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Abstract

EN:

Endovascular interventions provide a less invasive alternative to open surgery, generally guided by fluoroscopy,
which exposes clinical staff and patients to ionizing radiation. Magnetic resonance imaging (MRI) offers a
promising alternative, providing image guidance in any possible position and plane orientation, with excellent
soft tissue contrast and free of ionizing radiation. However, the application of MRI guidance in endovascular
interventions is still limited by challenges the visualization and tracking of the guidewire.

This thesis addresses these challenges by developing an automated passive marker tracking algorithm for inter-
ventional MRI (iMRI) suites, using a deep learning based detection approach combined with slice reposition-
ing. The convolutional neural network (CNN) is trained with simulated representations of passive markers,
which reduces the dependency on gaining extensive training data. The CNN automatically detects passive
markers on real MR-images. The final solution combines the output from the CNN with a slice repositioning
algorithm, and enables automated 3D passive marker tracking with a high accuracy.

NL:

Endovasculaire interventies bieden een minder invasief alternatief voor open chirurgie, meestal geleid door
fluoroscopie, waarbij klinisch personeel en patiénten worden blootgesteld aan ioniserende straling. Magnetic
resonance imaging (MRI) biedt een veelbelovend alternatief, met beeldbegeleiding mogelijk in elke positie
en oriéntatie, met uitstekend zachtweefselcontrast en zonder ioniserende straling. De toepassing van MRI-
begeleiding bij endovasculaire interventies wordt echter nog steeds beperkt door uitdagingen op het gebied
van de visualisatie en het volgen van de voerdraad.

In dit scriptie onderzoek worden deze uitdagingen aangepakt door een algoritme voor het automatisch volgen
van passieve markers te ontwikkelen voor interventionele MRI-suites (iMRI). Hierbij wordt gebruik gemaakt
van deep learning voor marker detectie in combinatie met herpositionering van de slice. Het convolutionele
neurale netwerk (CNN) wordt getraind met gesimuleerde representaties van passieve markers, waardoor men
minder afhankelijk is van het verkrijgen van uitgebreide trainingsgegevens uit de kliniek. De CNN detecteert
automatisch passieve markers op echte MR-beelden. De uiteindelijke oplossing combineert de output van de
CNN met een algoritme voor het herpositioneren van de slices en maakt het automatisch volgen van passieve
markers in 3D met een hoge nauwkeurigheid mogelijk.

iii



iv



Acknowledgment

This thesis presents my graduation assignment, titled “Automated passive marker tracking for MR-guided en-
dovascular interventions”, performed within the Magnetic Detection & Imaging research group at the University
of Twente.

I would like to thank my supervisors for their guidance during my master’s thesis. A special thanks to my
leading supervisor, Wyger Brink, for his guidance, sharp insights and constructive feedback throughout my
assignment. Our weekly meetings were always motivating and it was nice to work with someone who shared
my excitement about scanning small paramagnetic rings with the MRI. I really enjoyed my time working on a
solution for automated 3D passive marker tracking for iMRI, so thank you for giving me the opportunity.

To my amazing boyfriend: thank you for your constant support and occasionally being my personal barista
(serving the best coffee in Enschede). Another big thank you to my family for their support. I appreciate how
you have patiently listened to my thesis updates (and then listened again when I kept showing more images
during the process).

I am also grateful to my friends for the weekly dinners and conversations, which I really enjoyed after a day
of work. And to my fellow master’s students: Thanks a lot for the caffeine-fueled couch talks in the TechMed
Centre and, of course, the spontaneous meme dumps that kept the vibes alive.

With this thesis, my study in Biomedical Engineering at the University of Twente comes to an end. I really
enjoyed my time as a student, but the next adventures are just getting started and I am looking forward to it!

Anieck ter Braak
Enschede, April 2025



vi



List of Acronyms

AAA abdominal aortic aneurysm
Al artificial intelligence

bSSFP  balanced steady-state free precession

CNN convolutional neural network
CNR contrast-to-noise ratio

FN false negatives
FOV field of view
FP false positives

FSE fast spin echo

GRE gradient recalled echo

iMRI interventional MRI

MR magnetic resonance
MRI magnetic resonance imaging
RF radio frequency
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T1 longitudinal relaxation
T2 transverse relaxation
TE echo time
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TR repetition time
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1| Introduction

Endovascular interventions guided by imaging techniques provide a less invasive treatment and a faster re-
covery compared to open surgery [|1, [2]. Endovascular interventions are therefore used for many clinical
application and often involve guiding a guidewire to a desired position within the vasculature. This is tra-
ditionally performed under fluoroscopic image-guidance, combined with intravenous injections of iodinated
contrast agents to visualize the vasculature. Fluoroscopy offers a relatively high frame rate dynamic imaging
for endovascular interventions, but it does expose patients and in particular clinical staff to ionizing radiation
[3[]]. Although clinical staff aims to minimize their exposure, complex and prolonged procedures still contribute
significantly to high levels of exposure for interventional procedures [4]].

The use of [magnetic resonance imaging (MRI)| for endovascular procedures has gained increasing interest

from the community recently, with the commercial introduction of low-field high-performance systems with
increased bore diameter, offering increased access and robustness for interventional procedures [[5]].

[tional MRI (iMRI)| offers imaging in any image plane orientation, provides excellent soft tissue contrast and

does not use ionizing radiation. Building on efficient real-time imaging sequences, could also offer po-
tential benefits during endovascular procedures, such as guiding a catheter with a guidewire. These guidance
procedures depends on precise and real-time visualization and tracking of the guidewire. Since guidewires
are not inherently visible with [MRI] specialized techniques are needed for accurate visualization and tracking

of guidewires with

For guidewire tracking, marker-based approaches are often applied for the localization of the guidewire with
The guidewires contain embedded markers that can be categorized as active or passive markers [6} |7]].
Active markers are often micro coils that signal the precise location of the marker, which requires additional
specialized equipment and thicker guidewires. In contrast, passive tracking relies on visual detection of pas-

sive markers in the scanned [magnetic resonance (MR)]images. As no additional hardware is needed, passive

tracking is therefore more appealing and easier to implement in the suite. A study of Reinok et al. has
shown the potential of passive guidewire tracking with based on 2D marker detection in a real-time
imaging sequence [|8]]. This thesis aims to optimize the performance of the automated 2D detection and intro-
duce 3D tracking to improve the feasibility of automated 3D passive guidewire tracking for an system.
To achieve this, this thesis addresses three primary objectives: the simulation of passive marker susceptibility
artifacts, developing deep learning methods for automated 2D marker detection and tracking markers real-
time in 3D. Chapter 2 provides relevant background information on for endovascular procedures. The
research objectives and approach are highlighted in Chapter 3. Chapter 4 addresses the simulation of suscepti-
bility artifacts and their appearances in images. Chapter 5 presents deep learning methods for automated
2D detection, where chapter 6 presents a solution for automated 3D passive marker tracking in real time with
slice repositioning. The final insights and future perspectives are discussed in Chapter 7, followed by overall
conclusions in Chapter 8.



2 | Background

This chapter explores the relevant context in which this thesis will be conducted. By examining the clinical
and technical aspects to guide endovascular interventions with [i(MRI} a deeper understanding of the research
problem is formed. It will provide relevant background information and supports the motivation behind this
thesis.

2.1 Endovascular interventions

Endovascular interventions are minimally invasive procedures that treat various vascular diseases, such as

[abdominal aortic aneurysm (AAA)| or peripheral artery disease. By inserting catheters into the vasculature

through small incisions, diseases can be assessed from the inside instead of performing open surgery. These
interventions are guided by imaging modalities ensuring precise navigation during endovascular procedures.
The benefits of endovascular interventions include faster recovery and less invasive treatment for patients [1}
2]]. For example, [AAA| can be treated with an endovascular aneurysm repair, where a stent graft is placed
inside the aorta to prevent aneurysm rupture. Compared to open surgery for aneurysm repair, endovascular
repair show superior patient outcomes [|9]].

2.2 Magnetic resonance imaging

MRI| is a medical imaging technique used to image human anatomy and physiology. It is often used for
diagnostic purposes and treatment monitoring. Unlike X-rays, PET or CT-scans, does not use ionizing
radiation, as it uses a magnetic field, typically ranging from 1.5 to 3 Tesla for most systems. While these fields
are generally save, contraindications for [MR] are presence of metallic implants due to safety risks associated
with interactions between the magnetic fields and the implant.

MRI|imaging is based on the spin property of certain atomic nuclei, the most commonly used being hydrogen
[10]. involves a strong external magnetic field (By), [radio frequency (RF)| pulses and magnetic field

gradients to elicit a signal from these nuclei and form an image. During [MRI|, B, will align the net magnetiza-
tion (M) of the hydrogen nuclei with the direction of By. Then, an [RF|pulse is sent at the Larmor frequency
of hydrogen nuclei to excite the hydrogen nuclei. During excitation, the M vector moves away from the By

direction. Subsequently, longitudinal relaxation (T1)|and [transverse relaxation (T2)|occur, which result in a

magnetic moment causing the spins to induce a changing magnetic flux in the receiver coils of the This
signal is detected and used to form the images [[10]]. For generating images with[MRI] there is an inherent
trade-off between spatial resolution, temporal resolution and [signal-to-noise ratio (SNR)} These factors must

be balanced and can be achieved by numerous sequences, each benefiting specific imaging goals.
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2.2.1 MRI sequences

Image acquisition in is performed via pulse sequences, which describe the control signals that drive the
gradient and [RF|systems. sequences are made by varying the order and values of certain components and

parameters such as the applied RF}pulses, applied gradients, [echo time (TE)| and [repetition time (TR)} The
[TEis the time equal to the center of the RF}pulse to the center of the echo. The [TR|is the time of the interval
between the corresponding points in consecutive cycles of pulses and echoes. By varying these components

and parameters, each sequence is designed to emphasize specific characteristics of the tissue. This thesis will
focus on two specific sequences, (spoiled) [gradient recalled echo (GRE)| and |balanced steady-state free|
[precession (bSSFP)| These sequences offer a high temporal resolution enabling real-time [MRI| combined with

sufficient spatial resolution and contrast for interventional devices.

2.2.2 Slice selection

Image formation in is based on three independent steps: slice selection, phase encoding and frequency
encoding. During slice selection, a linear magnetic field gradient is enabled and a specific RF}pulse ensures
that only the hydrogen nuclei are excited within the chosen slice. As the gradient fields can be applied with
any combination, slices can be selected at any arbitrary location and angle. Subsequently, phase and frequency
encoding steps are applied within the slice to localize the signal and form the image.

2.3 iMRI

Unlike diagnostic is tailored to enable fast image acquisition, reconstruction and processing for
clinical interventions. The current technological standard in terms of hardware and software enables imaging
with a frame rate up to 5-15 frames per second, depending on the application [11} [12]]. Commonly used
sequences suitable for [(MRI] are spoiled single-shot [fast spin echo (FSE)| and [bSSFP| For [iMR]} a high
temporal resolution has the highest priority, often at the expense of spatial resolution and Some vendors

have also developed dedicated software interfaces that enable live adjustment of the acquisition settings, such
as adjustments in the image acquisition plane.

For catheter guidance, [GRE|and [pSSFP|sequences are most commonly used [[12}[13][14]]. [GRE|sequences have
demonstrated to be more resistant to artifacts, whereas sequences achieve higher [12]]. Addi-
tionally, sequences offer a superior blood-myocardium contrast because of their T,/T; contrast [|11]].
Beyond cardiac applications, the excellent blood-tissue contrast provided by also makes it appealing
for other endovascular procedures. This is also supported by the comparative study of Reinok et al., which
states that results in a higher [contrast-to-noise ratio (CNR)|and a better visualization of a guidewire
compared to[GRE]in a static phantom [[8]].

2.4 Guidewire tracking

Endovascular guidewire tracking can be categorized into two main techniques: active or passive tracking. In
active tracking, [RF] microcoils are embedded into a device and connected to the [RF|receiver of an MR system
to overlay of the coil positions with the image [6} [7]]. This localization process is very fast and does not risk
out-of-plane motion. The microcoil signal can also be used as an additional [RF| receive coil and combined
with conventional imaging coils into a composite image, which results in a localized hyperintensity indicating
the position of the device [[15]. The imaging sequence can be interleaved with tracking modules to enable
dynamic slice repositioning while visualizing the anatomy [16]]. However, some drawbacks are the need for
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an [RF|interface with the scanner and the guidewires used for these active tracking procedures are often
relatively thick (e.g., 9F), which may cause additional challenges. Passive tracking techniques use intrinsic
material characteristics to localize devices or markers, like the MRLine guidewire from EPflex [|17]]. There are
multiple passive tracking techniques with embedded markers, coatings or balloon catheters based on different
mechanisms: negative contrast, positive contrast, non-proton multi-spectral contrast and direct current [|17]].

When comparing active and passive tracking, active tracking is generally faster and more robust at localizing
markers which benefits the ultimate goal of real-time [MRlguidance [|6, [17]. However, a main concern of
active tracking devices it that the devices involve [RF| cables that can produce [RF| heating in the patient [6} [7]].
Passive tracking requires manual slice plane adjustments, which can cause delays and compromise the clinical
workflow. Compared to active tracking, passive tracking devices are generally cheaper to produce and do not
need additional hardware or software (except for direct current passive tracking). These factors make passive
tracking devices more appealing and easier to implement in a clinical setting. Therefore, this study focuses
on passive tracking of a guidewire with embedded paramagnetic markers.

2.5 MRLine guidewire

Guidewires support precise navigation of catheters inside the vasculature. In[MRI} not all guidewires can be
safely used. For fluoroscopy purposes, guidewires often contain conductive materials or frequent presence
of ferromagnetic components to create contrast and visualize the guidewires. However, these conductive
materials and ferromagnetic components can induce[RFtheating and are therefore in most cases not compatible
for[MRI|[[18]. For this study, an[MRI compatible guidewire (MRLine, EPflex, Dettingen an der Erms, Germany)
is used [|19], see ﬁgure This guidewire has embedded paramagnetic markers, which induce characteristic
susceptibility artifacts suitable for passive tracking.

Composite

MRI marker

Hydrophilic polymer tip

High strength fibre

(a) The MRLine guidewire from [|19]] (b) Appearance on

Figure 2.1: A schematic visualization of the MRLine guidewire (left) and the marker appearance on[bSSFP
images (right).

2.6 Marker detection

The passive markers of the guidewire result in susceptibility artifacts, presented as regions of signal loss as
visualized in The markers must be accurately detected for performing interventional guidance proce-
dures in the suite. Various detection approaches are explored, ranging from manual identification to
more advanced techniques.
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2.6.1 Manual

The conventional approach for passive marker detection is done by manual identification of the markers by an
operator, which involves visual inspection of scanned images over time. While this approach is effective,
it does have several limitations. The main limitation of this approach, is that this method is time consuming
and therefore not suitable for real-time interventional applications. Furthermore, since the guidewire and
its markers may move out of the scanned plane, it is difficult to determine their new position, which further
complicates the tracking process. More efficient and accurate detection methods must be developed to improve
the feasibility of for endovascular interventions.

2.6.2 White marker

As the susceptibility artifacts are regions of signal loss, simple thresholding techniques fail to provide accurate
marker detection. A new method, potentially suitable for thresholding techniques, is white marker tracking.
White marker tracking applies an [MRI| sequence which will give the susceptibility artifacts a positive contrast
to its background. This is based on introducing additional gradients that dephase the background signal, while
the signal surrounding the dipole susceptibility artifact is (partially) conserved [20, 21]]. The white marker
phenomenon is shown in figure An advantage of this white marker phenomenon is that it increases the
contrast and size of the marker signal [21[]. However, this method does require specialized sequences which

do not produce an anatomical image for navigation.

Figure 2.2: The white marker effect of the susceptibility artifact from [[20]

2.6.3 Deep learning

An innovative approach that is able to maintain the anatomical image is for navigation is utilizing
lintelligence (AD}based methods like deep learning. Deep learning is an emerging technology for processing
large amounts of data for medical applications, such as image classification, segmentation, reconstruction and
detection [[22, 23[]. These networks need to be trained with a lot of data, often combined with specific gen-
eralization and regularization techniques to enhance the performance and prevent overfitting of the network

[24]. In particular, |convolutional neural network (CNN)fs have proven to be successful for segmentation,
classification and detection tasks with a high accuracy on scans [|25, 26]], making s suitable for the
detection of susceptibility artifacts induced by the embedded markers of the guidewire.

A phantom study performed by Reinok et al. showed a successful for automated passive tracking of a
guidewire with embedded paramagnetic markers [8[]. A was trained to automatically detect the sus-
ceptibility artifacts induced by the markers. However, this network is solely trained to detect markers whose
coronal cross sections are perfectly aligned on the scan slice. This thesis aims to extent this approach and in-
clude markers with different orientations and positions, as such variations can provide essential input for slice
realignment procedures. This would not only increase the robustness of the model and its detection accuracy,
but would allow extracting additional information to facilitate automated passive tracking.



3 | Research Approach

For the development of an enhanced and automated guidewire tracking system for[[MR]] a structured research
project has been conducted. The main research question that this thesis will cover is:

"How can an [(MRI}guidance system be established to automatically track and navigate guidewires
with embedded paramagnetic markers through a three-dimensional geometry with a high temporal
resolution?’

This research question will be approached through three core objectives.

3.1 Research objectives

The ultimate goal is to provide an guidewire tracking system that could be incorporated into clinical
workflows. This thesis will focus on some key aspects that are crucial before implementing such a tracking
system. Three core objectives form a general guideline and follow the order in which they will be executed.
Each objective addresses a specific technical challenge and represents a different stage of this thesis. Together,
they form the proposed solution for an automatic 3D tracking system for [MR}guided interventions, see figure

B.1
1. Develop a passive marker simulation accurately representing any orientation and position.

2. Develop an automated marker detection software tool with the ability to detect arbitrarily oriented and

positioned passive markers.

3. Develop a slice repositioning algorithm for 3D automated passive marker tracking during guidewire move-

ment.

3.1.1 Passive marker simulation

The initial phase of this thesis will focus on developing a passive marker simulation capable of accurately
representing any orientation and position. Building on the work of Reinok et al. [|8]], this simulation will
become an extension of its existing framework, enhancing its adaptability and precision. The optimized passive
marker simulation will serve as input for the subsequent phase of this thesis.

3.1.2 Automated marker detection

The second phase of this thesis will involve the development of an [Altbased procedure that is able to au-
tomatically detect the passive markers of the guidewire. Due to inherent movements of the guidewire and
slice angulation during guided procedures, the model must be robust to variations in marker appearance.
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To achieve such a procedure, §CNN| will be trained with the extended passive marker simulation from the
previous phase, to recognize these different appearances of the markers.

For training, a dataset must be build that represents different appearances of markers in a relevant environ-
ment. An endovascular phantom of an[AAA|will be used as a relevant environment. An efficient approach is
chosen where passive marker simulations are artificially integrated into a training dataset, instead of captur-
ing a significant amount of data of the markers. A previous study by Reinok et al. has already shown
the potential of this concept [|8]. The output of the trained network will be used as input variables for an
automated slice repositioning algorithm that will be developed in the last phase of this thesis.

3.1.3 Automated slice repositioning

Once the marker detection model can detect passive markers while having different orientations and positions,
this objective will focus on developing an automated slice repositioning algorithm. This algorithm must be
able to follow markers across multiple slices and automatically shift position and/or orientation of the
imaging plane.

The algorithm will be tested and evaluated on experimental data with simulated marker movements. A
simulation is build for systematic evaluation of the automated tracking algorithm and it enables easy testing
different settings. It is important that the guidewire can be dynamically tracked within the phantom and that
the computational time needed for the automated slice repositioning algorithm does not limit the temporal
resolution of the (MR system. During testing, the algorithm will be further optimized and refined to enhance
the performance of guidewire tracking through a 3D geometry.

Passive Marker Automated Marker Automated Slice
Simulation Detection Repositioning

Generate synthetic Train a convolutional Reposition scanned

MR-data with neural network for slice automatically
passive markers at automated 2D for 3D marker
various orientation marker detection. tracking.

\ and positions. / \ / \ /

Figure 3.1: A graphic of the proposed solution to establish an iMRI system for automatic 3D tracking of
guidewires with embedded passive markers.



4 | Passive Marker Simulation

This chapter describes the principle and the effect of susceptibility artifacts induced by passive markers on
[MR] images. It will also outline the method that is developed to simulate these artifacts and validate the
simulations with experimental [MR]data. All[MR]data was acquired on a 1.5T [MRI|system (MAGNETOM Aera,
Siemens Healthineers, Erlangen, Germany) and the MRLine guidewire and a phantom of an [AAA] were used
for the experiments, shown in figure |4.1

Figure 4.1: The (a) 1.5T MRI system and (b) abdominal aortic aneurysm phantom.

4.1 Susceptibility artifacts

Magnetic susceptibility (y) is an intrinsic material characteristic quantifying a material’s response to an applied
magnetic field 28]]. A localized magnetic susceptibility can disperse the main field (=diamagnetic) or
concentrate the main field (=(super)para- or ferromagnetic), inducing local inhomogeneities in the static
magnetic field By. These local inhomogeneities lead to localized image artifacts, with different sequences
showing different sensitivities.

The guidewire that is used in this thesis uses passive susceptibility markers to enable visualization of the
guidewire on an[MRI|image. As the guidewire contains embedded paramagnetic markers, the markers cause
a 3D local field distortion with a defined symmetric shape which is shown in figure[4.2] As the inhomogeneity
extends beyond the guidewire itself, and distorts the magnetic field in the surrounding lumen, the guidewire
will be recognizable on an image.
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4.2 Simulation of susceptibility artifacts

As the markers cause a 3D local field distortion with a defined shape, it was attempted to simulate its shape in
Python. With this simulation synthetic data was generated to train[CNNJs, to reduce the reliance on scanning
multiple patients and accelerate the development of the automated 3D tracking algorithm. It is important
that the simulation is representative of different marker orientations and positions within slices to enhance
the robustness of the [CNNJs.
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Figure 4.2: Visualization of the magnetic field distortion and susceptibility artifact. (a) A 2D visualization
of the magnetic field distortion, (b) a 3D visualization of the defined shape of the field distortion and (c) a
simulation of the resulting susceptibility artifact.

4.2.1 The effect on the local magnetic field

The passive markers of the guidewire are small paramagnetic rings creating field inhomogeneities as described
in section 4.1} The markers cause signal loss and the averaged voxel signal can be mathematically described
for gradient-echo sequences as a magnetic dipole with the following formula (4.1) [20]:

_ By-AyxV (x2+y?—22?)
4 (X2 + y2 +22)3

B, (4.1)

Here, B, is the static magnetic field aligned along the z-axis, Ay is the magnetic susceptibility difference
between the marker material and the surrounding tissue, V is the volume of the paramagnetic material, and
X, ¥, and g correspond to the spatial coordinates.

As the signal is integrated over the thickness of the slice (see equation 4.2), the artifact becomes visible in the
scan due to dephasing.

/2
S = J p(x,y,z)exp(—iyB, TE)dz (4.2)
—d/2

Where p(x, y,2) is the spin density in the x, y and z directions, d is the slice thickness in mm, y is the gyro-
magnetic ratio of the hydrogen nuclei in Hz/T and [TE|represents the echo time.

With the use of these equations, the artifact can be simulated and also recognized in a scan of the guidewire.
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4.2.2 Susceptibility artifact translation

During a catheter guidance procedure, the passive marker appearance will change over time due to translation
as a result of guidewire movement and slice repositioning. For example, when a marker moves out of the
scanned plane, the marker appearance changes, see figure[4.3| Eventually, the to be developed neural network
has to be able to detect passive markers regardless of its position within the scanned slice. Besides translation
of the marker, slice thickness also affects the appearance of the passive markers. Within this thesis all images
are made with a slice thickness set at 5 mm.

To simulate the effects of translation and slice thickness on the susceptibility artifacts, a code has been written
that selects simulation data based on a selected position and interval. Here, the position of the marker relative
to the center of the scanned slice is called the offset and the interval represents the slice thickness. For the
comparison between the simulated and scanned passive markers that will be made in section[4.3] three marker
offsets due to translation are selected. These offsets are called center, intermediate and adjacent. Since scans
will be made with a slice thickness of 5 mm within this thesis, an interval of 5 mm has been selected to
maintain consistency with the scanning resolution. The simulation data inside the yellow regions representing
the scanned slice from figure [4.3] will be integrated according to equation 4.2.
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Figure 4.3: A visualization of different susceptibility artifact appearances as a result of translation.

4.2.3 Slice rotation

To maximally exploit the degrees of freedom in [MRI| to image under any plane, it would be beneficial to
account for slice angulation in the modeling process. If the scanned slice has an angle with the z-axis, marker
appearance changes due to rotation. An example of the rotation effect is visualized in figure [4.4] Detection
strategies will also need to be able to detect the susceptibility artifacts regardless of angulation of the imaging
plane. Therefore, the model has been extended to include effects of slice angulation on the marker appearance.

The implementation is based on Rodrigues’ rotation formula, which is an algorithm that performs 3D rotation
of a volumetric dataset around a specified axes [[29]]. Note that the code rotates the off-resonance data around
its center rather than rotating the image plane, which is consistent with the sampling grid of the rotated
image. This approach simplifies the code while preserving the intended effect of rotation on the passive
marker appearances. A visualization of this approach is shown for two angles 30° and 90° in figure
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Figure 4.4: A visualization of different susceptibility artifact appearances as a result of slice rotation.
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Figure 4.5: The rotation strategy used for the susceptibility artifact simulation where the entire simulation
volume rotates (right images per angle) compared to slice rotation (left images per angle).

Given a specified axis of rotation a = [a,,a,,a,] and a rotation angle 0, the rotation matrix rots;(mat) is
constructed as follows. First, the skew-symmetric cross-product matrix W is defined as:

With the use of this matrix, Rodrigues’ rotation matrix is written as:
R=I+Wsin(0) +W?(1—cos(0))
Where 1 is the 3 x 3 identity matrix.

This rotation matrix is applied to the off-resonance data after shifting the coordinate system to the center of
the volume to ensure that the volumetric data rotates around its center. The RegularGridInterpolator function
from the SciPy package is then used to interpolate the rotated data points onto the original coordinate grid.

4.2.4 Experiment

Susceptibility artifacts with different slice offsets, a fixed slice thickness of 5 mm, a high resolution of 0.5x0.5
mm and various rotations of 0°, 30°, 60° and 90° are simulated and compared to susceptibility artifacts scanned
with a spoiled or [bSSFP| sequence. The respective scan parameters were: for the spoiled sequence,

11
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TR = 9.6/5.0 ms, FA = 10°, [field of view (FOV)| = 384 %384 mm, voxel size = 0.75x0.75 mm, slice
thickness = 5 mm,; for the [pbSSFP|sequence, [TR|fTE|= 4/2 ms, FA = 50°, GRAPPA = 2, = 256%256 mm,
voxel size = 0.75x0.75 mm, slice thickness = 5 mm, TA = 400 ms.

4.3 Results
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Figure 4.6: The simulated susceptibility artifacts caused by paramagnetic markers of the centered, intermedi-
ate and adjacent slice positions under the angles (from left to right): 0°, 30°, 60° and 90°.

The results of the simulated marker appearance for all angles and slice positions are visualized in figure 4.6
The marker appearances of real images with a high resolution are shown in figures and Since
IbSSFP|will be used for the rest of this research, a low resolution (1.6x1.6 mm) comparison between simulated

artifacts and [bSSFP|scanned artifacts are shown in figures and

The comparison between the simulated susceptibility artifacts and the susceptibility artifacts acquired with
and spoiled sequences demonstrated a strong agreement in artifact appearance. The simulated
artifacts accurately reflect the general shape, size and intensities for different angles and slice position of the
scanned images from both sequences. Despite some minor variations in intensity, particularly in adjacent
slices, the overall shape of the susceptibility artifacts was found to be similar between the high- and
low-resolution simulated artifacts and the scanned artifacts.

A variation in the intensity of the artifact was observed when comparing artifacts from adjacent slices of the
bSSFP|images. The cause of this intensity variation remains unclear, but it is suggested that additional factors,
such as sequence-dependent signal variations that are not included in the simulation, may influence the artifact

appearance on [bSSFP|scanned images.

Furthermore, it was observed that the size of the susceptibility artifacts appeared larger on the images scanned
with [bSSFP| compared to the images scanned with spoiled see figure The difference in size was
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Figure 4.7: The susceptibility artifacts caused by paramagnetic markers scanned with GRE with a high reso-
lution (0.5x0.5mm) of the centered, intermediate and adjacent slice positions under the angles (from left to
right): 0°, 30°, 60° and 90°.
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Figure 4.8: The susceptibility artifacts caused by paramagnetic markers scanned with bSSFP with a high
resolution (0.5x0.5mm) of the centered, intermediate and adjacent slice positions under the angles (from left
to right): 0°, 30°, 60° and 90°.
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Figure 4.9: The simulated susceptibility artifacts caused by paramagnetic markers with a low resolution of the
centered, intermediate and adjacent slice positions under the angles (from left to right): 0°, 30°, 60° and 90°.
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Figure 4.10: The susceptibility artifacts caused by paramagnetic markers scanned with bSSFP with a low
resolution (1.6x1.6mm) of the centered, intermediate and adjacent slice positions under the angles (from left
to right): 0°, 30°, 60° and 90°.

14



UNIVERSITY OF TWENTE. Chapter 4: Passive Marker Simulation

solved by increasing a scale factor for the dipole strength to obtain the correct marker appearance for both
sequences.

O

(a) (b) spoiled

Figure 4.11: A comparison between the lengths of the bSSFP and spoiled scanned susceptibility artifacts.

During scanning of markers with a high resolution sequence, B, shimming was found to have a great
influence on the shape of the passive marker artifacts. Shimming is commonly applied to reduce banding
artifacts caused by field inhomogeneities. It was seen that without shimming, banding artifacts were present
around the markers changing the appearance of the artifacts. A visualization of the banding artifacts caused
by markers is given in figure Therefore, shimming is applied when scanning with

Shimmed Default Shimmed Default

t+ 8 2

(a) 0°, center slice (b) 30°, intermediate slice

Figure 4.12: A comparison between the bSSFP scanned susceptibility artifacts with and without shimming
applied. The first image shows the scan with shimming, the second without shimming and the third is an
overlay to highlight the differences.

4.4 Conclusion

The results demonstrate that the simulations of the artifacts match the appearances of scanned artifacts in
both and |bSSFP| sequences. It therefore confirms the validity of the marker simulation, which will be
further used for this thesis.
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5| Automated Marker Detection

To be able to automatically follow and guide a guidewire during an endovascular procedure, the passive
markers of the guidewire must be accurately detected and located, regardless the orientation and position of
the markers and the scanned slice. The detection step will be performed by using deep learning, as [CNN[s
have proven to be successful for classification and detection tasks with a high accuracy [[25} [26]], as discussed
in section This makes [CNN[s suitable for the detection of susceptibility artifacts induced by embedded
passive markers of a guidewire.

This chapter explores the detection performance of two[CNN]s: the nnUNet of F. Isensee et al. and a customized
using a heatmap approach [30]]. First, an overview of the dataset preparation process is given. Then, a
description is given of the models and its evaluation metrics after which a comparison is made between the
detection performance of both networks. Finally, the added value of training a network with and without
different marker appearances is also evaluated at the end of this chapter.

5.1 Synthetic dataset procedure

A large labeled dataset for training purposes was synthetically generated using Python. Simulated marker
models were superimposed to experimental data acquired of the phantom without a guidewire present,
at random positions within the phantom and covering a wide range of geometric parameters such as slice
offset and orientation. The pipeline of this procedure is visualized with a flowchart in figure

The training data consists of 384[MR}slices with a resolution of 160x 160 pixels, containing 12 variations of the
passive marker appearance as described in chapter[4 Both networks are trained with the same training data
with corresponding labels. Here, the nnUNet utilizes a segmentation mask as a label and the the custom [CNN]|
utilizes a heatmap which involves a 3D Gaussian distribution originating a the center of the passive marker. A
visualization of corresponding labels for a superimposed [MR}slice is given in figure

Diverse training data is needed for training a robust as it will improve model generalization [|24]]. By
including variations in the passive marker appearance, marker size, amount of markers per image, random
placement of markers and diverse background images, the train dataset contains a wide range of possible
inputs. This is expected to improve the model’s performance when new data is used as an input.

5.2 Network architectures

5.2.1 nnUNet

The nnUNet architecture from E Isensee et al. is used for the detection of guidewire markers [30]]. The nnUNet
is known for its ability to segment structures within images, which can be extended to determine the position
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Figure 5.1: Detailed description of the methodology for generating a synthetic dataset for training purposes,
visualized using a flowchart

of such a segmented structure. This approach enables the detection of passive markers and contributes to the
goal of passive marker tracking.

First, the nnUNet determines a so called "data fingerprint" of the train dataset, containing hyper-parameters
like loss function, optimizer, architecture of the model, image resampling, image normalization etc. These
hyper-parameters are automatically specific and optimized per train dataset by the nnUNet. Then the network
follows a U-shaped convolutional architecture, and is suitable for 2D, 3D and 3DC datasets. For this thesis,
the 2D architecture is utilized. The models’ architecture contains 6 stages, uses Dice Loss as loss function
and LeakyReLu as activation function. Before training, the dataset is split into 5 folds to perform k-fold cross-
validation. Eventually, all folds are ensembled to form the final network. Predictions are based on taking the
argmax of the combined softmax probability maps from all 5 folds.
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i
(a) Synthetic image data with four (b) Corresponding segmentation la- (c) Corresponding heatmap label for
marker artifacts. bel for nnUNet custom heatmap

Figure 5.2: An example of the image pairs in the training dataset.

5.2.2 Heatmap detection

The custom made heatmap detection CNN is made to detect passive markers by highlighting their locations
on a heatmap. Unlike nnUNet, this model does not automatically optimize hyperparameters. However, it has
the potential to distinguish markers by varying the intensities of generated hotspots. Therefore, this model is
built to evaluate the capability of heatmap detection to detect and to differentiate markers that are present in
center slices from those in adjacent slices.

The heatmap detection network follows a 2D U-net made with the MONAI package in Python [31]]. The model
contains 5 stages, utilizes ReLu as loss function and MSE Loss as loss function. 5-fold cross-validation was
also performed.

5.3 Network comparison and evaluation

For the evaluation of the two networks, a test dataset was made. The test dataset contains 51 [MR}images
of the phantom with the marker-embedded guidewire inside, as the interested lies in the performance of the
networks on real experimental MRldata. The MR}images were obtained with the TRUFI sequence of Siemens,
which is a sequence that has a high temporal resolution and utilizes During scanning, the guidewire
was moved to different positions in the phantom and scan planes were manually adjusted to obtain different
[MR}images. At a rate of approximately 3 scans per second, 5 slices were imaged at a time. Each subset of
slices included an adjacent slice, an intermediate, the center slice, followed by the other intermediate and
adjacent slices. The set up on the[MRI}system is shown in figure After obtaining the data, MR}images that
included markers were manually selected resulting in a dataset of 51 [MR}images for testing the networks. A
comprehensive overview of the train, validation and test datasets is visualized in figure

Both networks were tested on the test dataset and their predictions were manually assessed. An example
of their predictions is given in figure The evaluation of the two networks revealed a strong difference
in their detection performance. The heatmap detection network performed poorly in detecting markers and
generated numerous false positives, making it an unreliable network for marker detection. In comparison, the
nnUNet outperformed the heatmap detection network, as it identified most markers correctly with fewer false
positives. Therefore, the nnUNet will be further used for this thesis.
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Figure 5.3: The experimental set-up for real-time scanning with TRUFI sequence for obtaining the test dataset
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Figure 5.4: A comprehensive overview of the train, validation and test dataset for the trained networks.

5.4 Influence of training data on performance

Section [4] already discussed the possibility of different marker appearances while imaging the guidewire. To
evaluate the influence of training the model with these different marker appearances, nnUNet was trained
with two different train datasets. One train dataset contains 384 superimposed [MR}slices with a resolution of
160x 160 pixels, containing the 12 variations of the passive marker appearance as described in chapter[4]and
the other train dataset contains 384 superimposed [MR}slices of the same resolution, but only with the marker
appearance at center position and a 0° angle. The nnUNet trained with different marker appearances is called
nnUNet1 and the network trained with one marker appearance is called nnUNet2.

5.4.1 Methodology

To assess the detection performance of both models, they were tested on the test dataset of 51 [MR}images
as described in section[5.3] After their predictions were generated, the result was manually assessed. This
was done by computing the F1 score and by computing the Dice score for all predictions. After individual
assessment, a comparison between both performances was made.
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(a) An original scan of three mark- (b) Corresponding prediction of the (c) Corresponding prediction of the
ers. nnUNet. heatmap network

Figure 5.5: An example of the image pairs in the training dataset.

F1 score

The F1 score is a metric for the accuracy of a model and is calculated by equation[5.1] [[32]]. The [true positives|
(TP)| [false positives (FP)| and [false negatives (FN)| see definitions in table where manually counted for
both the predictions of both networks.

2TP

l=—7——— (5.1
2TP+FP+FN

True positive | The marker was predicted by the [CNN|and present in the |MR}slice.
False positive | The marker was predicted by the |[CNN| but not present in the [MR}slice.
False negative | The marker was not predicted by the |CNNL but present in the [MR}slice.

Table 5.1: The definitions of assessment criteria

Dice score

The Dice-score is a metric for the similarity between the ground truth mask and the prediction mask made by
a network [33]]. To compute the Dice score, all original slices were manually labeled using Python. An
example of an annotated ground truth label is shown in figure Then, the predictions and ground truth
labels were compared according equation [5.2]

_ 2|AnB|
Al + |B|

(5.2)

Here, D is the Dice score, A is the area of the ground truth label and B is the area of the prediction.

5.4.2 Results

F1 score

The amount of the manually counted [TP[s, [FP]s and [FN[s for the models nnUNet1 and nnUNet2 are shown in
table The results indicate that nnUNet1 performed better at detecting the markers than nnUNet2, as it
detected the most [TP]s and the highest F1 score. The detected [FNJs primarly occured when markers had an
offset or when markers were close near a boarder of the phantom vessel. The detected [FP]s were low for both
models, with nnUNet1 detecting 11 [FP]s and nnUNet2 8.
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(a) An original scan with four markers. (b) The corresponding annotated ground truth.

Figure 5.6: An example of an annotated ground truth label.

nnUNetl nnUNet2

TP 182 152

FP 11 8

FN 22 52
Flscore |  0.92 0.84

Table 5.2: The F1 score results for nnUNet1 and nnUNet2.

Dice score

The Dice scores were automatically calculated for all 51 [MR}slices using Python. The mean and median Dice
scores for both models are presented in table The results show that nnUNet1 achieved a higher mean
and median Dice score compared to nnUNet2. This therefore indicates that nnUNet1 is better at predicting
accurate segmentions of the markers.

| nnUNetl nnUNet2

Mean Dice score 0.76 0.70
Median Dice score 0.77 0.72

Table 5.3: The mean and median of the calculated Dice scores for nnUNet1 and nnUNet2.

5.4.3 Conclusion

From both the F1 scores and the Dice scores, it can be concluded that training nnUNet with different marker
orientations improves the real-life detection performance of the model as both metrics are higher for nnUNet1
than nnUNet2. In figure[5.7] an example is shown where nnUNet1 can detect a marker that has an offsett and
nnUNet2 can not.

21



UNIVERSITY OF TWENTE. Chapter 5: Automated Marker Detection

(a) An original scan of three mark- (b) Corresponding prediction of (c) Corresponding prediction of
ers. nnUNet1. nnUNet2.

Figure 5.7: The predictions of nnUNet1 and nnUNet2 for an experimentalimage, where nnUNet1 is capable
of detecting markers with an offset and nnUNet2 is not.
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Solely using the predictions of the nnUNet for automated marker tracking could be done by scanning the
entire 3D environment and analyze each slice. However, the acquisition time for the entire 3D environment
does not meet the conditions for real-time scanning with Therefore, a solution must be developed to
track the passive markers with the condition of scanning the least amount of slices at a time to maximize
the temporal resolution. The inherent risk of scanning fewer slices is that the markers could move out of the
scanned slice(s) and are not detectable on the slice(s). All these aspects must be taken into consideration to
develop an algorithm suited for clinical implementation.

In the current clinical workflow, marker tracking has to be done manually, which is time consuming and un-
intuitive. This chapter offers a promising solution for an intuitive and automated marker tracking algorithm
while only scanning three slices at a time with a high temporal resolution of 1 second. First, the slice reposi-
tioning part is explained, after which a detailed description is given of the entire marker tracking algorithm.
Subsequently, the intuitive visualization interface is shown and the algorithm is validated.

6.1 Slice repositioning

To track the passive markers in a direction perpendicular to the slice orientation, a slice repositioning algorithm
is developed. The slice repositioning algorithm is based on a three-slice iteration. The algorithm processes
three slices at a time to determine the x,y,z-position of the centroids of the markers and updates the slice
index (= XX) for the new central slice position of the three slices. The three slices are obtained within one
second (~ 0.8 sec) and are referenced as XX, XX-1 and XX+1. These slices will be analyzed using the nnUNet
model, which predicts the location of passive markers. From the predictions, the centroids of the markers are
calculated and the weighted average of their z-positions determines the next target slice index for the central
slice position. This process of updating the center slice position is integrated within a developed automated
marker tracking algorithm and visualized in figure 6.1

6.2 Marker tracking algorithm

The final marker tracking algorithm iterates the repositioning processing steps over time for each subset of
three slices and ensures automated marker tracking for marker movement in all directions. The marker track-
ing algorithm is executed and tested in a closed-loop simulation programmed in Python. The simulation allows
for testing different conditions in a controlled setting, minimizing experimental scan time and validating the
algorithm before implementing the algorithm with Before starting the tracking process, the algorithm
requires the initial center slice position of a marker. In reality, this step can be achieved during a ’calibration’
phase of the guidance procedure; i.e. identifying the marker within the full 3D geometry. The dataset used for

23



UNIVERSITY OF TWENTE. Chapter 6: Automated Marker Tracking

n

Ul | g ||| || V

BIH2Z #3 Z HH#2#3 rd HIHZH#3 Z
Time

Figure 6.1: A schematic visualization of the slice repositioning algorithm updating the slice index due to
marker movement.

the simulation contains time steps of 3D experimental data, saved in separate time folders. Over time,
marker movement is synthetically simulated in all 3D data.

As the nnUNet is trained on grayscale (L-mode) png images with a resolution of 160x160 pixels and file-
name susceptibility-generated 0XX 0000.png, the three selected slices XX-1, XX and XX+1 need to meet these
requirements for its compatibility. Therefore, a pre-processing module is written that processes the three se-
lected slices. If the image resolution differs from 160x160 pixels, the images are either cropped around the
center, or zero-padded to 160x 160 pixels. Once processed, the slices are analyzed by the nnUNet.

The predictions of the nnUNet are analyzed by the slice repositioning module. The individual predictions per
slice are combined to 3D elements, where the algorithm distinguishes separate elements. Per detected element,
the coordinates of the centroids are determined. For analyzing purposes, the centroids are determined and
saved per timestep. The new center slice position XX is determined based on the weighted average of the
z-position of all detected centroids. To minimize the effect of false positives given by the nnUNet, a threshold
can be chosen to filter elements out that have an insufficient number of pixels. For this thesis, a threshold was
set at 20 pixels, so detected elements with less than 20 pixels are neglected in this calculation. This decision
making process, is visualized with an example of three subsequent iterations in Appendix[A] This entire process
is repeated through the sequence of time steps until the final time step is reached. A schematic presentation
of the automated marker tracking algorithm in the closed-loop simulation is presented in figure |6.2)

6.3 Clinical implementation

An important aspect of the tracking algorithm is that it has to be compatible with the functionality of and
intuitive for clinical implementation. As the TRUFI sequence of Siemens scans three parallel slices at a time per
second, its interface shows the scanned slices and updates these once per second. With the implementation of
the tracking algorithm, these slices are automatically processed after each acquisition in order to determine
the marker positions.

For usability purposes of the automated tracking algorithm, an interface is designed that combines the visual-
ization of the three scanned slices with the predictions of the nnUNet, supplemented with a 3D visualization of
the marker and scanned slice positions within the scanned volume. This 3D visualization provides a broader
perspective of the marker position in reference to the scanned volume and enables efficient monitoring of the
tracking process. An example of the interface is given in figure 6.3
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Figure 6.2: A detailed description of the methodology behind the developed automated marker tracking al-
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Figure 6.3: The interface of the tracking simulation demonstrating the automated marker tracking procedure.
Above, the three scanned slices are visualized with the nnUNet assessment in red. Below, a 3D visualization
is shown of the 3D space, where the blue dot represents the true marker location of its center and the red dot
represents the predicted center of the marker. The position of center slice is also visualized as a reference to
ensure spatial awareness.

6.4 Validation

The automated tracking algorithm is validated with dynamic experiments in the closed-loop simulation pro-
grammed in Python. A quantitative analysis is conducted for different motion patterns and for different marker
velocities in the perpendicular direction of the slice orientation to analyze the performance of the automated
tracking algorithm.

6.4.1 Methodology

To evaluate the ability of the automated marker tracking algorithm to track markers with different trajectories,
four 3D synthetic datasets are constructed with a single marker moving along different trajectories. First, the
tracking algorithm is tested on a marker moving in a straight path perpendicular to the slice orientation.
Second, a marker moving along a diagonal path across the 3D geometry. Third, a marker making a back-and-
forth movement and finally, a marker following a realistic trajectory through the [AAA| phantom, see figure

6.4

In addition to testing different trajectories, the tracking performance is also evaluated at different marker
velocities. The marker velocities are systematically increased with 0.5 mm/s to assess the performance under
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Figure 6.4: A visualization of the four tested trajectories relative to the 3D geometry.

different velocities and determine the speed limit of the moving marker. As marker movement in the direction
perpendicular to the slice orientation is a critical bottleneck for tracking the marker, the markers follow a
straight path along this direction.

To quantify the performance of the automated tracking algorithm, the [root-mean-square error (RMSE)| be-

tween the true and tracked marker positions is computed for each trajectory and velocity combination, see
equation 6.1. In addition, the deviations per spatial dimension (%, y, and z) are assessed separately and the
maximal euclidean distance is determined, providing a more detailed assessment of the accuracy.

RMSE = (6.1

Where n is the amount of coordinates, p; the true center coordinates of the marker position and p; the deter-
mined center coordinates of the marker position by the tracking algorithm.

6.4.2 Results

The evaluation of the four different marker trajectories showed that the automated marker algorithm is capable
of tracking all tested marker movements. For comparison, a fixed velocity of 4.0 mm/s was chosen. The results
for each trajectory type are summarized in table and the tracked marker routes compared to the original
routes are plotted in Appendix [Bl Notably, the mean deviations in all directions and the maximal euclidean
distance remain within one voxel size (1.6x1.6x5.0 mm), indicating a high tracking accuracy.

Trajectory RMSE Mean deviation in Mean deviation in Mean deviation in Maximal Euclidean
(mm) x-direction (mm) y-direction (mm) z-direction (mm) distance (mm)
Straight 3.5 0.0 0.5 3.2 5.4
Diagonal 2.3 0.6 0.7 1.6 4.2
Back-and-Forth 3.4 0.0 0.2 3.2 5.2
Through phantom 2.9 1.0 0.7 2.1 4.8

Table 6.1: Tracking performance results for different marker trajectories.

Table shows the results for the five different velocities, ranging from 3.0 mm/s to 5.0 mm/s. The results
indicate a trend where the accuracy decreases with higher velocities, see figure The limit of the marker
velocity was found to be 5.0 mm/s in the perpendicular direction of the slice orientation. No limit was found in
the other two directions, as these are in plane movements and detected by the nnUNet. The mean deviation in
the x-direction remains close to zero across all velocities, while the mean deviations in the y- and z-directions
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fluctuate slightly. Here, it can also be observed that the mean deviations in each dimension remain within the
corresponding size of one voxel, indicating a high tracking accuracy. A more detailed overview of the [RMSE|
distribution and the deviation per dimension for all trajectories and velocities can be found in Appendix|C|and

Velocity | RMSE Mean deviation in Mean deviation in Mean deviation in Maximal euclidian
(mm/s) [ (mm) x-direction (mm) y-direction (mm) x-direction (mm) distance (mm)
3.0 3.0 0.0 0.5 2.7 2.7
3.5 3.2 0.0 0.6 2.9 4.9
4.0 3.5 0.0 0.5 3.2 5.4
4.5 3.8 0.0 0.6 3.4 5.8
5.0 5.0 0.0 0.6 4.8 5.2

Table 6.2: Tracking performance results for different marker velocities.
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Figure 6.5: Tracking performance results at different marker velocities.

A remarkable observation in the validation of the tracking algorithm is that the nnUNet detects more pixels
for slices adjacent to the marker, compared to the central slice. Specifically, the network consistently identifies
2 to 4 more pixels in the adjacent slices. This imbalance influences the selection of the slice index for the next
iteration, as the calculation of the weighted average of centroid coordinates is biased toward the adjacent slice
rather than the centered slice. As a result, the final marker tracking process could show a slight offset.

Overall, the automated marker tracking algorithm demonstrates robust performance across various marker
movements and for different marker velocities, with a gradual decline in accuracy as the velocity increases.

6.5 Conclusion

By integrating nnUNet assessment and iterative slice repositioning, the marker tracking algorithm is able to
extract the 3D position of markers and follow them as they move. The interface also provides an intuitive
visualization of the 3D marker position in reference to patient-specific anatomy, making it a promising tool for
comprehensive catheter guidance with MR}
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In this chapter, the findings of this thesis are discussed in relation to the performance of the detection network
and the slice repositioning approach. Additionally, prospects for future research and potential improvements
are presented to refine and expand upon the current work.

7.1 Detection network

Accurate marker detection is essential for effective tracking in interventional procedures. The nnUNet has
proven to be successful for marker detection, demonstrating reliable performance across arbitrary marker
orientations and positions. Training a network with a full range of slice orientations and off center positions
improved the detection performance.

7.1.1 Detection performance nnUNet

It was observed that both nnUNet1 and nnUNet2 sometimes missed a marker or detected some false positives.
All deviations were manually evaluated and clear causes were found. All false negatives can be attributed
to the marker being not detected because its center was located in an adjacent slice or to the marker being
positioned very close to the silicone border of the phantom. This silicone border of the phantom has a low
intensity, just like the marker appearance, on images and small air bubbles can be present on the wall of
the border. These bubbles create additional low-intensity regions, making it hard for the [CNN]s to distinguish
actual markers from the background. Considering the false negatives due to the adjacent marker position, the
slice repositioning algorithm scans three slices at a time. This multi-slice scanning reduces the reliance on a
single off-center marker, making the detection process more robust in reality. The false positives can also all
be attributed to the silicone border of the phantom as it was sometimes mistaken as a marker. However, these
issues are unlikely to occur when scanning in vivo in a clinical setting instead of the phantom with a silicone
border. A phantom without silicone or with a thinner wall would also reduce the presence of false positives.
Furthermore, the presence of air bubbles, which contributed to false positives in the phantom, is not a concern
in biological tissue. Therefore, it is expected that the[CNNJs will not make these errors when scanning markers
in a clinical setting.

7.1.2 Limitations of the dice score

The Dice similarity coefficient was determined as a metric to evaluate the detection performance of both
[CNNJs. Since both networks were assessed with the same annotated ground truth labels, a reliable and direct
comparison could be made. However, the annotated labels were manually labeled in experimental data by
a single individual. This introduces a potential bias, as variations in interpretation can affect the ground
truth segmentation. Ideally, multiple annotators should be involved in the labeling process to reduce bias and
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improve the reliability of the results. Despite this limitation, the results do provide a meaningful performance
comparison of the s. The F1-score complements this statement.

7.2 Automated marker tracking

The performance analysis of the automated marker tracking algorithm demonstrated promising results and
can track a marker up to a speed of 5 mm/s in the perpendicular direction of the scanned slice, with a fixed
slice thickness of 5 mm. The marker movement simulation gave valuable insights in the performance of the
automated marker tracking algorithm.

7.2.1 Tracking delay

In the performance analysis of the slice repositioning algorithm, it was stated that the algorithm shows a
slight delay between the actual movement of the marker and its detected position. This delay occurs for two
main reasons. First, the algorithm processes the movement while the marker continues to move. Second,
the algorithm determines the center of detection based on the contours of the predictions of the which
can introduce further deviations. When a marker is detected in its adjacent slice, it is often detected with
2 to 4 more pixels than the center slice. This results in a small shift in the estimated center. As a result,
the tracking lags behind the true position of the marker, especially in cases where the marker rapidly moves
through different slices. Future improvements could focus on investigating the performance of the nnUNet
for adjacent and center slice positions to enhance the automated tracking performance, as the size of its
predictions are a cause of the slight delay.

7.2.2 Marker velocity

The automated marker tracking algorithm demonstrated the ability to follow markers with a velocity of 5
mm/s in the direction perpendicular to the slice orientation. This is expected, as the slice thickness equals 5
mm within the experiments, meaning the marker transitions between slices at a rate that aligns with the spatial
resolution of the scanned volume. In theory, higher velocities are detectable in this direction. An example is
shown in figure When the center of the marker in the first iteration would be present in slice #2, the
marker is detectable in the assessed slice subset of #3, #4 and #5. If the marker would move 15 mm to slice
#5 within the next iteration (=1 second), then the marker is still detectable in the second iteration of slice
subset #2, #3 and #4. This example demonstrates that the maximum detectable velocity of the marker is 15
mm/s. However, this velocity is too high for continuous marker tracking.

First iteration Second iteration

1 2 3 4 5 6 1 2 3 4 5 6

=15mm

Figure 7.1: Schematic example of the maximum detectable marker velocity over one iteration.
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Furthermore, when markers move within the plane of a slice, the can handle significantly higher ve-
locities. Since the nnUNet assesses the entire 2D area at once, the maximum velocity in these directions are
limited by the of the scanned image. For the experiments in this thesis, a maximum velocity would be
equal to 160 (=pixels) x x 1.6 mm. In practice, these findings suggest that marker movement perpendicular
to the slice orientation is limited by the slice thickness, while marker movement the slice is not. Therefore,
in-plane marker movement could be automatically tracked with higher velocities.

7.2.3 Simulation

The dynamic experiment in the marker movement simulation showed promising results in terms of the per-
formance of the automated marker tracking algorithm. The results indicate high accuracy, with deviations
remaining within one voxel size in most cases. To be specific, while the voxel diagonal is equal to 5.5 mm,
only the experiment where the marker moved a straight path at 4.5 mm/s resulted in a slightly higher devi-
ation of 5.8 mm. However, when integrating the automated marker tracking algorithm in an workflow
with real experimental MRldata, a greater deviation could be expected. This is likely due to the nnUNet per-
formance in detecting simulated and real markers. When training the nnUNet, its dice score is calculated
per fold based on a validation data that has simulated markers, just like the training data. Here, the nnUNet
reached a dice score of 0.99, see figure[7.2] Table[5.3|presents the dice score of the nnUNet tested on a dataset
with real scanned markers, which is 0.76. This difference may influence the performance of the algorithm’s
integration into the suite. Nevertheless, the performance analysis of the automated marker tracking
algorithm proves that the algorithm itself performs effectively.

— loss_tr pseudo dice
— loss_val pseudo dice (mov. avg.)

~
pseudo dice

0 10 20 30 40 50 60 70 80
epoch

Figure 7.2: The training progress of nnUNet tested on validation data with simulated markers.

7.3 Future outlook

Throughout this thesis, several insights have been gained regarding automated passive marker tracking for
This section discusses some potential developments for future research.

7.3.1 Access-I

As the automated tracking algorithm was shown to work effectively within the developed closed-loop simu-
lation with Python, the next step is to develop an experimental implementation within the suite. This
can be done by using the Access-I module of the Siemens [iMR]| system. The implementation will allow for
validating the automated tracking algorithm under realistic conditions. This can eventually establish
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as a new image guidance modality for endovascular interventions. The developed simulation approach can
continue to offer a convenient strategy for exploring new tracking options remotely.

7.3.2 Slice thickness

During scanning with the real-time TRUFI sequence, some challenges with respect to manually tracking the
guidewire were identified. This had to do with maintaining precise spatial awareness of plane orientation
within the 3D geometry. This unintuitive process highlighted the importance of this innovative automated
tracking algorithm. By experimenting with parameters and adjusting the scan planes, it was found that the
choice of slice thickness also impacts the ability to recognize the guidewire within the scans. Scanning
with thicker slices made the guidewire identification easier because the guidewire remains visible for a longer
period upon movement, reducing discontinuities in its appearance. This observation suggests that modifying
the slice thickness in real-time could serve as an additional strategy for improving guidewire tracking. Fur-
thermore, increasing the slice thickness would also enable the automated marker tracking algorithm to detect
markers with an increased velocity in the perpendicular direction of the slice orientation. However, increasing
the slice thickness reduces the spatial resolution in that direction, which may be a drawback when scanning
smaller structures such as arteries. Future research could explore the potential of adjusting the slice thickness
as an additional degree of freedom for automated tracking.

7.3.3 Asymmetric markers

The passive markers used in this thesis have a defined symmetric shape. While this simplifies the production of
the markers, it also limits the ability to detect the orientation of the markers. In future work, investigating the
use of asymmetric markers could provide additional information about the spatial orientation of the markers.
This could particularly be useful for clinical applications that require precise orientation of an endovascular
device. In these procedures, it can be beneficial to recognize the tip orientation of the guidewire for maneu-
vering the catheter. Implementing asymmetric markers could enhance the recognition of the tip orientation

and therefore potentially improve the accuracy and efficiency of the catheter guidance procedure.

7.3.4 Potential of slice angulation

As described in section is able to not only perform slice repositioning, but also slice angulation
relative to B,. As the appearances of the marker can already be simulated for any slice angle, the can
already detect these appearances. This capability presents new opportunities, as the slice can be freely oriented
to ensure full appearance of the guidewire on the imaged slice. Slice angulation could also enable a navigation
interface where clinicians could perform the procedure from a marker-centered perspective. Both possibilities
could help clinicians navigate within an artery with improved spatial awareness.

7.3.5 Potential of preoperative information

To further enhance the spatial awareness and workflow of catheter guidance procedure, preoperative infor-
mation from the patient could be integrated in the visualization software. The preoperative information could
also be used to improve the marker detection by directing the detection process to preferential regions of
interest. Another benefit from the preoperative information would be the ability for the clinicians to plan the
intervention and optimize the procedure. Future research could investigate methods for combining real-time
data with preoperative vascular models to enhance procedural planning and execution.
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This thesis successfully established automated passive marker tracking for guidance systems by the de-
velopment of a nnUNet-based marker detection network and a slice repositioning algorithm.

The trained nnUNet demonstrated a strong detection performance and proved the feasibility of using deep
learning for passive marker detection. Training the network with various marker orientations and positions
improved the robustness of the nnUNet. While minor detection errors were observed, these concerned situ-
ations where the marker was in the adjacent slice or low-intensity regions near the silicone phantom border.
These limitations are unlikely to affect clinical applications.

The slice repositioning algorithm is able to automatically update the slice position, following the marker
position with a slight delay. This delay stemmed from processing time and small deviations introduced by
the [CNN}s performance influencing the contour-based center detection. Improved estimation of the marker’s
center could enhance the tracking precision.

In addition, new opportunities are identified for the advancement of automated passive marker tracking with
The integration of the developed tracking algorithm into an[iMRI|system via the Access-I module would
allow real-world validation under clinical conditions. Furthermore, exploring asymmetric markers could en-
able orientation detection of the guidewire tip, enhancing the guidance accuracy. Slice angulation techniques
and the incorporation of preoperative imaging data could also further improve guidewire navigation and spa-

tial awareness.

In conclusion, this thesis successfully demonstrated advancements for automated passive marker tracking for
iMRI}guidance systems by combining a deep learning-based detection approach with automated slice repo-
sitioning techniques. This work represents an important step toward the adoption of as a guidance
system for endovascular procedures, as the developed tracking algorithm improves the clinical workflow for
IMR}guided procedures. Further research should focus on refining the precision and robustness of automated
marker tracking solution and integrating the solution into [MRI|suite to improve the performance of endovas-
cular procedures.
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Appendix A: Slice repositioning

Slice: 02

Iteration #1: Detected: 1element
Center position: (96, 110, 3.44)
Next slice index: 3 «d

Slice: 02

Iteration #2: Detected: 1element
Center position: (96, 109, 4)
Next slice index: 4 |

Iteration #3: Detected: 1element
Center position: (96, 109, 4.45) s |
Next slice index: 4 -l

Figure A.1: An example of setting the new center slice index by the automated passive marker tracking algo-
rithm.
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Appendix B: Tracked paths for trajectories
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Figure B.1: Plots of the tracked routes of the passive marker by the automated 3D tracking algorithm compared
to the original routes of the passive marker for all four trajectories.
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Appendix C: RMSE distribution

C.1 Trajectories:
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Figure C.1: A visualization of the distribution of the RMS errors of the predicted and true center coordinates
of the dynamic simulation for the different trajectories.
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C.2 Velocities:

Distribution of RMSE
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Figure C.2: A visualization of the distribution of the RMS errors of the predicted and true center coordinates
of the dynamic simulation for the different velocities.
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Appendix D: Deviation per dimension

D.1 Trajectories:

Deviation in X Direction Deviation in X Direction
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Figure D.1: A visualization of the deviation between the predicted and true center coordinates per direction
of the dynamic simulation for the different trajectories.
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D.2 Velocities:

Deviation in X Direction
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Figure D.2: A visualization of the deviation between the predicted and true center coordinates per direction
of the dynamic simulation for the different velocities.
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