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PREFACE

Achmad Mochtar, born in West Sumatra in 1892, obtained his medical degree at Stovia medical
school in Batavia in 1916 and followed a Ph.D. training at the University of Amsterdam. The
research descirbed in his thesis, which he defended in 1927, proved that leptospirorsis was not
a cause of yellow fever, which was a widely accepted belief. A few years after his return to
Indonesia in 1937, he obtained a position at the Central Medical Laboratory, which would be
renamed the Eijkman Institute, after the Nobel Prize winner in medicine. A few years later, dur-
ing the Japanese occupation in Indonesia, he was appointed director of the institute. Prof. dr.
A. Mochter was considered a leading medical researcher of his time. In July 1944, presumably
between 900 and 1500 Indonesian forced laborers (romusha’s) were injected with a vaccine that
was developed by the Japanese army at the engaged Pasteur Institute, which was renamed the
Boeki Kenyujo. Within a week, every single romusha died. Researches of the Eijkman Institute
had found traces of tetanus toxin during postmortem studies, which indicated some sort of con-
tamination.
In October 1944, researchers of the Eijkman Institute and hospital doctors were arrested by the
Japanese military police, and were accused for deliberately contaminating the vaccines as an
act of sabotage. The prisoners were brutally tortured in order to get a confession. At least two
of them did not survive the captivity. In January 1945, all surviving prisoners were released,
except for Prof. dr. A. Mochtar, who was beheaded on July 3rd. His family concluded that he
had been executed by the Japanese, however they never found his body and therefore could not
give him an honorable ceremony.
Recent evidence that has been dug up by Prof. Marzuki and Dr. Baird of the Eijkman Insti-
tute has cleared the name of Mochtar [1]. They suspect that in reality, the vaccines produced at
Boeki Kenkyujo were a medical experiment. Survivors reported that while imprisoned, Mochtar
had told them that they would be released within several days and he would remain in prison.
Although innocent, Mochtar had confessed in order to save his colleagues.
Mochtar’s youngest son, Imramsjah Ade Mochtar, was born 1919 in Padang Sidempuan. After
finishing his medical education in 1947 in Amsterdam and working at the hospital of Batavia
for some years, he moved back to Amsterdam to work as a researcher for Prof. dr. S. van
Crefeld. There, he obtained his Ph.D. in 1954 with a thesis entitled:“Christmas disease”. Back
in Indonesia in 1956, he became lector at the Medical School of Soerabaja and was a medical
consultant for three local hospitals. In 1958 he returned to Amsterdam were he continued his ca-
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reer at the “Binnegasthuis" clinic. He was assigned full professor in 1967 and published a great
amount of articles of which most concern disorders in blood coagulation. One of his greatest
achievements in research was the isolation of factor VIII in its purest form. After finishing his
research career, he spent some years in the education of medical students where he was greatly
appreciated.
On April 18 1980, shortly after mentioning that he was considering an early retirement, Prof.
dr. Imramsjah Ade Mochtar died suddenly of a cardiac arrest. Prof. dr. Imramsjah Ade Mochtar
was a well respected and hard working physician, scientist, and lector. He was a modest man,
who would never complain or demand credit. As a pediatrician, he was available at any hour
and has helped many families in Indonesia that were not fortunate enough to pay for medical
care.
This thesis is dedicated to two remarkable men: Prof. dr. Achmad Mochtar and Prof. dr. Im-
ramsjah Ade Mochtar, my great grandfather and grandfather, respectively, who have put their
harts and souls into medical science and education, and have both literally sacrificed their lives
for others. It is also dedicated to my dear grandmother, who has endured so much over the years.

Imramsjah Martijn John van der Bom
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Reg·is·tra·tion [rEdZ@"streIS@n]:
-noun
1. a method of officially recording a name or information.
2. a certificate attesting to the fact that someone or something has been registered
3. Signal processing. the process of transforming different sets of data into one
coordinate system.
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2 CHAPTER 1

1.1 Diagnostic and interventional x-ray imaging
Wilhelm Conrad Röntgen probably did not foresee the enormous impact his accidental discov-
ery of x-rays would have on medicine. Shortly after his discovery and first publication “On a
new kind of rays", applications of x-rays took a flight before the dangers of ionizing radiation
were properly understood [2, 3]. An example of x-ray appliances in retail was the “pedoscope",
also known as a shoe-fitting fluoroscope, which was developed to observe the amount “wiggle-
space" around the toes of a child trying on new shoes [4, 5]. The use of x-rays in medical di-
agnostics was explored shortly after their discovery, as was the technique of fluoroscopy, where
x-ray imaging served as a real-time observation tool for a patient’s internal anatomy, which
was not only of great use for diagnosis, but also for therapy. To this date, various therapeutic
procedures are performed by means of fluoroscopy-guided interventions, which are generally
less invasive than surgeries performed for the same purpose. With interventions, surgical tools
(e.g. needles, guidewires, and catheters) are introduced into the patient through small incisions
or cavities and are visualized within the patient by fluoroscopy. The advantage of these pro-
cedures is that physical trauma and infection chances are minimized, and recovery times are
shortened.
Although fluoroscopy provides real-time visualization during interventions, a drawback of this
technique is that it does not provide soft tissue contrast, and imaging of vasculature requires
administration of contrast agents. Furthermore, due to the projective nature of x-ray imaging
spatial information along the axis of projection is lost. These limitations can make navigation of
medical devices a challenging task. With imaging techniques like computed tomography (CT)
and magnetic resonance imaging (MRI), high resolution and high contrast three-dimensional
(3D) image data can be generated, providing excellent visualization of patient anatomy. Incor-
porating such 3D image data in the intervention room would provide patient-specific informa-
tion which may benefit the procedure.
Although 3D imaging is widely used for clinical diagnosis and treatment planning, it is hardly
used during interventions because of time, logistical, and (for some techniques) dose consid-
erations. In addition, these modalities often require more space than 2D imaging modalities,
which makes them less suitable for interventional use. It would therefore be of great value if
3D image data, acquired prior to the procedure for diagnosis or treatment planning, would be
available during the procedure as a 3D road map. To enable the use 3D pre-interventional pa-
tient data during the procedure, patient coordinates and image data will have to be transformed
into the same coordinate system by patient-to-image registration, which can be achieved by
three methods: manual registration, machine calibration, and 2D-3D image registration.
The first method, manual registration, achieves registration by manually matching correspond-
ing points that are located on the patient and are also present in the 3D volume data loaded into
navigation machinery [6–9]. A well-known method to achieve point correspondence is using
mechanical references, such as stereotactic frames or reference (bone or skin) markers, that are
attached to the patient prior to the acquisition of 3D data for treatment planning. Although
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stereotactic frames and bone markers are invasive and cause patient discomfort, they provide
higher accuracy than markers placed on the skin which allows relative transformations to occur.
Once patient and image data are registered, the relationship between the two is preserved by
navigation machinery that tracks the position of the frame or markers. With some navigation
systems, the patient-image relationship is accomplished by indicating anatomical landmarks.
However, since no markers are used, patient motion can not be measured by the system and
therefore can not be compensated for. The disadvantages of these methods are that they require
additional navigation machinery in a suite that might already be crammed, and placement of the
markers and the manual registration process can be time consuming.
The second method to achieve patient-to-image registration is machine calibration, also referred
to as direct navigation. Modern angiography suites are equipped with cone beam computed to-
mography (CBCT) c-arm systems which can not only be used for x-ray guidance, but can also
serve as a 3D imaging device. In these settings, 3D CBCT data of the patient can be obtained
during the interventional procedure. Due to calibration of the c-arm system, position and orien-
tation of the x-ray source and detector with respect to a fixed coordinate system can be deter-
mined at any moment [10–13]. Therefore, CBCT data that is acquired in situ is automatically
registered to the patient. As a result, CBCT data, or any data set that is registered to it, can be
correlated directly to fluoroscopic images obtained during the intervention and both can be used
for guidance. Since the actual registration is done between image data and a fixed coordinate
system in the angiography suite and not directly to the patient, the relationship will be lost when
patient motion occurs.
The third method to obtain a patient-volume relation is 2D-3D image registration (see Figure
1.1)[14]. Here, the patient-image relationship is determined indirectly by registering 2D im-
ages of the patient acquired during the intervention to the pre-interventional 3D image data.
The advantages of using 2D-3D image registration instead of the other two methods is that they
do not require navigation machinery or additional 3D imaging, and are generally automatic. In
addition, since x-ray imaging is available throughout the procedure, patient-volume relation can
be restored when patient motion has occurred.
There are, however, some disadvantages to 2D-3D registration. The misalignment between
2D and 3D image data can become too large for the registration algorithm, which may there-
fore result in an unsuccessful registration. When this happens, the algorithm will need to be
(manually) re-initialized. In addition, since there is no method to quantitatively evaluate the
registration accuracy during an interventional procedure, patient-volume relationship has to be
approved or disapproved by the user.
In this thesis, we focus on determining patient-volume relation by 2D-3D image registration. In
the following section, a short description and overview of 2D-3D image registration is given.



“manuscript” — 2010/11/10 — 18:09 — page 4 — #16

4 CHAPTER 1

1.2 2D-3D image registration
Image registration is defined as the process of finding the transform of two or more image data
sets to the same coordinate system. The transform is often found by an iterative process, where
a cost function, defining the quality of the registration, is optimized by a search strategy. With
2D-3D image registration, we are seeking the rigid transform that defines the orientation and
position of the 3D image data relative to the 2D image data. Because the position and orienta-
tion of the patient can be described by the 2D image data, a patient-volume relation is obtained
upon successful 2D-3D registration.
Over the last two decades various 2D-3D image registration methods have been proposed. These
methods can traditionally be divided into two categories: feature-based and intensity-based
methods.
In feature-based methods registration is performed by matching certain landmarks annotated
in both 3D and 2D projection images. Such landmarks can for instance be fiducial markers
attached to the patient, or geometrical objects extracted from the image data that correspond to
a specific anatomical landmark [15–19, 19–25]. Registration is achieved by iteratively trans-
forming the 3D image data and recalculating the correspondence between 2D and 3D features.
Although feature-based methods are robust and relatively fast because the methods are applied
to a reduced amount of data, the success of the registration is highly dependent on the success
of the landmark segmentation. Automatic and efficient segmentation of landmarks is a difficult
task, especially in noisy data such as fluoroscopic images used during interventions, and per-
forming the segmentation manually is too time consuming and user dependent. An advantage of
feature-based methods is that they can be used for different modalities, as long as corresponding
landmarks are available in 2D and 3D image data.
Intensity-based methods generally do not require any segmentation step. These methods use
simulated projection images generated from the 3D volume data. Registration is performed
by finding the simulated projection image that most resembles the actual 2D image. The best
known version of a simulated projection image used for registration is a digitally reconstructed
radiograph (DRR) [26]. DRRs are projection images that mimic x-ray images and are generated
from CT data using a ray-cast algorithm. Virtual projection rays are cast from a point source
through the CT volume onto a virtual detector. The intensity of a pixel in the DRR is determined
by the sum of the voxel intensities intersected by the corresponding projection ray. DRRs are
generated while iteratively changing the transform that determines the position and orientation
of the CT data. Each iteration, the correspondence between DRR and x-ray image is quantified
by a similarity measure.
A downside of intensity-based methods is that they are typically slower than feature-based
methods because of the need to generate simulated projection images and the fact that the cal-
culation of the similarity is generally done on all image data. Several software and hardware
methods were proposed to lower the computation time of DRRs, and hence the total registra-
tion time. Another disadvantage of intensity-based methods is that they are not suitable for
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Figure 1.1: Schematic representation of patient-volume registration by 2D-3D image registration. Two-dimensional image
data of the patient is acquired with the c-arm system (A2D). The transformation that sets the 2D and 3D image data into
the same coordinate system (T2D3D) is obtained by 2D-3D image registration. Since patient coordinates can be described
by 2D image data, 3D image is coupled to the patient.

multi-modal registration, for instance x-ray to MRI data. Because of the differences in imaging
principles, simulated projections generated from MRI data do not correspond well to x-ray im-
ages, especially since bone structures are not well characterized with MRI.
The research presented in this thesis focusses on 2D-3D image registration in diagnostic and
interventional x-ray imaging. In the next section, an outline of the contents is given.

1.3 Outline
Chapter 2 focusses on intensity-based 2D-3D registration methods. Many intensity-based sim-
ilarity measures are proposed in the literature and their performances have been evaluated in
various studies. However, the registration accuracy and robustness as a function of the search
strategy used has not been reported. In this chapter, three well evaluated similarity measures in
combination with seven search strategies were tested for the application of cerebral interven-
tions. An important aspect of registration performance is the capture range. The capture range
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of a method represents the range of initial registration errors for which the method is able to
provide successful results. In Chapter 2 it is shown that the accuracy and the capture range of
a method are not only determined by the similarity measure, but also by the search strategy that
is used.

Typical capture ranges of intensity-based 2D-3D registration methods are rather limited. When
the offset between 2D and 3D image data increases and initial registration errors become larger
than the capture range of the method used, the chance on obtaining a successful registration re-
sult decreases. When this occurs, registration has to be re-initialized, for instance by manually
aligning the data within manageable offsets. This makes their application in a clinical setting
less appealing. In Chapter 3 a method is proposed to increase the capture range of 2D-3D
registration methods by providing a fast and robust initialization. This initialization is based on
an estimate of the transform parameters obtained using the projection-slice theorem and phase
correlation. By using the projection-slice theorem, the rotational transform parameters can be
estimated without having to optimize the translational transform parameters. This estimation
method is computationally less expensive than an intensity-based registration method. Subse-
quently, when an estimate of the rotational parameters is obtained, the translational offsets are
estimated using phase correlation.

Registration of x-ray to MRI data would not only provide 3D spatial information, but also ad-
ditional soft tissue contrast which is not available with CT imaging. Incorporating spatial soft
tissue information in the intervention room may be beneficial for clinical procedures that take
place in the proximity of delicate structures that are not visible with x-ray imaging. Generally,
intensity-based methods are not suitable for registration of x-ray to MRI, since simulated pro-
jection images generated from MRI do not correspond well with x-ray images. Feature-based
methods can be used for registration of x-ray to MRI, but these methods generally require a
segmentation step. The work in Chapter 4 presents a method that generates pseudo-CT data
from MRI data that can be registered to x-ray images using an intensity-based method.

For some abnormalities, diagnosis is based on radiographic measurements (e.g. distances, di-
ameters, angles, etc.). The measurements are however influenced by patient position and orien-
tation with respect to the x-ray source. In Chapter 5, the influence of various orientations on
radiographic measurements performed on the human pelvis were analyzed.

The research reported in Chapter 6 focusses on a specific application of interventional x-ray
imaging. As a result of the improved image quality of angiography c-arm systems, these modal-
ities may not only be used for x-ray guidance, but also serve as a high resolution 3D imaging
modality. An advantage of having 3D imaging at hand in the angiography suite is that post-
interventional evaluation can be done on 3D image data immediately. Since the introduction of
the flat-panel detector, the feasibility of measuring hemodynamic changes with c-arm systems
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has been explored. In chapter 6 the feasibility of assessing cerebral blood volume (CBV) and
ischemic lesion volumes with a c-arm system were investigated.
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Op·ti·mize ["6pt@maIz]:
-verb
1. to make as effective, perfect, or useful as possible.
2. to make the best of.
3. Mathematics. A mathematical technique to determine the maximum or minimum value of
a function of several variables subject to a set of constraints.
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2.1 Abstract
The advantage of 2D-3D image registration methods versus direct image-to-patient registration,
is that these methods generally do not require user interaction (such as manual annotations), ad-
ditional machinery or additional acquisition of 3D data.
A variety of intensity-based similarity measures has been proposed and evaluated for different
applications. These studies showed that the registration accuracy and capture range are influ-
enced by the choice of similarity measure. However, the influence of the optimization method
on intensity-based 2D-3D image registration has not been investigated. We have compared the
registration performance of seven optimization methods in combination with three similarity
measures: gradient difference, gradient correlation, and pattern intensity. Optimization meth-
ods included in this study were: regular step gradient descent, Nelder-Mead, Powell-Brent,
Quasi-Newton, nonlinear conjugate gradient, simultaneous perturbation stochastic approxima-
tion, and evolution strategy. Registration experiments were performed on multiple patient data
sets that were obtained during cerebral interventions. Various component combinations were
evaluated on registration accuracy, capture range, and registration time. The results showed that
for the same similarity measure, different registration accuracies and capture ranges were ob-
tained when different optimization methods were used. For gradient difference, largest capture
ranges were obtained with Powell-Brent and simultaneous perturbation stochastic approxima-
tion. Gradient correlation and pattern intensity had the largest capture ranges in combination
with Powell-Brent, Nelder-Mead, nonlinear conjugate gradient, and Quasi-Newton. Average
registration time, expressed in the number of DRRs required for convergence, was the lowest
for Powell-Brent. Based on these results, we conclude that Powell-Brent is a reliable optimiza-
tion method for intensity-based 2D-3D registration of x-ray images to CBCT, regardless of the
similarity measure used.

2.2 Introduction
Intensity-based 2D-3D registration methods are by far the best known and most commonly
used. These methods perform registration by seeking the digitally reconstructed radiograph
(DRR) that corresponds to the 2D x-ray image. DRRs are generated from the 3D volume with
different orientations and positions relative to the 2D image. The correspondence between x-ray
image and DRR image is quantified using a similarity measure or cost function C. Registration
is obtained by optimization of the cost function. Ideally, the extremum that corresponds to suc-
cessful registration is the global extremum of the cost function used and is enclosed by smooth
surroundings. In reality however, cost functions may have multiple local extrema, which do not
correspond to successful registrations. These local extrema may hamper the registration process
since algorithms can converge towards erroneous results.
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The most robust strategy to find the global optimum is to perform a full search. This is, however
time consuming and computationally expensive especially when the cost function depends on
multiple parameters.
Over the last decades, a variety of intensity-based similarity measures has been proposed and
their performances in terms of accuracy and robustness for 2D-3D registration have been well
evaluated in various comparison studies [27, 28]. Penney et al. [29] have compared six sim-
ilarity measures (cross correlation, entropy, mutual information, gradient correlation, pattern
intensity, and gradient difference) on phantom data. Their conclusions were that entropy-type
similarity measures are very sensitive to soft tissue deformations, and therefore worsen the reg-
istration accuracy. Pattern intensity, gradient difference, and gradient correlation showed the
best performances. In a later study performed by Penney et al. [30] pattern intensity and gra-
dient difference were evaluated on clinical data obtained during abdominal interventions. As in
their previous study, both similarity measures tied in terms of accuracy and robustness.
Hipwell et al. [31] have compared the same six similarity measures as Penney et al. for the
registration of (cerebral) x-ray digital subtraction angiograms (DSA) to magnetic resonance an-
giograms (MRA). Again, the best results in terms of accuracy and robustness were obtained
with pattern intensity, gradient difference and gradient correlation.
Khamene et al. have evaluated eight similarity measures (mutual information, normalized cor-
relation coefficient, correlation ratio, local normalized correlation, variance weighted correla-
tion, gradient difference, gradient correlation, and pattern intensity) for patient positioning in
radiation therapy [32]. Two portal images with 90◦ vergence were simultaneously registered
to a CT volume. Results showed that the highest accuracy was obtained with local normalized
correlation, gradient correlation, and pattern intensity, respectively. The accuracy of gradient
difference was slightly lower than that of pattern intensity.
The success of registration is not only determined by the characteristics of the cost function, but
also by the search strategy that is used. Since cost functions often show multiple local optima,
optimization strategies should be able to ignore these, and converge towards the global optimum
that corresponds to accurate registration.
For optimization of multidimensional functions, a diversity of search strategies has been de-
veloped and evaluated. Their competence with respect to rigid and non-rigid medical image
registration has been explored by Maes et al. and Klein et al., who evaluated several opti-
mization methods for one similarity measure (mutual information) on accuracy, precision, and
convergence [33, 34]. Convergence rates and registration precision varied per search strategy.
It is therefore crucial that an optimal combination of search strategy and similarity measure is
used in order to obtain the best registration results.
In the comparison studies performed by Penney et al., and Hipwell et al. [30, 31], a gradient
ascent/descent strategy was used. Khamene et al. have tested three optimization routines: gra-
dient ascent/descent, best neighbor search, and Powell-Brent, which in their experiments led to
no significant difference.
To our knowledge, a study covering both the effects of search strategies and cost functions on
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the accuracy and robustness of 2D-3D image registration has not been reported.
In this research, we evaluate a variety of optimization routines in combination with three simi-
larity measures for registration of 2D x-ray to 3D cone beam computed tomography (CBCT) in
cerebral interventions. In previous studies, 2D-3D registration methods have often been eval-
uated by multi-view image data. In these studies, registrations were completed using two or
more oblique x-ray images simultaneously, which improves registration accuracy. However,
the availability of multiple x-ray images from different perspectives is not trivial during these
procedures, especially when they are performed with a mono-plane c-arm system. We have
therefore evaluated the various registration components using a single x-ray image. The perfor-
mances were compared based on the evaluation method presented by Van de Kraats et al. [35].
With this method, robustness and accuracy were determined by a high number of registration
experiments using gold standard image data. In addition, total registration times of optimization
methods were compared.

2.3 Intensity-based 2D-3D registration
X-ray images acquired during an intervention and 3D volume data are spatially related by inter-
nal (ν) and external transform parameters (µ). The internal, or perspective, parameters consist
of the source-to-image distance (SID), the pixel size (px, py), and the location of the 2D image
relative to the 3D volume (cx, cy). The external transform parameters µ describe the orientation
and position of the 3D volume relative to the 2D image by three rotation (rx, ry, rz) and three
translation parameters (tx, ty, tz) (see Figure 2.1). In 2D-3D image registration, we aim to find
transform T with parameters µ that defines the position and orientation of the 3D volume rela-
tive to the x-ray image, and assume the modality-dependent internal parameters to be known.
In order to quantify image correspondence during the registration process, DRRs are used [26].
DRRs are simulated projection images generated by casting rays through 3D image data. The
intensities of the voxels that are crossed by a single ray are integrated, and mapped onto a 2D
image in the location where the ray hits the 2D image.
If we consider the 2D image data as “fixed" and the 3D volume data as “moving" (since the lat-
ter is transformed to match the former), 2D-3D registration can be formulated as a minimization
problem:

µ̂ = argmin
µ

C(µ, IF , IM ) (2.1)

where the cost function C represents the negated similarity measure that is minimized. IF
and IM (µ) are the fixed and moving images, respectively, µ contains the external transform
parameters that are applied to IM (µ) before DRR, IDRR(µ), is generated, and µ̂ represents
the transform parameters that align the images. For clarity, henceforth the dependence of IM
and IDRR on µ are omitted in the equations.
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Figure 2.1: Geometric overview of 2D-3D registration. The external transform parameters µ that describe the orientation
(rx, ry, rz) and position (tx, ty, tz) of the 3D volume with respect to the 2D image are indicated in the figure.

To determine the relationship between a 2D x-ray and the 3D volume, the optimal set µ̂ is
generally obtained using an iterative strategy:

µk+1 = µk + akdk, k = 0, 1, 2, . . . (2.2)

Here, dk represents the search direction in parameter space at iteration k and ak is the gain
factor which controls the step size during the iteration process. The value of the gain factor and
the search direction are determined by the optimization method that is used.

2.4 Similarity measures
In this study, three similarity measures for 2D-3D registration that were successfully evalu-
ated in previous studies were compared: gradient difference, gradient correlation, and pattern
intensity [29–32, 36].

2.4.1 Gradient difference (GD)
With gradient difference, the similarity between an x-ray image and DRR image is calculated
using the difference in intensity gradients. The intensity gradient images of x-ray and DRR
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images are generated using horizontal and vertical Sobel operators. Gradient difference GD is
defined as:

GD =
∑
i,j

σv

σv + (Dv(i, j))2
+

∑
i,j

σh

σh + (Dh(i, j))2
, (2.3)

with:

Dv(i, j) =
∂IF (i, j)

∂i
− sv

∂IDRR(i, j)

∂i
, (2.4)

Dh(i, j) =
∂IF (i, j)

∂j
− sh

∂IDRR(i, j)

∂j
. (2.5)

IF and IDRR represent the fixed and DRR image, respectively, with pixel indexing (i, j) and
sv and sh denote scaling factors. σv and σh are the variances of the vertical, respectively, hori-
zontal gradient images of the fixed image.

2.4.2 Gradient correlation (GC)
The term gradient correlation as used by Penney et al. refers to the normalized cross correlation
between gradient images. Like with gradient difference, the gradient images are derived using
Sobel operators. The resulting partial gradients are normalized by the mean gradient value. Sub-
sequently, the cross correlations are calculated for the horizontal and vertical gradient images.
Gradient correlation is defined as the sum of these two normalized cross correlation values. Let
∂iI = ∂I(i,j)

∂i
and ∂jI = ∂I(i,j)

∂j
, then:

GC =

∑
i,j(∂iIF − ∂iIF )(∂iIDRR − ∂iIDRR)√∑

i,j(∂iIF − ∂iIF )2
√∑

i,j(∂iIDRR − ∂iIDRR)2
+

∑
i,j(∂jIF − ∂jIF )(∂jIDRR − ∂jIDRR)√∑

i,j(∂jIF − ∂jIF )2
√∑

i,j(∂jIDRR − ∂jIDRR)2
, (2.6)

where ∂iI represents the mean of ∂I(i,j)
∂i

. Using IiF = (∂iIF − ∂iIF ) and IiDRR = (∂iIF −
∂iIF ), equation 2.6 has the form of the inner product between the normalized vectors:

GC =
∑
i,j

∇IF · ∇IDRR

∥ ∇IF ∥ ∥ ∇IDRR ∥
, (2.7)

where ∇I represents the divergence of I and ∥ a ∥ is the norm of vector a. Hence, registration
is obtained by aligning the normalized gradient vectors.
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2.4.3 Pattern intensity (PI)
Pattern intensity is a regional similarity measure that quantifies the amount of “structuredness"
within a region with radius r of the difference image D between a fixed and a DRR image. The
measure is weighted by σ, the standard deviation in IF , which is related to the amount of noise
in the image and should be defined by the user. Like with gradient difference, D is calculated
using a scaling factor s. Pattern intensity PI is defined as:

PI =
∑
i,j

∑
d2≤r2

σ2

σ2 + (D(i, j)−D(v, w))2
(2.8)

with:

D(i, j) = IF (i, j)− s · IDRR(i, j) (2.9)

d2 = (i− v)2 + (j − w)2. (2.10)

2.5 Optimization methods
All three similarity measures described in the previous section were tested in combination with
seven optimization methods: gradient descent, Nelder-Mead, Powell-Brent, quasi-Newton, non-
linear conjugated gradient, simultaneous perturbation stochastic approximation, and evolution
strategy. In general, all optimization methods included in this study minimize equation C using
the strategy in equation (2.2). The major difference between the methods is how parameters
ak and dk are determined. Some of the optimization methods used in this study require the
derivative ∂C

∂µ
to update the search direction dk. A finite difference approximation was used,

because calculating the exact derivative of the cost function is a challenging task. In the follow-
ing section, the various optimization methods are briefly discussed.

2.5.1 Regular step gradient descent (RSGD)
Gradient descent [37] takes downhill steps that are proportional to the local gradient of cost
function C:

µk+1 = µk − κak
∂C
∂µ

|µk (2.11)

Various implementations of gradient descent have been reported that use different definitions of
the gain factor. Here, we have chosen a variant where ak is determined by the inner product of
the derivatives at k and k − 1 and is weighted by the relaxation factor κ (with 0 < κ < 1).
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2.5.2 Nelder-Mead (NM)
The Nelder-Mead method, also known as the downhill simplex method [38, 39] minimizes an n-
dimensional cost function by comparing the cost function values at n+1 vertices (P0, P1, . . . Pn)

of a polytope, called a simplex. The simplex progresses towards a local minimum of C by re-
placing the vertex with the “worst" function value with a new point that can be obtained by
reflection:

P ∗ = (1 + α)P̄ − αPh, (2.12)

and subsequently by either expansion:

P ∗∗ = γP ∗ + (1− γ)P̄ , (2.13)

or contraction:

P ∗∗ = βPh + (1− β)P̄ , (2.14)

of the current vertex point. In these equations, Ph represents the vertex with the “worst" simi-
larity value that is being replaced, P̄ is the centroid of the simplex using all points except Ph.
The positive constants, α, γ, and β are the reflection, expansion, and contraction coefficients,
respectively, which can be considered as gain factors. Progression is limited to these three
operations.

2.5.3 Powell-Brent (PB)
Powell’s (conjugate gradient descent) method minimizes a cost function by performing line
search optimization. Where most other methods progress a single step in direction dk or per-
form a inexact line search each iteration, Powell-Brent performs an exact line search, i.e. exactly
minimizes C along direction dk:

ak = argmin
a

C(µk + adk). (2.15)

Each iteration, exact line minimization is commenced along dk, representing each of the trans-
form parameters (conjugate) directions separately. Line minimization is achieved by bracketing
the minimum, which is then found using Brent’s method [39, 40].

2.5.4 Quasi-Newton (QN)
With Quasi-Newton methods [37, 39], the gain factor is weighted by Lk, an approximation to
the inverse of the Hessian [H(µk)]

−1, evaluated at µk:

µk+1 = µk − akLk
∂C
∂µ

|µk (2.16)
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Various methods to update Lk have been proposed. In this study we have used limited memory
Broyden-Fletcher-Goldfarb-Shanno (BFGS) [39, 41]:

Lk+1 = (I − syT

sTy
)Lk(I − ysT

sTy
) +

ssT

sT y
(2.17)

where I represents the identity matrix, and:

s = µk+1 − µk, (2.18)

y = gk+1 − gk, (2.19)

where ∂C
∂µ

|µk and ∂C
∂µ

|µk+1 were replaced by gk and gk+1, respectively. The limited mem-
ory BFGS is used in combination with the inexact line search routine proposed by Moré and
Thuente [42], which obtains a value for ak by assuring that the “strong Wolfe conditions":

C(µk+1) ≤ C(µk) + c1ak(dk)
Tgk (2.20)∣∣∣(dk)

Tgk+1

∣∣∣ ≤ c2

∣∣∣(dk)
Tgk

∣∣∣ (2.21)

are satisfied. c1 and c2 are user-defined constants which must satisfy 0 < c1 < c2 < 1.
Initially, ak = 1 is recommended [43] as long as the above conditions are met. If not, the gain
factor is updated by the Moré-Thuente routine.

2.5.5 Nonlinear conjugate gradient (NCG)
For nonlinear conjugate gradient [37, 44–46], dk in equation 2.2 is a combination of the local
gradient ∂C

∂µ
|µk and the search direction dk−1 of the previous iteration:

dk = − ∂C
∂µ

|µk +βkdk−1 (2.22)

where in our case βk = max(0,min(βDY
k , βHS

k ) is a combination of the Dai-Yuan and
Hestenes-Stiefel expressions, respectively, as proposed in [45]:

βDY
k =

(gk)
Tgk

(dk−1)T (gk − gk−1)
(2.23)

βHS
k =

(gk)
T (gk − gk−1)

(dk−1)T (gk − gk−1)
(2.24)

where ∂C
∂µ

|µk was replaced by gk. Similar to quasi-Newton, the gain factor is updated by the
Moré-Thuente inexact line search routine.
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2.5.6 Simultaneous perturbation stochastic approximation (SPSA)
Like gradient descent, simultaneous perturbation [47] progresses along the negative gradient
of C as stated in equation 2.11. However, it uses approximations of the cost function (Ĉ) by
applying a random perturbation, defined by vector ∆k, of all parameters at once:

Ĉ+
k = C(µk + ck∆k) + ϵ+k (2.25)

Ĉ−
k = C(µk − ck∆k) + ϵ−k . (2.26)

Each iteration, the elements of ∆k are randomly assigned ±1. The ϵ terms in equations 2.25
and 2.26 represent the approximations errors. The i-th element of the approximated derivative
ĝk = ∂Ĉ

∂µ
|µk is determined with:

[ĝk]i =
Ĉ+
k − Ĉ−

k

2ck[∆k]i
(2.27)

where ck is a multiplication factor that defines the magnitude of the perturbation:

| ck |= c

(k + 1)γ
(2.28)

with γ a constant value. In this method, ak is not a constant value as was the case with gradient
descent, but rather a decaying function of user-defined variables a,A and α:

ak =
a

(k +A)α
(2.29)

2.5.7 Evolution strategy (ES)
As the name suggests, evolution strategies [48] are based on the principle of natural selection.
A great variety of methods that use this principle have been proposed, of which covariant matrix
adaptation (CMA) is considered the state-of-the-art implementation of this optimization tech-
nique [49]. The method comprises three evolutionary phases: offspring generation, selection,
and recombination. During offspring generation, a set of λ trial search directions is obtained
from a normal distribution N

dℓ
k ∼ N (0, Ck), for ℓ = 1, 2, . . . , λ. (2.30)

In this equation, λ defines the user-defined population size and Ck is the covariant matrix,
which indulges search directions that were successful in previous iterations. For each trial
search direction, the cost function is evaluated for:

C(µk + akd
ℓ
k). (2.31)
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During the selection phase, the P ≤ λ “best" trial directions with the lowest cost function
values are selected. Subsequently, a weighted sum of the selected trial directions is calculated
in the recombination phase:

dk =

P∑
p=1

wpd
(p;λ)
k (2.32)

where d
(p;λ)
k and wp represent the pth selected trial direction and weight factor, respectively.

Finally, the optimization is updated using equation 2.2.

2.6 Experiments
To analyze the performance of the various registration components, 2D-3D registration experi-
ments were performed on 3 flat-panel cone-beam computed tomography (CBCT) datasets and
x-ray images obtained during cerebral interventions. Registrations were completed using a sin-
gle x-ray image at a time. In the following sections, image data and evaluation methodology
are described. Also, the parameter settings used during the registration experiments are briefly
explained.

2.6.1 Image data
Three image datasets were used, which were acquired during cerebral interventions using a
calibrated x-ray angiography c-arm system (Allura Xper FD20, Philips Healthcare, Best, The
Netherlands) with an angiographic “head 3D" protocol. CBCT data (2563 voxels with size
0.763 mm3) were reconstructed from a set of 116 x-ray images (9522 pixels with size 0.31 ×
0.31 mm2) obtained during a rotational motion of the x-ray source over approximately 200◦

around the patient. For each patient data set, an anterior-posterior (AP) and a lateral (LAT) x-ray
image were selected from the x-ray datasets. Both images were registered to the corresponding
CBCT data.
In order to minimize the influence of pixels outside the object on the registration, square regions
of interest (ROIs) were defined in the x-ray images. All ROIs had a size of 180 × 180 pixels
and were positioned in the image centers (see Figure 2.2).

2.6.2 Evaluation method
The results were evaluated by comparing the final registration errors and capture ranges. Reg-
istration errors were expressed in mean target registration error mTRE, defined as the mean
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Figure 2.2: Examples of CBCT data (left), and anterior-posterior (middle) and lateral (right) x-ray images with ROIs that
were used for the 2D-3D registration experiments.

distance between N predefined target points pn in the 3D moving image, transformed with
transformation T , and with the gold standard transformation Tgold:

mTRE(T ) =
1

N

N∑
n=1

∥∥∥T (pn)− Tgold(pn)
∥∥∥. (2.33)

Gold standard transformation parameters between x-ray data and CBCT were available from
calibration of the c-arm system. Target points pn were located at the vertices of a cubic volume
of interest (size 120×120×120 mm3) with its center aligned with the center of the 3D volume
data. As a result, 1 mm mTRE corresponded to a rotation of 0.67◦ around one axis.
The capture range of a method is defined as the range of initial registration offsets for which
the algorithm is capable of converging to correct alignment. In these experiments, both the
capture range and the threshold for successful registrations are expressed in millimeter mTRE.
We have used the same capture range criteria as used by Van de Kraats et al. [35], where
final mTRE ≥ 2 was considered misregistration and a total of 5% misregistrations within the
capture range was allowed.
Registrations were performed using a single x-ray image and were initialized with randomly
generated start transform parameters with initial mTRE varying from 0 − 10 mm and with a
frequency of 10 experiments per 1.0 mm mTRE, resulting in 100 experiments per x-ray image.
Maximum allowed translational and rotational offsets were ±5.0 mm and ±5.0◦, respectively.
In addition, for all optimizer-similarity measure combinations 10 registration experiments with
start mTRE between 0.9-1.1 mm were performed on a single data set. Mean registration time
and mean number of iterations were calculated for each combination. Since some methods
require multiple cost function evaluations per iteration, the total number of DRRs required for
registration were recorded.
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2.6.3 Parameter settings
Parameter settings were based on recommendations given in the literature where available. Sub-
sequently, settings were tested and optimized by trial-and-error experiments. For gradient dif-
ference, the scaling factors sv and sh in equations 2.4 and 2.5 were set to the ratios between the
maximum vertical, respectively, horizontal gradient magnitude of the x-ray image and DRR.
The noise constant in equation 2.8 was set to σ = 100, obtained by noise characterization
within a homogenous region of interest in the x-ray data, r was set to 3 pixels and s was set to
the ratio of the maximum intensity of the x-ray image and DRR.
To prevent a premature termination of the registration process by reaching the maximum num-
ber of allowed iterations, the maximum number of iterations for all optimization methods was
set to 500 (exceptions given below). Value tolerance (tol) and minimum gradient magnitude
(gmin) values define the minimum changes in similarity measure between two or more itera-
tions and the minimum local gradient of the similarity measure, respectively, upon which con-
vergence is declared. Optimization is continued until at least one of these values is reached. In
order to obtain acceptable accuracy, we chose both values to be relatively small compared to
the range of the similarity measures: tol = 1.0 × 10−6 and gmin = 1.0 × 10−9 for all meth-
ods. To assure that these parameters had similar influence on the similarity measures, gradient
difference and pattern intensity values were scaled by a constant value, to bring their values in
the same range with gradient correlation.
Regular step gradient descent specific parameters were: maximum step length amax

k = 0.1,
which defines ak for k = 0, the minimum step length that is allowed before the registration is
terminated amin

k = 0.001, and the relaxation factor κ = 0.5. Experiments showed that larger
relaxation factors led to insufficient decrease of the step size during convergence, which caused
the optimization method to diverge from global minima.
Nelder-Mead requires a parameter that defines the initial size of the line segments of the sim-
plex. This parameter was set to 2. The parameters α = 1, β = 1

2
, and γ = 2 were defined

as recommended in the literature [38]. Tuning experiments showed that Nelder-Mead generally
required more than 500 iterations to convergence. Hence, the maximum number of iterations
for this method was set to 700.
Besides tol and gmin only the minimum amin

k = 0.001 and maximum step sizes amax
k = 2.0

need to be defined for Powell-Brent. Since every iteration contains several line minimization
iterations, typically the total number of iterations necessary for convergence is smaller than 20.
Parameters for Quasi-Newton optimization, c1 = 10−4, c2 = 0.9, and ak = 1 were all set as
was recommended [43]. The limited memory implementation requires the user to define how
many past iterations the algorithm uses to approximate the Hessian. This parameter was set to
5.
Because we chose the same inexact line search technique for nonlinear conjugate gradient as
for Quasi-Newton, the exact same parameters were used for this optimization method.
Based on tuning experiments and recommendations, parameters for simultaneous perturbation
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Figure 2.3: Gradient difference (solid line), gradient correlation (dashed line), and pattern intensity (dotted line) measures
as a function of each of the six transform parameters, calculated using a single x-ray image.

stochastic approximation as defined in equations 2.28 and 2.29, were set to c = 1, γ = 0.101,
a = 25, A = 50.0, and α = 0.602. Experiments showed that this method requires a large
number of iterations. Therefore, the maximum number of iterations was set to 1000.
Evolution strategy was used with λ = 9, P = 4, an initial step size of a0 = 1, and a recom-
mended definition for wp [49].
2D-3D registration software was developed in elastix [50].

2.7 Results
In Figure 2.3 gradient difference (solid line), gradient correlation (dashed line), and pattern
intensity (dotted line) values are displayed as functions of the six transform parameters. The
values were calculated using a single data set. For clarity, similarity values in Figure 2.3 were

Table 2.1: Summary of the registration results using a single x-ray image. Mean registration errors (ϵ) for all successful
registrations, and capture ranges (cr) are given in mm mTRE for all optimizer-similarity measure combinations.

GD GC PI
ϵ(σ) cr(σ) ϵ(σ) cr(σ) ϵ(σ) cr(σ)

RSGD 0.90(0.08) 0.72(0.52) 0.93(0.01) 2.93(0.04) 0.87(0.07) 0.75(0.98)

NM 0.89(0.14) 0.77(1.87) 0.69(0.24) 5.05(0.78) 0.89(0.05) 1.70(0.91)

PB 0.79(0.41) 3.57(1.25) 0.61(0.26) 5.31(0.35) 0.54(0.10) 3.61(2.06)

QN 0.71(0.19) 1.37(1.45) 0.61(0.26) 3.81(1.22) 0.62(0.08) 1.93(0.64)

NCG 0.73(0.07) 2.05(0.42) 0.60(0.18) 4.56(2.27) 0.76(0.02) 1.89(0.55)

SPSA 0.91(0.08) 3.32(0.58) 0.95(0.00) 3.87(0.13) 0.97(0.04) 0.87(0.45)

ES 0.69(0.28) 0.49(0.44) 0.70(0.26) 4.59(3.11) 0.63(0.17) 0.55(3.56)
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(a) Gradient descent (oGD = 18, oGC = 3, oPI = 15)
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(b) Nelder-Mead (oGD = 0, oGC = 0, oPI = 0)
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(c) Powell-Brent (oGD = 9, oGC = 11, oPI = 8)
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(d) Quasi-Newton (oGD = 9, oGC = 18, oPI = 4)

Figure 2.4: Results of the registration experiments. Final mTRE is given as a function of start mTRE. The threshold
for success (= 2 mm mTRE) and the line of no improvement are indicated by the solid and dashed line, respectively.
For each row the number of outliers is indicated by oGD , oGC , and oPI .

scaled between 0 - 1. All cost functions show a clear optimum in the proximity of the corre-
sponding gold standard parameter value. Typically, translations along the axis of projection (tz)
result in minor changes in the cost function, which makes accurate registration in this direction
difficult when only a single x-ray image is available, as can be seen in the graph.
The results of the 2D-3D registration experiments are summarized in Figures 2.4 and 2.5. Figure
2.4 shows the final mTRE (mTRE after registration) as a function of the start mTRE (initial
random offset) for each optimization method (ordered by row) and each similarity measure (or-
dered by column). Each graph contains 3 (datasets) ×2 (x-ray images) ×100 (experiments per
dataset) data points. The solid line indicates the threshold for success. Final registration errors
below this threshold are considered successful. The dashed line indicates where final mTRE is
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(e) Nonlinear conjugate gradient (oGD = 11, oGC = 31, oPI = 9)
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(f) Simultaneous perturbation stochastic approximation (oGD = 0, oGC = 0, oPI = 3)
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(g) Evolution strategy (outliers: oGD = 129, oGC = 11, oPI = 100)

Figure 2.4: continued.

equal to start mTRE. For data points on or above this line registration did not lead to improve-
ment. Experiments with final mTRE > 20 mm were considered outliers and were left out for
visibility. For each graph, the numbers of outliers for gradient difference, gradient correlation,
and pattern intensity are indicated by oGD , oGC , and oPI , respectively, and are given in the cap-
tion. The graphs show that different combinations of components lead to different registration
performances. The registration results for all component combinations are summarized in Table
2.1. Mean registration error (ϵ) in mm, calculated for all successful registrations, and capture
ranges (cr) are given. Standard deviations (σ) of registration errors and capture ranges obtained
with different data sets were calculated. Large values of σ indicates large variance in perfor-
mance. The capture range of a similarity measure, strongly depends on the search strategy that
is used. Gradient difference in combination with gradient descent, Nelder-Mead, and evolution
strategy resulted in capture ranges of 0.72 mm, 0.77 mm, and 0.49 mm, respectively, whereas
Powell-Brent and simultaneous perturbation stochastic approximation gave capture ranges of
3.57 mm and 3.32 mm, respectively, using the same similarity measure. Similarly, gradient cor-
relation and pattern intensity in combination with gradient descent resulted in relatively small
capture ranges (2.93 mm and 0.75 mm, respectively), whereas Powell-Brent led to better results
(5.31 mm and 3.61 mm, respectively). The largest capture range (5.31 mm) was obtained us-
ing gradient correlation and Powell-Brent. The differences in accuracies were relatively small.
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(a) Gradient descent
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(b) Nelder-Mead
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(c) Powell-Brent
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(d) Quasi-Newton

Figure 2.5: Results of the registration experiments. Percentage of successful registrations (final mTRE < 2 mm) is given
as a function of start mTRE.

Mean registration errors varied from 0.54 mm to 0.97 mm. For all similarity measures, simul-
taneous perturbation stochastic approximation resulted in the poorest accuracies. Overall best
accuracy was obtained with pattern intensity in combination with Powell-Brent.
The percentages of successful registration as a function of start mTRE are given Figures 2.4.
Results were divided into bins (size 1 mm) based on their start mTRE. From these graphs it
can be derived that for some methods, reasonable performances are obtained outside their cap-
ture range. A good example is evolution strategy in combination with gradient correlation; this
combination led to high success percentages for start mTRE up to 10 mm. The same search
strategy, however, performed worse in combination with gradient difference. Overall, the best
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(e) Nonlinear conjugate gradient
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(f) Simultaneous perturbation stochastic approximation
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(g) Evolution strategy

Figure 2.5: continued.

performance in terms of percentage successful registrations was obtained with evolution strat-
egy with gradient correlation. This combination led to 87.2% successful registrations for all
experiments.
In Table 2.2 the mean number of iterations (Nit), mean total registration time (t) in seconds,
and mean number of DRRs required for registration (NDRRs) are given for all component com-
binations. The mean time required to calculate the similarity between x-ray and DRR image
was 506, 547, and 314 milliseconds for gradient difference, gradient correlation, and pattern
intensity, respectively. For all similarity measures, Powell-Brent required the least time and
DRRs for registration. Generally, simultaneous perturbation stochastic approximation, evolu-
tion strategy and nonlinear conjugate gradient required the most time and DRRs. It should be
noted that for simultaneous perturbation stochastic approximation no tolerance values are de-
fined and therefore each registration requires the maximum number of iterations that is given. A
notable result is the number of DRRs required for regular step gradient descent in combination
with gradient difference, which was much larger than those for the same optimization method
combined with the other two similarity measures. Average computation times of the similarity
values were 506, 547, and 314 milliseconds for gradient difference, gradient correlation and
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pattern intensity, respectively. Experiments measuring registration times were performed on an
Intel Xeon E5420 Dual-Core, 2.5 GHz.

2.8 Discussion and Conclusions
Although the quality of similarity measures for intensity-based 2D-3D registration methods
has been well evaluated and compared, their performance in combination with various search
strategies had not. Klein et al. have shown, that for the same similarity measure, different opti-
mization methods can lead to differences in precision [34]. We have evaluated the effect of three
well evaluated similarity measures in combination with seven optimization methods on regis-
tration accuracy and capture range. Experiments were performed using CBCT and x-ray data,
acquired during cerebral interventions. Registration software used for this study was developed
in elastix, a medical image registration software package. 2D-3D registration components
will be available in release 4.5 and higher at http://elastix.isi.uu.nl.
For gradient difference, Powell-Brent and simultaneous perturbation stochastic approximation
led to the largest capture ranges (3.57 and 3.32 mm, respectively), of which the first gave the
best accuracy. For gradient correlation, largest capture ranges were obtained in combination
with Powell-Brent and Nelder-Mead. The largest capture range for pattern intensity was ob-
tained with Powell-Brent. For both gradient correlation and pattern intensity, Powell-Brent
optimization resulted in the highest registration accuracies. Overall component combinations,
gradient correlation in combination with Powell-Brent gave the largest capture range.
An overall well-performing optimization method was Powell-Brent. Regardless of the similar-
ity measures used its performance in terms of capture range was high. Another successful op-
timization method was simultaneous perturbation stochastic approximation, which had capture
ranges of 3.32 and 3.87 mm in combination with gradient difference and gradient correlation,

Table 2.2: Results of the experiments performed for measurements of relative registration times. Mean number of total
iterations (Nit), mean registration time (t), and mean number of DRRs used for registration (NDRRs) were calculated for
10 registration experiments with start mTRE of approximately 1 mm.

GD GC PI
Nit t NDRRs Nit t NDRRs Nit t NDRRs

RSGD 108.7 832.0 2363.1 75.2 358.2 990.6 56.9 191.7 753.7

NM 541.6 191.66 550.7 654.2 241.4 661.7 659.4 171.0 668.8

PB 4.1 118.3 342.7 4.5 122.6 336.6 6.3 132.6 521.5

QN 38.6 257.0 745.9 40.4 269.9 741.0 40.0 214.3 846.0

NCG 72.8 440.5 1283.8 104.0 651.3 1800.5 36.6 209.5 818.7

SPSA 1000 1030.9 3000 1000 1087.1 3000 1000 762.3 3000

ES 211.0 717.6 2112.0 206.8 752.5 2069.0 248.2 632.0 2484.0
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respectively. Quasi-Newton and nonlinear conjugate gradient led to moderate capture ranges in
combination with all three similarity measures.
In our experiments, the best similarity measure was gradient correlation. It showed the largest
capture ranges in most experiments. Both gradient difference and pattern intensity in combi-
nation with gradient descent resulted in capture ranges in the order of 1 mm mTRE, which
corresponds to the results reported by Van de Kraats et al [35]. Our experiments have shown,
however, that the performances can be improved by using a different optimization method.
Registration accuracies varied from 0.54 mm to 0.97 mm, and were influenced by both similarity
measure and optimization method. Relatively poor accuracies are achieved with simultaneous
perturbation stochastic approximation. Because this method does not test whether it has con-
verged, the accuracy of this method should be improved by increasing the number of iterations.
The best accuracy was achieved with pattern intensity combined with Powell-Brent.
Calculation of gradient correlation requires no additional parameters, whereas in both gradient
difference and pattern intensity scaling factors need to be defined. Weese et al. [36] proposed
to optimize this scaling factor for pattern intensity during each iteration. However, in research
reported by Penney et al. [29] a suitable scaling factor was used. In a later study by Penney
et al. [30], the scaling factor for both gradient difference and pattern intensity was optimized
during each iteration. During exploratory experiments we have compared the registration per-
formance of pattern intensity with a fixed scaling factor and a scaling factor that was optimized
by an exhaustive search strategy. Registrations were performed on a single data set as described
in section 2.6, using a Powell-Brent search strategy. The accuracy and capture range of pattern
intensity improved with 0.11 mm and 0.78 mm, respectively, when the scaling factor optimiza-
tion during each iteration. However, the total number of successful registrations (69%) did
not improve. Because the improvement in registration performance was small compared to the
additional required computational load a suitable constant scaling factor was used for pattern
intensity and gradient difference, as was initially proposed by Penney et al. The σ value for pat-
tern intensity is based on the noise level in the fixed image. The smoothness of the cost function
is very sensitive to this parameter and it should therefore be determined with care. We have no-
ticed that pattern intensity may not converge when the fixed image contains a lot of background
pixels. Large regions of background pixels may dominate the similarity measure, which could
cause the registration method to diverge. This was prevented by using a fixed image mask.
Since the number of computations that is performed within one iteration varies per optimization
method, direct comparison of the total number of iterations is not possible. Comparison based
on total registration time is not only machine dependent, but is also influenced by software im-
plementation. To be able to compare the registration time of the optimization methods used in
the study, total number of DRRs required for registrations were recorded, since generation of
DRRs is, computationally speaking, the most expensive task in intensity-based 2D-3D regis-
tration. Registration using Powell-Brent required the least DRRs and time, irrespective of the
similarity measure used.
Conventionally, gradient descent, Quasi-Newton, and nonlinear conjugate gradient use an exact



“manuscript” — 2010/11/10 — 18:09 — page 29 — #41

EVALUATION OF OPTIMIZATION METHODS 29

calculation of the local gradient of the cost function ∂C
∂µ

|µk in order to determine the direction
dk of the next optimization step. Because of the complexity of this derivation, we have used a
finite difference approach to calculate the derivative of the cost function. We expect that using a
finite difference approach instead of a direct derivation has a significant influence on efficiency.
Direct determination of the derivative is, however, outside the scope of this research.
From the results we can conclude that for the image data used in this study, the best 2D-3D
registration results are obtained by a Powell-Brent search strategy. Because of its good per-
formance with all three similarity measures, we recommend Powell-Brent as a reliable opti-
mization method for intensity-based 2D-3D registration in cerebral interventions. It required
the least registration time for convergence and only a few user-specified parameters need to be
determined, which makes this method relatively easy to tune to a specific application.
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In·i·tial·ize [I"nIS@laIz]:
-verb
1. Informatics. to clear (internal memory, a disk, etc.) of previous data in preparation for
use.
2. Informatics. to set (variables, counters, switches, etc.) to their starting values at the be-
ginning of a program or subprogram.
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3.1 Abstract
The image registration literature comprises many methods for 2D-3D registration for which
accuracy has been established in a variety of applications. However, clinical application is lim-
ited by a small capture range. Initial offsets outside the capture range of a registration method
will not converge to a successful registration. Previously reported capture ranges, defined as
the 95% success range, are in the order of 4 − 11 mm mean target registration error. In this
paper a relatively computationally inexpensive and robust estimation method is proposed with
the objective to enlarge the capture range.
The method uses the projection-slice theorem in combination with phase correlation in order to
estimate the transform parameters, which provides an initialization of the subsequent registra-
tion procedure.
The feasibility of the method was evaluated by experiments using digitally reconstructed ra-
diographs generated from in-vivo CBCT data. With these experiments it was shown that the
projection-slice theorem provides successful estimates of the rotational transform parameters
for perspective projections and in case of translational offsets. The method was further tested
on ex-vivo ovine x-ray data. In 95% of the cases the method yielded successful estimates for
initial mean target registration errors up to 19.5 mm. Finally, the method was evaluated as an
initialization method for an intensity-based 2D-3D registration method. The uninitialized and
initialized registration experiments had a success rate of 28.8% and 68.6%, respectively.
We have shown that our initialization method based on the projection-slice theorem and phase
correlation yields adequate initializations for existing registration methods, thereby substan-
tially enlarging the capture range of these methods.

3.2 Introduction
Image-guided procedures which include image-guided radiation therapy, image-guided surgery
and image-guided minimally invasive therapy are navigated by image data acquired during the
procedure. Real-time visualization during these procedures is commonly done by 2D x-ray
imaging. The downside of this imaging technique is that the perspective images do not provide
3D information. Additionally, some soft tissues that can be visualized using 3D imaging tech-
niques are not visible in 2D x-ray imaging. Incorporating pre-interventional/preoperative 3D
volume data, obtained for diagnosis and/or treatment planning, into the work flow of image-
guided procedures would therefore lead to 3D insight and improved visualization of anatomical
structures.
In order to enable the use of pre-interventional data and intra-interventional data in the same ref-
erence frame, the relationship between the pre-interventional coordinate system and the patient
must be determined during the procedure. One way to do this directly is by image-to-patient reg-
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istration. Registration is performed by manually matching corresponding points (e.g. markers
or anatomical landmarks) that are located on the patient and are also present in the 3D volume
data loaded into navigation machinery [8, 9]. Another method, referred to as registration-free
or direct navigation, obtains a new 3D volume as soon as the patient is positioned in the inter-
ventional suite. Because the 3D volume is obtained on a calibrated system, the exact relation
between volume and patient are known. By 3D-3D registration, any pre-interventional volume
can be used during the procedure [11–13].
The downside of both methods is that patient motion results in the loss of the relation between
the patient and the 3D volume which can be recovered by navigation machinery [51] or by
repeating the registration procedure or by acquiring a new 3D volume. The use of naviga-
tion machinery during procedures provides good accuracy, however an intervention room might
not always supply enough space for such machinery. In addition, performing multiple manual
registrations is time-consuming as is the repeated acquisition of additional 3D data. More im-
portantly, the latter exposes the patient to an increased amount of radiation when 3D imaging is
based on x-rays.
A third method to obtain a patient-volume relation that does not require navigation machinery
or additional 3D imaging is 2D-3D image registration [16–19, 22–27, 29–32, 36, 52–76]. Here,
patient-volume relation is determined indirectly by registering 2D projection images of the pa-
tient acquired during the intervention to the preoperative 3D volume. Over the last two decades
various 2D-3D image registration methods have been proposed.
Although very accurate 2D-3D registration methods are available they are often limited by a
small capture range. The registration will not be successful when the initial misregistration lies
outside the capture range that is specific to the method applied. Maximum initial offsets leading
to successful registrations reported previously are in the order of 1 mm mean target registration
error (mTRE) when one x-ray image is used and 4 − 11 mm mTRE when two oblique x-ray
images are used [35, 68, 73, 76]. The capture range was defined as the 95% success range and
success as a final mTRE smaller than 2 mm.
The objective of the research reported in this paper was to develop a method that provides a
large capture range. We have investigated the possibility to give a fast and robust estimate of
the transform parameters as an initialization for a more accurate 2D-3D registration method.
The proposed initialization method is based on the projection-slice theorem and phase correla-
tion. It performs a slice-to-volume registration on the Fourier spectra of 2D projection images
and the Fourier spectrum of a 3D dataset acquired of the same object in order to estimate the
pose of the 3D dataset relative to the projection images. Subsequently, the translational offset
is estimated by phase correlation. With this method we aim to estimate the transform parame-
ters to reduce the total mTRE to a value that lies within the limited capture range of existing
registration methods with high accuracy. Fourier-based methods [77, 78] and phase correlation
[79, 80] have been well explored for 2D-2D and 3D-3D registration. Preliminary results on
using the projection-slice theorem were presented in Van der Bom et al. [81] and a similar
method was proposed later on by Zosso et al. [82]. It should be noted that, due to reasons dis-
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cussed in this paper, our method was developed to provide an approximation of the registration
parameters and complete convergence is left to a 2D-3D registration method. The feasibility of
the approach was tested in experiments on both in-vivo and ex-vivo data.

3.3 Materials and Methods

3.3.1 Projection-slice theorem
The projection-slice (also known as the Fourier-slice or central-slice) theorem [83] defines a
relationship between the Fourier spectrum of an N-dimensional function and the Fourier spectra
of its (N − 1)-dimensional projections. In this section we recapitulate this theorem for a 2D
object and its 1D projections. The parallel projection pθ(l) of an object f(x, y) on a line through
the origin with angle θ relative to the x-axis evaluated at a distance l from the origin (see Figure
3.1), can be written as:

pθ(l) =

∞∫
−∞

∞∫
−∞

f(x, y)δ(x cos θ + y sin θ − )dxdy, (3.1)

where δ is the Dirac delta function. The Fourier transform of f(x, y) with respect to x and y is
given by:

F (u, v) =

∞∫
−∞

∞∫
−∞

f(x, y)e−i2π(ux+vy)dxdy, (3.2)

and the Fourier transform Pθ(ρ) of pθ(l) with respect to l is:

Pθ(ρ) =

∞∫
−∞

pθ(l)e
−i2πρldl. (3.3)

Substituting equation (3.1) into (3.3), gives:

Pθ(ρ) =

∞∫
−∞

∞∫
−∞

∞∫
−∞

f(x, y)δ(x cos θ + y sin θ − )dxdy · e−i2πρd

=

∞∫
−∞

∞∫
−∞

f(x, y)e−i2πρ(x cos θ+y sin θ)dxdy, (3.4)

from which we can distill the important identity known as the projection-slice theorem:

F (ρ cos θ, ρ sin θ) = Pθ(ρ), (3.5)
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Figure 3.1: Schematic overview of the projection-slice theorem.

Specifically, the projection-slice theorem states that the 1-dimensional Fourier transform of a
projection pθ(l) of a 2-dimensional function f(x, y) equals the spectrum found along a line at
angle θ in the 2-dimensional Fourier transform of the function f(x, y) (see Figure 1). Because
of the validity of this theorem in n dimensions [84] we can extend this relation to the 2D-3D
case to find the rotational transform parameters between a 3D volume and a 2D orthoscopic
projection of that volume. Hence, the 2D Fourier transform of a projection Pθ,ϕ,γ(uP , vP ),
with projection angles (θ, ϕ, γ) and (uP , vP ) the coordinates in the projection plane, is identical
to the spectrum on the 2D plane described by the normal with Euler angles θ and ϕ and γ going
through the origin in the 3D Fourier transform of the 3D data.

3.3.2 Phase correlation
Phase correlation is a registration technique that is based on the Fourier shift theorem which
states that a shift in the spatial domain corresponds to a phase difference in the frequency do-
main. Let F1 and F2 be the Fourier transforms of two images f1 and f2 respectively that are
shifted by m and n with respect to each other:

f2(x, y) = f1(x−m, y − n) (3.6)
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The Fourier shift theorem is then given by:

F2(u, v) = e−i2π(um+vn)F1(u, v) (3.7)

The phase difference between and can be calculated using the cross-power spectrum C(u, v),
defined as:

C(u, v) =
F1(u, v)F

∗
2 (u, v)

| F1(u, v)F ∗
2 (u, v) |

= ei2π(um+vn) (3.8)

where F ∗
2 (u, v) is the complex conjugate of F2(u, v) . The inverse Fourier transform c(x, y)

of C(u, v) is a Kronecker delta function that indicates the relative shift between the images:

c(x, y) = δ(x+m, y + n) (3.9)

3.3.3 Projection-slice theorem and phase correlation based initial-
ization of 2D-3D image registration

A 2D-3D registration problem involves ten transform parameters which can be divided into two
groups. The first group are the extrinsic parameters that contains the six 3D-3D rigid body trans-
formation parameters which describe the position and orientation of the 3D volume. The second
group are the intrinsic parameters that contains information on the focal distance (the distance
from the source to the projection plane), the position of the projection plane with respect to the
object and the pixel size of the projection plane. Usually in a 2D-3D registration problem the
intrinsic parameters are known and the extrinsic parameters need to be optimized. Our method
uses the projection-slice theorem to estimate the orientation (defined by the Euler angles θ,
ϕ and γ) of the 3D volume that corresponds to a 2D projection image. Let F (uF , vF , wF )

and P (uP , vP ) be the Fourier transforms of the 3D volume f(xf , yf , zf ) and a projection
p(xp, yp), respectively. In order to find the Euler angles E = (θ, ϕ, γ) that describe the orien-
tation of the 3D volume f(xf , yf , zf ) at which the projection p(xp, yp) was acquired, we must
find the plane I(uI , vI) in F (uF , vF , wF ) through the center of the volume that has maximum
correspondence with P (uP , vP ). The orientation of that plane is described by the Euler angles
we are looking for. Thus:

Ê = arg min
θ,ϕ,γ

D(P, I), (3.10)

where we strive to minimize D(P, I), the function that calculates the difference between the
Fourier spectra P and I. We employed a sum of absolute differences similarity measure, applied
to the modulus of the Fourier transforms of the 3D volume and the 2D projections. So far
we have used continuous functions in our formulations but in practice the 3D volumes and the
2D projection images used are discrete data sets. Therefore the Fourier transforms and the
similarity measure were implemented as:

D(P, I) =
1

NM

M∑
j=1

N∑
i=1

|Pmod
ij − Imod

ij |. (3.11)
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Here Pmod
ij and Imod

ij denote the i, jth element of the modulus of P (uP , vP ) and I(uI , vI)

respectively, with N × M elements. Planes in the 3D Fourier spectrum were resampled with
fixed matrix size and pixel spacing, which were equal to the size and spacing of a coronal slice
of the 3D volume data. The similarity function described in equation 3.11 was optimized using
Powell-Brent [40]. As mentioned earlier, the projection-slice theorem describes the relation
between a 3D volume and its 2D orthoscopic projections. In practice, x-ray projection images
are acquired with a cone-beam geometry leading to images that are different from those gen-
erated with parallel-beam geometry. The proposed method will therefore not converge to the
correct rotational parameters. However, assuming the distance from the object to the detector
is relatively small compared to the distance from the x-ray focus to the detector, perspective
projections will show sufficient similarity with their corresponding orthoscopic projections in
order to provide a good estimate of the rotational parameters. After an estimate of the rotational
transform parameters had been obtained, phase correlation was used to estimate the transla-
tional transform parameters. The cross-power spectrum was calculated in a discrete manner,
leading to an estimated shift expressed in pixels. It appeared that phase correlation obtained us-
ing I(uI , vI) led to erroneous results because of interpolation artifacts. Therefore, the Fourier
transform of an orthoscopic projection, generated using the estimated rotational parameters, was
used to calculate the phase correlation. All software was developed using the ITK Segmentation
and Registration Toolkit [85].

3.4 Experiments
To test and validate our estimation method we performed three sets of experiments. In the first
set of experiments we used digitally reconstructed radiographs to determine the influence of per-
spective projections and translational offsets on the estimation of the rotational parameters using
the projection-slice theorem. In the second set, we tested the complete initialization method,
i.e. estimation of the transform parameters using the projection-slice theorem and phase corre-
lation on x-ray data. In the third set of experiments, the initialization method was followed by
an intensity-based 2D-3D registration algorithm and compared to registration without initial-
ization to test whether the proposed method leads to improved registration success. Because the
x-ray data was acquired with a calibrated clinical system gold standard transformations were
available for validation.

3.4.1 Projection-slice theorem experiments on digitally reconstructed
radiographs

A thoracic canine data set was acquired with an x-ray angiography c-arm system (Allura Xper
FD20, Philips Healthcare, Best, The Netherlands) in an angio-surgical suite obtained during a
spinal surgery. All experiments were approved by the Institutional Animal Care and Use Com-
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mittee of the University of Massachusetts. Digitally reconstructed radiographs (DRRs) gener-
ated with various rotational and translational parameters were registered to their corresponding
cone-beam computed tomography (CBCT) data sets. With these experiments we quantified the
robustness and accuracy of the estimates provided by the projection-slice theorem algorithm
as a function of rotational and translational offsets. By using DRRs generated with a point
source the effect of projection with cone-beam geometry on the success of the initialization
algorithm assuming parallel projection was tested. Evaluation using DRRs was straightfor-
ward because gold standard parameters were known. In the first experiment, the performance
of the method as a function of rotational offsets was tested. DRRs were generated with rota-
tional parameters varying from −20◦ to 20◦ with steps of 5◦ for all three axes of rotation while
keeping the translational parameters fixed at 0 mm. In the second experiment the influence of
translational offsets was investigated. DRRs were generated with fixed rotational parameters
(θ = −6◦, ϕ = 5◦, γ = −4◦) and translational parameters were varied from −10 mm to 10

mm with steps of 5 mm. The estimation method was started at 0◦ and 0 mm for all three rota-
tional and translational transform parameters, respectively.
As an error measure we have used the mean target registration error (mTRE) [86]. The mTRE

was defined as the mean distance between predefined target points in the 3D volume trans-
formed with some arbitrary transformation and with the gold standard transformation, i.e. the
transformation corresponding to a perfect registration:

mTRE(T ) =
1

N

N∑
n=1

∥∥∥T pn − Tgoldpn

∥∥∥. (3.12)

Here N is the total number of target points pn, Tgold is gold standard transformation and T a
transformation that can for instance be the estimate given by the algorithm or the initial trans-
formation prior to the estimation process. In the remainder of this paper, the start registra-
tion error before the estimation process and the registration error after the estimation process
are referred to as mTREstart and mTREestimate respectively. In order to evaluate the per-
formance of the estimation of the rotational parameters by the projection-slice theorem as a
function of initial translational offset, we calculated the mTREestimate caused by rotational
offsets only (mTRER

estimate) and the mTREstart values caused by translational offsets only
(mTRET

start). Hence, mTRER
estimate was calculated using equation 3.12 where T contained

the rotational parameters estimated by the algorithm and the gold standard translation parame-
ters. Similarly, the calculation of mTRET

start T contained the gold standard rotation parame-
ters and the initial translation parameters.
In order to provide a robust initialization for 2D-3D registration methods, our method will have
to provide an estimate of the transform parameters within the capture range of these methods.
In order to compare our results with those reported by Van de Kraats et al. [35], we chose to
calculate the mTRE values using 8 target points located on the vertices of a rectangular region
of interest with the same dimensions (82.65 mm ×39.15 mm ×82.65 mm) as described in the
evaluation method in [47]. With these target points a rotation of 1.0◦ around one of the three
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axes will lead to an mTRE of 0.8 − 1.0 mm. Reported initial misregistrations leading to suc-
cessful registrations are in the order of 4 − 11 mm mTRE when two x-ray images are used
[35, 68, 76]. Estimates with an mTREestimate smaller than 7.5 mm (the average of the re-
ported capture ranges) were considered successful. The capture range was defined as the 95%

success range as was proposed in [35]. Parameter settings for the generation of DRRs, like
distance from source to detector (1195 mm), distance from object to detector (385 mm) and
detector size (288 mm), were based on those obtained form a calibrated c-arm system.

Figure 3.2: Schematic overview of the x-ray angiography C-arm system. The coordinate system and the rotational param-
eters as defined in this article are indicated.

3.4.2 Initialization experiments on x-ray data
To test the feasibility of the estimation method for clinical application, experiments were per-
formed using x-ray data acquired with a clinical system. Two CBCT datasets of a vacuum sealed
ovine hind limb were acquired. For the reconstruction of a CBCT volume of 256× 198× 256

voxels (isotropic voxel size of 0.98 mm3), a set of 116 projection images was acquired for
which the rotational x-ray source was rotated 202.5◦ around the subject around one axis, cor-
responding to parameter ϕ in this paper (see Figure 3.2). The x-ray images had a resolution
of 1024 × 792 pixels (isotropic pixel size of 0.37 mm2) and were resized to 256 × 198 pix-
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els. Because the c-arm system was calibrated, the intrinsic and extrinsic transform parameters
that relate the 3D volume to the projection images were known. Before the second acquisition,
the hind limb was manually rotated and translated in order to create an extra offset. In the
CBCT data sharp transitions are present that represent the bounding box of the reconstructed
volume. In order to exclude the influence of sharp edges the data was masked with a Gaus-
sian blurred (σ = 3 voxels) binary sphere and a Gaussian blurred (σ = 3 pixels) binary disc
for the 3D volume and x-ray images, respectively. The sphere and disc had radii of 87 pixels
and the center points were located at the center of the volume and image data. Screenshots of
3D volumes and x-ray images are shown in Figure 3.3. From both datasets 33 adjacent x-ray
images were selected that were acquired within an angular difference of approximately 60◦.
The estimation method was tested using the two sets of x-ray images and both reconstructions.
Transform parameters were estimated for all selected x-ray images relative to both reconstruc-
tions, thus leading to 132 experiments. Experiments were performed three times using different
start parameters in order to test the performance of the method for a range of initial offsets. The
transform parameters corresponding to the manual displacement were determined by perform-
ing 3D-3D rigid-body registration on the reconstructed volumes with elastix [50]. As a result,
the gold standard 2D-3D transform parameters for all x-ray images were known. Mean target
registration error before and after the estimation were calculated using equation 3.12. Estimates
with an mTRE smaller than 7.5 mm were considered successful. The overall performance of
the method was evaluated by calculating the capture range for all x-ray experiments using the
definition described in section 3.4.1.

3.4.3 Intensity-based 2D-3D registration experiments
on clinical patient data

The method was tested using clinical patient CBCT data of a human skull acquired during a
neuro-intervention. For the reconstruction of the CBCT volume with a resolution of 2563 vox-
els (isotropic voxel size 0.76 mm3) 116 x-ray images with a resolution of 9522 pixels (isotropic
pixel size of 0.31 mm2) were obtained.
A single x-ray image was selected, resized to 2562 pixels and registered to the CBCT vol-
ume. The selected x-ray image and a coronal slice of the CBCT volume are shown in Figure 4.
Registration was performed with an optimized intensity-based 2D-3D registration method only
(IBM). The intensity-based 2D-3D registration algorithm was implemented with a gradient cor-
relation similarity measure [31, 32, 52, 87] and optimization was performed by Powell-Brent
(see chapter 2). Registration experiments were started using randomly generated transform pa-
rameters with a frequency of 10 sets of start parameters per 1 mm mTRE. Start and final mean
target registration errors (mTREstart and mTREfinal) were calculated with the same target
points as in 3.4.1 and 3.4.2. The capture range, defined as the 95% success range, of the IBM
was determined. Registrations with final mTRE smaller than 2 mm [35] were classified as suc-
cessful. Subsequently, registration experiments were performed with the same intensity-based
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Figure 3.3: Data used for experiments described in section 3.4.2. Left column: Coronal slices of the 3D-RX datasets.
Center column: Anterior-posterior x-ray images that were masked using a Gaussian binary blurred disc. Right column:
Anterior-posterior orthogonal projection images obtained with the projection-slice theorem. x-ray and projection images
correspond to the CBCT dataset in the same row.

method with and without using initialization by the projection-slice theorem and phase corre-
lation (I-IBM). Experiments were started with the randomly generated transform parameters
with corresponding mTREstart outside the capture range of the IBM. Prior to performing the
initialization method, volume and image data were masked as explained in 3.4.2.

3.5 Results

3.5.1 Projection-slice theorem experiments on digitally reconstructed
radiographs

The results of the experiments using digitally reconstructed radiographs are presented in Figures
3.5 and 3.6. Figure 3.5 shows the results of the experiments with rotational offsets varying from
−20◦ to 20◦ and 0 mm translational offset. Corresponding mTREstart ranges from 4.0 mm
to 28.3 mm. The dashed line indicates where the mTREestimate is equal to mTREstart. For
points above or on this line our method provides no improved estimate. The estimation method
provided a capture range of 19.3 mm. Three outliers (located at mTREstart of 13.78 mm,
20.63 mm and 21.61 mm) were left out for visibility.
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Figure 3.4: Data used for experiments described in section 3.4.3 Left: Coronal slice of the 3D-RX data sets of human skull.
Center: Masked X-ray image. Right: Orthogonal projection image obtained with the projection-slice theorem.

In Figure 3.6 the results for the experiments with translational offsets varying from −10 mm to
10 mm and fixed rotational offsets (θ = −6◦, ϕ = 5◦, γ = −4◦) are presented. The dashed
line in Figure 3.6 indicates the mTREstart (7.3 mm), i.e. the mean target registration error
that resulted from rotational offset only. Values below this line indicate an improved estimate of
the rotational parameters. For all experiments the estimation method provided an improvement.
In 83.9% of the cases the estimation method gave a reduction of 50% or more of the initial
rotational offset.
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Figure 3.5: Results of the DRR experiments described in section 3.4.1. mTREestimate are given as a function of
mTREstart. The boundary of no improvement is indicated by the dashed line. Initial offsets were caused by rotations
around three axis varying from −20◦ to 20◦.



“manuscript” — 2010/11/10 — 18:09 — page 43 — #55

ROBUST INITIALIZATION OF 2D-3D IMAGE REGISTRATION 43

0 2 4 6 8 10 12 14 16 18
0

2

4

6

8

10

mTRE
T

start
 (mm)

m
T

R
E

R es
ti

m
at

e (
m

m
)

Figure 3.6: Results of the projection-slice theorem experiments described in section 3.4.1. mTREestimate are given as
a function of mTREstart. The line of no improvement is indicated by the dashed line. Initial offsets were caused by
fixed rotations around three axis and translations varying from -10 mm to 10 mm along three axes.

3.5.2 Initialization experiments on X-ray data
In Figure 3.7, the results of the x-ray experiments are displayed in terms of mTRE calculated
as described in the experiments section. The mTRE after estimation is plotted as a function
of the initial mTRE. The boundary of no improvement is indicated by the dashed line and the
boundary for success is indicated by the solid line. The capture range of the estimation method
was 19.5 mm. Within this range the mean (standard deviation) mTRE was 3.3(1.6) mm.

3.5.3 Intensity-based 2D-3D registration experiments on clinical
patient data

The capture range of the 2D-3D intensity-based method was 5.5 mm. The average registra-
tion error within this range was 1.62 mm. Registration experiments using the initialized and
uninitialized intensity-based method were performed with random start positions varying from
5.5 − 21 mm. On average registration by IBM took 10 Powell iterations. The initialization
required an average of 6 iterations to provide an estimate of the transform parameters. The
mTREfinal as a function of the mTREstart for IBM (open circles) and I-IBM (closed cir-
cles) are presented in Figure 3.8. Within this range of mTREstart IBM was successful in
28.8% of the experiments (n = 137) with an average mTREfinal of 11.5 mm. I-IBM had a
success percentage of 68.6% and an average mTREfinal of 3.1 mm. The figure shows that
there is a bias in the mTREfinal of approximately 1.3 mm. These biases were nearly all caused
by a final translational error along the axis of projection. It should be noted that this bias is a
flaw in the 2D-3D registration procedure and was not influenced by the initialization method,
whereas a similar bias is seen for registration without initialization. The bias is possibly a result
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of the very small changes in the registration metric as a function of translations along this axis.
IBM could therefore easily get stuck in a local minimum. Another reason could be that the
calibration values of the c-arm system contained a slight error. It must be noted that the bias did
not influence the results, because the experiments were performed as a comparison.
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Figure 3.7: Results of the initialization experiments described in section 3.4.2. mTREestimate are given as a function
of mTREstart. The boundary of no improvement and the threshold for success are indicated by the dashed and the solid
line respectively.
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Figure 3.8: Results of the intensity-based 2D-3D experiments described in section 3.4.3. mTREfinal of IBM (open
circles) and I-IBM (closed circles) are given as a function of mTREstart. The boundary of no improvement and the
threshold for success are indicated by the solid and the dashed line respectively.
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3.6 Discussion and Conclusions
Although accurate 2D-3D registration methods are available, robustness remains a critical issue
for the application of 2D-3D registration for real-time navigation during clinical procedures.
We have investigated the feasibility of using the projection-slice theorem and phase correlation
to give an estimate of the transform parameters as an initialization for a 2D-3D registration
algorithm. With this method, we aim to decrease the mean target registration error to a value
that lies within the capture range of existing 2D-3D registration methods. We evaluated the es-
timation of the rotational transform parameters with the projection-slice theorem using digitally
reconstructed radiographs (DRRs) generated with cone-beam geometry. For rotational offsets
the estimation method showed a capture range of 19.3 mm mTRE, which corresponds to a
rotation of 19◦ to 24◦ around one axis. For a fixed rotational offset and translational offsets
up to 17.3 mm our method provided an improved estimate of rotational transform parameters
in all experiments. Additionally, the method was tested using two sets of x-ray images and
their corresponding reconstructed volumes. The overall capture range of our method for these
experiments was 19.5 mm mTRE using a single x-ray image, with a mean(standard deviation)
mTRE of 3.3(1.6) mm. Finally, we have tested the initialization method in combination with
an intensity-based 2D-3D registration method. We have shown that for misregistrations in the
order of 5.5− 21 mm mTRE, registration with initialization succeeded in 68.8% of the exper-
iments, whereas an uninitialized method only led to 28.6% successful experiments. There are
several limitations to the proposed initialization method. The validity of using the projection-
slice theorem is limited by the fact that it assumes parallel imaging whereas the projection
images acquired during an intervention are generated with cone-beam geometry. In addition,
using phase correlation to estimate the translation transform parameters between two images
is valid for images that differ only by a relative shift. In our method we calculate the phase
correlation between images that, apart from any translational differences, differ by their pro-
jection geometry. Additionally, the orthoscopic projections are obtained using an estimate of
the rotational parameters. We have shown, however, that a cone-beam projection with imaging
parameters used in clinical practice shows sufficient similarity with its corresponding parallel
projection in order for our method to provide an efficient estimate at a lower computational
load of O(N2logN) compared to the computation load of the generation of DRRs O(N3),
considering a 3D volume with size N ×N ×N [88]. Both intensity-based registration method
and the initialization method were implemented using the ITK Segmentation and Registration
Toolkit [85] and were optimized for precision and accuracy and not for speed. For comparison,
on average the IBM took 32.2 minutes per registration task and the proposed method required
7.5 minutes per initialization, performed on an AMD Opteron 244, 1.8 GHz. The runtimes
of both algorithms are very unrealistic for clinical applications. However, it has been reported
that the generation of DRRs and other registration tasks can easily be accelerated by dedicated
programming and hardware implementation on the graphics processing unit (GPU) [32, 89, 90].
For instance, in the experiments 3.4.2 the generation of a single DRR with the IBM required
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0.7 seconds. Ruijters et al. have shown that with using a similar size dataset as the one used
in our experiments, DRRs could be generated within 29 milliseconds. We expect that with
similar dedicated programming and hardware implementation, the runtime of the initialization
method will be accelerated considerably. We proposed to use the projection-slice theorem in
combination with phase correlation as an estimation method for robust initialization of a 2D-
3D registration routine. With the experiments we have shown that, in spite of the ambiguous
relation between projection images acquired with cone-beam geometry and the orthoscopic pro-
jections, the method provides successful estimates and is able to improve the capture range of a
2D-3D registration method substantially.
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Re·gres·sion [rI"grES@n]:
-noun
1. to return to a previous and less advanced or worse state, condition or way of behaving
2. Biology. reversion to an earlier or less advanced state or form or to a common or general
type.
3. Statistics. the analysis or measure of the association between one variable (the dependent
variable) and one or more other variables (the independent variables), usually formulated in an
equation in which the independent variables have parametric coefficients, which may enable
future values of the dependent variable to be predicted.
4. Astronomy. the slow movement around the ecliptic of the two points at which the moon’s
orbit intersects the ecliptic. One complete revolution occurs about every 19 years.
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4.1 Abstract
Spatial and soft tissue information provided by magnetic resonance imaging can be very valu-
able during image guided procedures, where usually only real-time 2D x-ray images are avail-
able. Registration of 2D x-ray images to 3D MRI data, acquired prior to the procedure, can
provide optimal information to guide the procedure. However, registering x-ray images to MRI
data is not a trivial task because of their fundamental difference in tissue contrast. This paper
presents a technique that generates pseudo-CT data from multi-spectral MRI acquisitions which
is sufficiently similar to real CT data to enable registration of MRI to x-ray with comparable ac-
curacy as registration of CT to x-ray. The method is based on a kNN regression strategy which
labels voxels of MRI data with CT Hounsfield Units. The regression method uses multi-spectral
MRI intensities and intensity gradients as features to discriminate between various tissue types.
The efficacy of using pseudo-CT data for registration of x-ray to MRI was tested on ex vivo
animal data. 2D-3D registration experiments using CT and pseudo-CT data of multiple subjects
were performed with an intensity-based 2D-3D registration algorithm. On average, the median
target registration error for registration of two x-ray images to MRI data was approximately 1
mm larger than for x-ray to CT registration. The results showed that pseudo-CT data generated
from multi-spectral MRI facilitates registration of MRI to x-ray images. From the experiments
it could be concluded that the accuracy achieved was comparable to that of registering x-ray
images to CT data.

4.2 Introduction
Three-dimensional (3D) anatomical information can be of great value during many image-
guided interventions. However, in most cases only 2D x-ray projection images can be acquired
during the intervention. For this reason, registration of pre-treatment 3D volume data to 2D
x-ray images during clinical procedures is considered beneficial in a variety of clinical applica-
tions. For instance, the registration of portal images to 3D volume data can provide assistance in
treatment planning and patient positioning for radiotherapy [1-11]. In the fields of minimally-
invasive and computer-aided surgery [12-39], navigation of medical devices can be performed
using volumetric data acquired prior to the procedure, offering 3D insight into the patient’s
anatomy. A great variety of 2D-3D registration methods have been developed of which most
are applicable only for the registration of computed tomography (CT) to x-ray images. Be-
cause these imaging modalities both use x-rays, their visual content in terms of tissue contrast
is rather similar. These similarities are well exploited in various registration methods proposed
[15–19, 22–27, 29, 30, 32, 36, 53–57, 59, 61, 62, 62–67, 69, 70, 73–75, 91, 92].
However, for some applications additional images providing adequate soft tissue contrasts may
be of great value. This soft tissue contrast can be useful during endovascular interventions like
embolization of arteriovenous malformations or orthopedic interventions like vertebroplasty.
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Registration of x-ray images to MRI data may provide such complementary soft tissue contrast
which is lacked by x-ray images.
Registering MRI to x-ray data is technically very challenging because fundamental differences
in imaging physics and contrast mechanisms lead to very different tissue contrasts. Rohlfing et
al. [93] proposed a similarity measure that uses the distributions of MRI intensities along rays.
Subsequently, these distributions are compared to the pixel intensities of the x-ray image in a
manner that is similar to mutual information. A quantitative evaluation of this method has so far
not been reported. Tomaževič et al. [58] have developed a method that registers the bony edges
of vertebral bodies extracted from 3D volume data to the high intensity gradients in the x-ray
images. Because the method uses gradient information it is applicable for the registration of x-
ray to CT and MR. A drawback of this method is that the extraction of bone edges in MRI data
is not a trivial task. Furthermore, Tomaževič et al. propose a method that registers a coarse 3D
reconstruction, generated from two or more oblique x-ray images, to MRI data [68]. Like the
gradient-based method this reconstruction-based method can register x-ray images to CT and
MRI data. Markelj et al. [76] have combined the gradient-based and the reconstruction-based
method. A coarsely reconstructed 3D gradient field, generated from multiple x-ray images
acquired with different projection angles, is registered to the gradients extracted from the 3D
volume. Naturally, the performance of reconstruction-based methods is improved by a larger
number of x-ray images.
Van den Elsen et al. [94] have introduced the concept of defining an intensity mapping function
from MRI intensities to CT Hounsfield units. Subsequently, the possibility to define a mapping
function from multi-spectral MRI intensities to computed tomography (CT) Hounsfield units
in order to create pseudo-CT data was investigated by Van de Kraats et al. [95]. Using this
method, a look-up table (LUT) was constructed from a CT data set registered to three MRI data
sets acquired with different signal weighting. The results showed that gradient-based 2D-3D
registration [58] using pseudo-CT data outperformed the registration executed directly on MRI
data. We have elaborated on the idea of generating a pseudo-CT data set from multiple MRI
sequences to improve the registration of x-ray to MRI [96]. Instead of constructing a LUT from
MRI data acquired with scan sequences rarely used in clinical practice, the improved method is
based upon a regression analysis that employs routine scan sequences. Our aim was to generate
a pseudo-CT data set that sufficiently mimics a real CT data set to achieve registration accuracy
for x-ray and MRI that is in the same order as the accuracy of x-ray to CT registration. The fea-
sibility of this approach is demonstrated in ex vivo animal models. The method was originally
developed for application in orthopedic surgery.

4.3 Materials and Methods
To facilitate registration of x-ray images to MRI data, we propose to generate pseudo-CT data
from MRI data acquired with three pulse sequences using a k-nearest-neighbors (kNN) regres-
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sor. Regression analysis is a technique that aims to define the relationship between a dependent
variable and one or more independent variables based on training data. In the following section,
a detailed description of MRI and CT data used for the regression analysis, and x-ray data used
for evaluation is given. Subsequently, the Hounsfield Units regressor is formulated. In the final
section, the evaluation of the proposed method is described.

4.3.1 Data acquisition
Sequences with different signal weightings cause different contrasts in MRI images, which
make it possible to differentiate between various tissue types. Three scan sequences with the
most favorable tissue contrasts were selected from routine clinical spine MRI protocols. Tissues
of interest were bone (compact and spongy), marrow and soft tissue (e.g. fat and muscular
tissue). The selected sequences were a multislice T1-weighted Turbo Spin Echo (T1w TSE)
sequence [TR/TE = 530/11 ms, TSE-factor = 4, NSA = 3], a multislice T2-weighted Turbo
Spin Echo (T2w TSE) sequence [TR/TE = 3500/120 ms, TSE-factor = 31, NSA = 4] and
a multislice T2-weighted Short TI Inversion Recovery (T2w STIR) sequence [TR/TE/TI =

2500/80/130 ms, TSE-factor = 11, NSA = 2]. All MRI data was obtained on a 3 Tesla clinical
MRI scanner (Achieva, Philips Healthcare, Best, The Netherlands) with coronal orientation and
had an in-plane pixel size of approximately 0.9 × 0.9 mm2, a slice thickness of 2 mm and no
slice gap. CT data was obtained with an orthopedic protocol on a 64-slice scanner (Brilliance,
Philips Healthcare, Best, The Netherlands) [slice thickness = 0.9 mm, increment = 0.45 mm,
Voltage = 80 kV, tube current exposure time = 450 mAs] and reconstructed with a voxel
size of 0.7 × 0.7 × 0.8 mm3. Cone beam computed tomography (CBCT) data was acquired
with a calibrated x-ray angiography c-arm system (Allura Xper FD20, Philips Healthcare, Best,
The Netherlands) using a cerebral-propeller protocol. CBCT data was reconstructed from a
set of 112 X-ray images obtained during rotational motion of the x-ray source over an angle
of approximately 200◦. The CBCT data and x-ray images had a reconstructed voxel size of
0.98× 0.98× 0.98mm3 and a pixel size of 0.37× 0.37 mm2, respectively.

4.3.2 Generation of CT-like data using a Hounsfield Units
regressor

In order to generate pseudo-CT data from MRI, we have defined the mapping function of MRI
intensities to Hounsfield Units (HU) as a regression problem. Hence, we are pursuing to define
the functional f(·) that predicts the dependent variable HU, i.e. the intensity values of the
pseudo-CT data, based on the independent variables x obtained from the MRI data and control
parameter p.

ĤU ≈ f(x, p) (4.1)
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In the proposed method, prediction of ĤU was carried out with a kNN-regressor [97]. As a
result, control parameter p is equal to the number of neighbors used by the regressor.
kNN-regression is a machine learning algorithm. Therefore, the algorithm must be trained in
order to define a relationship between the dependent and independent variables. In the training
stage, samples of corresponding dependent and independent variables (HU,x) are assembled
from training data and structured into a feature space [98]. In our case, this means providing the
algorithm with samples of CT data (dependent variable) registered to its corresponding MRI
data (independent variables). This training stage results in a feature space of samples. The
coordinates of the samples within the feature space are determined by the independent variables
and each sample is labeled by its dependent variable, i.e. Hounsfield Unit. Newly acquired
MRI data is generated into pseudo-CT data by positioning each query voxel in the feature
space, similarly as was done with the training data. The predicted HU of the query voxel is
determined by the HU of its k nearest neighbors in feature space.
Training data was obtained registering MRI data sets rigidly to their corresponding CT data sets
using the T1w TSE data only. Registration was performed by use of the elastix toolbox [50]
using a mutual information similarity measure, an Euler transform and standard gradient descent
optimization. T2w TSE and T2w STIR image data of a single subject were in alignment with the
T1w TSE image data without any additional registration. The independent variables consisted
of the MRI intensity values in T1w TSE, T2w TSE and T2w STIR scans, respectively, and the
image gradients derived with the Sobel operator from the T1w TSE data. Image gradients were
derived from T1w TSE data because these contained the best tissue contrast. All MRI data sets
were corrected for gain settings of the amplifier. The corrected MRI data and image gradient
data were normalized to zero mean and unit variance.
During the generation of CT-like data, query voxels were assigned the estimated value of the
dependent variable ĤU , by calculating the median HU value of the k nearest neighbors in
feature space based on Euclidean distances. Regression software was developed using the ANN
library [99] and the ITK Segmentation and Registration Toolkit [85].

4.3.3 Evaluation of pseudo-CT data by 2D-3D registration
Quality of the pseudo-CT data was evaluated by registration with 2D x-ray images using an
intensity-based 2D-3D registration method. Intensity-based methods use simulated projection
images called digitally reconstructed radiographs (DRRs) generated from CT data. The as-
sumption is that the images are registered when CT data is positioned and oriented such that
the resulting DRR corresponds best to the x-ray image. Correspondence between DRRs and
x-ray images is calculated using a similarity measure. In this study we have used a gradient
correlation similarity GC:

GC =
∑
i,j

∂Ix−ray

∂i∂j
· ∂IDRR

∂i∂j

∥ ∂Ix−ray

∂i∂j
∥ · ∥ ∂IDRR

∂i∂j
∥

(4.2)
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where ∂Ix−ray

∂i∂j
and ∂IDRR

∂i∂j
are the gradient images of the x-ray images and DRRs, respectively,

calculated using Sobel operators, and ∥ a ∥ the norm of vector a. DRRs were generated using a
raycast algorithm that only included voxels above a certain threshold value, which was set just
below the intensity value of bone tissue.

4.3.4 Experiments
The method was evaluated with 2D-3D registration experiments using ex vivo animal data. Be-
cause the results of the 2D-3D registration experiments are not only influenced by the quality of
the pseudo-CT data, but also by the image content (anatomical landmarks) and the performance
of the 2D-3D registration method itself, the accuracy of the registration of the x-ray images to
pseudo-CT data was compared to that obtained by registering x-ray images to CT data. MRI
and CT data of four ovine hind limbs was obtained as described in the previous section. Pseudo-
CT data was generated for each subject based on training data created from the remaining three
subjects (leave-one-out method) leading to four pseudo-CT data sets. Parts of the image data
where MRI data was not perfectly aligned with CT data were manually delineated and excluded
during the training stage. This was necessary since the limbs consisted of a knee or part of the
lower leg which were not completely fixated in between data acquisitions. A relatively large
number of neighbors (k) was chosen to smoothen out the influence of individual neighbors. To
determine k, pseudo-CT data sets were generated with values of k varying from 50 to 250. It
was determined that k values greater than 150 did not result in a significant improvement of the
quality of the pseudo-CT data. In addition, an odd k value was preferred for direct calculation
of the median value of the nearest neighbors. Hence, k was set to 151.
To test the proposed method, 2D-3D registration experiments were performed using an intensity-
based 2D-3D registration method. An anterior-posterior (AP) and a lateral (LAT) x-ray image
were simultaneously registered to CT and pseudo-CT data sets. The AP and LAT x-ray images
were selected from the set obtained with the c-arm system, and were acquired with an angular
vergence of approximately 90◦.
Gold standard transformation parameters between x-ray and MRI data were obtained by reg-
istration of CT data to the CBCT data. Registration was performed with the elastix toolbox
using a mutual information similarity measure and a standard gradient descent optimization
method. The resulting transform parameters were applied to MRI data sets that were registered
to CT. Due to system calibration, transformation parameters between x-ray images and CBCT
were known. The selected AP and LAT x-ray images were obtained with a source-to-image dis-
tance of 1195 mm and the distance from the source to the center of rotation was approximately
810 mm, which are default settings for an object positioned in the iso-center of the c-arm sys-
tem.
Registrations were evaluated using the mean target registration error (mTRE) and the mean
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projection distance (mPD). mTRE was defined as:

mTRE(T ) =
1

N

N∑
n=1

∥∥∥T (pn)− Tgold(pn)
∥∥∥. (4.3)

Here N is the total number of target points pn, Tgold is the gold standard transformation and
T can either be the initial transformation used as start position or the transformation resulting
from the 2D-3D registration. Similarly, mPD was defined as:

mPD(M) =
1

N

N∑
n=1

∥∥∥Mpn −Mgoldpn

∥∥∥. (4.4)

where Mgold and M represent perspective transformations.
Target points were located in the 3D volume data on the vertices of a rectangular region of
interest (63.8 × 88.4 × 29.5 mm3) containing the bone structure. For computational efficiency,
x-ray images were resized to pixel size 1.48 × 1.48 mm2.
Registration experiments were started using randomly generated transform parameters with a
frequency of 10 sets of start parameters per 1 mm mTRE within a range of 0 - 10 mm mTRE,
leading to 100 registrations per subject. Start parameters were restricted to −5◦ − 5◦ rotation
and -5 - 5 mm translation. To make sure that registration was performed on relevant structures in
the images, rectangular regions of interest (ROI) were manually determined in the x-ray images
(see Figure 2). 2D-3D registration software was developed in the Elastix toolbox.

Figure 4.1: Corresponding coronal slices of MRI data: modulus image of T1w TSE sequence (left), modulus image of
T2w TSE sequence (center), modulus image of T2w STIR sequence (right).

4.4 Results
Three equivalent coronal slices through the hind limb acquired using the different MRI se-
quences are displayed in Figure 4.1. Figure 4.2 shows corresponding coronal slices of the CT
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Figure 4.2: Corresponding coronal slices of CT data, pseudo-CT data, and anterior-posterior and lateral x-ray images of
the same subject. X-ray ROIs that were used for registration are indicated by the rectangular boxes.

and pseudo-CT data and the anterior-posterior and lateral x-ray images with manually deter-
mined ROIs used for the registration experiments. On average, generation of a single pseudo-
CT data set took 5.6 minutes on an AMD Opteron 244, 1.8 GHz. In Figure 4.3 the similarity
measure as a function of each of the transform parameters is given, using both CT (dashed line)
and pseudo-CT (solid line). Similarity values were calculated using one of the four subjects.
The gold standard transform parameters correspond to 0◦ rotation and 0 mm translation. Reg-
istration accuracy is optimal when the global minima of the similarity function reside at these
exact locations. Offsets of the global minima with respect to gold standard parameters ranged
from 0.0◦ − 0.9◦ and 0.3 - 0.5 mm for pseudo-CT data. The smooth similarity functions indi-
cate a high chance of convergence within the shown region.
The results of the 2D-3D registration experiments performed with CT and pseudo-CT data are
given in Figure 4.4 - 4.6. In Figure 4.4 final mTREs are given as a function of start mTREs

for experiments performed with real CT data (top) and pseudo-CT data (bottom). Both figures
contain 400 data points (100 registrations per subject). Minimum and maximum start mTRE

were 0.38 mm and 10.0 mm, respectively. Figure 4.5 shows the results of the 2D-3D registration
experiments in terms of mPD. Differences in mTRE and mPD indicate a final translational
registration error along the axis of projection, indicated by Tz in Figure 4.3. Start mPD var-
ied from 0.19 mm to 5.77 mm. Comparing Figure 4.4 to Figure 4.5 shows that for converged
registration experiments a significant part of final mTREs is caused by a translational error
along the axis of projection, since mPD values are relatively small. Final registration errors
of converged results are smaller for CT than for pseudo-CT, indicating that a higher accuracy
is obtained with real CT data. Figures 4.4 and 4.5 show that both data types have comparable
performances in terms of robustness for start mTRE up to 6 mm, and start mPD up to 3.5 mm.
For larger initial errors, registration using real CT data was more robust than with pseudo-CT.
The results in terms of accuracy are summarized in the box plots in Figure 4.6. Final mTREs

are given as a function of the start mTRE, divided over 10 bins with size of 1 mm. As a result,
each bin contains 40 experiments. Each box represents the 25th, 50th, and 75th percentile of
the final mTREs within the corresponding start mTRE bin. The ends of the whiskers indicate
the highest and lowest data points within 1.5 times the interquartile (IQR) range. Outliers are in-
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dicated by the crosses. For start mTRE up to 5 mm, the registration accuracy of pseudo-CT was
comparable to the accuracy obtained with real CT. The median final mTRE was approximately
1 mm larger for pseudo-CT than for real CT. For registration experiments using pseudo-CT,
start mTRE values greater than 5 mm and start mPD greater than 3 mm resulted in a relatively
larger number of failed registrations in relation to real CT.
Durations of the registration experiments were strongly determined by the size of the ROIs.
Mean (standard deviation) registration time was 15.4 (7.9) minutes on an Intel Core 2 Quad
Processor, 2.4 GHz.
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Figure 4.3: Similarity measure as a function of each of the transform parameters: Rx, Ry, Rz describe rotations of the 3D
volume around the x, y, and z axis, respectively. Tx, Ty, and Tz represent translations along, respectively, the x, y, and z
axis. The similarity function corresponding to CT and pseudo-CT are given by the dashed and solid line, respectively.

4.5 Discussion and Conclusions
Registration of 2D x-ray images to 3D MRI data is not a trivial task because of the difference in
tissue contrasts between the data types. 2D-3D registration algorithms developed by Tomaževič
et al. and Markelj et al. show a significantly better performance in terms of accuracy and cap-
ture range when they are applied to CT instead of MRI data [58, 68, 76]. Providing pseudo-CT
data produced from MRI data could therefore improve performance of the registration of MRI
to x-ray images [95].
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Figure 4.4: Results of the 2D-3D registration experiments using CT (top) and pseudo-CT (bottom) data. Final mean target
registration error (mTRE) in millimeter after registration is plotted as a function of start mTRE before registration.

In this chapter, we have introduced a technique facilitating registration of 2D x-ray images to
MRI data. The method uses a regression method to generate a pseudo-CT dataset from MRI
data acquired with three differently weighted pulse sequences commonly used in clinical prac-
tice. Pseudo-CT data is generated by a machine learning process, in which empirical findings
obtained during a training stage are used to predict the outcome of newly acquired MRI data.
Subsequently, x-ray images can be registered to pseudo-CT data with methods that were origi-
nally developed for registration of x-ray images to CT.
We have experienced that chemical shift artifacts in MRI data can cause impurities in the feature
space. It can for instance cause an irreversible shift of bone marrow in the read-out direction
which can, as a consequence, lead to mislabeling during the training stage. To prevent this, we
reduced the water-fat shift to 0.375 pixels during the acquisition of MRI data, by using strong
read-out gradients at a cost of a lower signal-to-noise ratio. In addition, to minimize the number
of falsely labeled voxels in the feature space caused by imaging artifacts or misregistrations,
we have only included regions of MRI data in the training data that were free of artifacts and
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Figure 4.5: Results of the 2D-3D registration experiments using CT (top) and pseudo-CT (bottom) data. Final mean
projection distance (mPD) in millimeter after registration is plotted as a function of start mPD before registration.

properly aligned with CT.
Another important prerequisite is that query MRI data is acquired with the same pulse sequences
as the training data. Our focus was to develop a registration method for MRI to x-ray for
guidance during orthopedic interventions, such as vertebroplasty. Therefore, three MRI pulse
sequences were selected that are commonly used for spinal imaging in the clinic. We are con-
vinced however, that this technique can be employed for different clinical applications. For
instance, during vascular interventions registration is often also restricted to bone landmarks as
the x-ray images obtained during the procedure are not always contrast-enhanced. Moreover,
the regression method can be customized for specific anatomical regions by including more ad-
vanced independent variables that use prior knowledge on patient anatomy. The selected MRI
sequences should show apparent differences in contrast for the tissues of interest in order for
the regressor to be successful. The application of this method does not necessarily require more
MRI scans than usual, since diagnosis is regularly performed on multiple scan sequences. Since
patient motion may occur during the acquisition of the different scan sequences, our technique
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Figure 4.6: Box plots of the results of the 2D-3D registration experiments using CT (top) and pseudo-CT (bottom) data.
Experiments were divided into 10 bins of 1 mm based on their start mTRE.

may require registration of MRI data prior to the generation of pseudo-CT. So far, we have not
investigated the influence of pathologies which might cause difficulties during regression anal-
ysis.
The method was evaluated by performing experiments with ex vivo animal data acquired on
clinical systems. CT and pseudo-CT data sets were registered to x-ray images with multiple
start positions. Accuracy of the 2D-3D registration experiments is influenced by the quality of
the 3D-3D registrations performed in order to obtain gold standard transform parameters. CT to
CBCT registration accuracy was of sub-voxel order. Exact registration accuracy of MRI to CT
not assessed, since manually finding corresponding anatomical landmarks in both data types
was not a trivial task. In addition, the accuracy of the registration depends on the resolution
of the MRI data, which is typically lower than that of CT data, and the performance of the
2D-3D registration method itself. Respecting these limitations, our objective was to achieve
registration accuracy in the order of that obtained with registration of CT to x-ray by the same
algorithm. Since the pseudo-CT is merely a prediction based on a regression model and not an
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exact mapping function, it is unlikely that registration accuracy using pseudo-CT will be equal
to using real CT.
Analysis of the similarity measure as a function of the transform parameters showed that gen-
erating pseudo-CT data results in smooth similarity functions that contain an optimum in the
proximity of the gold standard transform parameters. The small offsets of the optima in the
similarity functions are most likely caused by a combination of imperfections in the pseudo-CT
data and the registration of MRI to CT. Smoothness of the similarity function is partially depen-
dent of the value of k. A low k-value introduces an increased amount of noise to the pseudo-CT
data, which makes the similarity functions less smooth. On the other hand, a large k results in
blurring of the image which may influence the 2D-3D registration accuracy. In our experiments,
we have found a compromise between both effects.
The2D-3D registration experiments showed that the registration quality in terms of mTRE and
mPD registration using pseudo-CT data and CT were of the same order of magnitude.The final
registration errors are largely the result of translational errors along the axis of projection. It
should be noted that this axis corresponds to the slice direction of the MRI acquisition, in which
the resolution was lower than in the in-plane direction.
For the evaluation, we have chosen to use an intensity-based 2D-3D registration method as these
methods are by far the best known. However, the use of pseudo-CT data is not restricted to these
algorithms and may facilitate registration of x-ray to MRI by other methods that were initially
developed to register x-ray images to CT data, or for instance those proposed by Tomaževič et
al. [58, 68] and Markelj et al. [76] which were developed for multi-modal registration.
From the results we can conclude that by generating pseudo-CT data for MRI data using a kNN
regressor, we provided a technique that enables registration of 2D x-ray images to 3D MRI data
with accuracy that approaches the accuracy of registration with real CT data.
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Dys·pla·sia [dIs"pleIZ@]:
-noun
1. Medicine. abnormal growth or development of cells, tissue, bone, or an organ.
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5.1 Abstract
Radiographic diagnosis and follow up studies of developmental dysplasia of the hip is com-
monly done by measuring the acetabular index on radiographs using Hilgenreiner’s method.
The outcome of the measurement, however, depends on the orientation of the subject’s pelvis
relative to the x-ray source. The influence of combinations of pelvic rotation and tilt on the
systematic error in the acetabular index measurement was investigated in a reproducible way.
Additionally, two ratios Rrotation and Rtilt, evaluating pelvic rotation and tilt, respectively,
were measured. The study was done by using digitally reconstructed radiographs of a high
resolution 3D computed tomography dataset. The results show that the effects of rotation and
tilt accumulate and either amplify or counteract the underestimation or overestimation of the
acetabular index. For rotations and tilt up to 12◦ the average systematic errors in the acetabular
index varied from 8.8◦ underestimation to 4.5◦ overestimation. In order to limit the systematic
error caused by pelvic misalignment, we advice to consider radiographs acquired with ±4◦ ro-
tation ±4◦ tilt as acceptable. In our research, these pelvic orientations correspond to Rrotation

values between 1.0 and 2.0 and Rtilt values between 1.1 and 1.8.

5.2 Introduction
Developmental dysplasia of the hip (DDH) is a disorder of the acetabulum and proximal fe-
mur that can cause a persistent steep acetabulum, possibly leading to an unstable position of
the femoral head with subluxation and luxation. Early diagnosis during childhood and treat-
ment can restore a normal relationship of acetabulum and femoral head, preventing pain and
osteoarthritis in adult years.
Although ultrasound (US) has become popular as a diagnostic tool for DDH over the last
decades, sensitivity and specificity are yet to be determined [100, 101]. Therefore, radiographic
imaging is still being used frequently for diagnosis, especially in children with doubtful sono-
graphic findings and in older children to monitor hip development after treatment when ultra-
sound is no longer possible [102, 103].
Radiographic diagnosis of DDH or follow up studies are traditionally done by measuring the
acetabular index, defined as the angle of inclination of the ossified acetabular roof measured
on radiographs. Hilgenreiner’s method is most commonly used [104]. In this method the ac-
etabular index is defined as the angle between the Hilgenreiner’s line and the line joining the
superolateral margin of the ossified acetabulum to the superolateral margin of the triradiate car-
tilage. Hilgenreiner’s line is a straight line between the Y-shaped triradiates (see Figure 5.1). If
the acetabular index values exceed 30 for neonates up to 4 months and 25 for children up to 24

months DDH is suspected [105, 106].
The difficulty of consistent acetabular index measurement is the precise orientation of the pelvis
during radiographic imaging, because different orientations of the pelvis will lead to different
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acetabular index measurements [105]. In order to obtain a reliable index measurement using
Hilgenreiner’s method the pelvis must be well positioned during the acquisition of the radio-
graph. This is a challenging task especially in young children. In the past the influence of pelvic
rotation (rotation of the pelvis around the cranial-caudal axis) and the influence of pelvic tilt (ro-
tation of the pelvis around the left-right axis, sometimes also referred to as flexion/extension or
inclination) on measurements performed on pelvic radiographs have been investigated [107].
In order to quantify the quality of the radiograph in terms of pelvic alignment, a number of
parameters have been proposed that are measured on the radiographs [108–110].
We have investigated the effect of the orientation of the pelvis on the systematic error in the

acetabular index measurement. To our knowledge, the influence of both rotation and tilt has
not been reported in the literature. Additionally, we have investigated the relationship between
the amount of pelvic rotation and tilt on two parameters (rotation and tilt ratio) that are mea-
sured on the radiographs in order to quantify the quality of radiographs with respect to pelvic
orientation. So far, the reliability of these parameters has been evaluated on single radiographs
obtained from multiple subjects, or by varying only a single degree of freedom [108–110]. In
our study, measurements of parameters were performed on digitally reconstructed radiographs
(DRRs) generated from computed tomography data.
DRRs are simulated radiographic images generated by a computer algorithm from a 3D com-

puted tomography (CT) dataset. Their use has been widely accepted in the field of medical
image registration [26]. Identical to conventional radiographic images, digitally reconstructed

Figure 5.1: Acetabular index measurements performed on a radiograph using Hilgenreiner’s method. RAI and LAI indicate
the right and left acetabular index, respectively.
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Figure 5.2: Schematic representation of the generation of digitally reconstructed radiographs and the rotational degrees of
freedom of the CT volume.

radiographs are based on the attenuation of ionizing radiation. In conventional radiography
the image is a direct result of the energy loss caused by scatter and absorption of an x-ray
beam transmitted through the patient. The amount of energy absorption by specific tissue types
can be represented by the linear attenuation coefficient. Linear attenuation coefficients can be
well visualized by computed tomography (CT) imaging, where voxel intensities represent the
corresponding Hounsfield units, defined as the linear attenuation coefficient scaled to the lin-
ear attenuation coefficient of water. DRRs algorithms work as follows: A virtual radiographic
imaging scenery is generated, consisting of an x-ray source, a detector on which the DRR is
generated and a subject to be imaged which is represented by its 3D CT data (See Figure 5.2).
The radiographic imaging parameters of this scenery (e.g. distance from source to detector,
distance from source to object and detector size) are defined by the user, and can for instance
be chosen in correspondence with clinical radiography protocols. Virtual x-ray beams are now
back-projected from every detector pixel to the virtual x-ray source. During the trajectory the
beam intersects the CT volume located between the x-ray source and the detector. The detector
pixel where the beam originated is given the intensity value that equals the sum of all Hounsfield
units intersected by the beam. Thus, a virtual x-ray beam that is transmitted through a volume
with a high linear attenuation coefficient will lead to high intensity in the DRR and a virtual
beam that is transmitted through a volume with a low linear attenuation coefficient will lead to
a low intensity, similar to the result of conventional radiography. In Figure 5.3 a real radiograph
acquired with an x-ray angiography c-arm system (Allura Xper FD20, Philips Healthcare, Best,
The Netherlands) and a digitally reconstructed radiograph generated from 3D c-arm based cone
beam CT data of the same patient with the same imaging parameters are shown. By using
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Figure 5.3: A real radiograph acquired with an x-ray angiography c-arm system (left) and a digitally reconstructed ra-
diograph generated from a 3-dimensional c-arm based cone beam CT dataset (right). Image data was acquired during
vertebroplasty.

DRRs instead of real radiographs we were able to vary the orientation of the pelvis in a highly
controllable fashion by varying the orientation of the 3D CT data set, while keeping all other
imaging parameters fixed. These other parameters were taken from the radiographic imaging
protocol for diagnosis of DDH.

5.3 Materials and Methods
A high resolution abdominal computed tomography (CT) dataset (in-plane: 0.41 mm ×0.41

mm, through-plane: 0.70 mm) of a deceased child of 3 months old that was acquired for foren-
sic purposes was used. The child had a slight hip dysplasia on the left side.
DRRs were generated by varying pelvic rotation and tilt. Pelvic rotation was mimicked by
rotating the CT volume around the longitudinal axis of the volume. Pelvic tilt was mimicked
by rotation of the CT volume around the axis intersecting the volume from left to right. The
magnitude of pelvic rotation and tilt was determined by the angular offset in degrees relative to
the projection axis (see Figure 5.2). Pelvic rotation and tilt were varied from −12◦ to 12◦ in
steps of 4◦. The center of rotation was placed in the center of the pelvis. The distance between
the center of rotation and the point source was 1145 mm and the distance between the center
of rotation and the detector 100 mm. The detector size was set to 240× 180 mm2 with a pixel
size of 0.1 × 0.1 mm2. The center of the detector was in perfect alignment with the center of
rotation and the point source. These settings were in correspondence with the clinical radiogra-
phy protocol for diagnosis of DDH.
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Figure 5.4: Screenshot of the in-house developed software used for the acetabular angle measurements. The acetabular
angles between the drag-able lines were automatically calculated and displayed in the user interface.

Acetabular index and ratio measurements were performed on DRRs by two experts using in-
house developed software, of which a screenshot is shown in Figure 5.4. The parameter that
evaluates pelvic rotation (Rrotation ) was defined as the horizontal diameter of the largest obtu-
rator foramen divided by the horizontal diameter of the smallest obturator foramen, leading to
ratio’s of 1 and greater. The parameter that evaluates pelvic tilt (Rtilt ) was calculated by the
vertical distance between the ossified sacrococcygeal joint and the upper edge of the symphysis,
divided by the vertical diameter of the obturator foramen, or vice versa. As with the Rrotation ,
the largest vertical distance was divided by the smaller (see Figure 5.5).
During a measurement session the DRRs were presented in random order. The amount of pelvic
tilt and rotation were unknown to the observer. The observer was allowed to enlarge the DRR
and to use window leveling and width in order to improve visualization. One of the two experts
performed a second series of measurements for intra-observer analysis.
The DRR generated with the pelvis in optimal alignment with the point source and the radio-
graph was chosen by the observers by visual examination. This ideal pelvic orientation was
defined as 0◦ rotation and 0◦ tilt. The acetabular indices measured with ideal pelvic orienta-
tion were used as “gold standard" indices. Systematic errors in acetabular index measurements
caused by non-ideal pelvic orientation were determined by the difference between the gold stan-
dard index and the measured index. For all orientations, the average systematic error of the two
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Figure 5.5: 5 Schematic overview of the measured ratios. Rrotation is determined by dividing A with B, or vice versa
(left). Rtilt is determined by dividing C with D, or vice versa (right). Courtesy of Gray’s Anatomy.

observers was calculated. The average systematic error and the average ratios were evaluated
as a function of the pelvic orientation. In addition, the mean, standard deviation and 95% confi-
dence band of the inter- and intra-observer difference of the AI measurements was determined.

5.4 Results
In Figure 5.6 some example DRRs are shown, including the average acetabular index and ratios
that were measured by the observers. The DRR displayed in the center was generated with
the ideal pelvic orientation, i.e. with 0◦ rotation and 0◦ tilt. The DRRs in the top row were
generated with 4◦ negative tilt and those in the bottom row with 4◦ positive tilt. DRRs in the
left and right column were generated with 4◦ rotation towards the right and left acetabulum,
respectively. Corresponding average errors in AI measurements and ratios are indicated.
In Figure 5.7 and Figure 5.8 the average errors of the acetabular index measurements are shown.
The systematic errors in the acetabular index measurement are displayed versus the pelvic ro-
tation and tilt along the horizontal axis and the vertical axis, respectively. Colors towards the
red side of the spectrum indicate an overestimation of the acetabular index and colors towards
the blue side of the spectrum indicate an underestimation. The average systematic error in the
AI measurements performed on the right non-dysplastic acetabulum with pelvic rotations of
−12◦ to 12◦ and no tilt ranges from −1.3◦ to 2.9◦. Errors in AI measurements caused solely
by pelvic tilt, range from −5.3◦ to 2.7◦. For the left acetabulum, which was diagnosed with a
slight dysplasia, the error caused solely by pelvic rotation and by pelvic tilt varied from −3.1◦

to 2.6◦ and from −5.5◦ to 4.5◦, respectively. Overall, the average systematic error ranged from
−8.8◦ to 3.6◦ for the right acetabular index and −8.6◦ to 4.5◦ for the left acetabular index.
In Figure 5.9 and Figure 5.10 the results of the average rotation ratio and the tilt ratio measure-
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Figure 5.6: Some examples of acetabular index measurements performed on DRRs with various pelvic orientations. The
center image represents the DRR generated with the ideal pelvic orientation. The DRRs in the top and bottom row are
generated with pelvic 4◦ negative and positive tilt, respectively. The DRRs in the left and right column are generated with
4◦ pelvic rotation in right and left direction, respectively. The average rotation and tilt ratios and the average systematic
errors of acetabular index measurements in degrees are indicated in the images.

ments are presented. In Figure 5.9 the average rotation ratio (Rrotation) of both observers as a
function of pelvic rotation is given, for constant values of tilt. It can be seen that Rrotation was
also influenced by pelvic tilt. For 0◦ pelvic rotation and varying pelvic tilt, ranged from 1.1 -
1.6. Figure 5.10 shows the dependency of the average tilt ratio (Rtilt) as a function of pelvic
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Figure 5.7: The average systematic error of the right acetabular index versus pelvic rotation and tilt. Positive numbers
along the horizontal axis correspond to pelvic rotation towards the left acetabulum. Positive numbers along the vertical
axis correspond to forward tilt of the hip.

tilt and constant values of rotation. Rtilt was averaged over measurements performed by both
observers and on both sides of the acetabulum. The results show that was also dependent on
pelvic rotation and ranges from 1.1− 1.17 in case of 0◦ pelvic tilt and varying pelvic rotation.
The mean inter-observer difference for the AI measurements was 0.1◦ and the standard devia-
tion of the inter-observer difference was 2.3◦. This resulted in a 95% confidence band of 4.5◦,
calculated as 1.96 times the standard deviation. The mean intra-observer difference was 0.3◦

and the standard deviation was 2.1◦.

5.5 Discussion
Consistent acetabular index (AI) measurements suffer from the difficulty of positioning young
infants during radiographic imaging. Previous studies have shown that different pelvic orienta-
tions lead to different AI measurements.
Portinaro et al. [107] have studied the effect of the pelvic orientation on the error in the acetab-
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Figure 5.8: The average systematic error of the right acetabular index versus pelvic rotation and tilt. Positive numbers
along the horizontal axis correspond to pelvic rotation towards the left acetabulum. Positive numbers along the vertical
axis correspond to forward tilt of the hip.

ular index. This was done by measuring the acetabular index on multiple radiographs that were
taken of the pelvis of post-mortem infants. Instead of altering the orientation of the pelvis, the
x-ray source was rotated around the pelvis. Pelvic tilt (flexion and extension) was mimicked by
rotation of the x-ray source in cephalic and caudal direction in the sagittal plane. Pelvic rota-
tions around the longitudinal axis of the body were mimicked by rotations of the x-ray source in
the transverse plane. Portinaro et al. concluded that the errors in the acetabular index measure-
ments caused by the pelvic orientations were acceptable within the applied ranges of rotation
and tilt. However, in their study the influence of only one parameter at a time was considered.
In reality it is more likely that pelvic misalignment during the acquisition of the radiograph is
caused by a combination of rotation and tilt.
We have investigated the systematic errors in acetabular index measurements that are caused by
a combination of pelvic rotation and tilt. Acetabular index measurements were performed on
digitally reconstructed radiographs (DRRs) created from a high resolution 3D computed tomog-
raphy data set. DRRs were generated with various pelvic orientations. The pelvic orientation
was defined by the amount of rotation and tilt expressed in degrees relative to the axis of pro-
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Figure 5.9: The average rotation ratio as a function of pelvic rotation and constant values of pelvic tilt. Rotation ratio was
calculated by the horizontal diameter of the largest obturator foramen divided by the horizontal diameter of the smallest
obturator foramen.

jection.
A great advantage of performing this analysis on DRRs as compared to taking real radiographs
is that we were able to exclude the influence of parameters other than the orientation of the
pelvis. The results of an error analysis on real radiographs as done by Portinaro et al. will not
only be influenced by pelvic orientation, but also by pelvic position and the accuracy of the po-
sitioning of the x-ray source. The somewhat inferior resolution of the DRRs relative to the real
radiographs, however, might make the acetabular index measurement slightly more difficult on
DRRs. However, Nishihara et al. [111] have verified that measurements performed on real ra-
diographic images show a correlation greater than 0.9 with the same measurements performed
on a projection image generated from a 3D CT volume.
From the results we can conclude that pelvic rotation leads to an increasing underestimation of
the acetabular index on the side towards which the rotation takes place. Additionally, an in-
creasing overestimation of the acetabular index on the opposite side is observed. Positive pelvic
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Figure 5.10: The average tilt ratio as a function of pelvic tilt and constant values of pelvic rotation. Tilt ratio was calculated
by dividing the vertical distance between the ossified sacrococcygeal joint and the upper edge of the symphysis by the
vertical diameter of the obturator foramen, or vice versa.

tilt (observed as a down shift of the symphysis on the radiographs) results in an increasing un-
derestimation of both acetabular indices, whereas negative pelvic tilt (observed as an up shift of
the symphysis on the radiographs) will cause an increasing overestimation. These results differ
with those posed on the effect of pelvic tilt by Portinaro et al. [107] who have experienced a
increasing acetabular index in case of positive pelvic tilt (extension) and a decreasing acetabu-
lar index in case of negative pelvic tilt (flexion). This opposite finding is probably caused by a
difference in definition of the direction of tilt.
For pelvic rotation in combination with pelvic tilt the effects accumulate causing either ampli-
fication or counteraction of the under- or overestimation. The underestimation of the acetabular
index of a pelvis that is rotated towards the acetabulum under consideration is amplified in case
of an additional positive tilt of the pelvis. The underestimation is, however, reduced when the
pelvis also shows negative tilt. Vice versa, the overestimation of the acetabular index of a pelvis
that is rotated towards the opposite direction of the acetabulum considered is amplified in case
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of an additional positive tilt of the pelvis, whereas an additional negative tilt will reduce the
magnitude of overestimation.
For a dysplastic acetabulum, pelvic rotation and tilt had a greater effect on the error than was
seen in the non-dysplastic acetabulum. This phenomenon is best observed for positive rotation
and tilt: pelvic tilt of 8◦ and a pelvic rotation of 4◦ or greater results in an error of −5.7◦ to
−8.7◦. Similarly, a pelvic rotation of 8◦ combined with a pelvic tilt of 4◦ and greater results in
average systematic errors of −5.5◦ to −7.7◦. For the non-dysplastic acetabulum, the average
systematic error ranged from −1.3◦ to −4.9◦ for these orientations.
Inter-observer analysis of the AI measurements showed that there was no significant systematic
disagreement between the observers. The inter-observer standard deviation was 2.3◦, which
was slightly smaller compared to those found by Portinaro et al. [107], Boniforti et al. [112]
and Kay et al. [113], who found average inter-observer differences of 3.0◦ and 3.5◦, respec-
tively. Also, the 95% confidence band of ±4.5◦ is smaller than the inter-observer error reported
by Broughton et al.[114], reporting a 95% confidence band of ±6◦.
In order to obtain consistent AI measurements, we advise to limit the systematic errors caused
by pelvic misalignment to the size of the 95% confidence band of the inter-observer error. In
our research this results in maximal acceptable systematic error of 4.5◦. In Figure 5.7 and 5.8
it can be seen that for both acetabula a positive tilt of 12◦ results in systematic errors lie out-
side the inter-observer confidence band. For the dysplastic acetabulum, a positive tilt of 8◦ in
combination with positive rotations of 4◦ and greater resulted in underestimations of 5.7◦ and
larger.
To quantify rotation and tilt, two parameters were analyzed as a function of pelvic orientation.
The first parameter was the Rrotation proposed by Tönnis [105]. The parameter evaluating the
amount of tilt was derived from the measure proposed by Siebenrock et al. [108] defined as the
vertical distance between the ossified sacrococcygeal joint and the upper edge of the symphysis.
In order to increase the robustness of this parameter, we have chosen to divide this distance by
the vertical diameter of the obturator foramen. Although Rrotation and Rtilt were proposed to
evaluate only rotation and tilt, respectively, our results show that both are influenced by pelvic
tilt and rotation, respectively. These effects should be taken in consideration when the quality of
a radiograph is derived using these and similar parameters. Tannast et al. [109] have compared
six different parameters that estimate pelvic tilt on radiographs. Parameters were measured
on radiographs acquired from multiple subjects, giving more insight in the natural variance of
these parameters. In our research, however, we have analyzed only the dependence on pelvic
orientation in a single subject, excluding the influence of anatomical variations.
In order to prevent the systematic error to exceed the 4.5◦ boundary, pelvic misalignment should
be limited to a maximal offset of 4◦ rotation and 4◦ tilt. Despite the fact that the effect of neg-
ative tilt on the systematic error was not as apparent as positive tilt, one should note that Rtilt

is somewhat tainted due to influence of pelvic rotation which could complicate distinguishing
positive tilt from negative tilt. Additional research using multiple CT data sets should give more
insight into the behavior of both parameters as a function of pelvic orientation. High resolution
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CT-data of young children is rare, however. We advise considering radiographs acquired with
±4◦ rotation ±4◦ tilt as acceptable. From Figure 5.9 and Figure 5.10 it can be derived that
these values correspond to Rrotation between 1.0 and 2.0 and Rtilt between 1.1 and 1.8.
From the results we conclude that the influence of pelvic tilt on the systematic errors in AI mea-
surements was larger than the influence of pelvic rotation. In practice the presence of rotation is
much easier noticed by asymmetry of the obturator foramen than tilt, that must be derived from
the distance between the sarococcygeal joint and the symphysis. Additionally, the amount of
underestimation of the AI, which was mainly due to positive tilt, was larger than the amount of
overestimation. Hence, one must be especially careful with measurements of the AI on radio-
graphs with an “inlet view”. Furthermore we can conclude that systematic errors were larger in
the dysplastic acetabulum. The quantity of the resulting error could be dependent of the severity
of the dysplasia. This effect could be analyzed by performing similar experiments, including
CT data of children with various grades of DDH. If these findings are confirmed in other cases,
they would translate in an increased chance of a false negative diagnosis in case of a child with
DDH.
We are convinced that using DRRs generated from a computed tomography data set can be very
useful for the investigation of systematic errors in other radiographic diagnostic measurements
similar to the acetabular index measurement. Although the image quality is slightly inferior to
real radiographs, the rotation and tilt settings can be controlled with high accuracy.
Based on our results we conclude that both pelvic rotation and tilt should be considered simulta-
neously during diagnosis of DDH using Hilgenreiner’s method. Changing the pelvic orientation
by inducing rotation and tilt simultaneously can cause systematic errors in the acetabular index
measurements up to −8.8◦.
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Stroke [strośk]
-noun
1. the act or an instance of striking, as with the fist, a weapon, or a hammer; a blow.
2. the sound produced by this.
3. a throb or pulsation, as of the heart.
3. Medicine. A blockage or hemorrhage of a blood vessel leading to the brain, causing in-
adequate oxygen supply and, depending on the extent and location of the abnormality, such
symptoms as weakness, paralysis of parts of the body, speech difficulties, and, if severe, loss of
consciousness or death.
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6.1 Abstract
The accessibility to quantitative imaging inside the angiography suite has gained interest since
the improvement of image quality of flat-panel CBCT systems. Assessment of physiological
imaging metrics, such as cerebral blood volume (CBV), could provide immediate evaluation of
therapeutics, improving reliability of decisions made concerning patient care. Studies reported
by Ahmed et al. and Bley et al. have shown the feasibility of measuring CBV using a flat-panel
c-arm system [115, 116]. In this study, we have elaborated on this idea by investigating the
feasibility of obtaining ischemic lesion volumes from CBCT-based CBV measurements in a ca-
nine stroke model. In order to evaluate the reliability of CBCT assessed CBV, image noise of a
flat-panel CBCT system is characterized using a water phantom. Root mean squared deviation
water phantom signal was 9.4 Hounsfield Units (HU), and mean of the standard deviation of the
measured signal was 19.1 HU.
CBV of seven canines with unilateral stroke was measured. The influence of noise on CBV was
reduced by an anisotropic diffusion filter. Ischemic lesion volumes were calculated by using
various lesion thresholds based on mean and standard deviation of CBV values measured in
healthy regions. Lesion volumes assessed with CBCT-based CBV and various thresholds were
evaluated by a regression analysis using gold standard data assessed with histology. A lesion
threshold of mean healthy CBV minus 2.5 standard deviations led to best agreement with his-
tology (R2 = 0.84). In order for this technique to be applicable in clinical practice, correlation
between lesion volumes measured with CBCT-based CBV and histology should be improved
which is currently limited by image noise. Quality of CBCT assessed CBV should be improved
by reducing detector noise and photon scatter.

6.2 Introduction
Timely detection of a stroke and adequate therapy can limit the amount of viable tissue destined
for infarction [117]. In order to be able to distinguish between salvageable and non-salvageable
tissue, imaging protocols were developed that measure haemodynamic changes in the brain
[118, 119]. An important parameter that quantifies the haemodynamics and the viability of brain
tissue is cerebral blood volume (CBV). Although CBV measurements for acute ischemic stroke
are generally performed with perfusion computed tomography (PCT), therapy is performed in
the angiography suite, where PCT imaging is usually not available. Nowadays, angiography
suites are often equipped with flat-panel cone beam computed tomography (CBCT) systems,
which do not only provide 2D x-ray guidance during interventions, but also serve as an in
situ 3D imaging modality. The improved image quality since the introduction of the flat-panel
detector with respect to the classical image intensifier, has opened the doorway to soft tissue
imaging. Söderman et al. [120] have shown that, although image quality of multi-slice CT
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remains superior, CBCT provides sufficient soft tissue contrast in order to differentiate between
gray and white matter.
The accessability of physiological imaging metrics, such as CBV, in the angiography suite will
be of great value. Not only will it limit patient transportation, it will also provide immediate
evaluation of therapeutics which will improve reliability of decisions made concerning patient
therapy. Most importantly, it may help reduce the time from patient triage to intra-arterial
therapy, which currently exceeds two hours [121]. Ahmed et al. and Bley et al. have inves-
tigated the feasibility of assessing CBV with CBCT [115, 116]. In their studies, CBCT-based
CBV measurements were compared to measurements performed with PCT in both healthy and
ischemic brain tissue. CBV measurements performed with PCT and CBCT showed no signif-
icant differences and observers were able to identify abnormalities in CBCT-based CBV maps
in 84.4% of the cases. Although the authors have shown that CBCT-based CBV measurements
are comparable to PCT-based CBV measurements, limitations due to imaging physics, such as
image noise and repeatability, were not evaluated. In addition, in order to be able to discrim-
inate between healthy and ischemic tissue quantitatively, a threshold for infarction should be
established. Previously reported studies in humans showed that ischemic tissue could be iden-
tified by defining a threshold for PCT-based CBV [122, 123]. However, to our knowledge a
CBV lesion threshold for CBCT-based CBV has not yet been reported. In this research we have
investigated the feasibility of calculating ischemic lesion volumes based on CBV assessed with
a flat panel CBCT system in a canine model of acute ischemic stroke. A CBV lesion threshold
was identified by optimization of a linear regression model with respect to gold standard lesion
volume measurements obtained with histology. Volume measurements that showed the best
agreement with histology were evaluated using a Blandt-Altman analysis. In addition, lesion
volumes were also determined from apparent diffusion coefficient (ADC) maps derived from
diffusion weighted MR imaging. These measurements evaluated with histology and compared
to the lesion volumes obtained with CBV measurements.

6.3 Materials and methods
The study we performed consisted of two parts. In a first step we characterized the noise present
in CBCT due to inherent sources within the imaging chain as well as with 3D reconstructions,
since the noise level will define the physical limitation of CBV assesment with this modality.
This research is described in section 6.3.1. In the second part, described in section 6.3.2, CBV
of seven canines with unilateral ischemic stroke was assessed with CBCT. A lesion threshold
was established by a linear regression model with histology and ADC data.
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6.3.1 Noise characterization of flat-panel CBCT
Five CBCT data sets of a cylindrical water phantom were obtained using an x-ray angiography
c-arm system (Allura Xper FD20, Philips Healthcare, Best, The Netherlands). The phantom had
a diameter of 11 cm and was positioned in the isocenter of the x-ray source during all acquisi-
tions. Data was obtained with a 3D head soft tissue protocol (XperCT) [120], and reconstructed
to a 5123 matrix with isotropic voxels (size 0.333 mm3). Prior to the acquisitions, flat-panel
was calibrated for non-linearities and pixel gain. In addition, multi-slice computed tomography
(CT) data of the same phantom were generated using a 64-slice scanner (Brilliance, Philips
Healthcare, Best, The Netherlands). CBCT intensity values were transformed to Hounsfield
Units (HU) using a two-point calibration. Hereto, mean intensities were calculated in multiple
corresponding regions of interest (ROIs) in CT and CBCT data.
ROIs positioned in the center of the phantom of 1933 matrix were extracted from all five CBCT
data sets and converted to double precision floating point numbers in order to prevent roundoff
errors in the subsequent calculations.
For each CBCT ROI, the mean value and standard deviation were determined. The accuracy of
the CBCT reconstructed volumes was computed using the root mean squared deviation (RMSD)
metric from the theoretical value of 0 HU for water, as per equation 6.1:

RMSD =

√√√√ 1

n

n∑
i=1

(xi)2 (6.1)

where, xi represents the mean value of the i-th ROI, and n = 5 is the number of scans. The
variability of mean signal across multiple scans was determined using the standard deviation of
the means, represented as σ(xi). The repeatability of the noise measure (standard deviation)
was analyzed using the coefficient of variation (Cv) of the standard deviation of the CBCT
ROIs:

Cv% =
σ[µ(ROIi)]

σ[σ(ROIi)]
× 100. (6.2)

Here, σ represents the standard deviation, and µ the mean value. Accuracy and variability of the
mean signal across multiple scans were analyzed using the RMSD metric, since the theoretical
value of water is 0 HU, which would imply a Cv of infinity.
To determine if noise was attributed to non-stochastic noise (i.e. with a non-random distribu-
tion), noise power spectra (NPS) were determined in three dimensions with and without the
inclusion of the non-stochastic component. NPS with non-stochastic noise was defined as:

NPS(u, v, w) =
1

n

(∆x∆y∆z

NxNyNz

) n∑
i=1

∣∣∣F [ROIi(x, y, z)−ROIi(x, y, z)]
∣∣∣2, (6.3)

where ROIi(x, y, z) represents the mean value of the ROI of the i − th scan, n = 5 is the
total number of scans, F denotes the forward Fourier transform, ∆x = ∆y = ∆z = 0.33 mm
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and N = 193 are the voxel size and number of voxels, respectively, for each dimension. NPS
without non-stochastic component noise component was calculated with:

NPSSF (x, y, z) =
1

n

( n

n+ 1

)(∆x∆y∆z

NxNyNz

) n∑
i=1

∣∣∣F [ROISF,i(x, y, z)]
∣∣∣2, (6.4)

with

ROISF,i(x, y, z) = ROIi(x, y, z)−ROIavg(x, y, z) (6.5)

and

ROIavg(x, y, z) =
1

n

n∑
i=1

ROIi(x, y, z). (6.6)

Assuming the non-stochastic and stochastic noise components are uncorrelated, non-stochastic
noise component is obtained by subtraction of NPS without non-stochastic noise component
from NPS that includes the non-stochastic noise component.

6.3.2 Assessment of lesion volumes from CBCT-based CBV
6.3.2.1 Stroke induction

Stroke was induced in seven purpose bred canines (Beagels mean weight of 10.0 kg) by in-
jection of an autologous blood clot into one of the internal carotid arteries (ICA) under fluo-
roscopic guidance using a 5F catheter. Blood clots consisted of whole blood incubated with
bovine thrombin (4 NIHU/ml blood) and barium sulfate (2 gr/10 ml blood). Mixtures were
prepared and matured for 24 hours in silicon tubing with an inner diameter of 2.4 mm. Mean
diameter and length of clot fragments were 2.33 mm and 10.0 mm, respectively. After injec-
tion, clot location was detected and confirmed with catheter angiography. During the procedure,
animals were anesthetized by intramuscular injection of acepromazine (0.06 mg/kg), glycopy-
rrolate (0.01 mg/kg), thiopental (15 mg/kg) and nifedipine (15 mg). Anesthesia was maintained
during the entire procedure. Ventilation was performed mechanically with 2-3 % isoflurance in
1:1 oxygen and air mixture.
Animals were euthanized after completion of all data acquisitions with an overdose pentobar-
bital. Histology was performed on coronal slices of the brains by 2,3,5-triphenyltetrazolium
chloride (TTC) staining. Ischemic volumes were determined by a slice-by-slice manual seg-
mentation of the ischemic areas and multiplication with slice thickness. Experiments were ap-
proved by the Institutional Animal Care and Use Committee of the University of Massachusetts.

6.3.2.2 Image acquisition

Magnetic resonance imaging data (MRI) data was obtained prior to stroke induction and 244
minutes after clot injection and perfusion data was obtained 241 minutes after clot injection.
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CBCT data was acquired shortly thereafter, 258 minutes after stroke onset. MRI was obtained
on a 3 Tesla whole body MRI scanner (Achieva, Philips Healthcare, Best, The Netherlands)
using an 8 channel receive only SENSE knee coil. Multi-slice Dual spin echo (DUAL-SE) se-
quences were used [TR/TE1/TE2= /2630/15/80, flip angle α = 90◦, number of signal averages
(NSA) = 2, field of view (FOV): 110 × 140 mm2, acquired pixel size: 0.444 × 0.444 mm2,
54 slices with thickness = 2 mm, no slice gap], diffusion weighted imaging (sDWI) sequences
[TR/TE = 2580.7/76 ms, flip angle α = 90◦, NSA = 6, turbo 29, FOV: 130 × 130 mm2,
acquired pixel size: 0.9 × 0.9 mm2, 75 slices with thickness = 3 mm, no slice gap] and 3D
time-of-flight (TOF) perfusion sequence, [TR/TE = 19.9/3.6 ms, flip angle α = 20◦, NSA = 1,
FOV 130 × 130 mm2, acquired pixel size: 0.2 × 0.2 mm2, 100 slices with thickness = 1 mm,
slice gap = -0.5 mm].
CBCT data was obtained on an x-ray angiography c-arm system (Allura Xper FD20, Philips
Healthcare, Best, The Netherlands) with a cerebral high dose soft tissue protocol. CBCT data
[FOV: 251.5× 194.5× 251.5 mm3, voxel size: 0.98 mm3] was reconstructed from 600 x-ray
images generated during a 20 second rotational motion of the x-ray source over approximately
200◦. Two CBCT data sets were generated within 10 minutes of each other. The first (baseline)
was obtained without administration of contrast agent. Prior to the acquisition of the second
data set, constrast agent (Iopamidol 51 %) was administered intravenously with a power injec-
tor (Mark V Provis, Medrad, Indianola, Pennsylvania, USA) with an infusion rate of 2 mL/s for
a total of 80 ml. Acquisitions were started after a delay of 25 seconds in order for the contrast
agent to reach a steady state in cerebral tissue. Prior to all acquisitions, a system specific air
calibration of the c-arm system was preformed.

6.3.2.3 Image processing

MRI: Apparent diffusion coefficient (ADC) maps were generated with software available on
the MRI console and analyzed using Matlab (Mathworks, Nathick, MA, USA). Voxels with
ADC values below 0.53 × 10−3 mm2/s were identified as lesion voxels and were automati-
cally segmented [124]. Subsequently, total lesion volumes were calculated. Time to peak (TTP)
perfusion images were generated and analyzed using ViewForum workstation (Philips Health-
care, Best, The Netherlands).
CBCT: In three cases, registration of baseline CBCT data to contrast-enhanced data was nec-
essary because of subject motion in between scans. In the remaining cases, baseline data was
aligned with contrast-enhanced data without additional registration. 3D rigid registration was
performed with elastix [50] using a stochastic gradient descent optimization routine and a
mutual information similarity measure. Results of the registrations were all successful on vi-
sual inspection.
For all data sets, brain volumes were semi-automatically segmented from the T2-weighted
DUAL-SE data by a region growing algorithm. Subsequently, the ventricles, sinuses, and large
veins were segmented using the same technique from the proton-density weighted DUAL-SE
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Figure 6.1: LOG(NPS) of (A) axial, (B) coronal, and (C) sagittal extracted planes.

data. Brain masks without these structures were generated by subtracting them from brain seg-
mentations. Brain masks were transformed to CBCT data by registration of DUAL-SE data to
CBCT. Quality of registrations and transformations were visually inspected.
Cerebral blood volume (CBV) expressed in ml/100 g, defined as:

CBV =
∆HUbrain

∆HUblood
· Vvoxel ·N · h (6.7)

was calculated for all voxels within the brain mask. ∆HUbrain and ∆HUblood are the differ-
ence in Hounsfield Units at baseline and at steady state contrast injection of brain tissue and
blood, respectively. ∆HUbrain was calculated by voxel-wise subtraction of baseline from con-
trast data. ∆HUblood was determined in manually selected bilateral regions of interest located
in the extracranial internal carotid arteries (ICA). Vvoxel represents the volume per voxel in ml
and N the number of voxels in 100 grams of brain tissue. To determine N, a tissue density of
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1.05 g/ml was assumed [118]. ∆HUbrain values were corrected for differences in large and
small vessel hematocrit levels by h = 1−H

1−rH
, where H is the hematocrit value of the blood

and r = 0.8 the ratio of small-to-large vessel hematocrit values. CBV maps, i.e. voxel-wise
representations of the CBV values, were created. To reduce noise, a Perona-Malik anisotropic
diffusion filter (conductance = 1, time step = 0.625, and 5 iterations) was applied to the baseline
and contrast enhanced images prior to subtraction [125].
For all subjects mean CBV values (CBV ) and standard deviation (σ) were determined in a
region of interest (ROI) of 5 × 5 × 5 voxels (0.12 ml) in healthy (CBVh) and ischemic tissue
(CBVi). Healthy and ischemic regions were localized using ADC, perfusion, and histology
data.
Lesion volumes (Vlesion) in ml were determined by applying various lesion thresholds (tlesion)
to the masked CBV data. Lesion thresholds based on healthy CBV values measured in the op-
posite side of the brain. Since the CBV values are subject to image noise and values may differ
for different brain tissue types, CBV values measured in an ROI will result in a distribution of
values. We therefore propose to use mean CBV in a healthy ROI offset by a multiple of the
standard deviation (σ) in that ROI:

tlesion = CBVh − kσ. (6.8)

In this equation, k represents the multiplication factor.
CBV lesion volumes were calculated using five k-values (k=1.0, 1.5,...3.0) and resulting vol-
umes were compared to lesion volumes measured with histology and ADC by a linear regres-
sion analysis.

Figure 6.2: Angiographic data of a single subject obtained during stroke induction. DSA pre-stroke (left) and post-stroke
(middle and right). Introduced blood clot and M1 occlusion are indicated by arrows.



“manuscript” — 2010/11/10 — 18:09 — page 87 — #99

ASSESSMENT OF CBV AND ISCHEMIC LESION VOLUME USING CBCT 87

Figure 6.3: Example of image data for a single subject. DWI, perfusion, CBV, and histology, respectively, all show an
ischemic lesion on the left side of the brain. Square ROIs in CBV data indicate the regions that were used to calculate
mean CBV.

6.4 Results

6.4.1 Noise characterization
The root mean squared deviation RMSD of the water phantom from the theoretical value of
0 HU was 9.4 HU (range of xi:8.4-10.3 HU; σ(xi)=1.1 HU ). The mean of the standard de-
viation of the measured signal, µ[σ(ROIi)], was 19.1 HU (range of σ(ROIi): 19.05 - 19.15
HU, Cv < 0.3%). Three orthogonal planes extracted from the noise power spectra are shown
in Figure 6.1. The first and second row represent the NPS with and without the non-stochastic
component, respectively. In these spectra, high noise power is observed at the origin of image
data, which could be the result of aliasing [126]. High noise power was observed along all three
orthogonal axis. These were however not attributable to non-stochastic noise, which can be
seen in the bottom row of Figure 6.1.

6.4.2 Assessment of lesion volumes from CBCT-based CBV
All seven animals had unilateral strokes. In Figure 6.2 example digital subtraction angiography
(DSA) prior to stroke (left) and after stroke (right) are shown. In the center image, the injected
blood clot, located at the left proximal M1, is indicated by the arrow. Visualization of the clot
with x-ray was possible since the clots contained barium. In Figure 6.3 corresponding coronal
slices of DWI, perfusion, CBV, and histology data of the same subject are given. In DWI data,
high intensities indicate decreased diffusion due to cell membrane disruption and dark regions
in perfusion data represent decreased perfusion. CBV data, shown overlayed on the CBCT data,
is visualized by a color scale, where red and blue indicate high and low CBV, respectively. Lo-
cation of bilateral ROIs in CBV data that were manually selected inside healthy and ischemic
brain tissue are indicated by the square boxes. In the histology data, infarcted tissue is recog-
nized by unstained regions.
Mean CBV values and standard deviations of healthy and ischemic ROIs are given in Table 1.
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Mean healthy CBV values varied from 3.17 ml/100 gr to 4.47 ml/100 gr. Mean ischemic CBV
ranged from 0.43 ml/100 gr to 1.05 ml/100 gr. One subject was excluded from the research due
to an abnormal healthy CBV of 6.28 ml/100 gr (see subject 5 in Table 6.1). Retrospectively it
was observed that the contrast injection time for this animal was significantly shorter than for
other subjects.
The results of the regression analysis of lesion volumes measured with various lesion thresholds
are summarized in Figure 6.4. In the left graph, CBV lesion volumes are plotted as a function
of gold standard lesion volumes determined by histology. Linear fits were based on 6 subjects
and were generated using using Matlab (Mathworks, Nathick, MA, USA). Corresponding k-
values and coefficients of determination (R2) are indicated in the graph. The largest coefficient
of determination (R2=0.84) was observed with k = 2.5. Regression analysis of ADC lesion
volumes versus histology measured lesion volumes is depicted in the right graph in Figure 6.4.
Linear regression was obtained with R2=0.99.
The agreement of lesion measurements with gold standard data was determined by a Bland-
Altman analysis, shown in Figure 6.5. The results for lesion measurement performed in CBV
(with k = 2.5) and ADC data are shown in the left and right graph, respectively. Mean differ-
ence (standard deviation) for CBV-histology and ADC-histology agreement were 2.7(2.8) ml
and -0.01(0.69) ml, respectively.

6.5 Discussion and conclusions
In this study, we have investigated the feasibility of using a flat-panel CBCT system for as-
sessing CBV. For this objective, image noise and repeatability were characterized by CBCT
acquisitions of a water phantom. Conversion of CBCT intensity values to HU was done by a
two point calibration. A root mean squared deviation water signal of 9.4 HU was measured.,
which implies the presence of a signal bias with respect to the theoretical value (0 HU). We

Table 6.1: Mean CBV value (standard deviation) of healthy and ischemic tissue for each subject. Values were calculated
for manually selected ROIs of 0.12 ml.

Subject CBV healthy CBV ischemic

1 4.42(2.33) 0.80(0.92)

2 3.77(1.68) 0.43(1.80)

3 3.17(1.10) 1.05(0.50)

4 4.47(1.53) 0.85(0.48)

5 6.28(2.29) 3.40(1.52)

6 3.60(0.68) 0.63(0.55)

7 3.91(0.97) 0.78(0.44)
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Figure 6.4: Results of the linear regression analysis using six subjects. Lesion volumes measured in CBV data is given as
a function of lesion volumes measured with histology (left) and ADC (right) in ml. The linear fits are represented by the
solid lines.
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Figure 6.5: Blandt-Altman analysis of lesion volumes measured with CBV versus histology (left) and ADC versus histol-
ogy (right). Mean difference and 1.96 × standard deviation are indicated by the solid and dashed line, respectively.

therefore conclude that a more advanced calibration and conversion metric is required. For cal-
culation of CBV, baseline and contrast enhanced data are subtracted, which will increase noise
by a factor of

√
2, leading to a standard deviation of 27 HU in the subtracted images. However,

application of an edge-preserving noise reduction filter such as the anisotropic diffusion filter
mentioned earlier could constrain the noise resulting in improved CBV estimates.
CBV was assessed in canines in unilateral ischemic stroke. Mean values were measured in
bilateral ROIs in ischemic and healthy tissue. Overall mean CBV in healthy tissue ROIs was
3.89 ± 1.01 ml/100 gr. These values are higher than the values reported by Peterson et al.,
who found CBV of 2.9 ± 1.4 and 2.5 ± 1.5 ml/100 gr in gray and white matter, respectively.
This offset could be a result of non-linearities of the flat-panel CBCT system. For all subjects
CBV measured in ischemic regions was significantly lower than CBV in (bilateral) healthy re-
gions. Lesion volumes were determined by five thresholds, which were chosen to be k times
the standard deviations below the mean healthy CBV, where k was varied between 1.0 and 3.0.
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Subsequently, lesion volumes calculated with CBV and ADC were compared to volumes mea-
sured with histology. The experiments showed that best agreement (R2 = 0.84) was obtained
when a lesion threshold of 2.5σ was used. This correlation was not as strong as that obtained
with ADC lesion volume measurements (R2 = 0.99). The Blandt-Altman analysis showed
that the CBV lesion volume measurements contain a positive bias of 2.7 ml, which implies that
lesion volumes by CBV are underestimated. In addition, the variance of CBV lesion measure-
ments were relatively large. Lesion volumes obtained with ADC showed good agreement with
histology.
The results show that although ischemic lesion can be identified qualitatively with flat-panel
CBCT-based CBV, quantitative lesion volume measurements in flat-panel CBCT-based CBV is
currently inferior to measurements performed with ADC, which showed better agreement with
histology. The reliability of CBCT-based CBV is mainly limited by imaging physics. The qual-
ity of CBV measurements should be improved by reducing detector noise and photon scatter.
We can conclude that CBCT-based CBV can be used for qualitative intra-subject analysis of
cerebral hemodynamic changes. State-of-the-art flat-panel CBCT systems are capable of pro-
viding quantitative CBV lesion volumes with moderate agreement with histology. Reliability
of CBCT assessed CBV should be improved in order for this method to be applicable in clinical
settings.
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Dis·cus·sion [dI"sk2S@n]:
-noun
1. an act or instance of discussing; consideration or examination by argument, comment, etc.,
esp. to explore solutions; informal debate.
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Although 2D-3D image registration is already being used for the verification of treatment plan-
ning in radiotherapy, it has not yet been integrated into the routine work flow of image-guided
surgery and interventions. This is mainly caused by one imperfection: the limited capture range.
When, during an interventional procedure, registration errors exceed the capture range, subse-
quent registration attempts may not be successful. Unsuccessful registration would require re-
initialization of the registration method. In this thesis it was shown that with currently available
intensity-based 2D-3D registration methods the capture range is approximately 5 mm when a
single x-ray image is used. Using the registration error definition described in Chapter 2, this
would correspond to a rotational offset of only 3◦ around one axis, which is not unlikely to
occur. Capture ranges of registration methods may be improved by initialization methods or
multi-resolution strategies. Nevertheless, misalignments that are too large for these approaches
remain to be solved.
In this thesis it was shown that the capture range depends on the search strategy that is used.
To exclude the necessity of optimization methods, future advances in computational hardware
may provide sufficient computation force to perform registration (or part of it) by a full search
strategy, given that a sufficiently accurate cost function is available. However, an extraordinary
improvement in terms of computation time is necessary to realize this. In Chapter 2, x-ray
images acquired during cerebral interventions were registered to cone-beam computed tomog-
raphy (CBCT) data, using various similarity measures and optimization methods. On average,
the final registration error was approximately 0.7 mm, which corresponds to a rotational offset
of 0.5◦. Given that the initial misregistration is within rotational and translational offsets of
25◦ and 50 mm, a full search strategy would require approximately 2.9 × 1012 iterations and
with that an equal number of DRRs to perform registration with similar accuracy. With current
computation times of DRRs generated on graphics processing units (GPU) of 30 ms, such a
registration task will take approximately 2779.9 years. Hence, the time to generate DRRs will
have to decrease drastically in order for a full search strategy to be applicable in practice.
Another issue that hampers the use of 2D-3D registration during image-guided procedures is
the absence of a method to quantify registration accuracy. Since similarity measure are not ab-
solute, the optimal values of these measures will vary from case-to-case. Therefore, during a
clinical procedure the quality of the registration has to be verified visually. This causes a diffi-
culty in integrating this technique into clinical routines, because the reliability of the registration
and hence the 3D road map can not be guaranteed. This could be solved by performing a case-
specific calibration prior to each procedure, where the differences in similarity values between
successful and unsuccessful registrations are explored. From these values, a suitable thresh-
old can be determined that will distinguish successful registrations from unsuccessful ones. A
possible problem is that when medical devices are introduced into the field of view, similarity
values will change due to a change of image content and the threshold obtained by calibration
might not be suitable. Research should prove whether this technique will improve the reliability
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of 2D-3D registration in image-guided interventions.
Even when the issues mentioned above are resolved, incorporating MRI data into the interven-
tional suite by 2D-3D registration will require additional research. Despite the promising results
of the technique that generates pseudo-CT from MRI data presented in Chapter 6, registration
of x-ray to MRI data remains a challenging task that requires great improvements before it can
be applied in clinical practice. A major difficulty is that registration of x-ray images without
contrast is usually performed on cortical bone structures, of which the signals in MRI are rela-
tively low. Bone structures in pseudo-CT data as proposed in this thesis are merely predictions
based on signal voids in multi-spectral MRI data. Including one or more scan sequences that
provide higher cortical bone signal will improve the quality of pseudo-CT data, and hence the
registration accuracy.
In diagnostic x-ray imaging, similar problems as in 2D-3D image registration are observed.
The projective nature of planar imaging removes spatial information along the projection axis,
which makes interpretation of these images more difficult than 3D image data. In this the-
sis, the errors in the acetabular index measurements caused by changes in patient orientation
with respect to the x-ray source were investigated for a single subject. Since the magnitudes
of the errors are case-specific, they can not be used to determine measurement errors in future
cases. However, the results from this study should create awareness of the consequences of
patient misalignment during the x-ray acquisition. Spatial information for diagnosis may be
obtained by registration of diagnostic x-ray images to 3D atlases or statistical shape models
[127]. However, the reliability of detection or quantification of an abnormality by a deformable
model remains questionable, since deformations of the model caused by anatomical variations,
orientation, or abnormalities are hard to distinguish.
The advances in image quality of flat-panel CBCT systems has allowed 3D imaging approximat-
ing CT quality, providing 3D diagnostic x-ray imaging during an interventional procedure. A
major limitation remains the time required for a single acquisition, which makes time-resolved
imaging non-trivial. Therefore, techniques that provide time-dependent physiological imaging
metrics are yet to be developed. In this thesis, we have investigated the feasibility of calculating
ischemic lesion volumes from CBV data obtained by a CBCT system. Limitations that compli-
cated the assessment of CBV were caused by imaging physics of the flat-panel CBCT system.
Improvements in terms of contrast-to-noise and repeatability are required in order to provide
CBV measurements with the reliability and quality obtained with CT.
It can be concluded that, even though there are some critical issues that need to be dealt with,
2D-3D registration has the potential of providing patient-specific 3D information during image-
guided procedures. When 2D-3D registration methods become more reliable, patient-image
registration is relatively easily incorporated into clinical routines, since no navigation machin-
ery or additional 3D image acquisitions are required.
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Sum·ma·ry ["s2m@ri]:
-noun
1. a comprehensive and usually brief abstract, recapitulation, or compendium of previously
stated facts or statements. -adjective
2. brief and comprehensive; concise.
3. direct and prompt; unceremoniously fast: to treat someone with summary dispatch.
4. (of legal proceedings, jurisdiction, etc.) conducted without, or exempt from, the various steps
and delays of a formal trial.
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SUMMARY

Clinical procedures that are conventionally guided by 2D x-ray imaging, may benefit from the
additional spatial information provided by 3D image data. For instance, guidance of minimally
invasive procedures with CT or MRI data provides 3D spatial information and visualization of
structures that are not visible with x-ray. Since 3D imaging modalities may not be available dur-
ing the procedure or require increased patient dose, it is desirable to use pre-interventional/pre-
operative 3D patient data for guidance that was obtained for diagnosis and treatment planning.
To accomplish this, a relationship between patient and image data has to be realized. This rela-
tionship can be obtained by 2D-3D image registration. The aim of the research presented in this
thesis is to evaluate the performance and limitations of 2D-3D image registration for diagnos-
tic and interventional x-ray imaging, and to develop new methods to overcome these limitations.

In Chapter 2 we have compared the registration performance of seven optimization methods
in combination with three similarity measures: gradient difference, gradient correlation, and
pattern intensity. Optimization methods included in this study were:

• regular step gradient descent

• Nelder-Mead

• Powell-Brent

• Quasi-Newton

• nonlinear conjugate gradient

• simultaneous perturbation stochastic approximation

• evolution strategy.

Registration experiments were performed on patient data sets that were obtained during cere-
bral interventions. Various component combinations were evaluated on registration accuracy,
capture range, and registration time. The results showed that for the same similarity measure,
different registration accuracies and capture ranges are obtained when different optimization
methods are used. Overall, it could be concluded that the Powell-Brent is a reliable optimization
method for intensity-based 2D-3D registration of x-ray images to CBCT, in terms of accuracy,
capture range, and computation time.
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In Chapter 3, a relatively computationally inexpensive and robust estimation method is pro-
posed with the objective to enlarge the capture range of 2D-3D registration methods. The
method uses the projection-slice theorem in combination with phase correlation in order to es-
timate the transform parameters, which provides an initialization of the subsequent registration
procedure. The method was evaluated as an initialization method for an intensity-based 2D-3D
registration method. The uninitialized and initialized registration experiments had success rates
of 28.8% and 68.6%, respectively. With these results it was shown that the initialization method
based on the projection-slice theorem and phase correlation yields adequate initializations for
existing registration methods, thereby substantially enlarging the capture range of these meth-
ods.

Although spatial information provided by CT during image-guided procedures is substantial,
the soft tissue contrast this modality accommodates is rather limited. Availability of MRI data
during x-ray-guided procedures may provide such soft tissue contrast. However, registering
x-ray images to MRI data is not a trivial task because of their fundamental difference in tis-
sue contrast. In Chapter 4 a technique is presented that generates pseudo-CT data from MRI
data, which is sufficiently similar to real CT data as to enable registration of MRI to x-ray. The
method was evaluated by comparing registration performance of x-ray to pseudo-CT data to
the registration performance of x-ray to real CT data. The results showed that pseudo-CT data
facilitates registration of x-ray images to MRI, and that the accuracy achieved was comparable
to that of registering x-ray images to CT data.

In Chapter 5 the effects of perspective imaging on radiographic measurements were investi-
gated. Radiographic diagnosis and follow-up studies of developmental dysplasia of the hip are
commonly done by measuring the acetabular index on radiographs using Hilgenreiner’s method.
The outcome of the measurement, however, depends on the orientation of the subject’s pelvis
relative to the x-ray source. The influence of combinations of pelvic rotation and tilt on the
systematic error in the acetabular index measurement was investigated in a reproducible way.
Additionally, two ratios Rrotation and Rtilt, evaluating pelvic rotation and tilt, respectively,
were measured. The study was done by using digitally reconstructed radiographs of a high-
resolution 3D CT data set. The results show that the effects of rotation and tilt accumulate and
either amplify or counteract the underestimation or overestimation of the acetabular index. For
rotations and tilt up to 12◦ the average systematic errors in the acetabular index varied from
8.8◦ underestimation to 4.5◦ overestimation. In order to limit the systematic error caused by
pelvic misalignment, we advise to consider radiographs acquired with ±4◦ rotation and ±4◦ tilt
as acceptable. In our research, these pelvic orientations correspond to Rrotation values between
1.0 and 2.0 and Rtilt values between 1.1 and 1.8.

In Chapter 6, the feasibility of obtaining ischemic lesion volumes from CBCT-based CBV
measurements was investigated. The reliability of CBCT-assessed CBV was evaluated by char-
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acterization of image noise of a flat-panel c-arm CBCT system. CBV of seven canines with
unilateral stroke was assessed. Ischemic lesion volumes were calculated by using various lesion
thresholds. Volume measurements were evaluated by a regression analysis using gold standard
data obtained with histology. From the results it could be concluded that in order for this tech-
nique to be applicable in clinical practice, correlation between lesion volumes measured with
CBCT-based CBV and histology should be improved. The quality of CBV measurements are
limited by imaging physics, and can be improved by reducing detector noise and photon scatter.
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SAMENVATTING

Klinische procedures ondersteund door tweedimensionale röntgenbeeldvorming kunnen prof-
iteren van de extra ruimtelijke informatie voorzien door driedimensionale (3D) beelden. Bi-
jvoorbeeld: begeleiding van minimaal invasieve procedures met computertomografie- of mag-
netische resonatiebeelden geeft aanvullende ruimtelijke informatie en verschaft visualisatie van
structuren die over het algemeen niet zichtbaar zijn met röntgen. 3D beeldvormingsmodaliteiten
zijn niet altijd beschikbaar tijdens de procedure of verhogen de stralingsdosis waaraan de patiënt
wordt blootgesteld. Het is daarom wenselijk pre-interventionele of pre-operatieve 3D gegevens,
verkregen tijdens de diagnose en/of de planning van de behandeling, te gebruiken tijdens de
uitvoering van de behandeling zelf. Daartoe moet een relatie tussen de patiënt en 3D beeld
worden gerealiseerd door middel van 2D-3D beeldregistratie. Het doel van het onderzoek gep-
resenteerd in dit proefschrift is het evalueren van de prestaties en beperkingen van 2D-3D beel-
dregistratie in diagnostische en interventionele röntgenbeeldvorming en het ontwikkelen van
nieuwe methoden om de beperkingen te overwinnen.

In Hoofdstuk 2 zijn de registratieprestaties van zeven optimalisatiemethoden in combinatie
met drie kostenfuncties vergeleken: gradiëntverschil, gradiëntcorrelatie en patroonintensiteit.
Optimalisatiemethoden opgenomen in deze studie waren:

• regelmatige stap gradiëntafdaling

• Nelder-Mead

• Powell-Brent

• Quasi-Newton

• niet-lineaire geconjugeerde gradiënten

• gelijktijdige verstoring stochastische benadering

• evolutiestrategie.

Registratie-experimenten zijn uitgevoerd op patiëntenbeelden die werden verkregen tijdens cere-
brale interventies. De verschillende combinaties van componenten zijn daarna beoordeeld op
registratienauwkeurigheid, succesbereik en registratietijd. De resultaten tonen aan dat voor
dezelfde kostenfunctie verschillende optimalisatiemethoden verschillende registratienauwkeurighe-
den en succesbereiken opleverden. Over het algemeen kan worden geconcludeerd dat de Powell-
Brent een betrouwbare optimalisatiemethode is voor op intensiteit gebaseerde 2D-3D registratie
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van röntgenbeelden en computertomografiebeelden, in termen van nauwkeurigheid, succes-
bereik en rekentijd.

In Hoofdstuk 3 wordt een computationeel relatief goedkope en robuuste schattingsmethode
voorgesteld met als doel het succesbereik van 2D-3D registratiemethoden te vergroten. De
methode maakt gebruik van het projectie-plak theorema in combinatie met fasecorrelatie om
transformatieparameters te schatten, die vervolgens als initialisatie dienen van een registratiepro-
cedure. De methode is geëvalueerd als initialisatiemethode voor een op intensiteit gebaseerde
2D-3D registratiemethode. De ongeïnitialiseerde en geïnitialiseerde registratie-experimenten
hadden slagingspercentages van 28, 8% en 68, 6%, respectievelijk. Met deze resultaten is
aangetoond dat de initialisatiemethode gebaseerd op de projectie-plak theorema en fasecor-
relatie adequate initialisaties oplevert voor bestaande registratiemethoden, waarmee het succes-
bereik van deze methoden substantieel wordt vergroot.

Hoewel de ruimtelijke informatie verschaft door computertomografie tijdens beeldgeleide pro-
cedures aanzienlijk is, blijft het zachtweefselcontrast dat deze modaliteit biedt vrij beperkt.
Beschikbaarheid van magnetische resonatiebeelden tijdens de röntgengeleide procedures kan
dergelijk zachtweefselcontrast bieden. Echter, het registreren van röntgenbeelden met mag-
netische resonatiebeelden is geen sinecure, omwille van hun fundamenteel verschil in weefsel-
contrast.
In Hoofdstuk 4 wordt een techniek gepresenteerd die pseudo-CT beelden genereert van multi-
spectrale magnetische resonatiebeelden. Deze pseudo-CT beelden vertonen voldoende gelijke-
nis met echte CT beelden om registratie van magnetische resonatiebeelden met röntgenbeelden
te kunnen uitvoeren. De methode is geëvalueerd door vergelijking van registratieprestaties van
röntgenbeelden met pseudo-CT met de registratieprestaties van röntgenbeelden met echte CT
beelden. De resultaten tonen aan dat het genereren van pseudo-CT beelden registratie van rönt-
genbeelden met magnetische resonatiebeelden faciliteert en dat de bereikte nauwkeurigheid
vergelijkbaar is met die van het registreren van röntgenbeelden met CT.

In Hoofdstuk 5 zijn de effecten van perspectieve beeldvorming op radiografische metingen
onderzocht. Radiografische diagnose en follow-up studies van heupdysplasie worden vaak uit-
gevoerd door het meten van de acetabulum-index op röntgenbeelden met behulp van de Hilgen-
reinermethode. Echter, de oriëntatie van het bekken van de patiënt ten opzichte van de röntgen-
bron beïnvloedt de uitkomst van de meting. De invloed van combinaties van rotatie en kanteling
van het bekken op de systematische fout in de acetabulum-indexmeting is onderzocht op een
reproduceerbare manier. Eveneens zijn twee ratio’s gemeten die de rotatie en kanteling van
het bekken evalueren (Rrotatie en Rkanteling). Het onderzoek is uitgevoerd met behulp van
digitaal gereconstrueerde röntgenbeelden van een hoogresolutie 3D CT beeld. De resultaten
laten zien dat de gevolgen van de rotatie en kanteling accumuleren en deze de onderschatting of
overschatting van de acetabulum-index versterken of compenseren. Voor rotaties en kanteling
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tot 12◦ varieerde de gemiddelde systematische fouten in de acetabulum-index van 8, 8◦ onder-
schatting tot 4, 5◦ overschatting. Om de systematische fout veroorzaakt door het bekkenoriën-
tatie te beperken, dienen röntgenbeelden met ±4◦ rotatie en ±4◦ kanteling als aanvaardbaar
beschouwd te worden. In dit onderzoek komen deze bekkenoriëntaties overeen met Rrotatie

waarden tussen 1,0 en 2,0 en Rkanteling waarden tussen 1,1 en 1,8.

In Hoofdstuk 6 is de haalbaarheid van het verkrijgen van ischemische laesievolumes uit cere-
braal bloedvolume (CBV) metingen met behulp van computertomografie met conische stral-
ing (CBCT) onderzocht. De betrouwbaarheid van CBV verkregen met CBCT is geëvalueerd
door karakterisering van ruis van een C-arm CBCT-systeem. Van zeven honden met eenzi-
jdige beroerte is het CBV bepaald. Ischemische laesievolumes zijn berekend met behulp van
diverse laesiedrempelwaarden. Volumemetingen zijn beoordeeld door een regressieanalyse met
behulp van gouden standaardwaarden, verkregen met behulp van histologie. Uit de resultaten
is geconcludeerd dat om deze techniek te kunnen toepassen in de klinische praktijk, correlatie
tussen laesievolumes gemeten met CBV verkregen met CBCT en laesievolumes gemeten met
histologie moet worden verbeterd. De kwaliteit van de CBV-metingen worden beperkt door
beeldvormingsfysica en kan worden verbeterd door het verminderen van ruis en fotonverstrooi-
ing.
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for image-guided cranial radiosurgery. Medical physics, 35(5):2180–2149, 2008.
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Ac·knowl·edg·ment [æ"n6lIdZm@nt]:
-noun
1. an act of acknowledging.
2. recognition of the existence or truth of something.
3. an expression of appreciation.
5. a thing done or given in appreciation or gratitude.
4. Law. a declaration before an official that one has executed a particular legal document. .
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