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Abstract

Characterizing soft tissue properties is crucial for diagnosing and treating diseases with high
morbidity and mortality, such as cancer and atherosclerosis. Changes in tissue morphol-
ogy, structure, or elasticity can serve as important indicators of pathological conditions.
Traditionally, physicians relied on manual observations, such as palpation, to assess tissue
properties. But these methods are of a qualitative fashion and limited when investigating
deep tissue structures or during minimally invasive interventions. In these scenarios, the
physician must receive feedback on the haptic and visual impressions of the tissue, as direct
viewing and palpation are no longer possible. Externally applied imaging modalities, such
as Magnetic Resonance Imaging or Computed Tomography, offer high spatial resolution and
functional capabilities that enhance disease detection and treatment planning. However,
their real-time application is often limited. Especially when navigating medical instruments
towards small tissue lesions, a local and real-time assessment of soft tissue properties and
interactions is crucial. Therefore, miniaturized imaging and sensing concepts are of interest
for assessing soft tissue properties in real-time and from within the body.

Optical coherence tomography (OCT) offers various advantages for this purpose. First, it
provides micrometer-scale resolution and high temporal sampling of one-dimensional depth
scans. Second, this modality facilitates the integration of compact, fiber-based imaging
optics into medical instruments. However, when applying miniaturized OCT probes in-
vivo, relative motion between the probe and tissue results in a varied spatial orientation
of the probe’s imaging coordinate systems. Reconstructing and interpreting image data
with unknown spatio-temporal sampling schemes poses a major challenge for this thesis.
Three miniaturized OCT probe designs and their corresponding image analysis methods are
studied. In particular, the influence of probe and tissue motion on the transformation of OCT
depth scan sequences into pseudo-spatial, two-dimensional, or three-dimensional images is
examined. Additionally, advanced image analysis methods are explored to derive information
on the tissue morphology, elastography, and instrument-tissue interactions from the complex
OCT data. The conducted experimental studies demonstrate the potential in assessing
cardiovascular morphology, characterizing sosft tissue elasticity, and aiding needle navigation
during epidural punctures. Highlighting the benefits of innovative miniaturized probe designs
and advanced imaging processing for real-time soft tissue analysis, while preserving visual

and tactile feedback during minimally invasive procedures.
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Chapter 1
Introduction

The human body consists of several soft tissue structures. Each type of tissue, e.g., organs,
muscles, fat tissue, or skin, has a different composition and structure of water, collagen, and
elastin, resulting in specific morphological and mechanical properties [1|. Determining the
morphological structure, e.g., shape, size, color, or mechanical features, is relevant for the
characterization of soft tissue |2]. In addition to localizing and distinguishing soft tissues and
their boundaries, it is crucial to identify changes in tissue features associated with diseases.
For example, soft tissue enlargements have been associated with fatty deposits [3|, calcifica-
tions, or lesions such as tumors or cysts. A change in tissue stiffness has been correlated to

tissue abnormalities for various diseases ranging from cancer to atherosclerosis [4].

Assessing these variations is crucial for early diagnosis and treatment. Thus, methods
for characterizing soft tissue have been iteratively developed. Initially, physicians relied
on their subjective impression, e.g., when palpating soft tissue structures or examining their
macroscopic morphology [5]. In subcutaneous tissue structures or open surgery, altered tissue
properties are usually directly visible |6, 7] or palpable. However, this manual palpation
or direct visual examination is no longer possible for deep tissue structures. Therefore,
various medical imaging modalities have been studied to assess variations inside the human
body. X-ray imaging and Computed Tomography (CT) scans are typically used to analyze
bone structures and surrounding tissues like cartilage, whereas Magnetic Particle Imaging
(MPI) and Ultrasound (US) imaging are generally employed to assess soft tissue structures.
The enhanced spatial resolution of recent imaging modalities, combined with functional
imaging techniques, allows for the early detection of small cancer lesions [8]. Improving the
assessment of the lesion’s size and position, and therefore allowing for an accurate diagnosis
and treatment plan. Additionally, imaging methods for interventional characterization of soft

tissue structures have been investigated in recent years. Interventional imaging is primarily



utilized to guide the navigation of instruments toward specific lesions. For example, in
Percutaneous Coronary Intervention (PCI), miniaturized devices must be carefully steered
toward the plaque lesion. Similarly, during a biopsy, precise needle placement relative to the
lesion is crucial for obtaining the correct sample. For all scenarios, the physician must receive
feedback on the haptic and visual impression of the tissue and the instrument’s motion,
while direct viewing and palpation are no longer possible. This is especially important when
navigating towards small tissue lesions that are prone to relative motion. Thus, imaging
modalities are required that enable the localization and characterization of soft tissue with

high spatial and temporal resolution.

Interventional imaging modalities that are applied from outside the human body include
X-ray imaging, Digital Subtraction Angiography (DSA) [9], CT [10], or Magnetic Resonance
Imaging (MRI) [11]. CT and MRI, for example, have been utilized during neurosurgery [12,
13] to assist instrument placement. However, the application of these modalities during
interventions is limited due to the long imaging period and susceptibility to relative tissue and
instrument motion [14]. Due to the patient’s breathing and pulsation, or when interacting
with medical instruments, the tissue is deformed and displaced, causing the lesion’s position
to change during interventions. Another limitation of interventional MRI or CT imaging is
the restricted exposure to ionizing radiation and energy. In contrast, US as a non-ionizing
imaging modality shows substantial benefits for application during interventions. Although
US has a smaller Field of View (FOV) and penetration depth (up to 10cm) compared to
CT or MRI, it provides real-time acquisition of two- or three-dimensional images with axial
resolution of up to 100 pm. Making it especially beneficial for needle or instrument navigation
tasks US, where the images are captured from subcutaneous tissue structures [15]. Optical
Coherence Tomography (OCT) is an additional imaging modality that has been studied for
enface tissue characterization, e.g., in ophthalmology [16], or neurosurgery [17]. Infrared light
is coupled through small optical fibers towards superficial tissue structures. The acquired
one-dimensional depth-resolved scans (A-scans) deliver speckle information also from a few
millimeters beyond the tissue surface and offer a high spatial resolution of up to 5pm in
air. Recent OCT system support A-scan rates of up to 6 MHz [18], enabling high spatial
and temporal imaging resolution. Combined with rapid scanning setups, these systems allow
high-speed acquisition of volumetric data. Local deviations in tissue structure can be resolved
in the signals and associated speckle patterns. However, due to light absorption within soft
tissue, the penetration depth of OCT is limited to a few millimeters [19]. Hence, OCT has
most frequently been applied for the analysis of ex-vivo tissue samples or superficial tissue

structures during open surgery.



To address the limitations of traditional externally or superficially applied imaging modal-
ities, recent developments have focused on miniaturized sensing and imaging probes, which
are additionally utilized from inside the human body to enhance navigation and tissue char-
acterization [20]. In particular, the integration of small sensors and imaging probes into
instrument tips, catheters, or needles has been investigated [21]. White light endoscopy is
well established for surgical navigation or intraluminal tissue analysis [22], e.g., during bron-
choscopy, gastroscopy, or laryngoscopy. The recorded images enable a macroscopic analysis
of the tissue, provided the line of sight is not obscured, e.g., by blood or fluids. A significant
disadvantage of these endoscopic probes is that they are limited to analyzing superficial tis-
sue structures. In contrast, miniaturized US imaging probes have been developed with the
potential to visualize subsurface tissue structures, e.g., for intraluminal imaging [23]. In addi-
tion, OCT imaging probes have been proposed for minimally invasive tissue characterization.
With its increased axial image resolution, OCT enables microscopic analysis of tissue mor-
phology and elasticity with an order of magnitude higher resolution compared to US probes.
As such, the application of OCT is promising for high-resolution intraoperative analysis of
tissue properties and is considered a vital precursor to histological examination [24].

However, applying miniaturized OCT imaging probes inside the human body poses rel-
evant challenges for localization, spatial sampling, and navigation, which are systematically
studied in this thesis. First, in contrast to externally applied imaging modalities, the position
of the imaging probe’s coordinate system is unknown. Therefore, methods to localize the
imaging probe using global position information, e.g., from externally applied US imaging,
need to be investigated. Second, respiration, pulsation, and contractions induce relative mo-
tion between probe and tissue, resulting in an unknown spatial sampling of the OCT data.
Therefore, methods to quantify these relative motion patterns are investigated to correctly
assign the OCT image data in 3D space. Third, OCT image data acquired during instrument
motion contain information on the tissue properties in a complex fashion that is not directly
interpretable. Thus, image processing methods are developed for systematically analyzing
tissue properties that can be converted into externally applied modalities. To address these
three challenges, this thesis develops various methods to facilitate the spatial organization,
sampling, and interpretation of OCT data, thereby optimizing navigation and precision in

minimally invasive procedures.



Figure 1.1 Overview of studied application scenarios for miniaturized imaging probes: An-
alyzing coronary disease by quantification of vascular morphology, analyzing cancer lesions
by quantification of elasticity, assistance for epidural punctures by quantification of soft
tissue interactions. The investigated miniaturized imaging probes are sketched with their
one-dimensional OCT imaging axes highlighted in dashed red.

1.1 Applications for Miniaturized Imaging Probes

In this work, miniaturized OCT imaging probes are investigated to assess tissue proper-
ties locally and in real-time, thereby optimizing modern minimally invasive interventions.
Three different application scenarios for improved soft tissue characterization are studied

and visualized in Figure 1.1.

Quantification of Soft Tissue Morphology

Our first application uses an Intravascular Optical Coherence Tomography (IVOCT) probe to
characterize vascular morphology. Coronary diseases lead to critical stenosis in the arteries,
which have different morphological and elastic properties. The number of people suffering
from coronary heart disease is rising in the aging society [25|. Therefore, early detection and
treatment of coronary diseases are crucial. Consequently, assessment of vascular tissue mor-
phology is getting more important to assist treatment planning, e.g., selection of stent type
and size [26-28|. Furthermore, accurate detection and characterization of plaque formations
are crucial for determining the stenosis dimension and associating the stage of atherosclero-
sis, ranging from lipid-rich to calcified plaque [29]. To prevent stenting and other invasive
interventions, atherosclerosis should be detected in the early lipid stage, where medication
helps to prevent later infarction. In DSA, the blood circulation and thereby the position and
extension of a stenosis is visible, but the resolution and projection errors affect the quan-

tification. A distinction between stenosis stages is not possible, and early-stage stenoses are



hardly visible. Furthermore, the necessary injection of contrast agent is restricted or even
prohibited for patients with kidney diseases [30, 31]. Alternatively, intracoronary pressure
wires are used to physically measure the impact of a stenosis on blood flow and utilize this
information as a surrogate for risk assessment of myocardial infarction. Nevertheless, an
extensive characterization of the vascular tissue is not possible. For the characterization
and detection of early-stage lesions, the imprecise morphological information from X-ray
images or intracoronary pressure measurement is incomplete. Thus, imaging catheters have
been applied for intravascular observation of vascular structures. A relevant optimization
of diagnostic and therapeutic results of PCI with intravascular image guidance, i.e., using
Intravascular Ultrasound (IVUS) and IVOCT, has been observed to be associated with a
lower number of deaths from cardiac causes [32]. An imaging probe attached to the proxi-
mal end of the catheter is pulled through the stenosis during the image acquisition process.
IVUS offers cross-sectional images of the arteries with a penetration depth of up to 10 mm.
The arterial wall can be segmented in the IVUS images to extract the stenosis diameter.
Furthermore, the speckle pattern of the vascular wall can be used to classify different steno-
sis stages [33]. IVOCT serves as an alternative imaging modality, offering increased image
resolution but reduced imaging depth. However, when imaging vessel structures in the lower
cardiovascular branches, the quantification of diameters and the classification of stenosis
stages are enhanced. Furthermore, the apposition of stents can be analyzed in follow-ups,

which is vital for novel bioresorbable stents and helps prevent restenosis.

With miniaturized probes, we can reach lesions and locally acquire image data with high
spatial resolution. Most clinical decisions are made based on two-dimensional cross-sectional
images of intravascular structures. The sequence of OCT A scans obtained during retraction
and rotation of the imaging probe also contains three-dimensional information. However,
due to the relative movements between the probe and tissue, this information is distorted.
In contrast to external imaging systems with fixed coordinate systems, reconstructing the
three-dimensional morphology of vascular lesions presents a significant challenge. Relying
only on the intravascular image data, registration to a global coordinate system is not directly
possible. Therefore, in recent studies, external tracking of the imaging probes has been
proposed to support not only navigation but also spatial image registration. This also yields
in the first research scope of this thesis, assessing the vascular morphology from intravascular
OCT data while compensating for artifacts, e.g., resulting from catheter bending or heartbeat
motion. In particular, a systematic study of imaging and catheter movement parameters is

conducted to investigate the influence on the reconstruction of vascular morphology.



Quantification of Soft Tissue Elasticity

Our second application focuses on characterizing soft tissue elasticity using miniaturized
probes. Most diseases affect the elastic properties of tissue. A variation of these properties
can be observed through manual palpation of the subcutaneous tissue structures [5] and can
be used as an initial indicator in diagnosis. A correlation between increased tissue stiffness
and disease has been shown for conditions ranging from cancer to atherosclerosis [4, 34,
35]. Manual palpation is no longer feasible in deeper tissue structures and during Minimal
Invasive Surgery (MIS). Furthermore, manual palpation is a strongly subjective estimate.
Therefore, methods for the objective quantification of elastic properties from medical im-
age data, known as elastography, have been derived [36]. Initially, the elastic properties
were assessed by analyzing soft tissue deformation induced by a known compression, known
as compression-based elastography. Alternatively, shear waves have been excited to quan-
tify their propagation through soft tissue structures. As the wavelengths and velocities of
mechanical waves vary depending on the stiffness, these wave characteristics are crucial in
determining the elasticity of soft tissues. Advantages of shear wave elastography include
the ability to reach areas deep inside the tissue and the simpler quantitative interpretation
of the measurements. Optical Coherence Elastography (OCE) allows for high resolution
analysis of elastic tissue properties [37]. However, due to the limited penetration depth of
light, miniature probes are necessary to reach structures within the body, such as vessel
walls. Consequently, the second scope of this thesis focuses on the design of a miniaturized
elastography probe and the investigation of necessary shear wave sampling and excitation

schemes to enable the quantification of tissue elasticities from within the tissue.

Quantification of Soft Tissue Interactions

Our third application focuses on characterizing soft tissue interaction to assist in needle nav-
igation. Needles are either applied for minimally invasive diagnosis or therapy of soft tissue
structures. In the case of diagnosis, the most common application of needles is the biopsy.
External imaging is used for initial diagnosis, and then the examined tissue is punctured
to obtain small tissue samples for further pathological analysis. During therapy, needles
are used to inject medicine at a specific region, e.g., for anesthesia, or antibiotic treatment.
Furthermore, needles are applied for Brachytherapy. Here, small radiation sources have to
be accurately injected into a tumorous region. External image data acquired before the nee-
dle insertion is used for treatment planning and navigation during insertion [38]. However,

the tissue gets compressed, deformed, and cut with arbitrary courses during needle insertion,



and the planned insertion trajectories become inappropriate. The unknown tissue mechanics
during insertion impede the needle placement and require high expertise and a fast response
to abrupt motion. A simulation of these movements has been proposed in several studies,
assuming perfectly matched tissue phantoms, but the translation to in-vivo punctures is
limited. Therefore, several sensing modalities have been studied to assess relevant param-
eters during in-vivo needle placement. For example, external imaging or needle tracking is
usually applied using US imaging, MRI, C-arm, electromagnetic tracking [39, 40|. Using
these externally applied modalities, the evaluation of needle pose and orientation based on
external imaging is limited due to the resolution of the images. Imaging artifacts, e.g., those
caused by the needle itself, essentially impede navigation and needle placement assistance.
Consequently, sensors and imaging probes are embedded in needles to sense tissue properties
at the needle tip. For example, needles have been developed with force sensing at the needle
tip [Q]. Moreover, miniaturized imaging probes are integrated into instruments to analyze
tissue and instrument interactions, enabling intraoperative navigation that is adapted to tis-
sue deformation and displacements. As the third milestone of this thesis, the question arises
whether motion and deformation of tissue during instrument interaction can be sensed with
OCT imaging and serve as information for tissue characterization. In particular, relevant
features from OCT signals captured at a needle tip should be investigated to quantify the

soft tissue motion.

For all of these application scenarios, we rely on the same conditions. We aim to sense
tissue characteristics from miniaturized OCT imaging probes. To simplify manufacturing,
we do not embed complex optical scanning setups in the probes. We therefore face several
challenges when processing the one-dimensional OCT data. Firstly, the soft tissue informa-
tion is only available as a temporal sequence of single-column depth images lacking uniform
spatial sampling. Secondly, the position and orientation of miniaturized imaging probes
within the tissue are usually unstable and unknown. Hence, a position of the OCT im-
age data relative to target tissue structures needs to be determined. Thirdly, the complex
OCT signals promise soft tissue analysis with high axial resolution. However, extracting
relevant signal features from both the OCT intensity and phase signals is crucial. This is
particularly relevant for scenarios where relative tissue motion needs to be assessed for the

characterization of soft tissue.



1.2 Outline

This thesis is structured as follows. Following this general introduction, an overview of the
imaging modalities employed in this thesis is provided. Additionally, the theoretical back-
ground of methods for image acquisition and reconstruction is introduced. In the following
chapter, the state of the art regarding miniaturized imaging probes for soft tissue charac-
terization is summarized. Based on these findings, the research questions of this thesis are
introduced. Subsequently, the methods and materials investigated for characterizing soft
tissue in terms of morphology, elastography, and motion are presented. For each subtopic,
the developed or customized miniaturized imaging probes and the proposed image processing
methods for quantifying soft tissue properties are introduced. In chapter five, the respective
experimental studies for the systematic evaluation of our tissue characterization approaches
are described. In the following chapters, the experimental results are illustrated, summa-
rized, and discussed. Finally, a conclusion is presented for the developed and investigated

miniaturized imaging probes and image processing and interpretation methods.



Chapter 2
Medical Imaging for Miniaturized Probes

Several imaging modalities are applied in clinical practice to assess soft tissue properties. In
this thesis, we aim to investigate tissue characterization by estimating the tissue morphol-
ogy, motion, or elasticity from miniaturized OCT imaging probes. Furthermore, we consider
imaging modalities capable of external assessment of tissue properties and instrument mo-
tion, such as X-ray imaging, MPI, and US. We use these external imaging modalities as
a reference to evaluate the soft tissue characteristics derived from the complex OCT sig-
nals. We introduce the respective imaging modalities, their measurement principle, and
concepts for multi-dimensional image acquisition in the following sections. Furthermore,
relevant concepts for assessing motion information are summarized, with a special focus on

phase-sensitive imaging approaches.

2.1 Optical Coherence Tomography

OCT is an imaging modality measuring the interference patterns of infrared light reflected
by tissue. In general, the absorption and reflection of electromagnetic light waves in tissue
depend on the frequency and wavelength of the emitted light. Using low-coherent infrared
light sources, axial imaging resolutions of 5 to 20 pm are possible with the drawback of
limited penetration depths of a few millimeters [41]. In the following sections, we introduce
the characteristics of electromagnetic waves and the OCT imaging technologies, namely
Time-Domain OCT (TD-OCT), Spectral-Domain OCT (SD-OCT), and Swept-Source OCT
(SS-OCT). Additionally, we describe common image acquisition techniques, such as optical
scanning setups and miniaturized probes, as well as related image reconstruction methods.
Please note that this summary is based on findings by Fujimoto et al. [42] and Aumann et

al. [41], describing the fundamentals of OCT imaging.



Infrared light can be expressed as a plane electromagnetic wave E(z,t) with spatial and

temporal components, assuming a simplified one-dimensional wave propagation along z
E(z,1) = Eyelkozmwott9), (2.1)

The wave characteristics are mainly described by the electric field amplitude Eg, the wave-
length \,, wavenumber k, = 27/)\,, and the frequency f, with w, = 27 f,. An optional
phase shift is expressed with the angle ¢.

OCT imaging utilizes the interference properties of two coherent light waves. Construc-

tive or destructive interference patterns result depending on the respective phase shift dif-

ference A¢ and path length difference Az, of the light waves.

OCT imaging system setups are based on the principle of Michelson-interferometry [43].
A low-coherent infrared light source is used, whose light is split into a sample arm and a
reference arm. The reflected light waves are superimposed, and the respective interference
patterns are measured on a detector. The most prominent OCT system setups, namely TD-
OCT, SD-OCT, and SS-OCT, are shown in Figure 2.1 with variations in the applied light
source, detector, or reference arm. In the following, we will describe the relevant physical

relationships and influences of these OCT setup components on the acquired signals.

The light source properties are described by the central wavelength A,, bandwidth
A\, or spectral bandwidth Ak,. Most commonly, broadband infrared light sources with
a Gaussian spectrum of width A\, and central wavelengths A, from 900 to 1300 nm are

applied. The coherence length [. of a light source is described as

2In2 A},  2vIn2

T AN, Ak, ’ (2:2)

lo =0z, =

forming an important property determining the axial resolution of the OCT system.

The interference signal measured at the OCT system’s detector depends on the optical
path lengths of the reference zg and sample zg arm as well as the respective reflectivity
functions (rg, rs). Assuming a light wave E; emitted by the light source, defined as in
Equation 2.1, the light waves refracted from the reference and sample arm can be expressed

Eg(z,t) = —= (rr(zr) © €?"®) (2.3)

Sl

and

=

Es(z,t) = — (rs(zs) ® eizk‘zs) . (2.4)

S
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Figure 2.1 Variation of OCT system components, i.e., light source, interferometer, reference
arm, measurement arm, and detector, for TD-OCT, SD-OCT, and SS-OCT systems.

In the literature [42], the sample arm reflectivity function rg(zg) is simplified by assuming
that light backscattered from N soft tissue boundaries at the depths zg,, correspond to a

discrete number of delta-function reflections with

M
Ts(Zs) = Z TS,m(S(ZS — stn). (25)
m=1
The interfering wave field measured at the detector Ep will result as
_ Po
Ep = E(ER + Eg), (2.6)

with p, stating the responsivity of the detector as defined by Izatt et al. [43].

Initially, TD-OCT systems were studied that are composed of a broadband light source,
a single element detector, and a motorized reference arm (see Figure 2.1). Using this setup,
the temporal coherence of interfering light waves is measured. The axial movement of the
reference arm and the attached mirror varies the imaging depth zg,, in the sample arm.
The interference signals are sequentially measured at the detector for each reference arm
position zg. This iterative reference arm motion results in comparatively long measurement
times, which may potentially influence image quality, especially when imaging perfused tissue
structures [44].

Alternatively, Fourier-Domain OCT (FD-OCT) systems have been proposed, offering
much faster image acquisition. FD-OCT systems are based on spectral interferometry, which
assumes measurable spectral interference patterns for each path length difference of two co-
herent waves [43|. In SD-OCT imaging systems (Figure 2.1), a broadband light source, a fixed
reference arm, and a sample arm are applied. The backscattered and interfered light waves

are separated at a grating in the system’s detector. In particular, using spectral sampling

11



on a spectrometer and a measurement with a line scan camera, such as a Charge-Coupled
Device (CCD) camera. SS-OCT systems achieve spectral sampling by applying a swept light
source (Figure 2.1). Again, the reference arm is kept at a stable position. Sweeping through
the overall light source spectrum Ak, effectively results in a narrow spectral sampling in-
terval 0k, with different central wavenumbers ky. Subsequently, interference patterns In(k)
are measured as a function of time. The spectral interference patterns are measured with
FD-OCT system and have been expressed by Izatt et al. [43] as

In(ko) = 2(|Br + Es[?). (2.7)

Expanding the magnitude squared function, a spectral interference signal I (k,) is introduced

by Fujimoto et al. [42] results as a function of the wavenumber & and the sample depth zg ,,

In(ks) = 2 (S(ko)(Rr + S Rs.m))

4 —1
+ % (S(k;o) miél \/RRiRsm<cos(2ko(zR — sz))>) (2.8)

M

(k) 3 e on e~ 0) )

Thus, for an evaluated wavenumber k,, light reflections from the reference arm Rg and
different tissue depths Rg,, lead to cosine oscillations. The frequency of these oscillations
is proportional to the optical path length difference Az,, causing constructive interference.
Continuous-time inverse Fourier Transformation is applied on Equation 2.8, resulting in the

intensity profile over the imaging depth z is given as

in(z) = 5 (4(2) (Br + 3 Rs)

+ % (é \/m(7 (2(2r — 2s,0)) +7(—2(2r — ZSn)))> (2.9)
2 (5 VR (32 — ) (2o = 230)))

Similarly, the OCT phase signal can be extracted after Fourier transformation of the spectral
signal described in Equation 2.8. In the following sections, we will refer to these depth profiles

as one-dimensional depth scans or A-scans.
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Figure 2.2 OCT sample beam characteristics that rely on the optical parameters of the
used lens (NA) and the light source of the imaging system. While the axial resolution dz,
of the beam depends solely on the laser light source, the parameters of the associated lens
determine the lateral resolution dz, and the maximal axial field of view FOVpcr .. Assuming
a particle movement between subsequent depth scans, the velocity vy . can be estimated
from the OCT phase signal.

The previous section outlines the fundamental principles for acquiring spectral OCT
signals to assess one-dimensional depth scans. An essential requirement for achieving high
lateral and axial resolution in these depth scans is the application of appropriate imaging
optics in the sample arm. The axial resolution dz is determined solely by the laser’s coherence
length (see Equation 2.2). However, optimizing the sample light beam and defining a focal
point are achievable with optical lenses, even in a miniaturized fashion, using Gradient-Index
(GRIN) fibers [45].

In Figure 2.2, the influence of the optical lens parameters on the sample beam profile is
sketched. Based on Aumann et al. [41], adjusting the lens’s numerical aperture NV A influences

the axial FOV and lateral resolution dx,, being defined as

)\00
— V222 2.1
9T HEINA (2.10)

Generally, it is assumed that signal quality is optimized at the focal depth and diminishes
with increasing depth beyond this point. In addition, the axial FOV size is defined by [46]

asS
0.221),0

SinZ ( sin~ 12(NA) ) :

FOVOCT7Z = (2.11)

Consequently, a low numerical aperture increases the axial FOV but reduces the lateral reso-

lution. Depending on the application scenario, either a high lateral resolution with increased
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NA, e.g., for optical coherence microscopy [47], or a high imaging depth, e.g., for intravascu-
lar applications [48], is meaningful. It should be noted that the optical principles described
are defined for light propagation in air, which is assumed to be a homogeneous medium.
When the infrared light beam encounters soft tissue structures, several optical effects, such
as absorption, diffraction, and scattering, occur. As the penetration depth increases, the
amount of light backscattered from the tissue structures decreases. Consequently, the OCT
depth scans acquired from soft tissue structures usually show a decrease in signal intensity
with the imaging depth z. In addition, the design of the focal depth may no longer be

suitable.

For multi-dimensional acquisition of OCT image data, optical scanning setups have been
proposed. Most commonly, optical mirrors or galvanometer scanners have been integrated
into scan heads to deflect the infrared laser beam along one or two spatial axes [49, 50|.
These benchtop setups, also called enface setups, have mainly been applied for ex-vivo tis-
sue analysis, i.e., for analyzing the tissue morphology or detecting lesion boundaries [51].
Surgical microscopes with integrated OCT scanning setups enable the in-vivo analysis at
the tissue surface, e.g., in ophthalmology [52, 53]. For MIS applications, optical setups have
been developed that are small enough to be integrated into medical instruments. Optical
mirrors or prisms are used to deflect the light beam, e.g., to enable OCT depth scanning per-
pendicular to the probe axis [54]. A two- or three-dimensional sampling of tissue features is
possible with additional translation or rotation of the whole imaging probe or several optical
components. Intravascular imaging probes for IVOCT are one example of these designs that
are commonly applied in medical practice [55]. These probes have also been embedded in
medical needles for multi-dimensional imaging during insertion. Recent research on minia-
turized OCT imaging probes also focuses on multi-core fiber probes to enable the parallel

acquisition of optical signals without mechanically varying the optical axis [56-58|.

Depending on the optical setup and the system specifications, the OCT image data
can be arranged in various spatial and temporal representations. Assuming a stationary
recording position and one-dimensional scanning, the following recorded OCT depth scans
can be placed side by side, with the columns indicating the time and the rows the imaging
depth. This arrangement is also referred to as OCT M-scan, indicating motion-invariant
imaging. With optical scanning devices, such as scan heads, the depth scans are arranged
according to the specified scanning parameters. Deploying a single galvanometer scanner
enables the acquisition of two-dimensional images, referred to as OCT B-scans. Similarly,
using a second scanner, three-dimensional image acquisition is possible. These volume scans

are also referred to as C-scans.
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It should be noted that with OCT scanning setups, such as scan heads, depth scans are
typically acquired one after another for each spatial position. In the literature, two spatio-
temporal scanning profiles are differentiated [59]. First, the acquisition of two- or three-
dimensional images through the fast execution of a complete lateral scanning profile per time
point. This scanning mode is also referred to as BM-scan when acquiring two-dimensional
images. Second, a triggered and fast sequential acquisition of one-dimensional scans on
the same position and subsequent adjustment of the scanning position. For the latter,
high temporal resolutions are achieved per A-scan position. Assuming a two-dimensional
scan pattern, the following image data sets are referred to as MB-scan. Considering the
different application scenarios, it is crucial to find a feasible trade-off between spatial and
temporal sampling. Recent SS-OCT systems enable fast temporal sampling of depth scans
with frequencies focr of up to 6 MHz [18, 60]. Together with fast optical scanning setups,
OCT volume rates of up to 800 Hz are possible. However, the fast volume rate is only possible
with a reduction in spatial resolution, especially for lateral sampling. For MIS probes, the
scanning schemes are not necessarily arranged along Cartesian coordinate systems. For
example, the imaging optics of the IVOCT probes are rotated around the probe axis and
retracted, allowing the sequence of one-dimensional depth scans to be arranged diversely.
With other single-fiber probe designs, the acquired depth scans are mainly arranged over
time. However, this representation is not necessarily equivalent to the motion-invariant OCT

M-scan mentioned above, as probe or relative movements of the tissue occur.

In addition to the morphological tissue characteristics that can be extracted as a mag-
nitude complex OCT signal, the phase signal has been analyzed to estimate the functional
and physiological tissue parameters. For example, to assess the propagation characteristics
of shear waves [61] or the deformation of tissue [62, 63|. By determining the phase differ-
ence between sequentially acquired depth scans, changes in the optical path length caused
by relative sample motion or other dynamic processes can be observed [64]. In particular,
the axial motion components of particles traveling through the sample’s light beam are ana-
lyzed. According to the Doppler effect [65], this measurement is possible because the motion
of particles induces a frequency shift in the detected interference signal. This shift manifests
as phase differences between sequentially acquired depth scans A®. After simplifying the
complex interference signal in Equation 2.8 the phase difference A® has been defined by
Kennedy et al. [66] as

o 47rnovrel,zTOCT

AD(z) = Pj11(z) — j(2) = ) (2.12)
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after the multiplication of subsequent complex interference signals
I1(2) - I(2) = Agya(2) Ay (2)e®smr =21, (2.13)

Please note, that the velocity v, and period Tocr in Equation 2.12 state the particle velocity
along the axial imaging axis z as visualized in Figure 2.2 and the average time interval
between acquiring two OCT depth scan, respectively. n, has been introduced in [66] as
average refractive index along the optical beam. The particle movement relative to the
sample light beam is shown in Figure 2.2, whereby an oblique movement relative to the
imaging axis is assumed. Since the phase difference A® is evaluated per imaging pixel along
z and is inherently modulo 27, phase unwrapping algorithms are necessary to reconstruct
true phase shifts when they exceed this range, e.g., due to decorrelation effects [67], timing
jitter problems [68], or speckle noise [69].

These phase analysis approaches are also referred to as phase-sensitive OCT. An essential
prerequisite for analyzing relative tissue motion is the stability of the phase signal. Thus,
for subsequently acquired depth scans, the path length differences between the reference
and sample arms should be constant. Effects influencing the system’s optical path length
differences and causing phase shifts include temperature variations, mechanical vibrations, or
other instabilities of the optical setup, such as the light source. Most commonly, phase shift
is described as a continuous but slow drift in phase values that impede the interpretation of
motion from the phase data [70|. Consequently, optimal OCT signal conditions are fulfilled
if the optical setup remains stationary and the measurement is performed at the same spatial
position. Whenever transversal movements of probe or tissue occur, the sample light beam
of two subsequent depth scans should overlap at least for the full half-width maximum to
remain reliable OCT phase analysis.

Especially for high-speed SS-OCT systems, phase instability is a common issue that needs
to be compensated [68]. On the one hand, adaptations of the OCT system components have
been proposed, e.g., additional reference arm setups [71]. As the speckle noise and signal
decorrelation effects are primarily related to the random modulations of the OCT signals, e.g.,
due to the spatial and temporal coherence of random light wave reflections, a mathematical
formulation for compensation is not straightforward. Therefore, deep learning methods have
been applied in recent years to extract the complex signal variations, thereby optimizing
the OCT signal quality. For example, generative adversarial network architectures have
been studied to reduce speckle noise and increase the image contrast [72, 73]. Similarly,
network structures combining generative components and complex neural networks have

been presented for phase unwrapping [74].
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2.2 Ultrasound Imaging

US is an imaging modality that operates without ionizing radiation, making it a safe and
versatile choice. Typically portable, US imaging systems offer flexibility across various appli-
cations. US imaging is widely employed to examine subcutaneous soft tissues. It facilitates
the investigation of morphological, functional, and elastographic information, offering valu-
able insights into diverse medical conditions. Its capability for real-time imaging makes
ultrasound an essential tool in medical practice, particularly for guiding instruments dur-
ing procedures such as anesthesia. Given these benefits, ultrasound imaging is increasingly
utilized in diagnostic and interventional medical settings. In the following sections, the
measurement principle, concepts for imaging transducers, and related image reconstruction
approaches are introduced. Please note that this introduction to US imaging summarized is
based on findings by Szabo et al. [75], Chan et al. [76], and Jenderka et al. [77].

Investigating the propagation of acoustic waves through tissue structures is the basic idea
of US imaging. Acoustic waves are excited, and the intensity and runtime of wave echoes
reflected from soft tissue boundaries are measured. The tissue characteristics, e.g., density,
influence the wave parameters of induced acoustic waves. In general, the wave velocity ¢, of

an acoustic wave in fluids can be stated as

1
/Paka

with p, and k, as material parameters of density and compressibility, respectively. The

(2.14)

Cy =

acoustic impedance Z, combines these parameters as

Pa
Lo = ] —. 2.15
/e (2.15)

1

In soft tissue structures, wave velocities ¢, ranging between 1400 and 1585 ms™" are esti-

mated [75].

During US image acquisition, frequencies f, from 2 to 60 MHz are applied to excite
piezoelectric elements, resulting in acoustic wavelengths A, in the range of sub-millimeters,
based on the general wave equation

c
Ao = —. (2.16)
A
In soft tissue structures, acoustic waves are either transmitted through or reflected from

boundaries. The reflected or transmitted acoustic waves’ intensities I, depend on the respec-
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tive acoustic impedance Z; of adjacent tissue structures. For a perpendicular wave incidence,

the coefficients of reflected and transmitted waves are given as

Ia,R - ZQ - Zl
Lo Zy+ 2,

R= (2.17)

and I 47,2
T=20= " 21" 22 2.18
Lo (Za+ Z1)? ( )

respectively, with R +7T = 1. Whenever the impedance difference of neighboring soft tis-

sue structures is small, large transmission coefficients T follow. Hence, acoustic waves can
propagate deeply into the tissue, and their echoes remain measurable. However, absorption
and scattering affect the propagation of acoustic waves. Consequently, additional damping
coefficients «a( f,) are used by Szabo et al. [75] to describe the acoustic intensity I, along the
imaging depth 2z with

L.(2, fa) — p—2a(fa)2z

2.19
- (219)
In addition, it has been shown that damping and frequency are proportional to each other |76].

Thus, the damping of acoustic waves increases with higher frequencies and imaging depth.

In US imaging, a sequence of echoes is received after emitting an acoustic wave, with
the timing of each echo corresponding to the spatial distances between the piezoelectric el-
ement and the respective tissue surfaces. The following descriptions for complex US signal
extraction are based on Dossel et al. [78]. When considering multiple cycles C' of ultrasound
pulses, the received signal is typically a high-frequency signal composed of several summed
cosine waves. Each component wave reflects variations in the acoustic impedance of the tis-
sues caused by differences in tissue density and elasticity. This superposition of waves forms
the composite signal that carries essential information about the anatomical structures. By
processing these signals, e.g., using the Hilbert transform, complex US signal representations
are possible, which aid in better resolving tissue characteristics and improving the resolution

of the ultrasound images.

Piezoelectric actuators are most commonly embedded in US imaging transducers to excite
and measure acoustic waves. Based on the piezoelectric effect [79], applying a sinusoidal
voltage leads to mechanical expansion and relaxation of the piezoelectric material. With
a good mechanical coupling to the skin and for high actuation frequencies (f, > 2MHz),
this vibration excites an acoustic wave that propagates perpendicular to the piezoelectric

surface. When acoustic waves reflected from tissue structures return to the transducer,
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Piezoelectric Element

Backing

Ultrasound Beam

Figure 2.3 Linear array transducer sketch with piezoelectric actuators embedded between
damping body (backing), \/4-adaption layer, and acoustic lens. A subgroup of elements is
used for US beamforming. The number of active elements and set focus depth define the
lateral imaging resolution (w;). The piezoelectric aperture and the acoustic lens define the
elevational resolution (w.).

they stimulate the piezoelectric material, generating a measurable electrical voltage. This
conversion from electric into acoustic energy and vice versa is also known as the reciprocal
or direct piezoelectric effect. Thus, the same piezoelectric element can be used for both
transmitting and receiving acoustic waves.

In US imaging transducers, piezoelectric actuators are usually embedded between a damp-
ing body, an adaption layer, and an acoustic lens. An exemplary schematic is shown in
Figure 2.3, adapted from [77, 80]. The damping body, also called backing, prevents acoustic
waves from propagating backward. Especially for miniaturized US transducers, a huge effort
has been devoted to designing these backing layers to improve imaging quality [81, 82]. To
minimize impedance differences between the piezoelectric material and the environment, the
A/4-adaption layer is attached. For generating acoustic wave fields with a thin and almost
constant cross-section, acoustic lenses are attached to the A/4-layer. This achieves a focusing
of the acoustic field in the distance of zp.

Please note that the focusing of US beams is separated in defining the required elevational
resolution (w,), concerning the previously described geometries of the piezoelectric elements
and lens materials. During image acquisition, the number of active elements and the set focus
depth zp define the lateral imaging resolution (w;). Similar to the OCT imaging principles

described before, the axial image resolution in US imaging depends solely on the set wave
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actuation parameters. In particular, the axial resolution is determined to be equal to half
the spatial pulse length (SPL), which is defined as the product of the number of cycles C
in an ultrasound pulse and the wavelength A, of the acoustic wave [83|. Based on the wave
equation in Equation 2.16, the wavelength relies on the set frequency f, for actuating the

piezoelectric elements. Consequently, Ng et al. [83] defined the axial imaging resolution as

SPL=C2. (2.20)

Ja
A shorter spatial pulse length enhances axial resolution, thereby improving the system’s
ability to resolve structures that are closely spaced. Thus, imaging transducers with higher
actuation frequencies are beneficial for the high-resolution analysis of tissue structures. How-
ever, following Equation 2.19, increasing axial resolution comes with the disadvantage of

increased damping and, thus, limited imaging depths.

US imaging transducers differ in the number, dimension, and arrangement of integrated
piezoelectric actuators. The pitch, defined as the equidistant distance between actuator
centers |75], and the overall actuator width, also called aperture size, directly influence the
imaging width and resolution. In clinical linear array transducers, up to 192 piezoelectric
actuators are arranged in a straight line. To ensure high axial resolutions, it involves piezo-
electric actuation frequencies of f, > 5MHz. These imaging parameters and transducer
designs are usually applied to image tissue structures close to the surface. In phased array
transducers, fewer piezoelectric actuators are installed to minimize the overall width of the
probe. The piezoelectric elements are actuated with phase differences in the triggered waves
to steer the acoustic wave field with different angles relative to the probe [84]. This phase of
delayed actuation is also referred to as beam steering [85]. Together with the probe design, it
minimizes acoustic damping from planar tissue surfaces, enabling the imaging of deep tissue
structures, such as those behind or between the ribs. Alternatively, curved array transducers
have been developed to image structures deep inside the human body, e.g., for abdominal
gynecological sonography [86]. The actuator elements are arranged on a curved line of dif-
ferent radii, enabling versatile imaging patterns [87]. Typically, operation frequencies of 2.5
to 10 MHz are used for increased focus depths. In novel US volume probes, piezoelectric
actuators have also been arranged in two-dimensional arrays. Due to the comparatively
small aperture width of up to 3cm [88], beam steering is necessary to increase the lateral
imaging width. Miniaturized US transducers with a curved arrangement of piezoelectric el-
ements have, for example, been proposed for endobronchial [89] applications. Alternatively,
single piezoelectric elements with widths smaller than 3 mm have been embedded in medical

instruments. Here, proximal attached motors translate or rotate the piezoelectric element,
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enabling multi-dimensional image acquisition [90, 91]. Alternatively, several miniaturized
piezoelectric actuators have been combined in a ring formation, using beam steering for spa-
tial tissue scanning [92]. For these miniaturized US transducers [93], small focus depths zp

and high image resolutions are necessary, utilizing actuation frequencies of up to 40 MHz.

There are various approaches for extracting functional soft tissue information from the
complex US signals, beyond the morphological features contained in the amplitude of these
signals. Analogous to phase-sensitive OCT imaging, approaches to assess relative tissue
motion from US signals are investigated. According to the principles of the Doppler effect,
changes in the frequency of acoustic waves A f, they are reflected from moving objects occur
as

Af, = QC—favrelcos(H), (2.21)

a
with 0 stating the angle between the US beam and the moving particle and v, the relative
particle motion velocity. To determine this frequency shift from the US signals received, the
process involves quadrature demodulation of the signal followed by a Fourier transformation.
In particular, peaks in the resulting spectral signals are identified to estimate the difference
from the initial actuation frequency f,. Doppler US is widely used in medical diagnostics
to detect abnormalities in blood flow, such as blockages, narrowing of vessels, or irregular
heartbeats, thereby aiding in the diagnosis and management of various cardiovascular con-
ditions [94]. In addition to these frequency-based Doppler techniques, approaches to assess
the tissue elasticity based on the propagation of induced shear waves have been investigated.
Depending on the motion amplitude analyzed, different computational methods have been
considered [95]. Since shear wave-induced displacements are typically of subpixel size, eval-
uating phase differences offers advantages. Consequently, the Loupas algorithm, as detailed
by Loupas et al. [96] in their study on blood flow estimation, is predominantly utilized as a
phase-based motion estimator. Unlike the Doppler method, which estimates the frequency
shift Af, from the continuous return of acoustic waves and their corresponding frequency
shifts, this phase-based approach evaluates the temporal phase variations across successive

US scans to determine relative tissue motion.

For the acquisition of US image data, it is important to transmit and receive the acoustic
signals with precise timing. Once a transmit pulse is sent, echoes traveling back to the
transducer are associated with an US image until the next transmit pulse is started. There
are two main concepts to control the transmit and receive cycles, namely B-mode and plane

wave imaging.
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B-mode imaging, also known as brightness-mode imaging, utilizes multiple piezoelectric
elements to direct the acoustic wave field onto a one-dimensional beam. This steering is
achieved by delaying the excitation of the selected transducer elements, also known as trans-
mit beam forming. Afterward, the time differences ¢ of echoes received at all transducer
elements are used to estimate the echo amplitudes in different depths z along the excited
beam. Specifically, the high-frequency echo signal is processed, for example, with a Hilbert
transformation or 1) demodulation, to estimate the envelope of the received signal. To com-
pensate for echo attenuation with increasing run times, a Time Gain Compensation (TGC) is
applied, which enables a depth-dependent amplification of the received echo signals. The dis-
tance z of objects relative to the transducer elements can be estimated, assuming a constant
wave velocity c, .

2= Gy (2.22)
This transmit and receive sequence is repeated for several beams to sequentially record
scan lines of the US image. An increase in the number of beams acquired per US image
results in higher image resolutions with the drawback of longer image acquisition time. The
duration Tgx of one transmit and receive sequence is dependent on the set imaging depth and
assumed wave velocity. Hence, the maximum Pulse Repetition Frequency (PRF) is inversely
proportional to the duration Tgrx. For example, a B-mode image acquisition with Nyg = 64

scan lines results in an imaging speed of
fus = 1/(NusTrx) = 50 Hz. (2.23)

For general clinical applications, such as needle guidance, this frame rate is sufficiently high.

As an alternative high-speed US imaging concept, plane wave imaging has been devel-
oped [97]. All transducer elements are utilized during the transmit sequence for plane-wave
image acquisition. All elements are simultaneously excited to generate a plane wave parallel
to the transducer. Alternatively, a delayed excitation of the elements is possible to steer the
plane wave with a certain angle fyg relative to the transducer. After plane-wave excitation,
the echoes are received by all elements. The raw US data received from the elements is
processed by considering the time delays of the echos relative to the spatial arrangement
of the excited plane wave, also referred to as receive beam forming. As the transmit and
receive sequences are controlled in parallel for all elements, the image acquisition speed is
significantly increased compared to B-mode imaging approaches. Using modern US systems
plane wave imaging frequencies of fprr = 20kHz are possible. The increased imaging speed

is beneficial for imaging soft tissue motion, such as tracking the propagation of shear waves.
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Figure 2.4 X-ray imaging measurement principle: X-ray beams travel radially from the
source through the object towards a two-dimensional detector. Depending on the material
properties that influence the absorption, scattering, and attenuation of X-rays, different
intensity values are measured at the detector.
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2.3 X-Ray Imaging

X-ray imaging is one of the earliest medical imaging modalities and remains one of the
most commonly applied imaging techniques in medical diagnostics [98]. Application scenar-
ios range from projection radiography, e.g., for fracture [99] or lung examinations [100], to
functional X-ray imaging for temporal analysis of body functions [101], e.g., of lung [102] or
heart [103]. The following descriptions of the measurement principle and imaging systems
are based on Seibert et al. [104] and Bushberg et al. [105].

The measurement principle for projection radiography is depicted in Figure 2.4. An X-ray
tube generates radiation that travels through an object, i.e., the human body, towards a two-
dimensional detector. Assuming the X-ray tube to be the origin of radial ray generator with
an opening angle defined by the focusing elements, the beams proceed through the object and
cause a projection signal at a specific two-dimensional detector position. Due to absorption
and scattering effects at tissue and bone structures, different radiation patterns are measured
at the detector. According to the Lambert-Beer law [105], the attenuation depends on the
material properties through which the beam propagates. Hence, the intensity Ip measured
at the detector has been defined in [105] as

d
X: . - M 5 .
Ix = Ixg - € Jo #@)de (2.24)

whereas the overall tissue thickness d and attenuation coefficients p(z) of the individual tissue
structures = needs to be considered. The attenuation coefficient p is due to various physical

effects, including the photoelectric effect, Compton-scattering, and Rayleigh-scattering [106].

X-ray imaging systems were initially constructed for single-shot image acquisitions, where

the orientation of the detector and the X-ray source is variable by simple manual mechanical
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adjustments. The X-ray tube and detector are most commonly installed in a C-arm setup for
fluoroscopic or angiographic X-ray imaging to enable versatile orientations and projection
views relative to the human body [107]. Due to its flexible alignment, a C-arm system
is especially suitable for interventional applications, e.g., to assist instrument navigation
during percutaneous coronary interventions [108|. Sequence of X-ray images are acquired
with frequencies fo of up to 40Hz. Here, DSA enables vascular imaging by subtracting
two consecutive images with and without exposure to a contrast agent. Examining the
blood circulation and vessel structure allows a fast analysis of cardiovascular diseases [109].
Plaque formation in the vessel wall is one marker of coronary heart disease, which can lead
to critical occlusions. These stenosis can be visualized with DSA, and their impact on the
heart muscle’s blood supply can be analyzed.Analyzing the blood circulation after stent
placement enables an optimization of stent apposition and expansion.

In modern catheter laboratories, bi-plane DSA systems are installed to enable the in-
terventional analysis of tissue structures from two projective views. Bi-plane angiography
systems consist of two C-arms that allow synchronous image acquisition. In PCI, the C-arms
are usually positioned in Right Anterior Oblique (RAO) and Left Anterior Oblique (LAO)
orientation. More specifically, RAO is an orientation with the X-ray tube placed dorsal on
the left and the image detector placed ventral on the right of the patient. These orientations
are further defined with the set angle v relative to the patient couch. By triangulating the
two projective views, the three-dimensional geometry of the tissue can be estimated [110].
Beyond vascular tissue analysis, minimally-invasive instrument navigation is optimized with
fluoroscopic imaging from at least two orthogonal directions, e.g., to prevent injury to the
vessel structure. Moreover, the application of the bi-plane DSA system is suitable for inter-
ventions with high risk, such as the treatment of brain aneurysms [111].

In addition to radiation exposure, one limitation of X-ray imaging is the limited contrast
in images of tissue structures with similar attenuation coefficients. While bone or lung tissues
with high or low attenuation, respectively, are visible on X-ray images, soft tissue structures
mainly consisting of collagen structures, fat, and water are hardly distinguishable from each
other. The injection of contrast agents enhances the visibility of tissue structures, such as
vessels or organs. However, iodine components of the contrast medium are deposited in

organs and can last over a long period of time [31, 112].
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Figure 2.5 MPI system setup with highlighted magnetic coils to generate a selection field
and drive field. The drive field coils are colored according to the respective magnetic field
directions in z, y, and z. Using these drive fields, the highlighted field free point (FFP) can
be shifted. Additional focus field assemblies are not shown.

2.4 Magnetic Particle Imaging

MPI is a novel non-invasive imaging modality that has been recently developed to image the
spatial and temporal distribution of injected Superparamagnetic Iron Oxide Nanoparticles
(SPIONs) [113, 114]. Still, a clinical application has not been achieved. However, pre-
clinical studies demonstrate its significance as a future medical imaging modality [115]. As
a first application, blood circulation and vascular morphology have been analyzed after
SPIONSs injection. Alternatively, the SPIONs are combined in a solid medium and attached
to instruments. These markers can be used to estimate the position or orientation of an
instrument, also in submillimeter resolution [116].

Multiple magnetic coils are required to generate specific magnetic field properties in a
predefined three-dimensional space over time to measure the spatial and temporal distribu-
tion of SPIONs. A general MPI system setup is depicted in Figure 2.5. The SPIONs exhibit
nonlinear magnetization behavior that is used for localization and concentration estimation.
During image acquisition, an external modulation field is applied to change the magnetiza-
tion of the particles periodically over time. This periodic field variation should have a high
amplitude to bring the particles into saturation. With excitation frequencies fyp; ranging be-
tween 25 and 100 kHz, a rectangular magnetization curve will follow. Measuring the induced
voltages with a receiving coil yields a spectral signal with harmonic components, multiples
of the excitation frequency. These harmonic components are only caused by SPIONs in
saturation and are thereby used to detect the particles.

An additional selection field is necessary for the spatial localization of SPIONs. Here,
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two permanent magnets face each other to generate a Field Free Point (FFP) in the center
of these magnets. For all positions outside of this FFP, the remaining strong magnetic
field prevents a period magnetization of the particles excited by the modulation field. This
means that a signal can only be measured from those SPIONs that are located at the FFP.
By moving the target relative to the FFP, a three-dimensional MPI measurement is possible.
However, this iterative positioning of the measurement object leads to increasingly longer
measurement times, which are not suitable for fast spatial and temporal data acquisition.
A manual displacement of the measurement object is a time-consuming process. There-
fore, three additional magnetic coils are embedded in the MPI system setup with orthogonal
orientations to each other. These drive field coils induce homogeneous magnetic fields in the
x-, y-, and z-directions to shift the FFP in three spatial dimensions. FFP shifting enabled
with the drive field coils is limited to a few centimeters. Hence, three additional orthogonal
homogeneous fields are used as focus fields with higher magnetic field strengths but low fre-
quencies. This focus field shifts the three-dimensional volume stimulated by the drive field
in space. Additionally, this focus enables a general downsizing of the evaluated volume to

minimize the image acquisition time and energy.

Summarized, a MPI measurement of three-dimensional targets is composed of several
magnetic field stimulations affecting a sequential positioning of the FFP. During this series
of L sequential measurements, values U; are recorded. To estimate the three-dimensional
particle concentration, a preliminary calibration of the imaging setup is necessary. Moving a
small object of precisely known particle concentration successively through the measurement
volume of () positions and measuring the inducted field amplitude provides a system matrix
Gyq. Finally, the particle concentration per position cypr4 can be expressed in a linear system

of equations

U =Y GiC,. (2.25)
q

Applying the Thikhonov-regularisation, a stabilized solution of the inverse problem in Equa-

tion 2.25 is achieved with

10 = Gigentprgll® + A1 emprgll® = min. (2.26)
n q

Solving this equation results in the particle concentration per position cyprg. Finally, de-
pending on the drive field frequencies applied for three-dimensional shifting of the FFP, the

MPI volume rates vary.
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Several research MPI imaging setups have been developed in the past years. The first
commercially available MPI scanner setups for pre-clinical image analysis are sold by Bruker
Corporation. These scanner systems enable small-animal studies, e.g., investigating blood
flow or drug delivery in mouse, rat, guinea pig, or rabbit models, with volume rates of up
to 46 Hz. In addition, Magnetic Insight offers preclinical MPI systems with integrated CT
imaging. The combination of CT and MPI promises increased sensitivity and MPI image
resolution. While these MPI system setups are built for the preclinical analysis, the maximum
FOV is limited by the bore diameter of a few centimeters. Therefore, the current research
focuses on next-generation human-sized MPI system setups, addressing the challenges of
maximized bore diameter while achieving high imaging resolution and volume rates [117]. For
functional brain imaging, a MPI head scanner setup has been proposed in recent years [118,
119]. In addition to increasing the imaging FOV, the development of transportable MPI
systems has also been considered in recent developments [120] to facilitate interventional
applications. Beyond the advancements of system setups, the MPI research community
focuses on investigating novel tracers and optimizing the image reconstruction methods,
aiming for even higher imaging resolutions [121]. Furthermore, combined SPIONs and virtual

FFP have been investigated to apply a motion via focused magnetic stimulation [122-124].
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Chapter 3

State of the Art

To assess soft tissue characteristics with high resolution, several concepts for miniaturized
probes have been developed in recent years [125, 126]. Imaging probes have been commonly
investigated for acquiring RGB, ultrasound, or optical image data from within tissue. In
the following sections, we provide an overview of different imaging probes and sensors stud-
ied to quantify soft tissue morphology, elastography, and motion during tissue-instrument

interactions.

3.1 Quantification of Vascular Morphology

Minimal-invasive PCI involves intraluminal analysis and treatment of cardiovascular lesions
by passing instruments and imaging catheters through arteries, e.g., transfemoral or transra-
dial. Guidewires are initially positioned at the region of interest, e.g., under external X-ray
angiography guidance. Subsequently, these wires and external imaging assist in navigating
the instruments and imaging catheters.

Intravascular imaging has been proposed to improve the diagnosis and therapy of cardio-
vascular diseases [127-130]. During PCI, intravascular imaging is performed interventional
in addition to previous external imaging, e.g., X-ray angiography or MRI. Local examination
of tissue structures with higher image resolution promises a more differentiated diagnosis,
e.g., in determining the stage and extent of plaques [33, 131-134|, assessing coronary stent-
ing [135-137|, or monitoring the course of therapy [138, 139]. Several studies demonstrate
the increased diagnostic and therapeutic impact of intravascular imaging compared to con-
ventional X-ray angiography [32, 140]. Most commonly, IVUS and IVOCT have been applied
for intravascular imaging. While IVUS offers a penetration depth of up to 15 mm [141], the
imaging depth of IVOCT is limited to a few millimeters [142]. Thus, IVUS is preferred
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Figure 3.1 Exemplary view on user interface of the clinical IVOCT imaging system, [lumien
Optis. The cross-sectional IVOCT images (right) enable an analysis of vascular layers. The
long section (bottom) displays the vascular geometry, assuming a straight probe trajectory.
A rendered three-dimensional visualisation of the image data is shown on the left.

for examining lesions in the main trunk of coronary arteries that have a luminal diameter
of up to 6mm. However, IVOCT has been reported as a promising tool for detailed tis-
sue examination due to its increased resolution compared to IVUS [143, 144]. Especially,
the differentiation of plaque stage, e.g., lipid and calcified, and estimation of morphological
dimension is improved with IVOCT [145].

An exemplary visualization of IVOCT image data is shown in Figure 3.1. While two-
dimensional cross-sectional views of intravascular image data have primarily been inves-
tigated to assess luminal diameters or distinguish vascular lesions, the three-dimensional
representation of intravascular images promises an additional benefit, e.g., by analyzing the
longitudinal expansion of a plaque formation. However, the spatial reconstruction is based
on simplified probe motion assumptions, hampering the assessment of the actual three-
dimensional shape of vascular structures. Imaging catheters are fed through the vessel
structures at unknown spatio-temporal trajectories during imaging acquisition. In mod-
ern clinical catheter labs, intravascular imaging is therefore often combined with external
imaging or catheter tracking systems to enable spatial registration of intravascular imaging
data. Even if vessel geometry can be assessed from external imaging, detecting and com-
pensating for the relative motion between the probe and tissue is difficult. These unknown
relative motion profiles lead to imaging artifacts caused, for example, by heartbeat motion
or catheter bending [146, 147|. Given the need for accurate quantification of plaque diam-

eter and length, as well as the importance of three-dimensional reconstruction and spatial
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registration of intravascular image data, these have become essential research challenges.

In the following sections, we give an overview of intravascular imaging systems that have
been applied for PCI. Furthermore, we will present several miniaturized probe designs that
have been developed for intravascular imaging applications. In addition, various concepts
for three-dimensional image reconstruction involving external imaging or catheter tracking

have been investigated and are described below.

3.1.1 Intravascular Imaging Probes

In recent years, miniaturized probes for intravascular imaging have been introduced that
encompass different modalities and mechanical designs. On the one hand, probes differ in
the type of motion required to acquire cross-sectional or three-dimensional images. IVOCT
imaging probes are usually composed of a single side-viewing imaging optic that needs to be
rotated and translated for three-dimensional image acquisition [148-152]. For IVUS image
acquisition, single-element or multi-element probe designs have been developed [153-155].
Arranging multiple piezoelectric elements in a circular shape enables beam forming and
cross-sectional image acquisition without probe rotation, also referred to as solid-state IVUS
probes [156, 157].

For IVUS and IVOCT probes with a single imaging optics or a single piezoelectric element
embedded, also referred to as mechanical probes, rotation by either proximally or distally po-
sitioned motors has been proposed. Proximal actuation allows for a simplified probe design
with the disadvantage that the acquired image data may be distorted due to heartbeat mo-
tion [146] or non-uniform torsion of the catheter, also referred to as Non-Uniform Rotational
Distorsion (NURD) artifact [158-161]. Miniaturized motors have been embedded at the dis-
tal end of imaging catheters to minimize the influence of catheter bending and torsion on
the image acquisition [162-165]. Furthermore, probe designs with a distally actuated prism
have been proposed, e.g., for analyzing lung tissue [166]. In these probe designs, piezoelectric
actuators enable an oscillating motion of the prism positioned in front of the optical fiber.
These distally actuated probes have the major drawback of increased dimensions and require
a large number of wires that need to be passed through the catheter. Imaging catheters are
designed for single-use, which requires a very low-cost and straightforward production pro-
cess for the probes. Therefore, affordable imaging probes with distally positioned motors
have not yet been developed for clinical practice.

In addition to the mechanical probe design, different optical designs have been studied
to improve the imaging characteristics for IVOCT. Imaging optics developed for IVOCT

catheter usually comprise single-mode fibers spliced to GRIN fiber lenses for optimal focus-

31



ing. Employing an angle-polished fiber-tip enables lateral deflection of the imaging laser
beam [167, 168] with small core diameters of up to 0.02 mm. Alternatively, lens-free optical
probes have been proposed with angle-polished multi-mode fiber optics spliced to a single-
mode fiber [169]. Further miniaturization of IVOCT imaging optics has been achieved by
novel 3D printed optics [170, 171] or fiber ball lens setups [172|. A significant drawback of
IVOCT imaging is the need to administer contrast agents to prevent imaging artifacts caused
by blood particles. Thus, IVOCT catheters with expandable balloons have been presented

to minimize imaging artifacts and astigmatism [145, 173].

3.1.2 Image Reconstruction Methods

Two- or three-dimensional representations of intravascular imaging data are used to analyze
cardiovascular disease. While cross-sectional views help to diagnose the type of artery le-
sions or stent apposition at a particular position, three-dimensional models are necessary to
interpret the extent of a lesion [174]. Assuming perfect imaging conditions for single-element
or single-optic probes without catheter bending and rotational artifacts, three-dimensional
reconstruction of intravascular image data can be performed solely based on the set motion
parameters for probe rotation and translation. However, these optimal conditions are no
longer valid for in-vivo image acquisition. The imaging probes follow trajectories of un-
known curvature through the artery, and heartbeat motion influences the image acquisition.
Thus, various methods have been proposed for optimizing the three-dimensional arrangement
of intravascular image data.

For example, the co-registration of IVOCT and DSA image data has been studied, e.g.,
based on rigid registration methods [175-177|, to improve the interpretation of IVOCT image
data. In these studies, the cross-sectional IVOCT images are registered to spatial positions
within the DSA images. As the DSA images are usually acquired from one orientation,
only projective views of the three-dimensional vessel structures are available. This leads
to potential inaccuracies in registration and spatial interpretation. Therefore, advanced
methods for extracting three-dimensional vessels from a single DSA image have been studied
in recent research.

As a first approach, the DSA image data acquired successively from two projective views
have been triangulated, which allows an optimized reconstruction of three-dimensional vessel
structures [178-181]. Subsequently, the cross-sectional intravascular images are arranged on
the resulting three-dimensional luminal centerline of the vessel structure [182]. However,
this approach neglects the heart motion and related vascular deformation that occur during

image acquisition. In particular, an equidistant temporal sampling is assumed even though
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non-uniform IVOCT probe translation might occur. With the recent developments in SS-
OCT systems, high A-scan rates of up to 6 MHz have been achieved, enabling the acquisition
of IVOCT image data within one heart cycle [183] and minimizing heart motion artifacts.
However, catheter bending might still influence the spatial sampling of the IVOCT images.

In more advanced approaches, bi-plane angiography systems have been applied to es-
timate the pose of objects in three dimensions and over time [184], e.g., for stereoscopic
tracking of instruments [185] or catheters [186]. Using this spatio-temporal information on
the imaging probe trajectory, the cross-sectional IVOCT images are arranged.

Even with optimized spatio-temporal probe trajectory estimation, inaccuracies in three-
dimensional vascular reconstruction arise due to the unknown occurrence of NURD artifacts.
Consequently, assigning too many or too few A-scans to one cross-sectional image leads to
a distorted representation of the reconstructed artery volume. Thus, additional methods
for NURD correction have been presented [187-189]. One approach considers speckle decor-
relation to quantify the distortion [190]. Furthermore, non-rigid registration using fiducial
markers at the catheter shell has been proposed [191].

In addition to the spatial arrangement of the intravascular image data, various methods
focusing on the segmentation of vascular tissue structures have been studied [192]. Beyond
the segmentation and classification of vascular lesions, i.e., different stages of plaque forma-
tions [33, 193-195], the segmentation of the vascular lumen wall is of interest for volumetric
vessel analysis [196, 197]. In particular, deep learning approaches show significant benefits
when processing in-vivo intravascular image data with varying speckle characteristics, e.g.,
for the segmentation of lumen [198,; 199] or stent struts [135].

In this thesis, we study IVOCT to quantify vascular morphology and aim to system-
atically assess the limitations in three-dimensional reconstruction using different external
imaging modalities, i.e., bi-plane DSA and MPI. In contrast to previous studies that were
conducted in-vivo, the demonstrated methods are examined in an artificial experimental
setting with reasonable ground truth information on the three-dimensional vessel geometry
and the imaging probe motion. First, we investigate the performance of different volume
reconstruction methods. Specifically, we introduce a concept for A-scan wise volume re-
construction and analyze the quantitative difference to conventional slice-wise approaches.
Second, we explore MPI as an alternative non-invasive imaging modality for external catheter

tracking and reference quantification of vascular morphology.
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3.2 Quantification of Soft Tissue Elasticity

Various diseases, e.g., cancer or fibrosis, lead to morphological changes in the soft tissue. In
addition to the morphology, variations in elastic properties are often a decisive clue for the
diagnosis. While diagnosis by manual palpation of tissues is prone to subjective impressions
and requires a lot of experience, various sensor technologies, e.g., strain gauges or imaging
probes for quantitative analysis, have been investigated in recent years [200]. In particular,
several methods for quantifying the elastic tissue properties have been introduced [35, 201
203]. Initially, sensors or imaging probes for examining tissue properties from outside the
body have been explored. For example, ultrasound imaging has been combined with Acoustic
Radiation Force (ARF) to excite shear waves and image their two- or three-dimensional
propagation. In addition, miniaturized sensing and imaging probes have been proposed to
analyze deep tissue structures during MIS [204]. In the following, we will introduce the main
principles of elastography and provide an overview of different miniaturized OCE probe

designs for sensing elastic properties.

3.2.1 Principles of Elastography

Compression-based and shear wave elastography are the two primary methods considered
when estimating the mechanical response of soft tissue [205, 206]. The tissue is mechanically
stimulated or deformed in both methods while image data is acquired. Subsequently, the soft
tissue displacements and deformations are estimated from the image data to determine the
elastic properties. The compression-based elastography approach involves analyzing elastic
properties based on the relationship between the applied stress, o, and the measured strain,
e [207]. Local deformations Ad in tissue of width d subjected to loading with a particular
force Fj,q and over an area A are imaged with a high axial resolution to estimate the elasticity,
also referred to as palpography [208, 209]. The Young’s modulus E results as
g Finad

E=2=Jnd

(3.1)

Shear wave elastography approaches promise the quantitative analysis of soft tissue elas-
ticities. By stimulating a fast periodic movement of the soft tissue, a transverse wave, also
known as a shear wave, propagates in addition to the initiated longitudinal pressure wave.
These shear waves oscillate perpendicularly to the direction of movement. In general, the
velocity of mechanical waves increases with the stiffness of the medium. Thus, the modulus

of elasticity F for homogeneous, isotropic materials can be determined from the measured
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shear wave velocity vs with
E =2p02(1 +v). (3.2)

When solving this equation for soft tissue, a poisson ratio of ¥ = 0.5 and the tissue density
ps is assumed as introduced in [210].

In summary, the shear wave elastography approach requires the excitation of mechanical
shear waves and the quantification of their wave propagation characteristics through tissue.
For this purpose, two different wave-sampling approaches have been considered, i.e., transient
and wavelength elastography. Transient OCE approaches require an accurate calibration of
the spatial distance As between wave excitation and imaging. The duration At a single
wave travels between excitation and imaging position is extracted from the acquired image

data to estimate the shear wave velocity with

B As
At

Us (3.3)
On the other hand, wavelength elastography approaches involve deriving the shear wave
velocities from the general wave characteristics, namely wavelength A\ and frequency f;.

The shear wave velocity vg results as
Vs = Ag fs. (3.4)

Here, it is assumed that the shear wave frequency fs remains constant when traveling through
tissues of varying densities under isotropic conditions. Consequently, to estimate the shear
wave velocities with these OCE approaches, it is essential to assess the variations in shear
wavelength Ag.

Compression-based and shear wave elastography approaches involve applying a mechani-
cal load to the tissue and imaging the related tissue response over space and time. The OCE
imaging setups are differentiated by their spatial orientation of excitation and imaging, as
shown in Figure 3.2. In compression-based approaches, the imaging and excitation axes are
usually oriented confocally to each other [211]. This configuration ensures that the motion
is applied and imaged at the same point in the sample. In wave-based elastography, various
setup configurations have been proposed to analyze different spatial components of the shear
wave propagation [212|. Most commonly, imaging setups have been investigated where the
wave motion and the imaging axis are parallel, thereby maximizing the measured motion
amplitude. For benchtop OCE setups, most commonly, surface acoustic waves are studied
that require the excitation of the shear wave at the tissue surface and with a certain distance

to the OCT imaging FOV (see Figure 3.2, right). In most confocal excitation and imaging
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F. 4 OCT Piezo OCT
Scanhead

Figure 3.2 Visualizations of exemplary mechanical loading approaches applied at the tissue
surface relative to an OCT imaging scan head. For compression-based OCE, by applying an
indentation Fj,q quasi-stationary tissue deformations (blue arrows) are induced, leading to
height differences Ad. In wave-based OCE, shear waves with small motion amplitudes (blue
and red circles) are excited, e.g., using a piezo.

setups [211, 213], the excitation source is positioned around the imaging optics. In addition,
confocal wave-based OCE setups have been proposed where the longitudinally propagating
shear waves are measured [214].

The spatial and temporal variation of the mechanical loading for different OCE ap-
proaches is visualized in Figure 3.3. The elastography approaches differ in the spatial extent
of the applied stress, i.e., whether it is broad or punctual excitation on the tissue surface
or local stress applied within the tissue. The temporal characteristics also vary depending
on the elastography principle and the type of loading. In Figure 3.3, the different loading
schemes are highlighted in color and arranged according to their spatial and temporal ex-
citation type. For compression-based OCE, quasi-static mechanical loadings are applied.
Here, slow variations in mechanical compression are used, and deformation and relaxation
processes of the tissue are analyzed. In shear wave elastography, faster mechanical excita-
tions are applied, usually forming a point excitation in space. Referring to the temporal
characteristics, harmonic or multi-frequency actuation schemes have been presented, e.g.,
involving small Piezoelectric Transducer (PZT)s or ARF [215]. In addition, single-impulse
loadings, e.g., using ARF, air-puff, or laser excitation, are considered for shear wave elastog-
raphy. These single-wave excitation schemes are often employed in transient elastography
approaches, as introduced in Equation 3.3. In Figure 3.3 studies investigating the applica-
tion of miniaturized imaging probes from within the tissue are highlighted with black circles.
Considering this small number of studies, the importance of studying the application of OCE

probes not also on the tissue surface but also from within the tissue is highlighted.
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Figure 3.3 Overview of OCE approaches separated by spatial and temporal characteristics of
the mechanical loading. Compression-based OCE approaches with quasi-static or harmonics
loading schemes have been proposed using either wide-area tools [216-219] or specific needle
probes for indentation on the surface [220-222| or within the tissue [223]. Moreover, intra-
luminal pressures are applied to facilitate quasi-static compression for OCE of vascular or
airway structures [224-226]. Quasi-static [227], harmonic [228-232|, multi-frequency [232,
233] and impulse [232, 234]| loading profiles have also been applied using PZT, i.e., in ring
actuator shape. Stimulation of shear waves with ARF has been presented in various setups
on the tissue surface utilizing air-coupled setups [211, 235, 236|, or water coupling [213,
237-241]|, or from within the tissue [242-244] with impulse, harmonic or multi-frequency
actuation schemes. Air-puff excitation techniques enable non-contact impulse excitation on
the tissue surface [245, 246|. Laser-pulse stimulation of shear waves has been proposed for
application at the tissue surface [247-249| and has been extended with an injection of nano
bombs for wave excitation inside the tissue [214, 250]. For each study, a colored dot repre-
senting the loading principle is shown. Circled dots indicate that miniaturized OCE imaging
probes have been applied.
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For all loading schemes, spatial and temporal sampling schemes need to be optimized
to achieve a precise assessment of shear wave velocity. For transient OCE approaches,
the distance between excitation and imaging As should be adequately defined and remain
constant during signal acquisition. Additionally, the temporal sampling should be maximized
to accurately determine the run time At; between shear wave excitation and imaging. In
the case of wavelength elastography approaches, imaging setups must effectively sample
the spatial propagation of the shear wave, which involves capturing a sufficient number of
sampling points along its cosine waveform. For benchtop OCE setups, consistent spatial
sampling is enabled with precisely adjusted optical scanning setups that offer high lateral
resolution. In Section 2.1, two imaging modes are introduced: BM-scans and MB-scans. In
BM-scan mode, entire B-scans are acquired sequentially as a shear wave moves through the
imaging field. In MB-scan mode, A-scans are captured rapidly at a fixed position while a
wave is excited, and this is repeated across different spatial scanning positions. This mode
enables higher temporal sampling rates but involves complex and repetitive excitation and
imaging processes. The collected A-scans are then rearranged into two-dimensional image
sequences.

In summary, accurate spatial and temporal sampling is crucial for optimizing quantitative
elastography with these different OCE approaches. Most importantly, to assess small tissue
displacements over a short time period. For example, the spatial distance As between wave
excitation and imaging must be calibrated carefully to extract the shear wave velocity using
Equation 3.3. Especially for wave-based elastography approaches involving harmonic or
multi-frequency mechanical loading schemes, the OCT image data must be acquired with

high temporal sampling rates.

3.2.2 Miniaturized Elastography Probes

While various OCE setups have been demonstrated for ex-vivo or enface tissue analysis [216,
237, 251-253|, translation to miniaturized imaging probes is still being explored. Several
challenges arise when designing OCE probes for minimally-invasive applications. Relevant
OCE probe designs studied for compression and shear wave elastography are summarized
in the following. In Figure 3.4 miniaturized probe concepts for compression-based or shear
wave elastography are exemplarily shown.

At first, compression-based OCE probes have been proposed with single-fiber optics em-
bedded in the tip [220, 221]. These designs enable the measurement of axial tissue dis-
placements by evaluating the OCT image data acquired. Compression-based elastography

requires a reference sensing of the applied stress to ensure quantitative analysis as intro-
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ARF OCT Probe

Figure 3.4 Exemplary probe designs for compression-based and wave-based OCE.

duced in Equation 3.1. Therefore, additional sensors [222] or imaging optics [223] have been
incorporated in recent OCE probe designs, enabling a reference measurement based on the
principle of Fabry-Perot interferometry. Similarly, a multi-purpose needle design has been
presented that combines force sensing based on Fiber-Bragg Grating (FBG) with OCT imag-
ing at the needle tip [254]. However, these probe concepts only allow for one-dimensional
imaging, and thus, a tissue displacement analysis is limited to a single spatial axis. In conven-
tional benchtop compression-based OCE approaches, the lateral tissue displacements have
been considered involving two-dimensional imaging acquisition [218|. Embedding imaging
optics for two-dimensional image acquisition in medical instruments is complicated in terms
of fabrication and miniaturization. However, a concept for intravascular compression-based
OCE has been presented, requiring high A-scan rates of up to 3 MHz and a stable OCE
probe position [225] to enable the acquisition of BM-scans. Here, intraluminal pressure has
been applied to induce tissue displacements. The compensation of NURD using deep learn-
ing has been addressed in related studies to ensure proper overlap of successive A-scans for
an optimized compression-based elastography [255]. Previously, a similar compression-based
OCE probe has been proposed for elasticity estimation in the airway wall [226, 256]. These
concepts are also partly based on probe designs that have been presented for intravascular
Ultrasound Elastography (USE) [208, 257-260] or intravascular OCE [224, 225, 261]. For
hand-held probes designed for use on the skin surface, the miniaturization requirements are
less relevant, so several designs have been proposed for compression-based OCE [219, 262,
263]. Here, the compression is applied manually, and dedicated stress sensors at the probe

surface measure the applied loading.

Miniaturized probes for shear wave elastography have been developed with different exci-
tation and imaging strategies. On the one hand, probe designs with combined wave excitation
and imaging have been presented. Combining shear wave excitation and imaging requires

a compact probe design that does not sacrifice imaging quality. Additionally, sufficient en-
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ergy transfer must be ensured to excite a mechanical wave from the miniaturized probes.
In particular, piezoelectric elements for ARF typically need to be several millimeters in size
to deliver enough energy and therefore generate reasonable motion amplitudes [238-242,
244, 264-266]. Suitable acoustic coupling is necessary for excitation of shear waves with
these elements. A novel probe concept has been presented that combines two US elements
for shear wave excitation and one optic for high-resolution OCT imaging to track shear
waves [244]|. The synchronization of excitation and imaging is improved using this design,
but with the drawback of increased probe dimensions. To facilitate a beam steering for ARF
shear wave excitation from miniaturized probes, a cylindrical transducer array has recently
been combined with a IVUS imaging probe [267]. Embedding optical fibers for photoacoustic
stimulation [247, 248, 268| saves space but requires precise excitation schemes to avoid tissue
heating or damage. In addition, the necessary wiring or fibers are expensive to manufacture
and prone to failure. Alternatively, shear wave OCE probe concepts with an external de-
vice for shear wave excitation have been demonstrated, which promise significantly smaller
probe dimensions [269, 270]. In addition, external excitation of shear waves is more effec-
tive, mainly when relevant relative tissue movements occur and mechanical coupling is not

reliable, e.g., in vascular tissue [271].

Most miniaturized probes for wave-based OCE are again equipped with single-fiber op-
tics to minimize the probe size. Being limited to one-dimensional image acquisition at one
spatial position, the shear wave velocity is estimated based on the transient OCE approach
introduced in Equation 3.3. Similar to IVOCT imaging probes, two- or three-dimensional
image acquisition may be possible with the addition of translation or rotation of the probe.
For wave-based OCE methods, this movement should either be performed at high speed,
ensuring a spatial overlap of A-scans acquired sequentially, or repeated successively for an
MB-scan acquisition in which one excitation and imaging cycle per position is evaluated.
However, performing these probe motion profiles within the tissue in a reproducible manner
is challenging. The resulting uncertainty in the spatial sample might affect the accuracy of
the estimated elasticity. Consequently, concepts for actuating the optical fiber have been
demonstrated, enabling two- or three-dimensional imaging without the need to move the
entire imaging probe. The vibration of piezoelectric actuators or the application of mag-
netic coils allows fiber movement along an axis or in a circular shape. This is a promising
alternative for superficial tissue analysis, especially for laparoscopic interventions {239, 272|.
Recently, a fiber-based OCE probe has been proposed for application in minimally invasive
surgery [273]. However, embedding additional actuators leads to larger probe dimensions,

and the transmission of high voltages creates a relevant risk with direct tissue contact.
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In summary, the design of miniaturized OCE probes poses several challenges, particularly
when estimating elasticity from within tissue rather than just at the surface. Most current
advancements focus on ex-vivo or enface tissue analysis, but reducing the size of probes for
minimally invasive applications is an ongoing challenge. Many miniaturized OCE probes rely
on single-fiber optics, restricting them to one-dimensional imaging and limiting the analysis
to surface or very shallow measurements. This poses a significant challenge for accurately
estimating elasticity within tissue. Attempts to overcome this include actuating optical
fibers using piezoelectric or magnetic mechanisms for two- or three-dimensional imaging,
but these solutions inherently increase the probe’s dimensions and complexity. Moreover,
external devices for shear wave excitation offer an alternative for reducing probe size, but
they come with additional complexity regarding effective mechanical coupling, especially in
dynamic body environments such as vascular tissues. Consequently, achieving consistent
and reproducible measurements within the tissue remains a significant limitation for minia-
turized OCE probes, emphasizing the need for further innovations in probe design as well
as excitation and synchronization techniques. Investigating simplified OCE probes designs
for assessing the elasticity of soft tissue from the inside, e.g., in vascular structures or when

inserting medical needles, is therefore an essential focus of this work.

3.2.3 Image Processing Methods for Elastography

Image processing methods for both probe concepts, i.e., compression-based or shear wave
elastography, focus on deriving tissue displacements from the complex OCT image data. In
particular, either the intensity or phase information has been studied. Furthermore, hybrid
methods have been demonstrated to use both signals [251, 274|. The OCT intensity data
have been studied to assess tissue displacements, especially for compression-based elastogra-
phy approaches with comparatively large displacements. Equivalent to the Loupas algorithm
that has been demonstrated for the quantification of motion in two- or three-dimensional
US images [96], image processing methods have been established for OCT image analysis
from benchtop setups [275|. These approaches focus on estimating the tissue displacements
in multi-dimensional image sequences by calculating the correlations between OCT intensity
images acquired in different displacement states [276]. Secondly, the quantification of tissue
displacements during palpation by evaluating the OCT phase difference has been demon-
strated for compression-based OCE needle probes [220, 277|. Here, the phase difference
‘;—f of subsequently acquired axial scans (see Equation 2.12) is used as a measure of tissue
motion [278].

Shear waves usually generate relatively small amplitudes of soft tissue motion that are
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difficult to resolve within the OCT intensity data. Thus, mainly the OCT phase information
has been elaborated to quantify shear wave motion with subpixel resolution. In particular,
wave-based OCE approaches from miniaturized probes involve analyzing the phase difference
of the OCT signals acquired sequentially at the same spatial position. One important step
in phase signal processing is compensating for phase jumps. Therefore, phase unwrapping

methods have been studied, e.g., focusing on computational approaches [279-281].

Depending on the imaging setup and elastography approach, different image representa-
tions are introduced in Section 2.1, including BM-scans, MB-scans, M-scans, and pseudo M-
scans. Computational image processing methods for the described two- or three-dimensional
image representations focus on extracting the shear characteristics, namely the wavelength
s or frequency f;. Quantifying the shear wavelength A\ requires at least two-dimensional
sampling of the wave propagation, as introduced in Section 3.2.1. In addition, the shear wave
frequency f; must be known. An alternative approach to investigate the spatial wave char-
acteristics is to combine the estimation of temporal and spatial wave characteristics. Here,
transient OCE approaches focus on tracking the shear wave front by constructing space-time
diagrams from BM- or MB-scans [212, 282|. Using this space-time diagram, the slope of the
visible shear wave front has been analyzed, e.g., by applying a Fourier transformation and ex-
tracting the dominant pixel with maximum intensity in the resulting frequency-wavenumber

diagram. The shear wave velocity v, follows as
Vg = (3.5)

with fs and ks describing the shear wave frequency and wavenumber, respectively.

In various OCE studies, the influence of dispersion effects on elasticity quantification
has been discussed [283|. Considering shear wave propagation in soft tissue, dispersion
effects are described as the variance of shear wave velocities with frequency. Based on the
general wave equation 3.4, a constant wave frequency is assumed for lossless propagation
in isotropic media. The frequency stays constant for all tissue properties such that only
the wavelength varies, e.g., due to stiffness. However, the shear wave speed changes with
frequency for anisotropic media, such as soft tissue. Thus, an evaluation of wave velocities
over a broad frequency bandwidth has been proposed to elucidate tissue characteristics more
extensively [284]. Here, the phase velocities v, are obtained after Fourier transformation

of the space-time diagram using the point with maximum intensity Asmax Over a certain
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frequency band fs,min < fs,i < fs,max with

fs,i

ks,max

Us,ph (fS,i) =

(3.6)

Particularly in tissue structures with an anisotropic or layered structure, the related dis-
persion effects also studied in USE [285] cause the shear wave velocities to increase with
frequency. Analyzing the phase velocity curves for multi-frequency excitation schemes en-
ables an analysis of the tissue viscosity. One crucial approach focuses on quantifying local
phase velocity by evaluating small image crops separately in the frequency domain [286].
Furthermore, the methods define the group velocity as the slope of the phase velocity curve.
The group and phase velocities should be equal whenever single-frequency wave excitations
are applied [287|. However, the reliability of group velocity estimation has been questioned
in recent studies, particularly when artifacts in the Fourier-transformed images hinder the
detection of actual heterogeneous and homogeneous structures.

The described computational image processing methods require proper parameter tuning
to accurately extract the wave peak or wavefront over time or choose the optimal maximum
intensity point in the space-time diagrams. This leads to a particular bias when estimating
threshold values. Thus, deep learning methods have recently been applied to extract the
wave characteristics [288] or to assess the elasticity in an end-to-end fashion [289, 290].
Additionally, the uncertainty in a shear wave speed prediction has been explored using a
neural network with space-time diagrams as input [291]. Another study demonstrates the
advantages of deep learning methods for estimating shear wave speeds in limited field of view
(FOV) sizes, where conventional computational methods are unsuccessful due to the limited
number of spatial sampling points along the wavelength [292].

In summary, image processing methods for extracting spatial wavelength characteristics
are not applicable when miniaturized OCE probes are limited to one-dimensional signal
acquisition. As a result, transient elastography approaches are often employed to estimate
the run time Aty between the excitation and imaging points, as described in Equation 3.3.
This method requires a known distance As, and peak detection methods to extract the
shear wave front from M-scans [293]. While benchtop OCE setups provide stable spatial
and temporal sampling of two- or three-dimensional images, miniaturized OCE probes face
challenges due to relative motion in tissue. Variability in probe positioning and unstable
mechanical coupling can affect the accuracy of elasticity measurements. Additionally, optical
tissue properties such as attenuation affect OCT signal quality and sampling accuracy. This
thesis systematically examines these limitations and their effects on the spatial and temporal

sampling of shear wave parameters.
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3.3 Quantification of Soft Tissue Interactions

In various medical interventions, needles are inserted in soft tissues and navigated to a
target position. In the field of anesthesiology, needles are used to apply anesthetic drugs in
vessel structures or next to nerve structures [294]. For tumor tissue diagnosis or therapy,
needles are navigated toward the lesions to either perform a biopsy or for seed placements
for brachytherapy [295]. External imaging modalities, such as US imaging, are applied to
assist in needle navigation [296]. However, several imaging artifacts arise when observing the
insertion of metallic needles, impeding the detection of the needle tip in the image data [297].

On the other hand, even if US imaging is available in most clinical settings, navigation
requires proper interpretation of the image data and spatial registration of the needle tip
and target region, which often occurs in the doctor’s mind. Finally, the puncture success
rate depends on the physician’s experience and training. In addition to external imaging,
the physician commonly uses the forces felt at the needle shaft to differentiate tissue struc-
tures [298]. The felt resistance, the number of Loss-Of-Resistance (LOR) events [299], and
the increasing or possibly varying friction are used as surrogates for needle navigation. Hence,
several approaches have been derived to simulate, predict, or quantify the forces acting at
the needle tip and shaft during needle insertion [300]. Preserving this analysis of needle and
tissue interactions is essential for minimally invasive or robot-assisted interventions. Here,
direct tissue palpation or instrument contact, as is common in open surgery or manual punc-
ture, is no longer possible. Therefore, more recent studies aim to quantify the properties
of needle puncture, making them tangible for the physician. As one possible application
scenario, in robotic systems with haptic feedback control [301], these force estimates could
be used to mimic the natural interactions between the needle and tissue, enabling intuitive
needle navigation. For example, minimally invasive robotic systems that ensure haptic feed-
back control [302-305| have been presented, where improved sensing of tissue and instrument

interactions is essential.

3.3.1 Mechanical Characteristics of Needle Insertion

The mechanical characteristics of needle insertions have been analyzed in various studies. On
the one hand, mathematical models are derived to describe the needle insertion mechanics
in soft tissue phantoms [300, 306], e.g., using gelatin or plastisol phantoms. These phantoms
provide a homogeneous structure and mechanical properties similar to those of soft tissue.
In addition, mechanical modeling such as Finite Element Modeling (FEM) or simulations

have been performed [307-310]. However, soft tissue’s fiber or collagen structures are not
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Figure 3.5 Mechanical interactions between the needle and soft tissue for a puncture through
several soft tissue layers. The axial forces measured at the needle shaft are sketched over
time. The force values increase with tissue deformation and compression in front of the
needle (A to B). Once the tissue layer ruptures (B), tissue relaxation leads to a decrease in
force until the stiffness and friction of the next tissue layer increase again (C).

reproduced in tissue phantoms or simulations [311]. Thus, on the other hand, several studies
also analyze the mechanical characteristics of ex-vivo tissue samples, considering different
effects, such as deformation or cutting processes [312]. For example, uniaxial compression
or tensile experiments have been performed on tissue samples to study the corresponding
mechanics [313|. However, a correlation to in-vivo measurements is still limited as several
simplifications are made. Therefore, experimental studies have been proposed, where differ-
ent sensing approaches have been investigated during needle insertion in soft tissue phantoms
or ex-vivo tissue samples [38, 311, 314]. In most studies, the forces acting on the needle have
been used as surrogates to describe the mechanical events during insertion. Analogously,
the main phases and events during needle insertion studied in this thesis are depicted in

Figure 3.5 and correlated to the sensed axial forces.

We assume a sharp needle tip, i.e., bevel or trocar shape, to describe mechanical inter-
actions in a layered tissue during needle insertion. We hypothesize that the following effects
occur for each tissue boundary on the needle path. First, the needle cuts through the cur-
rent tissue layer until the tissue stiffness in front is too high, and tissue displacement and

deformation follow. This increases the axial forces felt at the needle shaft (A to B in Fig-
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ure 3.5). Once the compressed and deformed layer is punctured, a LOR event occurs [315,
316]. Such an event is usually associated with a spontaneous decrease of the axial forces
(B to C in Figure 3.5). At the same time, the deformed and punctured tissue relaxes. A
new resistance then acts on the needle tip, as the following soft tissue structures in front
of the needle tip are deformed (after C in Figure 3.5). The magnitudes of deformation and
displacement before a rupture are related to the tissue structure in front of and around the
needle [317|. In addition, the structure of the connective tissue, as well as surrounding bone
structures, influences the mechanics during insertion. Similarly, the magnitude of a LOR
event is dependent not only on the tissue structures around but also on the needle’s shape
and sharpness [308, 318]. Additionally, the mechanical characteristics sensed during needle
puncture can vary depending on the selected trajectories and the individual anatomies of
patients. For this reason, physicians often do not rely on absolute measured values during
handheld needle navigation, but rather on the relative differences in resistance felt. For a
specific target region, e.g., the epidural space for anesthetic treatment, the physician knows
which structures lie on the planned needle path and can therefore count the number of LOR

events or the number of felt tissue differences to estimate the current needle position [299].

Overall, the four events of tissue cutting, displacement, deformation, and rupture are con-
sidered in this thesis to describe the insertion process. When analyzing force values sensed
during insertion, deformations are associated with rising force values, e.g., due to a resis-
tance on the needle trajectory [300, 319, 320]. Almost constant force values are associated
with tissue cutting. Displacement events might lead to increasing force values, but nearly
constant force values are also possible. The elastic properties of the tissue structures around
the needle influence these displacements and related force sensing. Thus, deformation and
displacement events that have also been reported for needle placement in brachytherapy [321,
322] are not always clearly distinguishable. Rupture events are associated with the cutting of
tissue structures and the spontaneous retraction or relaxation of the surrounding tissue. Ad-
ditionally, substantial deformation and displacement occur before the tissue ruptures. The
related LOR is also visible in the decreasing force values (see Figure 3.5). These rupture
events are often associated with transitions of the needle from one tissue to another, such
as when puncturing tissue surfaces or penetrating deep tissue structures. However, smaller
rupture events can also occur within a specific tissue structure, e.g., when collagen fibers are
punctured perpendicularly. Differentiating between these ruptures within a tissue and at a

particular boundary is crucial when navigating a needle to a specific region.
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3.3.2 Miniaturized Needle Probes

In this Section, we differentiate between miniaturized probe designs that either directly assess
the forces acting on the needle, e.g., using force sensor designs, or estimate tissue properties

from image data acquired at the tip.

The mechanics of tissue and instrument interaction have been studied using various sens-
ing methods applied at either the proximal or distal end of the instrument. First, force
sensing setups have been proposed where Force-Torque (FT) sensors are mounted to the
proximal end of an instrument [40, 323, 324|. The proximal end refers to an attachment at
the rear end of the instrument, e.g., the mounting of a needle shaft. In addition, the instru-
ment tissue forces have been estimated by proximal measurement of the cable tensions of
micromanipulators [325]. Moreover, an audio-based force sensing concept has been proposed
that measures the vibrations acting on the needle shaft [326]. These proximal setups have
the benefit of fewer requirements for sterilization. However, proximal force sensing is hin-
dered by possible friction forces acting on the instrument shaft [308, 327|. Thus, additional
shielding instruments, e.g., needle tubes, have been applied to eliminate the influences of

frictional forces on the proximal sensing [328, 329].

Second, distal sensing has been proposed to improve tactile sensing, which refers to all
measurements performed directly at the instrument tip. While miniaturized multi-axis force
sensors have been presented [330] with much effort in terms of fabrication, also substituting
sensing setups have been developed. The proposed sensing approaches include piezoresis-
tive [331], piezoelectric, capacitive sensing [332, 333|, impendence sensing [334], and optical
sensing technologies. For example, strain-sensing methods have been developed by integrat-
ing strain gauges in MIS instrument tips [335, 336]. Analogously, these sensors have been
incorporated into needles [337].

In addition to optical sensing approaches incorporating strain-sensing, instrument de-
signs with integrated FBG sensors have been proposed [338]|. The applied optical fibers
with installed gratings impress with their small size and simple integration possibilities. In
addition to proximal and distal sensing approaches, FBGs have also been applied to sense
the instrument shape during minimally invasive interventions. For example, when assessing
the bending of an endovascular imaging probe to assist the minimally invasive instrument
navigation [339, 340]. Optical force sensing approaches also involve optical imaging meth-
ods, such as OCT. Placing the optical fiber in front of a cavity whose size varies with the
forces acting at the instrument tip enables force sensing based on the concept of Fabry-Perot
interferometry [341-344|. During versatile calibration processes, an assignment of a mea-

sured cavity size to a force is enabled. The application of deep learning methods has shown
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potential in calibrating these sensing approaches, i.e., estimating the forces directly from the
OCT intensity data [329, 345|. Moreover, a miniaturized optoelectronic sensor measuring
the cavity size with an infrared transmitter and an emitter placed opposing each other has
been studied [346].

Needle navigation based on external imaging has been presented for several applications.
Especially, US guided needle placement is the gold standard in clinical practice and sup-
plements traditional techniques, such as LOR [316]. However, imaging from the outside is
hampered by several imaging artifacts, motivating the acquisition of images directly at the
needle tip. In contrast to force-sensing approaches that attempt to correlate variations in
acquired force curves with specific tissue structures, analyzing image data promises a more
comprehensive tissue characterization.

Acquiring OCT image data at the needle tip is possible with the integration of imaging
optics. As the cavity in medical needles is limited, imaging optics should be minimized
and simplified. Thus, mainly single-fiber optics have been embedded in recent OCT needle
designs. The applied imaging optics vary in terms of complexity and image orientation.
Either forward-viewing [347| or side-viewing imaging optics have been presented. Common-
path imaging was initially developed to enhance signal stability, primarily focusing on OCT
phase signals [348]. Imaging optics are constructed by orthogonally cleaving the fiber tip,
which creates a partially reflective surface for light waves. These reflected waves serve as ref-
erence signals at the OCT detector, while the remaining light continues to the tissue sample
for signal acquisition. This setup eliminates the need for an external reference arm, pro-
viding a stable reference intensity. Maintaining a constant reference intensity is challenging
for external reference arm setups, particularly in flexible applications with significant fiber
movement [349]. To optimize reference intensity characteristics during tissue contact, half-
ball or ball lenses have been spliced to the common-path fiber end [350-353]. The simplified
reference signal acquisition of common-path approaches comes with the cost of an unfocused
imaging beam. Thus, GRIN fiber optics have alternatively been spliced to the fiber end to
achieve appropriate beam focusing and adjustment of the working distance [319, 354-356,
requiring an external reference arm setup. Moreover, focus adjustment of a miniaturized
probe has been proposed by moving the fiber with piezoelectric elements in front of a GRIN
optic [357]|. Image quality is improved with these GRIN probes with the necessity of exter-
nal reference arm setups. All of these forward-viewing imaging optics have been designed
to acquire single-column depth images over time, also referred to as OCT M-scan or pseudo

M-scan, as soon as the needle probe is moved.
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Miniaturized imaging optics have been further developed to acquire multi-dimensional
image data. As proposed for IVOCT catheters, needle probes with imaging directed per-
pendicular to the needle axis have been demonstrated. Here, GRIN fiber optics have been
polished to create an angled fiber end to diffract the light beams [358, 359]. Alternatively,
optical prisms are positioned in front of a GRIN focused fiber optic [360, 361]. Similar to
IVOCT imaging profiles, rotation and translation of the needle probe enable the acquisition
of two- or three-dimensional image data [362-367]. Alternatively, miniaturized scanning se-
tups have been investigated to facilitate two- or three-dimensional imaging without requiring
the actuation of the probe itself. The integration of oscillating mirrors in the tip, as pro-
posed for benchtop OCT setups, is limited due to the restricted space available in medical
needles or instruments. Therefore, imaging probes with embedded micro-motors have been
studied [368]. However, these designs are still comparatively huge, and their repeatability
is limited due to mechanical constraints. Thus, further approaches with a proximally posi-
tioned scanning setup have been presented, where the needle acts as a light tunnel [369, 370].
Other relevant studies on designing minaturized scanning probes are based on methods for
actuating the imaging fiber itself [371]. An oscillating motion of the fiber end is aimed to
achieve two-dimensional scan patterns. Thus, fiber actuation has been proposed by placing
the fiber in between two oscillating piezoelectric elements [372-375|. The endoscopic probe
designs were further refined so that miniaturizations with an outer diameter of up to 1.6 mm
were achieved [376]. Embedding up to four piezoelectric elements around the fiber and ac-
tuating them with interlaced sinusoidal profiles enables a helical motion of the imaging fiber
and thereby the acquisition of three-dimensional image data. Moreover, Lissajous scanning
profiles have been studied to improve the illumination uniformity with the drawback of an
extensive pre-calibration requirement [377]. As an alternative to piezoelectric stimulation,
magnetic stimulation setups have been proposed [378, 379]. However, even though these
actively scanning probes achieve impressive two- or three-dimensional imaging capabilities,
they are not intended for use in direct tissue contact. In particular, the scan patterns would
be severely distorted by the varying refractive indices of the tissue on contact. In addition,
the acquisition of multidimensional image data also limits the sampling frequency and, con-
sequently, the sensitivity in detecting spontaneous motion patterns, such as those occurring

during tissue rupture events.

3.3.3 Image Processing Methods for Soft Tissue Interactions

While directly estimating forces acting on the needle is possible with incorporated sensors,

processing of OCT signals acquired from miniaturized imaging probes is not trivial. On the
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one hand, the image data contains information to characterize tissue using the morphology
information contained as discussed in Section 4.2.2. On the other hand, evaluating the optical
tissue characteristics and motion information from needle insertion promises value for tissue
characterization. This thesis focuses on extracting morphological and motion information
from image data acquired at the needle tip to characterize the punctured tissue structures.

Thus, we mainly introduce related image processing methods in the following.

Conventional image processing methods and deep learning approaches have been devel-
oped that enable tissue characterization by evaluating the OCT intensity signals [380]. At
first, computational analysis of A-scan signal characteristics has been proposed by determin-
ing the number of high-intensity peaks, the intensity decay, or the area under the A-scan
curve [381]. Moreover, attenuation and backscattering coefficients have been derived based
on quantitative models to describe the tissue properties from OCT signals [382-385]. These
methods to extract specific optical tissue features have also been referred to as parametric
imaging [386, 387|. In addition to these computational signal analyses, deep learning meth-
ods have been proposed for classifying tissue structures. While learning approaches with
an end-to-end design [388], i.e., processing the original image data and directly extracting
classification labels, have been proposed to extract any feature information independently,
learning approaches exist that use extracted optical feature values as input, e.g., attenua-
tion coefficients and backscattering intensities [193, 195, 389, 390|. Motivation for the latter
feature-based learning approach is, on the one hand, the limited data set sizes that addi-
tionally should contain enough variability for training a neural network that is capable of
generalizing on unseen data sets. On the other hand, comprehensible classification of neural
networks is essential for application in clinical scenarios [390]. Relying on strictly defined
features will limit the possibilities of unrealistic classifications. However, the disadvantage
remains that crucial image features, which are not directly accessible to the human mind,
may be unused and could be recognized by a neural network. As an alternative, deep learning
methods that incorporate a separate feature extraction component have been proposed [194].
This approach makes the training process more comprehensible by cascading a feature ex-

traction network with a separated classification layer, e.g., using a Support Vector Machine
(SVM).

The assessment of motion in OCT image data has been presented in different studies.
Apart from elastography studies, where motion has been analyzed to study the compression
profiles of tissue or propagating shear waves (see Section 3.2), optimization of imaging char-
acteristics has been proposed by motion compensation [391]. Moreover, a few studies focus

on OCT-based motion estimation to study the interaction of soft tissue and instruments,
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e.g., to estimate the acting forces [303, 392-394]. By utilizing benchtop OCT setups, two- or
three-dimensional OCT sequences are acquired and analyzed in these studies. Dependent on
the motion amplitudes studied, either the OCT intensity or phase signals have been evalu-
ated. Similarly, OCT-based motion estimation has been applied for soft tissue tracking, using
either correlation-based filter methods [395] or deep learning approaches [396, 397]. Analo-
gously, OCT-guided robotic needle insertion, instrument motion has been analyzed from the
volumetric image data [398, 399]. Image data acquired with the miniaturized probe designs
described above also contain motion information. However, as the needle probes are usually
in direct contact with the tissue or hand-held, the relative motion is usually caused by both
the probe and the tissue. Moreover, a spatial arrangement of the acquired one-dimensional
OCT depth scans might be limited. Therefore, the previously described methods for motion
estimation from two- or three-dimensional OCT image sequences are not directly transfer-
able. Related studies focused, therefore, on methods to process these pseudo OCT M-scans
by analyzing the intensity signals, e.g., for proximity sensing [400]. In recent studies, deep
learning approaches have been presented to segment boundaries in the intensity data, e.g.,
using neural networks [352]., In addition, the phase signals have been considered, e.g., for
evaluating the relative motion of tissue and probe [319]. Alternatively, the phase signals ac-
quired during needle insertion have been evaluated to detect blood flow based on the Doppler
effect and thereby vessel structures ahead of the needle tip [354].

As previously described, either the OCT intensity or phase signals contain relevant infor-
mation to analyze relative motion, depending on the temporal characteristics and amplitude
of the motion sensed. During the insertion of needle probes in soft tissue structures, the
motion patterns and related force values vary. To characterize tissue from this varying mea-
sure, a systematic analysis of tissue punctures is necessary. One crucial event during needle
insertion is the LOR, which can also be described as a tissue rupture event. In this thesis, we
aim to describe the image characteristics due to rupture events systematically. We study the
detection of rupture events from different modalities and investigate whether OCT imaging
in front of the needle tip delivers suitable information for tissue characterization, leveraging

both the OCT intensity and phase information.
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3.4 Summary of Research Questions

Modern medical technologies aim to optimize the clinical outcome through minimally in-
vasive interventions or surgeries. Reduced invasiveness results in a shorter healing time,
less pain for the patient, and optimized treatment outcomes for the physician. However,
a substantial drawback of minimally invasive interventions is the lack of haptic and visual
feedback. Even if external imaging or instrument tracking approaches are available, trans-
ferring the information recorded externally or pre-operatively to the intraoperative scenario
inside the patient is not easy. This motivates the need for approaches to assess the soft tissue
morphological, elasticity, and instrument interaction properties directly at the instrument
tips from inside the patient.

Although several modern and miniaturized sensor designs have been presented, their
application in clinical practice remains limited. One important issue is the necessity of ster-
ilization when instruments or needles are used multiple times on different patients. Thus,
low-cost probe designs are preferred for medical applications that are either sterilizable or
disposable. OCT imaging probes with embedded single-fiber optics are investigated as one
such solution in this work. Embedding optical fibers in medical instruments, such as needle
probes or catheters, offers substantial benefits over conventional sensing technologies, e.g.,
FBG and piezoelectric sensors, as the fibers and imaging optics are small and easy to man-
ufacture. In addition, OCT imaging offers a high spatial resolution, and novel high-speed
imaging systems enable the acquisition of several million A-scans per second. However, ex-
tracting physical parameters from the complex OCT image data is not trivial, which is a
major focus of this thesis. We aim to study the application of OCT imaging as a sensor
for tissue characterization with high spatial and temporal resolution. We aim to minimize
the effort required for probe manufacturing by utilizing simplified imaging optics. Through
advanced image processing, we aim to extract significant tissue characteristics even from
blurred image data. In particular, we investigate the OCT intensity and phase signals to
extract relevant features for analzying soft tissue morphology, elasticity, and relative motion.
In contrast to imaging modalities typically applied from outside the patient body, such as
MRI or US, imaging probes with single fiber optics limit the possibilities for capturing tissue
properties in two or three dimensions. Moreover, once the imaging probe is applied from
within the patient’s body, the imaging coordinate system becomes unstable, and its global
position is typically unknown. In the following, we introduce the research questions studied
in this thesis to assess tissue characteristics from miniaturized OCT probes.

In our first research question, we investigate the accuracy of morphology reconstructions

given a clinical IVOCT imaging catheter. A miniature optical fiber is positioned within a
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catheter shell, with a 45-degree polished prism attached to the distal end of the fiber. A ro-
tation and translation of the fiber result in a helical scan profile, delivering three-dimensional
information from within the vascular structure. Usually, the allocated A-scans per revolu-
tion are assigned to a cross-sectional image of the artery. These two-dimensional images are
further used to analyze and classify the lesion stage. However, this image representation
contains imaging artifacts from relative tissue motion due to the pulsation and contraction
of the heart. Furthermore, the IVOCT probe follows an unknown spatial trajectory in the
curved arteries. However, most three-dimensional IVOCT image reconstruction methods are
based on simplified probe geometries and motion trajectories. They, therefore, neglect the
specific orientation and position of the A-scan. Thus, imaging artifacts due to uneven and
unknown spatial sampling of the A-scans are not compensated during the three-dimensional
reconstruction of the image data, leading to inaccuracies in artery reconstruction. Conse-
quently, relevant under- or overestimations of coronary diameters and stenosis expansion.
As one approach to assist in three-dimensional IVOCT image reconstruction, bimodal imag-
ing has been applied by imaging the vascular structures using IVOCT and tracking the
probe motion with an externally applied second imaging modality. The first aim of this the-
sis is to systematically analyze and optimize the two- and three-dimensional morphological
reconstruction of coronary arteries from IVOCT M-scan data. We compare different recon-
struction methods, including vascular centerline analysis or catheter tracking from external
imaging. We systematically study the imaging and relative motion artifacts that influence
morphological reconstructions and emphasize the importance of compensation.

Summarized, the first research question of this thesis is:

e How to sample the A-scan acquisition, pose, and orientation during pullback and ro-

tation of the IVOCT probe with different external imaging modalities?

Our second research question investigates the quantification of soft tissue elasticity from
within the tissue with a miniaturized OCE probe. We aim to measure the propagation
characteristics of excited shear waves with a simplified optical probe design. Using this probe,
we study two main challenges. Initially, while most OCE approaches focus on acquiring two-
or three-dimensional image data, the studied probe design involves a single spatial sampling
position with one-dimensional imaging only. Consequently, the shear wave characteristics are
evaluated based on the transient OCE approach. Second, in contrast to common benchtop
OCE setups and miniaturized wave-based OCE probes that measure the wave propagation
on the tissue surface, we aim to investigate the shear wave propagation in deeper tissue.
Once the probe is no longer outside but inside the tissue, it is more difficult to determine

its spatial position, especially relative to a wave excitation source. In this thesis, we aim to
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systematically analyze the wave excitation and sensing capabilities for different OCE probe
positions relative to the shear wave origin. We investigate calibration approaches to achieve
reliable spatial and temporal sampling of the shear wave. Finally, we investigate a dual-fiber
probe design to minimize the effort required for temporal synchronization of wave excitation
and imaging. We aim to enable reproducible elasticity estimates even for unstable probe
positions relative to the excitation source.

This leads to the research questions related to our second application:

e How to quantify soft tissue mechanics from a miniaturized imaging probe independent

of the origin and direction of the shear wave?

In our third research milestone, we investigate the soft tissue interactions that occur
during needle insertion. We propose a simplified, miniaturized probe design for OCT imaging
at the needle tip. The one-dimensional depth-resolved scans captured in front of the OCT
needle tip do not offer the usual two- or three-dimensional image representation known from
other imaging modalities. However, we aim to study the motion characteristics based on
the complex spatio-temporal OCT signals. We hypothesize that both imaging and insertion
speed influence the appearance of speckle patterns of tissue structures in successive A-scans.
Consequently, we develop specific image reconstruction and interpretation methods in this
thesis. We evaluate the spatio-temporal features of the complex OCT data to derive methods
quantifying needle and tissue interactions during insertion. First, we quantify the particle
slope to distinguish between tissue and relative motion, enabling the detection of ruptures
during needle insertion. Second, we apply deep learning methods to classify rupture events
in the insertion data. To verify our findings, we compare measures from OCT data with
external sensing and imaging.

Consequently, the following third research question is investigated in this thesis:

e How to sample and interpret the sequence of complex OCT depth scans from needle

puncture for tissue characterization?

We face the challenge of interpreting image data based on versatile and initially unknown
scan patterns for all three application scenarios. Therefore, investigating methods to assess
the related relative motion patterns between probe and soft tissue, e.g., by externally applied
imaging modalities or from the OCT image data itself, is the primary focus of this thesis.
Moreover, we investigate methods for individual or combined analysis of OCT intensity and
phase signals. Addressing also the varied spatial and temporal motion patterns studied. In
summary, we study various miniaturized OCT imaging probe designs and the capabilities
for extracting and interpreting relevant information from complex OCT data to characterize

soft tissue structures.
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Chapter 4

Material and Methods

4.1 Miniaturized Imaging Probes

In this thesis, different designs of miniaturized OCT probes for soft tissue characterization are
investigated. The purpose of these probes is to acquire high-resolution image data from inside
the human body. OCT imaging inherently offers the ability to record depth-resolved scans
with a resolution of up to a few micrometers. When applied from outside the human body,
optical scanning setups are typically used to acquire two- or three-dimensional images of the
tissue. However, it is hardly possible to integrate these scanning setups into miniaturized
probe designs. This work, therefore, focuses on incorporating imaging optics that are firstly
simple to manufacture and secondly as small as possible, resulting in designs that are limited
to acquiring one-dimensional OCT depth scans. In particular, probe designs for radial and
axial acquisition of one-dimensional depth scans are being investigated. Figure 4.1 visualizes
the probe designs studied to assess vascular morphology, soft tissue elasticity, and soft tissue
interaction. The infrared imaging beam is aligned perpendicular to the probe axis for studies
of morphology and elasticity. A probe design with imaging aligned axially to the probe is
proposed to study the interaction with the soft tissue during needle insertion.

The main challenges in applying these probes in the human body are, firstly, the limita-
tion to one-dimensional imaging, and secondly, the unknown and unstable coordinate system
of the imaging when they are applied inside the human body. In medical imaging systems,
such as US, CT, or MRI, two- or three-dimensional images are acquired using a fixed im-
age coordinate system. Additionally, the distance between individual pixels or voxels is
known from the system setup or the applied imaging sequence. For one-dimensional imaging
probes, a two- or three-dimensional sampling of tissue structures is possible when the probe

or imaging optic itself is moved. When using a probe with a radially oriented imaging axis,
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Figure 4.1 Visualization of OCT probes applied for quantification of vascular morphol-
ogy (left), soft tissue elasticity (middle), and soft tissue interaction (right). The reference
coordinate systems of externally applied imaging systems are highlighted in black. The one-
dimensional OCT depth scans are acquired along the z,; axis of the probe coordinate system
(blue). Due to probe motion or relative motion of tissue structures, indicated with small
black arrows, the position of the probe’s coordinate system varies over time ¢t = 0,1. Con-
sidering the transient elastography approach investigated, the probe’s position is assumed
to be constant while a shear wave propagates spherically towards the OCT imaging axis.

rotation enables the acquisition of cross-sectional images around the probe. With additional
translation of the probe, a three-dimensional sampling is possible. For imaging probes with
axially oriented optics, two-dimensional scanning might be possible for movements perpen-
dicular to the probe axis. However, performing these probe movements within the human
body is either not possible or not feasible in a reproducible fashion. Thus, equidistant two- or
three-dimensional scanning, as is typically achieved with externally applied imaging systems,
cannot be accomplished.

Given the various probe designs, orientations, and movements during OCT signal ac-
quisition, different image processing steps are required to derive soft tissue characteristics.
For all probe designs, the one-dimensional OCT depth scans are sequentially acquired and
initially arranged side by side, also referred to as an OCT M-scan for a stationary probe, as
described in Section 2.1. In this work, the image coordinate systems of the probes are defined
so that they are located at the imaging optics, and the 2, ;-axis points to the one-dimensional
scanning axis.

Assuming a stationary probe position, the OCT image data is acquired as a temporal

sequence of depth-resolved A-scans, whose complex signal S(z,t) can be specified as follows
S(z,t) = I(z,1)e®=h, (4.1)
with /(z,t) and ®(z,t) expressing the intensity and phase data resolved over imaging depth
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z and time ¢t. Based on Equation 4.1, two-dimensional representations could be derived
as long as the transformation from the temporal to a spatial axis is known. Assuming a
uniformly rotating probe with a radially orientated imaging axis, the temporal representation

in Equation 4.1 could be converted into polar coordinates

S(z, ) = I(z,0)e®%), (4.2)

27rfrot
focr

foctr and the rotation frequency f,o;. After the transformation from Polar to Cartesian

with ¢ = expressing the rotation angle based on the given OCT sampling frequency

coordinates, a two-dimensional representation of the OCT data is possible. Similarly, con-
version from temporal to Cartesian axes is possible if the probe is moved perpendicular to

the imaging axis with a known constant velocity

S(z,x) = I(z,2)e ), (4.3)

with x = f?czT stating the position depending on the sampling frequency focr and the
motion velocity of the probe v,,. A two-dimensional image representation is not possible
for probe designs with equally oriented imaging and movement axes (see Figure 4.1, right).
The spatio-temporal representation in Equation 4.1 could, therefore, be transformed into a

one-dimensional representation only, also referred to as pseudo M-scan in the following,
S(2) = I()e®), (4.4)

with 2/ = fgp? being dependent on the OCT sampling frequency foct and the probe’s
motion v,,. Please note that subsequently allocated depth scans could overlap in space
when the imaging frequency is substantially higher than the probe’s velocity.

Based on these general image representations, the image reconstruction and analysis
methods in this thesis focus on: First, defining the transformation from the OCT image
coordinate systems to the positions of specific tissue structures in the global coordinate
system. Second, estimating the probe motion to reconstruct two- or three-dimensional OCT
image representations, i.e., transforming the OCT M-scan to a spatial representation. Third,
assessing small motion patterns from the OCT signals to analyze the relative motion of the
probe and tissue. In all these methods, external imaging systems are used as a reference, for
example, to estimate the position of the probe in global coordinates or to understand the

physical relationships that lead to variation in the OCT signal properties.
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4.2 Quantification of Vascular Morphology

In this chapter, we explore the capabilities of intravascular OCT imaging for tissue charac-
terization. We perform morphological analyses based on IVOCT data considering different
methods for the three-dimensional reconstruction of vascular tissue structures from radially
acquired OCT depth scans (see Equation 4.2). Further, we analyze to what extent motion
hampers these morphological analyses in the two- and three-dimensional representations of
IVOCT image data. In experimental studies, we systematically analyze the imaging parame-
ters of IVOCT to enable an optimized two- and three-dimensional reconstruction of vascular
structures. We study DSA and MPI as reference modalities to estimate the vascular mor-
phology and the trajectory of the IVOCT probe. First, we assess the vascular morphology
by estimating the three-dimensional trajectory of the probe from the vascular centerline.
Second, we investigate approaches to account for motion during image acquisition by spatio-
temporal tracking of the probe. Third, we study deep learning methods to assess the imaging
parameters directly from the IVOCT image data. Please note that the following methodical
descriptions are based on publications on bi-modal IVOCT and DSA imaging [401, 402]
as well as on bi-modal IVOCT and MPI imaging [403-405]. The latter studies have been
conducted in close cooperation with colleagues from the Institute of Biomedical Imaging, in
particular, Florian Griese. The described methods referring to MPI image acquisition and

analysis have been developed by Florian Griese.

4.2.1 Vascular Imaging Systems

We apply and combine different imaging systems described in the following sections for our
intravascular imaging studies. First, we introduce the clinical and the custom-built IVOCT
imaging setup. Second, we describe the system properties of DSA and MPI, applied for

external visualization and tracking of the imaging probe.

Imaging systems for IVOCT commonly comprise an OCT imaging unit, a motion driver,
and an imaging catheter. Depending on the catheter design with proximal or distal actua-
tion, the motion driver includes a unit for translation and optional rotation of the imaging
probe. The imaging probe is rotated and pulled through arteries using this system setup
while image data is acquired. In this thesis, we use a clinical IVOCT imaging system or
a customized imaging setup described below. The IVOCT imaging setup developed in this
thesis is sketched in Figure 4.2. It consists of an SD-OCT system (Telesto I, Thorlabs GmbH,

Germany) and a custom motion unit with an adapter for optical and mechanical connection
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Figure 4.2 Custom IVOCT imaging setup composed of a SD-OCT imaging system and a
motion unit (gray background). Catheter translation and rotation are performed with two
separate motors. The infrared light (dashed red) is coupled from the SD-OCT system through
the fiber coupler into the imaging probe or reference arm via a beam splitter. Installing the
rotary coupler prevents the twisting of the optical fiber (red) connected to the motion unit.
A computer controls the motion actuation, OCT image acquisition, and trigger recording at
the logic analyzer.

of various IVOCT imaging probes. The spectral-domain OCT system uses a central wave-
length of 1315nm and provides an A-scan rate of focr = 91kHz. The axial FoV in air is
approximately FOVpcr,, = 2.66 mm and each A-scan contains P = 512 pixels.

The assembly of the motion unit is shown in Figure 4.3 and described below. We use
two separate motors to enable translation and rotation of an attached imaging probe. First,
we utilize a brushless DC motor with an optical encoder (DB28L01, WEDS5541-B14-KIT,
Nanotec Electronic GmbH, Germany) to drive a shaft with a 6:1 gear ratio. Second, a
linear stepper motor (LP357550504, Nanotec Electronic GmbH, Germany) enables precise
shaft translation. For the optical connection, a 2x2 beam splitter (TN1310R5A1, Thorlabs
GmbH, Germany) is connected to the light output of the OCT system. The beam is split
into an external reference arm setup and the motion unit. The motion unit contains an
optical adapter for IVOCT probes and a fiber optic rotary joint (FO285, Moog Inc., USA)
that is placed between the beam splitter and the rotating shaft. This rotary coupler prevents
twisting of the fiber connected to the beam splitter when moving the imaging probe.

We use different software interfaces to automate the IVOCT image acquisition. We use
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Figure 4.3 Pictures of IVOCT imaging catheter with highlighted fiber coupler and the
customized motion unit, enabling translation and rotation of the imaging probe. In the
lower right, an enlargement of the imaging optic is shown.

two driver boards to control the motion interface components. We attach an Arduino Uno
board with MotorShield to actuate the linear motor and read input trigger signals. We
achieve a probe pullback speed of up to 1 mms~! with different step modes. Using a motor
driver board (SMCP33, Nanotec Electronic GmbH, Germany), we execute specific rotational
motion profiles. The motor control is written in C++. The following requirements are
important when actuating the rotation. A slow start of the rotation movement is required to
avoid damage to the imaging probe. To enable constant rotational speeds and prevent too
high loads during OCT image acquisition, we limit the maximum probe rotation to 13 Hz.
We control the simultaneous OCT image acquisition and probe motion with a user interface
written in Python. An imaging server written in C++ receives commands for setting the
OCT imaging parameters and enabling or disabling a measurement. Additionally, we utilize
a digital oscilloscope (Saleae Logic-8, Saleae, Inc., USA) to capture the trigger signals of

OCT imaging and motor actuation.

In this thesis, we apply the clinical DragenFly Duo imaging catheter composed of a
flexible catheter shell with 0.9 mm outer diameter and an imaging probe fed through this
catheter (see Figure 4.3). The overall catheter length is given as 1.5 m. At the proximal probe
end, an optical prism is attached to refract the laser beam with an angle of approximately
78°. An optical snap-in connector and mechanical junction are combined at the distal end to

connect to the ILUMIEN Optis motion unit. A schematic of this imaging probe is shown in
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Table 4.1 Comparison of clinical and custom IVOCT system specifications. The parameters
listed refer to the maximum values that can be set.

Parameters ILUMIEN Optis Custom IVOCT setup
Axial resolution 5.21m 6.7 pm
A-scan rate 89 kHz 91 kHz
Rotation rate 180 Hz 13 Hz
Pullback speed 17mms! Imms!
Pullback length 54 mm 20 mm

Figure 4.2. Three metallic rings embedded at the optical fiber shaft of the IVOCT catheter
are used to assess the probe position in externally acquired DSA images. For MPI-based
probe tracking approaches, we additionally apply a magnetic lacquer to the tip of the imaging
optics.

In clinical practice, the ILUMIEN OPTIS system (Abbott, USA), together with the as-
sociated DragonFly imaging catheter (Abbott, USA) and the motion unit, is most used for
IVOCT imaging. The motion unit allows proximal rotation and translation of the imaging
probe. The imaging specifications are compared to the customized setup developed in this
thesis in Table 4.1. Simultaneous acquisition of IVOCT and DSA image data is enabled

using a separate interface.

For our bi-modal IVOCT and DSA imaging studies, we use a bi-plane angiography system
(Allura Xper FD10, Philips GmbH, Germany). This system allows simultaneous acquisition
of 2D images while both arms are positioned in different orientations relative to the target
structure. As soon as an imaging procedure is started, a series of images is recorded with a
frequency fc of up to 30 Hz. We vary the C-arm orientation angles y¢ in our experimental
studies to study the influence of different projective views on the quantitative volume recon-
struction. We combine the bi-plane angiography system with the clinical ILUMIEN Optis
IVOCT system and DragonFly Duo imaging catheter. For synchronous IVOCT and DSA
image acquisition, we use the Optis Integrated system software interface. The DragonFly
Duo imaging catheter consists of three imaging markers that are used in the clinical system

for Co-registration.

For bimodal IVOCT and MPI imaging, we perform experimental studies with a pre-
clinical MPI scanner (MPI PreClinical, Bruker Corporation, USA). The scanner has a bore
diameter of 118 mm with a couch for positioning small animals, e.g., rats or mice. A motion

stage is also built in the MPI scanner to run calibration scans with SPIONs or other particle
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samples. Using the animal couch, we place vascular tissue phantoms of different morpholo-
gies with the inserted DragonFly Duo IVOCT imaging catheter in the MPI device. The
custom IVOCT imaging system enables translation and rotation of the imaging catheter.
We synchronize IVOCT and MPI image acquisition using an electrical trigger connection.
The control software of the IVOCT imaging setup, which is implemented in C++ and run-
ning on a dedicated controller PC, reads the MPI trigger and, in turn, controls the catheter

motion and the OCT image acquisition.

4.2.2 Reconstruction of Vascular Morphology

Three main challenges arise in the correct spatial reconstruction of IVOCT image data.
Due to the flexible IVOCT imaging catheter design, the IVOCT probe will follow different
paths for each pullback, even with similar positioning and actuation profiles. Thus, without
external imaging information, the actual three-dimensional path of the imaging probe is
unknown. Furthermore, the assumed translation of the imaging probe is affected by catheter
bending or heartbeat motion. In particular, heartbeat motion will result in unknown relative
motion between the imaging optic and the vascular structures. Lastly, unknown non-uniform
rotations of the imaging optic, e.g., due to torsion of distally rotated imaging probes, will
result in NURD artifacts.

This chapter investigates different methods for three-dimensional reconstruction of IVOCT
image data. We first evaluate an approach using only the set IVOCT imaging parameters.
Second, we study volume reconstruction methods based on bimodal imaging setups. We
differentiate between methods estimating the three-dimensional vascular shape, the three-
dimensional path of the IVOCT probe, or the 4D imaging probe trajectory assessed from
tracking with an external imaging modality. Third, we examine deep learning methods to
extract the motion information directly from the IVOCT image data.

For all of these investigations, it is important to consider that we define an IVOCT imag-
ing coordinate system that is oriented at the origin of the imaging optics (see Section 4.1).
The z,-axis of this coordinate system is pointing in the direction of the imaging beam. The
xp-axis is aligned perpendicular to this along the catheter shaft, and the y,-axis is, in turn,
perpendicular to z, and z, as shown in Figure 4.1. In the following sections, we estimate the
spatio-temporal displacement of this coordinate system during image acquisition to arrange
the IVOCT image data spatially.

In the following, we describe the lumen segmentation methods and the two- and three-

dimensional morphology reconstruction without information from external imaging, solely
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based on the set IVOCT imaging parameters. We focus on assessing the vascular morphology
and first apply image processing methods to extract the luminal boundary. We define a
three-dimensional representation of the vessel lumen using this boundary information and

the assumed three-dimensional position and orientation of the IVOCT imaging probe.

We use different representations of the vascular image data to achieve lumen segmenta-
tion. At first, we neglect the set parameters for the pullback and rotation of the IVOCT
imaging probe. The image data is initially available as a matrix whose axes refer to the
image depth and time as introduced in Equation 4.1 and shown in Figure 4.4. Hence, we
use this IVOCT M-scan to extract threshold values for image filtering and binarization. In
addition, constant imaging artifacts, e.g., due to reflections from the catheter sheath, are
extracted from the image data. Secondly, we apply edge detection methods to segment the
luminal boundary. We use morphological operations to reduce noise signals and apply a
moving average filter over the temporal image dimension. Subsequently, we extract the first
pixel positions with maximum intensity along the depth axis as a luminal boundary point.

To account for outliers, we smooth the resulting boundary profile over time.

After extracting the luminal boundary, we aim to reconstruct cross-sectional images of
the vascular tissue. Therefore, we use the set rotation parameters f,; of the IVOCT imaging
probe. We assume a uniform rotation profile and, based on the OCT sampling frequency
foct and assign a fixed number H = f.o1/ focT of depth-resolved IVOCT scans to a single
cross-sectional image as shown in Figure 4.4. The helical trajectory of the OCT probe is
neglected, and cross-sectional images of the phantom result after transformation from polar
in Cartesian coordinates. We can assess the center of mass per lumen based on the two-
dimensional representation of the IVOCT images. For this purpose, we transform the luminal
contour extracted from Polar to Cartesian space. Assuming a circular lumen shape, we can
directly estimate the center of mass as the midpoint of the segmented lumen area. For later
described three-dimensional reconstruction methods, it is essential to clarify that the IVOCT

imaging probe is not necessarily positioned within this center of mass.

Next, we consider a method to arrange the reconstructed two-dimensional images using
the set pullback speed vpui. Thus, we define the transformation of the imaging coordinate

system between two consecutive cross-sectional images S; as
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Figure 4.4 Reconstruction of IVOCT cross-sectional images from the acquired M-scan.
Given the probe rotation parameters f,o; and the OCT A-scan rate, A-scans are cropped
from the M-scan and transformed from polar to Cartesian space.

with the displacement along the z,-axis defined as Az, = vpun/ (27 frot). We assume uniform
rotation and translation of the probe and do not assume additional rotation around the
image coordinate axes x}, yp, and 2z, with the angles o, 3,, and ~,, respectively. The cross-
sectional images are arranged equidistantly on the z,-axis in this representation. These
assumptions of a straight probe trajectory and a uniform pullback velocity with a constant
pitch Az, are also most commonly used for IVOCT image reconstruction in clinical systems.

As an alternative to the spatial arrangement of cross-sectional IVOCT images, we inves-
tigate a method for helical volume reconstruction. Here, we estimate the transformations

between each successive IVOCT A-scan A; as

0 0 Az

cos Ao, —sinAay, 0

A TR = , (4.6)

sin Aa, cosAa, 0
0 0 1

o O O =

assuming uniform rotation around and translation along the z-axis with Aa, = foet/ frot
and Az, = vpu/ frot, respectively. Using this helical reconstruction approach, we account
for deviations in spatial sampling due to large pullback speed compared to the IVOCT A-scan
sampling frequency.

Uniform imaging parameters and reconstruction assumptions, as introduced in Section
4.2.2, are unrealistic for in-vivo measurements. Non-uniform motion profiles of the imag-
ing probe will lead to unknown translational (Az,, Ay,, Az,) and rotational parameters
(Aay, ABy, Ay,) of the matrices describing the transformation between cross-sectional IVOCT

images or consecutive A-scans. Thus, we demonstrate different approaches for spatial regis-
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Figure 4.5 Overview of slice-wise IVOCT volume reconstruction methods investigated in
this thesis. In contrast to the conventional approach visualized on the top right, methods for
bi-modal volume reconstruction are studied involving an estimation of the vascular center-
line (red) and probe path (blue) from external imaging. The green dots highlight vascular
boundary points originally imaged in the same plane. NURD artifacts or wrong spatial ro-
tation of cross-sectional images result in deviations of these points that are compensated in
the combined centerline and probe trajectory approach.

tration of IVOCT image data based on external imaging, assessing either the three-dimensional
vascular centerline or the spatio-temporal probe trajectory. The methods described in the

following Sections have been presented in studies focusing on volume reconstruction from
DSA [401] and MPIT [403, 404] as well as imaging probe tracking with MPI [405].

The conventional volume reconstruction method described before is based on two sim-
plifications: first, the IVOCT imaging probe follows a straight trajectory, and second, the
imaging probe is centered in the vascular cross-section. However, due to the curved anatomic
structure of coronary arteries, the catheter does not follow a straight line and, in most cases,
is not positioned centrally in the vessel lumen. Therefore, we want to investigate methods
for volume reconstruction that consider the three-dimensional luminal centerline as registra-
tion points of external and intravascular images, as depicted in Figure 4.5. For optimized
reconstruction of the vascular morphology, we first analyze the external image data from
DSA and MPI to extract the vascular centerline. The necessary image processing steps are

described below.

For our bi-modal IVOCT and DSA studies, we first extract the vascular centerline from
each individual C-arm configuration. We fill the vessel phantom with a contrast agent

and apply a threshold-based segmentation approach to extract the outer luminal contours
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Figure 4.6 A) X-ray image of configuration C;. Segmented catheter trajectory points are
highlighted with blue dots. The contours of the phantom are highlighted with black lines.
The related 2D phantom centerline is depicted in red. B) Cropped intravascular OCT frame
with segmented luminal boundary in white. The respective catheter (blue) and luminal
center of mass (red) positions are highlighted. Figure adapted from [401].

from the X-ray images. For each projective view, the vascular centerline follows between
these segmented contours as shown in Figure 4.6. We transfer this projective information
to the three-dimensional space in the second step. To extract three-dimensional position
information from the X-ray image pairs, we apply a stereoscopic localization approach based
on [110]. A necessary condition for this approach is a known relative pose of the two C-arms.
Thus, we conduct an image calibration using a phantom with embedded steel balls whose
relative positions are known. Using a Point-n-Point algorithm (Posit [406]), we estimate
the transformations from the calibration phantom reference frame to the respective imaging

coordinate systems %T,;,. Consequently, the transformation between the C-arms follows as
Ly I (2 Tn) 7 (4.7)

Finally, using mid-point triangulation, we can determine the corresponding three-dimensional
position in the object coordinate system for a point in the X-ray image.

In the bi-modal IVOCT and MPI studies, we fill the vascular phantom with SPIONss
to visualize the vascular shape. In contrast to bi-plane DSA, we directly receive three-
dimensional images of the vascular structures. We extract the centerline by evaluating the

MPT images slice-wise along the system’s x,-axis. Here, we estimate the center position of
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the luminal cross-sections with sub-millimeter accuracy [116]. Due to imaging effects, we can
only evaluate 24 slices of the MPI imaging FOV. We then use the estimated three-dimensional
centerline as a surrogate for the vessel shape to achieve a realistic three-dimensional arrange-
ment of the IVOCT image data. Therefore, we assign a constant number of IVOCT A-scans
to a cross-sectional image and estimate the luminal center of mass highlighted with a red dot
in Figure 4.6. We discretize or interpolate the centerline assessed from external imaging and
apply spatial registration to the center of mass extracted from each two-dimensional IVOCT
image. We assume that the IVOCT images are orthogonally oriented to the externally as-

sessed centerline.

Alternatively to the reconstruction based on the vascular centerline, we study volume
reconstruction methods by estimating the trajectory of the IVOCT imaging probe. First, we
combine the three-dimensional probe trajectory estimated from DSA [401] with the centerline
estimated. Second, we apply MPI to track the IVOCT imaging probe in three dimensions

over time [405].

Similar to the DSA image processing steps for centerline extraction, we estimate the
three-dimensional IVOCT probe trajectory. We first segment the visible probe tip marker
for all successive DSA images and second estimate the respective three-dimensional positions
after triangulation from the two projective views. Subsequently, we combine the estimated
trajectories of the vascular centerline and the imaging probe. Unlike the reconstruction
approach using the estimated vascular centerline, we align the IVOCT cross-sectional images
orthogonal to the probe trajectory and use the centerline to adjust the angle orientation of
the images resulting from non-uniform rotation profiles with angle «,,. More precisely, we
rotate the IVOCT images around the probe origin, minimizing the distance between the

center of mass estimated from IVOCT and the centerline estimated from DSA.

In comparison, we aim to acquire three-dimensional MPI images over time to assess the
spatio-temporal motion of the IVOCT probe. As introduced before, specific magnetic parti-
cles are required to generate a signal echo that can be measured with the MPI system. Thus,
we use a magnetic lacquer to coat the IVOCT probe tip without covering the imaging optic.
Image processing steps applied in this thesis to extract the 3D+t probe trajectory are similar
to the methods described in [116] and structured as follows. First, a threshold-based image
binarization is performed to highlight the MPI signals induced by the marker from the noise.
Second, we use this binarization mask to find the largest contiguous region with the highest
maximum intensity values. Third, the center of mass of the found region is determined with

submillimeter accuracy as IVOCT probe position per volume over time. These processing
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steps produce optimal results when evaluating an effective MPI imaging FOV. Furthermore,
we apply outlier extraction methods to correct for falsely detected marker positions due to
massive noise signals. Lastly, we smooth the extracted 4D motion trajectory and interpolate
the extracted position to respective IVOCT sampling positions. Using this 4D probe motion
trajectory for the three-dimensional arrangement of the IVOCT image requires an accurate
temporal synchronization of the IVOCT and MPI image data sets. We arrange the IVOCT
A-scans on a helical trajectory as proposed when using the set IVOCT imaging parameters
for reconstruction. Here, we use the pitch of the motion difference in pullback direction Az,
estimated from MPI imaging per IVOCT probe rotation. We assume a uniform IVOCT
probe rotation and arrange the image data with a fixed angular difference Acq,, around the

catheter trajectory.

The accuracy of the methods for reconstructing the vascular morphology is compared to
the ground truth shapes from the CAD sketches of the phantoms using the Dice Coefficient
(DICE) that has been proposed for segmentation analysis [407]. In particular, the DICE is

calculated using the longitudinal or cross sections of the reconstructed volumes as

2
DICE — | Pcap N PL | , (48)
| Peap |+ [ P |

with p;, and poap expressing the respective points of the segmented longitudinal boundaries
or the ground truth points of the CAD sketch. Using p in Equation 4.8 instead of py, results

in the DICE for comparison with the luminal cross sections.
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4.3 Quantification of Soft Tissue Elasticity

In this chapter, we investigate different experimental setups and signal processing methods
to achieve a quantitative estimate of soft tissue elasticity from a miniaturized imaging probe.
In particular, we aim to explore different temporal and spatial sampling schemes to assess the
propagation of excited shear waves accurately. We study different probe designs and shear
wave excitation approaches. In our experimental studies, we systematically vary the setup
parameters to study the influence on the quantification results. For example, we vary the
distance between the excitation and imaging probe. The methods described in the following

Sections are based on experimental studies published [270, 408].

4.3.1 Shear Wave Excitation and Imaging Systems

The shear wave tracking approaches presented in this thesis are based on the concept of
transient elastography. Hence, we excite a single shear wave and investigate its propagation
through the tissue by evaluating OCT signals at distinct positions. Basically, the shear
wave velocity can be estimated from the spatial distance As and the sensed run time ¢, as
introduced in Equation 3.3. These approaches require precise spatial calibration, meaning
that the position of the excitation and imaging needs to be known. Additionally, accurate
temporal sampling is necessary.

In the following sections, we introduce our transient shear wave elastography concept
from miniaturized imaging probes. Particularly, we study how a shear wave can be excited
and measured while the OCE probe is inserted into the tissue. First, we examine a Single-
Fiber OCE (SF-OCE) probe design to track shear waves. In contrast to multi-dimensional
image acquisition setups, we only acquire one-dimensional depth scans to sense the incom-
ing wave. Addressing the high demands of transient elastography on spatial and temporal
calibration, we additionally propose a Dual-Fiber OCE (DF-OCE) probe design. In our
experimental studies, we compare these approaches to elasticity measurements applied from
outside the tissue, i.e., in benchtop OCE and USE.

In Section 3.2.1, we compared various concepts for shear wave excitation. Analogously,
methods to excite a single shear wave pulse at the tissue surface are investigated in this
thesis either using a stacked piezoelectric actuator or with ARF from US probes shown in
Figure 4.7. In the first case, we mount a needle on the piezoelectric stack actuator and place
it on the surface. We use a sinusoidal pulse actuation, which leads to a rapid back-and-forth

movement of the needle tip. This enables the point excitation of a single shear wave that
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Figure 4.7 Visualization of shear wave excitation setups investigated in this thesis. (Left)
We position a piezo stack actuator with a connected rod on the tissue surface and excite
shear waves when actuating vibrations with an amplitude of 10 pm. (Right) Alternatively,
we use a US transducer to excite a ARF. Consequently, a small axial motion is applied inside
the soft tissue (black arrows), followed by a spherically translating shear wave.

propagates as a surface wave with a corresponding spherical wave inside the tissue. Conse-
quently, we can assess the shear wave properties either at the surface with a benchtop OCE
setup or from within the tissue with our miniaturized OCE probe. In the second case, we
position a US linear array probe on the tissue surface. We specify a transmit beam-forming
profile to actuate the probe elements from the outside to the inside successively to focus the
acoustic energy on a specific point in the tissue. Thereby, the sequentially actuated acoustic
waves accumulate in the desired focus point, leading to a small tissue motion. This requires
applying a high actuation voltage and optimal transmit beam forming conditions. The ex-
cited longitudinal motion wave has an orientation perpendicular to the US probe. Assuming
a perfect beam forming and point excitation, we can assume a spherical wave propagating

outwards.

Based on the excitation principles described, concepts for the quantification of soft tissue
elasticity from miniaturized OCE imaging probes are developed in this thesis. The OCE
probe designs demonstrated in this thesis are composed of imaging optics that enable one-
dimensional depth scanning perpendicular to the instrument axis. Meanwhile, the overall
probe diameter should be minimized. Similar to IVOCT imaging probes, this design should
be capable of assessing tissue characteristics radially around the instrument. In Figure 4.8,
the design of the applied imaging optics is shown, encompassing a GRIN fiber and a fiber
prism that are spliced to the end of a single-mode fiber to focus and deflect the beam. First,
the GRIN fiber acts as a lens that collimates the light beam while the outer diameter of

the optics remains small. By integrating a step-index multi-mode or coreless fiber between
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Figure 4.8 (Left) Optical design of our developed OCE probe. A single-mode fiber (SMF)
is used as the foundation of the probe. Next, a coreless fiber (CF) is spliced between SMF
and a GRIN fiber to widen and collimate the beam. Finally, a 45° polished coreless fiber is
used to deflect the optical beam. (Right) Pictures of different OCE probe designs. Finally,
a SF-OCE probe with a minimized diameter of up to 400 pm is shown as sketched on the
left. Below, two probe designs with three or four embedded imaging optics are shown with
diameters of up to 2mm.

single-mode and GRIN fiber, also referred to as optical spacer, we widen the beam and
achieve long working distances. Second, we build a fiber prism by polishing a terminating
fiber to an angle of approximately 45°. By varying the lengths of fiber components used, we

define the respective working distances and axial resolutions.

In this thesis, we investigate a single-fiber and DF-OCE probe design. For the first de-
sign [270], we splice a step-index multi-mode fiber (FG200LEA, Thorlabs GmbH, Germany)
of length 0.6 mm together with a GRIN fiber (G200/220, Fiberware GmbH, Germany) of
length 0.8 mm to a single-mode fiber (SMF-28, Thorlabs GmbH, Germany). Next, we splice
a second multi-mode fiber (FG200LEA, Thorlabs GmbH, Germany) and construct our fiber
prism by polishing the end at an angle of 45°. Using this design, we achieve an outer diameter
of 220 pm for our optics. We embed the described imaging optics in a capillary tube with an
outer diameter of 810 pm and a drilled imaging window. We use UV-curing adhesives to fix
the optical components inside the tube. Lastly, we apply a low-viscosity optical adhesive to
close the imaging window and polish the surface to minimize astigmatism effects. To enable

punctures in tissue, we equip the SF-OCE probe with a conically shaped tip.
With our DF-OCE probe design [408], we aim to sample a propagating shear wave at

two positions along the probe shaft. As an essential prerequisite for our transient shear wave
approach, we specify that the deflected light beams should be aligned parallel. Developing
a DF-OCE probe requires further miniaturization of the embedded imaging optics. Thus,
we splice a GRIN fiber [409] of length 0.95 mm and diameter of 125 um with an embedded

71



coreless fiber acting as an optical spacer to a single-mode fiber (SMF-28, Thorlabs GmbH,
Germany). As a fiber prism, we use a coreless fiber (FG125LA, Thorlabs GmbH, Germany)
of length 140 pm and polish its end at an angle of 47°. We define the lengths for the applied
fiber components to achieve a beam diameter of 60 pm, a working distance of approximately
1.5 mm, and an axial resolution of 7um. We use capillary tubes of 410 pm outer diameter to
stabilize the imaging optics. We align the optics so that the light beams are deflected through
a drilled imaging window. Again, we fix the optical components with UV-curing adhesives
and seal the imaging window with a low-viscosity epoxy adhesive (NOA86H, Norland Prod-
ucts Inc., USA). The flat polishing of the imaging window ensures an almost astigmatism-free

beam focusing outside the probe.

In the final design step, we investigate different alignments of these single-fiber probes in
another capillary tube to obtain multi-fiber OCE probes. First, we designed a probe with
multiple imaging probes oriented around a stabilizing rod. We align the imaging optics at
a certain distance from each other along the probe shaft. At the same time, we want to
ensure that the individual light beams emerge in parallel from the probe. However, this
alignment imaging optics was restricted in manufacturing. In Figure 4.8, two different OCE
probes are shown with light beams deflected in various directions around the probe. To
ensure a parallel beam deflection in our final DF-OCE probe design, we embed two single-
fiber imaging optics that are aligned not next to each other but in a line in a capillary
tube of 1 mm outer diameter. We developed a specific clamping device to adapt and fix the
rotational orientation of the deflected light beams. Please note that the processing of optical
fiber components for the presented OCE probes was carried out by our project partner at
the University of Liibeck. A filament splicer (GPX3800, Thorlabs, Germany) was used to
splice the glass fibers. The fiber prisms were processed using a polishing machine (Trig™

Bare Fiber Polisher, Krelltech, USA) for optical fibers.

With our developed OCE probes, we acquire one-dimensional depth-resolved scans using
a spectral-domain OCT imaging system (Telesto I, Thorlabs GmbH, Germany). The imaging
system contains a broadband laser source and a detector composed of a spectrometer with a
line scan camera as introduced in Section 2.1. For signal acquisitions with our SF-OCE probe,
we connect the probe and an external reference arm over a 2x2 beam splitter (TN1310R5A1,
Thorlabs GmbH, Germany) to the SD-OCT system as depicted on the left in Figure 4.9.
Before signal acquisition, we manually adjust the reference arm length to ensure optimal
positioning of the imaging focus in the acquired depth scan. During this alignment, we also
try to minimize the influence of multiple reflections occurring on surfaces in the OCE probes

design, e.g., imaging windows, and glass fiber end.
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Figure 4.9 Imaging Setups to acquire OCT image data from single-fiber (left) or dual-
fiber OCE probe (right). We insert our OCE probe (A) in a soft tissue phantom (D) and
acquire image data with the OCT system. Depending on the OCE probe design, different
reference arm setups (E) are used. A multiplexer enables high-speed switching between the
imaging optics for our dual-fiber probe. Additionally, an OCT scan head or US transducer
are applied to acquire reference elasticity measurements (B). Shear waves are generated with
a piezoelectric stack (C) or with ARF using the US transducer.

For signal acquisition with our dual fiber OCE probe, we complement the previous setup
with a second reference arm setup and an optical multiplexer (NSSW-3111033, Agiltron Inc.,
USA). Different reference arm lengths are required because the individual imaging probes are
not necessarily of the same length. In addition, signals from both optics cannot be captured
simultaneously with the OCT system. Therefore, we connect each imaging optic with a ded-
icated reference arm to a separate beam splitter and use the optical multiplexer to switch
between the two imaging optics. We apply an Arduino Uno microcontroller to activate the
switching based on the trigger signals of the OCT system. Please note that the used OCT
imaging system sends a trigger signal for each depth scan measured at the detector. Our
overall signal acquisition setups designed for OCE from our miniaturized probes are depicted

in Figure 4.9.

During our experimental studies, we aim to obtain reference elastography measures from
conventional imaging setups applied from outside the tissue. Therefore, we complement our
probe-based elastography setups with external OCE or USE imaging setups described in the
following. First, we designed a transient OCE imaging setup using the scan head (LSMO03,
Thorlabs GmbH, Germany) and a SD-OCT system. Using the scan head’s built-in reference
arm, we adapt the axial height of the imaging FOV and focus point. Given the shear wave
excitation with a piezoelectric actuator on the tissue surface, we vary the lateral orientation

of excitation and imaging by adapting the scanning position with the scan head. After
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shear wave excitation, we sequentially acquire one-dimensional depth scans for a stationary
position of the scan head’s galvanometers. We record the trigger signals of the SD-OCT
system and the signals generated for actuation of the piezoelectric element with a digital
oscilloscope (STEMlab 125-14, Red Pitaya, Slovenia).

To obtain a global elastography reference map in deeper layers of the tissue, we alterna-
tively complement our setup with a high-speed US system (128 Channel Cicada, Cephasonics
Ultrasound, USA) for USE. In particular, we position a linear US transducer (CPLA12875,
Cephasonics Ultrasound, USA) on the tissue surface. Using this transducer, we first excite
a shear wave in a specific position within the tissue by applying ARF and second track the
propagating wave during two-dimensional plane wave image acquisition. The US system
enables the excitation of piezoelectric actuators with frequencies of up to 40 MHz. For ARF
shear wave excitation, we actuate the piezoelectric elements of the transducer one after the
other from the outside to the inside. We repeat this excitation of elements with the maxi-
mum system frequency several times. Consequently, the acoustic waves overlap at one point
in the depth of the tissue, resulting in a small tissue motion perpendicular to the US probe.
Assuming perfectly directed acoustic beams, a spherical shear wave propagates as depicted

in Figure 4.7.

4.3.2 Calibration and Synchronisation

An important prerequisite for transient OCE approaches is an accurate spatial calibration
and temporal synchronization of shear wave excitation and imaging. In the following, we
describe our derived methods for calibration and synchronization. We differentiate between
two imaging setups developed for OCE from our single-fiber or dual-fiber probe.

The first setup for OCE from our single-fiber probe is shown in Figure 4.9. We calibrate
our experimental setup to ensure that the external OCE signal acquisition and the acquisition
from within the tissue are aligned normal to the tissue surface and along the same vertical
line. For shear wave excitation, we position a needle attached to a piezoelectric actuator
on the surface of a gelatin phantom. We insert the OCE probe into the phantom facing
upwards and position a scan head above, which records A-scans in the opposite direction.
Consequently, we can sample the shear wave, which propagates as a transverse wave on the
tissue surface and propagates with corresponding spherical components in the tissue. For
setup calibration and alignment of the OCT imaging FOVs, we design and print a calibration
phantom with a three-dimensional cross. First, we orient the cross centrically in the scan
head’s FOV. We then position the OCE probe over the cross and ensure that the polished
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Figure 4.10 Calibration approach for single-fiber study. We position a three-dimensional
cross underneath the OCT scan head and position the OCE probe imaging window in plane
with the scan head’s FOV. Next, we position the rod for shear wave excitation in the cali-
bration center as a reference to determine the distance between the excitation and imaging
positions.

fiber prism is in the center of the scan head’s FOV as shown in Figure 4.10. During calibration
and signal acquisition, we vary the imaging position of the OCE probe and the OCT scan
head with a linear motion stage or hexapod robot, respectively. Additionally, we vary the
insertion height of our OCE probe by manually adjusting a micrometer screw.

The second setup for the quantification of shear wave velocities from our DF-OCE probe
is shown in Figure 4.9. We align the imaging FOVs of the USE and OCE probes so that the
same areas in the tissue are examined. Moreover, we calibrate our setup, which consists of our
imaging probes and a hexapod robot, so that reproducible measurements are possible with
various orientations of shear wave excitation and OCE imaging positions. In particular, we
use a linear transducer for shear wave excitation and acquire USE image data as a reference.
Therefore, we position the US transducer directly on the phantom surface and aim to insert
our OCE probe in-plane with the US imaging FOV. Please note that our OCE probe is
positioned in a phantom container that is mounted to a hexapod robot. Thus, we vary the
position and orientation of our OCE probe by moving the hexapod. Meanwhile, our US probe
remains in a rigid position above the hexapod. As the first step of our calibration approach,
we position our OCE probe in the water-filled phantom container so that the maximum
reflections occur in the US image. Second, we determine the positions of our imaging optics
relative to the US FOV. To do this, we attach a thin needle with a diameter of 0.2 mm to
the center of our US probe and move the OCE probe relative to it while acquiring OCT

image data. We assign hexapod positions with maximum reflections in the OCT images to
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Figure 4.11 Exemplary visualization of trigger signals acquired during synchronous OCE
and USE measurements. The OCT A-scan acquisition with a frequency of 91 kHz is started,
afterwards the ARF pulse is emitted at time point #.. Subsequently, the acquisition of US
plane wave images with a frame rate of 4kHz is started. The time points (1, t2) at which
the shear wave reaches the two imaging optics are highlighted.

the US images in which the respective imaging optics are centered. Finally, we obtain the
three-dimensional OCE probe position relative to our US probe in hexapod coordinates and
the distance Ap; o of our two imaging optics. Using this spatial information, we choose an
ARF focus point above the OCE probe to minimize acoustic artifacts. When calculating the
related beam-forming profiles, we account for the different speeds of sound of the investigated
tissue phantoms. In our experimental studies, we systematically vary the distances between
the imaging optics and the excitation source. Since shear waves are not necessarily excited
in-plane with the imaging optics and are usually located above the probe, we consider the
angles a, and o, to compensate for an underestimation of the distance Ap; . For temporal
synchronization, we use a digital oscilloscope to record the trigger signals of both shear wave
excitation and imaging.

In the case of our SF-OCE probe and external OCE setup, we use this information to
estimate the wave’s run time t; toward a certain imaging position. With the respective
spatial distance given from setup calibration, we can estimate the shear wave velocity as
introduced in Section 3.2.1. In this way, however, only an average elasticity value can be
determined for all tissue structures located between excitation and imaging. Minimizing this
distance would be preferable for improved quantification of elasticity. However, it is only
possible to a limited extent, ensuring proper sampling of the wavefront.

In contrast, our DF-OCE probe concept promises a more accurate quantification of soft

tissue elasticity. We again record the trigger signals from excitation and imaging, but do not
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necessarily use this for velocity quantification. Most importantly, we examine the wave’s run
time between both OCE imaging optics. To infer the shear wave velocity, we use the distance
between imaging optics Ap; o determined from OCE probe calibration. This distance remains
constant for all orientations of our excitation source. For USE analysis, we additionally
record the trigger signals sent for each US frame. As the ARF excitation is also defined as
US frame, we retrieve the trigger signals shown in Figure 4.11. To track the propagating
shear wave, we acquire a sequence of US plane wave images with a frame rate of 4kHz.
During image acquisition, a steering angle of 10° minimizes reflection artifacts from the
phantom container walls. Consequently, the acquired US image FOV consists of 400 x 420

pixels which correspond to approximately 37.5x 30 mm in homogeneous gelatin.

4.3.3 Image Processing for Quantitative Elastography

In transient shear wave elastography approaches, the main idea is to estimate the time dif-
ference t; between exciting a wave and sensing it at a certain imaging position as depicted
in Figure 4.12. In particular, we focus on actuating single-pulse shear waves, where we as-
sume spherical propagation in the tissue. Assessing soft tissue elasticity from a miniaturized
probe reveals problems not described for analogous benchtop OCE setups. First, the imaging
probe and, therefore, the respective coordinate frame do not remain constant during signal
acquisition as usual for external optical scanning setups. Determining the respective distance
between the imaging probe and shear wave excitation is therefore more difficult. Secondly,
the part of the mechanical wave tends to propagate differently in the depth of the tissue than
surface acoustic waves, which are usually tracked. Consequently, the alignment of the imag-
ing axis relative to the oscillation direction of the shear wave becomes more complicated. In
the following, we will summarize the derived image processing methods to observe elasticity
estimates from the miniaturized probes and the respective measures from externally OCE
or USE imaging.

The OCT signals acquired from our OCE probes and also from our external imaging setup
are composed of sequentially acquired A-scans, also referred to as M-scan and introduced in
Section 2.1. For shear waves traveling through the imaging FOV, variations in the sensed
complex signals are observed. As the motion amplitudes of these shear waves are relatively
small, the motion is mainly contained in the phase component, while the magnitude or
intensity data show disturbances. Considering the design of our experimental setups, we can
assume that the excited shear waves travel almost perpendicular through the one-dimensional
depth scan, with the motion oscillating in the depth direction. In the phase signals of a

temporal sequence of A-scans, these oscillations are visible, varying between —m and .
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Figure 4.12 Visualization of transient OCE approach from minaturized imaging probes.
In particular, the spatial distances between excitation and imaging As for the single-fiber
probe and the distance between imaging optics Ap; o in the dual-fiber probe are highlighted.

In this thesis, we investigate image processing methods to derive the elasticity of soft
tissue by extracting the shear wave parameters from the complex OCT signal. Given the
transient OCE approach, we first focus on estimating the runtime Aty and spatial distance
As between excitation and imaging. On the other hand, we study methods to correlate the
image data from both imaging optics of our DF-OCE probe. In particular, this method relies
on a fixed distance Ap; 2 between the imaging optics. The spatial orientation of shear wave
excitation and imaging positions is depicted for both OCE probe concepts in Figure 4.12.
The necessary image processing steps described in the following are structured as 1) pre-
processing of complex OCT signals, 2) extraction of individual shear wave components, and

3) a combined spatio-temporal analysis of a number of excited and imaged shear wave pulses.

First, several signal pre-processing steps are necessary. Given the design of our imaging
optics, several reflections occur from surfaces in the probe. Even if we use the reference arm to
minimize these artifacts, we need to extract the left ones for improved image interpretation.
In general, we arrange our reference arm so that reflections from optical components are
only visible in the first pixels of the axial scan. As reflections from the imaging window
are the most prominent ones, we average the first 1000 A-scans and search for the highest
intensity values in the first 100 pixels. Next, we can use this depth information to cut off the
first pixels of our one-dimensional depth scan. For observing motion information from our
cropped complex OCT signals, we mainly use the phase difference derived in Equation 2.12.
The phase signal describes the orientation of a certain scatterer relative to the imaging
beam expressed as values between —7 and m. Consequently, the absolute pixel values of
these phase images cannot be interpreted directly. Thus, according to the Doppler OCT
principle introduced in Section 2.1, we calculate the phase difference of successive axial

scans. The resulting image contains information on the motion differences per imaging depth.
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Given the temporal A-scan sampling rate of 91 kHz, fast motion can be resolved quite well.
However, there is a trade-off between the temporal sampling rate, motion frequency, and
amplitude. In addition, phase wrapping or drift effects described in Section 2.1 need to
be compensated during preprocessing of the image data. We use the unwrapping function
contained in MATLAB, which searches for abrupt phase jumps and attempts to correct them
by subtracting multiples of 2. Compensation is not trivial, as phase drift effects occur with
different magnitudes and consistency during signal acquisitions. However, when calculating
the phase differences, these drifts are most commonly small compared to the real tissue
motion and can be ignored, especially for image acquisition schemes with relatively short

acquisition periods.

Next, our investigated methods to extract specific shear wave characteristics from OCT
signals acquired at one stationary position are described. We use the preprocessed phase
signals after cropping, unwrapping, and calculating phase differences. We observe the same
image representation, independent of the imaging setup, i.e., SF-OCE probe or external
scan head. In the spatio-temporal images, the shear waves are visible as sinusoidal, altering
angular orientations. The sampling frequency and the shear wave velocity determine the
visibility of the entire waveform. For example, a slow temporal sampling of OCT A-scans
and a high wave speed lead to a limited number of sampling points of the waveform and
thus to a spontaneous change in the positive and negative motion amplitudes visible in the
phase signals. In Figure 4.13, exemplary signals are shown for fast shear waves traveling.
Considering the soft tissue’s scattering and refraction characteristics, a decreased imaging
depth of approximately 1 to 1.5 mm results. Together with the orientation of excitation and
imaging, we assume that the shear waves are traveling perpendicular to the imaging FOV.
Therefore, the motion patterns contained in the phase differences should be equally visible
across the entire image depth. Even if the wave arrives at an angle relative to the imaging
FOV, the differences in the direction of movement over the small image depth might be
negligible. We rely on these physical assumptions and average our phase difference over the
whole imaging depth. Thus, we observe a motion amplitude signal over time that we use to

analyze the wave characteristics as described below.

Referring to our transient OCE approach, we first aim to extract the time ¢; when a shear
wave arrives at the imaging position. With our introduced excitation and imaging scheme,
we ensure that only one shear wave is excited per repetition and reflected waves from previous
excitations are already completely attenuated. We therefore search for the first prominent
peak in the extracted motion curves from one excitation and imaging sequence and assign

this as the maximum of the excited shear wave. First, we consider peak extraction methods
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Figure 4.13 Image processing for SF-OCE approach using the distance between excitation
and imaging As and time difference At from setup calibration. (Left) For each distance
between excitation and imaging As;, a sequence of OCT phase scans is acquired. The
respective unwrapped phase M-scans are stacked over As. (Middle) A space-time diagram is
generated after averaging the phase values over the imaging depth. (Right) Performing a 2D
Fast Fourier Transformation results in the respective kf-diagram. The shear wave velocity
is extracted from the maximum intensity point of this diagram.

by defining a threshold value ¢,. Second, we fit a sinusoidal curve to the extracted motion
curves and define ¢y, = sin(m) as the peak. Subtracting the corresponding time ¢; from the
time point of shear wave excitation tg returns the wave’s run time At between excitation
and imaging. With the spatial distance As known from calibration, we can define the average

shear wave velocity as
As

Us SF = At
s

(4.9)

In contrast to an individual shear wave analysis for a specific excitation and imaging
direction, we also investigate the propagation for several different orientations. In our ex-
perimental studies, we either vary the position of the excitation source or imaging probe to
simulate different spatial distances or analyze different tissue sections. For example, we insert
our SF-OCE probe in a tissue phantom and excite shear waves for different probe positions
t. Using the information on spatial distance Ads;, we can arrange the motion curves in a
space-time map. An exemplary visualization is shown in Figure 4.13, where the distance and
time difference between excitation and imaging are shown on the axes, respectively. Next,
we apply a two-dimensional Fast Fourier Transformation (FFT) to get from the space-time
map in the Fourier domain. With the frequency f; and wavenumber kg, we can extract the
shear wave velocity vs by searching for a maximum intensity position (fsmax, ks max) Within

a certain frequency band

Us ST = %7 with fO < fs,max < fl‘ (41())

s,max

80



t t1 t
— T >
1§l "
>0 - !
7 ; . 1
& L, 2
n g
A A
—
— —-
——— N
Raw OCT M-scan Splitted Spectral M-scans Phase Differences

Figure 4.14 Visualization of OCE image pre-processing steps for dual-fiber probe design.
(Left) Given the system setup in Figure 4.9, the raw OCT signals are acquired as a sequence
of spectral A-scans acquired alternately from the two imaging optics (F1 and F2). (Middle)
Afterwards, these signals are split into two individual spectral M-scans. (Rihgt) The respec-
tive phase M-scans per imaging optic are extracted from these spectral scans after applying
1D Inverse Fourier Transformation and performing relevant phase pre-processing steps. The
time points at which the shear wave arrives at the individual imaging optics are highlighted
(t1, t2) and used to assess the time difference At ».

The previously described methods analyze the complex OCT signals from a single imaging
optic. In the following, we introduce our concept for evaluating the shear wave velocity from
the OCT signals acquired simultaneously at two imaging positions with our DF-OCE probe.
The respective image processing steps are also shown in Figure 4.14. Given the system setup
in Figure 4.9 with the applied optical multiplexer, the raw OCT signals are available as a
sequence of spectral A-scans acquired alternately from the two imaging optics (F1 and F2).
Using the OCT trigger signal, the sequence of A-scans can be split for each imaging optic.
The spectral M-scans of each imaging optic are then pre-processed as described for the SF-
OCE approach. After phase unwrapping and calculation of phase differences over time, the
representations on the right in Figure 4.14 follow. Here, the time point of shear wave arrival
t; at the respective imaging optics is highlighted.

Our subsequent method focuses on extracting the time difference At 5, which represents
the time it takes for the shear wave to travel between the two imaging optics. Therefore,
we use the two-dimensional representations of the preprocessed phase difference signals per
imaging position and calculate a two-dimensional cross-correlation. In this correlation image,

we extract the time difference At; 5 at the position of maximum intensity. With the distance
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Figure 4.15 Visualization of USE image processing steps. (Left) The two-dimensional US
displacement fields are stacked over time and cropped in a specific image height z; (red
boxes). (Middle) The image crops are arranged in a space-time map indicating the shear
wave propagation. (Right) After applying 2D Fast Fourier Transformation, a kf-diagram
follows. Here, the shear wave velocity is extracted from the maximum intensity peak within
a certain frequency band.

Ap; 2 between imaging optics, we can directly assess the shear wave velocity as

Ady 2 cos oy cos o,
Us,DF =

(4.11)

The angles a,, a, are known from the arrangement of imaging optics relative to the wave
excitation source. In contrast to the transient OCE approach presented for a single-fiber
probe, we do not need to know the actual time point of wave excitation. In addition, the
spatial distance to the excitation source is negligible for small angles between the excitation
and imaging positions, meaning a wave propagation perpendicular to the imaging FOVs.

The assessment of the elastic properties from USE image data is described in the fol-
lowing and visualized in Figure 4.15. The sequence of US plane wave images acquired after
ARF shear wave excitation is available as raw spectral data. In the first step, we perform
beamforming to construct a spatially correct I1QQ data representation. Using this complex
data, the Loupas algorithm [96] is applied to extract two-dimensional displacement fields
over time. At the height of the OCE probe, we evaluate these USE displacement fields
by converting them into a space-time diagram. As highlighted in Figure 4.15, we extract
a certain number of rows (red box) per 2D displacement field, average them, and arrange
them over time. Applying a two-dimensional Fourier transformation yields a kf-diagram
specifying the motion velocities. We extract the shear wave velocity from this diagram and
for the maximum intensity position within a frequency band with

Vsus = Juwx 490 < foo < 350 Hy, (4.12)

kmax
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4.4 Quantification of Soft Tissue Interactions

In various medical interventions, needles are inserted into soft tissues and navigated toward
a specific target position. In the field of anesthesiology, needles are used to apply anesthetic
drugs in vascular structures or next to nerve structures. For tumor tissue diagnosis or
therapy, needles are navigated toward the lesions to perform either a biopsy or brachytherapy.
For all these applications, needle navigation based on external imaging modalities, such as
US, is possible but limited due to shadowing and imaging artifacts, especially in deep tissue
structures. Furthermore, the puncture success rate strongly depends on the physician’s
experience and training. The physician commonly uses the forces felt at the needle shaft
to differentiate tissue structures. The felt resistance, the number of LOR events, and the
increasing or possibly varying friction forces are used as a surrogate for needle navigation.
Hence, several methods are derived to simulate, predict, or quantify the forces acting at
the needle tip and shaft during needle insertion. Especially in robotic systems with haptic
feedback, these force estimates enable intuitive needle navigation.

In this thesis, we aim to investigate whether the complex information from one-dimensional
OCT imaging at the needle tip can be used to quantify the needle-tissue interactions during
insertion. The methods described in the following are based on previous publications on
detecting soft tissue deformation and rupture events during insertion [410] and identifying

specific tissue structures [411, 412].

4.4.1 Sensing and Imaging Systems

In the following sections, we introduce the experimental setups that combine different imag-
ing and sensing modalities to assess the soft tissue response during needle insertion. First,
we describe the design of the developed OCT needle probe for forward-viewing acquisition of
one-dimensional depth scans. Second, we present US imaging and force sensing approaches
that act as externally applied reference modalities.

The OCT needle probe designed and studied in this thesis is shown in Figure 4.16.
The imaging optics are produced by vertically cleaving the end of a Single Mode Fiber
(SMF). Consequently, the light waves are either reflected at the fiber surface or emitted
outwards in the direction of the fiber axis. This results in a common-path imaging design
that eliminates the need for an external reference arm. Common-path imaging designs have
been proposed for various hand-held applications as they are less sensitive to fiber vibration
or elongation [240, 413|. As shown in Figure 4.16, we embed the imaging fiber in a medical

Thouhy needle that is usually applied for epidural punctures. We use optical adhesive (NoA
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Figure 4.16 Sketch and pictures of the developed OCT probe for sensing soft tissue inter-
action in front of the needle tip. A SMF with cleaved fiber end is embedded in a medical
Thouhy needle for common-path OCT signal acquisition.

63, Norland Products, USA) to fix the imaging optic in the needle tip. Connected to the
SD-OCT imaging system (Telesto I, Thorlabs, Germany), we can acquire one-dimensional
depth scans in front of the needle tip, facing the direction of insertion.

In Figure 4.17, our experimental setup for multi-modal analysis of needle insertions is
shown. We designed a motion stage featuring a stepper motor (LP357550504-TR3.5x 1, Nan-
otec Electronic GmbH, Germany) and Arduino MEGA board to automate needle insertions.
We apply a linear US transducer (CPLA128, Cephasonics Ultrasound, USA) attached to an
US system (128 channel Cicada, Cephasonics Ultrasound, USA) for image-based needle and
soft tissue motion assessment. In addition, we attach a FT sensor (SRI M3703A, Sunrise

Instruments, USA) at the proximal needle shaft to analyze the forces acting during insertion.

4.4.2 Signal and Image Processing for Insertion Analysis

Studying the soft tissue response during needle insertion requires analyzing different motion
components. First, the needle motion in global coordinates needs to be defined. Second, the
tissue motion around the needle tip needs to be considered. Finally, these analyses need to
be related to appropriate mechanical models.

During insertion with a sharp needle tip, several types of mechanical tissue response
have been introduced [311, 324, 327, such as cutting, deformation, displacement, as well as
spontaneous ruptures. The mechanical responses generally relate to the stress-strain curves
analyzed during pressure or tensile material tests. In this thesis, we consider the following
tissue responses. During needle insertion in soft tissue structures, on the one hand, the
tissue is cut with the sharp needle tip with no relevant friction and resistance forces acting
on the needle. On the other hand, the tissue gets deformed or displaced in front of the needle
tip, resulting in increasing forces acting on the needle. Alternatively, the compressed tissue
ruptures spontaneously. All the described tissue deformations and displacements exhibit

non-linear behavior, and the forces acting between the tissue and the needle cannot be
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Figure 4.17 Illustration of multi-modal sensing approach for analyzing soft tissue inter-
actions during needle insertion. The developed OCT probe is inserted in a stacked tissue
phantom. Simultaneously, force values and US images are acquired with externally attached
Sensors.

defined clearly. However, we hypothesize that the magnitude of deformation, displacement,
and rupture varies depending on the tissue’s structure, stiffness, and strength. For example,
stiff tissue structures, such as muscle tissue or tendons, are more challenging to penetrate and
exhibit greater deformation than fatty soft tissue structures. We also assume that almost no

tissue deformation can be detected in soft tissue, resulting in smooth cutting.

The following methods are described for analyzing tissue and needle interactions based on
the OCT, FT, US, and motion data sets. Specifically, methods for deriving tissue deformation

curves from various modalities and extracting rupture events are presented.

The OCT image data acquired during insertion in front of the needle tip can be rep-
resented as a spatio-temporal sequence or pseudo M-scan introduced in Section 2.1. As
indicated, assigning spatial axes of the tissue to the M-scan is not directly possible. Since
the imaging axis is aligned with the axis of movement and the image acquisition is usually
much faster than the movement being performed, the successive axial scans partially show
the same sections of tissue. However, a two-dimensional representation, commonly achieved
with optical scanning setups, is impossible as the needle and the imaging optics move in a

straight line.

Therefore, extracting tissue-specific features from the OCT image data is not trivial. In
this thesis, we investigate the OCT intensity and phase signals to analyze tissue by extracting

different mechanical responses, namely soft tissue displacement, deformations, and rupture
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events. We hypothesize that we can use the OCT data to analyze the tissue motion in front
of the needle tip. Therefore, we assume constant needle insertion velocities and use the

temporal sequence of OCT A-scans to characterize tissue and its mechanic response.

In the intensity signal of the OCT pseudo M-scans, tissue boundaries are visible whose
positions and reflectivity along the scan axis vary with the insertion depth. Assuming pure
cutting processes during needle insertion, without deformation and displacement of the tissue
in front, a tissue boundary should be visible as a straight line with a constant slope a in the
OCT M-scan. Here, the slope of the boundary structure a depends on the needle insertion
speed. Whenever soft tissue deformation or displacements occur, the tissue boundaries will
appear with a varying slope in the OCT M-scan. For example, tissue deformation leads
to a parabolic shape of the boundary of a layer in the OCT intensity signals as shown in
Figure 4.18. Therefore, we hypothesize that the slope a of the tissue boundaries running
through the OCT M-scan resolves characteristics of the tissue deformation and displacements

in front of the needle.

We use the OCT intensity data to assess the boundary slope a with the following image
processing steps. First, we apply a background subtraction algorithm and Gaussian filtering
to emphasize boundary signals. Next, we extract edges in the intensity scans using a Sobel
filter. Isolated pixels are subsequently eliminated. We search for objects with more than
g connected pixels in the remaining binarized image. Using these object branch points, we
estimate the respective boundary slopes. Finally, the relevant boundaries and slope estimates

are saved with the according time point in the OCT M-scan, resulting in a(t).

Analyzing the OCT intensity signals enables relative motion tracking, i.e., soft tissue
deformations and displacements, within the axial resolution of the OCT system. However,
tissue motion amplitudes smaller than the axial resolution are not resolvable. Therefore,
an additional analysis of the motion information contained in the OCT phase signals is
conducted. Calculating the phase difference of successive axial scans enables quantification of
the relative movement or relative particle velocity vy . in sub-pixel resolution as introduced
in Equation 2.12 and referred to as deformation analysis in the literature 312, 319, 327|.
As previously introduced, a crucial prerequisite for this approach is that the OCT imaging
frequency is significantly higher than the relative needle movement, ensuring that the same
tissue structures are imaged in successive A-scans. We hypothesize that this occurs whenever
the tissue is compressed and deformed before the needle tip reaches it. Thus, in addition
to analyzing the OCT intensity signals, we assess this relative motion from the OCT phase

signals. Given the sequence of OCT phase signals, we calculate the relative particle velocity
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Figure 4.18 Analysis multi-modal signals during needle insertion, i.e., from OCT, FT,
and US. One rupture event is detected from each modality and highlighted with a red bar,

respectively.
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Urel,» for each pixel of the subsequently acquired A-scans as

AD(z, 1))\

4.13
4rnTd et ( )

Urel(2, 1) =
with A®(z,t) resulting from differentiating successive unwrapped OCT phase signals per
imaging depth z. Please note that phase unwrapping is necessary to eliminate phase jumps
over time. To reduce signal noise, we additionally apply a moving median filter of length
n = 10 on the temporal axis of the particle velocity M-scan. The time difference between A-
scans Ty is estimated by reading the OCT system trigger signals, and the center wavelength

Xo,0 = 1300nm is given from the system specifications.

We aim to extract cumulative deformation information per time point Adocr(t) of the
acquired OCT M-scan. We therefore add up the absolute particle velocity over the A-scan
depth as

Adocr(t) =) |vra(z,1)]. (4.14)

Please note that we ignore the direction of the relative movement by adding the absolute

velocity values over the A-scan depth.

As the final part of the OCT signal analysis, we aim to extract meaningful features to
detect a rupture event in the M-scans. Given the analysis of boundary slopes a(t) and the
quantification of soft tissue deformation Ad(t) over time, we define a rupture event corre-
lated with the spontaneous end of a tissue displacement or deformation process. Therefore,
we search for time points with maximum peaks of the extracted deformation profiles. We
extract rupture events t, as peaks with Ad > d,,, where d,, is defined as the maximum
deformation peak height per insertion. We determine the prominence for all local maxima in
the displacement profiles, whereas the greatest prominence is defined as the maximum peak

height per insertion.

Using the F'T sensor, we measure forces and moments acting on the needle shaft. To assess
the needle tissue interactions during insertion, we mainly analyze the axial forces, resolved
on the zpr-axis of the FT sensor. The forces that act when the needle is inserted have
already been investigated for soft tissue interpretation [125, 327]. In general, an increase in
force with insertion depth is reported, which is related to friction at the shaft and resistance
of the tissue. Similar to the boundary slope analysis of OCT signals, we assume the force
slopes are related to the tissue properties. However, the relationship between force and tissue

boundary slopes must be studied for different insertion scenarios.
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We extract two features from the measured FT data to quantify the tissue insertion

characteristics. First, we assess the average force sensed during needle insertion with

N
Favg = Z Fz,i- (415>
=1

Second, we estimate the absolute force difference AF, per needle insertion, considering the

maximum F} ;. and minimum force values F, i, per insertion with
AFz = Fz,max - Fz,min‘ (416>

We use the acquired sequences of US images to analyze the needle and the soft tissue
motion during insertion as a global reference. First, we estimate the needle position per US
image and time point using the calibration data acquired in a solid gelatin phantom. Column
by column, we search for the needle in the images using a threshold-based approach. As the
needle moves from left to right through the imaging FOV, we define the rightmost column per
image with the visible needle as the needle tip position. We assign this image position to the
respective position of the stepper motor. Second, we use the US image sequences acquired in
our soft tissue phantoms to derive a reference measure of tissue deformation during insertion.
Therefore, we cropped the images with 20 pixels above and below the estimated needle tip
height. Next, we apply the Lucas Kanade optical flow algorithm [414] that is implemented
in MATLAB 2019b to estimate the motion of tissue particles in successive US image crops

by solving the optical flow constraint equation
Alysgu+ Alys,m + Alyg, = 0. (4.17)

In this equation, the intensity brightness derivatives Alyg over space (z,y) and time ()
are considered to estimate the horizontal u and vertical m motion vectors. We split the
horizontal motion vectors u; into two groups, considering the orientation relative to the
needle motion, and calculated the sum over all vector magnitudes. In this way, we obtain
positive dus, and negative dyg, tissue motion profiles corresponding to movements with
and against the direction of the needle motion, respectively. For example, the positive tissue

motion is calculated as follows
N
dusp =Y |wl, w>0. (4.18)
i=1
Third, we estimate the position of visible tissue boundaries from the first US image acquired
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before needle insertion. We apply an edge detection algorithm to segment the boundaries
after noise reduction. The boundary position is transferred in motor positions and compared
with the rupture position resulting from US and OCT image processing and force signal

analysis.

4.4.3 Detection of Rupture Events

In addition to the hand-crafted tissue feature extraction methods, we investigate deep learn-
ing methods to directly predict a specific insertion state (rupture, no rupture). Given a
large number of insertion datasets and reliable ground truth information, we hypothesize
that a neural network could be trained to independently extract relevant signal features
from the complex OCT data for rupture classification. In particular, we study the sep-
arated and combined analysis of the OCT intensity and phase signals. Furthermore, we
investigate what externally applied imaging and sensing methods are suitable to detect a
rupture event as ground truth. Relevant data pre-processing steps, the investigated neural
network architecture, and evaluation metrics are described in the following. Please note that
the methods and results related to deep learning-based rupture detection presented in the
following are based on a publication [410] published with equal contributions from Sarah
Latus and Johanna Sprenger. The implementations of network architectures and described
ablation studies were mainly conducted by Johanna Sprenger.

Training of a neural network architecture requires a sophisticated pre-processing of the
multi-modal signals acquired during needle insertion. The first part of the data pre-processing
focuses on extracting time points tg of a rupture event from all available data sets. Consid-
ering the FT measurements, we hypothesize that a spontaneous decrease in the measured
force is related to the rupture of a boundary layer. Analogously, we calculate the gradient
of the axial forces and search for time points tp with local maxima that can be assigned to
tissue ruptures with

VE, > by max VE(1). (4.19)

Here, a scaling factor br is used to set the threshold for peak detection, considering the
maximum peak height per insertion. Following the described US image processing steps, we
define a rupture event based on the extracted tissue motion profiles. Given the main hy-
pothesis of tissue relative motion during needle insertion, we first assume tissue deformation
in front of the needle tip. This deformation should be visible as positive tissue motion in the
profiles extracted from US images with a maximum right before the rupture. Once the tis-

sue boundary is ruptured, the relaxation processes will lead to a negative tissue motion (see
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Figure 3.5, B to C). Thus, we search for time points with a maximum in the negative motion
profile dys , and assign this to a rupture. Again, a scaling factor is applied to estimate the

optimal threshold value based on the maximum peak height per insertion with
dUS,n > bys mtax dn(t). (4.20)

The optimal scaling factors byg and by are set after performing a grid search and analyzing the
Receiver Operating Characteristic (ROC) for an interval bp € [0.2,0.8]. To ensure a reliable
detection of a rupture event, we study different combinations of the externally applied F'T
sensing and US imaging to extract a ground truth label. We define a rupture event by either
using only one external modality alone as a ground truth or by combining US and force
logically, i.e., noting a point in time as a rupture tg if either both (AND) or one of these

external modalities (OR) recognize a rupture.

After defining reliable ground truth labels, the sequence of one-dimensional depth scans
acquired with the OCT system during needle insertion is converted into an M-scan represen-
tation in which the individual scans are displayed side by side. Next, we split the complex
OCT signals into intensity and phase components. The first and last pixels per A-scan are
cropped to minimize image artifacts and remove areas without information. In the lower
scan range, there is usually only noise, as the light is increasingly absorbed and not much
reflected with increasing tissue depth. This cropping results in M-scans with a scan depth
composed of 224 pixels. To neglect phase wrapping effects, unwrapping is applied over the
temporal axis of the phase M-scans. We then calculate the phase difference for each pixel
of the consecutive scans. For processing with our neural network architectures, we subsam-
ple the pre-processed intensity and unwrapped phase difference M-scans by extracting every
1000th scan only. Here we assume that subsequent A-scans contain similar information, as

the insertion speed is slow compared to the high temporal A-scan sampling.

Around the time points tg extracted from F'T and US data, we create intensity and phase
crops of 224 x 224 pixels that can be used as training images with annotation as rupture.
Please note that the input width of 224 pixels corresponds to an acquisition time of approx-
imately 2.46s. Similarly, we randomly extract image crops from the intensity and phase
data for time points without rupture events. Therefore, we do not use a specific point in
time to locate the rupture but detect the occurrence in a time interval. The data is sampled
around the detected rupture event so that minor differences in the multi-modal ground-truth

generation measurements do not affect the ground-truth markers themselves.
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Figure 4.19 Siamese CNN network architecture for combined analysis of OCT intensity
and phase data for rupture detection. Image crops from the OCT M-scans with and without
rupture are extracted from both signal entities and copied into the input channel of the
respective ResNet-50 architecture. After training the rupture detection n; from intensity
and phase signals separately, a SVM is utilized to combine the outputs.

To classify rupture events, we evaluate two individual neural network architectures that
use either the OCT intensity or phase signal as input. In comparison, we study a Siamese
network architecture shown in Figure 4.19 that enables parallel processing of intensity and
phase signals. Here, a SVM combines the respective outputs of the trained individual net-

works.

We design our network architectures using a ResNet-50 model [415] as a basis. Being
pre-trained on the ImageNet dataset [416], the ResNet-50 architecture is designed to process
RGB images with three input channels. Thus, the OCT intensity and phase matrices are
duplicated in each of the three input channels. The network architecture comprises a first
two-dimensional convolution layer that applies a 7 x 7 convolutional kernel to the 224 x 224
pixels input images. A max pooling layer follows this first layer. Next, four residual blocks
with different layers and convolutional sizes are applied. Together with an activation layer at
the end, 50 individual layers are combined in this ResNet-50 architecture. During training,
we update the weights for the last few network layers to fit the model to the OCT data.
Usually, the activation layer is then connected with a final fully connected layer. We replace

this fully connected layer with a binary rupture classification.

We train our intensity and phase networks individually using the image crops with and
without rupture extracted from the pre-processed intensity and phase signals of the OCT M

scans, respectively. For the ground truth annotation of the respective image crops, we use
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either the force measurements on the needle shaft or the external US imaging or combine
both information. In the Siamese classification approach the outputs of the individually
trained intensity and phase networks are combined using a SVM.

Finally, we aim to predict a rupture event continuously during needle insertion. Therefore,
move with a sliding window over our complex OCT M-scan to evaluate short sequences of
one-dimensional depth scans of 224 x 224 pixels with the trained networks. Consequently,
we evaluate a single one-dimensional depth scan with different numbers of previous and
subsequent depth scans, leading to rupture predictions over a certain time.

We evaluate the performance of the different learning approaches by comparing the net-
work classifications with the ground truth information gathered by either US or force or a
combination of both. More specifically, we compute the accuracy, precision, recall and F1-
scores introduced in [417]. Apart from using the different external imaging and acquisition
modalities as a reference, we also evaluate the impact of different input images, i.e., the OCT

intensity or phase signal separately or in the Siamese network combined.
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Chapter 5

Experimental Evaluations

5.1 Quantification of Vascular Morphology

In the following Sections, we will introduce the vessel phantom designs and imaging proce-

dures and sequences used to study the quantification of vascular morphology.

5.1.1 Vessel Phantoms

We investigate the quantification of morphology using 3D-printed vascular phantoms of dif-
ferent shapes. For our bi-modal volume reconstruction studies, we design straight phantoms
with stenosis and curved phantoms with U- and Z-shapes to simulate catheter bending.
Along the luminal centerline, all phantoms have a constant diameter and shape, except the
sections with stenosis. For the co-registration of the bimodal image data, we add landmarks
on each side of the phantom. Additionally, we utilize these landmarks to crop the resulting
volumes. Due to the different imaging depths of the applied clinical and custom IVOCT
imaging system, we chose different luminal diameters for the DSA and MPI studies, re-
spectively. In Figure 5.1, the phantoms applied for bi-modal IVOCT and MPI imaging are
shown on the left. We design the MPI phantom with a total phantom length of 25 mm and
an inner diameter of 2.5 mm (stenosis narrow part 1.5 mm). As the clinical IVOCT imaging
system enables imaging depths of up to 5mm in air, we enlarge the diameter of the DSA
phantom design to 4 mm. Furthermore, we increase the phantom length to 32.25 mm. Again,
co-registration landmarks are embedded in the vessel phantom design with a downsized lu-
minal diameter of 1.5 mm. The respective phantoms are shown on the right in Figure 5.1.
We produce all phantoms with a 3D printer based on stereolithography (Form 1+, Form-
labs Inc., USA), which offers a high accuracy of 0.05 mm in all axes. We investigated different
mixtures of white and gray colored resin (FLGPWHO1, Formlabs Inc., USA) for printing,
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Figure 5.1 Picture of 3D-printed vessel phantoms used for experimental studies on volume
reconstruction. Different materials have been investigated, influencing the optical scattering
characteristics.

resulting in various colors shown in Figure 5.1. Aiming the color particles to serve as optical
scatterers for IVOCT image acquisition, we chose the white mixtures shown on the very left
and right side for our experimental studies. Finally, solid phantoms with 65 MPa ultimate

tensile strength and a Young’s Modulus of 2.8 GPa result after curing.

5.1.2 Bi-modal Vascular Imaging Studies

In our bi-modal DSA and IVOCT studies, we first calibrate the imaging setup shown in
Figure 5.2. As described in Section 4.2.1, a specific calibration phantom is imaged for two
different C-arm configurations, namely the right anterior oblique (RAO) and left anterior
oblique (LAO). The respective configuration angles ¢, are chosen as vyc1ra0 = 45° and
Ye1nao = 45° and yc2rao = 30° and yc2ra0 = 30°. The configurations are related to
clinically relevant orientations applied for imaging vessel structures of the right coronary
artery (RCA), as our phantom is positioned in a similar orientation with respect to the
angiography system.

After calibration, we perform bi-modal imaging experiments with the sequences described
below. Initially, we position the vessel phantom on the patient couch and fill it with a 1:4
mixture of distilled water and contrast medium (Imeron 350, Bracco Imaging Deutschland
GmbH, Germany), which enhances the DSA image contrast while maintaining proper IVOCT
imaging properties. Subsequently, we acquire a sequence of DSA images from both C-arms,
which act as reference scans for image processing. Afterward, the IVOCT imaging probe is
positioned in the vessel phantom. Using the clinical co-registration software, we start the
acquisition of IVOCT and DSA images. During image acquisition, the imaging probe is
simultaneously retracted and rotated. We choose a pullback distance of 54 mm with a speed

of 18 mms~!. The cross-sectional IVOCT images and bi-plane DSA images are acquired with
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Figure 5.2 (Left) Schematic of bi-modal imaging studies combining IVOCT and bi-plane
DSA. A phantom is positioned on the patient couch with an inserted IVOCT catheter and
two C-arms are oriented relative to the phantom. (Middle) Experimental setup for bi-plane
angiography imaging. (Right) Co-registration view provided by the Optis Integrated system.

sampling rates of 180 Hz and 30 Hz, respectively. Referring to these imaging parameters, each
cross-sectional IVOCT image is composed of 496 A-scans with 960 pixels on the z-axis. These

image acquisition sequences are repeated four times for each C-arm configuration.

In this thesis, we investigate bi-modal MPI and IVOCT imaging procedures for cen-
terline estimation or tracking of the IVOCT imaging probe. The overall bimodal imaging
setup is sketched in Figure 5.3. For the MPI data acquisition, we use the software Paravi-
sion from Bruker. In all experiments, we acquire MPI volumes using the orthogonal sinu-
soidal excitation fields with an amplitude of 12mT and frequencies of fypr, = 2.5/102 MHz,
fupry = 2.5/96 MHz, fypr. = 2.5/99 MHz in the respective imaging axis. We receive the
signal echoes with the radiometric coil and select a cycle time of 21.54ms. We enable spa-
tial encoding by applying a gradient of the selection field with 2.0 Tm™! in z-direction and
1.0Tm™! in the z- and y-directions. Consequently, we achieve an effective MPI volume rate
of 46.43 Hz for a FOV size of 24x24x12 mm.

Calibration scans are performed ahead of the phantom studies with a delta sample that
is moved through the MPI scanning FOV. The reference sample of the particle material and
concentration that is imaged during later experimental studies is filled in a holder of a size
of 1x1x1 mm. To achieve calibration scans for our centerline studies, we use 1l Perimag
(micromod Partikeltechnologie GmbH, Germany) with an iron concentration of 10 mmol L~*
as SPIONs. We investigate the influence of the magnetic particles on the OCT image quality

and choose a concentration of 2.5 mmol L™! to achieve optimal imaging conditions for both
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Figure 5.3 Bimodal imaging setup visualizing the vessel phantom with inserted IVOCT
catheter positioned on the MPI couch. A magnetic lacquer is attached to enable probe
tracking of the IVOCT imaging tip.

modalities [404]. Similarly, 1 pL of the magnetic lacquer applied in the probe tracking study
is filled in the sample holder. For each sample position in the calibration FOV, we acquire a
separate MPI volume. Note that the calibration FOV is chosen slightly larger than the later
applied imaging FOV to circumvent artifacts at the FOV boundaries [418]. Thus, we can
generate a system matrix correlating the measured maximum intensities to the set excitation
voltages for all sample positions.

For our volume reconstruction methods relying on the imaged vessel centerline, we per-
form the following imaging sequence. First, we acquire a reference MPI volume of the vessel
shape with SPIONs particles filled inside. We acquire a sequence of MPI volumes and av-
erage these for centerline estimation described in Section 4.2.2. Afterward, we insert the
intravascular probe and acquire IVOCT image data. We use the customized IVOCT imag-
ing adapter to rotate the imaging probe with a velocity of 16.6 Hz and set a pullback speed
of 0.75mms~!. During the acquisition of OCT A-scans with a sampling rate of 91kHz, the
probe is retracted over a total distance of 25 mm. Lastly, we acquire another MPI volume
using the same imaging parameters described above with the inserted IVOCT imaging probe.
We repeat this imaging procedure three times for all phantom shapes.

The experiments and related MPI imaging sequences applied for tracking the intravas-

cular probe are structured as follows. We fill the stenosis vessel phantom with water and
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insert the IVOCT imaging probe. We start the acquisition of MPI volumes and simultane-
ously send an electrical trigger signal to the customized probe adapter to start synchronous
IVOCT imaging. We run three different motion profiles of the intravascular probe to sim-
ulate relative motion artifacts that occur during in-vivo imaging. After completion of the
respective probe motion, both imaging systems are stopped.

The translational motion profiles varied for probe tracking studies, are described in the
following. First, we conduct a conventional IVOCT imaging profile with the motion pa-
rameters described for the centerline estimation, referred to as a continuous motion profile.
Second, we simulate a deceleration of the imaging probe due to a bending of the imaging
catheter. Thus, we apply a deceleration of the imaging probe for a certain period followed by
a spontaneous acceleration until the initial pullback speed is reached. Third, we apply a mo-
tion profile with translational variations to simulate relative motion between the probe and
tissue associated with the heartbeat. Here, we move the imaging probe back and forth with
a speed of +1.25mm. We conduct these experiments on a stenosis phantom and evaluate

the variation in the estimated stenosis length.
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5.2 Quantification of Soft Tissue Elasticity

The subsequent sections summarize the experimental studies conducted to demonstrate the
quantification of soft tissue elasticity using the developed miniaturized OCE probes. First,
we present the systematic preparation of soft tissue phantoms to provide a ground truth of
the measured elasticities. Second, we introduce the experimental setups to study the shear

wave imaging from single-fiber or DF-OCE probes.

5.2.1 Elastography Phantoms

We prepare gelatin phantoms to mimic different soft tissue stiffnesses. We can achieve
dedicated soft tissue elasticity values by varying the mixture of water and gelatin. The
phantoms are prepared according to a strict recipe. First, we mix the gelatin powder (Gelita
Ballastic 3, Gelita AG, Germany) and water and leave it to soak for two hours. If necessary,
a certain amount of titanium dioxide particles (Titandioxid Rutil, Johannes Gerstaecker
GmbH, Germany) and graphite powder (Graphit 450187, Emil Lux GmbH, Germany) are
added to the mixture to act as optical or acoustic scatterers. Afterward, we heat the mixture
to around 40 degrees and stir continuously. Once all gelatin particles have dissolved, we
can fill the mixture in a specific mold shown in Figure 5.4. Optionally, we first wait for
the mixture to cool down to a temperature of about 25°C to minimize the sinking of the
added particles. On the one hand, we prepare homogeneous tissue phantoms with constant
concentrations of gelatin and water. On the other hand, we produce stacked tissue phantoms
composed of tissue layers with different stiffness. Therefore, we pour a layer and leave it to
cool completely, then pour a second layer on top.

To observe reference values of the phantom’s Young’s modulus E, we conduct indentation
tests with an experimental setup described in [202]. Given the stress-strain curves allocated
during phantom indentation and based on [419], we can estimate the modulus as
o Fia hphpo

E=2
2 ?
e 7o, Ahpy

(5.1)

with the applied load Fj,q, original phantom radius rpy,, original phantom height Ay o and
current phantom height Ah,,. Please note that in our setup, Fi,q and Ahy), are measured
continuously during the indentation of the phantom.

In the case of our comparative elastography studies involving OCE and USE, we need
to optimize the proportion of optical and acoustic scatterers added to the gelatin mixtures.

While graphite powder is essential to create acoustic signals from the tissue phantoms in the
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Figure 5.4 (Left) Molds for preparation of soft tissue phantoms and setup calibration.
(Right) A split phantom with different amounts of optical scatterers and a homogeneous soft
tissue phantom without optical scatterers.

US images, the OCT imaging conditions decrease. Thus, we added a preliminary study on
varying the concentrations of titanium dioxide and graphite. We quantify the signal-to-noise
ratios per imaging modality and mixture. Finally, we observe the optimal imaging conditions

for both imaging modalities with a 2:3 mixture of graphite and titanium dioxide.

5.2.2 Probe-based Elastography Studies

Using the setup sketched in Figure 5.5a, the image data from the SF-OCE probe and the OCT
scan head are recorded simultaneously. We insert the OCE probe in the gelatin phantoms
and acquire image data for 21 different needle insertion depths 15.75 <= z; <= 24.25 mm
and three different heights z; = 4,6,10mm. We also move the OCT scan head with the
Hexapod robot according to the position of the OCE probe. The piezoelectric actuator is
kept stationary for all image positions and is controlled with a modulation frequency of 9 Hz.
Based on the trigger signals of the piezoelectric actuator, the OCT signal acquisition with
an A-scan frequency of 5kHz is started. Six repetitions of the shear wave excitation and
imaging sequences are recorded per needle position. We study the shear wave propagation
in homogeneous phantoms of four different gelatin-water concentrations (4 %, 5 %, 6.5 %,
and 10 %). Additionally, we investigate the measurements for a split phantom composed of
7.5 % and 10 % gelatin. Please note that the shear wave was excited in the softer gelatin
and propagated toward the harder gelatin. Here, we distinguish the quantification of shear
wave velocity for all imaging positions or the respective imaging positions per density.

The experimental setup for evaluating elasticity quantification from a DF-OCE probe is
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(b)

Figure 5.5 Experimental setups for OCE from miniaturized probes. (a) The SF-OCE
probe (A), OCT scan head (B) for reference measures, piezoelectric actuator (C), and empty
phantom container (D) are shown. (b) The DF-OCE probe (A) is inserted in the soft tissue
phantom (D). The US transducer (B) is used for wave excitation and reference measurements.
A hollow shaft motor (F) is used to adapt the rotational orientation of the OCE probe. In
both setups, a hexapod robot (G) is used to vary the orientation of excitation and imaging.
Figure adapted from [408].
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shown in Figure 5.5b. The US probe is rigidly mounted above the phantom container and a
hexapod robot is used to position the phantom with the inserted DF-OCE probe differently
relative to the US FOV. We apply ARF for shear wave excitation and subsequently acquire
OCT signals from both imaging fibers and the USE plane wave images. In detail, we perform
2000 excitation cycles of the piezoelectric elements of the US probe with a center frequency
of 5bMHz. After a cooling time of 10ms, the acquisition of US plane wave images starts
with an imaging frequency of 15kHz. The resprective trigger signals are exemplary shown
in Figure 4.11. Using the OCT system A-scans are subsequently acquired with a frequency
of 91kHz. The resprective imaging trigger signals are exemplary shown in Figure 4.11.
With the multiplexing activated after every second A-scans, we achieve an effective imaging
frequency focr,; = 22.75kHz per imaging optic. The respective OCT M-scan is composed
of A-scans arranged next to each other, which were taken with different imaging optics. We
record the trigger signals from all systems at a digital oscilloscope for synchronization.

We conduct experiments on four homogeneous gelatin phantoms and one split gelatin
phantom composed of two different gelatin concentrations. For all experiments, we chose
a stationary position of the DF-OCE probe within the respective phantom. We vary the
distance between shear wave excitation and imaging by positioning the OCE probe and
phantom with the hexapod robot at different locations relative to the US probe and execute
the ARF. Specifically, 65 ARF positions e were chosen, which are arranged in a square with
different distances in z, y, and z relative to the OCE probe as shown in Figure 5.6. Five
repetitions of wave excitation and imaging are performed for each excitation position e.

In addition to the experimental evaluation on gelatin tissue phantoms, we apply the DF-
OCE probe to assess the shear wave velocities of ex-vivo porcine heart tissue as shown in
Figure 5.7. In particular, we insert the OCE probe in a coronary artery and aim to estimate
the shear wave velocity of the vascular wall. We first examine the tissue by palpating and
determining two stiffer regions. Based on the palpation, we define four different OCE probe
positions within the artery that should be examined.

We embed the porcine heart tissue in gelatin to ensure proper mechanical coupling and
realistic morphological conditions during shear wave excitation with the US transducer.
For each OCE probe position, we execute wave excitation and imaging for ARF excitation
positions arranged similarly as shown in Figure 5.6. Three repetitions of wave excitation and
imaging are performed for each excitation position. Consequently, the mean and standard

deviations for shear wave velocity are estimated based on all wave excitation positions.
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Figure 5.6 Top view of ARF shear wave excitation positions e in x,y coordinates relative
to the OCE probe’s imaging optics (F1, F2). The orientation angle a, between excitation
and imaging results after setup calibration.
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Figure 5.7 Experimental setup elasticity quantification of the vascular walls of coronary
arteries using the DF-OCE probe. Shear waves are actuated for several US probe positions
indicated with blue crosses. The position of the DF-OCE probe was varied along the vascular
structure (see positions y;.). Figure adapted from [408].
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5.3 Quantification of Soft Tissue Interactions

The details of the experimental setups, the phantoms, and the conducted experiments for

analyzing the soft tissue interactions during needle insertion are described in the following.

5.3.1 Multi-layer Soft Tissue Phantoms

We investigate the tissue interactions during needle insertion on soft tissue phantoms com-
posed of several layers. To simulate epidural punctures, various tissue layer structures are
mimicked with porcine and bovine tissue embedded in gelatin of different densities. The
phantoms are prepared following the recipe as described before, using gelatin powder (Gelita
Ballastic 3, Gelita AG, Germany) with added titanium dioxide particles (Titandioxid Ru-
til, Johannes Gerstaecker GmbH, Germany) as scatterers. The phantoms are poured into a
container with a side opening. The tissues are layered in the containers so that the needle
penetrates the interfaces vertically when inserted through the side opening. The phantoms
have a size of 40 x 80 x 200 mm in height, width, and length. Table 5.1 summarizes the
composition of tissue layers and gelatin densities per phantom type and states the number
of conducted insertions per phantom. In addition to the layered tissue phantoms, we embed

bovine tissue with tendons and capsules in transparent gelatin.

Table 5.1 Properties of multi-layered soft tissue phantoms for analyzing interactions during
needle insertion.

Phantom Layer 1 Layer 2 Layer 3 punctures
A 6.25 % Gelatin | hom. Porcine | 6.25 % Gelatin 33
B 6.25 % Gelatin | hom. Porcine | 20 % Gelatin 33
C 20 % Gelatin | hom. Porcine | 6.25 % Gelatin 33
D 20 % Gelatin | inhom. Porcine | 20 % Gelatin 51

5.3.2 Automatic Needle Insertion Studies

Our experimental setup for analysis of automatic needle insertions is shown in Figure 5.7
and consists of our OCT needle probe, two motors for executing the needle insertion and for
changing the phantom position, the US imaging transducer, a F'T sensor, and a control unit,
as described in Section 4.4.1. We position the US transducer on the phantom surface so the
needle runs horizontally through the image from left to right. We apply transmit and receive
beamforming to acquire two-dimensional US B-mode images with an average frequency of

30 Hz during insertion. We use the first motion stage to insert the OCT needle at a constant
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Figure 5.8 Experimental setup composed of our miniaturized OCT needle (C), a F'T sensor,
an US transducer, two motors for needle insertion (A) and phantom translation (E), and
versatile soft tissue phantoms (F). Figure adapted from [410].
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speed of 1mms~!. Meanwhile, OCT A-scans are acquired with a frequency of 91 kHz, and
the F'T values are recorded with a frequency of Hz. Given the US image width of mm, we
limit the needle insertion depth to 40 mm. After each insertion, we use the second motion
stage to move the phantom, enabling parallel needle paths in the phantom with a distance
of 8 mm to each other.

For multi-modal analysis of rupture events, ensuring appropriate temporal synchroniza-
tion of image and signal acquisition is essential. Hence, the trigger signals and time stamps
of all systems are recorded at a control unit. Moreover, the spatial information retrieved
from US and OCT imaging as well as the motion unit needs to be transformed into a global
coordinate system. Thus, several setup calibration steps are performed after optimal spatial
alignment of the US imaging probe and needle insertion path. First, the depth of the US
imaging FOV is estimated using a calibration phantom. Second, we perform a calibration
to estimate the transformation of the needle tip position estimated from US images to the
motion unit position. For this purpose, we perform several needle insertions in a transparent
gelatin phantom and simultaneously record the motion unit positions and US images. Third,
we estimate the position and intensity of the infrared light beam relative to the needle tip.
This information is used to estimate the position of the OCT A-scan in the US image.

After conducting insertion studies on soft tissue phantoms, we also investigate the signal
characteristics when puncturing ex-situ tissue samples extracted from human corpses. In
particular, we use the motion unit to insert our OCT needle probe into liver and prostate

tissue samples. Given the small size of the tissue samples, US imaging was not possible.
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Therefore, we use the FT signals acquired at the needle shaft to reference the tissue in-
teractions during insertion. Similar to the automatic insertion study, we apply a constant
insertion speed of 1 mm s~ as well as OCT and FT acquisition frequencies of 91 kHz and Hz,
respectively. The tissue samples are embedded in a container that enables cutting through
the insertion channel after puncture. Subsequently, we fixed the tissues with formalin and
followed up with a histopathological analysis. As the tissue was cut along the insertion

channel we can assess the surrounding tissue composition from the histological images.
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Chapter 6

Results

6.1 Quantification of Vascular Morphology

The results of the experimental studies on quantifying vascular morphology from IVOCT
image data with and without external imaging are summarized in the following Sections.
First, the reconstruction performances are evaluated based on the three-dimensional vascular
centerline registered from the IVOCT image data to the external imaging with DSA and MPI.
Second, methods for volume reconstructions combining the estimation of vascular centerline
and imaging probe trajectory are evaluated. Third, a spatio-temporal tracking of the imaging

probe with MPI is evaluated for different motion artifacts.

6.1.1 Centerline Estimation

First, a qualitative analysis of the investigated volume reconstruction methods is conducted
based on the reconstructed volumes’ xy- and zz-views. Considering the DSA as the exter-
nal imaging modality and the C-arms aligned perpendicular to the luminal centerline, the
visualizations in Figure 6.1 demonstrate substantial deviations in the phantom shape when
using the IVOCT image data alone. The reconstructions considering the luminal centerline
from DSA and IVOCT imaging and optionally combining this with the probe trajectory show
improved results. However, when examining the quantitative results for different C-arm con-
figurations, the DICE values shown in Figure 6.3 for the respective volume reconstruction
methods considering both DSA and IVOCT images decrease. For our studies using MPI as
the external imaging modality, the benefit of combining both MPI and IVOCT image data is
clearly shown in Figure 6.2. Here, the actual imaging probe trajectory deviates more clearly

from the assumption of a straight trajectory.
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Figure 6.1 zy- and z2-view of the reconstructed volumes with catheter trajectory estimation
from DSA with o = 45°, 8 = 0° compared to the ground truth shape. The OCT image
frames are oriented differently. The conventional method (green) shows obvious deviations
in phantom shape. For the centerline method (olive), the first phantom curve was wrongly
reconstructed as shown in the respective xy-view.

Results of DICE quantification for vascular volume reconstruction from bimodal IVOCT
imaging in combination with DSA or MPI are shown in Figure 6.3. The DICE boxplots are
created for 18 projective views of the reconstructed volumes with the projection calculated for
rotation around the z-axis. The conventional volume reconstruction approach, using only
the IVOCT image data, results in the worst DICE coefficients for both external imaging
modalities. This approach includes arranging the IVOCT cross-sections after calculating
the luminal center of mass from the IVOCT images. Using the vessel centerlines extracted
from the external imaging (DSA or MPI) and registering them with the centerlines extracted
from the IVOCT images, referred to as the three-dimensional centerline approach, further

improves the results.

6.1.2 Combination of Centerline and Probe Path

We analyze the volume reconstruction with reference from DSA combining information from
the luminal centerline and probe path for continuous probe motion profiles. Here, we assess
both information centerline and probe path from the same image data. As visualized in
Figure 6.3 this approach further improved volume reconstructions. This is especially true for
curved vessel structures where the IVOCT imaging probe does not run along the centerline.
However, again, the C-arm configuration relative to the phantom centerline and probe path
influences the volume reconstruction accuracy. The combination of centerline estimation
and probe path leads to even worse results in configuration y¢ = 450, 7¢ = 300 than the

conventional approach without external imaging.
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Figure 6.2 IVOCT volume reconstructions for the three phantoms (stenosis, Z-shape, U-
shape) of conventional (green) and centerline method (olive) shown for external MPI imaging.
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Figure 6.3 Quantitative results of volume reconstruction from MPI and DSA imaging shown
as DICE coefficient for different phantom shapes and C-arm configurations.

6.1.3 Spatio-temporal Tracking of Imaging Probe

Since external imaging with MPI promises tracking of probe motion independent of the

orientation relative to the imaging system, studies with simulated motion artifacts are eval-
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Figure 6.4 DICE for volume reconstructions with and without MPI-based probe tracking.

uated. The respective vascular volumes are constructed considering the helical trajectory of
the imaging optic. We evaluate the volume reconstruction performance based on the result-
ing stenosis length and the DICE. First, we consider the deviation in estimating the stenosis
length for different motion profiles with and without probe tracking. From the Computer
Aided Design (CAD) sketch, a ground truth stenosis length of 1.5 mm is given. Reconstruct-
ing the vascular volume without MPI-based probe tracking for the probe deceleration and
heartbeat motion profile, an overestimation of the stenosis length of 164 % and 137 % follows,
respectively. It should be noted that for the heartbeat motion profile, the imaging probe
translated twice through the stenosis section. Consequently, the vascular shape extracted
without probe tracking shows substantial deviations. Considering the probe trajectory with
MPI-based tracking, the stenosis length gets slightly underestimated with 4 % and 33 % for
deceleration and heartbeat motion, respectively. Second, the DICE coefficients are calcu-
lated and shown in Figure 6.4 to evaluate the overall volume with the ground truth from
the CAD sketch. The results are shown for conventional reconstruction (no tracking) and
for the approach using the MPI-based tracking. Similar to stenosis length evaluation, the

DICE coefficients are significantly improved for the spatio-temporal probe tracking.
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6.2 Quantification of Soft Tissue Elasticity

6.2.1 Single-Fiber Elastography

In our experimental studies with a SF-OCE probe, we vary the distance between the imaging
optics and the position of the shear wave excitation by moving either the OCE probe itself or

the wave excitation source. The respective quantitative results are presented subsequently.

First, we analyze the impact of varied imaging positions on the elasiticty quantification.
As visualized in Figure 5.5a, the OCE probe is inserted step by step in a phantom container
using a linear motion stage (A). This results in different distances As, between the excitation
and imaging sites, which were determined during setup calibration. First, the estimation
of shear wave velocity is analyzed for homogeneous tissue structures. In Figure 6.5, the
quantitative results for shear wave velocity estimation from the SF-OCE needle are compared
to the estimates from external OCE imaging. For both imaging setups, we construct the
space-time maps and quantify the velocities based on the Equation 4.10. Here, we use
a frequency interval fy; € [180,230]Hz and search for the maximum intensity points per
frequency f;. Given the 10 wave excitation and imaging repetitions per probe position and
the evaluated frequency band, the boxplots shown in Figure 6.5 are created per phantom

density.

Second, the split tissue phantom shown in Figure 5.4, which consists of two different
densities, is used to analyze the quantification of the shear wave velocity. Similar to the
study on homogeneous tissue, the quantifications of the SF-OCE probe are compared with
the estimates of the external OCE imaging system. Based on the equation 4.10, the shear
wave velocity is either estimated using all probe positions in the soft and harder tissue or
evaluated separately for probe positions in the hard or soft gelatin. The quantitative results
are shown as boxplots over the excitation and imaging sequences per probe position and the
evaluated frequency band in Figure 6.6. Again, a frequency interval f;; € [180,230]Hz is
used. A shear wave velocity vsgr = 2.5ms™! follows when evaluating the signals across all
probe positions. When analyzing the velocity separately over the positions in soft and harder

I and Vs ST = 2.9ms! follow respectively. Please note

gelatin, velocities of vsep = 1.9ms™
that the shear wave is excited in the softer gelatin of 7.5 % and then propagates towards the
harder gelatin. The total distance between excitation and imaging is considered to quantify
the shear wave velocity in the harder gelatin based on equation 4.10. Compared to the shear

wave evaluation for homogeneous tissue phantoms, considerably more outliers appear.
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Figure 6.5 Quantitative elasticity estimates from SF-OCE needle compared to external
OCE using a scan head for homogeneous phantom of different densities.
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Figure 6.6 Quantitative elasticity estimates from SF-OCE needle compared external OCE
using a scan head for the inhomogeneous phantom shown in Figure 5.4 composed of 7.5%
and 10% gelatin density.
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Figure 6.7 Quantitative elasticity estimates from single- and DF-OCE compared to external
USE using a linear imaging probe for homogeneous phantoms of different densities.

6.2.2 Dual-Fiber Elastography

In this Section, we evaluate the quantification of shear wave velocity OCT phase signals
acquired with the DF-OCE probe. This evaluation is conducted for various distances between
the imaging probe and the position of shear wave excitation. Here, the probe position is
kept constant, and the shear wave excitation positions are varied. The excitation positions
relative to the OCE probe are visualized in Figure 5.6. Six excitation and imaging sequences
are carried out for the 99 shear wave excitation positions. In contrast to the variation of the
imaging position studied before, excitation positions are defined that are not necessarily in
line with the OCE imaging probe. Analyzing the effect of different shear wave and imaging
orientations. The results for studies on homogeneous tissue phantoms are shown in the figure
as boxplots for all excitation positions and repetitions 6.7. In comparison to the DF-OCE
results, we also present the estimations from SF-OCE and compare both to the externally
applied USE. Please note that we derive the velocities for SF-OCE from Equation 4.10.
The quantifications from USE result after image processing and evaluating Equation 4.12.
The quantifications from SF-OCE show a slight increase in standard deviation, compared to
measurements from USE and DF-OCE, especially in the harder phantom density.

The results for the inhomogeneous phantom are shown as boxplots in Figure 6.8. Please
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Figure 6.8 Quantitative elasticity estimates from single-fiber and DF-OCE compared to
external USE for the inhomogeneous phantom composed of 5 % and 7.5 % gelatin density
and OCE imaging probe positioned in 7.5 % gelatin.

note that the OCE imaging probe is positioned in the harder 7.5 % gelatin density, and the
shear wave is excited at different positions relative to this probe. For excitation positions in
the softer density of 5 %, the estimations from SF-OCE results in significant underestimations
compared to the estimations from externally applied USE. These deviations are not given for
excitation positions in the harder density. Except for an increase in the confidence interval
in the case of excitation positions in the harder gelatin, the estimates from DF-OCE are
comparable to USE. Also for excitation position in the softer gelatin, where the OCE probe
is not positioned, the median agrees with the USE estimates. The respective results in
inhomogeneous tissue phantoms, obtained from six repetitions per excitation position, are
also visualized in Figure 6.9. Here, the deviations to estimations from USE are displayed
with colors. For SF-OCE, greater deviations are shown for excitation positions in the softer
gelatin. This correlates to the underestimated average shear wave velocity in Figure 6.8. In
contrast, no significant deviations between the estimates from DF-OCE and USE are visible.

Finally, we summarize our elasticity quantification results from measurements with our
DF-OCE probe inserted in porcine vascular tissue. In Table 6.1, the respective shear wave
velocities are listed for measurements based on USE, SF-OCE, and DF-OCE. We determine

the values after removing outliers using the interquartile range method. The estimates from
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Figure 6.9 Errors in shear wave velocity visualized over the different excitation positions
relative to the OCE imaging probe. Figure adapted from [408].

USE exhibit significantly higher standard deviations than those from the phantom study.
An increase in standard deviation is also noted for both single-fiber and DF-OCE, but the
deviations at all positions y,; are lowest with the DF-OCE approach.

Table 6.1 Shear wave velocities in ms™! estimated for heart tissue study. The mean and
standard deviations are estimated over all shear wave excitation repetitions and positions
depicted in Figure 5.7. Please note that the OCE probe positions y; are correlated to different
stiffnesses observed by palpation.

Position USE SF-OCE 1 SF-OCE 2 DF-OCE

Y1 (Soft) 278 £1.45 274 £1.05 223 +0.61 250+ 0.89
yo (stiff) | 2.57 £ 1.58 2.47 +0.16 3.46 + 1.59 3.20 £+ 0.78
ys (stiff) | 2.65 + 1.53 3.05 + 1.22 2.56 + 0.40 3.19 £+ 0.75
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Figure 6.10 Comparison of tissue parameters, namely boundary slope and cumulative de-
formation, derived from OCT intensity and phase signals during needle insertion. The mean
estimates per insertion are shown as boxplots and displayed separately per studied tissue,
i.e., gelatin phantom, porcine tissue, ex-vivo liver, and ex-vivo prostate.

6.3 Quantification of Soft Tissue Interactions

6.3.1 Feature Extraction for Soft Tissue Analysis

Based on the three sensing modalities, namely OCT, F'T, and US, and the proposed process-
ing methods, the differentiation of tissue structures is investigated for the automatic needle
insertion study. First, we consider the boundary slope a(t) and cumulative deformation d(t)
extracted from the complex OCT data. For each insertion, we estimate the average slope and
deformation values. In Figure 6.10, we compare the averaged slope and deformation mag-
nitudes for all insertions per tissue type. Insertions in homogeneous gelatin phantoms show
high boundary slopes while the measured deformations are minimal. For punctures in tissues,
i.e., ex-vivo porcine tissue or liver and prostate tissue removed from cadavers, the slopes are
significantly smaller, and there is a significant increase in the measured deformations. The
largest average deformation derived from the OCT phase signals is reported for the prostate
tissue samples. In addition, comparatively small boundary slopes are determined for these

tissues.
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Figure 6.11 Comparison of tissue parameters, namely the cumulative force and cumulative
deformation, derived from FT and US during needle insertion. The mean estimates per
insertion are shown as boxplots and displayed separately per studied tissue, i.e., gelatin
phantom, porcine tissue, ex-vivo liver, and ex-vivo prostate.

The features extracted from the externally applied sensing modalities, i.e., FT and US,
are compared in Figure 6.11. Force measurements for needle insertions in gelatin phantoms
show significant deviations from porcine and prostate tissue punctures. The punctures in liver
tissue also show substantial differences from experiments on gelatine phantoms. However,
their absolute average values are much lower than the values reported for punctured porcine
and prostate tissue. The cumulative US deformations for gelatine and porcine tissue needle

insertions also show significant deviations.

6.3.2 Detection of Rupture Events

First, we compare the threshold-based rupture detection from US, FT or OCT phase signals.
We define minor and major rupture events as introduced in Section 4.4.3 and compare the
number of detected events for our needle insertions in gelatin phantoms, homogeneous and
inhomogeneous porcine tissue, as well as ex-vivo liver and prostate tissue samples. The

average number of minor and major rupture events detected for the different modalities and
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Figure 6.12 Number of minor and major rupture events extracted from FT, US, and OCT
during needle insertion. The average number of ruptures over all insertions is shown per
modality and punctured tissue, i.e., gelatin phantom, homogeneous and inhomogeneous
porcine tissue, ex-vivo liver, and ex-vivo prostate.

tissue samples are shown in Figure 6.12. While the insertions in gelatin tissue show almost
no rupture events, the experiments in porcine tissue show at least one major rupture event
per insertion. An increase in detected minor rupture events is depicted for the insertions in
inhomogeneous porcine tissue. Please note, as US measurements were not possible during
the ex-vivo study, only FT and OCT signals are compared for the insertions in liver and

prostate tissue.

In addition to this analysis, we evaluate whether the external measurements show the
same temporal occurrence of rupture events. Therefore, we crop the insertion data sets on the
temporal axes. We chose a window size of 224 A-scans corresponding to 2.46s. We extract
an equal number of time intervals with and without detected rupture events and evaluate the
conformity of the external sensing modalities. In Table 6.2, the accuracy, precision, recall,

and fl-score are given for all phantom insertions and separated by the tissue phantoms (A-
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Table 6.2 Evaluation of threshold-based rupture detection compared for using both US
tr,us and force tg pr as ground truth for all tissue phantoms (all) and separated phantom
types (A-D). Accuracy, precision, recall, and fl1-Score are given.

Phantoms | Acc. Prec. Rec. F1-Score
0.849 0.722 0.871 0.789
0.866 0.958 0.770 0.854
0.845 0.582 0.880 0.700
0.828 0.630 0.940 0.755
0.859 0.756 0.880 0.813

gaows g

Table 6.3 Evaluation of the CNN-based rupture detection trained on the whole data set.
Different inputs and ground-truth annotations are evaluated. Also, the ground-truth labels
are fused as AND (t,s and t;) and OR (tys or ty).

Input GT  Acc. Prec. Rec. F1-Score
int tus  0.722  0.684 0.653 0.660
phase  t 0.919 0.901 0.929 0.911
comb. t, 0923 0913 0.914 0.914
int te 0.699 0.659 0.651 0.654
phase t¢ 0.923 0.908 0.927 0.916
comb. te 0.926 0.913 0.923 0.918
int OR 0.683 0.662 0.660 0.661
phase  OR  0.909 0.901 0.912 0.905
comb. OR 0.893 0.885 0.891 0.888
int AND 0.748 0.687 0.652 0.662
phase AND 0.944 0.920 0.953 0.934
comb. AND 0.937 0912 0.946 0.926

D). Here, a ground truth combined from US and FT measures is used. In particular, we

define time points as rupture event tg, whenever tg ys and tg pr are overlapping.

To evaluate the deep learning based rupture detection approach, we use the OCT intensity
and phase signals from phantom insertions separated per phantom type or combined (comb.)
as input images for training the proposed network architectures. In addition, we vary the
ground truth (GT) labels used from externally applied US and FT sensing. The respective
evaluation metrics are depicted in Table 6.3. The best results were achieved when using
the combined ground truth from US and FT sensing (AND). Comparing the separated
training with using either OCT intensity or phase signals as input demonstrates a substantial
prediction improvement when using the OCT phase signals.

Considering the different phantom compositions, we additionally evaluate prediction per-

formances for training and tests using only one phantom type (separated) and perform a
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Table 6.4 Validation of CNN trained on the four phantom types separately (sep.) and
cross-validation between the phantom types (cross) using the Siamese network and ground
truth label AND.

Phantom Acc. Prec. Rec. F1-Score
0.689 0.842 0.526 0.456
0.777 0.594 0.583 0.587
0.621 0.481 0.480 0.480
0.585 0.499 0.499 0.499

Saw»

Figure 6.13 Experimental setup for needle insertion in ex-vivo prostate tissue sample.
The tissue is shown in the container before puncture and afterwards with a highlighted
insertion canal. On the right, the histopathological image of the tissue sample is shown with
a highlighted node. According to this node, two ruptures are detected in the OCT signals
and shown with respective force measurements. Figure adapted from [410].

cross-validation study excluding a specific phantom type from training. The respective per-
formance metrics are listed in Table 6.4. While training and evaluation on the same phantom
type show high prediction performances, the cross-validation study demonstrates decreased
performances. In particular, the experiments with phantom C, listed as phantoms with soft
gelatine behind the porcine tissue, and phantom D, referring to phantoms with inhomoge-
neous porcine tissue embedded in gelatin, show worse performances.

Finally, we use the trained CNN to predict ruptures in the OCT M-scans from ex-situ
experiments. In Figure 6.13, the experimental setup for a needle insertion in an ex-vivo
prostate tissue sample is shown. Moreover, the detected rupture events are highlighted in
the OCT and FT signals.

The prediction performances for punctures in liver and prostate tissue are listed in Ta-

122



Table 6.5 Performance of the trained CNN on OCT inputs (intensity, phase, comb.) from
insertions in liver and prostate tissue with ¢ used as ground truth. The mean values and
standard deviations for the different samples are shown.

liver
Input Acc. Prec. Rec. F1-Score
int 068 £0.13 0.14 £0.29 0.44 £0.11 048 £ 0.11
phase 0.73 + 0.15 041 £048 0.63 + 0.17 0.55 £+ 0.20
comb. 0.73 £0.15 0.63 £0.17 0.41 £ 0.48 0.55 £ 0.20

prostate
input Acc. Prec. Rec. f1-Score
int  0.60 £0.17 0.48 £ 0.02 0.19 £ 0.24 0.39 £ 0.06
phase 0.46 & 0.10 0.51 £0.06 0.33 &= 0.26 0.34 £ 0.04
comb. 0.47 £ 0.07 0.52 £ 0.08 0.34 £ 0.26 0.36 = 0.04

ble 6.5. In general, the punctures in liver tissue show performances that are comparable
to those achieved in the cross-validation study on tissue phantoms. Again, using the OCT
phase signals as input image improves the prediction performance. Furthermore, combining
the OCT intensity and phase signals using the Siamese network architecture shows the best
results. Considering the punctures in prostate tissue, the prediction performances decrease,

especially when comparing the reported accuracies.
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Chapter 7

Discussion

7.1 Quantification of Vascular Morphology

With our experimental setup, particularly the motion unit, artificial vascular phantoms, and
external imaging systems, a systematic analysis of various volume reconstruction methods is
possible. Given the external image data from bi-planar DSA and MPI, we first investigated
methods to register the three-dimensional vascular centerline extracted from the IVOCT
data. In Figure 6.1, two projective views are shown for the volume reconstructions using
DSA as reference modality. Using the centerline method, the volume reconstructions show
substantial improvements compared to the conventional approach. This improvement is also
visible in the quantitative analysis in Figure 6.3. Especially for C-arm configurations with
v¢ = 0, the performance improves significantly when comparing conventional IVOCT image
reconstruction with the centerline approach. In particular, evaluating the first C-arm con-
figurations the best performance increase with a mean of 91 % compared to 69 % using the
conventional reconstruction approach is reported. Considering the third C-arm configura-
tion with v¢ = 30, the improvement using the centerline approach no longer exists. Even
if the mean value increases, no significant deviation is visible in Figure 6.3. Hence, it is
reasonable to assume that the luminal centerline estimated from DSA becomes inaccurate.
These results demonstrate the importance of correct three-dimensional vascular centerline
estimation when reconstructing IVOCT image data. However, when using DSA as reference
modality, C-arm configurations relative to the artery structure should be used where projec-
tive errors are minimized. As shown for experiments with C-arm configuration y¢ = 30 the
centerline estimation deviates substantially from the ground truth and therefore the volume

reconstruction performance decreases.

Our centerline approach, considering MPI as the reference modality, yields similar re-
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sults. As depicted in Figure 6.2, the vascular morphology is much better reconstructed using
the centerline method. Especially for curved phantom geometries, i.e., the Z-shape and U-
shape, the morphology is well reconstructed compared to ground truth. For these phantoms,
the quantitative results in Figure 6.3 also show substantial improvements for the center-
line method compared to the conventional IVOCT volume reconstruction approach. The
experiments in the U-shaped phantom, in particular, demonstrate a significant improve-
ment in reconstruction. As the IVOCT imaging probe follows a trajectory with essential
catheter bending, related imaging artifacts are much better compensated using the center-
line approach. The quantitative results in the stenosis phantom do not indicate an obvious
improvement in reconstruction. Here, the IVOCT follows a straight trajectory through the
phantom that is equal to the assumption of a straight vascular centerline used in the con-
ventional IVOCT volume reconstruction. When estimating the stenosis length, however, the
advantage of the centerline approach becomes visible again. As the IVOCT imaging param-
eters set at the proximally attached motion unit do not necessarily reflect the motion profile
of the IVOCT imaging optic at the distal end, the distance between luminal cross-sections is
in case of the conventional reconstruction method overestimated. This leads to an increase
in stenosis length of about 2mm for the conventional approach compared to an increase of

0.8 mm with the centerline approach.

When comparing the quantitative results shown in Figure 6.3, using either DSA or MPI
reference modality, the different imaging resolutions, and FOV sizes but also the acquisi-
tion modes should be considered. While MPI has comparatively low image resolutions and
small FOV, the possibility of direct three-dimensional image acquisition is advantageous. In
comparison, DSA enables increased image resolution and FOV size but has the drawback of
complex image acquisition and three-dimensional reconstruction cycles. Arranging the C-
arms properly relative to the vascular structures presents a major challenge. Finding reliable
configurations for all patient-specific vascular geometries might be difficult in clinical prac-
tice. This effect has already been discussed in the literature [420-422]. Most importantly,
the applied ionization of DSA is a relevant drawback compared to MPI, especially when con-
ducting bi-planar image acquisition. However, clinical MPI scanner systems for human-sized
evaluations are still being explored. A research prototype of a MPI head scanner has already
been proposed [118] and recent image analysis methods promise a fast three-dimensional
image acquisition [119]. Making an important milestone for the future analysis of vascular
lesions [423, 424].

In the next step, we evaluate the vascular volume reconstruction using the vascular

centerline and the IVOCT probe path extracted from external DSA. The quantitative results
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in Figure 6.3 demonstrate further improvements in the volume reconstruction, especially for
curved vascular morphologies. Here, two major effects are described in the literature that
may cause inaccuracies in volume reconstruction [425, 426|. First, the catheter bending in
the curved section leads to NURD artifacts with a resulting rotation of the IVOCT cross-
sectional images. Second, the two-dimensional IVOCT images, constructed after assigning a
certain number of A-scans to a full rotation of the imaging optic, do not necessarily reflect
a physical cross-section of the vascular morphology. In the case of vascular curvatures, the
imaging optic may not move perfectly along the vascular centerline. Instead, the probe
moves along the shortest path along a curve. Therefore, the two-dimensional IVOCT images
are acquired for probe orientations that are not perpendicular to the estimated centerline.
Considering both, the vascular centerline and the probe path for arranging the IVOCT images
in three dimensions compensates for these artifacts. Consequently, we achieve an average
DICE coefficient of 95% for the first C-arm configuration. Again, a decrease in accuracy
is reported for non-parallel configurations of the C-arms. For a C-arm configuration with
£ = 30 this volume reconstruction even deteriorates compared to the conventional method.
One relevant drawback of the DSA-based probe path estimation is the limited temporal
sampling of images. The DSA imaging frequency is slow compared to the IVOCT pullback
speed applied in the clinics. Thus, temporal tracking of the imaging probe motion is limited
as fast motion artifacts might not be sampled. Also, for reducing the ionization during PCI,

an increase in the frame rate should be neglected.

Lastly, we evaluate the spatio-temporal tracking of the IVOCT imaging probe using
MPI as reference modality. Here, we consider the helical vascular volume reconstruction
approach. Two motion artifacts occurring during IVOCT image acquisition are studied.
First, a deceleration of the imaging probe is simulated, reflecting imaging artifacts due to
catheter bending. Second, a heartbeat motion is simulated with a back-and-forth motion
of the IVOCT imaging probe. The volume reconstructions for both motion profiles are
compared. Overall, the volume reconstructions lead to significantly larger phantom lengths
if the IVOCT probe tracking is neglected. Considering the heartbeat motion profile, the
phantom length is estimated to be twice as large as the ground truth. Next, the estimated
stenosis length is quantitatively compared for both reconstruction approaches and motion
profiles. For the deceleration profile, the stenosis appears larger with an overestimation
of 230%. The heartbeat profile results in the stenosis being sampled twice during one
pullback. Applying the MPI-based IVOCT probe tracking and reconstructing the vascular
phantom volumes accordingly results in much better results. The spatial position of the

stenosis within the vessel phantom is correctly reconstructed for both motion profiles. The
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deceleration profile was compensated with slightly underestimating the stenosis length of
4%. The heartbeat motion profile was also compensated so that only one stenosis section
is visible in the reconstructed volume. In addition, the color map indicating the temporal
information of the IVOCT image data shows that the same vascular structures are sampled
for different times of the pullback. However, the quantitative analysis of the stenosis lengths
results in an underestimation of 32 %. Here, the MPI-based tracking exhibits inaccuracies
in the tracking of the reversing movement. Especially due to the limited spatial resolution
of MPI, estimating variations in the IVOCT probe position for slight motion amplitudes or
back-and-forth movement might be difficult. Finally, the DICE coefficients are compared for
the reconstructed volumes and results are shown in Figure 6.4. A significant improvement

is visible for both motion profiles when using the MPI-based tracking approach.

The MPI-based probe tracking shows promising improvements in vascular reconstruction
but still, some limitations should be considered in future applications. First, increasing the
image resolution will be one important step, for example, with further optimized calibration
of the imaging FOV. Furthermore, an approach to extract both the vascular centerline and
the probe trajectory from the same sequence of MPI volumes would be promising. At the
time of the studies presented, no approach was available with which two different SPIONss
concentrations could be equally well represented in the MPI volumes. A related study [405]
demonstrating a concept for sequential acquisition of the vascular volume and the probe
tracking has been presented to overcome the drawback that it is not possible to clearly
distinguish between SPIONss used to mark the imaging probe and the SPIONss used to
visualize the vessel shape. Another relevant limitation of bi-modal IVOCT and MPI imaging
is the influence of the IVOCT probe rotation on the MPI imaging quality. During the
experimental studies, significant influences were visible whenever the metallic markers used
for probe tracking in DSA were inside the MPI FOV. To reduce these artifacts, the IVOCT
catheter was adapted and the MPI imaging FOV was cropped during the studies. Outside of
this cropped MPI FOV the catheter position could not be determined as robust since more
image artifacts are introduced by the rotation of the catheter. Designing a MPI compatible
imaging probe would be preferable for the future. This includes also a study on suitable
material parameters and SPIONs concentrations to embed tracking markers on the IVOCT
imaging probe. The application of magnetic liquor already shows promising results. However,
applying a marker with a reasonable three-dimensional shape might ensure improved tracking
accuracies. Recent studies on estimating the orientation of magnetic particles with parallel-
aligned imaging axis [427, 428| motivate estimating not only the three-dimensional position

of the intravascular imaging probe but also the rotational orientation. With this rotational
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information also NURD artifacts could be compensated during volume reconstruction.

The presented experimental studies demonstrate the importance of proper three- dimen-
sional IVOCT volume reconstruction for PCI. The results motivate the potential for improved
image analysis using the reconstructed IVOCT volumes. Compared to the co-registration
software already established in clinical practice, the three-dimensional information could be
interpreted directly in a single visualization. Two main scenarios need to be underlined
that may impede the interpretation of intravascular image data with conventional three-
dimensional reconstruction. On the one hand, the analysis of curved vascular structures
might show relevant under- or overestimations of the vascular dimensions. Here, the catheter
bending or non-centric translation of the imaging probe through curvatures might influence
the conventional volume reconstruction. The presented approaches for improved volume re-
construction using the 3D centerline or considering the probe position relative to the vascular
structures show the potential to compensate for these effects. The catheter bending is often
combined with the presence of NURD artifacts that influence the volume reconstruction.
But more importantly, these artifacts impede the two-dimensional cross-sections extracted
from the temporal sequence of acquired IVOCT A-scans. These images are still mainly an-
alyzed by physicians to estimate the stenosis diameter and select the stent size accordingly
during PCI. Therefore, recent studies also focused on the deep learning-based estimation of
the imaging probe motion to compensate for these NURD artifacts [402, 429-431|. How-
ever, also the longitudinal evaluation of vascular lesions becomes more important in clinical
practice [192]. In clinical studies, the negative impact of so-called over-stenting has been
discussed, where IVOCT promises high potential to find optimal values for defining mini-
mum stent areas [432, 433]. This motivates to assess not only the two-dimensional IVOCT
cross-sections but also the volumetric morphology in advanced diagnosis and treatment. On
the other hand, the volume reconstruction may be influenced by relative motion artifacts
during image acquisition. For this purpose, spatiotemporal probe tracking has been investi-
gated in this thesis. The results demonstrate a significant impact on volume reconstruction
results whenever relative motion artifacts are not compensated, such as probe deceleration
or heartbeat contractions. To overcome the influences of heartbeat contraction, research
studies on optimized intravascular imaging propose to apply SS-OCT systems that enable
a high-speed acquisition of A-scans [183|. The authors promise to acquire a full IVOCT
volume in less than 1s and an Electrocardiography (ECG) triggered pullback start. Con-
sequently, no heartbeat motion might influence image acquisition. The deceleration of the
imaging probe due to catheter bending or other physical effects might still affect the image

reconstruction. Therefore, approaches for spatial and temporal tracking of the imaging probe
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might be helpful.

IVOCT imaging enables the analysis of vascular structures with high spatial resolution.
Within a few seconds, a volume of several centimeters in length can be acquired. However,
this results in several hundred cross-sectional images or billion-pixel values that need to be
interpreted by physicians. Thus, the future perspectives of IVOCT in clinical practice [192]
include, in addition to an improved reconstruction of the vascular morphology, the appli-
cation of deep learning to automatically analyze and classify the reconstructed image data.
This includes, on the one hand, an online highlighting of relevant stenosis and an assessment
of its diameter and length. On the other hand, an automated classification of stenosis le-
sions. Various studies have already presented the potential of deep learning to automatically
distinguish different lesion states [33, 434, 435], i.e., calcified or lipid lesions. Furthermore,
the automated segmentation of stent struts has been proposed to assist in assessing stent
apposition [135, 436, 437|. Moreover, the high-resolution information on vascular structure
contained in the IVOCT image data can also be used for the treatment and diagnosis of dis-
eases that are accompanied by cardiovascular disease. For example, the connection between

diabetes and changes in vascular structures was recently investigated in more detail with the

help of IVOCT [438].
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7.2 Quantification of Soft Tissue Elasticity

Our experimental studies, using a SF-OCE probe to estimate the shear wave velocity of soft
tissue phantoms, demonstrate promising results. Using the precise calibration of imaging
setup enables transient OCE. Thus, the distances between excitation and imaging Ad are
known and allow the construction of space-time diagrams introduced in Equation 4.10. Here,
the temporal axis At is defined from the temporal sampling of the OCT A-scan acquisition
and shear wave excitation.

We evaluate the assessment of shear wave velocity by systematically varying both the
position of the shear wave imaging and excitation. First, we discuss the experiments with
varied imaging positions. Here, the estimates from SF-OCE from within the tissue are
compared to OCE evaluated on the tissue surface with a conventional scan head setup. In
general, the quantitative results for studies on homogeneous tissue phantoms in Figure 6.5
prove the linear relationship between phantom stiffness and shear wave velocity. Considering
the estimates from SF-OCE, the evaluated phantom densities show significant differences in
their velocity. In contrast, results from externally applied OCE depict increasing deviations
for stiffer tissue phantoms and overlapping confidence intervals. Two physical effects might
influence these quantifications. First, the surface acoustic waves propagating on the phan-
tom surface show higher signal-to-noise ratios. This might be related to the higher motion
amplitudes and has the consequence that multiple wave reflections with various distances
traveled are detected at the imaging position. In addition to the multiple reflections, phase-
wrapping effects might occur due to the high motion amplitudes. Second, the distance Ad
estimated between excitation and imaging might not be valid for all imaging positions.

The shear wave velocity quantification using a split phantom with two different stiffnesses
is evaluated. Please note, that the shear wave travels from the softer tissue (7.5 %) towards
the stiffer area. The boxplots in Figure 6.6 depict the velocity estimates considering all
imaging positions or imaging in the respective individual densities (in 7.5% or in 10%).
Extrapolating the results in homogeneous tissue phantoms results in an estimated shear wave
velocity of approximately 3ms~! for the area with 10 % gelatin concentration. However, the
results from SF-OCE using all imaging positions show an average velocity of 2.5ms™!. In
contrast, evaluating the imaging position per density separately, average velocity values of

2ms !

and 3ms~! follow for 7.5% and 10 % density, respectively. The results for imaging
position in the stiffer phantom show higher deviations with a large confidence interval and
a higher number of outliers compared to the softer tissue. As the shear wave travels first
through the soft tissue, reaches the boundary between both, got partially reflected but also

transmitted, we assume that the wave motion amplitude decreases when entering the harder
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tissue. This can be correlated to the decreasing signal-to-noise ratios and also the increasing
number of outliers shown. In contrast to the SF-OCE results described before, the results
from external OCE show larger deviations. The average velocity values are showing the same
trend as described for the SF-OCE. However, the large confidence intervals impede a clear

distinction of phantom stiffnesses.

For these studies comparing the SF-OCE probe measurements from within the tissue
with the externally applied OCE, it should be noted that different wave components are
measured. Given the external OCE setup, mainly surface acoustic waves are imaged. In
contrast, the wave propagation in deeper tissue structures is analyzed using the miniatur-
ized OCE probe that is inserted in the soft tissue phantom. Therefore the quantitative
estimates are not directly comparable to each other. As motivated in a review on wave-
based elastography [212], the different shear wave components do not necessarily reflect the

same propagation characteristics.

Second, we evaluate the quantification of shear wave velocity when varying wave exci-
tation positions. We use USE as reference modality in these experiments, in contrast to
external OCE applied in the previous analyses. This enables an analysis of shear wave
propagation in deeper tissue layers, not just on the surface. Thereby, the same shear wave
components are analyzed with the SF-OCE probe and the reference measurements from
USE. For three homogeneous tissue phantoms, the shear wave velocity is estimated, and
the results are shown in Figure 6.7. The absolute velocity values show deviations from the
studies with varied imaging positions in Figure 6.5. These deviations can be explained by
the temperature variation of gelatin elasticities that has already been discussed in the lit-
erature [439]. Comparing the reference values from USE (green) with those from SF-OCE
(blue), increases in the confidence intervals are visible for the latter. Nevertheless, a distinc-
tion between the different phantom stiffnesses is possible for both modalities. The average

shear wave velocity values estimated from SF-OCE show slight increases compared to USE.

Next, we evaluate the shear wave propagation through a split phantom composed of soft
to hard gelatine concentration when varying the wave excitation position. The quantitative
results from SF-OCE in Figure 6.6 show relevant deviations in estimating the shear wave
velocity for excitation positions in the soft tissue. Here, it should be noted that the SF-
OCE probe was placed in the same position in the hard phantom part of 7.25% for all
variations of the excitation position. A decrease of about 25 % follows for the average shear
wave elasticity estimates compared to the experiments in the homogeneous phantom. The
reported values are comparable to those estimated for homogeneous phantoms of 6.25%. In

contrast, the USE results show similar average shear wave velocity for excitation positions in

132



both the hard and soft gelatin. These average values of approximately 2.5ms~! correspond
to the experiments in homogeneous phantoms with the same gelatin concentration of 7.5 %.
However, an increase in confidence intervals is noticeable when evaluating the shear wave
velocity with USE in the split phantom. There a no relevant deviations visible for excitation

and imaging position in the harder phantom part.

The described experimental studies in split phantoms demonstrate the drawback of tran-
sient OCE with a single-fiber probe. Whenever the shear wave travels through inhomoge-
neous tissue, its velocity can only be estimated as an average value for the current distance
between excitation and imaging Ad. The results in Figure 6.6 underline this effect. Evaluat-
ing all imaging positions for shear wave velocity quantification results in an average velocity
between the respective values for the two individual phantom densities. If the tissue bound-
ary is known, e.g., due to speckle variations or from segmentations, the shear wave velocities
can also be calculated separately per phantom density. However, the high variance of the
results for imaging positions in the harder part demonstrates the uncertainty of velocity
estimates. For these imaging positions, the respective distances Ad; correspond to different
proportions of propagation in the soft and hard phantom. Similar conclusions can be drawn
from the experiments with varied excitation positions in Figure 6.8. The shear wave travels
through two different densities when being excited in the softer phantom part. Consequently,

the shear wave velocity estimates were underestimated.

In summary, with transient SF-OCE homogenous tissues can be analyzed properly using
precisely known calibration parameters. In inhomogeneous tissue, the precise calibration is
not enough to accurately resolve the shear wave velocity. Depending on the distance between
excitation and imaging and the proportion of tissue densities on the wave propagation path
only average elasticity estimates are possible. Thus, when using a SF-OCE probe in unknown
tissue an under or overestimation of elasticity might occur. Besides potential soft tissue
inhomogeneities, a proper experimental calibration might limited, i.e., defining the distance

between excitation and imaging.

Using the novel DF-OCE probe design, we are facing the described limitations of SF-
OCE. We aim to enable reliable and precise estimation of shear wave speeds by eliminating
the need for extensive experimental calibration. In particular, a local quantification of shear
wave velocities should be achieved while being independent of the wave excitation position. In
contrast to estimating the shear wave velocity over the whole propagation distance between
excitation and imaging, we aim to measure the velocity locally around the miniaturized
OCE probe. Two integrated fiber optics with rigid spatial orientation to each other are
embedded in the probe. The distance between these optics Az and the time difference
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between wave arrival at the two positions is used to estimate the shear wave velocity. The
quantitative results in homogeneous tissue phantoms in Figure 6.7 demonstrate the potential
of distinguishing different phantom stiffnesses but also the improvement of measurement
precision when compared to the SF-OCE results. This is visible in the decreased confidence
intervals for DF-OCE and the average shear wave velocity values showing minor deviations

to the reference from USE.

In addition, the studies in the split phantom underline the capabilities of sensing local
elasticity properties independent of the shear wave origin. As depicted in Figure 6.8 the
estimated shear wave velocity shows comparable values to the experiments in homogeneous

tissue, even for wave excitation positions within the soft tissue of 5 %.

The spatial relationship of the estimated shear wave velocity and wave excitation position
is investigated using Figure 6.9. The deviations to the reference from USE are displayed for
all excitation positions. Please note, that the excitation positions are given with the respec-
tive spatial distances in x- and y-direction relative to the respective imaging optic. These
excitation maps are shown for the single-fiber and DF-OCE approach. The underestima-
tion of shear wave speeds for excitation positions in the soft phantom part is visible in the
SF-OCE maps. The smallest deviations are visible in the transition area between soft and
hard phantom parts (Int). Consistent estimates of shear wave velocity are obtained for most
positions when the DF-OCE approach is used. However, for increased compensation angles
a,, o, the shear wave velocity quantification shows slight overestimations to the reference
from USE. These compensation angles correspond to excitation positions with y <= 7mm

and x > 2mm.

This novel OCE probe design with two integrated imaging optics enables simple manu-
facturing with small probe dimensions. Two important requirements should be considered
for quantification of shear wave velocities. First, an exact calibration of the distance between
the imaging optics Ax. Second, externally excited shear waves should propagate along the
needle shaft. In clinical practice, this requirement could, for example, be met by aligning
a US transducer in-plane with the probe shaft, a standard in US based needle navigation.
Subsequently, ARF shear wave excitation could be applied. Therefore, an exact estimation
of the distance between the excitation and the imaging position, as necessary for SF-OCE,
is no longer required. Moreover, the local quantification of shear wave velocities ensures
reliability independent of the tissue structures between excitation and the dual-fiber imag-
ing position. This makes the presented DF-OCE probe design promising for application in

clinical practice.

Our study on heart tissue demonstrates that it is feasible to quantify local stiffness in
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coronary arteries using our DF-OCE probe. Compared to phantom studies, we generally no-
tice increased standard deviations in single-fiber and dual-fiber OCE. This may be related to
non-uniform push excitations and wave disturbances within the myocardial tissue. In these
heterogeneous tissue structures, multiple wave refractions and reflections occur, causing de-
viations in the push sequence and the estimated spatiotemporal wave propagation. This is
particularly true for the SF-OCE estimates, which can be influenced by the non-uniform tis-
sue structures between the excitation and imaging positions. As a result, we cannot clearly
distinguish the transition from soft to stiff artery tissue using SF-OCE, and the standard
deviation also increases. In contrast, the transition is detectable using DF-OCE as shown in
Figure 6.9. As the wave propagates through thin tissue structures, its movement is barely
detectable with USE, as demonstrated in Figure 7.1. This leads to increased standard de-
viations for USE compared to phantom experiments. Considering the reported significance
levels and standard deviations, the application of USE as a reference modality in these heart

tissue experiments is limited.

Using the DF-OCE probe design, we propose a temporal correlation approach to extract
the wave run time At;, between the two optical sampling positions. Computing the two-
dimensional cross-correlation of the two sequences of OCT phase signals results in the run
time. In contrast to SF-OCE with evaluating space-time diagrams, the dual-fiber correlation
approach leads to more reliable estimates even when the signal quality decreases. As visu-
alized in Figure 7.1, the signal-to-noise ratios in the USE space-time or and SF-OCE phase
scans decrease substantially for shear waves traveling through inhomogeneous phantoms or
ex-vivo tissue samples. However, cross-correlated signals displayed for DF-OCE show good

signal qualities.

The variations in the analyzed signal-to-noise ratios of our OCE probes, USE, or the ex-
ternally applied OCE can be explained with the different shear wave components measured
within a respective imaging axis. For both wave excitation approaches we assume a spherical
propagation of the shear wave. In the case of piezoelectric excitation at the surface, the shear
wave thus propagates on the one hand as an surface acoustic wave with the wave amplitude
perpendicular to the tissue surface. On the other hand, the shear wave propagates spherically
in deeper tissue layers. A similar spherical propagation is assumed for the ARF excitation
with origin in the focus point. As the distance between excitation and imaging increases, the
deformation of this spherical wave into a plane wave increases. For some scenarios, the shear
wave motion may not be parallel to the imaging axis, resulting in an underestimated motion

amplitude. These signal variations might also impede the handcrafted feature extraction

135



Heart

w ) o)
o £ £
= = =
Space
O Q
w © o
U 3 S
o E g S 1l SRR o T E e gt B L ‘/""--"\—-"‘- Lo~ ML
& £ £
wn
< <
tp t2 tp t2 t t2
O O O
w < o o
= = 2
E = i 1Ay | e S e N e
s £ = £
< < <
0 At1,2 0 At1,2 0 At1,2

Figure 7.1 Comparison of signal qualities for experimental studies on the inhomogeneous
phantom and ex-vivo tissue samples. Figure adapted from [408].

methods presented. Therefore, in future studies, the application of machine or deep learn-
ing methods for signal analysis should be studied. The necessary calibration of the probe
properties could, for example, be learned directly through end-to-end learning processes, as
proposed in related studies [289, 290].

Recent miniaturized OCE probe designs integrate the wave excitation source [440]. This
creates an alternative approach to simplify the spatio-temporal calibration of excitation and
imaging. However, the standard approach of embedding only one imaging optic limits the
precision of shear wave analysis. As investigated in related studies, the distance between
shear wave excitation and imaging should not be too close [441|. Therefore, the resolution
of the spatial wave sampling decreases. Hence, only average shear wave velocity values are
reported, which depend on all tissue structures between excitation and imaging. In addition
to the constraints related to spatial sampling, the embedded excitation sources should enable
reproducible excitation schemes. Here, piezoelectric actuators, which are typically used,

require proper and consistent mechanical coupling. Ensuring this is complicated, especially
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when positioning and moving these probes in soft tissue of varying densities. Since, in recent
studies, probes have been mainly placed at the tissue surface, where excitation and coupling
effects can be optimized, the question arises about possible uncertainties in the application
when the probes are inserted into the tissue. Especially for the intraluminal application,
such as in coronary arteries or bronchial structures, ensuring this mechanical coupling is
not trivial. To overcome these issues of shear wave excitation, an approach for imaging
naturally induced shear waves, e.g., by heart contraction [442], has been presented in the
context of USE. This approach would also be promising for OCE probes but has not yet been
presented. As an alternative to the presented ARF-based excitation, future studies should
therefore investigate the sampling of natural shear waves with a DF-OCE probe design.

In inhomogeneous anisotropic tissue structures, the shear wave coupling and propagation
characteristics, i.e., the resulting wave frequency, might vary due to dispersion effects [285].
Therefore, ensuring reliable shear wave velocity analysis from OCE probes requires a re-
producible wave excitation and a consistent spatial sampling. Using our proposed DF-OCE
probe, the same external excitation position and coupling could be applied for various probe
positions inside the tissue. This promises more reproducible shear wave excitation with
limited variations in shear wave sampling. Still, the wave propagation might be influenced
by dispersion effects. However, when evaluating the runtime with our cross-correlation ap-
proach, we primarily focus on the temporal correlation of the local maximum of the sampled
wave. Given the small spatial distance Ap; » = 2mm between the imaging optics, we assume
that dispersion effects influencing the wave characteristics between the sampling points are
minimal. With the application of even faster OCT systems, i.e., SS-OCT systems, this dis-
tance between the imaging optics could be further decreased, ensuring more precise local
sampling.

One significant limitation of our OCE probe design is that the shear wave frequency
characteristics and amplitude variations are mainly sampled using one-dimensional imaging
per optic. A recent OCE fiber endoscope design [273] demonstrates the ability of sampling
the shear wave propagating using a line or circular scanning shape. This miniaturized probe
design enables the analysis of wavelength variations in two- or three-dimensional represen-
tations, similar to benchtop OCT setups. However, even with this probe design, only a
superficial shear wave analysis is possible as it is proposed for MIS. The high voltages ap-
plied for piezoelectric actuation and the optical setup require contactless imaging. Therefore,
needle-based OCE with direct tissue contact might be challenging with this fiber endoscopic
probe design.
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7.3 Quantification of Soft Tissue Interactions

This thesis studies the analysis of OCT signals in front of the needle tip and investigates
whether tissue characterization or differentiation is possible using this modality. These
findings are also compared to FT and US measurements that are usually applied externally.

First, the feature extraction methods for analyzing needle tissue interactions from OCT
are discussed. Features derived from OCT, FT, and US demonstrate that the tissue response
during insertion varies for the tissue structures studied. First, we evaluated the features in
the sequence of complex OCT scans. In particular, the slope of tissue boundaries visible in
the OCT intensity signals and the tissue deformation derived from the OCT phase signals are
studied. While the average boundary slope in gelatin tissue in Figure 6.10 shows significant
deviation from those of porcine or human ex-vivo tissue, the liver and prostate tissue samples
are not distinguishable. Considering the deformation profiles extracted from the OCT phase
signals, the porcine and human tissue samples show substantial differences. Thus, considering
the tissue deformation and displacements during needle insertion solely based on the tissue
boundaries visible in the OCT intensity signals might not be able to distinguish tissue.
In contrast, evaluations from OCT phase signals motivate a more sophisticated analysis of
deformations. Here, we assume that bulk displacements occur with a comparatively large
motion amplitude and therefore are not contained in the relative motion analyzed when
evaluating the OCT phase signal.

Second, we investigate the information from FT and external US imaging and extract
features for tissue distinction. The average force gradients depicted in Figure 6.11 enable a
distinction between gelatin and ex-vivo tissue. However, porcine and human ex-vivo samples
are not distinguishable. Even if the gradients measured for punctured liver tissue samples
show significant deviations, the corresponding values in the human prostate and porcine
tissue are not distinguishable. The evaluation of the deformation profiles for gelatin and
porcine tissue extracted from US imaging shows significant variations. Comparing the defor-
mation profiles from OCT and US imaging, the distribution of the cumulative deformation
in the different gelatin tissues appears similar. Still, the increasing confidence interval for
porcine tissues indicates greater differences in the deformation processes. This applies also
to the deformation processes determined from the OCT phase signals in ex-vivo tissue.

In summary, the presented feature extraction study shows the potential to analyze tissue
or respective properties during needle insertion. However, assessing feature values from the
different modalities that highlight the same tissue properties is not directly possible. In
addition, the individual modalities and investigated feature extraction approaches do not

necessarily reflect clear metrics for differentiating between tissues. While the evaluation of
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force gradients might be applied to divide tissue structures related to the mechanical re-
sponse, the absolute values could vary, e.g., due to inhomogeneities of the tissue itself or
the surrounding tissue. Accordingly, the evaluated force gradients for punctures in porcine
tissue show higher confidence intervals when distinguishing between homogenous and inho-

mogeneous tissue.

In addition to analyzing specific features extracted from the insertion data sets, we study
the detection of rupture events. Given the definition of a rupture in Section 4.4.3, we
search for time windows when a specific tissue boundary has recently been punctured. We
distinguish between major and minor ruptures according to the respective amplitude of tissue

relaxation processes.

The number of minor and major rupture events averaged per tissue type and extracted
from OCT, US, and FT signals are compared in Figure 6.12. Please note that all needle
punctures in gelatin and porcine tissue were conducted with the same insertion depths of
approximately 54 mm. The insertions in ex-vivo tissue from corpses were conducted in
specific tissue holders of 30 mm length. In gelatin phantoms, the number of ruptures is less
than one per puncture for all modalities. The FT based rupture detection reveals a slight
increase in the reported average number of rupture events. This might be related to force
differences due to varied friction along the needle shaft. Next, the punctures in homogeneous
and inhomogeneous porcine tissue are analyzed. While experiments in all porcine tissues
show one major rupture per puncture, the number of minor ruptures increases in the case
of inhomogeneous tissue. Considering the specific transitions in the inhomogeneous tissue,

e.g., from tendon to muscle, the increase in minor ruptures could be explained.

For punctures in ex-vivo tissue OCT and FT signals are evaluated. In particular, the
punctures in liver tissue result in one major rupture. The evaluation of the OCT signals
shows a significant increase in minor rupture events. This number of rupture events is
not comparable to those obtained from the FT signals. Given the comparatively soft liver
tissue with tiny liver lobules, each about a few millimeters in size [443], the needle probe
might puncture several internal tissue boundaries. However, these internal boundaries might
exhibit only small variances in the force values measured at the needle shaft, impeding the
rupture detection. In contrast, the OCT signals recorded directly in front of the needle
tip appear to show the corresponding deformation and rupture processes on the lobules
more precisely. Combining the rupture detection analysis with the feature values extracted
from OCT signals (Figure 6.10) underlines the differences in internal rupture processes and
those at the tissue surface for the liver tissue. The boundary slope shows a high confidence

interval for punctures in the liver. We hypothesize that the lobules can be assigned to

139



increased boundary slopes where the deformation ahead of a rupture event is comparatively
small. In contrast, the ruptures that belong to the exit of the tissue sample show decreased
boundary slopes that can be explained by a longer period of tissue deformation in front of
the tissue until the tissue ruptures. The punctures in prostate tissue show an increase in
the number of minor and major rupture events for both OCT and FT signals. Investigating
the temporal appearance of the major ruptures for the other tissue types, these events can
mostly be associated with the exit from the respective tissue. Small nodules often form in
the prostate with relevant influence on the tissue collagen structure [444]. These nodules can
be easily detected during palpation of the tissue. We hypothesize that these nodules also
influence the number of ruptures detected during needle insertion. Therefore, an increase
in major but also minor rupture events is reported in Figure 6.12. Given the comparatively
large tissue stiffness, the deformation and rupture processes show larger amplitudes than the

ex-situ liver and porcine tissue punctures.

Next, we analyze the detection performance of rupture events with the threshold-based
detection approach from OCT phase signals in different phantom types. In particular, we
distinguish tissue phantoms with either soft (6.25 %) or hard (20 %) gelatin embedded around
the porcine tissue. We analyze the detection performance using the events extracted from F'T
sensing as ground truth and perform a grid search to estimate the optimal threshold values.
Given the temporal crops of OCT and FT data we create a balanced data set with the same
amount of time windows with and without rupture event. The accuracy varies between
0.83 and 0.87 when all phantom types are evaluated together or separately (see Table 6.2).
The best results are obtained for data sets from a phantom with the same gelatin density
around homogeneous porcine tissue (A). Similar performances were achieved for punctures
in inhomogeneous porcine structures (D). Here the porcine tissue was also embedded in the
same gelatin density. Punctures in phantoms with two different gelatin densities around the
porcine tissue (B and C) demonstrate a relevant decrease in precision values. This indicates
a relevant amount of data set crops that were incorrectly labeled. Considering also the
comparison in Figure 6.12 this variation in detecting rupture events from FT and OCT data
might be related to the different sensing capabilities. While OCT signals acquired at the
needle tip enable more sensitive detection of minor rupture events, the F'T measurements at

the needle shaft are impeded by friction forces.

In conclusion, the threshold-based rupture detection from OCT signals promises to be a
sensitive approach. Analyzing the insertion processes is feasible using the OCT intensity and
phase signals acquired in front of the needle tip. Especially for small tissue deformations

and minor tissue ruptures, the OCT signals outperform the external measurements from
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FT or US. However, the threshold-based rupture detection approach is limited considering
the necessary fine-tuning of threshold values. Especially for unknown tissue structures,

determining a suitable threshold is challenging.

In addition to the threshold-based rupture detection approach, we investigate deep learn-
ing for extracting time windows with rupture events from needle insertion data sets. We first
analyze the rupture detection performance for different data sets from needle insertion in
gelatin and porcine tissue. While the threshold-based approach mainly analyzed the OCT
phase signals, processing both OCT intensity and phase signals is considered with the deep
learning approach. In particular, the influence of different input signals is examined, using
either phase and intensity signals separated or a combination of both. We train a Convolu-
tional Neural Network (CNN) for rupture detection with ground truth labels extracted from
US imaging and FT sensing. Table 6.3 lists the respective rupture detection performances
using different combinations of input data sets and ground truth labels. Please note that no
tissue-dependent data set splits are performed here, i.e., using all data sets from insertions
in gelatin porcine phantoms in a random split. For all ground truth labels; the worst perfor-
mances are shown when OCT intensity signals are used as input. An increase in performance
is visible when either the OCT phase signals are used separately or in combination with the

OCT intensity signals as input.

These results underline the importance of phase signals for interpreting relative motion
patterns during needle insertion. Even though the OCT intensity signals allow an analysis of
the boundary slopes during insertion, these parameters do not necessarily reflect consistent
features for rupture detection. Depending on the tissue structure and stiffness, the deforma-
tion processes ahead of a rupture event might result in varying boundary slopes in the OCT

intensity signals and inconsistent temporal patterns.

The variation of ground truth labels for training results in the best rupture detection
performances when the labels from US and FT are combined (AND). Following the feature
extraction analysis we observe different appearances of rupture events based on the modality
that is used for sensing. While OCT imaging at the needle tip ensures the highest spatial
sampling of tissue structures and motion patterns in a comparatively small FOV, US imaging
benefits from the increased FOV but with lower spatial resolution. In addition, the FT
sensing at the needle shaft is impeded by friction forces. Using the rupture events where FT
and US labels match (AND) the evaluation metrics are maximized. However, the slightly
lower precision values indicate that still some rupture events might be contained in the
OCT signals that are not resolvable with US and FT. In the case of FT sensing, friction

forces might be higher than the force differences sensed during ruptures, especially for deep
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insertion positions. For the analysis of US images, the processing algorithms might not be
perfect and may be affected by imaging artifacts. For example, the detection of the needle
tip in the US images is limited and extensively discussed in the literature [445|. In addition,

defining threshold values for rupture detection from FT and US might be prone to errors.

In addition to the influence of ground truth modalities and input data sets on the detec-
tion performance, we conduct a cross-validation study with data set splits considering the
different phantom types. Table 6.4 lists the metrics for insertions in the respective phan-
toms (A, B. C, D) excluded from the training datasets. For these evaluations, we used a
Siamese network architecture that processes OCT intensity and phase signals as input sig-
nals and uses the combined ground truth label (AND). A substantial decrease in rupture
detection performance is detectable for all data set splits. Especially insertions in phantoms
of type C and D show a deterioration of results. This might be because these phantoms
show relevant variations in tissue dynamics before and during a boundary puncture com-
pared to phantoms A and B. Given the phantom structure, we assume several minor rupture
events appear when entering the boundary from porcine tissue to softer gelatin or within the

inhomogeneous tissue.

Finally, we evaluate the rupture detection performance for needle insertions in ex-situ
tissue samples, i.e., liver and prostate tissue. The detection performances in Table 6.5
are separated again for different inputs (intensity, phased, or combined) and derived for
using the FT signals as ground truth. Overall, the results for insertions in liver tissue are
similar to those listed for the cross-validation study in Table 6.4. Moreover, processing
the OCT phase signals alone or in combination with the intensity signals outperforms the
predictions from using OCT intensity signals only. However, the decreased precision values
again indicate a different sensitivity in rupture detection using either OCT or FT signals.
This correlates to the observations when comparing the detection of major and minor rupture
events in Figure 6.12 with a substantial increase in minor rupture events detected from
OCT phase signals. The rupture detection performance metrics for insertion in prostate
tissue vary substantially from those discussed before. In contrast to previous observations,
using OCT intensity signals alone as input shows the best results. Considering the other
input variations, poorer performance metrics are listed, indicating that the OCT phase
signals contain less useful information for rupture detection in these prostate tissue samples.
Together with the analysis of the number of ruptures extracted from OCT and FT signals
in Figure 6.12, the sensitivity of OCT-based rupture detection is questionable for these
tissue structures with comparatively large variations in tissue stiffness and related large

force gradients. Whenever larger motion amplitudes appear between successive OCT A-
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scans, the evaluated phase difference might be influenced by phase wrapping effects, that
have already been discussed for blood flow [446] or elastography [274] analysis with OCT.
Therefore, future studies should also investigate an end-to-end learning strategy that uses
not only the preprocessed OCT signals but also the raw spectral data as input. In addition,
the number of data sets used for training the network architectures should be increased.
Most importantly, the variation in feature patterns contained in the data sets should be high

to enable a reasonable generalization capability.

Our approach to using externally applied sensing modalities as ground truth for detect-
ing rupture events enables an analysis of how far the different modalities are exchangeable.
Our results demonstrate that due to the different spatial and temporal sampling capabilities,
minor and major rupture events are not necessarily detected with the same pattern from
all modalities. While externally applied F'T sensing is accurate in detecting major rupture
events with large force gradients, the complex OCT signals at the needle tip are more sen-
sitive in detecting minor rupture events. These minor ruptures might be correlated to small

force gradients that could potentially also be impeded by friction and therefore not resolvable.

In the literature, several approaches to derive mechanical models of tissue from force data
during insertion have been presented [300, 306]. However, the derivation of suitable physical
models or formulae for differentiating tissue structures is often accompanied by simplifica-
tions that harm the quality of insertion analysis. Most models include simplifications that
ignore specific tissue properties and impede the identification of tissue structures, e.g., for

improved needle navigation.

In this thesis, we studied the capabilities of OCT imaging in front of the needle tip
to distinguish tissue structures and detect rupture events during insertion. The feature
extraction analysis demonstrates the correlation between specific dynamics during needle
insertion and the variation in OCT intensity and phase signals. Different tissue structures
are distinguishable by estimating the boundary slopes appearing in the OCT intensity data or
extracting the tissue deformation from the OCT phase signal before a rupture event. These
features show correlations with measurements extracted from externally applied F'T sensing
and US imaging. Moreover, the presented deep learning-based approach enables the detection
of rupture events in various tissues. In addition to the hand-crafted feature extraction
methods, deep learning has proven to be an appropriate method to extract relevant features
from complex image data for rupture detection. However, the studied external modalities
do not necessarily serve as reliable ground truth labels for training these architectures. This

applies, in particular, to the generalization capabilities when applying the trained networks
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to unseen data sets. As shown for needle insertions in comparatively stiff prostate tissue,
the OCT signals contain feature information that differs substantially from those insertions
in porcine phantoms. Furthermore, the sensitivity of OCT-based rupture detection could be
questioned for insertion in tissue with large stiffness variations. The analysis in softer tissue,
e.g., ex-situ liver tissue samples, demonstrates the potential of OCT imaging at the needle
tip for local fine navigation. When combined with another external sensing modality, such
as FT sensing or US imaging, OCT imaging and the proposed rupture detection method

could supplement and improve the navigation.

The studied rupture detection approach forms an alternative to state-of-the-art force
sensing modalities applied at the needle tip, such as FBG probes [343| or probe design
employing the concept of Fabry-Perot interferometry. For Fabry-Perot interferometry, OCT
probes have been proposed that enable force measurements by using compressions at the
needle tip as a surrogate [344, 447-449|. While these force sensing probe designs rely on
measuring variations in needle geometry or compression within the probe, the OCT probe
design investigated in this work uses image information from the tissue itself to estimate the
mechanical properties during needle insertion. In contrast to estimating specific force values
acting within the needle tip, an end-to-end detection of rupture event is proposed with no
need for manual interpretation of force values. In related studies, the probe design studied
in this thesis has also been used in collaborative robotic needle insertion to provide haptic
feedback [400]. Moreover, a semi-supervised tissue classification approach has been studied

using the complex OCT signals acquired in front of the needle tip [412].

The presented OCT probe design has the main limitation of being restricted to one-
dimensional imaging in front of the needle tip during insertion. In contrast, OCT probe
designs with distally attached scanning setups for two-dimensional image acquisition [355,
370] or with proximal attached and radially oriented imaging optics for the acquisition of
three-dimensional image data sets [353| have been proposed. However, these probe designs
come on the one hand with the limitation of either substantially increased dimension imped-
ing hand-held applications. On the other hand, interpreting the image data of probe designs
with radially oriented imaging optics for an analysis of instrument tissue interactions might
be difficult. Especially when focusing on small tissue deformations. Our concept of fast ac-
quisition of one-dimensional depth scans with a common-path optical design promises a more
sensitive analysis of relative motion, especially when analyzing the OCT phase signals [450].
For probes enabling two- or three-dimensional imaging the prerequisites for interpretable
phase signals introduced in Section 2.1 are not met, in particular, requiring a spatial overlap

of successively acquired A-scans.
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Our investigations on different image processing methods, including deep learning ap-
proaches, build an essential basis for interpreting A-scan sequences acquired during needle
insertion. Deep learning approaches have also been considered to analyze boundary segmen-
tation in OCT image data. While most studies investigated the segmentation of soft tissue
layers in two- or three-dimensional images [451, 452|, the analysis of tissue boundaries in
a spatio-temporal representation introduced in Equation 4.4 is only investigated by a few
groups 352, 412, 453]. In particular, one study focusing on boundary segmentation in A-scan
sequences acquired with a similar OCT probe design has been published [352|. This study
aims to localize a specific tissue membrane to navigate a needle probe.

Our approach of training a Siamese network architecture for detecting rupture events by
feeding in both the OCT intensity and phase shows substantial performance improvements.
Combining the information from both signal entities is particularly beneficial when analyz-
ing tissue motion of varying amplitudes. Building on this idea, similar Siamese network
architectures have also been studied for force sensing at the needle tip [454|. Moreover, com-
plex network architectures have been applied for OCT image analysis where the intensity
and phase signals are not processed as individual input but as the original complex num-
ber [455]. Also for other imaging modalities complex neural networks have been investigated
to optimize the signal analysis, i.e., observed from MRI [456]. Moreover, transformer network
architectures have been proposed for processing complex-valued sequences [457]. However,
these network architectures require a vast amount of data sets and a more extensive training
to appropriately optimize the weights. Another approach for learning-based analysis of our
OCT signals could be addressed by the application of anomaly detection methods. In par-
ticular, the limited possibilities for observing ground truth annotation for a rupture event

during in-vivo needle insertion could be addressed with these methods.
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Chapter 8
Conclusion

This thesis investigates the characterization of soft tissue using miniaturized OCT imaging
probes. Applying OCT imaging with a high spatial and temporal resolution from inside
the human body promises a precise analysis of tissue properties at hand. In response to
the need for both cost-effective and simple probe designs, simplified imaging optics are
being studied that enable the acquisition of high-resolution one-dimensional depth scans. In
particular, OCT probe designs with different orientations of the imaging axis relative to the
probe shaft have been investigated in this thesis. For all these probe designs, three main
challenges have been observed when acquiring sequences of one-dimensional depth scans
inside the human body. First, the probe position and orientation with respect to relevant
tissue structures and other instruments should be known. This is important because a spatio-
temporal rigid imaging coordinate system, as is typically provided for externally applied
imaging modalities, is not given. The imaging probe follows either a completely undefined
motion profile within the human body or a predefined motion profile that may be impeded by
anatomical or physiological constraints, such as probe or tissue motion. Second, methods for
transforming sequences of one-dimensional scans into a two-, three-dimensional, or pseudo-
spatial representation are needed. Therefore, approaches for deriving the spatio-temporal
motion and image sampling schemes are required. This also includes considering the relative
motion between the probe and the tissue. Third, data processing methods are essential for
an appropriate analysis of both the OCT intensity and phase signals. Depending on the
application scenarios, the information of one or both OCT signal entities might be relevant

for soft tissue characterization.

The analysis of soft tissue characteristics from miniaturized imaging probes is split into
estimating its morphology, elasticity, and interaction. For all application scenarios, the

results of this thesis demonstrate that an extraction of tissue-specific features from OCT
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A-scan sequences is possible. However, this requires precise calibration and synchronization
of imaging setups. Most importantly, it is necessary to achieve a spatial localization of the

imaging probe and to interpret the temporal sampling schemes.

All in all, the methods investigated in this thesis focus on estimating and analyzing mo-
tion with different imaging and sensing modalities. First, the motion of the OCT imaging
probe itself is estimated. Here, external imaging modalities are applied. Additionally, image
and signal processing methods are elaborated on, aiming to assess the motion of surround-
ing tissue structures. The studied motion patterns vary in terms of the spatial amplitudes
and temporal frequencies. On the one hand, externally induced motion patterns are ana-
lyzed, such as shear waves that travel through the tissue structures. Here, comparatively
small motion amplitudes appear with high temporal frequencies. Therefore, these motion
patterns are mainly resolvable and analyzed in the OCT phase signals. On the other hand,
relative tissue motion patterns are studied when inserting an OCT needle probe. In the
literature, motion patterns occurring during needle insertion are categorized into cutting,
bulk displacements, tissue deformations, and spontaneous tissue ruptures. The amplitudes
and temporal schemes vary substantially for these different motion patterns. Therefore, the
presented results demonstrate that a combined analysis of OCT intensity and phase signals
is beneficial. Considering motion analysis, the temporal sampling frequency and motion
amplitude influence each other. In general, a higher A-scan sampling frequency may be
ambitious for increasing temporal sensitivity. Here, SS-OCT systems with sampling rates of
up to 6 MHz are beneficial [18]. However, the increased sampling rate and also the sweep-
ing through wavelengths might influence the OCT signal stability and Signal-to-Noise Ratio
(SNR), especially when aiming for phase signal analysis [458]. Considering this trade-off in

future developments of miniaturized OCT probes might be of interest.

Addressing the first research question of this thesis, MPI and DSA are studied as exter-
nally applied imaging modalities to resolve the global position of the imaging probe. Even
if all of these methods deliver lower imaging resolutions than OCT, they are applicable for
estimating the probe position in two or three dimensions. MPI, being an imaging modality
whose translation to clinical practice is still being explored, demonstrates benefits in esti-
mating both the probe trajectory and the vascular morphology in three dimensions. With
volume rates of Hz, this modality promises capabilities as an alternative to DSA that requires
bi-planar imaging sequences. However, also MRI and CT imaging evolve to enable real-time
acquisition of three-dimensional image data. Aiming for functional image analysis [459, 460]
but also interventional instrument navigation [461, 462|. In the future, MPI promises to be

a non-invasive and fast alternative with reasonable results in instrument tracking [463-465|.
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In addition, the recent approaches to analyze the orientation of SPIONss [466] or actuate
nanoparticles by variation of the magnetic fields are of importance for innovative methods
for targeted drug delivery [467] or instrument navigation tasks [468, 469]. The experimental
studies on bi-modal IVOCT and MPI imaging carried out in this thesis underline the po-
tential benefits of interventional image analysis. Quantifying the three-dimensional vascular
morphology with the investigated spatio-temporal OCT probe tracking approach might be
crucial in future clinical practice, especially for analyzing vascular structures with bifurca-
tions or tight bends. Together with deep learning based OCT image analysis, e.g., for the
classification of vascular plaques [33] or the correction of NURD artifacts [402, 429], the

studied approaches will further enhance interventional diagnosis and treatment planning.

Quantifying soft tissue elasticities from a miniaturized OCE probe by evaluating shear
wave propagation builds the second milestone of this thesis. The challenges addressed when
focusing on this second research question are twofold. First, aim for a simple probe design
that limits the image acquisition to one dimension. Thus, only a sampling of the tempo-
ral shear wave characteristics is possible. Second, estimating elasticity from an OCE probe
that is inserted and in direct contact with the tissue. While other OCE probe concepts
are designed for contactless examination of tissue [273], this thesis aims for a reproducible
elasticity quantification for various probe positions inside the tissue. Different experimental
setups have been presented in the literature, utilizing shear wave excitation and imaging with
a rigid position and orientation relative to each other. For these setups, it has been assumed
that the spatial and temporal shear wave sampling schemes are constant. However, when
applying OCE probes inside the tissue, these assumptions are no longer valid. The experi-
mental studies in this thesis highlight the significant impact of an unknown and potentially
unstable distance between wave excitation and imaging position, as well as the limitation
to one-dimensional imaging, on elasticity quantification. Therefore, a novel DF-OCE probe
concept was proposed in this thesis. This probe design enables a reproducible quantifica-
tion of soft tissue elasticity. Most importantly, there are no requirements for calibrating the
distance between excitation and imaging. As long as the shear wave travels almost parallel
to the probe shaft and the distance between the two embedded imaging optics is known,
the shear wave velocity can be estimated for various excitation positions. In particular, this
approach offers a significant benefit for estimating local elasticity values. Using the proposed
dual-fiber design, the wave velocity is estimated solely based on the local tissue properties.
In contrast, for SF-OCE probe designs, only an average elasticity estimation evaluating the
shear wave propagation over the whole distance between excitation and imaging is possible.

This is especially relevant and creates a bias in SF-OCE elasticity quantification for inho-
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mogeneous tissue structures, where the shear wave travels at different velocities. Although
this thesis primarily employs conventional image processing methods for quantifying shear
wave velocities, the application of deep learning methods may be promising for future work.
Especially approaches focusing on end-to-end learning of elasticity values [289] are beneficial
in reducing bias from the assumed linear relationship between elasticity and the shear wave
velocity introduced in Equation 3.2. Beyond two-dimensional convolutional network archi-
tectures, recurrent or transformer architectures [470] are of particular interest due to their
potential to efficiently process and learn the temporal patterns contained in the OCT image
data.

The third research question of this thesis focused on characterizing tissue structures
during epidural punctures. For the studied common-path OCT probe design, the effort in
optimizing the optical beam is minimized by simply cleaving the end of the optical fiber and
embedding this in a medical needle. With this design, one-dimensional OCT depth scans are
sequentially acquired in front of the needle tip during needle insertion. Consequently, OCT
signals in a spatio-temporal fashion follow that are not directly transformable into a two- or
even three-dimensional representation. While different approaches for the interpretation of
external sensing methods have been proposed in the literature [38, 310], the interpretation
of OCT data sets is rarely discussed. The analysis of complex OCT data sets has, in this
thesis, therefore been split into two parts. First, a correlation analysis of OCT signals
to externally applied sensing modalities, i.e., US imaging and FT sensing, is conducted.
Here, various features extracted from the OCT intensity and phase signals were studied to
interpret the data and characterize the mechanics during needle insertion. Second, a deep
learning approach was examined to extract rupture events. These events were associated
with the boundaries of subsequent tissue structures. An analysis of the number of minor and
major rupture events during needle insertion also demonstrated the possibilities for tissue
characterization. The experimental studies highlight the different ranges of the applied
sensing modalities. While external force sensing may be applicable for detecting major
rupture events in cases of significant force differences, OCT signals captured at the needle
tip are sensitive to both major ruptures, based on intensity, and minor ruptures, based on
phase signals. The performance of the presented Siamese network architecture for detecting

rupture events, which leverages both OCT signal entities, underlines these findings.

Concluding the findings of this thesis, the application of miniaturized OCT imaging
probes inside the human body creates a promising approach to characterizing the proper-
ties of soft tissue. While studies on morphological tissue reconstruction and interpretation

from OCT image data have been discussed for various application scenarios, the innovative
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OCT probe designs and image processing methods for estimating soft tissue elasticity and
instrument interactions studied represent an essential milestone for future research. Utilizing
miniaturized OCT probes and analyzing the spatio-temporal patterns of both intensity and
phase signals from high-resolution depth scans demonstrates a precise approach for localizing

and characterizing soft tissue in a minimally invasive manner.
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