This GUI is

also used to select the position of the AIF that is necessary for the raputation

of the parameter maps (Section2.3.1). In the future the AIF psition may also be
determined automatically to further automate this step; this, no user interaction
would be necessary (Sectidn 2.4.6).

After the image analysis, the computed parameter maps can be exped without
any user interaction from the software program to the workstatin (X-workplace).
This workstation o ers various means to visualize the perfusioparameter maps.
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6.2.2 Implementation

The software program is implemented in the C++ programming laguage. It uses
several open source software libraries. The most relevant libies are listed below.

" Insight Toolkit (ITK) [152,[153]: This library is used for various medical
image processing tasks in the image reconstruction step (Chap#y and the
image analysis step (Section2.3) such as data interpolationpise reduction
and segmentation.

" Visualization Toolkit (VTK) [I54]: This library is used for visualization of
the reconstructed C-arm CT data. For example, MPR views can beisplayed
for the selection of the VOI or reconstructed time-attenuatin curves can be

inspected in a dedicated GUI (Figure 6.4(h)).

" DICOM Toolkit (DCMTK) [I55]: This library is used for handling of the
DICOM les. For example, the dicom tags of the reconstructed 4 C-arm CT
data must be set correctly such that it can be exported to the woskation.

" Fox Toolkit [I56]: This library is used for the implementation of the GUI
(Figure [6.3).

Furthermore, the software program uses a few libraries thatpf example, implement
common C-arm CT pre-processing routine$ [13] which are propenof Siemens AG
and are not publicly available.

The backprojection step during the image reconstructiorn [15$ implemented on
the graphics card using the compute uni ed device architecte (CUDA) [157] to
achieve a higher computational speed when compared to an iraplentation on the
central processing unit (CPU)[114]. The motion correction stefSectionZ41) is im-
plemented using an image registration algorithm that is basechanutual information
(M1) [158].

Figure [6.3 shows two examples of the GUI of the software programin Fig-
ure[6.4(a} the patient browser is depicted. This browser actssaan interface to the
database of the program. For a given VOI de nition, several reamstruction can exist
which were generated using di erent sets of reconstruction pameters. This is useful
to, for example, compare di erent reconstruction parameter such as the numbeM
of angular interpolation intervals or the numberNs, Of interleaved sequences (Sec-
tion E3). In the patient browser, the di erent reconstructions are organized as child
nodes of the VOI de nition.

The GUI for displaying the reconstructed time-attenuation cuves of the 4-D data
set is shown in Figurd 6.4(H). The user can select di erent visuafition options. For
example, baseline frames can be subtracted or a temporal MIPnche displayed.
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(a) patient browser

(b) time curve viewer

Figure 6.4: Examples of the graphical user interface of the sefire program.



Chapter 7

Summary and Outlook

7.1 Summary

Functional imaging modalities for brain perfusion measuremg such as perfusion
CT and perfusion MRI, have been around for many years alreadidowever, they are
restricted to purely diagnostic imaging and cannot be used forgpfusion measurement
during an intervention; for example, when ischemic stroke isdated.

In this thesis, a promising new functional imaging modality perfusion C-arm
CT was investigated that overcomes this limitation and prov ides technical means
for a more e ective stroke treatment. It is conducted using annterventional C-arm
angiography system. Nowadays, these systems constitute an integralt of catheter-
guided stroke therapy procedures. Their main application istprovide 2-D images for
catheter guidance, but also 3-D imaging (C-arm CT) is possiblesing these systems.
Using C-arm CT for 4-D imaging of dynamic perfusion had, in factheen suggested
prior to the start of this thesis already. However, only basic theretical simulations
had been carried out at that time.

As part of the work on this thesis, the rst in vivo measurements of dynamic
perfusion (cerebral blood ow) using C-arm CT were conductedral the feasibility of
this new functional imaging modality could be demonstratedSince perfusion C-arm
CT imaging is still a novel eld of research, this thesis could atfess several di er-
ent new scienti ¢ topics which are relevant for perfusion C-an CT imaging. Image
reconstruction and image analysis topics were covered, busalnew injection proto-
cols were investigated and fundamental image quality measuanents were carried out.

In the introduction of this thesis (Chapter 1 ), a description of the state-of-
the-art stroke management work ow and a new stroke managemepirotocol using
interventional perfusion imaging were presented. This protml could lead to faster
and also more reliable stroke treatment. Next, a summary of C-ar@T imaging and
a brief overview of the two major challenges of perfusion C+arCT imaging that had
been identi ed were given. First, the comparably long C-armatation time causes a
low temporal sampling frequency and, second, since the acqdimata is inconsistent
due to the time-varying attenuation values caused by the cordst agent ow, image
reconstruction artifacts can arise.

101
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The following chapter (Chapter 2 ) provided a review of the state-of-the-art im-
age analysis methods for perfusion quanti cation using CT or MR This review was
focused on deconvolution-based methods which are employedsinfsequently. The
existing methods from perfusion CT and perfusion MRI can be agpt in an equiv-
alent way to the reconstructed data from perfusion C-arm CT imging. Therefore,
these image analysis methods were also used to compute the pediugparameters
from the simulated and measured C-arm CT data that have been m@ented in this
thesis. Compared to previous reviews in this eld, this chapteestablished a direct
link between the theoretical physiological model of capiltg blood ow and the ac-
tual practical computer implementation. In particular, the necessary simpli cations
of the model such that it can be used with real data were highligéd.

Chapter 3 was concerned with one of the two major challenges that had dre
stated before: image reconstruction artifacts can arise due tioe varying attenuation
values during the time of one C-arm rotation (typically 35 seonds for 200). For
example, if the contrast agent concentration inside an arteai vessel varies while the
projection data are acquired, an artifact around this vesselilvappear in the recon-
structed image. This artifact can lead to incorrectly computd perfusion parameters
in the tissue region around the artery. In this chapter, this kad of artifact was in-
vestigated for the particular case of the Itered backprojegon (FBP) reconstruction.
This analytical and computationally fast image reconstructbn method is the most
commonly employed method in (C-arm) CT imaging. Interestinly, this kind of re-
construction artifact has already been described in the late9Z0s, at a time when
CT scanners used lower rotation speeds, but no dedicated modeltioése artifacts
had existed so far.

The intention of this theoretically oriented chapter is to ketter understand these
artifacts and to systematically investigate corresponding aifact reduction strategies.
A novel spatio-temporal artifact model was derived by a mathmatical analysis of
the FBP algorithm. The novel concept of derivative-weighteé point spread functions
(DWPSF) these are computed from the scanning and reconstructio parameters
was introduced in order to describe the spatial spread of the #@dcts. The DWPSFs
are weighted with the derivative values of the time-attenugon curve and the C-arm
rotation speed. The model was validated quantitatively usingijumerical simulations
(0.3 1.1 HU root mean squared deviations) and qualitatively usig data of a ow
phantom that had been scanned using a clinical C-arm CT system. €hmeasured
artifacts could be explained very well by the artifact model

Furthermore, artifact reduction strategies were investigad for future C-arm CT
systems that would be able to perform continuous, uni-directi@al C-arm rotations.
It could be shown that with optimized redundancy weighting faction parameters
the spatial spread of the artifacts around a typical arterial essel can be reduced by
about 70%. Finally, an inversion of the artifact model could & used as the basis for
novel dynamic reconstruction algorithms that further minimze these artifacts.

The main practical contribution of this thesis was presentechiChapter 4 . This
chapter dealt with a novel combined scanning and reconstruoth approach for C-arm
CT perfusion imaging. Using this approach, both challenges irepfusion C-arm CT
imaging, the low temporal sampling frequency and the imageaenstruction artifacts,
can be tackled. The temporal sampling frequency is increasey bsing interleaved
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scanning (IS) which involves several multi-rotational scan segnces, each being ac-
companied by a new contrast agent bolus injection. Each sequenlsas a di erent
temporal delay between the start of injection and the start of @mning. Thus, for each
interleaved sequence, samples of the time-attenuation curaee acquired at di erent
relative time points after the injection.

The reconstruction artifacts due to inconsistent data can be deiced by partial
reconstruction interpolation (PRI). To this end, a complete ad consistent set of pro-
jection data, which corresponds to a particular time point,3 estimated by temporal
interpolation of the available projection data at earlier ad later time points. The
interpolation is not done in projection space but partially lackprojected volumes are
considered in order to increase the computational speed. A Felimp-type image re-
construction algorithm is applied to generate these partiall backprojected volumes.
This analytical algorithm can be implemented such that it is omputationally very
fast, which is inevitable for its use in interventional perfusin imaging during stroke
treatment.

The combination of IS and PRI, denoted as IS-PRI, was evaluateaith simula-
tions and anin vivo study in 5 healthy pigs. In the simulations, the cerebral blood
ow values (unit: ml/200g/min) were 60 (healthy tissue) and 20(pathological tis-
sue). For one scan sequence the values were estimated with staddadeviations of
14.3 and 2.9, respectively. For two interleaved sequences tsiandard deviations
decreased to 3.6 and 1.5, respectively. Perfusion CT was used #&didate the in
vivo results. With two interleaved sequences promising correlatisnranging from
lNeorr = 0:6310 reor = 0:94 were achieved. The results suggest that C-arm CT tissue
perfusion imaging is feasible with two interleaved scan sequescalready.

The IS-PRI approach assumes that consecutive contrast agent bslinjections
lead to similar contrast agent ow patterns in the brain. In order to promote that
this assumption is valid, a contrast bolus injection at the aoit arch has been applied
during the in vivo studies. The shorter traveling time to the brain, when compared
to an intra-venous injection, reduces the in uence of physiogical variations such as
the heart rate. Additionally, the contrast-to-noise ratio in the reconstructed images
is increased because a higher fraction of contrast agent aclyadrrives in the brain.
It is, however, required that equal amounts of contrast agentow into both common
carotid arteries (CCA) in order to compare perfusion betweenhe left and right
hemispheres.

To address this requirement, inChapter 5 a novel method to quantify the con-
trast agent bolus distribution between the two CCAs was presente It is a fully auto-
matic method that uses 2-D digital subtraction angiography (3A) images following
a test bolus injection. Both CCAs are segmented using a dedicatsgatio-temporal
weighting and the relative contrast agent distribution is corputed. The method was
tested on DSA data sets from 5 healthy pigs, the same that were useat the in-
vestigations in the previous chapter, and it achieved succeslséegmentation of both
CCAs in all data sets. The results showed that the contrast agent isniformly dis-
tributed (mean relative di erence less or equal than 10%) iftte injection location is
properly chosen.

The following chapter of this thesis,Chapter 6 , addressed two further topics in
perfusion C-arm CT imaging that were identi ed to be practicdly relevant. In Sec-



104 Chapter 7. Summary and Outlook

tion 6.1, image quality measurements were conducted to verithe linearity between
the measured X-ray attenuation values and underlying contrasigent concentration.
The results showed a very high linear correlationr{,, 0:993 which, in fact, is a
requirement when standard image analysis methods are to be &pd to the measured
data. In Section 6.2, a software program was described that hden developed as
part of the work on this thesis. It implements the work ow of a canplete perfusion
C-arm CT examination including image reconstruction and imge analysis. Further-
more, it can be used for clinical studies and it has, for exampléhe capability to
perform 4-D image registration with a reference perfusion CT an.

In summary, through the methods developed, the measurementsnclucted and
results obtained, this thesis made a number of signi cant and @inal contributions,
both on a practical and on a theoretical level, to the novel ahhighly relevant research
eld of interventional C-arm CT perfusion imaging. For the rst time, the feasibility
of perfusion C-arm CT imaging could be demonstrated using vivo data. Based on
this work, optimized stroke treatment in the interventional suite could be available
in a few years and provide better care for stroke patients.

7.2 Outlook

This thesis is the rst comprehensive work on C-arm CT perfusiormaging. Natu-
rally, further research in this eld is possible and will be condcted in the future.

Future research may focus on reducing the amount of contrast et and X-ray
radiation that is applied to the patient. This could be accorplished by new im-
age reconstruction algorithms or new C-arm CT system technoles. New iterative
model-based image reconstruction algorithms (Section 4.}1.2ould potentially be
used for perfusion imaging. With these algorithms, the computainal complexity
Is currently the main limiting factor, but advances in compter hardware may make
this approach become feasible. New iterative approaches basactcompressed sensing
with a prior image [159, 160] could be used to lower the radiath dose by acquir-
ing less projections and exploiting correlations between ¢hindividual time frames.
When considering only projection data from a limited angulamterval, the temporal
resolution of the reconstructed data could be improved (Seoth 4.1.2). However, it
Is required that small attenuation value changes due to corast agent ow in tissue
are still noticeable when considering less projection data.

Besides algorithmic advances, new C-arm CT system hardware aduead to
new scanning approaches. The sliding-window reconstruction @pach with opti-
mized windowing function, presented in Chapter 3, could be ipemented with a
(quasi-)continuously rotating C-arm CT system. Such a device o@d be realized if
a robotic C-arm CT system (Figure 1.3(b)) was equipped with sliing technology
[161], mainly to accomplish the electrical power supply, or aedice for winding the
supply cable around one axis [162]. A biplane C-arm CT system (ftire 1.3(c)) that
was capable of acquiring projection data with both planes atd be used to conduct
an interleaved-scanning-type protocol with only one contst agent bolus injection
(Section 4.4.3).
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Finally, also di erent applications for interventional perfusion imaging besides
cerebral perfusion imaging for stroke diagnosis are possible. étfusion C-arm
CT imaging of the liver, for example, could enhance certaindpatic interventional
procedures, such as intra-arterial embolization [9, 163].
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Appendix A

Algebraic Deconvolution with a
Block-circulant Matrix

The matrix A in Equation (2.31) can be replaced by a block-circulant matxi A g

to reduce the in uence of the bolus delay, cf. Section 2.3..5nd thus to become
independent of time shifts in the tissue TCC. Several studies adlly exhibited an

improvement of the accuracy of the perfusion estimates when ngithis alternative

discretization method compared to the approach given by Equian (2.29) [59, 60,
164]. On the other hand, in a receiver operating characteriss analysis concerning

infarct prediction in acute stroke patients both discretiza tion methods led to almost
equal results [48].

The elementsa;; of A 2 RN N with i denoting the row index { = 1;:::;N)

and | denoting the column index | =1;:::;N) as usual are de ned as
8
<t ti i+ for | i,
ai;j = Cart(l j 1) or | | (A.l)

-0 forj>i

see Equation (2.30). In order to assemble the block-circulant mmex A ., the size of
the time seriesc, (tj) must be increased fronN to M (M 2N) using zero-padding.
The the new zero-padded time series is denoted @g.pad(tj) The size ofc,(t;) must
be changed accordingly in order to retain consistency in Equat (2.31).

The elements(agic)i; of the block-circulant matrix A i 2 RM M can then be
de ned as

8

< tCar-pad(ti i+ forj i,
@)y = |l i) J

L (A.2)
tCart;pad(tMH j+1) fOI’j > 1
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Appendix A. Algebraic Deconvolution with a Block-circulant Méatrix

As an example, forM =2 N, the matrix A .. has the following structure:

A cifg = 1
Cart (tl) 0 s 0 0 Cart (tN) Cart (tZ)
Cart (tZ) Cart (tl) s 0 0 0 Cart (tS)
tB_Car (tn) Can(tn 1) Cart (11) 0 0 Dl 0 . (A3)
0 Cart (tN) Cart (tz) Cart (tl) 0 L 0 . .
0 0 Cart (t3) Cart (tz) Cart (tl) N 0
0 0 Lol 0 Cart (tN) Cart (tN 1) Cart (tl)

The horizontal and vertical lines drawn in Equation (A.3) subdvide the matrix
into four quadrants. As can be seen, the matriA is a submatrix of A ¢, and it
appears in the upper left and lower right quadrant.



Appendix B

Derivation of Equations (3.11) and
(3.12)

To derive Equation (3.11) and Equation (3.12), rst the delta function in Equa-
tion (3.10) is evaluated using the identity

T e @) wdus e o) (B.1)
and then the result is split into the following two functions:
) = A X ddy (B.2)
N Xt = C rfe[v); gz hame U0 @) UGG )
X; () (u(x; (1))*+ D?
W () (teoiarctan(u (<; ()=D) dt . (8.3)

By re-writing "(r;X;tc) such that it depends on the distance vectos = r x the
expressions shown in Equation (3.11) and Equation (3.12) are obtad.
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Appendix C

Derivation of Equation (3.14)

It shall be proven that the n-th order total derivative of a function ( (t)), which
has the propertyd? = dt?> = 0, is given by

@ d "

- @" dt : (C.1)
Using the following de nition
|
@ d °
and by applying the product rule of di erentiation one gets
" Py
dp _d@ d " @ d d ©3)
dt d@k dt @k dt dt
The rst term in Equation (C.3) can be re-arranged to
! !
d@ d *_@d d °
dd@ dt ~ @kdt dt
! !
_©@ @d df
@ @ dt  dt
|
@t d
T @kt dt
Re-writing the second term in Equation (C.3) gives
Pk 0 "1 o, 1
@ dd "_@ g d & ,_,. (C.5)
@k dt dt @k dt dt2

In the last equation it was used that the second order derivativef (t) is zero.
Combining Equation (C.3), Equation (C.4) and Equation (C.5) yelds

d .
4t Dk = Din (C.6)
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The n-th order derivative of Dy can be expressed by applying Equation (C.6) itera-

tively:
dn
ﬁDk = Dk+n .
Now, it can be shown that forn 1 one gets
dn an 1 d dn 1 @
= = D1=Diy+(n 1=

dtn ~ dtn 1dt dtn ! @n

which is the same expression as in Equation (C.1).

(C.7)

= (C.8)

e’
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List of Symbols and Abbreviations

In this section, rst a description of the notation will be provided followed by a list
of the symbols and abbreviations.

In this thesis, scalars and scalar-valued functions are writtem italic lower or
upper case letters (e.g.,; F ). As an exception, if the variable is an abbreviation
(e.g., CBF) then it is not written in italic letters. Vectors and vector-valued functions
are written in italic bold lower case letters (e.g.k). Matrices and matrix-valued
functions are written in italic bold upper case letters (e.g.A).

Symbols

a X-ray source location (Equation (3.1))

A maximum enhancement (Section 3.4)

A matrix containing arterial input function values (Equation (2.31))

A cire A constructed as a block-circulant matrix (Equation (A.3))

Cart contrast agent concentration at arterial inlet (Table 2.1)

Cart;pad zero-padded functioncy: (Appendix A)

Crax maximum contrast agent concentration (Section 2.2.4)

Cven contrast agent concentration at venous outlet (Equation (2.9

Cvoi average contrast agent concentration within VOI (Equation (2L4))

c vector containing time-concentration curve values (Equabin (2.31))

D source-to-detector distance (Section 3.2)

€u; ew unit vectors (Equations (3.3) and (3.4))

f (k) lter factors for Tikhonov regularization (Equation (2.37))

f (svd) lter factors for TSVD regularization (Equation (2.36))

F volume ow (Table 2.1)

G Gaussian-type function (Equation (5.2))

Neap PDF of transit times in capillary bed (Table 2.1)

Rramp ramp lter kernel (Section 3.2)

H unit step function (Section 3.4)

k ow-scaled residue function (Equation (2.18))

k vector containing ow-scaled residue function values (Equain (2.31))

K, k computed using regularization (Tikhonov or TSVD) (Equation (235))

Kis k computed using least-squares approach (Equation (2.34))

Kot constant of proportionality between contrast agent concenéition and
X-ray attenuation values (Section 2.4.4)

K mr constant of proportionality between contrast agent concensition and

received MR signal (Section 2.4.4)
I absolute regularization parameter (Equation (2.38))
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List of Symbols and Abbreviations

relative regularization parameter (Equation (2.38))

number of view angles per partial backprojection (Section.2.3)
mass of contrast agent within VOI (Equation (2.5))

accumulated mass of contrast agent that entered VOI (Equation2(3))
accumulated mass of contrast agent that left VOI (Equation (2.9
redundancy weighting function for interval length (Equation (3.9))
number of angular interpolation intervals (Section 4.2.3)

number of detector pixels (Table 3.1)

number of leading zeros in a time series (Section 2.3.2)

number of C-arm rotations (Section 4.2.1)

number of interleaved sequences (Section 4.2.2)

number of interpolation time points (Algorithm 4.1)

number of views per C-arm rotation (Table 3.1)

number of voxels (Algorithm 2.1)

measured projection value (Section 3.2)

estimated projection value (Equation (4.3))

bi-linear interpolation of pre-processed projection valugsection 4.2.3)
contrast agent volume map (Equation (5.8))

baseline-subtracted projection value (Section 5.2.1)

temporal maximum intensity projection of psp (Section 5.2.2)

pwmip Weighted with wen, (Section 5.2.2)

n-th order DWPSF (Equation (3.17))

PSF characterizing scanning and reconstruction of a static pdiobject
(Section 3.3)

set of projection data (Equation (4.4))

residue function (Equation (2.2))

rank of A (Section 2.3.2)

linear correlation coe cient (Section 4.4.1)

radius of artery in mathematical phantom (Section 3.4.1)

radius of head in mathematical phantom (Section 3.4.1)
source-to-isocenter distance (Section 3.2)

received MR signal (Section 2.4.4)

baseline value of,,, (Equation (2.43))

weighted spatial spread ofP, (Section 3.30)

bolus arrival time (Section 4.3.1)

constant temporal o set (Equation (4.1))

interpolation time point (Section 4.2.3)

time-to-peak value (Section 5.2.2)

measured average time-to-peak of TACs inside CCAs (Section 3@
expected time-to-peak value (Section 5.2.2)

time point associated with reconstruction (Equation (3.7))

duration of contrast agent bolus injection (Section 5.2.2)

time per C-arm rotation (Table 3.1)

waiting time between C-arm rotations (Section 4.2.1)

duration of contrast agent wash-in phase (Section 5.2.3)
echo-time of MR sequence (Section 2.4.4)
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u,v

art

tis

rec

art

madl
pha
pha;art

rec

sim

VOi

voi

coordinates on at-detector(Section 3.2)

u-coordinate of intersection of X-ray and detector (Equation (%))
center coordinate of detector alongi-coordinate (Section 5.2.2)
i-th singular vector contained inU and V (Equation (2.33))
width of detector (Section 5.2.2)

matrices corresponding to SVD oA (Equation (2.33))
v-coordinate of intersection of X-ray and detector (Section 2.3)
v-coordinate at the cranial end of projection image (Sectioh.2.2)
volume of capillary bed (Table 2.1)

volume of VOI (Table 2.1)

volumes of parenchyma and interstitial space (Table 2.1)
volume of voxel (Section 2.3.1)

distance weighting function (Section 4.2.3)

angular sliding window function of length (Equation (3.8))
combined weighting function (Section 5.2.2)

spatial weighting function (Section 5.2.2)

temporal weighting function (Section 5.2.2)

shape parameters of gamma-variate function (Section 3.4)
fan-angle (Section 3.2)

full fan-angle (Section 3.2)

Dirac delta function (Section 2.2.1)

view-angle increment (Table 3.1)

di erence of attenuation value in an artery (Equation (4.12)

di erence of attenuation value in tissue (Equation (4.13))
sampling period (Section 2.3.2)

detector pixel size (Table 3.1)

time scaling factor (Section 4.3.1)

hematocrit correction factor (Section 2.4.5)

view-angle (Equation (3.2))

starting view-angle (Equation (3.2))

view-angle associated with reconstruction (Section 3.3)
angular interval length (Section 3.2)

X-ray attenuation value (Section 2.4.4)

baseline value of X-ray attenuation (Equation (2.41))

arterial time-attenuation curve (Section 2.3.2)

reconstruction of ph, using artifact model (Section 3.4.1)
attenuation values of mathematical phantom (Section 3.4)1
change of attenuation values inside artery in mathematicall@ntom (Sec-
tion 3.4.1)

reconstructed pixel value (Equation (3.7))

FBP reconstruction of ,n, (Section 3.4.1)

time-attenuation curve measured in VOI (Section 2.3.2)

X-ray attenuation value of water (Section 3.4)

interpolation function (Section 4.2.3)

absolute amplitude ofP,, (Equation (3.25))

mean density of the volumeV,,; (Table 2.1)
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voi mean density of the volumeV,; (Table 2.1)

i i-th singular values corresponding to SVD oA (Equation (2.33))
temporal delay of scanning w.r.t. injection (Equation (4.1))
reconstruction of point object (Equation (3.12))

art component of describing artifact due to time-varying attenuation values
(Equation (3.21))
art measure for mean reconstruction artifact due to time-varyingttenuation
values (Equation (4.17))
static for a static object (Equation (3.19))
theoretical for a theoretically exact reconstruction (Equation (3.18))
l's angular velocity of the C-arm (Section 3.2)

Abbreviations
3DRA 3-dimensional rotational angiography (Section 1.3.1)

AIF arterial input function (Section 2.2.1)

AUC area under curve (Section 2.2.4)

BAT bolus arrival time (Section 2.2.4)

BBB blood-brain barrier (Section 2.2.1)

CBF cerebral blood ow (Section 2.2.1)

CBV cerebral blood volume (Section 2.2.1)

CCA common carotid artery (Section 5.1)

CPU central processing unit (Section 6.2.2)

CS cubic spline (Section 4.2.4)

CSF cerebrospinal uid (Section 2.4.3)

CT computed tomography (Section 1.2)

CTA computed tomography angiography (Section 1.2)
CUDA compute uni ed device architecture (Section 6.2.2)
CVM contrast agent volume map (Section 5.2.3)

DCMTK  Dicom Toolkit (Section 6.2.2)

DICOM digital imaging and communications in medicine (Se@n 6.2.2)

DSA digital subtraction angiography (Section 1.3.1)

DSC-MRI dynamic susceptibility contrast magnetic resonancemaging (Section 2.4.1)
DWPSF  derivative-weighted point spread function (Section 3.2)

ECG electrocardiogram (Section 4.2.1)

EPI echo-planar imaging (Section 2.4.1)

FD-CT at-detector computed tomography (Section 1.3.1)
FDK Feldkamp-Davis-Kress (Section 3.6)

FM rst moment (Section 2.2.4)

fMRI functional magnetic resonance imaging (Section 2.4.1)
FT Fourier transform (Section 2.3.3)

FWHM full width at half maximum (Section 3.4.3)

Gd gadolinium (Section 2.2.1)

GPGPU  general-purpose computing on graphics processing unite¢don 3.1.1)
GT ground truth (Section 4.3.2)

GUI graphical user interface (Section 6.2.1)

Hct hematocrit (Section 2.4.5)

HIP Hermite interpolating polynomial (Section 4.2.4)
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HU

IA

IR

IS
IS-PRI
ITK

A%

LIN

MI
MLEM
MPR
MR
MRI
MSCT
MTT
NN

Ol
PCT
PDF
PFBP
PRI
PSF
RBF
ROI
SD
SNR
SPECT
SVvD
TAC
TCC
TMAX
tMIP
TSVD
TTP
VOI
VPE
VTK
WHO
XRII

Houns eld unit (Section 1.3.1)

intra-arterial (Section 1.2)

injection rate (Section 5.3.2)

interleaved scanning (Section 4.2.2)

interleaved scanning partial reconstruction interpdation (Section 4.2.3)
Insight Toolkit (Section 6.2.2)

intra-venous (Section 1.2)

linear (Section 4.2.4)

mutual information (Section 6.2.2)

maximum likelihood expectation maximization (Section2.3.3)
multi-planar reconstruction (Section 6.2.1)

magnetic resonance (Section 1.2)

magnetic resonance imaging (Section 1.2)

multi-slice computed tomography (Section 1.3.1)

mean transit time (Section 2.2.1)

nearest neighbor (Section 4.2.4)

oscillation index (Section 2.3.4)

perfusion computed tomography (Section 1.2)

probability density function (Section 2.2.1)

partial Itered backprojection (Section 4.2.3)

partial reconstruction interpolation (Section 4.2.3)

point spread function (Section 3.3.2)

radial basis function (Section 4.2.4)

region of interest (Section 4.3.1)

standard deviation (Section 4.4.2)

signal-to-noise ratio (Section 2.2.1)

single-photon emission computed tomography (Section 3].
singular value decomposition (Section 2.3.2)
time-attenuation curve (Section 2.3.2)

time-concentration curve (Section 2.1)

time-to-maximum (of ow-scaled residue function) (Secton 2.3.1)
temporal maximum intensity projection (Section 5.2.2)
truncated singular value decomposition (Section 2.3.2)
time-to-peak (Section 2.2.4)

volume of interest (Section 2.2.1)

vascular pixel elimination (Section 4.4.1)

Visualization Toolkit (Section 6.2.2)

world health organization (Section 1.2)

X-ray image intensi er (Section 3.1.2)
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