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Abstract

Observing and analyzing changes over time are at the heart of many clinical ap-
plications such as motion analysis, disease progression, or elastography. To this
end, different medical imaging modalities can be used that allow for acquiring
sequences of images at different spatial and temporal resolutions. Recently, fast
volumetric imaging modalities have also gained traction, which allow capturing a
dynamic process in its entirety both spatially and temporally. However, analyz-
ing such spatio-temporal data and addressing different clinical problems remains
challenging and typically requires several steps, inducing manual feature extrac-
tion and model building. Recently, deep learning methods have shown promising
results for processing medical image data in various clinical applications, includ-
ing first pioneering results for processing high-dimensional and multi-dimensional
medical image data. These methods bring the advantage of end-to-end data
processing. In particular, processing entire sequences of volumetric images end-
to-end with deep learning is an interesting direction to improve and simplify oth-
erwise complex data processing pipelines. We study and present spatio-temporal
deep learning methods for analyzing medical image sequences. Spatio-temporal
feature learning with deep learning is a difficult task with several architecture
choices to learn effectively and efficiently from sequences of image data. We
study whether complex spatio-temporal relationships can be learned effectively
directly from sequences of medical image data, including sequences of volumetric
images. We systematically study network types and operations, how the tempo-
ral information can be processed, how the complex spatio-temporal relationships
can be learned, and how short-term and long-term image sequences can be pro-
cessed. To this end, we present and study a compact and unified spatio-temporal
deep learning concept for analyzing medical image sequences across a range of
experiments. We combine this concept with different methods for end-to-end
spatio-temporal feature learning ranging from pair-wise image processing to entire
long-term 4D spatio-temporal data processing. We present architecture concepts
such as multi-path Siamese networks, hybrid approaches of convolutional neural
networks, and recurrent neural networks at different scales. We focus on two
application scenarios, motion analysis and dynamic elastography, using optical
coherence tomography and ultrasound as imaging modalities. Our results show
that with our approach, high performance with inference times in the range of a
few milliseconds can be achieved, outperforming previous approaches. Our results
regarding architectures and concepts for learning from medical image sequences
indicate that promising results can be achieved by using entire image sequences
and learning joint spatio-temporal features in an end-to-end fashion. Our results
highlight that 3D/4D spatio-temporal convolutions and convolutional-recurrent
modules at different feature scales are well suited to this end. Overall, our findings
demonstrate that spatio-temporal deep learning can effectively address end-to-end
processing of sequences of medical image data, including sequences of volumetric
images.
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Chapter 1

Introduction

1.1 Sequences of Medical Image Data

Medical imaging advancements have changed patient care and treatment dramat-
ically [135,1250]. In particular, sequences of medical image data for recognizing
and analyzing dynamic processes over time have become an essential part. Within
the field of medical imaging, different modalities have been considered to this end,
including ultrasound (US), optical coherence tomography (OCT), functional mag-
netic resonance imaging (fMRI), or computed tomography (CT). These modalities
allow to quickly acquire images over time and come with varying field of views
as well as different spatial and temporal resolutions. Data acquired over space
and time is typically referred to as spatio-temporal data, indicating information
from space and time [2]. Recent advancements in image acquisition even allow
for capturing sequences of volumetric images (3D+t) in real-time. This leads
to 4D spatio-temporal data and allows for observation of dynamic processes in
their entirety, both spatially and temporally. For example, such fast volumetric
imaging can be achieved with US [361], or OCT [496]. These modalities also
bring the advantage of being non-invasive and non-ionizing. Thereby, dynamic
processes during clinical applications can be imaged and visualized with minimal
impact on the patient. This makes sequences of medical image data, particularly
non-invasive and non-ionizing modalities, a valuable tool for image-guided inter-
ventions and computer-assisted diagnosis. Examples include determining organ
size, shape, or position as a function of time or functional analysis, i.e., behavior
or activity of organs over time [430]. More specifically, sequences of images can
be used to obtain information on surgical tool poses or tissue motion and location
over time to adapt treatments accordingly, e.g., during radiation therapy [46], or
minimally invasive surgery [55]. Sequences of images can also be used to visualize
tissue displacement in response to a defined excitation force, which then allows
for conclusions regarding tissue properties such as elasticity [7,/156}[389]. Such
a technique is commonly referred to as elastography and can be used, e.g., for
discriminating different liver fibrosis stages [148,[309], or for early tumor, detec-
tion [306,/540]. Moreover, sequences of images can also be used for functional
analysis of the brain over time, e.g., to study Alzheimer’s disease [105], or autism
spectrum disorder [356].
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Whereas sequences of medical image data allow to observe and analyze vari-
ous dynamic processes, addressing the underlying clinical problems after image
acquisition typically requires several steps and is a challenging task. Visual in-
spection of such multi-dimensional and rich data is difficult for medical experts,
and semi-automated or fully-automated assessment pipelines are required to assist
the clinicians. Traditional processing pipelines for medical image data analysis in-
clude pre-processing, feature selection, model selection, and post-processing [281].
Each of these steps is a challenging problem, can attribute as a potential source
of error, and requires several assumptions [14]. In particular, defining and ex-
tracting discriminant features from images requires substantial domain knowledge
and task-specific adaptation performed by human experts [281]. Combined with
the hardware requirements for processing high-dimensional 3D (2D+t) and 4D
(3D-+t) spatio-temporal data, this requires notable adaption and manual tuning
of data processing pipelines and often results in substantial computation times up
to several seconds [98]341]. This becomes critical in application scenarios where
real-time processing is required, e.g., to quickly compensate a patient’s motion to
ensure the efficacy and safety during a treatment [46]. As a result, different clinical
problems and imaging modalities typically require highly specialized processing
pipelines, and addressing clinical problems with sequences of medical image data
remains an ongoing research problem. Thus, a flexible and efficient end-to-end
data processing approach for medical image sequences could overcome many of
the aforementioned challenges. Learning and utilizing spatio-temporal features
directly from sequences of image data without the requirement of handcrafting
features and subsequent model building could not only simplify the data process-
ing process but could also improve the performance by using more abstract and
robust spatio-temporal features that are beyond human interpretation [29]. Deep
learning has recently shown promising results for efficient end-to-end processing
of medical image data in various clinical applications, including first pioneer-
ing results for processing high-dimensional and multi-dimensional medical image
data [14],33,162.[281].

1.2 Deep Learning for Medical Image Analysis

In the last years, deep learning has shown promising results for numerous com-
puter vision tasks across a wide range of industries and applications [473]. Deep
learning for medical image analysis has grown rapidly since 2015 [281] and has
demonstrated numerous success stories for various tasks [312], such as image
classification [604|/139], image segmentation |285], image reconstruction [528], and
object detection [23]. Hardware advancements, as well as the availability of open
source software packages such as Tensorflow [1], or PyTorch [349] contributed to
the growing interest and to this large number of success stories [281].

A fundamental idea of deep learning is to learn end-to-end relationships directly
between data and the task at hand. Such an approach is also referred to as repre-
sentation learning, meaning that the patterns and feature representations needed
for a task are discovered automatically from data [29}258]. Thereby, traditional
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machine learning pipelines have been disrupted, and steps such as designing and
selecting handcrafted features have been challenged [9,414]. An advantage that
results from the end-to-end processing of the data with deep learning is that the
entire data processing pipeline can be simplified, and also, it can reduce perfor-
mance limitations due to incorrect assumptions made during feature and model
selection [258]. The automatic feature learning process can be achieved by com-
bining concepts of computer science, statistics, and optimization [314]. A famous
deep learning approach is a convolutional neural network (CNN) [259,260] that
has been designed and developed to learn discriminative features from annotated
image datasets in an end-to-end fashion, e.g., to perform image classification [368].

In the last years, a plethora of medical image analysis tasks have been stud-
ied with deep learning, e.g., a recent survey paper included over 300 publications
to consider the variety of methods and clinical applications [281]. Recently, it has
been found that the diagnostic performance of deep learning using medical image
data can already be on par with medical experts for various diseases, e.g., breast
cancer, dermatological cancer, lung cancer, or thyroid cancer [286]. Furthermore,
encouraging results have also been demonstrated for the analysis of medical image
sequences for applications such as fetal heart analysis using 2D US videos [350],
surgical tool tracking in 2D endoscopic videos [538], characterization of parkinso-
nian gait from 2D videos [185], cardiac left ventricle quantification using sequences
of 2D magnetic resonance imaging (MRI) data [467], or tissue landmark tracking
using 2D US videos [98]. Moreover, first promising results have also been achieved
for efficient high-dimensional, and multi-dimensional data processing, e.g., for 4D
fMRI data [273]537], or for 4D CT processing (87,263,264, 320].

Overall, the recent success stories make deep learning a promising approach to
analyzing medical image data, including sequences of medical image data. How-
ever, several open challenges regarding deep learning and medical image analysis
still need to be addressed, including many aspects related to data and deep learn-
ing architectures [14}[281}1410,435,475]. Especially analyzing high-dimensional
and multi-dimensional medical image data, such as sequences of images, brings
up many unsolved questions. Ultimately, this leads to the research questions of
this work.

1.3 Research Questions

In some cases, concepts from the natural image domain can directly be trans-
ferred to address medical image analysis tasks, e.g., for 2D image classifica-
tion [35,41,[165,281]. Here, the task is similar to those widely studied in the natu-
ral image domain, and successful deep learning concepts can readily be used and
transferred with minimal adaption while achieving impressive performance [139].
However, the medical imaging domain contains many other challenges that are
usually not present in the natural image domain, including the analysis of volu-
metric image data, anisotropic voxel sizes, the absence of large-scale datasets, and
the requirement of expert knowledge for data annotation [281]. As a result, gen-
eral concepts can be transferred to medical image analysis, however, architecture
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design and development remains a persistent problem [14}/162281,410,/435.|475].
In particular, analyzing entire sequences of medical images combines and ampli-
fies these challenges due to the rich and complex data structure.

Until recently, before the availability of increased computational hardware and
large-scale public datasets, deep learning demonstrated limited performance re-
garding video analysis tasks in the natural image domain [69,(192,231]. Today,
many deep learning methods have been presented to leverage information from
image sequences. These methods can also be referred to as spatio-temporal deep
learning, indicating that spatio-temporal data is processed. In this context, a
typical application scenario is video classification [231], e.g., to perform human
action recognition [438]. However, despite the substantial efforts, spatio-temporal
feature learning with deep learning remains a difficult task with several choices
regarding the architecture and the data to learn effectively and efficiently from
sequences of images [503]. Similar, it has been pointed out that the spatial and
temporal nature of videos requires tailored deep learning approaches to process
such rich and complex data [369]. Analyzing sequences of images is not only
challenging due to the substantial memory requirements but also due to the high-
dimensionality of the resulting feature space. In such a scenario, it quickly be-
comes difficult to represent possible feature configurations with data, commonly
referred to as the curse of dimensionality [176]. Considering medical image se-
quences, some modalities even allow for sequences of volumetric images, as out-
lined previously, making this problem even more severe.

Compared to processing a single image, processing entire sequences of images
also brings several conceptual questions. Sequence information can be utilized
using only image pairs, multiple images, or the entire image sequence. Using
more than two images may promise improved performance and consistency but
typically results in substantially increased computational requirements and no-
table run-times. In particular, the latter becomes problematic for clinical tasks
such as motion analysis, where real-time processing is beneficial or even re-
quired [62,[132}[134[360]. Also, using entire sequences increases the input di-
mension and the resulting feature space, which brings up the curse of dimen-
sionality. As a result, analyzing sequences of medical images is often performed
with specialized deep learning approaches, and typically only little temporal in-
formation or only parts of the entire available spatio-temporal data is consid-
ered [98]/127,/163,/168|,[171,/175,225,[254] 1371, /464,537]. In particular, processing
entire sequence of volumetric images end-to-end with deep learning is an inter-
esting direction for further research.

While deep learning removes the task of feature engineering, it brings up the task
of network design engineering [527]. Searching for customized deep learning solu-
tions explicitly tailored to each problem is neither desirable nor feasible, given the
substantial computational requirements to train such approaches in the context
of image sequence processing. Although similar approaches are typically used for
2D image classification, as outlined previously, very little work studies processing
of medical image sequences with a similar concept across a range of applications
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and modalities. Given the substantial challenges of medical image sequences, a
spatio-temporal deep learning approach is typically developed for a particular
task combined with a specific imaging modality. Thus, deep learning concepts
for medical image sequence analysis typically differ substantially, e.g., comparing
deep learning methods for motion analysis [47], or for dynamic elastography [3].
Notably, systematically studying a similar spatio-temporal deep learning concept
for end-to-end representation learning across different applications and modalities
is rarely considered. Overall, this leads to our two fundamental research ques-
tions of this work regarding spatio-temporal deep learning and medical image
sequences.

e Research Question 1: Can sequences of medical image data be processed
effectively with spatio-temporal deep learning?

e Research Question 2: How can spatio-temporal feature learning be per-
formed with deep learning?

The first research question considers whether complex spatio-temporal relation-
ships can be learned directly from sequences of medical image data, including
sequences of volumetric images. We consider an approach effective when real-
time constraints can be met, robust performance can be achieved, the task can
be addressed end-to-end, and a similar concept can be shared across different
tasks and imaging modalities. Moreover, we consider an approach effective when
it actually simplifies otherwise complex and nested data processing pipelines.
The second research question focuses on the deep learning aspects. It includes
which network types and operations can be used, how the temporal information
can be processed, how the complex spatio-temporal relationships can be learned
to achieve robust and high performance, and how short-term and long-term image
sequences can be processed. Also, we address how to cope with the substantial
computational requirements resulting from medical image sequences. We also
focus on processing sequences of volumetric images end-to-end. Both of our re-
search questions go hand in hand, the first focuses on efficacy for applications,
and the second focuses on methodological aspects.

Addressing both research questions requires conceptualization of the entire learn-
ing tasks, from data collection and annotation to deep learning model design and
development of training strategies. In this work, we address these aspects, fo-
cusing on two application scenarios, motion analysis, and dynamic elastography,
using OCT and US as imaging modalities. To this end, we present and study
a compact and unified spatio-temporal deep learning concept for the analysis of
medical image sequences across a range of experiments.

1.4 Contribution and Outlook

In the following sections, we provide an outlook of our contributions regarding our
application scenarios and spatio-temporal deep learning. Afterwards, we outline
the structure of this thesis.
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1.4.1 Processing Sequences of Medical Image Data

To study our research questions regarding spatio-temporal deep learning, we con-
sider motion analysis and dynamic elastography using OCT and US as imaging
modalities. Both motion analysis and dynamic elastography require processing
sequences of images and analyzing complex spatio-temporal features of the im-
aged process. Motion analysis is a relevant task for the localization of instruments
and targets [13,[55,/76], and for motion compensation during interventions, e.g.,
during radiotherapy [328]334,339]. In this application scenario, using sequences
of volumetric images is preferable or even required due to the three-dimensional
nature of targets and motion. Dynamic elastography is an approach that allows
for quantitative estimation of tissue elasticity, i.e., stiffness of organs and tis-
sues [7,/1564389]. This is relevant, e.g., for diagnosis [182,510] as well as surgical
planning [67,[262,351]. This can be achieved by inducing waves of displacements
into tissue and by analyzing the resulting wave propagation using high-frequency
imaging, i.e., sequences of images [415].

Motion Analysis. We demonstrate OCT-based object pose estimation and mark-
erless tissue motion estimation using sequences of volumetric OCT images and
spatio-temporal deep learning. Moreover, we study markerless motion analysis
of tissue using long-term sequences of volumetric US images. We also show end-
to-end motion forecasting directly from sequences of volumetric images. Despite
using such multi-dimensional data, we demonstrate robust motion analysis in
real-time with inference time in the range of a few milliseconds using our spatio-
temporal deep learning approach.

Dynamic Elastography. We demonstrate that local elastic properties can be
estimated directly from US shear wave data with spatio-temporal deep learning.
Our spatio-temporal deep learning approach is designed to identify temporal pat-
terns in an end-to-end fashion without any explicit feature extraction or physical
model of the wave propagation. We show end-to-end elasticity estimation us-
ing sequences of 2D and 3D OCT image data. For both imaging modalities, we
demonstrate that with our spatio-temporal deep learning approach, accurate es-
timation of elastic tissue properties can be performed with robust performance
w.r.t. the measuring position relative to the wave excitation point.

1.4.2 Spatio-Temporal Deep Learning Approaches

In this work, we study and present several spatio-temporal deep learning ap-
proaches for medical image sequence processing, including long-term sequences
of volumetric images. This includes the development of new architectures and
training strategies. We present and compare methods that perform analysis of
image sequences based on image pairs up to entire sequences ranging over sev-
eral hundreds of images. We present and design 3D /4D spatio-temporal CNNis,
multi-path Siamese CNNs, and hybrid approaches of CNNs and recurrent neural
networks (RNNs). In this context, we also present an efficient 4D architecture to
process long-term 4D image sequences in real-time. Also, we address the aspects
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of training with such data that results in substantial computational requirements.
To reduce the challenge of hand-crafting architectures for specific problems, we
incorporated all these concepts into a compact and unified CNN architecture
concept for end-to-end regression from sequences of medical image data. Our
approach can be used to perform estimations for each image of a sequence or to
perform a single estimation for an entire sequence. A conceptualized visualization
of our approach is given in Figure [L.1
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Figure 1.1: Our proposed spatio-temporal deep learning concept for end-to-end
regression from sequences of 2D/3D images. We present and combine several
spatio-temporal feature learning concepts into a compact and unified CNN con-
cept. This includes multi-path Siamese CNNs with shared parameters, spatio-
temporal CNNs in different fashions, and multi-scale spatio-temporal recurrence.



Chapter 1. Introduction

1.5 Organization

Chapter 2: Spatio-Temporal Medical Imaging In this chapter, we introduce
how spatial changes over time can be observed with sequences of medical image
data from a conceptual level and how such data can be acquired. We describe
the principles of OCT and US ranging from 1D up to 4D imaging. Therein,
we describe how image sequences can be acquired with both a high spatial and
temporal resolution leading to highly resolved spatio-temporal data. Lastly, we
introduce fundamental image processing concepts, which are closely related to
concepts used for deep learning methods.

Chapter 3: Deep Learning In this chapter, we introduce the foundations of
deep learning with a focus on supervised machine learning tasks. We explain
the concepts of CNNs for image analysis and highlight the concept of RNNs for
sequence analysis. In this context, we also explain how deep learning approaches
can be optimized and evaluated, i.e., how learning from data can be performed.

Chapter 4: Spatio-Temporal Deep Learning Methods In this chapter, we de-
scribe and develop our deep learning methods for medical image sequence analysis.
We build our approaches based on the two widely used architecture concepts for
video analysis in the natural image domain, CNNs, and RNNs. We introduce the
relevant background for each of our methods, and present our approaches and
methodical developments.

Chapter 5: Application Scenarios and Related Work In this chapter, we de-
scribe the application scenarios that are considered for studying the two main
research questions of this work in more detail. We highlight the background of
our application scenarios, summarize related work, and demonstrate open chal-
lenges with a focus on OCT and US as imaging modalities.

Chapter 6: Experiments and Evaluations In this chapter, we present a range
of experiments considering both motion analysis and dynamic elastography using
sequences of OCT and US image data. For each application scenario, we highlight
the challenges, how the setting affects the learning task, and how these can be
addressed by our methods.

Chapter 7: Discussion In this chapter, we discuss our results and the findings of
this work from a more general perspective in the context of our research questions
also highlight interesting directions for future work.

Chapter 8: Conclusion In this chapter, we summarize the findings of our work
and report the conclusion of this dissertation.
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Spatio-Temporal Medical Imaging

In this chapter, we introduce how spatial changes over time can be observed
with sequences of medical image data from a conceptual level and how such data
can be acquired. In this context, we introduce the concept of a spatio-temporal
data representation. Next, we introduce two medical imaging modalities, US
and OCT, which allow for non-invasive and non-ionizing spatio-temporal imag-
ing. We describe the principles of these modalities ranging from 1D up to 4D
imaging. We present how image sequences can be acquired with both a high
spatial and temporal resolution leading to highly resolved spatio-temporal data.
Lastly, we introduce fundamental image processing concepts, which are relevant
for analyzing changes in image sequences and closely related to concepts used for
deep learning methods.

2.1 Spatio-Temporal Data

In this section, we highlight the concept of analyzing dynamic processes with
image sequence and motivate the concept of spatio-temporal data from a general
perspective. This section is based on [222]. Typically, we associate dynamic pro-
cesses with change over time, and analyzing such a process requires observations,
i.e., data at multiple time points. Such data can be obtained with subsequent im-
age acquisition over time, which yields an image sequence, x; = [a:m x@ x["t]].
For 2D images, this results in 2l € Rrnxmwxne where ny, and n, denote the num-
ber of pixels along the height and width direction of an image, respectively. The
number of color channels is given by n., and the sequence length is given by n;. In
our thesis, we also consider image sequences of volumetric images, this results in
gl € Rrnxnwxnaxne with ng for the number of voxels along the depths dimension.
Throughout this work, we use superscripts with square parentheses to indicate
the different time points similar to [176]. We focus on changes between images
that result from motion, detecting other changes, such as appearance changes
over time, is not part of this thesis.

Dynamic processes can lead to changes in the intensity values of an image. Simi-
lar, finding corresponding pixels or pixel formations from one image ! in another
image z!"l at a time point 7 can be used, e.g., to describe motion. However, a
fundamental challenge is that typically corresponding points in two images can
not be unambiguously determined. Physical correspondence might not lead to
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identical visual correspondence in images, e.g., in the case of a physical motion
where an object has no distinct visual landmarks. Visual correspondence can be
present without actual physical correspondence, e.g., due to brightness changes
that result from illumination changes. Fundamentally, it is difficult to directly
relate actual dynamic changes such as motion to visual changes, especially only
given two images.

While change can be estimated based on an image pair from two time points,
it only provides snap-shot information of a dynamic process. Such snap-shot in-
formation makes it difficult to predict how a process might continue over time
and makes analysis sensitive to noise and occlusion. This motivates using mul-
tiple images for analysis, which can be achieved by acquiring and analyzing an
entire sequence of images with a high temporal frequency. Such an image se-
quence allows for a representation that spans over space and time, which leads
to 3D spatio-temporal data x;, € R"*"wxmX" for sequences of 2D images, and
to 4D spatio-temporal data z; € R"»*nwxnaxmxne for gequences of 3D images.
Visualizing such data can also be referred to as space-time images, where the
temporal axis is considered an additional image dimension. The concept of a
spatio-temporal data representation is visualized in Figure [2.1]

One advantage of a spatio-temporal data representation is that spatio-temporal
features and patterns can be present that can be used to analyze dynamic pro-
cesses. For example, the velocity of an object constantly moving over time can be
related to the orientation in space-time images as shown in Figure 2.1} In partic-
ular, assuming a fast temporal acquisition rate relative to the observed dynamics,
i.e., the Nyquist-Shannon sampling theorem [406| is fulfilled, continuous features
and patterns in space-time images can be expected. That is, the sampling fre-
quency is at least twice the highest frequency contained in the signal. Although
spatio-temporal data has appealing advantages compared to only using two im-
ages, note that it increases the size of the data and thus makes data analysis more
computationally complex and time-consuming.

In summary, dynamic processes such as motion can be captured with image se-
quences and can be analyzed by considering spatial and temporal changes in the
pixel intensity values. Moreover, acquiring an entire sequence of images results in
spatio-temporal data that encodes features about the imaged process. However,
addressing a clinical task requires an effective imaging modality and a robust
method for data analysis. In the following sections, we describe two imaging
modalities that can perform volumetric imaging with a high temporal resolution:
US and OCT. Afterwards, we focus on the data processing aspect using deep
learning methods.

10
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Figure 2.1: An image sequence of a blue rectangle that moves with a constant
velocity into the vertical direction. (Top) Images of the blue rectangle at different
time points. (Bottom) 3D space-time representation of the sequence where the
temporal axis is considered as an additional data dimension. The space-time
representation of x; demonstrates that the movement with constant velocity leads
to a constant orientation in the space-time image. Figure based on [2].

2.2 Image Sequence Acquisition

2.2.1 Maedical Ultrasound Imaging

In this section, we describe the background of how spatio-temporal data can be
acquired with US imaging. US is a non-invasive and non-ionizing imaging modal-
ity with a high-temporal resolution, allowing 1D up to 4D data acquisition in
real-time [217]. In general, US has a long history in medical imaging [361], and
today it is widely established with various applications such as breast cancer
screening [456] or cardiac examinations [10].

The following paragraph is based on [434]. The principle of ultrasound imaging
is based on sending ultrasound pulses modulated with a chosen center frequency
and recording the echo time and amplitude of the reflected signal afterwards. In
this way, different reflection properties of tissue can be measured, and a corre-
sponding image can be generated. Ultrasound wave generation and detection are

11
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typically performed with piezoelectric crystals that turn electrical energy into me-
chanical energy and vice versa. For example, when a sinusoidal electrical signal is
applied to a piezoelectric crystal, the surface of the piezoelectric crystal vibrates
with the same frequency, and compression waves are transmitted. Similar, when
a compression wave reaches the piezoelectric crystal, a corresponding electrical
signal is generated. This property makes piezoelectric crystals suitable for trans-
mitting and receiving during ultrasound imaging. For a detailed explanation of
piezoelectric crystals, we refer the interested reader to [199).

The device containing piezoelectric crystals is typically called a transducer. Differ-
ent spatial arrangements of the piezoelectric crystals exist, e.g., the piezoelectric
crystals can be arranged in a one-dimensional or two-dimensional pattern across
a straight or convex surface. In particular, to address the different needs dur-
ing clinical practice, various different transducer types have been developed. An
overview of different transducer types w.r.t. application scenarios are given, e.g.,
in [440].

Ultrasound imaging is based on progressive longitudinal compression waves, i.e.,
the displacement is parallel to the propagation direction. The frequencies of the
waves are typically higher than 20 kHz. When sound waves are transmitted into
a tissue, several acoustic phenomena occur, such as reflection, transmission, and
attenuation. These acoustic phenomena occur when a wave propagates from one
medium to another with varying acoustic impedances. For plane progressing
waves, the acoustic impedance is defined by

Z=p-v, (2.1)

with p for the mass density and v, for the acoustic wave velocity. Acoustic wave
velocities in human tissue are in the range of v, = 1540 ms~! close to the acoustic
velocity in water v, = 1493ms~!. In contrast, the acoustic velocity in bone is
much higher, i.e., in the range of v, = 4000ms~!. It is important to note that
most of the wave is reflected when there is a great difference in the impedance
of the two media and that most of the wave is transmitted when there is a small
difference in the impedances. That is, given two media with high variance in
impedance, most of the wave is reflected, and only a few parts of the wave are
transmitted. Thus, it becomes difficult to image subsequent tissue structures.
Commonly this is referred to as shadowing artifacts. The transmitted part of
the wave can be different in direction compared to the incident wave depending
on the acoustic velocities of the two media and hence is also called a refracted
wave. Similar, also the amplitude of the transmitted wave might change com-
pared to the incident wave. Lastly, a propagating sound wave is affected by
energy loss over the propagation distance, typically called attenuation. For medi-
cal ultrasound imaging, it can be shown that attenuation is directly related to the
wave frequency, where lower frequencies yield lower attenuation [68]88]. Hence,
to increase the penetration depths during imaging, lower frequencies are required.

The following paragraph is based on [101,190]. In order to perform the imag-

ing process, several ultrasound beam forming and receive techniques exist with
individual advantages and disadvantages w.r.t. frame rate and image quality.

12
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A fundamental assumption of ultrasound imaging is a constant sound veloc-
ity throughout the tissue, which allows direct conversion of time to distance.
Thereby, geometric assignment of the received signal over time can be performed,
and depth scans of the acoustic properties can be acquired.

One approach is linear beam forming, where imaging is based on depth scans
acquired line-by-line. To this end, multiple piezoelectric elements of a transducer
are grouped as a sub-aperture and are used to transmit and receive the ultrasound
signal, see Figure[2.2] A larger subset of elements can also be used for the receive
phase.

individual piezoeletric elements

oogooooooooo » oooDogooboooon

1. US beam line 2. US beam line

Figure 2.2: FElectronic beam scanning for a linear-array transducer. Multiple
piezoelectric elements of a transducer are grouped and are used to transmit and
receive the ultrasound signal. By shifting the sub-aperture, imaging can be per-
formed line-by-line. Figure based on [190].

By shifting the sub-aperture over the transducer array, multiple scans can be
acquired, line-by-line, and thereby a two-dimensional scan can be performed in
a raster pattern, see Figure [2.3] Notably, the piezoelectric elements of a trans-
ducer can also be arranged in a two-dimensional pattern, as mentioned previously,
then the sub-aperture can be shifted across two lateral directions, and volumetric
imaging can be performed. A single depths scan is typically called an A-scans,
and a two-dimensional and three-dimensional scan is called B-scan or C-scan,
respectively [88]. Another approach is phased array beam forming, where the
entire array of the transducer is used as an aperture. Here, the signals exciting
the piezoelectric elements are temporally shifted to steer the beam with a specific
angle relative to the direction normal to the array aperture. By steering the beam
with different angles, multiple A-scans can be acquired, line by line, to obtain a
B-scan or C-scan.

The following paragraph is based on [101,/190]. To improve the temporal res-
olution of the image acquisition, the piezoelectric elements during a transmission
event can be exited all at once or temporally shifted to generate an unfocused
or focused beam, respectively. A larger area can be imaged at once with an un-
focused beam, thus improving the temporal resolution compared to the focused
case, which might require multiple transmissions for the same area. However,
focusing can improve the penetration depths and image quality compared to the
unfocused case due to higher pressures and smaller beams resulting from focused
beams.

13
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Figure 2.3: Example process of ultrasound imaging with linear beam forming. A
US image is generated line-by-line by acquiring subsequent A-scans. US image
data taken from public Breast Ultrasound Images Dataset . Figure based
on [190].

The receive phase of the imaging process can further be defined by how the re-

ceived signals are combined. In particular, multiple A-scans can be reconstructed
in parallel for a single transmission event to improve the temporal resolution. This
approach is called multi-line acquisition and can be achieved by assuming multi-
ple, narrower beams during receive and summing and delaying the received signals
of the piezoelectric elements accordingly . An efficient and widespread tech-
nique is delay-and-sum (DAS) . While multi-line acquisition improves the
temporal resolution compared to single-line acquisition, typically, this approach
requires a wider beam during transmission, reducing the lateral resolution. More-
over, also multiple beams can be used in the transmission phase to improve the
temporal resolution, called multi-line transmission beam forming [101}[102].
In general, the recorded signal at the piezoelectric elements is typically referred
to as radio-frequency data (RF-data). After post-processing, the received ampli-
tude signals are visualized as grayscale values, and corresponding 2D brightness
image or 3D brightness image volume can be generated. Post-processing steps
typically include filtering and envelope detection of the high-frequency RF-data
and attenuation correction, log-compression, and scan conversion [434].

The following paragraph is based on [101]. To maximize the temporal resolu-
tion, plane wave imaging has been proposed, where only a single transmission is
used for image generation [101}385-387]. Such an approach is commonly used for
shear wave imaging [267,/268,415/449,450]. Here, only a single wide and homoge-
neous beam is used during transmission by exiting all piezoelectric elements of the
transducer with the same signal. Afterwards, multi-line acquisition is performed
for the entire image during receive, i.e., all lines forming the entire image are
constructed in parallel. Notably, the temporal resolution of this approach is only
limited by the sound velocity of the media that is imaged and the imaging depths,
as well as the processing time for image reconstruction. While this approach max-

imizes the temporal resolution, it comes at the cost of reduced spatial resolution
and contrast |[101},385387]. To counteract this problem, plane wave image com-
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pounding can be used [315]. Here, multiple images acquired with transmissions
steered at varying angles are averaged. Naturally, such an approach reduces the
frame rate by the number of transmission angles, but the image quality can be
improved, and the trade-off can be adjusted.

The following paragraph is based on [300]. The spatial resolution of ultrasound
imaging is mostly defined by the properties of the transducer. The resolution
along the direction of wave propagation typically referred to as axial resolution,
is determined by the transmitted pulse length. The transmitted pulse length is
defined by the number of cycles and the wavelength

Ua

A 7. (2.2)
of the pulse with v, for the wave velocity f, for the frequency. This demonstrates
that the resolution improves with increasing frequency. However, recall that
the penetration depth decreases with increasing frequency due to attenuation.
Hence, ultrasound imaging suffers from a trade-off between penetration depths
and spatial resolution. Considering example values for diagnostic ultrasound, for
frequencies in the range of f, = 2MHz to f, = 15 MHz, the penetration depths
are in the range of 3 cm up to 25 cm with an axial resolution in the range of 0.15
mm and 0.8 mm respectively [391]. The resolution perpendicular to the axial
direction, typically referred to as lateral resolution, is mostly dependent on the
wavelength and the width of the transmitted beam and is typically an order of
magnitude worse than the resolution in the axial direction. Lastly, as outlined
before, the temporal resolution depends on the ultrasound beam forming and
the receive technique. For example, with plane wave imaging, frame rates up
to ~ 15kHz can be achieved [44]. Notably, using such high frame rates during
imaging also requires sufficient hardware for processing, which becomes feasible
through the recent developments of GPU technologies [101,422]. For linear imag-
ing, the frame rate depends on the number of A-scans, the imaging depths, and
the acoustic wave velocity.

The following paragraph is based on [95,434]. Recall that the received ampli-
tudes are dependent on the impedance differences of the tissue. While tissue
is typically inhomogeneous with local deviations of density and compressibility,
reflections are not only present at tissue boundaries but also at small inhomo-
geneities inside and outside of the desired sample/image volume. This results in
constructive and destructive interference of the backscattered waves that impact
the imaging. These scatter reflections appear as a random granular pattern in
the US image and are usually considered scatter noise. Notably, under the ex-
act same imaging circumstances, two images show the exact same speckle noise,
i.e., speckle can be considered a deterministic artifact [59]. That is, while these
scatter reflections can be considered as a source of noise that contributes to the
signal, they are dependent on the tissue structure. They hence can also be consid-
ered a source of information that allows distinguishing different tissue types [94].
However, speckle noise notably impacts the image quality and thus impacts hu-
man interpretation [373]. Thus, several speckle reduction techniques have been
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developed for image enhancement, including deep learning methods [230}[345].
Moreover, while a constant acoustic wave velocity is assumed throughout the
tissue for image generation, this assumption rarely holds in practice, and the
ultrasound beam travels with different velocities through different tissue layers.
Therefore, when assuming a constant velocity for image generation, geometrical
correctness can not be assumed.

In summary, US is a non-invasive imaging modality that allows for volumet-
ric imaging with high spatial and temporal resolution, and image generation is
performed line-by-line, but also, an entire image can be acquired at once using
plane-wave imaging. This imaging modality relies on backreflected sound waves
from internal structures of tissue that are measured and visualized. Repeating
this imaging procedure allows for spatio-temporal data acquisition of up to 4D
data.

2.2.2 Optical Coherence Tomography

In this section, we describe the background of OCT from 1D imaging to 3D imag-
ing over time, which is relevant to our work. In general, OCT is a non-invasive
imaging modality based on optical backscattering or backreflection of light and
was first introduced in 1991 [209]. In recent years, OCT has been adopted for var-
ious clinical applications such as ophthalmology [310,380], cardiology [370,/470],
endoscopy [245,/516], dermatology [91], and oncology [150,/476]. This section is
based on [119] and focuses on the general imaging principles relevant to our work.

OCT imaging is performed based on the magnitude and echo time of backre-
flected light from internal tissue microstructures. OCT is similar to US except
that OCT uses light instead of sound waves. Notably, light is substantially faster
than sound, and hence direct electronic detection of echo time delays of light
waves is impossible. Therefore, alternative measurement methods, such as inter-
ferometry, are used to determine the magnitude and echo time. Interferometry
uses correlation between light that traveled a known distance and light that is
backscattered from the tissue. This principle is based on the Michelson type in-
terferometer shown in Figure [2.4

An incident beam is dived into a reference beam, which travels a variable reference
path, and into a signal beam which is backscattered from tissue. By combining
the signal and reference beam and by varying the reference path length, inter-
ference signals will be generated over time. Whereas for a coherent light source,
interference will generate over a wide range of path length differences, for a low-
coherent light source, interference will only be generated when the path difference
AL is within the coherence length. That is, adjusting the reference path length
can be used to record interference for a particular axial sample distance, i.e., a
specific layer of a sample. Using this property and by scanning the reference path
length, a 1D depth scan can be performed, and the recorded intensities can be
used for 1D imaging. This interferometric detection technique based on a low-
coherent light source and based on scanning of a reference arm length is usually
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called time domain detection. Note that a 1D depth scan represents differences
in optical properties of a tissue and is typically referred to as A-scan, similar to
1D US imaging.

By scanning the beam transversely at different transverse or lateral positions, e.g.,
by reflecting the beam with controllable scanning mirrors, multiple A-scans in a
raster pattern can be acquired. In this way, 2D cross-sectional imaging (B-scan)
or 3D volumetric imaging (C-scan) of tissue can be performed. An example of a
2D OCT image is shown in Figure 2.5

| Reference Mirror

Scanned Reference Path

Light Source (

Beam Splitter La N

Detector

Figure 2.4: Schematic drawing of a Michelson interferometer. A beam is divided
into a reference beam, which travels a variable reference path (L,), and into
a signal beam which is backscattered from tissue at reflective structures, e.g.,
at sample distance Lg; or Lg. Using a low-coherent light source, an interference
signal on the detector will only be generated when the path difference AL between
the reference path and the sample distance is within the coherence length of the
light source. Figure based on |119].
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Backscattered Intensity

Axial Position (Dephts)

Figure 2.5: Example OCT image (B-scan) of a healthy retina. A single scan-line
is highlighted in red, and the corresponding depths profile (A-scan) is shown on
the right. The B-scan is generated by acquiring A-scans line-by-line. Figure based
on . OCT image data taken from the public Optical Coherence Tomography
Image Retinal Database [172].

Considering the aforementioned described imaging principle of OCT, it be-
comes clear that the axial imaging resolution of OCT is determined by the co-
herence length of the light. Typically, OCT has an axial resolution of 1pm to
15 pm. However, attenuation from scattering limits the image penetration depths
typically to only a few hundred micrometers, i.e., ~2mm. The lateral resolution
of 2D or 3D OCT depends mostly on the optics.

While cross-section or volumetric imaging with OCT is performed based on mul-
tiple A-scans in a raster pattern, the temporal imaging resolution of OCT can
be related to the A-scan rate. Early time-domain OCT systems demonstrated
limited A-scan acquisition speed in the range of ~2kHz [492]. With recent hard-
ware advancements in the field of OCT, higher A-scan rates can be achieved with
Fourier domain detection. This technique leads to improved sensitivity compared
to time-domain detection and does not require scanning of a reference arm length,
i.e., does not require a mechanical scanning mechanism which limits the temporal
resolution ,. Two approaches are typically used for Fourier domain detec-
tion. The first approach is spectral domain OCT. This approach uses a broad-
bandwidth light source, a spectrometer, and a line-scan camera [65]/143/[497,[498].
Detection of the backscattered light of the entire scan depths is performed at
once based on Fourier transforming the measured interference signal. The sec-
ond approach is swept-source OCT. This approach uses a narrow-bandwidth light
source, and a single photodiode detector and the frequency of the narrow band-
width light source is swept as a function of time [74}[79,522]. Using a Fourier
transformation of the combined signal of the reference signal and backreflected
signal then allows relating the measured interference signal to depths. Additional
explanations can be found, e.g., in [119].

Overall, considering spatio-temporal data acquisition, Fourier domain detection
significantly increases the temporal acquisition rate compared to time domain de-
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tection by acquiring data for a depth scan all at once. In recent years, acquisition
rates have improved substantially, and A-scan rates, even up to the MHz-range,
have been achieved using Fourier domain detection [246,404}492].

Usually, we use the amplitude information of the complex-valued data after the
Fourier transformation for imaging with Fourier domain detection [482]. However,
phase information is also utilized, e.g., to detect small displacements during shear
wave elastography [236},/547]. Relying on the property of OCT that the phase sig-
nal is generally random but temporally invariant for a stationary sample [19§],
the axial displacement between two scans can be related to the change in the
OCT phase signal. In fact, for small displacements, the axial displacement of a
pixel and the phase difference Ay between two consecutive scans can be related
with a linear relationship [426]482,483]. The phase difference of two subsequent
measurements can therefore provide a direct measure of axial displacement be-
tween the two measurements. This allows for displacement estimation smaller
than the wavelength of the OCT laser beam, i.e., sub-wavelength displacements
in the range of nanometers [236,/485,547]. Thus, by acquiring OCT phase data
over time, an image sequence of pixel-wise displacement information can be ob-
tained [547]. However, while the phase data allows for high sensitivity, it is also
affected by various sources of noise, and achieving phase stability remains a chal-
lenging problem [73,274./547|. In addition to that, the measured phase difference
is wrapped within (—m,7) radians, and estimating the actual phase difference
requires phase-unwrapping, which can become problematic when |Ayp| is greater
than 7 [73,547].

While OCT technology has improved substantially in recent years, speckle re-
mains and is inherent to the principles of OCT, similar to US. OCT speckle
varies with properties and motion of the sample and is influenced by the light
source [400]. Considering image quality, speckle reduces image contrast, and
signal-to-noise ratio [400]. This reduced image quality can impact diagnosis and
can make it difficult to distinguish small tissue structure boundaries [299]. To
counteract speckle noise and thereby to improve the image quality, substantial
efforts have been made to reduce this particular type of noise directly during
image acquisition or after image acquisition as a post-processing step [179,/400].
Also, deep learning methods have recently gained traction for OCT speckle de-
noising [71,106,[179,299]. While speckle can be considered a source of noise, it is
influenced by the properties of the sample, and hence speckle carries information
about the properties of the sample. In this regard, it can also be considered a
source of information similar to speckle noise in US images [400,416]. It has been
shown that OCT speckle can provide information to, e.g., to differentiate tissue
types [178,232,279].

In summary, OCT is a non-invasive imaging modality that allows for volumet-
ric imaging with high spatial and temporal resolution, and image generation is
performed line-by-line. This imaging modality relies on backreflected light from
internal microstructures of tissue that is measured and visualized.
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2.3 Image Filtering

In the last sections, we demonstrated how spatio-temporal data can be acquired
with OCT and US. In this section, we address aspects of image processing and
analysis and explain concepts, such as correlation and convolution, that have a
high relevance also for deep learning methods, especially CNNs that we introduce
in the following Chapter [3] This section is based on [444]. To estimate changes
between an image pair, we often search and compare distinct features or similarity
in general. For simplicity, we assume gray-scale images and omit a color channel
dimension at this point. In this context, correlation, and convolution are often
used. The two-dimensional discrete correlation is given by

kn  kw

ger(01,09) = Z Z Loy +i—1,00+j—1Ki 5 (2.3)

i=1 j=1

with z € R™*™ and K € R***»_The -1 in Equation [2.3|is used since algebraic
notations start with 1. Usually, we refer to K and K;; as the kernel and the
filter coefficients, respectively. Thus, at any point 0 = (01, 09) for an image = we
perform a neighborhood operator or local operator, which performs a weighted
summation of a collection of pixels. Another important concept is convolution,
and the two-dimensional discrete convolution is given by

kn  kw

9ev(01,02) = D ¥ oy it1.05-j41Ki (2.4)

i=1 j=1

Notably, correlation and convolution are related and are both spatial filters. The
only difference between the two is that the kernel is flipped for the convolution
and that, thereby, commutative property is achieved. Usually, this property is
not relevant for neural networks, and both terms correlation and convolution are
used interchangeably in the deep learning community [176]. For image processing,
spatial filters can be used to enhance images or to highlight specific features such
as edges. This requires selecting the filter coefficients K, ; of the kernel and
applying the spatial filter to every pixel of an image x afterwards. For example,
a simple filter is to simply average the values of a neighborhood, often called box
filter, which can be used for image smoothing. This can be achieved by setting

all elements of the kernel K € RFnxFw 0 K ; = ﬁ Another example is the
Sobel filter given by
1 -1 0 1
Kow==| -2 0 2 (2.5)
81101
and
1 1 2 1
Kego=-| 0 0 0 (2.6)
81 -1 2 1

to detect edges in the horizontal (image width) and vertical (image height) direc-
tion, respectively. Note that with edges, we refer to sharp changes in the pixel

20



2.4. Summary

intensity values of an image. The concept of correlation can also be used to find
a template image I € R¥*%v from a first image z!Y € R™*™ in a second image
212 € R e g for translational alignment or to estimate the translation of a
specific region using an image pair. Here, we define the kernel K based on a tem-
plate region in a first image, i.e., K = I C z[" and then perform correlation with
a second image 2. To account for bright regions in the second image, commonly
a normalized version is used called normalized cross-correlation (NCC) given by

k kw 2
zz‘; ijl (I[ol]+i—1,oz+j—1 - Nw) (Ku - NK)

NCC, = - (2.7)
k kw 2 k kw 2
\/Zzil Zj:l (x£71]+i—1,02+j—1 - Nm) \/2121 23:1 (Kij — px)
with
1 kn  kw .
:u’x = kh 5 k Z Zx£)1+171702+j71 (28)

i=1 j=1
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for the corresponding mean values [266]. Now, by using Equation we can
compare the template image with multiple or even all possible patches from the
second image and by finding the maximum value with the corresponding position
0 = (01,09) and we can, e.g., estimate the translation of the template between
two time points. Note that NCC is always in the range [-1,1].

In summary, correlation and convolution can be used for image processing to
highlight specific features such as edges and can also be used to search for a tem-
plate image in a second image. Notably, image processing and feature extraction
with correlation and convolution require the selection of the parameters of the
kernel K, and thus involves manual tuning and adaption w.r.t. task. In our
next Chapter [3| we introduce CNNs that still rely on the concepts introduced in
this section but remove the burden of manual tuning and adaption of the filter
coefficients. We extend this concept to spatio-temporal data in Chapter [4]

2.4 Summary

In this section, we motivated the concept of analyzing dynamic processes with se-
quences of images and described the idea of a spatio-temporal data representation.
This representation considers the temporal axis as an additional data dimension
leading to 3D and 4D spatio-temporal data for sequences of 2D and 3D images,
respectively. Next, we described how such data can be acquired with two imag-
ing modalities, US and OCT. In this context, we explained how imaging with a
high temporal and spatial resolution can be performed ranging from 1D to 4D
imaging. Moreover, both imaging modalities are non-invasive and non-ionizing
with minimal harm for a patient compared to other imaging modalities such as,
e.g., CT [207]. US is an imaging modality that is already widely established in
clinical practice, and imaging is based on sending ultrasound wave pulses and
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measuring the echo time, and amplitude of reflected sound waves [434]. Thereby,
different acoustical properties of tissue can be measured and used for real-time
imaging. OCT is an imaging modality that is based on optical backscattering of
light, and different optical properties are measured and used for real-time imag-
ing [119]. OCT has recently been adopted for various clinical applications, e.g.,
ophthalmology [310}380], or oncology [150,476]. Both modalities even allow for
4D spatio-temporal data, thereby allowing for observations of dynamic processes
in their entirety, spatially and temporally. Lastly, we introduced fundamental
concepts of image filtering, such as the concept of correlation and convolution,
which have high relevance for deep learning methods that are the focus of this
work.
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Chapter 3

Deep Learning

In this chapter, we introduce the foundations of deep learning with a focus on
supervised machine learning tasks. First, we highlight relevant concepts of ma-
chine learning for our study. Then, we describe the concepts of fully-connected
neural networks, which are a core concept for understanding other more advanced
architectures. In this context, we also explain how deep learning approaches can
be optimized, i.e., how learning from data can be performed. Next, we explain
the concepts of CNNs for image analysis and highlight the concept of RNNs
for sequence analysis. Moreover, we describe the concept of regularization and
hyperparameters, and lastly, we present important evaluation metrics for study.
Overall, these concepts are fundamental for our deep learning methods to analyze
medical image sequences.

3.1 Foundations

3.1.1 Supervised Machine Learning

In this section, we summarize concepts of machine learning, which are fundamen-
tal for our study on deep learning methods for spatio-temporal data processing.
This section is based on [176], and for a detailed explanation of machine learning
methods in general, we refer the interested reader to [52,318]. A concise and
established definition of machine learning is given by:

"A computer program 1is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E.” Mitchel (1997) [313, p. 2]

The task T of a learning algorithm is the actual task that should be addressed,
e.g., classification or regression. Hence, the process of learning is not the task of
a learning algorithm itself. Instead, it is the approach that is taken to address
a particular task T. By learning from data, the advantage is that also tasks can
be addressed that are difficult or even too difficult to solve with hand-designed
fixed programs and rules. This includes various different tasks, e.g., classification,
regression, transcription, machine translation, anomaly detection, or denoising.
The task T can also be related to how an input example or data point x should
be processed by a learning algorithm. In our work, we focus on regression tasks
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where we estimate a continuous value from the input example. An example de-
fines a collective set of features and can be written as a vector of features x € R"
where n, denotes the number of individual features. Considering an image as an
example, each individual pixel value can be considered a feature. The collective
set of features can also be referred to as feature space. For an image with n. color
channels and with size n,, and n;, for the width and heights, respectively, yields
x € R™ 7w e for the feature vector and keeping the spatial structure of the image
this leads to a feature tensor x € R™*™«*"_[n our work, we consider up to 4D
spatio-temporal datapoints, which leads to feature tensors x; € R™h*7wXndXntx7e,

Based on the given experience E provided to a learning algorithm, it can typ-
ically be categorized into unsupervised, supervised, or reinforcement learning. In
this work, we focus on supervised learning algorithms and refer the interested
reader to [176,314] for the other categories. In brief, for unsupervised learning
algorithms, the goal is to find a meaningful structure of the dataset. Reinforce-
ment learning algorithms interact with a dynamic environment and the goal is
to learn a particular behavior through trial-and-error interactions. In general, a
collection of multiple (m) examples or data points is typically called a dataset
and can be considered as the experience E provided to a learning algorithm. For
supervised learning, each example of the dataset is annotated with a target or la-
bel y € R", where n, denotes the number of continuous target values or distinct
categories for regression and classification, respectively. The complete dataset is
given by pairs of examples and the corresponding targets, i.e., a dataset is given
by D = {(z", 1), (22, y2h), ... (2t yi™H)). The annotation process is
usually performed by an expert or instructor, hence the term supervised learning.
Given a set of annotated examples, the task T of supervised learning is to predict
or estimate the target y from the input x. More formally, a supervised learning
algorithm can be used to approximate a function

ffrR™ 5 RY™, zw— f*(z).

by a model y¥ = fyr(z, w) with parameters w of the machine learning algorithm,
which are optimized based on data. The estimated outputs of a machine learning
algorithm are given by y. Lastly, the performance measure P is used to evaluate
the ability of the learning algorithm to address a particular task. Hence, P is
typically specific to T. For example, a widely adopted performance measure P for
classification tasks is accuracy, i.e., the proportion of correctly classified outputs.
For regression tasks, distance measures are typically used for P, e.g., the mean
absolute error between the actual target y and the predicted output y. We explain
different performance measures for regression tasks in more depth in Section [3.6]

A key concept of machine learning is generalization, which defines the ability
to perform well on new, previously unseen examples. In this context, unseen
refers to examples that were not used during training, i.e., the optimization pro-
cess of the learnable parameters. In fact, the goal of a machine learning algo-
rithm is not to simply memorize a given dataset. Instead, the goal is to learn
the underlying concepts of the data. Two important terms, underfitting and
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overfitting, related to generalization are relevant to our study. For evaluation,
a dataset is typically split into three non-overlapping subsets used for training,
testing, and validation of the algorithm. The first subset, the training dataset
Dirain = {(z1%, y1) 1™ is used to optimize the learning algorithm by minimizing
a training error, which is a performance measure of the algorithm on the training
dataset. The number of training examples is given by my,.. Afterwards, the test
dataset Dyesy = { (21, y11)}™ is used to evaluate the algorithm’s performance
on new, previously unseen examples that are not present during training. The
number of test examples is given by m;. The performance measure on the test
examples is typically called the test error or generalization error. The validation
dataset Dy = {(z y1)}™et is used to select parameters of the learning al-
gorithm that cannot be directly learned from the data. These parameters are
typically called hyperparameters and usually involve manual tuning and selection
by a human expert. Note that a distinct validation dataset is required for this
process, as selecting hyperparameters based on the test dataset would falsify the
observed performance on new, unseen data. The number of validation examples
is given by m,.. We explain hyperparameter and the selection process in more
depth in Section [3.5

Considering the training dataset and the optimization procedure, a model might
not be able to achieve a sufficiently low error on the training data. This is con-
sidered underfitting. In contrast to that, overfitting refers to a model that leads
to a low error on the training dataset, but the error on the test dataset is high,
i.e., the model generalizes poorly, and the gap between training and the test error
is notably large. In this context, the terms bias and variance of a learning algo-
rithm are also used. Bias refers to the expected deviation between the predicted
values and the actual target values resulting from assumptions about a learning
algorithm, and variance refers to how much the predicted values of a learning
algorithm would differ if a different training dataset was used. To control these
aspects, the capacity of a model is typically adjusted. While capacity is no com-
pletely formal term, it is usually considered a model’s ability to represent a wide
variety of functions, and a low and high capacity is associated with underfitting
and overfitting, respectively. Figure visualizes the concept of overfitting and
underfitting of a model w.r.t. capacity, and Figure[3.2|shows an example of fitting
data with a model using different capacities. Notably, capacity is an important
aspect of learning algorithms and requires adjustment. Thus, constraints on the
set of functions a model can use as a solution are typically made. Considering
the capacity of a learning algorithm and the amount of available training data,
the gap between training error and test error increases with the increasing ca-
pacity of a model and decreases with an increasing amount of training data [53].
In practice, the capacity of a learning algorithm is not only affected by the set
of functions that can be used as a solution but also by the imperfection of the
optimization algorithm.
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Figure 3.1: Typical relationship between capacity of a machine learning model
and the resulting generalization error. Increasing the capacity typically decreases
bias and increases variance of a model. A capacity lower than the optimal capacity
leads to underfitting, and a higher capacity leads to overfitting. Figure based
on [176].

Underfitting Optimal Overfitting

Figure 3.2: Example illustration of fitting data with models using different ca-
pacities. We use a quadratic function (red) and sample four data points (dots)
for fitting a model. (Left) We use a linear function to fit the data, and we fail to
represent the underlying data due to underfitting. (Center) We use a polynomial
of degree 2, i.e., a quadratic function, to fit the data, and the underlying data is
well represented. (Right) We use a polynomial of degree 30 to fit the data, and
we fail to represent the underlying data. Figure based on [176].
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3.1.2 Fully-Connected Neural Network

The foundations of deep learning have a long history, starting with a mathemat-
ical formulation of an artificial neuron in 1943 by Warren McCulloch and Walter
Pitts [305], followed by the perceptron learning algorithm in 1958 by Frank Rosen-
blatt [374]. Today, the mathematical formulation of the artificial neuron is still
one of the core concepts of deep learning, particularly for the fully-connected neu-
ral network, which can be considered a fundamental deep learning concept [176].
In fact, these early development inspired by the function of the human brain have
established the term “artificial neural networks” to this day [52]. In this section,
we introduce the concept of fully-connected neural networks. This section is based
on [52,176], if not indicated otherwise.

A fully-connected neural network is based on a composition of artificial neurons.
In general, a single artificial neuron can be described by

Y, w) = hout (Zx Wi - & + Wo) (3.1)

i=1

with hgy for the output activation function, 3 for the output / estimated label,
and w for the learnable parameters. Typically, wy is called the bias-term and w;
are called the weights. A single artificial neuron can be used to perform linear
regression or logistic regression, i.e., classification by choosing h,,; as the identity
or as a nonlinear activation function, respectively. However, no complex nonlinear
functions can be represented with such an approach. This can be achieved by
using a transformed version of the input ¢;(x), and combining this with Equation

yields
g(l’, W) = hout (Z Wl@(azz) —+ W0> . (32)
=1

The traditional approach is to manually engineer ¢(z) as a feature extractor,
e.g., that transforms the raw data pixel values of an image into a meaningful
feature vector for the task at hand [258]. This quickly becomes a difficult task,
is often highly problem-specific and requires substantial domain expertise. A
fundamental concept of deep learning is to circumvent manual engineering of
o(z), by learning ¢(z) directly from data. This concept is also referred to as
representational learning, where a method processes raw data in an end-to-end
fashion and automatically finds suitable features for a task [258]. For deep learn-
ing algorithms, ¢(z) is formulated as a nonlinear transformation dependent on
parameters, which are optimized based on a dataset. Thereby, highly complex
nonlinear relationships can be approximated and learned end-to-end from data.
Formulating ¢(z) as a series of transformations similar to Equation [3.1] leads to
the concept of a feedforward fully-connected neural network. Figure shows an
example feedforward fully-connected neural network.
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Figure 3.3: Example of a feedforward fully-connected neural network that maps
an input x € R™ to an output y € R™. Multiple artificial neurons are arranged
in layers and connected in a feedforward fashion. Each neuron in a layer [ is
connected to all the neurons from the previous layer [ —1. The output of a neuron
is denoted by zz-(l)and the weights are given by Wl(lj) A nonlinear transformation
of the input dependent on the parameters of the neurons is given by ¢(z). Figure
based on [176].

The concept of a feedforward fully-connected neural network is to arrange
multiple neurons similar to Equation in layers and to connect the layers in
a feedforward fashion. Hence, a single neuron is also called a node or unit of a
neural network. We define [ € {1, ..., L} as the layer number and L as the total
number of layers, and denote the number of neurons per layer with n) € N. For
each layer [ the output of a neuron in that layer is given by

n=1

z](-l) =h Z W](-?zi(l_l) + W;lo) . (3.3)
i=1

That is, each neuron receives the outputs from the previous layer as input and
performs a vector-to-scalar function. Typically, the first layer is called the input
layer, and the last layer is called the output layer, and it holds 2(®) = z and
2(1) = 7. Intermediate layers are usually called hidden layers of a network. We
denote the layer number with the upper index. The number of neurons in the
output layer defines the number of outputs, hence n(f) = ny. The number of
layers and the number of neurons per layer are also referred to as the depths
and width of a network, respectively, and the name deep learning can be related
to this terminology [176]. Another important aspect is the non-linear activation
function h(-) of a neuron. While there are various non-linear activation functions,
such as the sigmoid function or hyperbolic tangent activation function, that have
been used for a long time, rectifying nonlinearities (ReLu) [174] demonstrated
superior performance and are now widely adopted across various deep learning
architectures and applications. For a recent survey on activation functions, we
refer the interested reader to [120]. The three different activation functions that
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we use during our work are visualized in Figure[3.4l A sigmoid activation function

is given by
1

hy(a) = 3.4
O = (3.4
and a hyperbolic tangent activation function is given by
er—e
tanh(a) = —— 3.5
anh(a) = (35)
Lastly, a ReLlu activation function is given by
hgrr(a) = max{0,a}, (3.6)

where a defines the activation value of a neuron, i.e., the weighted summation of
all inputs.
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Figure 3.4: Example of three different activation functions that can be used for
hidden neurons of a network. The activation value of a neuron is denoted by a,
which defines the weighted summation of all inputs of that neuron. Note that the
y-axis have different scales.

The advantage of the ReLu activation function compared to the sigmoid func-
tion or hyperbolic tangent function is that the derivative of the functions remains
large and consistent whenever the function is active [176]. This property is bene-
ficial for the optimization of the parameters of the network that involves gradient
estimation. We provide more information on the optimization process in the fol-
lowing Section [3.1.3] For the output layer, the activation function h,,; is the
corresponding output function for the task that is addressed, e.g., the identity
function for regression tasks, as also outlined previously.

An important property of fully-connected neural networks is that a network with
at least one hidden layer, a sufficiently large number of hidden units can be con-
sidered universal approximators [205,206]. Whereas this is a promising property,
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in practice learning a particular function might still fail, e.g., due to the imper-
fection of the optimization or overfitting of the training data [176]. In the next
section, we explain how the parameters w of a network can be optimized.

3.1.3 Neural Network Training

This section is based on [176]. Given a supervised training dataset Dyqin =
{(z yt)} ™ we minimize the deviation between the ground truth label y and
the output of a neural network y with the goal to achieve generalization, i.e., to
learn the underlying principles of the dataset. To this end, we typically formulate

a loss function
1 Mitr

Lw)=—> L(f(=';w),yt) (3.7)

m
=1

with a per-example loss .Z(+) that is a measure of the deviation between the esti-
mated and ground truth label. Considering regression tasks, typical loss functions
are the mean squared error (MSE) loss function

1 Mitr ] ]
L) = =3 flhiw) =y | (38)
"i=1

or the mean absolute error (MAE) loss function

1 mir

Llw)=— > [fa;w) —y1]. (3.9)

m
=1

While the loss function is minimized using the training dataset this is not
the ultimate goal of the optimization process, which is in contrast to typical op-
timization problems. Moreover, it should be noted that learning the parameters
w is typically a non-convex optimization problem given the nonlinearity of deep
learning algorithms. That is, there are local minima that are not globally opti-
mal, and in practice, the optimal solution is rarely found. However, this is not
considered a practical problem, as the final goal is generalization and not optimal
performance on the training dataset [177].

Given the non-convex loss functions involved during the training of deep learning
algorithm, we typically optimize the parameters w by reducing the value of a
loss function using iterative, gradient-based optimizers. One approach is gradient
descent optimization which iteratively updates the parameters w in the direction
of the steepest descent of £(w) by using the direction of the negative gradient
w.r.t. parameters w. In each iteration, the gradient is given by

LS (7w ) (3.10)

=1

VLl(w) =

My

and the parameters of a network are then updated iteratively using

W w — -V L(w). (3.11)
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An important hyperparameter of this update scheme is the learning rate Ir € R,..
When the learning rate is selected too small, the training process, i.e., reducing
the loss function, requires many iterations and thereby increases the computa-
tional efforts. Instead, if the learning rate is too large the training process can
diverge, i.e., the loss function does not decrease during the training process. That
is, choosing the learning rate represents a trade-off between fast and accurate con-
vergence [28]. In practice, the learning rate is a hyperparameter that is usually
manually tuned w.r.t. the task and the dataset. Also, different strategies exist to
adapt the learning rate during training [96,421], e.g., the learning rate is reduced
linearly during the training process. Thereby, the trade-off between accurate and
fast convergence can be adjusted.

To perform gradient descent optimization, we require gradient information. This
can be addressed efficiently for deep learning methods with the backpropagation
algorithm [379]. Recall that to produce an output y of a neural network, the input
x is sent through the network, i.e., from the input layer to the output layer. The
loss function can be included in this process such that information from the
input flows through the network and produces a scalar value of the loss function.
This process is typically called forward propagation, and the entire process can be
formulated as a computational graph. After forward propagation and given the
value of the loss function, the concept of backpropagation is to propagate infor-
mation of the loss function backwards through the network, i.e., computational
graph to calculate the gradient of the loss function w.r.t. the parameters w of the
network. This can be performed by recursively applying the chain rule of calcu-
lus starting from the loss function all the way to the input of the network [52,/176].

While optimization of neural networks is an iterative procedure, it requires initial-
ization of the network parameter w as a first step of the training process. Here,
different initialization strategies exist, and finding such strategies is an ongoing
research field to improve the optimization process and generalization of neural
networks [191]. For deep learning models, a common approach is to randomly
initialize the weights by drawing values from a uniform, or Gaussian distribu-
tion |173}|196]. Another approach for weight initialization is to use the weights of
a network of the exact same type that was trained ideally on a similar but also a
different task. This approach is usually called transfer learning and can improve
performance compared to random initialization [35/41,/165,447]. Moreover, today
other methods such as batch normalization [216], which we introduce in Section
B.4] reduce the sensitivity w.r.t. weight initialization.

In practice, performing gradient descent optimization using the entire training
dataset quickly becomes computationally expensive given the large-scale datasets
that are used and often required for deep learning. Hence, stochastic gradient
descent (SGD) and its variants are mostly used, where only a subset of the entire
training dataset is used in each iteration of the gradient-based optimization. The
subset is typically referred to as mini-batch B C Dyin With my, < my,. and the
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gradient calculation is given by
~ 1 & ) (0
Vol(w) = — g Vo (f(x;w), yt 3.12
(w) my, (f( ), yt) ( )

The mini-batch is randomly sampled from the training dataset, and my, is usually
called the batch size. Note, that this leads to a noisy estimate of the average
gradient over all samples of a training dataset, hence the term stochastic [258].
For SGD, we then update the weights with

W w— IV L(w). (3.13)

Using a mini-batch is not only advantageous to reduce the computational require-
ments, but it can also improve generalization due to the additional noise in the
learning process [495]. In practice, the batch size is a hyperparameter that is cho-
sen based on the hardware constraints, the dataset type, and the task. Another
important hyperparameter is the number of steps of the iterative optimization
procedure, which also needs to be selected w.r.t. dataset, task, and generaliza-
tion performance. With SGD, we randomly sample batches from the training
data without replacement, and iterating over the entire dataset is typically called
a single epoch. In this context, the maximum number of epochs represents an
important hyperparameter and we explain the selection of hyperparameters in

more depths in Section [3.5

While SGD is still used and effective for deep learning optimization, today, nu-
merous variations exist that can improve performance and accelerate learning by
incorporating gradient information of previous iterations for an update step of
the weights. One approach is to combine SGD with an exponentially decaying
moving average of past gradients. This method is also referred to as SGD with
momentum, inspired by the concept of momentum in physics [358]. Moreover,
variants have been presented that also propose adaptive learning rates for each
parameter of a network, such as AdaGrad [121], or Adam [242]. In this work,
we use the latter, which is a popular optimization algorithm in the field of deep
learning [242]. In addition to the exponential weighting of the gradients (first
momentum), the Adam optimizer adjusts the learning rate of each parameter
using the moving average of the squared gradients (second moment). The term
“Adam” can be related to “adaptive moments” [242]. So far, there is no single
best optimization algorithm for deep learning algorithms in general, and choosing
an optimization algorithm can be considered an additional hyperparameter.

Other challenges of training neural networks are vanishing and exploding gradi-
ents during optimization, especially in the case of deep architectures that consist
of multiple layers [32,173]. However, these challenges can be addressed today with
layer normalization strategies [16,93}216,500], and architecture design concepts
that improve gradient flow [197,203,210]. We explain each of these concepts in
the following sections of this chapter.

32



3.2. Convolutional Neural Network

3.2 Convolutional Neural Network

In this section, we explain the concept of CNNs, which is an architecture con-
cept specifically designed and developed for image analysis tasks [259]. CNNs
were first presented and successfully trained in 1989 by LeCun et al. [259]. Later
LeCun et al. [260] presented a first famous CNN architecture, LeNet in 1989,
which achieved notable performance for the classification of handwritten char-
acters from gray-scale images. Since then, numerous improvements have been
proposed [11},48,50,275]. Still, these concepts largely rely on the same funda-
mental principles described in this section. This section is based on [176], if not
indicated otherwise.

Recall that the input of a fully-connected neural network is a feature vector
x € R™. For data that has a grid-like topology, this requires flattening the orig-
inal data to a vector, e.g., for a 2D image with n. color channels x € R™»*"wx"e
this leads to x € R"» ™™ This has three major disadvantages.

First, the fully connected approach quickly leads to a substantial number of pa-
rameters of the network. In particular, for an image x € R"»*"»*" and a network
with n(!) neurons in the first layer this leads to ny, x ny, x n. x n(t) parameters only
in the first layer. Bringing this into perspective, for an image x € R?24%224x3 and
n = 100 neurons in the first layers, this leads to 15052800 parameters in the
first layer of the network. This increases the run-time notably and also increases
the risk of overfitting.

Second, fully-connected neural network do not leverage information of the orig-
inal topology of the data. Thereby, it is ignored that local groups of values are
often highly correlated, e.g., for images, local groups of pixel values often form
distinct local features such as edges or corners.

Third, fully-connected neural networks have per se no invariance w.r.t. shifts or
perturbation of the input data, and this property must be learned from data.
Note that an image, e.g., of a cat remains an image of a cat if the entire image is
shifted by a few pixels in any spatial direction, and hence should be classified as
such.

CNNs keep and leverage the original topology of the data and address the previ-
ously mentioned issues by adopting the concept of sparse interactions and param-
eter sharing. This can be achieved by adopting convolutions as the fundamental
operation of the network and by learning the parameters of convolutions from
data. Consider a 2D input image resulting in an input tensor x € R™X7wxne
where n;, and n,, define the height and width axis for which ordering matters and
n. defines the color channel axis which provides different views of the data. With
sparse interactions, a neuron is only connected to a small subset of the input.
Typically, we call this subset the local receptive field V, C z, V, € RFnxkuwxne of
a neuron z, with o = (01, 02) for the indices of the output tensor, see Figure .
The number of parameters are further reduced with parameter sharing and the
same set of parameters is used for more than one neuron of a layer. In fact, the
same set of parameters is used for all neurons of a layer, and typically we refer
to the set of parameters as the kernel K € RF#*kwXne and the bias term wy € R.
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Note that sparse interactions and parameter sharing reduce the number of param-
eters substantially compared to the fully-connected approach, where each neuron
is connected to the entire input with individual weights.

one-dimensional input z € R~

local receptive field V3 of neuron z3 € R

Figure 3.5: CNNs use the concept of sparse connection and only connect a neuron
z, to a small subset of the input called local receptive field V,. The example shows
a one-dimensional input x for simplicity. Figure based on [176].

Overall, parameter sharing and sparse interactions in combination can be
interpreted as striding a kernel over an input to generate the output values, see
Figure . Bringing these concepts together, the output of a neuron 2 for a
convolutional layer [ is given by

20 = n(al). (3.14)

with
a0 — W((]l) + (K(l) ® I(l—l)) (01,02) (3.15)

and

kuw

kn Ne
(KY & x(l_l)) (01,09) = Z Z Z Kg?ng ’xfal;rli)l—l,ozﬂz—l,is' (3.16)

i1=1 =1 iz=1

A nonlinear activation function is denoted by h(-). We call such a layer con-
volutional layer, whereas many machine learning libraries typically implement
Equation for simplicity, which describes a discrete cross-correlation. Note,
we introduced both operations in Section 2.3 and highlighted that both opera-
tions are closely related with the difference that the kernel is flipped for the case
of a convolution. However, while the parameters of the kernel are learned by the
network, both operations can be used interchangeably, and the parameters of the
kernels are learned accordingly.
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Figure 3.6: Sparse interaction combined with parameter sharing. Each neuron z,
is only connected to a small subset of the input x and the same set of parameters
is used for each neuron. This can be interpreted as striding a set of parameters
K € R33*1 i e., the kernel over the input z to estimate the output values of the
neurons z,. Figure based on [176].

Typically, multiple convolutional layers are used in parallel to extract various
different features from the input. The number of convolutional layers in parallel
is often referred to as the number of feature maps, and usually, the term convo-
lutional layer in a network refers to a collection of multiple parallel convolutional
layers, hence the overall number of parameters of a convolutional layer is given by
kp, X Ky X Njp X Ny Where n;, denotes the number of feature maps of the previous
layer and n,,; denotes the number of parallel convolutions, i.e., the number of
feature maps of the current layer that can be estimated in parallel.

Similar to fully-connected neural networks, a CNN is composed based on succes-
sive layers to represent complex nonlinear functions. By using multiple successive
convolutional layers, hierarchical features can be learned, and it also allows to in-
directly learn features from larger portions of the input, see Figure Regarding
the size of the local receptive field, i.e., kernel size for a CNN, using a kernel size
of k; = 3 is a typical default choice, while larger kernel sizes can be represented
by using multiple consecutive convolutional layers [418]. Moreover, also convo-
lutional layers with a kernel size of K € RX!Xninxnout with n,,, < n,, can be
used for a CNN to downsample the feature dimension. Usually, such a layer is
referred to as bottleneck layer [197]. To reduce computational costs and the size
of the output as well as to quickly increase the local receptive field w.r.t. the
input image, possible positions of the kernel can be skipped. Notably, this might
come at the cost of missing information from the input. This can be performed
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by using a kernel stride s > 1 which leads to

kn kw ne
D (-1 _ O] (-1
COHVQD(K( )7 x( )’ S)O - Z Z Z Kil,iz,i:a ) x(o1—1)~S+i17(02—1)-s+i27i3' (317)

i1=1142=113=1

The stride can be chosen individually along the different input dimensions, e.g.,
a stride larger than one can be used for the height axis of an input image, and a
stride of one can be used for the width axis.

We introduced the concept of CNNs for 2D images for simplicity. However, the
concept can also be extended to higher dimensions. For example, for a 3D input
image, a 3D convolution

kn  kw ka ne

1y (-1 _ @ (1-1)
COHV3D(K( )7 x( )7 S)O - Z Z Z Z Ki1,i2,i3,i4.x(olfl)-s+i1,(0271)-S+’i2,(0371)-s+i37i4

i1=1ip=11i3=11is=1

(3.18)
can be used. When considering 4D spatio-temporal data in Chapter [ we also
present the concept of performing convolutions across 3D space and the time
leading to 4D spatio-temporal convolutions.

It stands out that applying a convolution layer to the input reduces the size,
e.g., see Figure @ In particular, even with a stride s; = 1 the size of the in-
put is reduced with a convolutional layer, which limits the maximum number of
convolutional layers that can be used consecutively and thereby limits abstract
feature learning from the data. Following [122], the number of overlapping but
non-equal local receptive fields along an axis j of the input is given by

e
R ) (3.19)

I < Nprrj <

Sj

This can be addressed by padding the inputs with p, zeros at the start and end
of an axis j of the input
nj + 2p, — k;

+1 (3.20)
Sj

1 < Nprpj <

[122]. Thus, by zero-padding the input, the input size can be preserved and
multiple consecutive layers can be used.

QR

Figure 3.7: The receptive field w.r.t. the input of each neuron of a CNN increases
with increasing depths of the network. That is, neurons in deeper layers are

indirectly connected to large parts of the input or even the entire input. Figure
based on [176].
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3.2. Convolutional Neural Network

Another layer type that is used for CNNs is a pooling layer. Instead of using a
learnable set of parameters, here, each neuron statistically summarizes the values
of the corresponding local receptive field. This is beneficial to achieve invariance
to local translations of the input. One approach is maximum pooling [542]

2y = max(V"Y),

which uses the maximum value from a local receptive field as output. Another
approach is average pooling, which takes the average from a local receptive field
of a neuron that yields

A0 = avg(VD).

o

Moreover, pooling layers can also be used for downsampling the input by using a
stride larger than one.

Lastly, the output layer of a CNN is usually a fully-connected layer for regression
and classification tasks, where the number of neurons is equal to the number of
outputs. Hence, this requires transforming the tensor structure of the last CNN
layer to a feature vector. One approach is to simply flatten the tensor to a vector,

ie., let 20 e R 3 <0l e the output of the last CNN layer, then we flatten
the tensor to a vector 25 € R e n” However, this quickly results in a
substantial amount of parameters. Another more parameter-effective approach is
global average pooling (GAP), where the average is taken over an entire feature

map [278]. Here, the output of the last CNN layer is transformed to a vector

ZW ¢ R™". Tn this way, correspondences between the feature maps and the
output values of the network is enforced [27§], and the number of parameters is
reduced substantially. Finally, the network output y € R™ is given by

ol

0 = how | D _wii 2P +wjo | for j=1,2,...m,. (3.21)

i=1

Overall, an example CNN can be constructed by subsequently using multiple
convolutional and pooling layers followed by a GAP layer and a final output

layer, see Figure
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Figure 3.8: Example structure of a 2DCNN architecture that maps an input
image x € R™*™w X% to an output y € R™. The network consists of multiple
subsequent 2D convolutional layers and 2D pooling layers. The pooling layers
use a stride of two, and hence the input size is reduced by a factor of two. The
last layer of the network is a fully connected network (FC) that maps the feature
representation of the last layer Z(") = 2 to the number of target outputs.

Within the last years, numerous improvements have been proposed for 2D
image processing using classification benchmark datasets, e.g., ImageNet |103],
including CNN architecture developments [11}48}50,[248,275418]. For example,
the Inception network and its variants have been presented [216|442,443]. The
authors present the concept of making a CNN wider and using convolutional layers
with kernels with different sizes in parallel to extract features at different scales.
While there is a trend to use more layers for a CNN and deeper networks tend to
outperform shallower ones, He et al. |[197] highlighted that adding more layers can
cause exploding or vanishing gradients, and thus simply adding more layers can
saturate performance, or can even decrease performance on the training dataset.
To address this problem, He et al. [197] presented Residual Networks (ResNets),
which use the idea of skip connections or shortcut connections to improve gradient
flow. Here, a convolutional layer receives a combined input that consists of the
output from the previous layer combined with the output from a layer further
ahead, see Figure . Building on this concept, Huang et al. [210] presented
Densely Connected Convolutional Networks (DenseNet) that use the concept to
connect a layer to all its preceding layers by combing the different layer outputs
in the feature dimension, see Figure 3.9, Also, architectures that combine the
previous concepts have been proposed [11,/441}504]. For example, ResNeXt uses
multiple convolutional layers in parallel combined with a skip connection [504].
Recently, Tan et al. [448] highlight that effective data processing with CNNs
requires balancing network depth, width, and input resolution. In practice, the
concept of the different architectures can be used as a backbone for custom CNN
approaches, or entire architectures can be transferred between tasks. For the
interested reader, a recent survey on CNN architectures is given in [48].
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Inception ResNet
[ |input | ] [ input ]
[1><1][1><1] 1x1
I I x 3
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‘
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Figure 3.9: Examples of modern architecture concepts for CNNs [197,1210,443,
504]. Inception uses multiple parallel layers and the outputs are concatenated
along the feature dimension. ResNet uses a skip connection from the input to
the output of a layer. ResNeXt uses multiple parallel layers in combination with
a skip connection. DenseNet connects all layers to their preceding layers.

3.3 Recurrent Neural Network

In the last section, we introduced CNNs that have been designed and developed
for data with grid-like topology and that rely on the concept of parameter shar-
ing and spare connections. In this section, we introduce RNNs, an architecture
concept that has been developed for the processing of sequential data. RNNs
have shown promising results for applications such as time series prediction,
natural language processing, image and video captioning, and video classifica-
tion [3811439]. In this work, we address spatio-temporal data and thus consider
the sequence dimension exclusively as the temporal dimension. This section is
based on [176], if not indicated otherwise.
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Recall that we use superscripts with parentheses to indicate different time points.
Given a sequence of inputs x, = [z[V, 2 ... 2] with 2l € R™ using a fully-
connected neural network requires considering the entire input sequence as a
single vector x; € R™ ™. This results in a substantial amount of parameters,
ignores the order of the sequences, and only sequences with fixed lengths can be
processed. To address these limitations, RNNs have been proposed that also rely
on the concept of parameter sharing, similar to CNNs, but introducing parame-
ter sharing across time in a different fashion with the motivation to address the
aforementioned limitations. The fundamental concept of RNNs is to process the
inputs sequentially and introduce cycles in the network’s architectures such that
information from previous time steps is combined with the current input. In its
general form, the output of a layer with a recurrent connection at a time-point 7
is given by

21 = fRrU gl w) (3.22)
Hence, each output zI”) € R is a function of the previous output 2"~ € R"
and the current input z!”. The number of neurons in the recurrent layer is given

by n, € N. More specifically, an example network with a recurrent connection is
shown in Figure and the output at each time point is given by

g[T] - hout (VZ[T] + {7\\}0) (323)

with

2 = h(wo 4+ WU 4 Uzl (3.24)
with the bias terms wy € R™ wy € R™ and the weight matrices W € R"=*"= U €
R7=xme Ve R™*"=. The number of outputs / targets is given by n, € N, and
the number of input features is given by n, € N. The computational graph of an
RNN can be visualized as a model with recurrent connection or as an unfolded
computational graph, see Figure In particular, the latter visualizes the
information flow forward in time.

e e

Figure 3.10: RNN unit where the previous output of the node 2"~ is combined
with the input 2! to estimate the output zI™) of the node. (Left) Circuit diagram
of an RNN unit. The bias term w, and weights of the input and of the recurrent
connection are given by U, W respectively. (Right) unfolded representation of the
RNN unit, where each node represents one-time point. We indicate a delay of a
single time step with a black square. Figure based on [176].
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Considering Figure [3.10]and Equation[3.24], an important property of an RNN

is that we use the same set of parameters across different time points. Similarly,
it stands out that Equation [3.24] maps a sequence with an arbitrary length to
a fixed vector zI"l € R™. In this way, it provides a selective memory or lossy
summary of the input sequence with the ability to capture and summarize long-
term information. This brings the advantage of substantially reduced parameters,
and the model can generalize to sequences with variable lengths. Notably, as an
alternative, the recurrent connection can also be formulated based on the network
output yl"l. However, in this case, 3!l describes both the required output w.r.t.
the task and the selective memory of the sequence and hence usually has less
expressive power than using the output of a hidden layer.
Moreover, different input-to-output relationships can be formulated with RNNs.
For example, in some scenarios, such as the classification of an entire sequence,
only the last output after processing the entire sequence might be relevant. This
is usually referred to as many-to-one behavior. Another approach is predicting an
entire sequence from a sequence of inputs, e.g., during language processing [439).
This is typically called many-to-many behavior. Lastly, predicting a single output
from a single input is called one-to-one behavior.

many-to-one many-to-many

Figure 3.11: Two different input-output relationships of an RNN. (Left) Many-
to-one, where a final output is estimated for the entire sequence. (Right) Many-
to-many where an output is estimated for each input of a sequence. Figure based
on [176].

Furthermore, RNNs can also be used in a bi-directional fashion [401]. Here,
the outputs of two RNNs are combined. One RNN receives the input sequence
forward in time and another RNN receives the input sequence backward in time
and both outputs are combined. Hence, the combined output is not only depen-
dent on the past input values but also dependent on the future input values. In
practice, multiple RNN units can be used subsequently, or an RNN unit can also
be incorporated into a network consisting of many fully-connected layers. So far,
we assumed that the input is a feature vector ! € R however, RNNs can also
be formulated for sequences of images by using convolutions for Equation [3.24]
instead of linear transformations [506]. We provide more details on this variant
when we consider 4D spatio-temporal data processing in Chapter [4

In Section 3.1.3] we explained how the weights of a neural network can be learned
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from data. This training procedure can also be applied to RNNs by performing
forward and backward propagation through the unfolded computational graph.
In this context, the gradient calculation required for optimization is also referred
to as backpropagation through time (BPTT) [491]. Note that forward propaga-
tion of an RNN that follows Equation is sequential and cannot be performed
in parallel. Hence, training of an RNN quickly becomes an expensive operation
with increasing sequence length. Another challenge that results from RNNs is
that learning long-term relationships can become difficult due to exploding or
vanishing gradients that result from the deep computational graph where we use
the same set of weights at multiple time points [30}32,202]. These properties
make RNNs usually more difficult to train than CNNs.

To reduce the aforementioned problems, leaky units [200,317] introduce weighted
linear self-connections from the previous time step to accumulate the information
from the past. The output of a leaky unit is given by

M=o M 4 (1 ¢) o h(wo + Wl 4 Uzl (3.25)

with 1 indicating a vector where all elements are one. An element-wise product
is indicated as o. The parameter vector £ € R"* with elements &; € [0, 1] allows
controlling the information flow from the past and can either be learned from data
or fixed in advance. However, a limitation of this approach is that the parame-
ter £ remains fixed for the entire sequence. Hence, a simple running average is
performed without the ability to reset or filter information. Gated RNNs address
these shortcomings. These networks increase the overall number of parameters
compared to a simple RNN, but learning of long-term dependencies is substan-
tially improved [77,82,[84.[85,203},227].
One approach is a long short-term memory (LSTM) model that was proposed by
Hochreiter and Schmidhuber in 1997 [203], and has been further refined by Gers
et al. [161]. A key concept of the LSTM model is that the weight of the self-loop
is not fixed. Instead, it is based on the context using the outputs of additional
hidden units. LSTMs use state units s/ with self-connections as additional com-
ponents where the information flow is controlled by a forget and an internal input
gate. An LSTM is described by the following equations [180]. The state units are
given by

st = o s=1 4 gl o tanh (wo + W2l 4 Uzl™) (3.26)

with the forget gate

1 =, <wg§ + WS fo[ﬂ> (3.27)
and the external input gate

g™ = h, (Wi + WL 4 Uoally (3.28)
The final output of an LSTM unit is described by

27 = tanh(sl7) o ¢! (3.29)
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with the additional output gate
g™ = h, (Wi + Wl 4 Ul (3.30)

The weights are given by W, W9, W/, W4 ¢ R*=>*7: U, U9, U/, U? € R**"= and
the bias terms are given by wo, wi, wd, wl € R". Note the similarity of Equation
3.25] and Equation [3.26] with the difference that the weighting parameter ¢ is
now replaced with gates dependent on the context. The units of the forget gate
fi[T] € [0, 1] allow to reset the internal state, and the units of the external input

gate gzm € [0,1] allow for updating the internal state. Figure visualizes
the concept of an LSTM model. Another variant is the gated recurrent unit
(GRU) [77,82,184,185,1227] that is more compact than the LSTM unit by using
a single gate that controls both the forget and update mechanisms. A GRU is

described by the following equations [227]. The output of a GRU is given by
AT =l o 2= (1 — w7 o tanh (wo + W (T[T] o Z[T_l]) + U:L‘[T]) (3.31)
with the update gate
ul™ = h, (w + Wzl =1 U“xm) (3.32)

and the reset gate
rl = h, (wp + Wzt 4 urald) (3.33)

The weights are given by W, W* W" € R"=>*"= U U* U" € R™*" and the
bias terms are given by wg, wy, wy € R™. In the context of a GRU, 27 is also
called the state vector. The elements of the update gate ull e [0, 1] control the

linear self-connection from the previous state similar to the parameter vector £
of the leaky unit with the difference that the gating is now dependent on the
context. The elements of the reset gate sz € [0,1] introduce an additional
nonlinear effect and allow filtering of the state vector from the previous time-step
for computation of the new state. A GRU model is shown in Figure[3.13] Notably,
even more compact variants of a GRU exist, where the reset gate " is removed
[183,520]. Similarly, various architecture variants can be developed by removing
gates from the LSTM unit, and an extensive survey [183] on the different variants
has been recently performed. Moreover, other nonlinear activation functions than
the sigmoid or hyperbolic tangent function can also be used for an LSTM unit
[140]. However, there is no clear winner between the different variants in general,
and the architecture choice is dependent on the task and dataset. Overall, RNNs
are a powerful approach for sequential data, but learning from extremely long
sequences remains a persistent problem. Similarly, the sequential nature of RNNs
limits parallelization.
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Figure 3.12: Tllustration of an example LSTM cell [181,203]. The input is given by
27, the output is given by 2"l and the state unit is given by s/”. The update gate,
external input gate, and the output gate are denoted by I, ¢l ¢l), respectively.
Figure based on [176].
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Figure 3.13: Tllustration of an example GRU cell [77,227]. The input is given by
27l the output is given by z!”!. The output gate and the reset gate are denoted
by ul™ 77 respectively. Figure based on [176].

3.4 Regularization

This section is based on [176/316]. A fundamental goal of machine learning meth-
ods is to achieve generalization and, thereby, to achieve high performance on data
that has not been used for the training process. Besides architecture developments
that reduce the number of parameters, various regularization methods have been
proposed to improve generalization. Regularization methods can address the ar-
chitecture, the training process, and the training data. Considering the parame-
ters of a model, the approach of parameter sharing and spare connections that we
introduced in the previous sections could also be considered regularization meth-
ods. In general, according to Goodfellow et al. [176] regularization comprises all
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methods that aim explicitly towards improving generalization. Usually, different
regularization methods are combined and adapted for the task at hand.

A straightforward way to improve generalization of a deep learning approach is
to collect more data. However, the amount of data is usually limited, especially
in the medical domain. This quickly leads to a limited variation of the samples
presented during training, which can result in overfitting and hence poor gener-
alization. One way to address this problem is to transform the samples during
training or to create artificial training samples. Such techniques are commonly
referred to as data augmentation techniques. Considering image data, data aug-
mentation techniques include flipping or rotating the image, injecting random
noise, or translating the image a few pixels in each direction. Also, erasing areas
of the image can be performed, e.g., by randomly setting pixel values to zero [107].
In general, numerous image transformations could be used as data augmentation
approaches, as far as the transformation does not conflict with the assigned label
of the image. In practice, hand-designed data augmentation strategies that in-
corporate domain knowledge of the task at hand are an effective way to improve
generalization.

Another commonly used regularization approach is early stopping, which can also
reduce the computational time efforts by reducing the overall number of training
iterations [176]. Recall that the training process of a deep learning approach is an
iterative procedure and that we need to define the maximum number of iterations
as a hyperparameter. In particular, generalization performance improves during
training but typically starts to decrease at some point due to overfitting of the
training data. To reduce the burden to find the optimal number of iterations and
thereby improve generalization, the performance on the validation dataset is pe-
riodically evaluated and tracked during the training process. Then, the training
is stopped automatically when the performance on the validation set does not
improve. Ideally, the performance on the validation dataset is evaluated every
training epoch. However, this can result in notable additional computational ef-
forts, and hence usually, the performance is evaluated less frequently.

Moreover, also regularization methods have been proposed that add noise to the
weights of the networks. Srivastava et al. (2014) [433] have proposed dropout
that aims towards learning features, which perform well in many situations and
also provides an efficient approximation of ensemble learning. Ensemble learning
refers to combining the predictions of several models. The concept of dropout is
to randomly drop neurons of a network with a probability, i.e., dropout rate pgop,
during each iteration of the training process. A first advantage of this approach
is that it enforces the neurons to learn more robust connections during training
and to reduce the so-called co-adaptions between neurons. Moreover, applying
dropout to a network with n, neurons provides an efficient approximation of en-
semble learning with 2" networks that also share parameters. In particular, by
randomly dropping neurons in each training iteration, a subnetwork is sampled
from all possible 2™ subnetworks. Usually, not all possible 2™ subnetworks are
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explicitly trained. However, this is sufficient due to the parameter-sharing scheme
between the networks. After training, evaluating all 2"+ networks during testing
is computationally impractical. Hence an approximation is used called weight
scaling inference. Weight scaling inference approximates the expected output of
all 2™ subnetworks by taking the full network with all neurons and by scaling
the weights of the neurons with the probability to keep that neuron.

Another famous approach that improves generalization and the training process
in general is to incorporate normalization layers into a deep learning architec-
ture [16,93,1216],[295]. This concept has been highlighted by Toffe and Szegedy
(2015), who have proposed batch normalization [216]. The authors of this ap-
proach presented the approach with the motivation to address the challenge that
the distribution of each neuron’s inputs changes during training, which results
from the parameter updates. The authors refer to this phenomenon as the inter-
nal covariate shift, and as a countermeasure, the authors propose to normalize
the activation values of the neurons. In particular, with batch normalization, the
activation of a neuron in a layer is normalized using

a; = R (3.34)
\/ 0—1'2 — €EBN
with the mean
1 &
j=1
and variance
1 &
2 2
g, = — Q5 — My 336
= (3.36)

estimated across the batch B in each training iteration with egy as a small con-
stant for numerical stability. While restricting the activation values to a standard
normal distribution might change what a layer can represent, two additional learn-
able parameter wy,, wo, are used per neuron that adjust the distribution using

Zii = Wli&i + Wo;. (337)

In this way, the network could also learn to remove the effect of batch nor-
malization if required, by setting wy, = u; and wo, = /02 —e. Then, batch
normalization represents an identity transformation. During testing, prediction
is performed deterministically for a single sample, and varying batch statistics
are not desired. Hence, a moving average of the mean and variance values over
all batches of the training process are used during testing. The authors of the
method recommend performing batch normalization before applying the nonlin-
ear activation function. However, this has been challenged recently, and similarly,
it has been challenged whether the performance improvements of batch normal-
ization are really associated with internal covariate shift [388]. In particular, the
underlying effect of batch normalization, and the actual reasons for the associated
performance improvements are still under research [295,298|388]. An explanation
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for the regularization effect of batch normalization is the noise that is added to
the training process due to the varying batch statistics [216,298]. Hence, using
a smaller batch size in combination with batch normalization is associated with
a stronger regularization effect. However, if the batch size is chosen too small,
batch normalization can reduce generalization performance due to inaccurate es-
timation of the batch statistics.

Nowadays, batch normalization is used by default in most deep learning architec-
tures |388|. Building on the concept of batch normalization, additional normal-
ization methods have been proposed within the last years that perform the nor-
malization independent of the batch dimension, such as layer normalization [16]
or group normalization [500]. The first approach performs normalization based
on the feature dimension, and the second approach divides the feature dimension
into groups, and normalization is performed within each group.

3.5 Hyperparameters

In the previous sections, we described how training of a neural network can be per-
formed, explained different deep learning architecture concepts, and highlighted
regularization methods to improve generalization. In this context, we introduced
several hyperparameters, which are parameters that can not be directly learned
from data and need to be selected manually, semi-automatically, or automatically.
This section is based on [176], if not indicated otherwise.

In general, choosing hyperparameters remains a persistent problem for deep learn-
ing methods and needs to be performed w.r.t. the task and dataset. Hyperparam-
eters are selected based on the validation dataset performance and not directly
based on the test dataset performance. Note that the test dataset is used to eval-
uate a model’s performance during application on new, previously unseen data.
The main goal of hyperparameter selection is to adjust the effective capacity of a
model to achieve generalization by adjusting all involved aspects, such as the ar-
chitecture and the training process. One approach to obtain the different datasets
is to randomly split the entire data into fixed subsets, e.g., 70% of the data is
for training, and 10% and 20% are used for validation and testing, respectively.
While this approach can become problematic for small datasets due to the small
test dataset size, cross-validation is typically performed. Here, the entire dataset
is split into non-overlapping subsets, and training is repeatedly performed, leav-
ing out data from one subset for testing. Afterwards, performance is averaged
across the different folds. Notably, this increases computational efforts.

Choosing hyperparameters manually requires a strong intuition about the differ-
ent behavior and impact of the different hyperparameters, the dataset, and the
problem at hand. Instead, automatic hyperparameter selection can be performed
by a grid or random search over the range of possible hyperparameter values.
However, this quickly leads to substantial computational costs, and performing
a search over all possible values of the hyperparameter space is usually practi-
cally impossible. Hence, a semi-automatic approach is typically performed where
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the range of values is substantially in advance based on prior manual sections.
Still, this approach is computationally demanding. Bringing this into perspective,
when a single training process takes around one day, and we want to evaluate, e.g.,
five different learning rates, three different network configurations, three different
regularization methods, and two different loss functions, this results in an overall
training time of 90 days. Even more advanced approaches are model-based hyper-
parameter optimization, and neural architecture search [137]. Here, the selection
process is defined as an additional optimization problem, which quickly results
in substantial computational efforts. Hence, manual hyperparameter selection is
usually required for most of the hyperparameters, given limited computational
resources. Thus, hyperparameter selection typically requires substantial exper-
tise. Another challenge for hyperparameter selection is that the available amount
of data is limited, and hence splitting an additional validation dataset from the
entire dataset reduces the amount of data available for training. One approach
to address this challenge is to combine the validation and training dataset after
hyperparameter selection and to train the model with the entire dataset and the
selected hyperparameters. However, this increases the computational efforts even
more. Overall, hyperparameter selection is critical for addressing a task with
deep learning methods and usually involves notable computational efforts.

3.6 Performance Measures

After defining and training a machine learning model, we usually want to assess
the performance of the method. Similarly, comparing the performance of deep
learning models requires measurable performance metrics. In this work, we focus
on multi-output regression tasks, where the output y € R™ and target y € R™
are vectors of scalar values. To this end, we summarize widely used and relevant
regression metrics for our work in this section. This section is based on [54], if
not indicated otherwise.

Given a supervised dataset D = {(z!% y1)}™  one widely adopted regression
metric is the MSE is given by

1 o= 1o it 2
MSE:-Z-Z@P—@?) (3.38)
My j=1 M3
or the MAE is given by
MAE = - i 1 by _ gt (3.39)
My j=1 me3 ! ’

Comparing both performance metrics, the MSE is more sensitive w.r.t. outlier
values than the MAE. Another widely used relative performance metric is the
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average correlation coefficient (aCC) given by
D i (y]{ g —§j> (N{ R @)
2 _ N2
szl ) £ (5 7)

where gj and y; denote the mean across the dataset for the outputs and targets,
respectively. This metric is independent of the unit and measures the linear cor-
relation between the target and output values. For a single output regression task
(ny, = 1), this metric is equal to the Pearson correlation coefficient (PCC) between
the target and output values. Also, relative performance metrics independent of
the unit can be formulated by normalizing a metric [54]. One approach is to
normalize a metric by the standard deviation of the target values, e.g., for the
MAE this yields the relative MAE (rMAE) given by

aCC = — ZPCC = (3.40)

AR T
rMAE = o ; ~ ; B (3.41)
with
my = |3 (0 ) (3.42)
=1
and

_ I
m 2
In the context of regression tasks related to motion analysis also, the tracking
error (TE) is a commonly used metric defined by the Euclidean distance between
the estimated position § and the ground truth position y [97,98282]. The TE is
given by

TE = |ly —yll, = (3.43)

Furthermore, in the context of elastography, we also evaluate the segmentation
performance using deep learning models. To this end, a commonly used metric
is the Sgrensen—Dice coefficient |111,/429] defined by

2|y oyl

Dice = ~
lyl + (7]

(3.44)

where y and y are two binary vectors and with o for the element-wise product.

Moreover, besides general regression performance metrics, other metrics include,
e.g., training time and the inference time of a model. The training time is an
important measure when it comes to hyperparameter selection and retraining of
a model in general. Note that for a model with shorter training times, a variety of
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hyperparameters can be evaluated compared to a model with notably increased
training time. The inference time of a model is an important measure to assess
real-time capabilities, which is essential in application scenarios such as motion
compensation. We also consider the throughput of a model, which refers to the
number of estimates within one second. To maximize throughput, we want to
process as many inputs as possible in parallel.

3.7 Summary

In this chapter, we introduced the foundations of deep learning with a focus
on supervised machine learning tasks. Deep learning methods learn end-to-end
relationships directly from data, and supervised deep learning approaches are
optimized to learn a defined input-output behavior. Thereby, the burden of man-
ual feature engineering can be removed, and extracting relevant features can be
learned from data by means of representational learning [176,[258]. In this con-
text, the final goal of machine learning methods is to perform well for samples
that have not been presented during the training process [52,318]. This requires
learning the underlying principles of the data, and typically, we refer to this
ability as generalization [233]. As a first network architecture, we introduced
fully-connected neural networks that consist of artificial neurons arranged in lay-
ers with parameters w that need to be learned from data in a training process.
The training process is agnostic w.r.t. the network architecture and involves
the definition of a loss function and the selection of an optimization algorithm,
which is typically an iterative, gradient-based optimizer [242]. However, fully-
connected neural networks bring many disadvantages when it comes to image
analysis. For example, fully-connected neural networks ignore the topology of
the data and quickly result in a substantial amount of parameters [176]. These
disadvantages can be addressed with the idea of CNNs that have improved many
medical image analysis tasks [14]. We explained this architecture concept that
relies on convolutions as fundamental operations and highlighted the concept of
sparse connections and parameter sharing [260]. While CNNs and fully-connected
neural network process the input in a feedforward fashion, RNNs introduce the
idea of feedback connections that bring additional advantages when it comes to
sequence analysis, such as direct processing of sequences with variable length and
adaption to different input-to-output behaviors [176]. Here, we also introduced
the underlying fundamentals and modern approaches such as LSTMs [203], and
GRUs [77,[82,/84,185,227]. Lastly, we highlighted the aspects of regularization,
hyperparameter selection, and performance measures w.r.t. regression tasks.
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Chapter 4

Spatio-Temporal Deep Learning
Methods

In this chapter, we describe and develop our deep learning methods for multi-
dimensional medical image sequence analysis. We build our approach based on
the two widely used architecture concepts for video analysis in the natural image
domain, CNNs, and RNNs. We introduce the relevant background for each of our
methods and present our approaches and methodical developments. We outline
the general data processing pipeline with deep learning and the steps involved in
approaching a task based on sequences of medical image data. We present and
explain different operations and architecture building blocks, which are flexible
in nature and thus can be adapted to different imaging modalities, dimensions,
and tasks. As a result, we develop and present a compact architecture concept
for 3D and 4D spatio-temporal data that allows for integrating different network
operations. Our methods range from pair-wise processing to entire long-term se-
quences and can be used for image-level and sequence-level predictions. Lastly, we
address the challenge of training with medical image sequences. In this context,
we present custom loss functions, regularization strategies, and a specific train-
ing approach that addresses training with sequences of hundreds of volumetric
images.

4.1 Spatio-Temporal CNNs

4.1.1 Background

Motivated by the success of deep learning for image analysis, it is natural to raise
the question of how CNNs can be extended to image sequence analysis. Deep
learning for image sequence analysis gained traction in the natural image domain
around 2014 due to the availability of increased computational hardware and
large-scale public datasets [69,231]. Today, only a few years later, a plethora of
CNN-based methods have been presented for 2D image sequence analysis from
the natural image domain. In this context, a typical application scenario is video
classification [231] with human action recognition [438] as a widely studied ex-
ample. Recent reviews of CNNs for video analysis are given in [69,[369}438]. In
the following paragraphs, we highlight relevant developments and advancements
of CNNs for video analysis in the context of our work. These considerations
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Chapter 4. Spatio-Temporal Deep Learning Methods

are fundamental for our spatio-temporal deep learning concepts for analyzing
multi-dimensional medical image sequences. Early developments of deep learn-
ing for video analysis mainly used CNNs;, typically pre-trained, as an image-wise
feature extractor, followed by a classification model such as support vector ma-
chine [369,/508,/526]. These approaches rely on the combination and aggregation
of extracted image-wise features. Whereas manual feature engineering efforts can
be reduced, no end-to-end processing of the data and no joint-spatio-temporal
feature learning are performed [457]. This requires and motivates an end-to-end
data processing pipeline with deep learning.

One of the first approaches to this end, typically called two-stream CNNs [142,
417), uses two data processing streams, one spatial and one temporal stream. The
spatial stream processes a static image, and the temporal stream receives optical
flow information. Afterwards, both streams are fused, and the target output is es-
timated. As fusion operations, e.g., concatenation, summation, or multiplication
of the feature representations can be used [369]. While initially only short-term
image sequences of a few images have been processed with such an approach,
long-term video classification can also be achieved [479]. To this end, the long-
term video is divided into segments, each processed with a two-stream CNN.
Afterwards, the classification results of the segments are fused. Such an approach
is usually called temporal segment networks (TSN). However, the two-stream ap-
proach is memory intensive with substantial computational costs. Recently, it
has been shown that additional optical flow information is not necessarily bene-
ficial for video classification and, most importantly, that the high computational
requirements of optical flow estimation limit two stream networks for real-time
applications [369]. This motivates end-to-end processing of the sequence without
any additional feature extraction.

A simple approach to extend a CNN from image processing to end-to-end pro-
cessing of image sequences is to consider the channel dimension of the input as
the temporal dimension [231,1354]. More formally, for a sequence of 2D images,
r, = [#9 2B 2] with 2l € R*mexne all images of the sequences are
stacked into the channel (color) dimension, which yields x; € R *™w*"e™ for the
network input. This input can be considered as a regular 2D image with multiple
color channels (n.-n;) and hence can be processed with a 2DCNN. Note that this
allows for a similar architecture compared to single 2D image processing, although
an entire sequence is processed. However, it quickly leads to a substantial amount
of parameters in the first convolutional layer of the network, i.e., the input layer.
Recall, that the parameters of a 2D convolutional layer are given by kp -k, 1in  Nout
with n;, = n.-n;. Hence, the network can be considered as fully-connected along
the temporal dimension. Another limitation is that the temporal processing is
only performed in the first convolutional layer at the input pixel-level. Hence,
no complex spatio-temporal features can be used and learned [457]. Such an ap-
proach can also be referred to as early fusion, indicating that all the temporal
information of the sequences is combined at an early stage of an architecture [231].
Overall, a CNN with a time-channel is compact and easy to adapt and only re-
quires minor changes compared to an architecture that is used for single image
processing. However, such an approach only demonstrated minor performance
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4.1. Spatio-Temporal CNNs

improvements compared to single image processing for video classification [231].
Alternative approaches are late and slow fusion. Late fusion combines feature
representations of the images of the sequence at the output layer, and slow fu-
sion combines feature representations of the images throughout the network [231].

A natural but more complex extension of a CNN to a sequence of images is
to perform convolutions across space and time, i.e., to use spatio-temporal con-
volutions [17},224,|256|,453,/457]. Thereby, joint-spatio-temporal feature learning
throughout the network can be performed. This approach considers the spatio-
temporal structure of the input x; € R™*"wxmtX%e and then performs convolu-
tions across space and time. Thereby, it preserves the original data structure.
Figure visualizes the input-output behavior for different kinds of convolu-
tions combined with sequences of images. By using convolutions across space
and time, the advantages of a CNN can be taken to spatio-temporal data anal-
ysis, i.e., invariance w.r.t. shifts of the input data and leveraging of the original
data topology [457]. Recall that motion can be considered as an orientation
in space-time images [2]|, and with spatio-temporal convolutions, these spatio-
temporal features can be learned from data w.r.t. a given task. By stacking
multiple spatio-temporal convolutional layers, a spatio-temporal CNN can be de-
signed and trained in an end-to-end fashion to learn joint features from space
and time. In this way, complex and abstract spatio-temporal relationships can
be learned jointly. The concept of spatio-temporal convolutions can be combined
with different modern backbone 2DCNN concepts such as the Inception con-
cept [442], ResNet concept [197], or DenseNet concept [210], and various adop-
tions have been presented [63,109,[1104|192,/463]. Also, a two stream concept has
been presented that uses spatio-temporal information at different temporal res-
olutions [141]. The architecture consists of two streams, one lightweight spatio-
temporal CNN receives frames at high temporal, and another spatio-temporal
CNN receives frames at a low temporal resolution. Both streams are fused across
the architecture depths.

23



Chapter 4. Spatio-Temporal Deep Learning Methods

Single Image Sequence of Images
Spatial Conv. (S) Time-Channel (TC) Spatio-Temporal Conv. (ST)
channel dimension
Ty Ne = Ny Ty ne=1
|
Nw Ne = 1 ] | ¢
L ke < my
kn - - ke
. . ko
PR 7 NG j nh h
R kew
2l € R xnw X1 xp € R XTwXne zy € R Xnwxnixl
21 € RPrXnwx1 xi € R7hXnwX1 -732 € R XM Xy X1
Output Output
Output

Figure 4.1: Convolutions and image sequences. (Left) A 2D convolution applied
to a single image of a sequence results in a 2D output. (Middle) Stacking multiple
images into the channel dimension and applying 2D convolutions results in a 2D
output. (Right) Considering the input as a spatio-temporal tensor and applying
a 3D convolution leads to 3D output and preserves the spatio-temporal structure.
Figure based on [457].

However, spatio-temporal convolutions notably increase the number of pa-
rameters and computational efforts compared to single image analysis. Note
that spatio-temporal convolutions extend the kernel by an additional dimension.
That is, we use a 3D kernel compared to a 2D kernel that is used for single
2D image analysis [457]. One approach to address the increased model com-
plexity is disentangling spatial and temporal processing. To this end, factorized
spatio-temporal convolutions and their variants have been proposed for video
analysis [297,364,437,|459/|505]. Here, the underlying concept is to split a spatio-
temporal convolution with a kernel kj, x k,, X k; into two subsequent convolutions,
one spatial convolution with a kernel k;, x k,, X 1 and one temporal convolution
with a kernel 1 x 1 x k;. Thereby, the parameters are reduced compared to the full
spatio-temporal convolution. Different variants can be designed using this con-
cept, e.g., performing the spatial convolution first, performing the temporal con-
volution first, or performing the convolutions in parallel [297,364]. These variants
can be mixed across an architecture, and also only a few of the convolutions can be
replaced with factorized spatio-temporal convolutions [505]. Also, an even more
drastic variant has been presented, where the full spatio-temporal convolution is
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4.1. Spatio-Temporal CNNs

factorized, i.e., a 3D convolution is replaced by three subsequent one-dimensional
convolutions [513]. Recently, additional ways to replace the costly spatio-temporal
convolutions have been presented, such as channel-separated convolutional net-
works [458] or channel tensorization [270]. The former separates channel inter-
action and spatio-temporal interaction of a 3D convolution into two separate
convolutions. The latter divides the channel dimension into sub-dimensions and
subsequently performs a convolution on each sub-dimension to reduce the over-
all complexity. Another way to reduce the model complexity is to combine a
2DCNN and a 3DCNN for sequences of 2D images. This concept can be used by
first learning a spatial representation of individual images of a sequence using a
2DCNN, which are then processed jointly by a 3DCNN [505,545]. Note that the
spatial representation of the individual images is smaller in size than the original
image size, which reduces the computational efforts of the joint processing. Such
an approach is similar to multi-path architecture concepts that we introduce in

Section [4.2]

Typically, video analysis in the natural image domain involves large-scale video
datasets with millions of videos ranging over several minutes [69,1369,408|. To
address this challenging data processing task, additional concepts have been pro-
posed to improve efficiency and to reduce model the complexity of 3DCNNS,
which learn temporal dependencies between frames with a 2DCNN across the ar-
chitecture based on the channel dimension [277,[297,/478|490]. Disentangled data
processing within a CNN can be used as a form of regularization and to improve
efficiency. However, this comes at the cost that joint feature learning can not
directly be performed, or only partly be performed, which limits the discrimina-
tive power and ultimately may limit the performance. Hence, architecture choices
can be made based on a trade-off between performance and efficiency [69,369438].

Summarized, spatio-temporal feature learning with CNNs can be performed based
on an aggregation of image-wise extracted features [369}/508.[526], based on chan-
nel interactions [231}354], or based on spatio-temporal kernels [17,[224]256,,453|
457]. Moreover, architecture choices can be made that lead to a trade-off between
performance and efficiency [69}277,297,478,490]. Overall, considering the differ-
ent methods and the task of video classification, there is no single best method
that outperforms all other methods across all datasets [69/,369,438|. Moreover, re-
cent efforts in the natural image domain tend to focus on improving the efficiency
of spatio-temporal deep learning for video classification rather than accuracy [69)
due to the availability of large-scale training datasets that require learning from
millions of videos. It stands out that the complexity of spatio-temporal fea-
ture learning and the increased computational efforts of video data processing
require tailored networks to learn effectively and efficiently [503]. This makes
architecture design and method development for spatio-temporal data processing
an active research area with several architecture choices, with new methods con-
stantly being developed. Spatio-temporal CNNs have been studied extensively in
the natural image domain and are also recently gaining traction in the medical
domain. However, there are only a limited number of applications so far. In
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particular, 4D multi-dimensional medical image sequence processing has hardly
been studied. Considering medical applications, early adopters that used spatio-
temporal CNNs within the last years presented, e.g., fetal heart analysis from
2D US videos [350], automatic 2D US video description [407], surgical tool track-
ing in 2D endoscopic videos [538], characterization of parkinsonian gait from 2D
videos [185], classification of Alzheimer’s disease using fMRI data [348], or car-
diac left ventricle quantification using sequences of 2D MRI images [467]. These
studies show promising results regarding the ability of spatio-temporal CNNs to
learn complex features end-to-end from sequences of medical image data.

4.1.2 Our Approaches

Parts of this section have been published in our studies presented in [37-40,42,
164]. Building on previous work for video processing with deep learning from
the natural domain, we introduce a compact and modular spatio-temporal CNN
approach for multi-dimensional medical image sequences. This single-stream ap-
proach can be scaled to different dimensions and adapted to different tasks. We
develop and present our methods for end-to-end regression considering our two ap-
plication scenarios of this work, i.e., motion analysis and dynamic elastography.
In this context, we evaluate and present different concepts for spatio-temporal
data processing that can be integrated and exchanged using the same uniform
architecture concept. In particular, we present 4D spatio-temporal CNNs that
can be used to process sequences of volumetric images in an end-to-end fashion.
Instead of using a fixed architecture that has been proposed for 2D image analysis
such as AlexNet [248] or variants of ResNet [197] that would lead to substantial
computational requirements when scaled directly to 3D /4D spatio-temporal data
processing, we only build on these state-of-the art concepts and design a custom
spatio-temporal CNN architecture.

Let 2, = [z, 2l .. 2] with 2] € Rmw>xmwxnaxne he an image sequence our goal
is to estimate the corresponding sequence label y € R™. We denote the current
time point with £ = n. Such a scenario is relevant when we assign a sequence-
level label, e.g., during dynamic elastography, where we try to estimate a relevant
tissue parameter based on an image sequence. Our baseline architecture concept
to this end is shown in Figure [£.2] Inspired by image and video classification
architectures from the natural image domain [197,210,,216,/442,443],504], it con-
sists of an initial convolutional head with one up to multiple convolutional layers.
To reduce the computational requirements and to quickly increase the receptive
field of the CNN, the last convolutional layer of this convolutional head can be
used with a kernel stride larger than one. Then, we use architecture modules
that represent subsequent architecture blocks. These architecture blocks consist
of multiple convolutional layers and are state-of-the-art backbone concepts such
as ResNet |197], Inception [216}442.|443], DenseNet [210], or ResNeXt [504] that
we introduced in Section [3.2] Between the architecture blocks, we use transition
layers that are used for downsampling of the temporal and spatial dimensions.
These transition layers are average pooling layers and allow for flexible downsam-
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4.1. Spatio-Temporal CNNs

pling of the input sequence, i.e., only the spatial dimensions can be downsampled
while keeping the size of the temporal dimension or vice versa. We use batch
normalization for all convolutional layers and employ the rectified linear
function as the activation function except for our output layer and use zero
padding for the inputs. Lastly, we use a GAP layer that transforms the tensor
representation into a feature vector, which is then fed to the output layer. The
output layer is a fully-connected layer with single or multiple outputs y € R™.
Depending on the output activation function, it can be adapted to regression or
classification tasks. In our work, we focus on regression tasks and hence use the
identity function as the output activation function.

The width (number of feature maps) and depth (number of blocks and layers) of
our baseline framework can be adjusted to address different input sizes and com-
plexities of learning tasks. These specific architecture choices can be considered
hyperparameters and selected based on the validation set performance.

An advantage of our spatio-temporal CNN framework is that a similar architec-
ture can be used for several types of inputs and spatio-temporal data processing
strategies, as outlined in the following paragraphs. We use this baseline archi-
tecture for 3D and 4D spatio-temporal medical image data by combining the
architecture concept with several different types of convolutions for 3D and 4D
spatio-temporal data processing. That is, we use the same architecture but only
replace the operations used for the layers. We outline the different operations
in the following paragraphs, which results in our different spatio-temporal CNN
approaches.
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Figure 4.2: Our spatio-temporal CNN approach for multi-dimensional medical
image sequences. Our custom architecture consists of an initial part with subse-
quent convolutional layers, followed by architecture modules representing archi-
tecture blocks. The different backbone architecture concepts are (a) ResNet, (b)
Inception (c), ResNeXt, and (d) Densenet. After the last module, we use a GAP
layer, and the output is connected to a fully connected output layer (FC). Figure
adapted from [38].
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TC-3D//DCNN. As a baseline approach, we use the concept of using the chan-
nel dimension as a temporal dimension [231}/354]. In this way, we try to learn
spatio-temporal relationships at the pixel-level of the input using channel-wise
interactions. With this early fusion strategy, the temporal dimension is processed
only in the first layer of the network. As outlined in the previous section, no
joint spatio-temporal feature learning can be performed with this approach. The
advantage of this approach is that it leads to a similar architecture compared
to single image processing with similar computational costs. We refer to this
approach as time-channel with the abbreviation TC. Combing this concept with
our baseline architecture leads to 3D and 2D network operations for 4D and 3D
spatio-temporal data, respectively.

ST-3D/4DCNN. To learn joint features from 4D data in an end-to-end fashion,
we adopt the approach of 3D spatio-temporal convolutions to 4D spatio-temporal
data [17],224,256,/453],457]. Notably, learning joint features from space and time
using 4D data requires 4D operations for a network. This is largely unexplored
in the field of deep learning and an interesting research direction to address end-
to-end learning from 4D data [81]. A 4D spatio-temporal convolution can be
considered and implemented as multiple time-shifted 3D convolutions [533]. By
striding the time-shifted 3D convolutions across time, we can perform a convo-
lution across 3D space and time, see Figure [1.3] Following our notation from
Section and assuming zero padding and a stride s = 1, it can be written as

k¢
conv4dD(K, z), = Z conv3D(KU glostin=tly (4.1)

=1

The weights of the 3D convolutions are given by Kl € RFnxkwxkaxne Ty com-
pute the final output of the layer we typically add the bias term and apply a
non-linear activation function afterwards, as outlined in Section We refer
to the approach of spatio-temporal convolutions as ST. Combining 4D spatio-
temporal convolutions and pooling operations with our CNN architecture results
in a 4D spatio-temporal CNN.

F-ST-3D//DCNN. As a parameter-efficient version of spatio-temporal convolu-
tions, we also consider factorized spatio-temporal convolutions [364] and split a
full spatio-temporal convolution into a temporal and a spatial convolution. We
refer to this approach as F-ST for factorized spatio-temporal convolutions.

o8



4.1. Spatio-Temporal CNNs

sequence of image volumes
1

| |
] |
0] 2l

?Z] ] ®Z] ..............

spatial stride

n .
1 time
!

1] 2] P

o o O
)+ 0=
temporal stride

conv3dD  conv3D conv3D

>

N

Figure 4.3: 4D spatio-temporal convolution. A 4D spatio-temporal convolution
can process a sequence of volumetric images. It can be formulated based on
multiple time-shifted 3D convolutions.

In summary, we use three different concepts to process spatio-temporal med-
ical image data with a CNN: spatio-temporal feature learning based on channel-
wise interactions, spatio-temporal kernels, and disentangled spatial and temporal
processing. Our different types of convolutions for spatio-temporal data process-
ing are visualized in Figure [4.4]

To address the increased model complexity of spatio-temporal CNNs that may
result in overfitting, transfer learning methods have been presented for video
analysis tasks [63,[110]. Transfer learning can be performed by pre-training on
large-scale public video datasets before fine-tuning the task at hand or by trans-
ferring weights from a 2DCNN to a 3D spatio-temporal CNN [63]. The latter
can be performed by inflating the 2D kernels K € R¥»>*Fwxninxnout of 5 2DCNN,
pre-trained on an image processing task, to a 3DCNN by copying the pre-trained
weights along the additional temporal dimension. We also evaluate this aspect in
our work and study to transfer weights from a 3SDCNN trained on single volumes
to a 4D spatio-temporal CNN that processes the entire sequence. This can be
performed seamlessly with our unified architecture concept. We perform this step
to address the increased computational requirements of 4DCNNs during training
compared to 3DCNNs. Our approach is shown in Figure 4.5 First, we use
our architecture concept with 3D operations and train the network end-to-end
with single volumetric images. Then, we inflate the kernels along the tempo-
ral dimension by copying the weights and fine-tuning the resulting 4D network

29



Chapter 4. Spatio-Temporal Deep Learning Methods

with entire image sequences afterwards. We present and evaluate this transfer
learning concept for position estimation of a marker object from sequences of
OCT volumes in our experiments in Chapter [6.1} Overall, we present a compact
spatio-temporal CNN approach for end-to-end regression using multi-dimensional
medical image sequences. Our modular architecture can be used flexibly for dif-
ferent imaging modalities and tasks. Our architecture allows comparing different
methods for spatio-temporal data processing with deep learning, which is relevant
to address the question of how spatio-temporal feature learning from sequences
of multi-dimensional medical image data can be performed. In our study, we use
our architecture for motion analysis and elastography using OCT and US image
data. Our architecture is designed and developed to map an entire sequence of
images to a single output, i.e., a sequence-level label. This is relevant when a
single output or label is assigned to an entire sequence. In our study, we evaluate
the concept of spatio-temporal convolutions across various experiments ranging
from position estimation to end-to-end elasticity estimation from sequences of
OCT and US images. We report the corresponding results in Chapter [6]
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Figure 4.4: Our different types of convolutions for 4D spatio-temporal data pro-
cessing: (S-3D) 3D spatial convolution that processes a single volume; (TC-3D)
3D convolution with temporal information stacked into the channel dimension; (F-
ST-4D) factorized 4D spatio-temporal convolution; (ST-4D) 4D spatio-temporal
convolution. Figure adapted from .
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Figure 4.5: Transfer learning from a 3DCNN to a 4D spatio-temporal CNN. First,
a 3D network is trained based on single image volumes. Second, the weights of
the 3D network are transferred to a corresponding 4D version of the network by
copying the weights along the temporal dimension. Lastly, the 4D network is
trained based on the entire image sequence.

4.2 Multi-Path Concepts

4.2.1 Background

In scenarios such as video classification or dynamic elastography, we typically
assign and predict target for an entire image sequence. In other scenarios, such
as motion analysis or disease progression ,, we are usually interested in
determining the change between an initial state and different states. In these sce-
narios, we are interested between changes or similarity of individual time points,
which typically requires image/frame-level predictions.

To address such a learning task, Siamese neural networks are widely adopted
,. Considering 2D images from two time points, zl] € Rrnxmwxe 2Pl ¢
R xmwx¢ the concept of Siamese neural networks is to create two separate paths
in a CNN architecture that process both images individually, which are combined
afterwards to perform joint processing, see Figure [4.6| This approach first learns
and extracts encodings of two images, which are then processed jointly to deter-
mine the similarity or difference of the encodings [58,[80]. While processing the
frames individually, both paths can be identical by using the same set of weights.
Thereby, the number of parameters can be reduced, the same set of features is ex-
tracted from both images and this step can be considered an image pre-processing
step that is learned from data [519]. Inspired by the concept that parameters are
shared, such an approach is referred to as Siamese architecture ,. The final
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output y € R™ of such an approach is given by

Y= fo (f1(33[1],W1)>fl(l’mawl),wz) (4-2)

where fi(-) denotes the feature extraction part of the Siamese part with pa-
rameters wy, and f(+) denotes the subsequent processing with parameters wy.
Note that fi(z[M;w;) and fi(2®;w;) represent the learned encodings of the in-
put images. Moreover, different fusion strategies can be used to combine the
two feature representations before combined processing [369]. A common ap-
proach is to stack both feature representations into the channel dimension. More
formally, let 2/l € R xmwxe’ /12l ¢ R™Xm0X¢ he the two corresponding encod-
ings of the input images, then the input for the combined processing is given by
z) € R"%>*™w*2¢ - Other fusion strategies are adding or multiplying both represen-
tations element-wise [369]. Another architecture choice is when to fuse the two
representations, i.e., at the beginning of a network or close to the final output
layer. As also outlined previously, fusing both representations early in the network
architecture is typically referred to as early fusion, and fusing both representa-
tions close to the network output is usually referred to as late fusion [142}/144].
Comparing these two options, late fusion leads to a more abstract feature repre-
sentation of the individual images before the combined processing [231].

Siamese architectures can be used to predict the similarity of two images [80,83,
524], but also to determine changes between two images [47,/118,257]. One of the
first applications of a Siamese approach was signature verification [58]. Recently,
it has been shown that with such an approach, pixel-wise optical flow can be esti-
mated between 2D images [118], and that object tracking can be performed using
image pairs [47,70,1338,/355]. Considering medical image data and applications,
e.g., it has been shown that with Siamese architectures, motion estimation for
compensation can be performed using two volumetric OCT images |168]. More-
over, Siamese architectures have been demonstrated for the evaluation of disease
severity and change over time using image pairs [271,272]. In the following sec-
tion, we present our adaptions, which extend the concept of Siamese architectures
to entire sequence processing, which allows to incorporate past or intermediate
information of a sequence. Considering our research questions of this work, we
hypothesize that more consistent and improved performance can be achieved by
using additional temporal information.
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Figure 4.6: Siamese CNN architecture. Two input images z[Y and z/@ are first
processed individually, afterwards the representations of both images (21!, 2'])
are fused and processed jointly to obtain the final output y. The final output can
be, e.g., a similarity score or distance vector between the images. Figure based
on [80].

4.2.2 Our Approaches

Parts of this section have been published in our studies presented in [38-40}42].
Building on the concept of Siamese architectures [58] and mixed 2D /3D spatio-
temporal CNNs [505]545], we adapt our spatio-temporal CNN framework in-
troduced earlier, to estimate changes between two-time points. We focus our
approach on the application scenario of motion analysis using a sequence of vol-
umetric images. Our different methods are shown in Figure 4.7, and we explain
each of our variants in detail in the following paragraphs.

Let z, = [z, 2l . 2] with 2l € Rrwxmexnaxne he an image sequence with
corresponding labels y, = [y yl ... 4[] with ) € R™ our goal is to estimate
the relative changes between the initial state 2/ and the current state 2™, or to
estimate changes between volume pairs in general, e.g., between =1 2. The
labels could refer, e.g., to a relative motion of a target shown in the volumes,
ie., y = To.n € R? between ¢ = 0 and ¢ = n, or between two consecutive time
points, hence yl = Tio1, € R3. Note that we use the lower index to indicate the
two-time points.
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Figure 4.7: Our multi-path 3D /4D architecture concepts. The networks receive
volumes from a sequence x; = [x[o}, 2 ,x[”}] to estimate, e.g., the translation
vector To,n between the volumes 2% and z!™. For processing after the multi-
path part of the architecture, we use a custom DenseNet3D /4D architecture to
estimate the final output y. Figure adapted from [40].

2P-TC-3DCNN. First, as a baseline, we adapt the concept of a Siamese archi-
tecture with two paths, where two input volumes are first processed individually,
followed by a combined processing [167]. Using our CNN framework, we use
the initial head of our architecture that consists of several convolutional lay-
ers as Siamese part with shared parameters to process the two images. Then,
we combine both representations of the two images at a concatenation point
by stacking both representations into the channel dimension. Given two input
volumes, zl%, zll € Rmmxnwxnaxne and the corresponding feature representations
g0 /1 € R xmaxme this yields o) € R™ XM X"a*2Xme - Qubsequently, we pro-
cess the combined input ) jointly with the architecture modules of our CNN
architecture. We refer to this architecture as 2P-TC-3DCNN.

2P-TC-3DCNN-I. Second, we extend the two-path concept to entire sequences
by dividing a sequence into pairs, which are processed individually, and the
results are combined afterwards. Notably, this approach shows similarities to
TSN for video-based action recognition . Given an input sequence x; =
[0, 2l 2] the two-path network receives input pairs [z%, 2], [#11, 2P]],. .
(=1 z[")] and outputs are estimated for each image pair, which are then added
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to obtain the final network output . This can be considered as late fusion of
the information from the image pairs. Note that we share the same architecture
and parameters for all input pairs. In this way, the network receives informa-
tion from an entire sequence while still using the simple approach of two-path
architecture. To estimate a difference or change between z¥ and z!™, the net-
work can be trained in an end-to-end fashion based on the corresponding label,
or the network can be trained based on labels for the individual image pairs. The
latter approach only requires estimating the pair-wise labels during training and
hence is less computationally expensive and can be used to learn from long-term
sequences of several hundreds of volumes. We refer to this architecture as 2P-
TC-3DCNN-I. We use the abbreviation I to indicate that the final estimation is
based on multiple incremental (I) estimations.

nP-TC-3DCNN. Third, we extend the two-path architecture to a multi-path ar-
chitecture, where the number of paths is equal to the number of volumes n; of
a sequence that are used as an input. Hence, each image volume z[! of a se-
quence x; is first processed individually with shared parameters, and we learn
a feature representation of each volume of a sequence 2/l = f;(2ll wy). Af-
terwards, we concatenate the representations along the feature dimension, this
yields x} € R X7 xngxnene - Similar to the two-path approach, we then perform
combined processing with a 3DCNN. Hence, the output of the network is given
by

g = f2 (fl(x[O]v wl)a fl(xmv wl)ﬂ SRR fl(m[n}vwl)v W2) (43)

Thereby, also intermediate or past information can be used now in an early or
mid-fusion fashion. Note that we can use the same architecture and approach
compared to the two-path approach, the only difference is that we use multiple
paths which are fused at the concatenation point. We refer to this architecture
as nP-TC-3DCNN.

nP-ST-/DCNN. Fourth, we combine the concepts of 4D spatio-temporal CNNs
and multi-path Siamese architectures. At first, we use a multi-path Siamese
3DCNN to process each volume of the sequence. Afterwards, we concatenate the
outputs along the temporal dimension, this yields 2} € R™*™wX"aXnex"e after the
fusion point. In this way, we first learn a spatial representation of each input
volume of a sequence. In a next step, we perform joint spatio-temporal feature
learning by means of a 4D spatio-temporal CNN. Thereby, much more complex
spatio-temporal relationships can be learned compared to the approach where the
feature or channel dimension is used as temporal dimension. However, using 4D
operations for the combined processing comes at increased computational costs
compared to the previous approaches. Moreover, this approach is similar to using
a 4D spatio-temporal CNN applied directly to a sequence. However, the mixed
3D /4D approach reduces parameters by sharing parameters for the Siamese part.
In addition to that, the computational efforts can be reduced compared to a full
4DCNN by downsampling the image volumes in the Siamese part such that joint-
processing is performed on smaller volumes afterwards. We refer to this approach
as nP-ST-4DCNN. The abbreviation ST refers to the fact that spatio-temporal
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convolutions are performed. Such an approach can also be considered a mixed
3D/4D spatio-temporal CNN similar to mixed 2D /3D spatio-temporal CNNs that
have been proposed for video analysis [505],545].

Summarized, we present various different multi-path architecture concepts for
4D spatio-temporal data that are suitable to estimate changes between two-time
points. These concepts allow to integrate additional temporal information to
improve performance and consistency. These architectures differ in complexity
and use different concepts for processing the spatio-temporal data ranging from
channel interactions to feature learning by means of spatio-temporal kernels. In
our study, we use these architecture concepts for motion analysis from short-term
OCT sequences and long-term US sequences. We report the corresponding results

in Section [6.1]

4.3 ConvRNNs and Hybrid Approaches

4.3.1 Background

RNNSs are another deep learning concept that can be used to learn spatio-temporal
relations. From a conceptual level, one advantage of such an approach is that
different input-to-output relationships can directly be addressed such as many-
to-one or many-to-many [176]. In the first case, a single output is generated for
a sequence of inputs, and in the second case, an output is generated for multiple
or each input element of a sequence. Hence, the output is also a sequence. An-
other advantage of RNNs is that sequences with variable lengths can be directly
addressed, as outlined in Section [3.3]

A regular RNN, as introduced in Section , processes input vectors zll € R™
in a sequential fashion. Hence, given a sequence of images z;, it requires trans-
forming each image to a feature vector as a first step. One approach is to simply
flatten each image z! € R™ x> of the sequence into a one-dimensional vector
'l € Rremee [369]. However, this results in substantial amounts of parameters
for the RNN architecture. A more efficient way can be achieved with deep learn-
ing methods by using a CNN as a feature extractor. To extract the image-wise
feature encodings, a 2DCNN can process the images of a sequence individually,
or also 3D spatio-temporal CNNs can be used [17,/19,/438| 487,488, 501]. After-
wards, an RNN can be used to process the sequence of extracted feature vectors
in a recurrent fashion and the combined architecture of a CNN and RNN can
be trained end-to-end, or the CNN can be used only as a fixed feature extrac-
tor [8,/115,369,/502,/521]. Note that the latter is less computationally demanding.
As an RNN architecture, an LSTM or GRU unit is typically used [43§], which we
introduced in Section 3.3l

Another approach is to replace the linear transformations of RNN units with con-
volutions [413,506]. This brings the advantage that we can apply RNNs directly
to images, learn localized spatial features, and replace the parameter intensive
fully-connected layers in the input-to-state and state-to-state transitions. This
also removes the requirement to learn and extract a feature vector from an image
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before applying an RNN, and the original data topology is retained. Comparing
the two types of RNNs, a recent survey paper on deep learning for video classifica-
tion concluded that ConvRNNs perform better than regular RNNs [369]. Similar
to LSTM units that we introduced in Section 3.3, a ConvLSTM unit [506] is
described by

27 = tanh(sl™) o ¢"] (4.4)
with the output gate
¢ =h, (wg + W =1 4 U « [E[T]) (4.5)
the internal state
sl = flr o 7= 4 gl7 o tanh (wo + WizlT=1 4 U % :17[7]) (4.6)
with the forget gate
1 = h (wh + WY 270 4 U7 ) (4.7)
and the external input gate
9 = he (W§+ W9 s 271 4 U9 % 1) (4.8)

Note that * denotes a convolution. For a 2D image, the kernels of the convolutions
are given by W, W9, W/ ¢ Rknxkuxnzxns 17 9 Uf € RFnxkwxnzxnz and the bias
terms are given by wo,wg ,wo € R". Here, n, denotes the number of output
feature channels of the convolution, i.e., the number of parallel convolutions and
n, denotes the number of input channels. An element-wise product is indicated as
o, and h,, refers to the sigmoid function. Following the same concept, a ConvGRU
unit [413] is described by

2T =yl o 2= (1 — wl o tanh (wo + W = (T[T] o Z[T_l]) + U*x[T]) (4.9)
with the update gate
ul™ = h, (W + W % P N I xm) (4.10)
and the reset gate
rl = h, (W + W7 Pt R L ar[T]) : (4.11)

Assuming a 2D input image, the kernels of the convolutions are given by

W, Wt Wr € Rbnxkuxnzxn. ] Ju Ur € RFn*kwxnzxns  and the bias terms are
given by wy, wg, wi; € R™. 1 indicates a vector where all elements are one.

A direct advantage of a ConvRNN is that the data structure can be preserved,
and thereby the concept of a ConvRNN can be combined with a CNN in various
ways [131},[211},/531]. Similar to the approach described previously, one widely
adopted concept is first to use a CNN to learn an image feature representation
for each image of a sequence [115,486]. Afterwards, the feature representations
are processed using a ConvRNN. Usually, the feature representation is smaller
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in size than the original image, which reduces the computational efforts com-
pared to applying a ConvRNN directly to the images. Another approach is to
use the ConvRNN unit at the beginning of the architecture, followed by a CNN
architecture. In this way, a compact spatial representation of the entire image
sequence can be learned, and afterwards a CNN can be applied to the learned
spatial representation of the entire sequence [169}/170]. Such an approach can be
beneficial in scenarios where redundant information is present in the sequence [36]
or where the relevant information for the task is mostly encoded in the spatial
information [164]. Also, approaches have been presented where ConvRNNs are
incorporated in the middle of an architecture, e.g., for encoder-decoder architec-
tures [15,291}472].

Introducing both RNNs and CNNs for image sequence processing raises the ques-
tion of the major differences and advantages of the approaches. A recent com-
parison of the two concepts concluded that both approaches lead to competitive
performance with the following core differences [18]. First, using convolutions
instead of recurrent units does not require sequential data processing and hence
allows for parallel data processing. Second, using a CNN allows changing the
receptive field size and can be used to downsample the input dimensions effec-
tively using different kernel sizes and strides. This leads to a flexible approach
that allows to adjust the memory size and complexity of the data processing.
Third, RNNs are associated with exploding and vanishing gradients, as outlined
previously, and hence are typically more difficult to train [30,[32,202]. Fourth,
the memory units of RNNs require larger memory during training than CNNs.
Overall, a simple convolutional architecture can be more effective across diverse
sequence modeling tasks than recurrent architectures [18]. Considering RNN,
one distinct advantage is that this approach is highly efficient during evaluation
when an output is required for each image of a sequence. This comes from the fact
that only the current image needs to be processed to generate the output and the
information from the history of the sequence is encoded in the hidden states of the
memory units. Another advantage of RNNs is that does not rely on the concept
of a receptive field across the time dimension. Hence it can be transferred across
tasks and domains that require different amounts of temporal history. Consider-
ing medical image data, the concept of ConvRNNs has been used and adapted for
applications such as motion analysis from 2D US data [211], hyperspectral image
data analysis [36], autism spectrum disorder classification from fMRI [131}532],
force estimation from sequences of OCT images [169,|170], or for tumor growth
prediction [531].

4.3.2 Our Approaches

Parts of this section have been published in our studies presented in [36/140}42].
Typically, sequences of images are processed in a recurrent fashion at the front,
or the end of an architecture |115}/164],211/,293,1319|461}/486]. The first approach
learns spatio-temporal relationships at the level of the original input data. The
second approach learns spatio-temporal relationships at the level of abstract fea-
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tures. Both concepts bring their individual advantages regarding medical image
analysis, raising the question of how spatio-temporal feature learning should be
performed. We study spatio-temporal recurrence at different feature levels to ad-
dress scenarios where spatio-temporal features can be expected at different spatial
and temporal scales. For example, during motion compensated radiotherapy, dif-
ferent scales of breathing motion and different target appearances are present [98].

DenseConvGRU. To develop our multi-scale approach, we integrate the concept
of ConvRNNs at different feature levels into our unified spatio-temporal CNN
framework, see Figure [4.8l Thereby, we can still use the same architecture con-
cept but now perform spatio-temporal data processing using ConvRNNs. In our
work, we rely on ConvGRUs, which are simpler and lead to fewer parameters than
ConvLSTM. To address multi-scale feature learning, we use ConvGRU modules
at the front, middle, and end of the architecture, as indicated in Figure [£.8] Sim-
ilar to our previous considerations, the first ConvGRU learns spatio-temporal
relationships at a level close to the input resolution. In contrast, the latter learns
spatio-temporal relationships at the level of abstract features. Between the Con-
vGRUs, we use our CNN modules, consisting of several convolutional and pooling
layers. Note that due to the recurrent processing of the sequence, the CNN part
of the architecture shares parameters across the different images of a sequence.
Thereby abstract feature representation can be learned between the ConvGRU
modules, the image size can be reduced, and the receptive field of the ConvGRUs
w.r.t. the input image increases. The ConvGRU module at the end of the ar-
chitecture has a large global receptive field at a low spatial resolution, and the
ConvGRU module at the front has a small localized receptive field at a high
spatial resolution. In particular, by using different placements in a unified ar-
chitecture, we can also perform a systematic study w.r.t. the performance. Our
architecture concept can be used for 3D and 4D spatio-temporal data, and the
architecture depths can be scaled, and additional ConvGRU modules can be used.
Next, we describe the concept of our architecture more formally.

[T
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Figure 4.8: Our architecture DenseConvGRU-all: We perform multi-scale spatio-
temporal processing by incorporating ConvGRU module at different features
scales, denoted by front, middle, and end. For our CNN modules, we use
DenseNet blocks. We perform end-to-end estimation and multi-time step fore-
casting with our approach. We indicate a delay of a single time step with a black

square. Figure adapted from (©2023 IEEE).
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Let zlle R >nwxnaxne he the network input at a time point ¢ = 7, first sub-
sequent convolutional layers are applied to the input volume. Then, the first
ConvGRU module (front) receives a feature representation a/I7lg R™»*mwxnaxrne

and the previous output of the ConvGRU module Z][cmnt € R XMwxndxnz {4 oen-

erate the output z][;]mt € Rrwxmwxnaxn aecording to Equation The number
of feature maps of the ConvGRU module at the front is denoted by n;. After-
wards, multiple convolutional layers and a pooling layer are applied, leading to

2" e R7 x5S which s processed by the second ConvGRU module that is

I dxnm

placed in the middle of the architecture and that outputs zlnl ddle€ R3 2

The third module receives 17 R4 <4 X5 4 input and outputs

gjdé R4 *ne respectively. Summarized, the outputs of the different Con-
vGRU modules are denoted as z}ﬂont, z};]z ddle> ([m]d The last layers of our architec-
ture are a GAP layer followed by a regression layer to estimate the target values
y € R™. We refer to this architecture concept as DenseConvGRU-all.

Our DenseConvGRU approach can be applied to a sequence of medical image
data in a many-to-one or many-to-many fashion and hence can be adapted to
different tasks and output requirements, see Figure [4.9] Considering applications
that require an output for each image of a sequence, e.g., motion analysis, our
approach maps an input sequence of image volumes to an output sequence of
motion estimates and predictions in a many-to-many fashion. Motion outputs
are given by the network’s output §l™ in one shot for each input volume z[”!, and
motion analysis can be performed for an ongoing input sequence. Note that this
is efficient for tracking tasks. To perform motion estimation only the new input
volume z[™ at the current time point ¢t = n needs to be processed by the network,
and the history of the inputs is encoded at different scales in the previous out-
puts of the ConvGRU modules, i.e., zj[s,oil, zr[Zldyle, z([;d”. Considering the case
where a single output is estimated for an entire sequence, e.g., during shear wave
elastography, the entire sequence is processed with our architecture, and a single

output is generated afterwards.

Summarized, we present DenseConvGRU, a hybrid approach of ConvGRU mod-
ules and a CNN built based on state-of-the-art architecture modules. This ap-
proach performs spatio-temporal processing in a recurrent fashion. A key concept
of our approach is spatio-temporal recurrence at different feature scales that allow
learning localized and global spatial-temporal relationships. In addition to that,
combined with our architecture concept, it allows for a systematic evaluation of
different ConvGRU module placements. However, a critical aspect of DenseCon-
vGRU is training with long-term sequences. Hence, we present a specific training
approach in our next Section [4.4] In this thesis, we use our concept for motion
analysis from long-term 4D US sequences in the context of radiotherapy. We
report the corresponding results in Section [6.1.3] Moreover, we evaluate this ar-
chitecture concept for dynamic elastography using 4D OCT data and report our
results in Section [6.2.4]

70



4.4. 'Training Strategies

A

-
-— - T

-

33

|
=

-
L—— I

n®D I I ng

|

|

|

|

|

|

|

|

|

| n—1] T

X

| [n—1] -1
} Zfrunt Zv[;lzdd]le
|

|

} .’[7[’1]

|

|

z[%: Template volume
. zlll, i =1,2,...,n: Moving states

Figure 4.9: (Left) Many-to-one fashion for dynamic elastography, where an output
is estimated after processing an entire sequence, i.e., a sequence level estimation is
performed. (Right) Many-to-many fashion for motion analysis, where an output is
generated for each input of a sequence, i.e., image-level estimations are performed.
At the current time step t = n, only the current input volume z!™ needs to
be processed and the motion history is encoded in the previous outputs of the

ConvGRU modules at different scales (zﬁ;il, 27[;1;121]1@7 zgl;l ). Figure adapted from

[42] (©?2023 IEEE)).

4.4 Training Strategies

4.4.1 Multi-Task Learning and Loss-Regularization

In scenarios where multiple tasks share a same input x, multi-task learning can
be used for regularization or to address multiple tasks simultaneously [34,64].
The following paragraph is based on [378]. The idea of multi-task learning is
to use a single approach for different tasks and to share parameters across the
different tasks. Thereby, a model is enforced to learn more robust features that
generalize well in different situations. For regularization, an auxiliary task is de-
fined only for training, and the output of the auxiliary task is not required during
testing. With multi-task learning, the loss function during training combines the
individual loss functions of the different tasks. From an architecture perspective,
one strict approach to performing multi-task learning is to share parameters of
an architecture across different tasks until the final output layers of the different
tasks. This is usually called hard parameter sharing and only requires to in-
crease the number of output units. Another approach is soft parameter sharing,
where only a part of an architecture is shared across the tasks, and afterwards,
the architecture is split into different branches for the different tasks. Thereby,
shared and individual features are learned to address the different tasks. Natu-
rally, hard parameter sharing leads to a stronger regularization effect, a simpler
model, and fewer parameters. However, usually multi-task learning increases the
labeling efforts for each input as labels w.r.t. various tasks need to be assigned.
Also, a larger model might be required to address multiple tasks simultaneously,
increasing the computational efforts compared to addressing a single task with a
smaller model.
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Parts of this section have been published in our studies presented in [38-4042].
We consider and present multi-task learning combined with loss-regularization
for motion analysis from sequences of multi-dimensional medical image data. At
first, we study whether additional temporal information can also be beneficial
at the model output by formulating an auxiliary task for regularization. Typi-
cally, we consider the MSE or MAE loss function between the estimated output
y = T, € R? and the ground truth y = Tj,, € R? during motion analysis. Recall
that Ty, refers to a translation vector or motion of a target between the time
points t = 0 and ¢t = n. Using a MSE loss function, this leads to

1 & . s
L= E HT{Jn} _ T{Jn}
my S 0 0

with m, for the number of samples in a training batch. Often, we perform motion
estimation for each volume of a sequence, i.e., we perform motion estimation for
a continuous stream of volumes. Note that the label of an individual volume is,
e.g., the corresponding position or motion vector of a target shown in the volume.
Considering this, we propose and evaluate a custom loss function that incorpo-
rates past labels of a sequence into the training process for regularization by
formulating an auxiliary task of estimating past motions in parallel. We hypoth-
esize that the additional motion information could improve the performance and
consistency. To this end, we extend the output of the model to also include past
estimates and incorporate past label information into the training loss function,

which leads to
1 mp 1 Py
L= — — 0;
—> >

b= Py o

: (4.12)

@ g |

0,n—12 0,n—12

(4.13)

with parameters 6;—o = 1 and 6, € [0, 1] for weighting of the loss of the past es-
timates. Note that during inference, the additional outputs are not required. We
define the number of past labels as p, . Note that in this scenario the combined
network output is extended to y € R3?v,

An advantage of multi-task learning for multi-dimensional medical image se-
quences may not only improve generalization but also that multiple tasks can
be addressed at the same time, as outlined previously. For our application sce-
nario of motion analysis, we use entire image sequences as input that encode
the spatio-temporal information of a target’s motion. We hypothesize that such
data can be used to address both motion estimation and forecasting with a single
model. To use a simple single-stream architecture, we perform hard parameter
sharing. That is, it only requires adapting the training loss function and changing
the number the model’s outputs accordingly. Using future labels and extending
the model output this yields

1 mp 1 Ph
£ 2 2

for the loss function with p,, for the prediction horizon. We study these concepts
for motion analysis using 4D OCT and US data in our experiment Section [6.1]

2
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(4.14)
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4.4.2 Training with Long-Term 4D Data

Parts of this section have been published in our study presented in [42]. We
presented our approach DenseConvGRU which can be used to process multi-
dimensional medical images in a recurrent fashion, in Section [.3.2 This ar-
chitecture is beneficial for scenarios where an output is required for each input
volume in real-time, e.g., during motion analysis. We highlighted that such an ar-
chitecture is efficient during testing, but training involves forward and backward
propagation through the entire sequence, generally referred to as BPTT [491],
and as also outlined in Chapter [3| This can quickly lead to substantial computa-
tional and memory requirements, which make training impractical, especially for
long-term sequences of volumetric images. Also, training a recurrent approach
with such data quickly becomes extremely time-consuming, with training times
reaching several weeks, even for small datasets. To still address end-to-end data
processing of sequences of medical image data, we address the aforementioned
limitation, and we present a customized training approach by adopting and com-
bining truncated BPTT [136],221,/446,493], and curriculum learning [31]. We show
the concept of our training approach in Figure for our application scenario
of motion analysis.

The idea of truncated BPTT is to perform forward propagation through the se-
quence, but backward propagation is only performed for a shorter sub-sequence.
Thereby, the memory requirements and the time to perform a training step can be
reduced substantially. However, learning long-term dependencies might become
a difficult task, and convergence might be limited. Therefore, we adopt the idea
of curriculum learning [31]. The concept of curriculum learning is to gradually
increase the complexity of a learning task and thereby to improve convergence
and generalization. Using this concept, we gradually increase the sequence length
during training. Thereby training of the network first considers the simpler task
of learning short-term spatio-temporal relationships. In a next step, more com-
plex long-term spatio-temporal dependencies are learned. To this end, we divide
our training into two phases.

For the first phase of the training strategy, we use a limited short-term sequence
that is dependent on the available hardware and dataset, and we perform for-
ward propagation and backward propagation through an entire sequence. The
short-term sequence is sampled from the long-term sequence, e.g., only the first
few images of a sequence are considered. In this way, the network is trained
to learn short-term spatio-temporal relationships. Also, training on short-term
sequences is substantially faster than training on long-term sequences. The first
phase can also be considered a pre-training step to find suitable weights for learn-
ing long-term spatio-temporal relationships. In the second training phase, we
increase the forward propagation sequence length but keep the backward propa-
gation sequence length fixed. We define r and b as the sequence length that are
used for forward and backward propagation, respectively.  In the first phase
of training, we set r = b = n, and n; < n; where n; describes the entire se-
quence length of the input and n; describes the length of the sub-sequence. In
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the second phase, we gradually increase n; over the training epochs and we draw
r ~ U(b,n;) from a discrete uniform distribution in each training iteration. Note
that we keep b fixed, hence in our second training phase it holds b < ny, i.e., we
perform truncated BPTT. The hyperparameter b and the schedule to increase n;
are chosen w.r.t. the dataset and hardware constraints. Considering our second
research question of this work, how spatio-temporal feature learning can be per-
formed, our approach raises the question of whether generalization from shorter
sequences during training to longer sequences of volumetric image data during
testing can be performed. We also address this question and study our DenseCon-
vGRU architecture concept combined with our training approach in the context
of motion analysis during radiotherapy in our experiment Section |6.1.3]

backward propagation

® Ground truth 7' _
® Network output 7'

motion

{

T .

| time
|

|

increase during training

Figure 4.10: Training with long-term sequences for motion analysis. During
training, we gradually increase the sequence length 7, that is used for forward
propagation and combine this approach with truncated BPTT. Figure adapted
from [42] ((©)2023 IEEE).

4.5 Summary

In this chapter, we presented our spatio-temporal deep learning methods for multi-
dimensional medical image sequence analysis. At first, we introduced how CNNs
can be used for image sequence processing and summarized relevant advance-
ments in the field. We highlighted how such an approach could be used to per-
form sequence-level estimations, i.e., where a final label is assigned to an entire
sequence. Findings from the natural image domain demonstrate that video analy-
sis and the resulting complexity of the spatio-temporal feature learning require
well-designed networks [369]. While such spatio-temporal CNNs have been ex-
tensively studied in the natural image domain, there is limited work considering
medical image analysis. In particular, end-to-end processing of volumetric im-
ages over time has hardly been investigated. To address the different tasks and
dimensionalities arising from medical image analysis, we present a compact and
uniform spatio-temporal CNN architecture based on state-of-the-art backbone
concepts. We systematically combine this architecture with different strategies
for learning spatio-temporal features, ranging from channel-wise interactions to
spatio-temporal kernels. Next, we address how changes between images of indi-
vidual time points can be estimated with spatio-temporal deep learning and high-
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light the concept of Siamese CNN architectures. Typically, these approaches only
use two images to estimate changes or similarities between two-time points. We
hypothesize that more consistent and improved performance could be achieved by
using additional temporal information. Therefore, using our unified architecture
concept, we present several concepts that allow the integration of intermediate or
past temporal information. Lastly, we address long-term sequence analysis of sev-
eral hundred images from an architecture and training perspective. To this end,
we highlight the concept of ConvRNNs and hybrid approaches with a CNN. While
spatio-temporal recurrence is typically performed at a single level, using our uni-
fied architecture concept, we present the concept of spatio-temporal recurrence
at multiple feature levels to learn localized and global spatio-temporal relation-
ships. We hypothesize that this is beneficial for tasks where features are relevant
at different scales, such as during motion analysis, where both small and large
motions typically need to be estimated. Moreover, exploiting spatio-temporal re-
currence makes our approach highly efficient during inference, where image-wise
estimations are required for an ongoing sequence of image volumes. Our different
methods for 3D/4D spatio-temporal feature learning are summarized in Figure

E1T

[3D/4D Spatio-Temporal Feature Learning]
I

1
CNN-based CoanN N /Hybrld based]

channel-wise multi-path two- path spatio- temporal
interactions (nP) (2P) recurrence
(TQO) (DenseConvGRU)
channel-wise | [channel-wise
spatio-temporal | |spatial kernel interactions interactions single-scale
kernel (S) (nP-TCQ) (2P-TQ) (front/middle/end)
[full (ST)] [factorized (F—ST)] spatio-temporal multi-scale

kernel (all)

(nP-ST)

Figure 4.11: Overview of our methods for spatio-temporal feature learning from
multi-dimensional medical image sequences. We integrate all these different meth-
ods into a unified CNN architecture. (c.f. [369])

We also present different training strategies that allow to integrate additional
temporal information for regularization, to address multiple tasks simultaneously,
and to learn from hundreds of volumetric images in an end-to-end fashion. As
a result of this chapter, we present a unified architecture concept for both 3D
and 4D spatio-temporal data that allows for the integration of different network
operations and frame/image-level as well as sequence-level estimation. With this
concept, only small architecture adaptations are required to address different clin-
ical problems, and imaging modalities and network operations can be exchanged
systematically. Ultimately, this raises the question of how the spatio-temporal
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feature learning can and should be performed, i.e., whether our systematic ap-
proach is able to capture the complex spatio-temporal relationships underlying
multi-dimensional medical image sequences. Similar, it raises the question of how
the spatio-temporal information influences predictive performance in general. An
overview of our different methods in relation to our experiments and application

scenarios is given in Figure f.12] In the next chapter,

we present the application

scenarios of our methods in more detail and summarize related work.
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Figure 4.12: Overview of our methods and our application scenarios for our ex-

periments (Exp.).
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Chapter 5

Application Scenarios and Related
Work

In this chapter, we describe the application scenarios that are considered for
studying the two main research questions of this work. This first application sce-
nario is motion analysis of a target from sequences of volumetric medical image
data. The second application scenario is dynamic elastography for tissue charac-
terization. Here, we focus on shear wave elastography. For both our application
scenarios, we focus on OCT and US as imaging modalities. We highlight the
background of our application scenarios, summarize related work, and demon-
strate open challenges. Finally, we summarize both application scenarios in the
context of our two research questions.

5.1 Position Estimation and Motion Compensation

In this section, we first introduce the relevant background related to motion analy-
sis from volumetric image sequences to perform end-to-end motion estimation of
a target. First, we describe the relevant background to estimate the position and
motion of a target from image sequences. Second, we consider motion analysis
and sequences of US data focusing on motion compensation during radiotherapy
and summarize related work. Third, we consider sequences of OCT data and
motion analysis related to markerless tissue motion analysis and object tracking.
Overall, we highlight recent developments, challenges, and shortcomings related
to end-to-end motion analysis from sequences of volumetric US and OCT data.

5.1.1 Background

In this section, we focus on the fundamental background of motion analysis from
image sequences with a focus on tracking before going into more depth in the
next two sections that focus on our two main imaging modalities and our stud-
ied application scenarios. In general, determining motion from image sequences
is a fundamental and broad task in computer vision and image processing. A
key concept of vision-based motion analysis is to estimate the position and ori-
entation of a target using an image sequence [90]. Performing this step for each
image of a sequence allows following the trajectory of a target [518]. Consider-
ing the natural image domain, examples include motion analysis of human body
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parts [529], autonomous driving [187], or motion analysis in sport [90,249]. Con-
sidering the medical image domain, motion analysis is relevant in various clinical
applications such as minimally invasive surgery [13,55,76], motion compensation
during radiotherapy [328]/334,339], analysis of cardiovascular diseases [27], or gen-
eral motion compensation for visualization systems [6},337,544]. Overall, motion
analysis from image sequences can be considered a core task of image process-
ing and medical image analysis, and the entire research field is vast and rapidly
growing. In particular, vision-based methods bring the advantage that motion
analysis and tracking can be performed without major modifications of already
complex treatment systems and surgical instruments [55].

Tremendous efforts have been made, and various conventional image processing
methods have been proposed to address the task of motion analysis and tracking
using image sequences [222}1444, 469,512, 544]. These methods can be divided
into feature-based and area-based methods and aim towards finding correspon-
dence between images that can be used for, e.g., object tracking or image regis-
tration [55,[337,544]. The following paragraph is based on [544]. Feature-based
approaches find correspondence between defined and hand-crafted image features,
e.g., corners, line intersections, texture, or edges, and do not rely on direct image
intensity values [518]. These approaches require feature definition, extraction,
and subsequent detection based on a similarity measure. One approach to per-
forming the detection step is brute-force comparison of extracted features using
a distance metric [223]. Also, conventional machine learning algorithms such as
support vector machines or decision trees can be used in a sliding window fash-
ion on image regions using extracted features to search for the target of interest,
e.g., to perform surgical tool detection and tracking [55]. An advantage of using
defined features instead of raw intensity values is that increased robustness w.r.t.
brightness changes and image noise can be achieved. However, feature-based ap-
proaches quickly become difficult for complex high-dimensional medical images
due to the task of defining hand-crafted features. To achieve high performance
with feature-based approaches, external markers with clear, distinct features for
motion analysis can be inserted [6,55,337]. However, this increases the effort for
integration and can even require surgical implantation in medical applications
such as radiotherapy [108]. Area-based approaches find direct correspondence
based on image intensity values of a selected area or region without defining a dis-
tinct feature, i.e., the step of explicit feature selection is omitted. Hence, the task
focuses on matching image intensity values rather than feature detection, and sub-
sequent matching. To detect motion between medical images, correlation-based
methods have widely been adopted [146,284,337,383]. These methods search for
correspondence between pixel intensities of image regions or even entire images us-
ing defined similarity measures. In particular, given a template image extracted
from an image region, optimal similarity, i.e., correspondence is searched in a
second image [222]. Based on the correspondence of pixel intensities of image
regions, motion, i.e., a translation vector between images, can be estimated. A
widely adopted approach to perform motion analysis based on a similarity mea-
sure such as NCC, that we introduced in Section [2.3] is block matching, where a
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template image is extracted from an initial state and then searched in the current
image of a sequence based on multiple comparisons [56,411]. In general, such an
approach can also be called template matching [518]. Notably, by using corre-
spondence between a template and a search image, we typically estimate a single
translation or motion vector for a target. To estimate pixel-wise displacements
between images, optical flow methods have been presented [147]204] 222} 296].
These methods estimate an entire displacement vector field, i.e., pixels motions
of brightness between images [204]. However, optical flow methods generally rely
on the assumption that the brightness, i.e., the pixel values of two corresponding
pixels in images, remains constant, which can quickly become problematic for
sequences of medical images [454].

Recently, deep learning approaches have shown numerous success stories for mo-
tion analysis and tracking considering images from the natural domain [303]. For
example, it has been shown that deep learning can be used to estimate optical flow
from 2D images in an end-to-end fashion [118214]. The authors of this approach
refer to this network as FlowNet. Also, it has been demonstrated that end-to-
end 2D object tracking, or region of interest (ROI) tracking, can be performed
with a Fully-Convolutional Siamese Network called SiamFC that combines cross-
correlation and learned features of a template and a search region by means of
a CNN [47]. Overall, deep learning combined with sequences of 2D images has
gained significant attention within the last years and demonstrated promising
results to overcome limitations of conventional approaches [11,303]. However,
typical tissue structures and object movements are inherently three-dimensional
and for many medical applications, volumetric imaging is advantageous, e.g., for
prostate radiation therapy [75]. Although some modalities such as OCT and US
provide not only volumetric images but also allow for a high temporal resolution,
so far, there is very limited work that has considered spatio-temporal deep learn-
ing and end-to-end motion analysis using such data. From a machine learning
perspective, this requires designing and performing a regression task between a
sequence of volumes and relevant motion parameters, such as a three-dimensional
translation vector of a target. Notably, this task needs to be performed in real-
time. Considering our research questions of this work, this raises the question of
whether end-to-end motion analysis can be performed effectively from sequences
of volumetric data with spatio-temporal deep learning.

In this work, we address motion analysis and deep learning using sequences of
volumetric OCT and US image data. We study object position estimation and
markerless tissue motion analysis using sequences of volumetric OCT images. In
addition to that, we study markerless tissue motion analysis using sequences of
volumetric US images in the context of radiotherapy. Here, we try to perform
motion estimation and forecasting directly from the image sequence. We sum-
marize related studies in more depth in the following two sections and we further
highlight open challenges we aim to address with our work.
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5.1.2 US-based Motion Analysis

US-based motion analysis is relevant for clinical scenarios such as minimally in-
vasive procedures [125] or motion compensation during radiotherapy [98,211282,
409,/411]. In this work, we put focus on the latter. Parts of this section have
been published in our study presented in [42]. In particular, during radiother-
apy motion compensation is required to maintain a fixed geometric relationship
between the target that is subject to motion and the beam of ionizing radia-
tion [20,/108,|112]. Moreover, it needs to be performed in real-time and for long-
term periods ranging over several minutes. To compensate for these motions and
thereby reduce the motion margins during treatment planning, various approaches
have been developed, such as moving the beams by a robot [89}128,445]. However,
to address the motion compensation task two problems need to be solved: mo-
tion estimation and motion forecasting. The latter is required to address system
latencies that introduce a lag of several milliseconds between motion estimation
and compensation, which can lead to substantial tracking errors [360,/466]. These
latencies are typically in the range from 150 ms-500ms [98}217,1360], depending
on imaging parameters, image processing, and system adjustment latency. To
address the motion forecasting task, e.g., methods from time series processing
are used to predict the future target position based on the motion history [126].
X-ray-guided motion compensation is successfully used in practice, however, this
approach is limited due to the correlation of external and internal motion, the
ionizing radiation of the imaging system, and the placement of fiducial mark-
ers |[108]. Another approach is MRI-guided radiation therapy [280]. However,
these systems are rather complex and remain expensive [234]. Recently, US has
been proposed to perform the motion estimation task [98]211],282,/409,411]. As
outlined in Section advantages of US include its non-ionizing nature and
the high spatial and temporal resolution.

There have been tremendous efforts to improve motion estimation from sequences
of 2D US images to address motion compensation during radiotherapy. These
methods include block matching with NCC [311,411], or optical flow [455,/494].
To overcome the limitations of conventional approaches, a range of deep learning
methods has been presented for sequences of 2D images. For example, Nouri
et al. [335] perform motion estimation in 2D US sequences based on similarity
learning of low-dimensional image patch embeddings learned by means of a CNN.
Gomariz et al. [175] adopt SiamFC [47] for liver landmark tracking using 2D US
sequences. This approach relies on a two-path CNN architecture and performs
motion tracking based on correlation between learned features of a reference block
(template) and a search region. To incorporate temporal consistency over time,
the authors combine the estimation of the current frame with all estimations
of landmark positions of the past frames. Liu et al. [282] extend the concept
of SiamFC for US tracking and propose a cascaded SiamFC, where the target
position is predicted at different resolutions using two Siamese CNNs. Wu et
al. [499] also extended the idea of SiamFC and fuse results from multiple reso-
lutions to perform target tracking from ultrasound sequences. Considering the
concept of SiamFC, it stands out that mainly two images are used for motion
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estimation, which limits temporal consistency and does not make direct use of
the complete spatio-temporal information present in an acquired image sequence.
The latter requires learning from multiple images. Rangamani et al. [367] propose
an encoder-decoder CNN combined with an RNN for estimating landmark heat
maps using sequences of 2D US images and demonstrate that using past motion
information, i.e., additional past frames improves the performance compared to
only using the current frame for prediction. Similar, Huang et al. [211] use Con-
vLSTMs [506] combined with a CNN to learn from sequences of 2D US image
data. To perform the tracking task, this approach uses a CNN to extract features
from the images, which are then processed by a ConvLSTMs.

Recently there have been efforts to combine volumetric US imaging with radiation
therapy systems [160,218,392//395], and also different conventional approaches for
4D US tracking have been proposed recently. A first approach is to estimate the
motion between volume pairs in an incremental fashion or non-incremental fash-
ion [194]. In this context, Harris et al. [194] demonstrate that 4D speckle tracking
can be performed using 3D cross-correlation. However, the authors also conclude
that while only using a pair of volumes is highly efficient, it limits the performance
due to the accumulation of errors or limited correlation between the volumes of a
pair. Hence, using multiple volumes for motion analysis was proposed to overcome
these limitations. This can be achieved by, e.g., using a multi-frame registration
approach [341]. Also, conventional approaches have been developed that consider
data from the entire available 4D US sequence [21,377,471]. Similar to studies
using multiple 2D images, these works demonstrate the benefits of using multiple
volumes in terms of performance. However, the substantial data size that re-
sults from using multiple volumes increases the run-times, notably up to several
seconds [98,341]. This quickly becomes problematic as motion analysis during
radiotherapy typically needs to be performed within a few milliseconds to reduce
additional delays between compensation and the actual motion [360].

Moreover, a 2D deep learning approach for landmark tracking from volumetric
images has also been adapted, which considers 2D representations of a volumetric
template and a volumetric search region by extracting orthogonal planes [212].
While this method shows the advantages of deep learning compared to conven-
tional 4D approaches, it takes about 300 ms for motion estimation. The run-time
results from searching a template image in a search region, making real-time mo-
tion estimation difficult. Also, a faster deep learning approach has been presented
with a run-time of around 125 ms that combines NCC with learned multi-scale
features of a template and a search region [195]. Still, this adds a notable lag
between the estimation and the actual position of the target [360], and only two
image volumes are used for motion analysis.

Faster approaches have been proposed that avoid volumetric image processing by
performing in-plane and out-of-plane motion analysis based on lower dimensional
surrogate images [307,362,1371]. Moreover, tumor and surrounding tissue often
appear similar in US images due to similar acoustic properties |78}[98], and noise,
as well as imaging artifacts add to this problem [499]. Hence, typically distinct
anatomical structures such as vessels are considered for motion estimation with
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deep learning approaches [98]. We provide an overview of related studies using
deep learning in Table [5.1}

In summary, 2D target tracking has been substantially studied, and various
conventional and deep learning methods using sequences of 2D data have been
demonstrated. Still, these 2D methods are typically limited to in-plane motion,
and three-dimensional motion estimation remains an open problem. This requires
motion analysis from 4D US data. However, current approaches are typically
limited by run-times and the requirement for feature selection. In particular,
markerless motion analysis without the presence of specific visual landmarks has
hardly been studied [98|. Furthermore, current approaches for motion estimation
typically perform tracking based on a template, a search region, and a similarity
measure. This quickly becomes computationally demanding, limiting real-time
processing of the data [212]. Another level of complexity results from the require-
ment to compensate for system latencies. To this end, various motion prediction
methods that use prior motion estimates have been developed, representing a
challenging topic itself [138,226,276,451]. Hence, performing motion prediction
directly from the image data with the same approach used for motion estimation
would simplify the entire process. Also, by performing motion forecasting directly
from the image data, abstract features can be used for the task compared to the
lower-dimensional motion estimates used by predictive methods.

We address these challenges in our research questions of this work. Considering
our first research question, we study whether end-to-end motion analysis can be
performed from 4D US data and whether both motion estimation and forecasting
could be combined into a single effective approach. Considering our second re-
search question and given the challenging task of performing motion analysis over
several minutes, i.e., processing several hundredths of volumetric US images in
real-time, we compare pair-wise processing up to entire long-term sequences with
spatio-temporal deep learning methods. We systematically develop and compare
spatio-temporal 4D deep learning approaches in the context of markerless motion
estimation from long-term US sequences. We report our results in Section [6.1.3]
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Table 5.1: Summary of related works using deep learning approaches with US in
the context of motion estimation and compensation.

Application Approach Data
2D liver landmark

tracking [335] 2DCNN 3D US
2D liver landmark )

tracking [[75,282,a99] ~ 2D>lambC 3D US
2D liver landmark

tracking [367] 2DCNN-LSTM 3D US
2D liver landmark 9DCNN-ConvLSTM 3D US
tracking [211]

3D liver landmark 9DCNN AD TS

tracking [212]
3D motion field
estimation and 3DCNN 4D US
prediction [371]

3D liver landmark
tracking [195]

3D deformation field
estimation [307]

Siamese 3DCNN 4D US

3DCNN 4D US

5.1.3 OCT-based Motion Analysis

OCT-based motion analysis is relevant in many scenarios, including intraopera-
tive imaging and minimally invasive procedures [62,134}/186,,359]. In particular,
the high spatial and temporal resolution of OCT combined with the ability to
perform volumetric imaging make this relatively new imaging modality interest-
ing across a range of applications that are performed at sub-millimeter scale [62],
including, e.g., laser cochleostomy [535], or ophthalmic microsurgery [62,235]. In
these scenarios, either motion compensation and target tracking or even both are
typically required. Parts of this section have been published in our study pre-
sented in [38-40].

Motion compensation is highly relevant due to the limited field of view (FOV) of
OCT, which is in the range few millimeters or centimeters [62,247]. Thus, the rel-
evant target area can be lost quickly during intraoperative imaging due to tissue
or surgical tool movement. Hence, constant tracking of the ROI and adjustment
of the FOV is beneficial or required, and performing this step manually is difficult
and can disrupt the surgical workflow substantially [130L|188]. This leads to the
task of motion estimation for automated motion compensation to fully leverage
the advantages of OCT-based intraoperative imaging [62,132,(134]. Another sim-
ilar scenario for OCT-based motion analysis is to obtain information on surgical
tool poses or tissue motion and location to guide surgical procedures such as laser
cochleostomy [535], laser osteotomy [24], or ophthalmic microsurgery [62,235]. In
these scenarios, accurate tracking is critical to avoid damaging surrounding tis-
sue [229).
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One approach to address the motion analysis task is to use external tracking
systems [133,/468]. However, this increases the complexity and requires efforts
for integration. The high spatial and temporal resolution of OCT imaging mo-
tivates this modality for direct motion estimation [398]. Whereas there is still
limited work so far, promising results have already been achieved using conven-
tional tracking methods [235,255/3311394,1396,397,535]. For example, it has been
demonstrated that lateral displacement can be estimated between adjacent A-
scans using cross-correlation [287,489]. Considering volumetric data, Niemeijer
et al. [331] demonstrate that registration between two volumetric OCT images
can be performed by means of 3D SIFT [290]. Laves et al. [255] use and compare
different conventional tracking approaches using 2D maximum intensity projec-
tions to perform volume of interest stabilization. Also, OCT-based markerless
tracking using phase correlation [251] between volume pairs has been presented
for homogeneous phantoms and tissue samples [398]. This approach has been
extended, and a preliminary markerless tracking system has also been presented
that solely relies on OCT images [393,[397,1398]. Moreover, pose estimation has
been demonstrated with conventional tracking methods by estimating the motion
at multiple locations [396].

Recently, deep learning methods have also been proposed for OCT-based target
tracking, and motion compensation [168,171.[254},336,/432]. For example, Ntatsis
et al. [336] present an approach to estimate motion between adjacent B-scans
to compensate for motion artifacts during volumetric image acquisition. To this
end, the authors present a custom 3DCNN approach that estimates translation
parameters between adjacent B-scans. Considering volumetric data, Gessert et
al. |[171] demonstrate end-to-end marker pose estimation from single 3D OCT
volumes using and comparing different 3DCNNs. This approach employed cus-
tom architectures that perform 3D convolutions across all spatial dimensions of
a volumetric image to perform a regression task between the marker pose and
the input image that visualizes the current marker position. Also, optical flow
estimation using 2.5D OCT projections and deep learning has been presented by
Laves et al. [254], adopting the concept of FlowNet |118]214]. Considering the
problem of motion compensation, Gessert et al. [168] propose a Siamese 3DCNN
architecture to estimate the parameters of a motion compensation system using
a distinct marker object. This approach performs a regression task using two
volumetric OCT images and outputs parameters of a compensation system such
that the FOV can be adjusted based on the translation between the volume pair.
Adapting this Siamese 3DCNN approach, Sprenger et al. [432] demonstrate the
feasibility marker-less motion estimation of perfused and non-perfused tissue of
in-vivo xenograft tumors. This study also compared phase correlation and demon-
strated that deep learning leads to superior tracking performance. We provide an
overview of related studies using deep learning in Table
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Table 5.2: Summary of related works using deep learning approaches with OCT
in the context of motion estimation and compensation.

Application Approach Data
Motion correction in retinal
optical coherence 3DCNN 3D OCT

tomography [336]

Tool tracking / marker
position estimation [171]
Motion compensation for
FOV adjustment [168]
Marker-less motion
estimation for minimally Siamese 3DCNN 4D OCT
invasive procedures [432]
Marker-less tracking for
laser ablation [254]

3DCNN 4D OCT

Siamese 3DCNN 4D OCT

FlowNet 4D OCT

In summary, OCT-based motion analysis needs to be performed accurately
and in real-time to assist intraoperative imaging and minimally invasive proce-
dures. To this end, both conventional and deep learning-based tracking has been
demonstrated for the purpose of motion compensation and target tracking relying
only on information from the OCT images. Deep learning has shown promising
results to overcome limitations of conventional methods and allows, e.g., direct
estimation of system parameters for compensation within a few milliseconds [16§].
However, there is limited work that studies end-to-end deep learning and motion
analysis using volumetric OCT images so far. It stands out that current deep
learning-based methods only use very limited temporal information to address
motion analysis and tracking tasks. In particular, pose estimation of a marker
object was performed using a single volumetric image, and spatio-temporal re-
lationships were not considered [171]. Deep learning-based motion estimation
with volumetric OCT considered two images for the task, i.e., an initial template
volume and an image volume at second time point [168,254,432], following the
concept of registration-based motion estimation [398]. Notably, modern OCT
systems could allow for acquiring entire sequences of OCT volumes in real-time
as very high A-scan acquisition rates have been achieved, as outlined in Section
2.2.2] Thus, entire sequences are available and could be used for motion analysis.
Ultimately, this could improve tracking performance and robustness. However,
how and whether these spatio-temporal relationships can be learned efficiently
and effectively with deep learning remains an interesting research direction.

We address these shortcomings in our work. Considering our first research ques-
tion of this work, based on our studies presented in [38-40] and our methods pre-
sented in Section [, we study marker position estimation and markerless motion
compensation end-to-end using entire sequences of OCT data and spatio-temporal
deep learning. Considering our second research question, we perform an analysis
of different spatio-temporal deep learning methods that perform spatio-temporal
feature learning in different fashions, e.g., using pairwise features up to the entire
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spatio-temporal feature learning of the sequence. We also compare the perfor-
mance of using a sequence compared to the previous approach that uses only a
single volume or a volume pair. We report our results in Section [6.1.1] and Sec-
tion for marker position estimation and markerless motion compensation,
respectively.

5.2 Dynamic Elastography for Tissue Characteriza-
tion

In this section, we first introduce the relevant background and related work for
dynamic elastography and highlight associated challenges. Afterwards, we focus
on our two imaging modalities, US and OCT. While US is already widely estab-
lished for elastography, we outline several challenges that remain unsolved and
outline recent deep learning studies in this context. Second, we consider OCT
and dynamic elastography, which is a rapidly growing field due to the advantages
that result from the high spatial and temporal resolution of OCT. Here, we also
highlight recent developments and challenges associated with estimating elastic
parameters from sequences of OCT images that capture wave propagation.

5.2.1 Background

Diseases change the mechanical properties of tissue [510], and analyzing these
properties can provide valuable information for diagnosis [182,510], and can be
used, e.g., for discriminating different liver fibrosis stages |148}309], or for early
tumor detection [306,/540]. For centuries, physicians have used manual compres-
sion to assess the stiffness of organs or tissue for diagnostic purposes [182,[267].
In addition to that, the mechanical properties of soft tissue are also of inter-
est for surgical planning. For example, estimating the elastic characteristics of
soft tissues improves tumor resection [67] and refines needle placement of biop-
sies [262351]. Elastography techniques aim towards the quantification of mechan-
ical properties of external as well as internal tissue structures using non-invasive
imaging modalities [154},[340]. Several image modalities have been studied for
elastography imaging, including MRI [302], US [156,340], and OCT [330,}485].
These modalities provide information at different spatial scales allowing to detect
a wide range of tissue pathologies with elastography techniques [213]485].

Fundamentally, elastography techniques rely on the relationship between dis-
placement and elasticity of a tissue [236]. These techniques provide images typi-
cally called elastograms, which give local information about tissue stiffness, e.g.,
the elastic modulus distribution of a target region [340]. Although biomechan-
ical properties of tissue are typically more complex, mainly the Young’s Mod-
ulus and the shear modulus are considered representative values for diagnostic
purposes [436,547]. In general, the Young’s Modulus is defined by the one-
dimensional Hooke’s Law

86



5.2. Dynamic Elastography for Tissue Characterization

E . OF . F / A
with o for the stress, eg for the strain, F' for applied force, A for cross-sectional
area where the force is applied, Lg for original length and ALg for the relative

change in length. Elastic characteristics, i.e., Young’s moduli of different example
tissues, are reported in Table [5.3

(5.1)

Table 5.3: Example Young’s moduli of soft tissues. IDC refers to infiltrating
ductal carcinoma.

Tissue E [kPA] Reference
Prostate (non-cancerous) 17.0£9.0  [4]
Prostate (cancerous) 24.1+145 4]

Breast (normal fat) 3.254+0.91  [382]
Breast (low-grade IDC) 10.40 £ 2.60  [382]
Breast (Intermediate-grade IDC)  19.99 +£4.20  [382]
Breast (high-grade IDC) 42.52 +12.47 [382

Elastography techniques can be divided into two groups, “static” / “quasi-
static” elastography, and “dynamic” elastography [149,156,{159342]. The following
paragraph is based on [156]. Both groups rely on measuring tissue displacement
due to an applied force, while the type of excitation distinguishes the two groups.
The concept of quasi-static elastography is to estimate the strain based on tissue
displacement using image data before and after compression. Afterwards, elastic
properties can be related based on the relationship of the one-dimensional Hooke’s
Law given in Equation [5.1] assuming an isotropic linear elastic solid [7]. However,
estimating the stress value o is typically not feasible during clinical practice [415].
Still, strain in softer tissue is usually larger compared to stiffer tissue, which al-
lows qualitative differentiation of tissue stiffness [220]. Hence, strain values are
typically visualized (strain elastogram) for qualitative comparison during clinical
practice, and quantitative characterization with quasi-static elastography remains
difficult [415]. Despite these limitations, quasi-static elastography is widely used
and provides a valuable clinical tool, e.g., for classifying breast tumors [61]. The
second technique is dynamic elastography, which allows for quantitative estima-
tion of tissue elasticity [7,389]. Here, waves of displacements are induced into a
tissue, and the resulting wave propagation is then captured spatially and tem-
porally with high-frequency imaging, i.e., sequences of images [415]. The term
dynamic elastography can be related to the fact that dynamic stress is applied
to tissue [415], or imaging of moving waves is performed. For the excitation of
tissue, various techniques can be used, such as an acoustic radiation force impulse
(ARFTI) [92,[332,/415] or a mechanical vibrator [208,525,/536]. A widely adopted
approach for dynamic elastography is shear-wave elastography [7]. Here, a shear
wave is induced into a tissue, and subsequently, the velocity of the propagating
wave is estimated from sequences of image data. Note that a shear wave defines
a wave where the particle motion is perpendicular to the direction of wave propa-
gation, and the shear wave velocity defines the transverse wave propagation speed.
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Typically, shear wave velocities of soft tissue are in the range 1ms~'-15ms™! [145]
and are generated at frequencies in the range of 10 Hz-2000 Hz [159]. The funda-
mental concept of shear wave elastography is that shear wave velocity increases
with increasing stiffness of tissue. Assuming an isotropic linear elastic model of
tissue behavior, elastic properties such as the Young’s modulus F can directly be
related to shear wave velocity v using the relationship

E=p-2-(1+v) 0% (5.2)

with v for Poisson’s ratio and p for the density [236,340,1346]. Often a density of
p ~ 1000 kg/m3 is assumed for conversion of shear wave velocity v to the Young’s
Modulus E' [236,347]. For the Poisson’s ratio, commonly a value close to v = 0.5
is assumed due to the high water content of tissue, which represents the case of
a nearly incompressible medium [236]. Therefore, by estimating the shear wave
velocity from sequences of image data, tissue stiffness, e.g., the Young’s modulus,
can be related, and by pixel-wise estimation of shear wave velocities, an entire
elastogram can be constructed and visualized for an imaged tissue.

While shear-wave elastography could estimate specific elastic properties such as
Young’s Module in theory, performing such an approach in practice remains chal-
lenging [7]. First, estimating the shear wave velocity from image data is a chal-
lenging task itself. Second, deriving elastic properties from shear wave velocity
requires strong theoretical assumptions, e.g., the assumption of a linear elas-
tic material with isotropic mechanical properties [236,340,1346]. Notably, these
assumptions rarely hold in practice, and conversion of shear wave velocity to
Young’s modulus should be considered with caution [7,[236,547]. Overall, shear-
wave elastography involves four major challenges: shear wave generation, shear
wave imaging/detection, elasticity estimation, and implementation [423]. Each
of these challenges represents an entire research topic itself.

In this work, we focus on the data analysis aspects and aim toward end-to-end
elasticity estimation using spatio-temporal deep learning and sequences of US
and OCT data. From a machine learning perspective, dynamic elastography re-
quires estimating a target value from a sequence of images that capture wave
propagation over time. These target values could represent relevant properties
such as the shear wave velocity, the Youngs modulus, or direct classification of
different tissue types [267]. The relevant spatio-temporal features for this task are
encoded in the spatio-temporal relationships of the wave propagation. However,
analyzing these features in a hand-crafted fashion is known to be difficult [267].
Considering our first research question, this raises the question of whether multi-
dimensional sequences of medical image data can be processed effectively with
spatio-temporal deep learning to this end. Considering the aforementioned chal-
lenges, spatio-temporal deep learning could provide a promising approach that
directly estimates target values from sequences of images in an end-to-end fashion
by learning the direct relationship between local tissue elasticity and local wave
propagation without requiring a specific material model and hand-crafted feature
engineering. Similarly, by learning end-to-end relationships, the impact of sys-
tematic imaging artifacts could also be reduced. In the following two sections, we
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explain US-based and OCT-based elastography in more depth, summarize related
work, and highlight open challenges that we aim to address with our work.

5.2.2 US-based Elastography

Parts of this section have been published in our study presented in [184}322].
Ultrasound shear wave elasticity imaging (US-SWEI) has already been demon-
strated in 1998 [389], and since then, the field has developed rapidly. Today, it
is widely used and various clinical applications have been demonstrated. Recent
review papers that consider US-SWEI are given in [267],[268| 415,449, 450], and
examples of clinical applications include disease staging of breast lesions [515],
thyroid nodules [402], or liver fibrosis [384]. For imaging of the wave propa-
gation, commonly plane wave imaging is used [268,449,450], i.e., an entire image
is acquired at once. Moreover, various techniques have been developed to improve
shear wave excitation, and imaging quality, such as supersonic shear imaging or
comb-push ultrasound shear elastography [45,[114}425].

As outlined before, we focus on image sequence analysis to derive mechanical
properties directly from the acquired image sequence in an end-to-end fashion.
So far, most conventional approaches of US-SWEI first estimate displacement
information, e.g., with the Loupas Algorithm [289] as a widely adopted method,
and afterwards shear wave velocity estimation is performed based on the present
spatio-temporal features. A range of methods have been proposed to this end,
which can be divided into two groups time-of-flight (ToF) and transformation-
based methods [225,403].

ToF methods track the propagating shear wave over space and time. One ap-
proach considers a linear regression of the wave peaks in a 2D space-time image
representation [343|481]. Then, the slope of the regression corresponds to the
shear wave velocity. Note that this relies on the same concepts of a spatio-
temporal data representation that we introduced in Section 2.1} The 2D space-
time image representation can be derived by, e.g., averaging across the axial image
dimension when assuming that shear wave propagation is along the lateral image
dimension. Another ToF approach tracks the entire waveform at two measure-
ment points (pixels) with a known distance. Afterwards, a cross-correlation of
the two signals is performed to estimate the time difference, and by dividing
the known travel distance with the time difference of the signals, the shear wave
velocity can be estimated [45]1424]425,/452]. Often, shear wave propagation is
assumed in a fixed direction, but the aforementioned approaches can also be used
along multiple directions, i.e., axial and lateral, and thereby a resulting shear
wave velocity independent of the propagating direction can be estimated using
the individual components [424]425].

The second approach for US-SWEI estimates the shear wave velocity using a
transformed version of the data [240,241,301}327,1333,1375,/462]. For example,
using a 2D Fourier transformation of the 2D space-time map representation al-
lows for detecting the dominant spatial and temporal frequencies of the imaged

89



Chapter 5. Application Scenarios and Related Work

wave propagation in the k-space, which then can directly be related to the shear
wave velocity [333]. Recently, also a Fourier-based approach has been presented
that performs shear wave velocity estimation in a sliding window fashion inde-
pendent of the wave propagation direction [240,241]. However, this approach
requires intensive tuning of imaging and filter parameters [240]. Moreover, shear
wave velocity estimation is influenced by the imaging depth [514], and estima-
tions in stiffer materials are known to be difficult [480]. This becomes even more
problematic in clinical application areas, such as laparoscopy, where small US
transducer are required with lateral imaging widths in the millimeter range [215].
Hence, the shear wave is tracked over a smaller distance, making velocity es-
timation even more difficult and error-prone [241}[376]. Overall, various meth-
ods have been demonstrated to estimate shear wave velocity from a sequence
of US data. However, shear wave velocity estimation remains a challenging
task and requires notable problem-specific tuning, especially with noisy in-vivo
data [104}225,304,376//403,/481]. In addition to that, subsequent conversion of
the shear wave velocity to a relevant property adds another layer of complexity
as outlined in the previous section.

Recently, deep learning methods have gained popularity in strain elastography
[66,99,238]252] and SWE-imaging [3),225,464]. These methods promise to perform
elastography without intensive data preprocessing and manual tuning. A recent
review of deep learning elastography is given in [267]. In the following paragraph,
we focus on our application scenario dynamic elastography, i.e., SWE-imaging.
A recent review paper [267] highlighted that deep learning can be used success-
fully for classification tasks using shear wave elastography images and that this
can lead to better performance than using B-mode US images or human-crafted
features [152}153}|158],228}352,477,517,534]. These studies include among other,
classification of beast tumors [152543], thyroid nodules [352], and chronic liver
diseases [228]. To perform the classification, typically, a 2DCNN architecture,
either pre-trained or custom designed, is applied to 2D shear wave elastography
images. Also, approaches have been presented that utilize information from both
2D shear wave elastography images, and B-mode images [363./509},534,539]. While
these studies demonstrate the value of shear wave information combined with
deep learning, prior shear wave velocity estimation is required to obtain the shear
wave elastography images used for classification. Shear wave estimation is diffi-
cult, as outlined previously, and hence it is likely affected by estimation errors
which subsequently could impact the classification performance of machine learn-
ing algorithms that rely on this feature. This motivates end-to-end processing
of the data without prior feature extraction, i.e., classification or estimation di-
rectly from the sequence of US image data that captures the wave propagation.
Thereby, also the data processing pipeline could be simplified since fewer sequen-
tial data processing steps are involved [267].

It has been shown that shear wave velocity with uncertainty metrics can be esti-

mated with deep learning using 2D space-time image representations derived from
the sequences of 2D US image data [225]. These 2D space-time image represen-
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tations are similar to those used for ToF approaches, and these studies perform a
regression task using 2DCNNs applied to the 2D image representation. Moreover,
Delaunay et al. [100] present a deep learning approach for displacement estima-
tion from simulated RF-data for shear wave elastography. The authors adapt
an encoder-decoder architecture that has first been proposed for strain elasto-
graphy [99]. The architecture takes a pair of US image data and estimates the
corresponding displacement field between the image pair. To improve the perfor-
mance of the approach, the authors propose to use ConvLSTM modules [412] in
the decoder part, such that also the displacement history is considered for esti-
mation. However, the aforementioned studies only estimate shear wave velocity
or the displacement field. Hence, conversion to material parameters or tissue
classification remains an open problem. This motivates end-to-end processing of
the data.

Considering end-to-end material parameter estimation, Vasconcelos et al. [464]
show that elasticity and viscosity parameters can directly be estimated from sim-
ulated displacement data. This approach also uses 2D space-time image repre-
sentations and presents a custom 2DCNN architecture to perform the regression
task of the material parameter from the image data. Moreover, Ahmed et al. [3]
demonstrate that entire elasticity maps and segmentation masks of lesions can
be estimated with deep learning from simulated displacement data in an end-
to-end fashion. This approach uses a sequence of 2D velocity maps as input,
capturing the wave propagation, and outputs the corresponding elasticity maps
and segmentation masks. For processing of the spatio-temporal data, Ahmed et
al. [3] propose DSWE-Net an encoder-decoder architecture that uses a 3D spatio-
temporal CNN in the encoder part and a two-path 2DCNN in the decoder part
with one path for the 2D elasticity map and with one path for the 2D segmen-
tation mask. The decoder and encoder are connected with a recurrent block
using a ConvLSTM [412]. However, this approach requires training data which
is extremely difficult to annotate. Hence, Ahmed et al. [3] rely on simulated
training data, where data annotation can be automatically generated. While this
approach shows encouraging results, the authors emphasize that the simulated
training data does not sufficiently represent all aspects of real data and hence
shows limited performance on such data. We provide an overview of related stud-
ies using deep learning and US-SWEI in Table [5.4]

In summary, deep learning methods have gained traction for US-SWEI, and there
are two research streams. One considers various classification tasks using shear
wave elastography images. So far, this stream represents the majority of previous
studies. This could be explained by the fact that US-SWEI is already used in
the clinical context, and processing of available shear wave elastography images
with deep learning provides a promising decision support tool [267]. However,
estimating the required shear wave elastography images remains challenging and
error-prone. Thus, machine learning algorithms that build on this feature rep-
resentation might be limited in performance and affected by assumptions that
have been made to estimate the shear wave elastography images. The second
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stream aims towards end-to-end data processing, and it has been shown, e.g.,
that material parameters can be directly estimated. However, the second stream
typically relies on simulated data, and there have been limited evaluations on
real data. This could be explained by the fact that the required data for training
and evaluation is difficult to annotate and obtain in practice, which represents a
major challenge for deep learning and elastography [267]. Moreover, so far, it has
not been studied how the spatio-temporal relationships of the image sequence can
be learned effectively. Overall, end-to-end processing with spatio-temporal deep
learning and real sequences of US data has hardly been studied, and a systematic
comparison of different spatio-temporal deep learning concepts is also missing.

In this work, we address these shortcomings in our research questions, and in con-
trast to previous work in the field, we do not rely on simulated data. Considering
our first research question, we study whether end-to-end shear wave velocity es-
timation and localized elasticity estimation directly from sequences of US images
can be performed effectively with deep learning. Considering our second research
question, we study and compare our spatio-temporal deep learning methods pre-
sented in Section 4l We also evaluate how to process the image sequence and
compare learning from the entire image sequence to using a lower-dimensional
space-time map representation. Moreover, we present a training approach for lo-
calized elasticity estimation that only requires small spatio-temporal windows for
training and thereby simplifies the data collection and annotation process. We
report corresponding results for these experiments in Section and Section
0.2.2]

92



5.2. Dynamic Elastography for Tissue Characterization

Table 5.4: Summary of related works using deep learning approaches and US-
SWEI. P denotes a pre-trained 2D architecture and C denotes a custom designed
architecture. SWE refers to a 2D elastography map. SPT denotes 2D space-time
image representations, and * denotes simulated data. (c.f. [267])

Application Approach Data

Thyroid nodule

classification [352] 2DCNN (P) SWE

Thyroid nodule

classification [363] 2DCNN (P) SWE + B-Mode
Breast tumor 2DCNN (C) SWE

classification [543]
Breast tumor
classification [539)
Breast tumor

2DCNN (C) / SVM  SWE + B-mode

classification [152] 2DCNN (P) SWE

Breast tumor

classification [534] 2DCNN (P) SWE + B-mode
Liver fibrosis stage 2DCNN (C) SWE

classification [57,474,477]
Liver fibrosis stage
classification 2DCNN (P) SWE
(155,158,228, 541]
Liver fibrosis stage

classification [509] 2DCNN (P) SWE + B-mode

Chronic liver disease

assessment [228] 2DCNN (P) SWE

Plantar fasciitis

classification [153] 2DCNN (C) SWE

Chronic kidney disease

classification [530] 2DCNN (C) SWE

Sarcopenia

classificiation [517] 2DCNN (P) SWE

Elasticity and VIS(.ZOSIty IDCNN (C) SpT*

parameter regression [464]

ilaf;‘;zl I;Tj?:;fi 2D /3DCNN / 2D velocity
& : ConvLSTM (C) maps™

segmentation [3]

Shear wave velocity

regression with uncertainty 2DCNN (C) SPT

estimation [225]

Displacement 2DCNN / «

estimation [100] ConvLSTM (C) RIF data
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5.2.3 OCT-based Elastography

Parts of this section have been published in our study presented in [323,324].
OCT for elastography is motivated by the high spatial resolution of the modality
and the ability to perform 3D real-time imaging [236,/485]. In particular, using
the phase information of the complex OCT signal is a promising approach allow-
ing to measure displacements with nanometer sensitivity [547], as also outlined in
Section [2.2.2] Thereby excitation forces can be reduced notably [274], and small
deviations of elastic tissue properties can be detected [237]. This makes optical
coherence elastography (OCE) suitable for application scenarios such as ophthal-
mology and cardiology where both of the aforementioned properties are essen-
tial [151,209,547]. However, while OCT brings appealing advantages, so far, OCE
is still under research, and the clinical adaption is still in the early stage [547]. Re-
cent review papers of the development of OCE and application scenarios are given
in [236],485,547]. Typically ocular tissue is considered [357,547-549], but also
studies have been presented that analyze other tissue types such muscle [288.(550),
or brain [157,[546]. Recently, first in-vivo studies have been presented and, e.g.,
it has been demonstrated that in-vivo human corneal can be characterized with
wave-based OCE [253,/365,/460|,547].

The following paragraph is based on [547]. Similar to our previous section that
considers US-SWEI, we focus on the data analysis aspects in this section. In gen-
eral, elasticity estimation based on dynamic OCE requires the measurement and
subsequent analysis of a propagating mechanical wave induced in the tissue. Mo-
tion measurements with OCT data can be performed along the axial and lateral
image axis based on speckle tracking techniques using the intensity /amplitude
data of the OCT signal [201,344,[399]. However, to utilize the aforementioned
advantage of dynamic OCE, typically only small motions are induced into tissue,
and tracking such small tissue displacements that might be only a fraction of a
pixel is inaccurate with speckle tracking techniques [73,/123]|124}244]. Hence, typ-
ically the phase information of the OCT data is used, that allows to to measure
displacements with nanometer sensitivity [243]. However, phase data is affected
by various sources of noise, achieving phase stability remains a challenging prob-
lem, and estimating the actual phase difference requires phase-unwrapping, which
can become problematic when the phase difference is greater than = [73]. More-
over, recall that 2D/3D OCT images are based on multiple A-scans acquired at
different lateral locations, as outlined in Section [2.2.2] Moreover, the observed
displacement characteristics of the propagating shear wave also depend on the
acquisition protocol, while typically M-B acquisition or B-M acquisition are used.
The former acquires a sequence of A-scans at a fixed lateral position and repeats
this procedure for multiple lateral positions using a synchronized repeated mo-
tion excitation [485]. This results in 2D /3D images, which are similar to single
2D /3D spatial images where all A-scans were acquired at the same time with
an apparent frame rate equal to the A-scan rate of the OCT system. Instead,
A-scans are acquired laterally over time for B-M acquisition to obtain 2D /3D
OCT images. This process is repeated to obtain a sequence of OCT images,
i.e., repetitive B-mode or C-mode acquisition is performed [419],420,427]. This
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approach requires only a single excitation, and the overall acquisition time is re-
duced. However, the wave field changes during the acquisition of a single OCT
volume, and hence notable imaging artifacts can be present, which make dis-
placement estimation and feature engineering for elasticity estimation even more
challenging. First promising results have also been achieved to perform OCE
with 4D OCT data [12,]283]428,549]. In particular, using 4D OCT data com-
bined with reverberate wave fields where multiple shear waves travel in various
directions has appealing advantages such a higher ratio of shear waves in tissue
with elasticity estimation independent of the wave propagation direction [549].
However, so far, real-time data acquisition and analysis remains difficult. For
example, a related study requires approximately 60 s per data acquisition [549).
After imaging and displacement estimation, wave propagation velocity can be
estimated from the displacement data with conventional approaches similar to
those used for US-SWEI that we outlined in the previous section, e.g., using
ToF [426],484], or Fourier-based estimators [189,283]. While shear wave velocity
estimation is a challenging task alone, subsequent estimation of material param-
eters becomes even more difficult with OCE. The authors of a recent review
paper [547] empathize that due to the limited penetration depths of OCT imag-
ing, measurements are often performed near the surface of the tissue, resulting in
the presence of different wave types and without identification of the actual wave
type false conclusion can be made about the tissue properties. This needs to be
considered to correctly estimate mechanical properties from the estimated wave
propagation velocity based on mechanical models.

In summary, measurement and subsequent analysis of propagating waves with
OCT remain challenging and are an active research area. So far, previous studies
typically follow the conventional approach, i.e., displacement estimation, wave
propagation velocity estimation, and conversion to material parameters. Each of
the involved steps is a challenging task, as outlined previously, and hence despite
the advantages of OCT, tissue characterization remains difficult [547]. Similar
to US-SWEI, these challenges related to data analysis could be addressed with
effective deep learning methods by processing the data in an end-to-end fashion.
In general, it has been shown that interpreting OCT data can be performed with
deep learning considering classification, e.g., of retinal diseases [366,511]. How-
ever, so far, there is very little work that considers deep learning and dynamic
OCE. Still, a few related works consider deep learning and quasi-static OCE. It
has been demonstrated that deep learning can be used to estimate strain field
distributions from phase differences of the OCT signal in an end-to-end fash-
ion [116]. The authors of this approach rely on simulated data for training and
use a U-Net 2DCNN architecture which maps 2D phase difference images to 2D
images of the corresponding strain field distributions. Considering deformations,
it has also been shown that needle forces can directly be estimated from OCT
data using deep learning [164}/166,169,/170}308,[325,1326]. Moreover, it has been
demonstrated that end-to-end sample characterization of gelatin phantoms can
be performed with deep learning performing compression-based OCE [308]. We
provide an overview of related studies using deep learning in Table 5.5 These
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studies demonstrate encouraging results that deep learning can be used to learn
complex end-to-end relationships from OCT images with deep learning related to
elastography without prior feature extraction.

We contribute to this research field, as we address end-to-end elasticity esti-
mation with deep learning and OCE. Considering our first research question,
we address whether spatio-temporal deep learning is able to learn the complex
spatio-temporal relationships despite the aforementioned challenges and whether
relevant properties such as elasticity can be estimated in an end-to-end fashion
and in real-time. Considering our second research question, we evaluate different
spatio-temporal deep learning networks for learning the spatio-temporal relation-
ships and evaluate learning from lower-dimensional space-time map representa-
tions as well as entire 3D/4D image sequences. We report our corresponding
results in Section and Section for 3D OCT data and 4D OCT data,
respectively.

Table 5.5: Summary of related works using deep learning approaches and OCE.

Application Approach Data
Compression-based tissue
elasticity ConvGRU-CNN 2D OCT

characterization [308]
Needle force

estimation [169] ConvGRU-2DCNN 2D OCT
Needle force ConvGRU-2DCNN 9D OCT
estimation [170]

Str.aln field distribution SDCONN aD OCT
estimation [116]

Needle force )

estimation [160] Siamese 3DCNN 4D OCT
Needle force Siamese 3DCNN 4D OCT

estimation [320]
Needle force

estimation [164,375) 3D/4DCNNs/ConvGRU 4D OCT

5.3 Summary

In this chapter, we presented the background and related work for target motion
estimation and dynamic elastography, focusing on OCT and US. Considering mo-
tion analysis with US in the context of radiotherapy, processing of sequences of
2D images has been substantially studied, and deep learning methods have been
demonstrated [98,/175,211},282,|307,[335,1367, /371,499, 506]. However, there are
only a few studies that consider volumetric image data, and so far, real-time pro-
cessing and accurate tracking remain major challenges, especially if tracking is
performed without the presence of distinct landmarks such as vessels [98]. Con-
sidering motion analysis with OCT in the context of target position estimation
or motion compensation for FOV adjustment, deep learning methods have been

96



5.3. Summary

presented that perform motion analysis based on single volumetric images or im-
age pairs [168]/171,1254,|432]. However, processing entire sequences of volumetric
image data has hardly been addressed with deep learning. OCT and US allow for
real-time volumetric imaging, and thus, entire sequences are available and could
be used for motion analysis. This might not only be beneficial to improve the
performance and robustness of motion estimation. In fact, motion forecasting to
compensate for system latencies is another relevant problem typically addressed
separately [138},226,276,/451]. This problem could be circumvented by using and
learning the underlying spatio-temporal relationships of sequences of volumetric
images that might even allow predicting a target motion into the future.

Considering dynamic elastography with a focus on shear wave elastography, it
stands out that notable results have been achieved already, e.g., for classification
tasks that use elastography maps as a feature [267]. However, accurate elasticity
estimation remains a major problem [7]. Typically, the conventional data pro-
cessing pipeline is considered, where, e.g., shear wave velocity is estimated and
extracted as a feature. Subsequently, an elasticity parameter such as the Youngs
Modulus is related [423]. However, often this involves assumptions that rarely
hold in practice, and the task of shear wave velocity is difficult and error-prone
itself [7,236,547]. Promising results have been achieved to estimate elasticity pa-
rameters from sequences of 2D US image data directly with deep learning [3}/464].
However, there have been limited evaluations on real data, and current approaches
rely on simulated training data due to the difficulty of obtaining the required data
annotation. Considering the recent developments of shear wave elastography
based on OCT imaging highlights that this approach could bring many advan-
tages, including the detection of small elasticity deviations [237]. However, mea-
surement and subsequent analysis of propagating mechanical waves with OCT is
an active research area with many unsolved questions [547]. In particular, volu-
metric OCT imaging for dynamic elastography could bring many advantages, such
as estimations independent of the wave propagation direction [549]. However, so
far, real-time volumetric elastography remains a major problem. Considering
deep learning and OCT for shear wave elastography, it stands out that there
is very limited work so far. Overall, considering the aforementioned challenges,
spatio-temporal deep learning could provide a promising approach that directly
estimates target values such as tissue elasticity from sequences of images in an
end-to-end fashion by learning the direct relationship between tissue elasticity and
wave propagation without requiring a specific material model and hand-crafted
feature engineering.

Across our application scenarios, it stands out that there are many unsolved ques-
tions regarding spatio-temporal feature learning. From a conceptual level, both
motion analysis and dynamic elastography require processing spatio-temporal fea-
tures captured with multi-dimensional medical image sequences. This raises the
question whether spatio-temporal deep learning is able to learn these complex
spatio-temporal relationships effectively and whether training objectives, such as
the current and future motions of a target or elasticity of tissue, can be estimated
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in an end-to-end fashion. Thereby, many of the aforementioned challenges could
be addressed, and data processing pipelines could be simplified substantially for
motion analysis and dynamic elastography. In addition to that, it raises the gen-
eral question of how data processing should be performed from an architectural
and conceptual perspective, which is covered by our second research question of
this work.
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Experiments and Evaluations

In this chapter, we study our proposed spatio-temporal deep learning approach
in the context of motion analysis and dynamic elastography using sequences of
OCT and US image data. We structure our experiment sections on the basis of
the general definition of learning algorithms based on Mitchel (1997) [313], intro-
duced in Chapter [3] We outline the learning task, the experience, the learning
algorithms, and the performance measure. For each experiment section, we then
report corresponding results, followed by a results-oriented discussion.

First, we present the results for our experiments regarding motion analysis with
a focus on 4D spatio-temporal processing. We study marker object position esti-
mation from OCT data and markerless motion analysis of tissue from sequences
of volumetric OCT and US image data. In this context, we study our approaches
ranging from single volume processing to short-term sequence processing up to
entire long-term sequence processing of several hundreds of image volumes.
Second, we present the results for our experiments regarding dynamic elasto-
graphy. We evaluate our spatio-temporal deep learning approach in the context
of shear wave velocity estimation and elasticity estimation in an end-to-end fash-
ion.

Considering our research questions, we focus on how sequences of images can
be processed to improve the performance and whether the spatio-temporal rela-
tionships required to perform motion analysis and dynamic elastography can be
learned in an end-to-end fashion without the requirement of prior feature selec-
tion. For each application scenario, we highlight the challenges, how the setting
affects the learning task, and how these can be addressed by our methods.
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6.1 Position Estimation and Motion Compensation

In this section, we study our spatio-temporal deep learning methods in the con-
text of motion analysis from sequences of volumetric OCT and US image data.
Considering our two main research questions, we analyze whether end-to-end mo-
tion analysis can be performed from such data and how this task can be addressed
from an architecture and training perspective. Across the experiments in the fol-
lowing sections, we put a focus on the question of whether using sequences of
images can improve the performance compared to the previous approach of using
a single image or an image pair and how these complex spatio-temporal features
can be learned from data in an end-to-end fashion. For the systematic evaluation
of our methods, we consider the tasks of position estimation of a marker object
from OCT data and markerless motion analysis of tissue from OCT and US image
data. We use datasets that are acquired and annotated with experimental setups.

6.1.1 4D OCT-based Object Position Estimation

In this study, we address end-to-end position estimation of a marker object from
sequences of OCT volumes, which is relevant for, e.g., surgery tool tracking during
minimally invasive surgery [113] as highlighted in Section We investigate
the use of spatio-temporal deep learning for marker position estimation from se-
quences of volumetric OCT images in real-time. Previous work has used 3DCNNs
combined with single volumetric images to locate small objects, but we aim to
improve performance and consistency by using entire sequences of images. Parts
of this section have been published in our study presented in [38]. The study [3§]
was a collaborative study, data acquisition was performed with equal contribution
of N. Gessert and the author of this work. The aspects regarding spatio-temporal
deep learning were developed and evaluated by the author of this thesis and are
in the focus of this work.

Considering our first research question, we systematically evaluate our architec-
ture concept using different spatio-temporal processing methods in comparison to
3DCNNSs and evaluate whether a sequence of OCT volumes improves object po-
sition estimation performance. To this end, we perform position estimation from
a single volume and from a sequence of volumes that also provide information on
past positions of the marker.

Considering our second research question, we address the task of architecture
design and contribute to the question of how such complex spatio-temporal rela-
tionships from sequences of OCT volumes can be learned and how previous 3D
approaches can be extended to 4D spatio-temporal data processing. To directly
address the substantially increased computational efforts by moving from 3D to
4D, we evaluate our transfer learning strategy that allows transferring previous
3D models to 4D spatio-temporal data processing.
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Definition of the Learning Task

Our task is to estimate the three-dimensional position y™ € R?® of a marker
object at a time point ¢ = n from OCT volumes in an end-to-end fashion. This
process is visualized in Figure [6.1] As a first approach, we estimate the marker
position from single OCT volumes z[" € R >mwxnaxne  Hence, we only use
spatial information and try to learn a function fg: R Xmwxnixne s R3  However,
using a single volume for position estimation does not utilize the spatio-temporal
relationships of the underlying motion, which might be beneficial to improve
performance and consistency. This motivates to incorporate additional temporal
information. Hence, as a second approach, we also utilize past OCT volumes
to estimate the current marker position. This approach then leads to position
estimation from an entire sequence of volumes r; = [:L'["_pt], - ,x[”_l],x[”]] to
estimate the current position y™ with p, for the number of past image volumes.
Hence, using our spatio-temporal deep learning approaches, we try to learn a
function fgp: R nwxnaxnexne o R3 from data with n, = p, + 1.

past marker positions
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Figure 6.1: Movements of marker object (left). The marker is shown as a box for
simplicity, the current position of the marker in the volumetric image is shown in
red, and previous positions are indicated in gray. A) We process a single volume
for position estimation with a SDCNN approach, i.e., previous positions are not
considered. B) We incorporate temporal information by using additional images
of past marker positions. Our spatio-temporal deep learning approaches process
an entire sequence of volumes to estimate the current marker position marked in

red.

Experimental Setup and Data Sets

Our dataset consists of volumetric OCT images over time with corresponding
ground truth annotation of a marker position. An experimental setup is used for
data acquisition and annotation, see Figure [6.2] The data acquisition approach
and the setup is based on the system presented in ,. It includes a swept-
source OCT device (OMES, OptoRes), a second scanning stage with two mirror
galvanometers, an achromatic lens, and a holder with a marker object that is
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made of a polyoxymethylene block with a size of 1 mm?®. The marker object is

similar to previous studies that also consider OCT-based marker position esti-
mation [168,[171]. We use volumetric OCT images with a size of 32 x 32 x 32
voxels with a corresponding FOV of 3 x 3 x 3.5 mm?, resulting in an acquisition
speed of 833 volumes per second. The second scanning stage includes two mir-
ror galvanometers controlled by stepper motors that allow to shift the FOV in
the lateral dimensions. The setup also includes a third stepper motor that shifts
the FOV in the axial dimension by setting the reference arm pathlength of the
OCT. Hence, the FOV of the OCT can be shifted in all spatial directions without
moving the scan head. Note that only the relative movement between the FOV
and the marker is relevant for position estimation. Hence, we move the FOV of
the OCT using the stepper motors instead of the marker object, i.e., the marker
object remains static during the experiments. To generate our dataset, the fol-
lowing steps are repeated to perform automatic data acquisition and annotation.
First, a set of 60 to 90 target stepper motor positions are randomly generated
that shift the marker object within the FOV. Then, the target stepper motor po-
sitions are connected using piecewise cubic spline interpolation. Afterwards, 500
motor points / target positions are sampled from the spline function, resulting in
a smooth motion trajectory for the marker object. Second, one volumetric OCT
image is acquired in a step-and-shoot fashion for each target motor position and
ground truth annotation of the marker position is given by corresponding target
motor position. We repeat this procedure to obtain the full dataset that consists
of 7000 volumetric OCT images with corresponding ground truth annotation of
the marker object position.

OCT Scan Head32:nee

A} )\
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Galvos = ®
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i
e

Figure 6.2: The experimental setup for data acquisition and annotation: Marker
object (left); OCT setup (right). Figure adapted from [3§].

Methods

To estimate the marker position from a sequence of volumes, we use and adapt our
CNN architecture concept and implement four different CNN backbones combined
with three different types of convolutions for 4D data processing that we intro-
duced in Section 4.1} We explain specific details of our approaches in the following
paragraphs. As backbone architectures, we consider and implement the concepts

of ResNet [197], Inception [216,442,443], ResNeXt [504] and DenseNet [210].

S-3D. First, we estimate the marker position from a single volume. To this end,
we use a single volume z[") € R *mwxnax1 a5 input to estimate the correspond-
ing marker position y™ € R? within the volume. To address this learning task,
we combine our CNN architecture with the different backbone concepts with 3D
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convolutions and pooling operations. As a result, we can perform end-to-end pro-
cessing of the volumetric image to the current marker position. This approach is
similar to previous work [171] and serves as our baseline.

TC-3D. Second, we incorporate temporal information by also using past image
volumes. As a first approach to address this learning task, we use the same ar-
chitectures as for single volume processing, except that we concatenate multiple
consecutive volumes along the channel dimension of the input of the network.
Hence, we consider the channel dimension of the input as a temporal dimension.
The corresponding network input is x; € R7>*mwxnaxlne

ST-4D. Third, we estimate the marker position from a sequence in an end-to-
end fashion and perform joint spatio-temporal feature learning throughout the
entire architecture. To this end, we replace each 3D convolution and 3D pooling
of our CNN architecture with the corresponding 4D counterparts. This can also
be interpreted as inflating the kernels of the 3D architectures to 4D. First, we can
use the same architecture concept of the previous 3D approach without major
adaptions, and second, it allows using a transfer learning strategy from 3D to 4D.
Second, as explained in Section we first train a 3DCNN, then we scale the
fine-tuned weights with the temporal kernel size, and subsequently, we copy the
weights along the temporal dimension and train the 4DCNN. Thereby, we initial-
ize the kernel weights of a 4D architecture with fine-tuned weights of the corre-
sponding 3D architecture. The input of this approach is z;, € R™XnwXnaxnex1,

F-ST-4D. Fourth, we still follow the concept of spatio-temporal feature learning
but now disentangle spatial and temporal data processing to reduce the number
of parameters. To this end, we use factorized spatio-temporal convolution and
split a 4D spatio-temporal convolution into two subsequent convolutions, i.e., one
spatial and one temporal convolution [364]. Thereby, we can achieve similar pa-

rameters compared to our 3D architectures. The input of this approach is also
Tt c Rnhxnwxndxntxl.

Architecture Details. Fach architecture consists of an initial part with five con-
volutional layers, followed by two corresponding architecture modules. For the
initial convolutional layers, we use 16 feature maps in the first layer and 22 in
the following. The first and the second module of each architecture consists of
four and five building blocks, respectively. We use a stride of two for the first
block of each module and up-sample the feature dimension by a factor of two. For
ResNeXt, we use four parallel convolutional paths. As our fourth architecture, we
implement a DenseNet backbone. The architecture consists of one initial convo-
lutional layer with 28 feature maps followed by three modules, while each module
consists of five densely connected convolutional layers combined with bottleneck
layers [197]. The modules are connected with transition layers [210]. We use a
growth rate of 14 for our DenseNet architecture. For the 4D convolutions, we
choose a temporal stride of one. Moreover, we use a kernel size of three for the
architecture blocks. All methods are implemented in Tensorflow.
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Training. We train our network with the MSE loss function between the esti-
mated and actual marker position for 350 epochs with a batch size of m;, = 18
using Adam [242] for optimization. During training, we evaluate the performance
of a network every ten epochs on the validation set and use the best network
for our final evaluation on the test dataset. The learning rate is initially set to
Ir = 0.002 and is reduced in a step-wise fashion. To improve convergence, we
normalize the inputs of our networks. For our transfer learning approach, we
use the same hyperparameters, except that we reduce the initial learning rate to
Ir = 0.0001. For our approaches that use a sequence of volumes, we use n;, = 5
volumes, and the corresponding target y™ € R? of the sequence refers to the last
position of the marker in one sequence, as also indicated in Figure [6.1]

Performance Measure - Evaluation and Metrics

We randomly split our dataset and use 5000 volumes for training and 1000 each
for validating and testing our models. For evaluation, we consider the regression
metrics MAE and rMAE. Using a simple calibration between motor steps and
image coordinates, the MAE is given in micrometers. To compare our models,
we test for significant differences in the median of the MAE of our methods using
the Wilcoxon signed-rank test with a significance level of o = 5%.

Results

We report performance metrics for our different methods in Table[6.1] Our results
show that using 4D spatio-temporal data improves performance for all architec-
tures compared to position estimation from a single volume. Across the different
spatio-temporal data processing methods, 4D spatio-temporal convolutions signif-
icantly (p < 0.05) perform best, reducing the MAE by 30 % on average compared
to single-volume processing. Considering the different types of backbone archi-
tectures, performance differences are small. Considering our transfer learning
approach from 3D to 4D, convergence of the validation losses during training are
shown in Figure Our results highlight that substantially faster convergence
is given for all architectures when fine-tuned 3D weights are used for initializa-
tion. The inference times are ~6 ms and ~20ms for 3D and 4D architectures,
respectively, using an nvidia GeForce GTX 1080 Ti for evaluation.
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Table 6.1: Position estimation results. Comparison of our CNN architecture in
combination with the different types of convolutions and backbone concepts. The

corresponding number of parameters are given by #numParam. (Compare [38])
Type MAE [pm] rMAE (1073)  #numParam.

S-3D 15.87 £ 14.40 13+£11 409 755
ResNet TC-3D  13.39 +£10.96 11+9 411483
F-ST-4D  12.36 £ 10.15 10£8 454575
ST-4D  11.79+9.79 9+8 1137459
S-3D 17.65 £ 15.48 14 +12 428 521
Tnception TC-3D  14.83£11.84 12+9 430249
F-ST-4D 13.23 +11.36 10+£9 475006
ST-4D  11.87 4+ 9.66 9+8 1161568
S-3D 16.96 + 15.53 13£12 392 367
ResNeXt TC-3D  13.00 +£12.16 10 £ 10 394095
F-ST-4D  12.32 +10.99 10+£9 432903
ST-4D 11.87+10.93 9+9 1012215
S-3D 16.03 +13.69 13+£11 406 723
DenseNet TC-3D  14.39 + 11.57 11+9 445139
F-ST-4D  12.51 £ 10.07 10£8 420205
ST-4D  11.54 +9.51 9+8 1080683
ResNet Inception
10! 107!
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Figure 6.3: Comparison of the convergence of the validation loss of the different
architectures using S-3D and ST-4D convolutions. ST-4D* refers to 4D convolu-
tions initialized with fine-tuned 3D weights.
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Discussion

We study OCT-based marker object position estimation using single volumetric
images and sequences of volumetric images. This is relevant, e.g., for surgical tool
tracking during minimally invasive procedures [62}134./186,359]. We compare the
performance of our spatio-temporal approaches to 3SDCNN architectures similar
to those that have been proposed for pose estimation of a marker from single OCT
volumes [171]. Our results regarding position estimation from a single volume are
in a similar range compared to the previous study [171]. We present and compare
different deep learning approaches for marker object position estimation and find
that those using a sequence of volumetric images consistently outperform their
3D counterpart, see Table [6.1] These results are consistent across four different
backbone architectures. This agrees with our expectation that subsequent object
positions on a smooth trajectory captured with fast volumetric imaging result in
rich 4D spatio-temporal data that can be utilized to improve position estimation
performance. Our results highlight that these spatio-temporal relationships can
be learned and utilized by our spatio-temporal deep learning approaches end-to-
end from sequences of volumetric images. Also, our findings demonstrate that
motion estimation can be performed within a few milliseconds with our 4DCNN
approaches, i.e., position estimations can be provided up to 50 Hz. In summary,
related to our first research question, these results demonstrate that 4D spatio-
temporal relationships can be learned effectively from sequences of volumetric
OCT data with our architecture concept and that such an approach can improve
the performance in comparison to position estimation from a single volume.

Considering how spatio-temporal processing should be performed, even the sim-
plest spatio-temporal processing approach, where we use the channel dimension
of the input as a temporal dimension (TC-3D) clearly outperforms the previous
approach (S-3DN) with a 15 % lower MAE on average. Yet, our results show that
performance can further be improved with joint spatio-temporal feature learn-
ing. This indicates that using the channel dimension of the input as temporal
dimension is not optimal for temporal processing. Across all architectures, 4D
spatio-temporal convolutions clearly lead to the best performance with 30 % lower
MAE on average compared to single-volume processing. This indicates that joint
spatio-temporal feature learning is beneficial for the task at hand. We also find
that factorized convolutions are effective and allow for less parameter intensive
versions with competitive performance compared to full 4D convolutions. These
results are similar to previous findings on 3D spatio-temporal data [364]. Con-
sidering the different backbones, while DenseNet shows the lowest overall error,
the performance is not notably different compared to the other backbone archi-
tectures. This indicates that there are no clear architecture-dependent effects.
Still, comparing the different concepts, ResNet and DenseNet can be considered
advantageous due to their simpler architecture design and fewer hyperparameter
choices and thus represent a good starting point for future studies.

A disadvantage of the 4DCNN approach is that it results in increased model
complexity and increased training times compared to the 3D approach. To bring
this into perspective, training our 3DCNNs takes around 3 hours, and training a
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4DCNN takes around 15 hours for 350 epochs. Hence, training a 4DCNN could
quickly range over several days or even weeks for future applications when large-
scale datasets are used for training. To address this challenge, we presented a
transfer learning strategy. To achieve a performance similar to training a 4D net-
work from scratch for 350 epochs, only approximately 100 epochs are required,
see Figure [6.3] Thus, training time can be reduced by 70 % with our transfer
learning approach. These insights hold for all four backbone architectures. This
is an important finding, as it enables to transfer 3D architectures to 4D with
only a moderate increase in training effort. Similar, this is an interesting finding
for future work that could use our transfer learning strategy when moving from
previous 3D approaches to 4D data.

Overall, considering our first research question, our results demonstrate that
OCT-based marker object position estimation can be improved by using 4D
spatio-temporal deep learning and sequences of volumetric image data. This can
be performed end-to-end and in real-time with our architecture concept. Con-
sidering our second research question, we find that learning joint spatio-temporal
features by means of 4D spatio-temporal convolutions performs best across our
different methods. Moreover, performing transfer learning from 3DCNNs to 4D
spatio-temporal CNNs is an interesting direction to reduce the computational
efforts during training.

6.1.2 4D OCT-based Tissue Motion Compensation

In the previous section, we demonstrated position estimation of a marker object
using 4D OCT data and spatio-temporal deep learning. In this study, we address
marker-less motion estimation of tissue for motion compensation using 4D OCT
data. This is required for, e.g., FOV adjustment during surgery or motion com-
pensation for treatment [219}[535] and requires estimating the motion between
two-time points. Typically, two images are used to this end that represent a tem-
plate image, and an image that represents the current state [168,254,398,|432].
However, such an approach uses little temporal information and might be limited
in performance, e.g., if there is a small overlap between the original template and
the current state, resulting from large motion. Moreover, the spatio-temporal
nature of the motion is neglected and not utilized. In addition to that, only a few
studies consider marker-less motion estimation, as outlined in Section[5.1] We ad-
dress both of these aspects and evaluate to learn a three-dimensional translation
vector of a tissue region from an entire sequence of OCT volumes compared to
the approach of only using two images. Parts of this section have been published
in our studies presented in [39,40]. The studies |39,40] were collaborative studies,
and data acquisitions were performed with equal contribution of N. Gessert and
the author of this work. The aspects regarding spatio-temporal deep learning
were developed and evaluated by the author of this thesis and are in the focus of
this work.
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Considering our first research question, we study and evaluate whether marker-
less motion estimation in real-time using 4D OCT data can be performed with
spatio-temporal deep learning in an end-to-end fashion and whether such an ap-
proach improves performance. To this end, we evaluate and compare motion esti-
mation for compensation using only two volumes up to entire sequences. Also, we
study the impact of image rotations and motion distortions on the performance.

Considering our second research question, we study how additional temporal in-
formation can be used to improve performance and how this can be addressed
from an architecture and training perspective. We make use of additional tem-
poral information not only at the input of the model using different methods but
also at the model output by using a regularization strategy that forces the model
to estimate motion information for previous time steps within the 4D sequence.

Definition of the Learning Task

We consider a fixed ROI showing a target tissue region in an OCT volume for
motion analysis. Our goal is to estimate the three-dimensional translation vector
To.n € R? of the target region between ¢ = 0 and ¢ = n in an end-to-end fashion
given a sequence of volumes z, = [z, 21, .. 2] with 2] € R xmwxnaxne  Thig
process is visualized in Figure[6.4]and Figure[6.5 As a first approach, we estimate
the relative translation 7y ,, by only using a volume pair, i.e., the template 2% and
the moving state z[". Here, we try to learn a function fg: R >Xmwxnax2xne _y R3,
As a second approach, we incorporate additional temporal information and also
utilize intermediate OCT volumes to estimate the translation vector. Hence,
we use an entire sequence x; = [a:[o],xm, . ,x[”]] and try to learn a function
fop: RnXnmwxnaxnexne oy R3 with n, > 2.
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Figure 6.4: Our approach for motion estimation using sequences of OCT images.
We perform all experiments with 3D volumetric OCT images and show 2D images
only for simplicity of the visualization. (A) We follow the previous approach and
only use an image pair to estimate the relative motion, i.e., translation Ty, € R?
between the images. (B) We incorporate additional temporal information at the
model input and output and process an entire sequence of volumetric OCT images
for motion estimation. Figure adapted from [40].
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Figure 6.5: Our approach and data acquisition strategy. We use a fixed ROI
and move the FOV in a step-wise fashion. In this way, we acquire a sequence of
OCT volumes z; with the corresponding ground truth annotation, i.e., relative
translations 7y ,; between the initial volume 219 and a volume z[! of a sequence.
Figure adapted from [40].
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Experimental Setup and Data Sets

Our dataset consists of volumetric OCT images over time with corresponding
ground truth annotation of the translation of a target region. The dataset is
acquired with a setup similar to the previous Section This setup is based
on the system presented in [393,[396]. The setup is shown in Figure [6.6] and it
consists of a robot (IRB 120, ABB) with an attached chicken breast sample, a
swept-source OCT device (OMES, OptoRes) with a scan head, a second scan-
ning stage with two mirror galvanometers, and lenses for beam focusing. We use
volumes with a size of 32 x 32 x 32 voxels with a corresponding FOV of approxi-
mately 5x5x 3.5 mm? and a single OCT volume can be acquired in approximately
1.2 ms. Similar to the setup used in our previous experiment, the FOV can be
translated without moving the OCT scan head in all spatial directions using the
second scanning stage and a stepper motor that changes the pathlength of the
reference arm. Considering this and that only the relative translation is relevant
for motion analysis, the FOV is moved instead of the chicken breast sample. The
robot is used to automatically position the chicken breast sample for data acqui-
sition of different ROIs. In this way, the setup can be exploited for automatic
data acquisition and annotation by repeating the following steps.

First, a template volume 2% is acquired in which the FOV completely overlaps
with a target ROIL. Second, the stepper motors translate the FOV in a step-wise
fashion using smooth motion patterns, and for each position, an OCT volume is
acquired in a step-and-shoot fashion, see Figure This results in an image
sequence that corresponds to a relative motion between a target ROI and the
FOV. For our experiments, a single motion pattern consists of a sequence of five
target translations Ty = [Ty, 701, To.2, To.3, To.4], To; € R3. The translation Tp;
defines the relative shift of the ROI between t = 0 and ¢ = i, as also indicated
in Figure [6.5] To generate a smooth motion pattern for data acquisition, spline
interpolation is used between three positions, i.e., a starting point Ty o = [0, 0, 0],
a randomly sampled endpoint 7j 4 and a connection point 7j . randomly sampled
between the starting and endpoint that introduces curvature for the resulting
motion pattern. Afterwards, intermediate target shifts (7p 1,702, 70,3) are sam-
pled from the spline function and by using different distances between Tj, and
To.4, various motion patterns with different magnitudes of motions are simulated.
Figure shows example trajectories. For a target ROI, data is acquired for
200 motion patterns. Lastly, the robot is used to position a new ROI into the
OCT FOV, and the steps are repeated. To generate the entire dataset, 4D spatio-
temporal OCT data is acquired for 40 ROIs. Using our motion patterns of five
target translations, each acquired image sequence x; consists of five OCT volumes
with the corresponding ground truth annotation of the relative translation.

Our current setup only considers translation, and images are acquired in a step-
and-shoot fashion, i.e., rotations and motion artifacts that might occur during the
clinical practice are not considered. For our current setup, motion distortions are
unlikely due to the high temporal resolution [523]. Still, motion artifacts might
occur for slower OCT systems. For our experiments, both of the aforementioned
aspects are addressed in a post-processing step. Rotations are simulated by ro-
tating each volume z of a sequence around the axial axis with a rotation matrix
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R such that 71 = R(y)zl] with Al = 2me . v € [0,4] using a maximal
rotation ... Notably, we also adapt the ground truth translation vector ac-
cordingly. Moreover, we also simulate image artifacts that might result from fast
and irregular motions. Following the findings of previous studies [247,[507}[523],
we simulate motion distortions in a post-processing step by randomly shifting B-
scans of an OCT volume along the lateral or axial axis with a probability pg;s:. For
our experiments, we evaluate shifting B-scans by one or two pixels and consider

different values for pg;s:.
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Figure 6.6: The experimental setup for data acquisition and annotation of the
4D OCT dataset. Figure adapted from [40].
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Figure 6.7: Example trajectories of the dataset. We show 30 example trajectories
for the translations in the three spatial dimensions. A single trajectory consists
of a sequence of five target shifts Tp; with ¢ € 0,1, 2, 3,4 shown as circles. Figure

adapted from [40].
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Methods

For motion compensation, we estimate the relative translation using two OCT
volumes up to entire sequences by using and adapting our CNN framework with
a DenseNet backbone. We choose this backbone concept due to its simplicity
and based on our results from the previous experiment. Considering our different
spatio-temporal deep learning methods introduced in Chapter [}, we systemically
evaluate to extend pair-wise processing up to entire short-term sequences to ad-
dress our learning task. To this end, we evaluate and compare five different spatio-
temporal processing methods. We explain specific details of our approaches in
the following paragraphs.

2P-TC-3DCNN. First, we consider the previous deep learning approach of us-
ing only two volumes as the input for motion estimation [168]. We adapt our
CNN architecture concept to a two-path architecture to address this learning
task. The inputs of the network are the initial volume z and the last volume
214 of a sequence to estimate the relative translation T4 of a target region be-
tween the volume pair. The corresponding network input is z; € R™XmwXnax1x2
This approach serves as our baseline.

2P-TC-3DCNN-I. Second, we use a sequence of volumetric images for motion
compensation but still use 2P-TC-3DCNN. This can be achieved by estimating
the relative translation between the initial and last volume based on the sum of
the relative translations between two subsequent volumes of a sequence. In this
way, we can use the same network but use information from the entire sequence
without increasing the model complexity or changing the architecture in general.
Notably, the computational efforts are increased. That is, the network receives
the input pairs [z, 2], [z01, 2], [z 2] [2B]) 214] and the estimations are
added end-to-end to obtain the final network estimation y = T0,4 = 2?:0 ﬁ,m.
As a result, the translation vector is obtained from incremental relative estima-
tions between subsequent volume pairs. We train 2P-TC-3DCNN-I end-to-end
using the relative translation T 4 between the initial and the last volume as the
training target. The corresponding network input is z;, € R *nwxnaxnexl which
is then divided into the volume pairs.

nP-TC-3DCNN. Third, we extend the idea of 2P-TC-3DCNN to the process-
ing of an entire sequence of volumes without estimating incremental translations.
We adapt our architecture concept to a multi-path Siamese architecture con-
cept, where the number of paths is equal to the sequence length n;,. At the
fusion point of the multi-paths, the outputs are stacked in the channel dimen-
sion. Subsequently, we process the combined output with a 3DCNN by using
3D convolution and pooling operations for our DenseNet baseline architecture.
This approach processes the spatio-temporal information by means of channel-
wise interactions at the fusion point, and no joint spatio-temporal feature learning

is performed throughout the architecture. The corresponding network input is
T4 c Rnhxnwxndxntxl‘
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ST-4DCNN. Fourth, we process the sequence of images directly end-to-end by
adapting our architecture concept to a 4D spatio-temporal CNN. This can be
achieved by using 4D convolutions and pooling operations for our architecture.
In this way, we perform joint spatio-temporal feature learning from network input
to network output, i.e., from the image sequence to the relative translation vector
of a target region. The corresponding network input is z; € R™»Xmwxnaxnex1,

nP-ST-4DCNN. Fifth, we consider our mixed 3D /4D spatio-temporal approach
which combines a multi-path Siamese 3DCNN architecture and a 4D spatio-
temporal CNN. Using this concept, each volume of a sequence is first processed
with a multi-path Siamese 3SDCNN, and afterwards, we concatenate the outputs
along the temporal dimension. Then, we perform joint spatio-temporal process-
ing by using 4D convolutions and pooling operations for our DenseNet baseline
architecture. In this way, each volume of a sequence is first pre-processed, and
afterwards, joint spatio-temporal feature learning is performed. Also, by sharing
parameters for the Siamese part, we reduce the number of parameters compared
to the full 4D spatio-temporal CNN approach (ST-4DCNN). The corresponding
network input is x;, € RmwXmwXnaxnext,

Architecture Details. All our architectures consist of initial convolutional lay-
ers, followed by three DenseNet blocks which are connected with transition layers
with a spatial stride of two for downsampling. For our multi-path Siamese ar-
chitectures, we use three subsequent convolutional layers with 20 feature maps
each to process the input volumes. After the siamese part, we use a convolutional
layer with a spatial stride of two for downsampling. Afterwards, we use our
DenseNet architecture, while each DenseNet block of our architecture consists of
two convolutional layers with a growth rate of 10. All methods are implemented
in Tensorflow.

Training. To train our different approaches for end-to-end motion compensa-
tion using 4D spatio-temporal OCT data, we minimize the MSE loss function
between the defined ground-truth translation vector y = T4 € R? and our es-
timated translation vector y = ng € R3, ie., the estimated relative motion
between an initial volume z[% and a final volume z[¥. This leads to the training
loss function

. ~r ]2
T - 37|

1 —
L= ; ) (6.1)
We also evaluate our temporal regularization strategy introduced in Section [4.4.1]
To this end, we formulate an auxiliary task where we also estimate relative
translations of past volumes w.r.t. the initial position using the image sequence
zy = [l 21 221 2B 2] as input. We perform this step to also integrate addi-
tional temporal information at the model output and to provide more information
about the motion trajectory. We hypothesize that, thereby, more consistent and
robust performance can be achieved. Hence, we also consider to estimate the rel-
ative translations for two previous volumes of a sequence, i.e., ¥ and z/#. This
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requires to extent the network output to also estimate T(),g € R3 and T, 02 € R3
such that the final output of network is § € R?. Note, the auxiliary task is not
required to perform motion compensation during evaluation. Using our concept

from Section [4.4.1] this leads to

1 my 2
=iy 220

7=1 =0

. ~ 2
T T

(6.2)

We set 0,—q = 1, and for our experiments, we evaluate and report different values
for the weighting parameters 6,4 € [0, 1]. We tune the learning rate individually
for each of our approaches and train all our models for 150 epochs, using Adam
[242] for optimization with a batch size of m;, = 50. During training, we evaluate
the performance of a network every ten epochs on the validation set and use the
best network for our final evaluation on the test dataset. To improve convergence,
we normalize the inputs of our networks.

Performance Measure - Evaluation and Metrics

To evaluate our models on previously unseen tissue regions, we strictly split our
data based on the different ROIs and use data from 30 ROIs for training and
from 5 ROIs each for validation and testing. For comparison of our methods, we
report the MAE and the rMAE for our experiments. Using a simple calibration
between motor steps and image coordinates, the MAE is given in micrometers.
We test our results for significant differences in the median of the rMAE using
Wilcoxon signed-rank test with o = 5% significance level.

Results

First, we report the performance metrics for our different methods in Table
and show the number of parameters and inference times for the models in Table
6.3 Our results show that processing 4D spatio-temporal data with nP-ST-
4DCNN significantly (p < 0.05) performs best with an inference time of around
9 milliseconds. The second best approach is 2P-TC-3DCNN-I, with an inference
time of around 5 milliseconds.

Second, Figure shows the MAE w.r.t. different motion magnitudes. For all
our approaches, the MAE increases with an increasing magnitude of the motion.
The MAE increases the most for 2P-TC-3DCNN and the least for nP-ST-4DCNN
with an increasing magnitude of the motion.

Third, we systematically consider the impact of rotations and motion distortions
on the performance of our approach nP-ST-4DCNN and report the results in Ta-
ble [6.4] and Table [6.5] respectively. Our results show that rotations only have a
notable impact on performance for larger rotations, angles v,,q. > 20°. Similar,
motion distortions only have a major impact for a large amount of motion dis-
tortions (pgist > 50%) and when not considered during training.

Fourth, we combine our temporal regularization strategy with nP-ST-4DCNN.
Our results in Table show that our regularization strategy significantly (p <
0.05) improves performance for a weighting of ¢; = 0.75 and 0y = 0.75.
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Table 6.2: Results for the different models for motion estimation. The MAE is
given in mm. (Compare [40])

MAE, MAE;, MAE, rMAE
2P-TC-3DCNN  0.45+£0.52 042+0.52 0.184+0.15> 0.34£0.39
2P-TC-3DCNN-I 0.20£0.21 0.15+0.16 0.134+0.12 0.16 £0.17
nP-TC-3DCNN  0.35£0.45 0.18£0.25 0.114+0.09 0.21 +£0.26
ST-4DCNN 022£021 020£024 0.13£0.11 0.19£0.19
nP-ST-4DCNN 0.16 +0.18 0.13+0.15 0.10£0.09 0.13+0.14

Table 6.3: Inference times and number of parameters (#numParam.) for all
models (Compare [40])

inference time [ms| #numParam.
2P-TC-3DCNN  3.74 +£0.52 143913
2P-TC-3DCNN-I  5.84 £ (.32 143913
nP-TC-3DCNN 523 £0.27 208713
ST-4DCNN 9.78 £ 0.74 270283
nP-ST-4DCNN 9.34 £ 0.67 258 323

Table 6.4: Evaluation of the motion estimation performance for different rotation
angles during motion. The relative rotation around the axial axis between the
initial template volume and the last volume of a sequence is given by ¥,,.. Re-
sults are shown for the architecture nP-ST-4DCNN. The MAE is given in mm.
(Compare [40])

Vmaz MAE; MAE, MAE, rMAE

2° 0.16 £0.18 0.13£0.15 0.09£0.09 0.13+0.14
5° 0.16 £0.18 0.14+£0.15 0.10£0.09 0.14+0.14
10° 0.17£0.18 0.16 £0.15 0.10£0.09 0.15+0.14
20 0.19+£0.20 0.23+£0.19 0.10£0.09 0.18£0.16

115



Chapter 6. Experiments and Evaluations
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Figure 6.8: MAE for increasing motion magnitudes between z[% and z[". Figure
adapted from [40].

Table 6.5: Evaluation of the motion estimation performance for different motion
distortions. pg;s refers to the probability that a B-scan is shifted. E-1 and E-2
refer to shifting the B-scans one and two voxels during evaluation, respectively.
T/E-2 refers to shifting the B-scans two voxels during training and evaluation.
Results are shown for the architecture nP-ST-4DCNN. The MAE is given in mm.
(Compare [40])

Type  paise MAE, MAE;, MAE, rMAE

E-1 50% 0.31+0.33 0.29+0.29 0.144+0.11 0.254+0.24

E-1 25% 0.20+0.22 0.20+0.20 0.11+0.10 0.174+0.17

E-1 10% 0.16 £0.18 0.16 £0.17 0.104+0.09 0.14 £0.15

E-2 50% 0.33+0.35 0.28+0.28 0.144+0.12 0.25+0.24
E-2 25% 0.20+0.21 0.20+0.21 0.1240.10 0.17+£0.17
E-2 10% 0.174+0.18 0.154+0.16 0.10£0.09 0.14 £0.14

T/E-2 50% 0.18+£0.21 0.15+£0.15 0.104+0.08 0.14 +0.15
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Table 6.6: Performance metrics for our architecture nP-ST-4DCNN combined
with our temporal loss regularization approach using different weighing factors

61, 05. The MAE is given in mm. (Compare [40])

0, 0, MAE, MAE;, MAE, rMAE

0 0 0.16 £0.18 0.13+0.15 0.10£0.09 0.13+0.14

1 0 0.15+0.22 0.12+0.13 0.11+£0.10 0.13%+0.15

0.75 0 0.14+0.13 0.11+0.10 0.13+0.10 0.14+0.11

05 0 0.10£+£0.09 0.144+0.11 0.10£0.08 0.124+0.10

0.25 0 0.114+0.11 0.14+0.13 0.11£0.09 0.124+0.11

1 1 0.114+0.10 0.19+0.17 0.10£0.09 0.14+0.12

0.75 0.75 0.094+0.09 0.11+0.10 0.10+0.08 0.104+0.09
0.75 05 0.12+0.10 0.10£0.11 0.10+£0.08 0.11£0.10

Discussion

We study markerless OCT-based motion estimation, which is relevant for, e.g.,
FOV adjustment during surgery or motion compensation for treatment [219,/535].
Our results in Table show that the previous approach of a two-path method
(2P-TC-3DCNN) [168]/432] that uses the start (template) and the end volume
(current state) performs worse than all our other spatio-temporal deep learn-
ing methods that use sequences of volumes. This highlights that 4D spatio-
temporal information improves the performance and also highlights that our
spatio-temporal deep learning approaches are well suited to learn the underly-
ing spatio-temporal features of the motion. Our results show that for faster
movements that lead to a smaller overlap between subsequent volumes of a se-
quence, using an entire sequence is beneficial, see Figure [6.32] This can likely be
explained by the reduced overlap between the template volume and the current
volume, which makes it more difficult to find correspondence between the volumes.
This supports our assumption that entire sequences should be used for motion
compensation. Our results confirm this assumption, and we observe a notably
improved performance for larger motion magnitudes using our spatio-temporal
deep learning approaches in comparison to the previous approach that only uses
two volumes (2P-TC-3DCNN) [168,1432]. Moreover, we also evaluate how rota-
tions between subsequent volumes and motion distortions affect performance for
our best performing approach nP-ST-4DCNN. Although we did not consider ro-
tations during training, our results in Table show that performance remains
robust. Future work could also integrate rotations in the training process, which
likely will reduce the impact of rotations on the performance. Moreover, this ap-
proach could also allow to estimate not only the translation of a target region but
also the relative rotation angles. Furthermore, for our current OCT setup where
a single volume can be acquired in 1.2 ms, motion artifacts are unlikely considered
the findings of Zawadzki et [523]. However, we simulate the problem of potential
motion artifacts that result from fast and irregular motions in a post-processing
step to ensure that our approach is also applicable to slower OCT devices. For a
slower OCT system, motion artifacts would be present during training and evalu-
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ation. Table|6.5[shows that in such a scenario, motion artifacts only have a minor
impact on performance. Our results indicate that with our approach also robust
performance can be achieved in the presence of rotations and motion artifacts.
Thus, considering our research questions of this work, 4D spatio-temporal features
can be learned from 4D OCT data to perform markerless motion estimation and
using 4D spatio-temporal data can improve the performance and robustness for
various magnitudes of motion.

Considering our second research question of this work, we evaluate and com-
pare different spatio-temporal deep learning approaches using the same under-
lying CNN architecture concept. We find that the different methods can be
effectively integrated into the architecture and that motion compensation can
be performed with all approaches. However, there are substantial performance
differences between the methods. Our results show that our approach, nP-TC-
3DCNN, which is a direct extension of a two-path method to multiple volumes,
improves motion estimation performance. However, our approaches that per-
form joint spatio-temporal feature learning by means of 4D operations perform
even better. Comparing our different spatio-temporal deep learning methods,
nP-ST-4DCNN performs best. This mixed 3D/4D spatio-temporal deep learn-
ing approach improves performance by a larger margin compared to the previous
approach that only considers volume pairs [168]432]. Our second best approach
is 2P-TC-3DCNN-I, where motion estimation is performed using image-pairs of
the sequence. Our results in Table [6.20| and Figure clearly demonstrate that
nP-ST-4DCNN leads to a lower MAE and fewer outliers compared to the second
best approach. This indicates that joint-spatio-temporal feature learning from an
entire sequence end-to-end performs better than combining pair-wise motion esti-
mations or using channel-wise interactions. Moreover, comparing nP-ST-4DCNN
and ST-4DCNN highlights that a mixed 3D/4D approach performs better than
a single-stream 4D approach. These results indicate that multi-path processing
is an effective pre-processing step of the 4D spatio-temporal data that improves
overall performance before learning joint-spatio-temporal features. Similar re-
sults have also been found in the natural image domain [505,545]. Our results
in Table [6.3] show that all our approaches can perform motion estimation within
a few milliseconds. Nevertheless, the improved performance of our best perform-
ing approach nP-ST-4DCNN comes at the cost of an increased inference time,
making our second best approach 2P-TC-3DCNN-I with notably lower inference
time a competitive approach. Thus, further exploring mixed 3D /4D approaches
for motion analysis is an interesting direction, and, e.g., fusing the multi-path
at a later stage in the architecture could be an effective approach to reduce the
complexity of the 4D spatio-temporal deep learning approach.

Furthermore, we also evaluated to use additional temporal information as a regu-
larization approach by formulating an auxiliary task. This approach only requires
the adaption of the loss function and to extend the output of the model, i.e., no
major adaptions of the approach are required. Our results in Table demon-
strate that thereby performance can be improved. This is an interesting finding,
as our regularization approach can easily be performed for different methods and
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only requires adjusting the output of the model without substantial architecture
changes. Still, our results show that fine-tuning of the weighing parameters 6 is
required to improve the performance. Incorporating additional auxiliary tasks,
such as estimating the velocity of a motion, could also be an interesting direction
for future studies.

Overall, considering our first research question, our findings highlight that us-
ing entire sequences of OCT volumes and 4D spatio-temporal processing with
our deep learning methods can be performed and improves motion estimation
performance. Our results show that motion estimation can be performed marker-
less, end-to-end, and within a few milliseconds. Considering our second research
question, learning joint-spatio-temporal features performs best, and using a mixed
3D/4D spatio-temporal approach turns out to be effective for motion estimation.
Moreover, temporal information can also be used at the output of the network
for regularization to improve performance even further.

6.1.3 4D US-based Tissue Motion Compensation

In this study, we evaluate our 4D spatio-temporal deep learning approaches in
the context of motion analysis during radiotherapy using long-term sequences of
US image volumes, i.e., sequences that range from several seconds up to sev-
eral minutes. Real-time motion analysis is an important problem in radiation
therapy, however, it remains challenging, especially using 4D spatio-temporal
data [20,98,108,112,212]. Parts of this section have been published in our study
presented in [42] ((©)2023 IEEE). The study [42] was a collaborative study, the
development of the experimental setup, data acquisition, and evaluation with
conventional image processing methods were performed by J. Sprenger. The as-
pects regarding spatio-temporal deep learning were developed and evaluated by
the author of this thesis and are in the focus of this work.

Considering our first research question, we study and evaluate whether marker-
less motion analysis using long-term US image sequences can be performed with
our spatio-temporal deep learning approach in an end-to-end fashion and in real-
time. Also, we evaluate whether motion forecasting and estimation can be per-
formed with a single approach directly from the image data. In this way, multiple
challenges of motion compensation during radiotherapy could be addressed with
a single approach directly from the image data, as outlined in Chapter [5

Considering our second research question, we evaluate how this task can be per-
formed from an architecture and training perspective. In particular, we study and
evaluate how sequences of hundreds of volumes can be processed efficiently and ef-
fectively and whether using entire long-term 4D sequences improves performance
compared to using volume pairs or short-term sequences for motion analysis. We
present and develop all these approaches based on our spatio-temporal architec-
ture concept of this work.
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Definition of the Learning Task

We perform markerless motion analysis using a fixed ROI displaying a target
region in the US volume, see Figure [6.9 and Figure [6.10, Motion estimation
is performed between a template volume and US volumes that capture the mo-
tion of the target over time. Formally, a sequence of US volumes is given by
zy = [0 2 2] with 20 € Rrwxmexnaxne with the template volume [
at time step ¢ = 0 and the volume at the current time step ¢t = n is denoted by
2"l We try to estimate the three-dimensional translation vector T, € R® of the
target between ¢ = 0 and ¢t = n from the sequence of volumetric US data x; in
real-time and in an end-to-end fashion. For motion forecasting, we also consider
to predict the translation vector Ty, € R? for t = n + pj, using a prediction
horizon p, € N. First, we follow the common approach and estimate the trans-
lation by only using a volume pair, i.e., the template /% and the moving state
2" Here, we try to learn a function fg: R™Xmwxnax2xne _ R3 - Ag a second
approach, we incorporate additional temporal information to estimate the transla-
tion vector and future translation vectors. Hence, we use an entire sequence x; =
(20 20 2] and try to learn a function fgp: R XMwXnaxnixne _y R3+pn-3,
Thereby, we try to perform both motion estimation and forecasting with a single
machine learning model directly from a sequence of 3D US images.

(A) static US probe (B)
moving US probe
Q %moving target
static target
X
y
z .
0 1 2 3 fl time

el[S[d[3[4

sequence of US images

Figure 6.9: The general problem setting. (A) A target moving inside a patient is
observed with a static US probe. (B) A moving ultrasound probe with respect to
a static target. Note that the resulting image volume sequence of both scenarios
is the same. We consider volumetric images and we only show 2D images for
simplicity. Right, the experimental setup for data acquisition is shown. Figure
adapted from (©2023 TEEE).
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Figure 6.10: The ROI considered for tracking is visualized by the red box. Ex-
emplary B-scans (slices) extracted from US volumes. From left to right, we show
chicken tissue, bovine liver, and turkey tissue. Note that no distinct landmarks

are visible. Figure adapted from [42] ((©)2023 IEEE).

Experimental Setup and Data Sets

For evaluation and training of our methods, we consider a dataset that consists of
sequences of volumetric US images with ground truth annotations of translation
vectors. The dataset is acquired with an experimental setup that allows for auto-
mated data acquisition with precise ground truth annotation. We also presented
a similar setup in our study presented in [431]. The setup includes a matrix
transducer (custom volume probe, Vermon) with a center frequency of 3 MHz,
a US system (Griffin, Cephasonics Ultrasound), and a hexapod robot (H-820,
Physik Instrumente). For imaging, volumes with a size of 268 x 268 x 268 voxels
are acquired with an acquisition rate of up to 11 volumes per second. The FOV
covers approximately 40 x 40 x 40 mm?® assuming a homogenoues speed of sound
of 1540ms~1.

The setup and the approach for data acquisition are shown in Figure To
acquire the dataset, the robot moves the US probe in three spatial dimensions
according to a trajectory in a container filled with water. Recording volumetric
images and robot positions then allows for automatic data acquisition and anno-
tation. Note, only relative motion between the transducer and tissue is relevant
for data acquisition. The formulate trajectories for data acquisition, a database
of actual motion traces recorded during CyberKnife treatments at Georgetown
University Hospital is used [13§]. To acquire an image sequence according to a
trajectory, segments of respiratory movements with a duration of around 25 sec-
onds are extracted from the motion traces of the database, resulting in sequences
with a length of around 280 US volumes each. No particular breathing phase is
considered as starting point for a trajectory, and motion patterns with various
motion behaviors, maximum amplitudes, and breathing cycles are used for data
acquisition. To consider different target appearances and types, data acquisition
is performed for chicken breast tissue, bovine liver, and turkey breast tissue using
multiple tissue samples within each tissue type. Figure shows exemplary
B-scans for the different tissue types.

During data acquisition, only translational movements are performed without any
deformations of the target tissue. However, deformation can be present during
the actual clinical application [294]. Thus, we address this aspect in a post-
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processing step, following the approach of [86/372]. To synthetically deform the
volumes of an image sequence, we use displacement vectors that are interpolated
from a coarse 3 x 3 x 3 x 5 grid, where the last axis refers to the temporal dimen-
sion. Using our sequences of 280 volumes, this results in a temporal grid distance
of approximately one breathing cycle. We draw the displacements of the grid
points from a Gaussian distribution with a standard deviation op. We sample
displacements for all three spatial dimensions. Afterwards, voxel-wise displace-
ment vectors are interpolated for the entire sequence, and the displacement field
is used to deform an image sequence. We systematically evaluate different degrees
of deformations by using different values for op, and also we vary the number of
grid points that are used for displacement.

Methods

To address the learning task and the challenge of learning from a sequence of
hundreds of volumes, we adapt our spatio-temporal deep learning architecture
in different fashions and study pair-wise image processing up to entire long-term
sequences. We explain specific details of our approaches and adaptions in the
following paragraphs. As a general architecture backbone, we use the concept of
DenseNet [210] due to its parameter efficiency, strengthened feature propagation,
and the results of our previous experiments. For motion analysis, we use a fixed
ROI with a size of 128 x 128 x 128 voxels, i.e., ~19 x 19 x 19 mm?, see Figure
6.101

2P-TC-3DCNN. First, we perform motion analysis based on volume pairs. To this
end, we adapt our architecture concept to a two-path Siamese 3D-CNN approach.
We train this approach in an end-to-end fashion to estimate the translation vector
between a template volume and the current state using two different concepts.
As a first concept, we directly estimate the translation between the volume pair
(x[o],x[”]), we refer to this approach as non-incremental (NI) estimation. The
output of this approach is gl = T~07n € R3, i.e., the three-dimensional translation
vector between the volume pair. As a second concept, we estimate the transla-
tion between consecutive volume pairs ("%, z["), and to obtain the translation
vector between the template and the current volume, we then add the estimated
incremental translations To,n =>", Ti,u. The output of this approach for a
volume pair (z=, z[1) is gl = T;_, ; € R®. We call these approaches 2P-TC-
3DCNN-NI and 2P-TC-3DCNN-I.

nP-ST-4DCNN. Second, we use additional temporal information for incremen-
tal motion estimation. To this end, we adapt our multi-path Siamese 4D-CNN
approach that extends pair-wise processing to entire sequences. Using this ap-
proach, we use a local motion history for I-motion estimation and consider a
history of three image volumes. The output of this approach for a sub-sequence
of volumes (=4, =31 (=2 gb=11 200y ig 3l = Ti_u € R3. We hypothesize
that by using additional temporal information, incremental motion estimation
performance can be improved compared to the simple approach that only uses
two volumes.
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DenseConvGRU. Third, we estimate the translation between the volume pair
(x[o}, :c[”]) using the entire available temporal information between the volumes,
i.e., the entire available sequence of volumetric images. This requires process-
ing of sequences with variable lengths and also requires an efficient approach to
handle sequences of several hundredths of volumes in real-time that are avail-
able after a few seconds of tracking. To this end, we study and evaluate our
mixed approach of ConvGRU modules and our CNN architecture concept that
fits these requirements. As outlined in Section our approach can be used in a
many-to-many fashion using variable sequence length, i.e., an input sequence of
US volumes can be mapped to an output sequence of motion estimates. Motion
estimates are given by the output of the network y = To,i € R? in one shot for
each input volume 21, and motion analysis can be performed for an ongoing in-
put sequence. We consider this as particularly suited for the task and inherently
efficient, as only the new input volume z!" needs to be processed by the network.
Recall from Section [4.3] that the motion history is encoded at different scales in
the previous outputs of the ConvGRU modules, i.e., z}:ﬁmﬂ, ZT[::Z dil]le7 L’;dl We hy-
pothesize that motion analysis benefits from spatio-temporal features at different
scales. To analyze this aspect, we perform an in depths analysis w.r.t. the archi-
tecture variants, and we consider a module placed at the front, middle, end, or at
all positions. We refer to these variants as DenseConvGRU-front /middle/end/all.

Architecture Details. For our 3D and 4DCNN approaches, we consider three
convolutional layers for the initial multi-path part of our methods, with 14 fea-
ture maps for each layer. After the multi-path part of our networks, we use a
convolutional layer with 28 feature maps, followed by our DenseNet architecture.
For the DenseNet part of our CNN-based architectures, we use three DenseNet
blocks connected with transition layers [210], while each block has three layers
and a growth rate of 10. To account for the increased complexity of our DenseC-
onvGRU approach, we choose two instead of three convolutional layers within the
DenseNet blocks, and we replace the last DenseNet block with a single convolu-
tion.

Training. To train our approaches 2P-TC-3DCNN and nP-ST-4DCNN that con-
sider image pairs and short-term sequences, respectively, we use a MAE loss func-
tion between the ground truth and estimated translations. Training a recurrent
approach with 4D data and long-term sequences is a complex task, as outlined
in Section [4.4.2l Hence, we use our training approach that combines truncated
BPTT and curriculum learning. For n; > r, we sample r ~ U(b,n;) from a dis-
crete uniform distribution in each training iteration. In this way, we increase the
variance during training. Using a MAE loss function for our regression task to
perform motion estimation, this leads to

=1 l=r—>b

(6.3)

Ol

with my, for the number of samples in a training batch. Moreover, using approach
DenseConvGRU that uses information from the entire image sequence, we also
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address motion forecasting directly from the image sequence. To this end, we
extend our network output to 7 € R37+3 and adapt our loss function to

= LIS s

i=1 [=r—>b j=0

AT s (6.4)

For optimization, we use the Adam optimizer [242]. For our CNN approaches, we
use a batch size of m, = 20 and a learning rate of Ir = 0.001. For our DenseC-
onvGRU approaches, we use a batch size of m, = 5 and use a learning rate of
Ir = 0.0005. We normalize the voxel intensities the inputs to have a zero mean
and standard deviation of one. We train our DenseConvGRU approach for 70
epochs, using n; = r = b = 50 for 20 epochs, and then we set n, = 150 for 20
epochs, and for the last 30 epochs, we set n; = 280. To reduce the computational
complexity and memory requirements, we downsample the input volumes from
a size of 128 x 128 x 128 voxels to a size of 32 x 32 x 32 voxels. Moreover, to
augment our training data, we randomly swap the lateral volume axis, while also
transforming the labels accordingly.

NCC. Moreover, we consider results from NCC as a conventional tracking method
[193,194.|431] for comparison. We evaluate results from this approach applied in
an I-fashion (NCC-I) and NI-fashion (NCC-NI). Outlier estimations are filtered
for the NI-motion estimation approach by comparing the position estimation at
time step t = n with the position estimation at the previous time step t = n — 1.
Estimations with NCC are performed using the full resolution images.

Performance Measure - Evaluation and Metrics

The data sets, and our data splits are summarized in Table[6.7] Note, we do not
use data from the same motion trace or tissue sample across our different sets.
Moreover, we only train our approaches with data that comes from chicken breast
tissue. In this way, we can evaluate our approaches for completely unseen tissue
types and structures. Also, we use one long-term trajectory of seven minutes for
evaluation. Following previous studies [97,/98,282], we consider the TE as our
main performance metric, which is directly relevant for margin planning during
radiation therapy. The TE is estimated using the Euclidean distance between the
estimated position TNOJL and the ground truth position 7j,. We report mean and
standard deviation as well as the 95% percentile of the TE across all estimations.
Also, we report the aCC as a relative metric. We test for significant differences
in the median of the TE of our methods using Wilcoxon signed-rank test with a
significance level of o = 5%.
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6.1. Position Estimation and Motion Compensation

Table 6.7: The different tissue datasets with the corresponding trajectories. We
report the number of trajectories (#numT) as well as the mean and standard
deviation of the amplitudes across the trajectories of a set. (Compare [42] ((C)2023
IEEE))

set sequence #numT amplitude [mm)]
training (chicken) liver 20 11.22 +10.19
& pancreas 10 5.91+£2.19
Cq . liver 8 14.55 £4.97
validation (chicken) pancreas 2 6.81 L 0.79
: liver 10 10.29 + 3.58
test (chicken) pancreas 7 7.97£1.23
test (liver) liver 9 10.58 +2.95
liver 2 12.18 £0.53
test (turkey) pancreas 3 10.26 +£12.36

Results

Motion estimation. We report performance metrics for motion estimation for
our different methods in Table [6.8f We compare all deep learning approaches
w.r.t. inference time in Table [6.9] We also report the case where the initial posi-
tion is considered for all subsequent positions and refer to this approach as “No
Tracking”. Our results show that all our deep learning approaches outperform the
conventional tracking approach and lead to significantly (p < 0.05) improved per-
formance compared to “No Tracking”. Across the datasets, DenseConvGRU-all
significantly (p < 0.05) outperforms all other methods. We report performance
metrics for motion estimation for our variants of DenseConvGRU in Table [6.101
We report the performance of our methods w.r.t. translation distances in Figure
6.11] and Figure [6.12] We also report the TE w.r.t. the sequence length, i.e.,
tracking duration in Figure [6.13] Our results show that the TE increases sub-
stantially for increased translation distance using the NI-estimation approach, see
Figure [6.11] Moreover, our results demonstrate that the TE increases substan-
tially over time for the I-estimation approach, see Figure Our approach
DenseConvGRU-all with multi-scale spatio-temporal recurrence shows high per-
formance across the entire range of translation distances, and the TE remains
low even with an increased tracking duration. Figure shows the estimations
for example trajectories. We also report results for a trajectory of seven minutes
using our best performing approach DenseConvGRU-all, see Figure[6.15] The re-
sults show that motion estimation can also be performed for such long periods of
time with consistent performance over time, although we train the network with
sequences with a length of smaller than 26 seconds. We also report performance
metrics for different sequence lengths b considered for truncated BPTT during
training in Figure [6.16] Our results show that for b = 50, tracking performance
remains similar over time.

Furthermore, we retrain DenseConvGRU-all for different ROI size and report
performance metrics for motion estimation in Table [6.11] Our results show that
motion estimation can also be performed for smaller ROIs with a significantly

125



Chapter 6. Experiments and Evaluations

(p < 0.05) lower TE than performing no tracking. However, the motion estima-
tion performance decreases for smaller ROIs. Moreover, results for experiments
with synthetically deformed volumes during evaluation are given in Figure [6.17]
We study deformations of different degrees by varying the number of grid points
that have a displacement different from zero and by using different standard de-
viations for our deformation sampling. Our results show that the TE increases
only for substantial deformations.

Table 6.8: Motion estimation. Combined refers to the combination of all three
datasets. (Compare [42] ((©2023 IEEE))

TE (mm)

Set Method Mean Std 95% aCC

No Tracking 3.32 2.84 858 -
NCC-NI 098 1.25 4.25 0.69
2P-TC-3DCNN-NI 0.76  1.17 244 0.61
Test (chicken) NCC-I 2.63 2.03 6.63 0.47
2P-TC-3DCNN-I 1.79 1.53 4.41 0.76
nP-ST-4DCNN-I 1.15 1.24 3.99 0.59
DenseConvGRU-all 0.34 0.24 0.79 0.81

No Tracking 3.54 2,66 861 -
NCC-NI 0.53 0.34 1.04 091
2P-TC-3DCNN-NI 092 129 333 0.82
Test (liver)  NCC-I 227 148 524 0.63
2P-TC-3DCNN-I 3.39 290 949 0.71
nP-ST-4DCNN-I 1.68 149 454 0.71
DenseConvGRU-all 0.39 0.22 0.79 0.92

No Tracking 438 3.61 11.1 -
NCC-NI 222 292 921 0.64
2P-TC-3DCNN-NI 0.92 0.82 250 0.76
Test (turkey) NCC-I 3.35 258 885 0.78
2P-TC-3DCNN-I 1.79  1.28 4.40 0.80
nP-ST-4DCNN-I 1.48  1.01 3.32 0.72
DenseConvGRU-all 0.36 0.24 0.83 0.94

No Tracking 3.58 296 942 -
NCC-NI 1.12  1.61 5.04 0.70
2P-TC-3DCNN-NI 0.83 1.16 2.69 0.70
Combined NCC-I 282 213 7.20 0.56
2P-TC-3DCNN-I 226 213 586 0.73
nP-ST-4DCNN-I 1.36 1.31 4.05 0.64

DenseConvGRU-all 0.35 0.24 0.80 0.87
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6.1. Position Estimation and Motion Compensation

Table 6.9:

Inference time and number of parameters (#numParam.) of the

different deep learning methods tested on an nvidia TITAN RTX-24GB. (Com-

pare [42] ((©)2023 IEEE))

Method inference time [ms|] #numParam.
nP-ST-4DCNN-I 37.06 £ 0.42 479 325
DenseConvGRU-all 4.99 £0.30 547090
DenseConvGRU-front 3.47 £ 0.26 207022
DenseConvGRU-middle 3.11£0.15 293 407
DenseConvGRU-end 2.36 £0.07 397 117
2P-TC-3DCNN(NI/T) 3.25+0.12 208 439

Table 6.10: Motion estimation. Results for DenseConvGRU with different Con-

vGRU module placements.

Results are reported for the combination of all test

datasets. (Compare [42] ((©2023 IEEE))

TE (mm)
Method Mean Std 95% aCC
No Tracking 3.58 296 9.42 -
DenseConvGRU-all 0.35 0.24 0.80 0.87
DenseConvGRU-front 0.50 041 134 0.84
DenseConvGRU-middle 0.46 0.38 1.17 0.79
DenseConvGRU-end 0.51 037 1.25 0.82

Table 6.11: Motion estimation. Results for DenseConvGRU using smaller ROIs.

Results are reported for the combination of all test datasets.

(©)2023 IEEE))

(Compare [42]

TE [mm]
ROI (mm3)  Mean Std 95% aCC
19x19%x19 035 0.24 0.80 0.87
10 x 10 x 10 0.52 044 1.45 0.64
5x5x5H 0.85 1.07 243 0.63
No Tracking 3.58 296 9.42 -
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Figure 6.11: Motion estimation. Shown is the TE w.r.t.
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Figure 6.12: Motion estimation. Evaluation of different ConvGRU module place-
ments for our architecture DenseConvGRU. Shown is TE w.r.t. different trans-
lation distances. Results are reported for the combination of all test datasets.
Figure adapted from (©2023 TEEE).
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Figure 6.13: Motion estimation. Performance over sequence length, i.e., tracking
time, shown for the combination of all test datasets. The solid lines refer to the
mean value over all trajectories. The shaded backgrounds refer to the standard
deviation. The sequence length is given in number of volumes. Figure adapted

from (©2023 IEEE).
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Figure 6.14: Motion estimation. Results for one example trajectory from the test
set. We show the actual and estimated translation for the three spatial dimensions
(x,y,z) over time. Note that the range of motion is substantially different for the
different axes. Figure adapted from ((©2023 IEEE).
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Figure 6.15: Motion estimation for a sequence with a duration of seven minutes
using DenseConvGRU-all. Shown is the actual and estimated translation for the
three spatial dimensions and the resulting TE over time (bottom). Note that the
range of motion is substantially different for the different axes. Figure adapted

from [42] (©)2023 IEEE).
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Figure 6.16: Motion estimation. Performance over sequence length using different
lengths of b for backpropagation during training. Results are shown for our net-
work DenseConvGRU-all and for the combination of all test datasets. The solid
lines refer to the mean value over all trajectories. The shaded backgrounds refer
to the standard deviation. The sequence length is given in number of volumes.
Figure adapted from ((©2023 IEEE).
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Figure 6.17: Motion estimation performance using synthetically deformed vol-
umes during evaluation. We report the TE for a varying number of grid points
used for displacement. The vectors for grid point displacements are sampled from
a Gaussian distribution with a standard deviation op. The numbers in brack-
ets describe op relative to the ROI size. Results are shown for our approach
DenseConvGRU-all. Figure adapted from ((©2023 IEEE).
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Motion forecasting. Moreover, we evaluate our approach DenseConvGRU-all
to compensate for different latencies up to approximately 900 ms. This leads to a
prediction horizon up to p, = 10 and we report corresponding performance met-
rics in Table . For reference we also report the resulting TE(TO,naTO,n-l—ph)
when there is a latency between the estimation 7, o,n and the actual position
To,n4py,, 1-€., when no motion forecasting is performed. Our results show that
with motion forecasting, the TE is significantly (p < 0.05) lower for all latencies.
However, the TE increases with an increased prediction horizon.

Table 6.12: Motion forecasting. Results are shown for the combination of all test
datasets using our approach DenseConvGRU-all. p, is given in number of time
steps, while each time step corresponds to approximately 90 ms. (Compare [42]
((©2023 IEEE))

bn TE(TOJHTO,TL-i-ph) [mm] TE<T0,n+ph7T07n+Ph) [mm}
mean  std 95% mean  std 95%
0 | 035 0.24 0.80 - - -
1 0.62 043 1.47 0.45 0.32 1.06
2 1.06 0.76 2.53 0.52 0.41 1.30
3 1.51  1.11 3.63 0.78 0.66 2.08
4
5

1.95 143 4.66 1.00 0.87 2.83
237 1.74 5.67 1.22  1.01 3.37
10 | 4.03 2.89 9.44 231 226 7.30

Discussion

In this experiment, we address end-to-end motion analysis using 4D US data in
the context of motion compensation during radiotherapy. Our findings demon-
strate that this task can be performed with our 4D spatio-temporal deep learning
approach. It stands out that all our deep learning approaches outperform the con-
ventional approach that is used for comparison, see Table[6.8] This highlights that
all our different concepts for spatio-temporal data processing can be integrated
effectively into our architecture concept. Our results show that, in particular, our
approach DenseConvGRU-all performs well. Our results show DenseConvGRU-
all shows high performance for the different tissue types of our test datasets,
although only chicken tissue is considered for our training data. These results
highlight that robust spatio-temporal features can be learned end-to-end from
data with our approach such that motion estimation can be performed for dif-
ferent target appearances and motion patterns, even in the absence of distinct
landmarks. These promising results indicate that our approach could effectively
be used for different targets during clinical practice. This is a valuable contri-
bution considering that tracking during radiotherapy needs to be performed for
different targets such as pancreas, liver, or prostate, and typically this requires
manual adaption and landmark selection.

Moreover, tissue deformations that might occur during practice change the ap-
pearance of a target region over time, which makes motion analysis even more
difficult. Our results in Figure demonstrate that the TE increases only for
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substantial deformations. These results indicate that deformations are not a lim-
iting factor for our approach. So far, we only considered deformation during
evaluation. Integrating deformations also during training is an interesting direc-
tion for future work to further increase the robustness and performance in this
scenario. However, synthetically deforming volumes is time-consuming, with run-
times in the range of minutes, which makes online data augmentation with such
an approach difficult. Still, future work could generate datasets with deformed
volumes offline before training. In addition to that, our results show that motion
estimation can also be performed for even smaller ROIs, see Table[6.11] Consider-
ing that our approach is particularly fast, motion could be estimated for multiple
regions in parallel. Such an approach could be used to improve the consistency
and also to estimate target deformations based on the relative motion between
the regions. We also address system latencies and consider the task of motion
forecasting directly from the image sequences. Typically, motion forecasting for
latency compensation is performed with predictive methods that use the motion
history [138,,226,276/451]. Our results show that motion forecasting can be per-
formed directly from the image sequence. This further demonstrates that effective
spatio-temporal features can be learned from the sequences of US data such that
target motion can even be extrapolated into the future. Notably, this can be per-
formed with the same approach used for motion estimation, and hence our results
show that motion estimation and forecasting can be combined into a single end-
to-end approach. These results are promising to simplify otherwise complex data
processing pipelines into a single end-to-end approach. Overall, considering our
research questions, our findings demonstrate that long-term motion analysis can
be performed end-to-end and in real-time from long-term sequences of volumetric
US with our approach DenseConvGRU-all. Also, our results show that this can
be performed for different targets and motion patterns and that motion forecast-
ing for system latency compensation can directly be performed from sequences of
US image data.

Considering our second research question, our results show that DenseConvGRU-
all performs best and that there are notable differences between our approaches.
As a first approach, we adapt our spatio-temporal deep learning concept to per-
form motion estimation using image pairs or short-term sequences. Our re-
sults show that nP-ST-4DCNN-I outperforms 2P-TC-3DCNN-I. Similar to the
results from the previous Section [6.1.2] These results further indicate that spatio-
temporal data is beneficial for motion analysis and outperforms the simple ap-
proach of using only two images. However, for the I-estimation approach, the TE
increases substantially over time due to the accumulation of estimation errors, see
Figure[6.13] Thus, our results suggest that a Nl-estimation approach is favorable
for long-term tracking. However, this approach shows poor performance for larger
translation distances, see Figure Hence, both approaches show their limita-
tions when it comes to motion analysis, similar to previous findings on this topic
using conventional methods [194]. Our results show that we can overcome these
limitations with our approach DenseConvGRU. We develop this approach based
on our architecture concept by integrating ConvGRU modules at different scales.
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We suppose that motion analysis in the presence of different motion patterns ben-
efits from spatio-temporal features at different scales. Our results confirm this hy-
pothesis and show that our approach of multi-scale spatio-temporal recurrence is
beneficial, outperforming all other previous variants, i.e., considering the module
at the front, middle, or end. Another advantage of our DenseConvGRU approach
is that temporal relationships are considered via ConvGRU modules, which only
requires to process the current input volume to perform motion analysis. Also,
we perform motion analysis end-to-end directly from a fixed ROI without per-
forming multiple template matching procedures. Combining these factors allows
us to perform motion analysis with an inference time of 4.9940.30 ms (=~ 200 Hz)
for our best performing approach DenseConvGRU-all. This is a valuable contri-
bution considering that typically using multiple volumes increases the inference
time substantially, and previous studies demonstrated inference time in the range
of 300 ms up to 11 s [21,22,1212,341},377,[471]. Faster run-times have also been
achieved with 4D US data by carefully selecting parameters for the US data, and
registration method [21}/195,341], or by using lower-dimensional surrogate data
instead of the actual 4D spatio-temporal data [307,[371].

Another challenge is training with long-term 4D data, which we address with our
training approach, which combines curriculum learning [31] and truncated BPTT
[446]. Although we perform backpropagation only for a short sub-sequence, we
demonstrate motion estimation can be performed for much longer sequences up to
seven minutes, see Figure[6.15, Thus, our findings demonstrate that also effective
training can be performed to perform motion analysis with long-term sequences
of volumetric US data.

Overall, considering our first research question, our findings highlight that end-
to-end motion analysis can be performed with our spatio-temporal deep learning
approach within a few milliseconds using entire long-term sequences of US vol-
ume. Our results show that motion analysis can be performed marker-less, for
different target tissues and appearances as well as motion patterns. We also
demonstrate that both motion estimation and forecasting can be performed with
a single approach end-to-end using sequences of volumetric US images. Consid-
ering our second research, learning from entire image sequences and using our
hybrid approach of a CNN and DenseConvGRU modules at different scales turns
out to be effective to perform long-term motion analysis.

6.1.4 Summary

In the previous sections, we investigated our spatio-temporal deep learning meth-
ods in the context of position estimation and motion compensation using 4D
spatio-temporal OCT and US data. We designed and evaluated several of our
proposed 4D deep learning methods and compared them to previous approaches
that perform estimations from single images or image pairs. We considered marker
position estimation using 4D OCT data and marker-less tissue motion analysis
using 4D OCT and 4D US data. For our experiments, we used experimental
setups that allowed for automatic data acquisition and annotation.
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Considering our first research question, we studied whether motion analysis can be
performed end-to-end and in real-time directly from sequences of volumetric im-
age data using our spatio-temporal deep learning approaches. This requires learn-
ing complex end-to-end relationships directly from sequences of multi-dimensional
medical image data. In particular, marker-less motion analysis requires learning
robust features from the data to generalize to different target appearances. Our
findings demonstrated that our spatio-temporal deep learning approaches could
generalize to unseen tissue types, appearances, and motion patterns. Across
several experiments, our results showed that this could be performed with high
performance and run-times in the range of milliseconds. We highlighted that
also end-to-end multi-task learning could be performed effectively, which allows
combining motion estimation and forecasting directly into a single model. This
is a valuable contribution as our approach can directly address system latencies,
which are typically present during motion compensation. Moreover, by comb-
ing this into a single approach, it reduces the efforts that result from addressing
these tasks separately. Thereby, the data processing pipeline can be simplified.
Regarding the flexibility of spatio-temporal deep learning, we found that our
spatio-temporal CNN architecture concept can be used without major adaptions
for OCT and US data and for marker position estimation as well as tissue motion
analysis.

Considering our second research question, we demonstrated that using 4D spatio-
temporal actually improves motion estimation performance compared to using
only single or pair-wise volumetric images for analysis. Similar, we found that
additional temporal information at the output of the model can also be used for
regularization by enforcing the model to learn an extended motion pattern. How-
ever, the actual approach that is used for spatio-temporal data processing has a
major impact on the performance, highlighting the importance of our compar-
ison. We found that learning joint spatio-temporal features performs best and
clearly outperforms, e.g., a naive approach that uses the channel dimension as a
temporal dimension. This demonstrates the advantage of joint spatio-temporal
feature learning in an end-to-end fashion. While inference times in the range
of milliseconds can be achieved, allowing for real-time applications, training is
substantially time consuming and can range over several days. Considering this,
our results showed that transfer learning from spatial to spatio-temporal data is
a promising approach to reduce training times. Also, we proposed and evaluated
a training scheme that copes with the computational requirements of long-term
4D data processing. We demonstrated that with our architecture and training
concept, precise motion analysis from entire long-term 4D sequences could also
be performed for sequences of several hundreds of volumes ranging over several
minutes. Overall, our results show that learning from multi-dimensional medical
image sequences can be performed for motion analysis with our spatio-temporal
deep learning approach. Our findings highlight that thereby performance can be
improved and data processing can be simplified. Comparing our different ap-
proaches, the approach of joint spatio-temporal feature learning shows promising
results.
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6.2 Dynamic Elastography for Tissue Characteriza-
tion

In this section, we present the results of our spatio-temporal deep learning meth-
ods considering our second application scenario, i.e., dynamic elastography for
tissue characterization. Here, processing of multi-dimensional medical image se-
quences is required to infer mechanical properties of tissue from imaged wave
propagation as outlined in Section [5.2] We study end-to-end shear wave elasto-
graphy using both sequences of US and OCT data. In the context of our first
research question, we analyze whether mechanical properties of tissue can di-
rectly be estimated from sequences of multi-dimensional medical image data in
an end-to-end fashion with our spatio-temporal deep learning methods. Using
sequences of US data, we consider the task of shear wave velocity estimation,
followed by localized elasticity estimation in an end-to-end fashion. Afterwards,
we present our results considering sequences of OCT data and study end-to-end
estimation of mechanical properties from 3D and 4D OCT data. Considering
our second research question, we evaluate different input strategies and architec-
ture concepts for processing the spatio-temporal data, compare performance to
conventional approaches, and contribute to the question of how spatio-temporal
data processing should be performed. For our experiments, we consider data from
tissue-mimicking gelatin phantoms with varying stiffness.

6.2.1 3D US-based Shear Wave Velocity Estimation

In this study, we address shear wave velocity estimation for tissue characteriza-
tion from sequences of US images in an end-to-end fashion. Parts of this section
have been published in our study presented in [184]. The study [184] was a col-
laborative study, the development of the experimental setup, data acquisition,
and evaluation with conventional image processing methods were performed by
S. Grube. The aspects regarding spatio-temporal deep learning were developed
and evaluated by the author of this thesis and are in the focus of this work.

Considering our first research question, we study whether shear wave velocity
can be determined directly with spatio-temporal CNNs from real US-SWEI data
in an end-to-end fashion and whether this approach has the potential to over-
come limitations of conventional approaches. In particular, we study the impact
of lateral imaging widths on shear wave velocity estimation. This is relevant, e.g.,
during laparoscopy where probes with lateral imaging width in the range of a few
millimeters are used [215].

Considering our second research question, we present and evaluate different spatio-
temporal deep learning approaches to estimate shear wave velocity directly from
an image sequence. We evaluate how the learning task can be addressed and how
the spatio-temporal relationships can be learned. We evaluate the performance
of a selected feature representation that is typically used [225]343,464,481] in
comparison to learning from the entire image sequence.

137



Chapter 6. Experiments and Evaluations

Definition of the Learning Task

Our task is to estimate shear wave velocity v € R, directly from sequences of
2D US images z;, = [l 21 . 2] with 20l € RmXnwxne that capture dis-
placement information over time resulting from shear wave propagation. As
a first approach, we consider a lower-dimensional feature representation that
is typically used by conventional approaches, and we try to learn a function

oy o RMwxmexne — R The feature representation is generated by averaging along
the axial depth axis of the US images. This assumes the wave propagation direc-
tion along the lateral axis. While this reduces the dimensionality, it might also
remove valuable information. As a second approach, we hence consider the entire
available image sequence and try to learn a function f,,: R™Xnwxnexne R,
Our approaches are visualized in Figure [6.18]

ST-2DCNN

average axial dimensio

[ 2D/3D conv. with s =2and k=3 x 3/k =3 x 3 X 3

2D /3D conv. with s =1 and k = 3 X 3/k = 3 X 3 X 3

Figure 6.18: Our deep learning approaches for shear wave velocity estimation from
sequences of 2D US images that capture displacement information. Our ST-2CNN
approach estimates shear wave velocity using a lower dimensional space-time map
representation. Our ST-3DCNN estimates shear wave velocity from the original
image sequence and performs joint spatio-temporal feature learning throughout
the architecture. Our TC-2DCNN approach also considers the original image
sequence, but here all the temporal dimension is processed in the first layer of the
network by using the channel dimension of the input as the temporal dimension.
The last layer of our architecture concept is a regression layer that outputs shear
wave velocity ©. Note that our actual input images are gray-scale and colored
inputs are only shown for improved visualization.

Experimental Setup and Data Sets

For evaluation of our methods, we use a dataset consisting of 2D US images over
time that capture shear wave propagation in tissue-mimicking gelatin phantoms.
We use data from phantoms with varying stiffness that results from different
gelatin to water ratios. The full dataset consists of gelatin phantoms with gelatin
concentrations C' € [7.5,10,12.5,15] given in percentage points (p.p.). For each
concentration, we consider data from one phantom and use data from two differ-
ent sides of each phantom. The dataset is acquired with an experimental setup
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N, =128 vibratlng needle
N, =16 /
R e
linear US probe

shear wave

gelatin sample FOV

L __________ __ __ __ _____J}

Figure 6.19: (Left) Experimental setup for data acquisition. (Right) Schematic
drawing of the data acquisition approach. Shear wave are generated with a vi-
brating needle and imaging is performed with a linear US probe. By decreasing
the number of piezoelectric elements N, for image reconstruction, a varying lat-
eral width n,, is simulated. Figure adapted from [184].

shown in Figure m The setup includes a 256 channel US system (Griffin,
Cephasonics), a linear US probe (Ultrasonix 1.14-5\38), and a needle attached to
a piezo-actuator to generate shear waves. A first robot (UR5, Universal Robots)
is used to position the needle, and a second robot is used to position the US probe
(UR3, Universal Robots). For each side of a phantom, the needle is inserted at
24 different positions, and at each position, ten image sequence acquisitions are
performed. Measurements at different positions and sides of a phantom are per-
formed to increase the variability in scatterer distribution. For data acquisition,
the needle is inserted into a phantom, and a sinusoidal vibration of the needle
with 300 Hz is performed and a sequence of n, = 70 US images at a depth of
10mm to 30 mm is acquired using plane wave imaging with an image acquisition
rate of 6000 Hz. The full dataset consists of 480 US image sequences for each of
the four concentrations. To obtain different datasets with image sequences that
corresponds to different lateral imaging width n,,, US images are reconstructed
with only a subset of the raw data from all N, = 128 piezoelectric elements,
see Figure [6.19] The different datasets for the different lateral imaging widths
consist of image sequences that correspond to N, € [8,16,32,64,128]. Loupas
algorithm is used to visualize scatterer displacement. For ground truth an-
notation and for comparison, we consider shear wave velocity estimated with a
conventional approach. We use the results for the for the largest lateral imaging
width with N, = 128 piezoelectric elements for ground truth annotation. Conven-
tional shear wave velocity estimation is performed as follows. First, a space-time
map is generated by averaging along the axial depth axis of US images [239}[333)].
Afterwards, shear wave velocity is estimated based on the detected maximum of
the spatial and temporal frequency using a fast Fourier transformation ,.
Results that we consider as ground truth are summarized in Table Sum-
marized, our dataset consists of US image sequences x; that capture shear wave
propagation over time, and the corresponding label is given by the shear wave
velocity v determined for the largest lateral imaging width with N, = 128 piezo-
electric elements.
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Table 6.13: Ground truth shear wave velocities v for the different gelatin concen-
trations C' determined using N, = 128 piezoelectric elements. We consider the
mean value of all estimated shear wave velocities across all measurements of one
concentration as ground truth value. (Compare [184])

Clpp] 75 10 125 15

v [ms™!] 3.63 4.56 5.97 7.09

Methods

To estimate shear wave velocity from sequences of US images, we implement
and compare three different spatio-temporal deep learning approaches using our
CNN architecture concept of this work. We explain specific details of our ap-
proaches in the following paragraphs. As a backbone, we consider the concept of
DenseNet [210]. Our different approaches are visualized in Figure [6.18]

ST-2DCNN. As a first approach, we consider the lower dimensional represen-
tation and try to learn from such data. To address this task, we use our CNN
architecture in a 2D fashion, i.e., by using 2D convolutional and pooling opera-
tions. Using this input type, the 2D spatio-temporal CNN is trained to estimate
shear wave velocity from a 1D+t image representation, i.e., a single 2D image.
This approach receives the input 2} € R™>*™>1While this reduces the dimen-
sionality of the problem, it assumes and only considers wave propagation along
the lateral axis. This motivates learning from the original image data.

TC-2DCNN. For our second and third approaches, we consider processing the en-
tire image sequence and compare two different strategies for 3D spatio-temporal
data processing. As a simple baseline approach, we consider the concept of a
time-channel, where the input’s channel dimension is considered as a temporal
dimension. Note that with this approach, we can use the same architecture as
for the processing of the lower dimensional input, i.e., we can still use a 2DCNN,
but we can process the entire image sequence. This approach receives the input
x, € RMxmexm  However, all the temporal information is processed in the first
layer of the CNN, which might limit the performance.

ST-3DCNN. As a third approach, we consider joint spatio-temporal feature learn-
ing throughout the network and use 3D spatio-temporal convolutions and pooling
operations for our CNN architecture concept. Thereby, we can learn abstract
end-to-end relationships to estimate shear wave velocity from the original image
sequence. This network receives the input x; € R Xmwxnex1

Architecture Details. For our CNNs, we use one initial convolutional layer with
18 feature maps and a stride of two for all input dimensions. For our DenseNet
backbone, we use three DenseNet blocks which are connected with transition lay-
ers. For each DenseNet block, we use four convolutional layers with a growth rate
of 12. All methods are implemented in PyTorch.
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Training. We train our architecture with a MSE loss function for 100 epochs
using the Adam optimizer [242] with a learning rate of Ir = 0.001 and a batch
size of my = 10. During training, we evaluate the performance of a network every
epoch on the validation set and use the best network for our final evaluation on
the test dataset. After 75 epochs, we reduce the learning rate by a factor of two
every 10 epochs. To improve convergence, we normalize the pixel intensities of
each input to have a zero mean and standard deviation of one. We resize the
spatial dimensions of the input images to 32 x 32 pixels. In this way, we can use
the same architecture for the different number of piezoelectric elements and the
resulting varying image sizes. Moreover, the computational efforts are reduced
compared to the full resolution approaches. We train each approach for each
dataset corresponding to a different number of piezoelectric elements.

Performance Measure - Evaluation and Metrics

We perform a two-fold cross-validation approach to train and evaluate our meth-
ods. In each fold, we use one side of our phantoms for testing. For training and
validation in each fold, we use 70% and 30% of the remaining data, respectively.
We consider the MAE between the estimated and ground truth shear wave ve-
locity as evaluation metric. We test for significant differences in the median of
the MAE of our methods using the Wilcoxon signed-rank test with a significance
level of o = 5%.

Results

We report our results in Table[6.14] Across all experiments, our deep learning ap-
proaches are significantly (p < 0.05) better than the ToF approach, and learning
from the original image sequence performs best. Comparing our different deep
learning approaches shows that ST-3DCNN performs significantly (p < 0.05)
better than ST-2DCNN and TC-2DCNN. The approach TC-2DCNN performs
worst. We report the estimated shear wave velocities of the ToF approach in
Figure for comparison and we compare the estimated shear wave velocities
of our deep learning approaches in Figure It stands out that for N, < 32,
the ToF approach almost fails completely, and shear wave velocity is notably
overestimated for all gelatin concentrations. In contrast to that, the performance
of our deep learning approaches only decreases slightly. Our results show that es-
timating faster shear wave velocities results in a higher MAE for all our methods,
see Figure [6.22] Inference times and number of parameters are reported in Table
6. 151
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Table 6.14: MAE of the estimated shear wave velocities in ms~! for the different
number of piezoelectric elements N,. The corresponding lateral imaging width is
given by n,. For ToF* we remove outlier values and only consider values in the
range between 0 ms~! and 15 ms™.

N, (ny)
64 (18.9 [mm|) 32 (9.3 [mm|) 16 (4.5 [mm]) 8 (2.1 [mm])
ToF 2.01 =8.63 4.63£237 28.08 +£24.98 78.13£63.27
ToF* 1.02 £0.69 427+1.71 8.92 £ 1.58 9.48 £ 1.05

ST-2DCNN 0.29 £ 0.26 0.47£0.39 0.67 £0.52 0.80 = 0.62
TC-2DCNN 0.29 £ 0.25 0.49 £0.42 0.83 = 0.60 1.02 £0.72
ST-3DCNN  0.22 +0.26 038+038 058+047 0.74+£0.57

Table 6.15: Number of parameters (#numParam.) for our deep learning ap-
proaches and inference time evaluated on an nvidia TITAN RTX.
inference time [ms| #numParam.

ST-2DCNN 2.49 4 0.05 119 045
TC-2DCNN 2.45+0.05 129 413
ST-3DCNN 2.83 +0.09 243 785
N, = 64 N, =32 N, =16 N, =8
ToF ToF ToF ToF
14.00 20.00 ) 150 250 -
18.00 - 8
2.00 .
' 8 16004 28 #7008 g 8 200
10.00 - 14.00 - 100 4
" i 712,00 A I R i 71507
: TOlcr g pll: njsesgl:
= 7-09 7 IIl 15 10.00 I.J = e = 100 4
59748 I oo - T T 01@
4.56 E I 5.97 1 'I' T |I| H 50
3631 4.56 1 251 L[|
3.63 04T 'I'
2.00 T T T T 2.00 T T T T T T T
7.5 1012515 7.5 1012.515 7.5 1012515 75 1012 515
C [pp] C [pp] C [pp] C [p.p.]

Figure 6.20: Boxplots of the estimated shear wave velocities based on the con-
ventional approach. Note that we use different y-scales for the different number
of piezoelectric elements N,. From left to right, we show values for a decreasing
number of piezoelectric elements, i.e., a reduced lateral imaging width. Figure
adapted from [184].
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Figure 6.21: Boxplots of the estimated shear wave velocities using our deep learn-
ing approaches. From left to right, we show values for a decreasing number of
piezoelectric elements that results in a reduced lateral imaging width.
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Figure 6.22: Boxplots of the MAE of the estimated shear wave velocities using
our deep learning approaches. From left to right, we show values for a decreasing
number of piezoelectric elements that results in a reduced lateral imaging width.
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Discussion

In this experiment, we study shear wave velocity estimation for tissue character-
ization from sequences of US images in an end-to-end fashion and also evaluate
the impact of reduced spatial information. A reduced imaging width is relevant
in clinical application areas, such as laparoscopy, where small US probes in the
range of a few millimeters are required [51,215]. To address the learning task,
we adapt our spatio-temporal architecture concept in a 2D and 3D fashion and
evaluate learning from a lower dimensional space-time map representation and
the entire image sequence.

Considering our first research question of this work, our findings demonstrate that
shear wave velocity can be estimated directly from a sequence of image data in an
end-to-end fashion with our spatio-temporal deep learning architecture concept
within a few milliseconds. Moreover, we find that our architecture concept can
be used and adapted across different lateral imaging widths and input types and
that robust performance can be achieved across a range of phantom elasticities
that result in different shear wave velocities. However, our findings show that
using a reduced lateral imaging width is challenging for shear wave velocity esti-
mation. It stands out that the conventional approach overestimates shear wave
velocity, notably when the imaging width is reduced. These results confirm pre-
vious findings on this topic [241,376]. We also observe that a smaller imaging
width impacts all our deep learning approaches. However, our ST-3DCNN ap-
proach can still differentiate between the groups C' € [7.5,10] and C € [12.5, 15]
even for the smallest lateral imaging width of 2.1 mm for N, = 8, see Figure [6.21]

To perform the learning task, we present and compare different approaches.
Our results demonstrate that shear wave velocity can be estimated from lower-
dimensional space-time map representations with deep learning similar to previ-
ous findings on this topic [225]. However, we find that using the entire spatio-
temporal information from the image sequence performs better. This indicates
that valuable information for the task is lost when the space-time map repre-
sentation is used and that processing the entire available spatio-temporal data
is beneficial. A potential explanation is that the entire available spatio-temporal
data provides a more consistent representation of the shear wave propagation
and thereby, e.g., reduces the effect of noise and artifacts. An additional ex-
planation is that using the entire available spatio-temporal data allows learning
features from both spatial directions while using a space-time map representation
assumes shear wave propagation only along the lateral image axis. Moreover, our
results show that the approach for processing the 3D spatio-temporal data has a
notable impact on the performance. Processing the entire image sequence with
TC-2DCNN, i.e., using the channel dimension of the input as temporal dimen-
sion, even performs worse than using the lower dimensional image representation.
These results indicate that using the channel dimension of the input for temporal
processing is not suitable to capture the complex spatio-temporal dynamics of
the wave propagation and that joint spatio-temporal feature learning should be
performed. We find that ST-3DCNN clearly outperforms all other approaches for
estimating faster shear wave velocities, see Figure
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Overall, considering our first research question, our results highlight that end-to-
end shear wave velocity estimation can be performed with our spatio-temporal
deep learning approach, this includes estimations for small lateral imaging widths.
Considering our second research question, our results highlight that using the
entire spatio-temporal data is beneficial. Comparing different approaches high-
lights that our ST-3DCNN approach shows promising results, outperforming the
approach where the channel dimension is considered as temporal dimension.

6.2.2 3D US-based Elasticity Imaging

In the previous section, we demonstrated that shear wave velocity estimation
could be performed from image sequence with our spatio-temporal deep learning
approach in an end-to-end fashion. However, as outlined in Section [5.2] given
shear wave velocity, it is typically still difficult to estimate actual elastic prop-
erties such as the Young’s modulus. This motivates the question of whether
end-to-end estimation of elastic tissue properties from sequences of US image
data can also be performed with our approach. Parts of this section have been
published in our study presented in [322] ((©)2022 IEEE). The study [322] was a
collaborative study, the development of the experimental setup, data acquisition,
and evaluation with conventional image processing methods were performed by
M. Neidhardt. The aspects regarding spatio-temporal deep learning were devel-
oped and evaluated by the author of this thesis and are in the focus of this work.

Considering our first research question, we study whether entire elasticity maps
can be estimated from real ultrasound SWEI data with spatio-temporal deep
learning. This requires the complex task of end-to-end elasticity estimation from
sequences of image data and thereby circumvents intermediate steps such as shear
wave velocity estimation followed by conversion to elastic properties using me-
chanical models. We systematically study whether our spatio-temporal deep
learning approach generalizes to elasticities not present during training. Also,
we put a focus on the flexibility of our approach and evaluate performance w.r.t.
different US push locations for wave excitation.

Considering our second research question, we address how this task can be per-
formed and how the learning problem can be formulated to obtain entire elasticity
maps with localized estimations. To this end, we present and evaluate a local-
ized training approach. In particular, we train our spatio-temporal deep learning
approach end-to-end to learn the relationship between localized shear wave propa-
gation and local elasticity using localized spatio-temporal windows. Our approach
is visualized in Figure [6.23]
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Figure 6.23: Our approach and architecture for end-to-end localized elasticity
imaging. We estimate a global elasticity map by estimating local elastic properties
E pixel-wise at Vi,j € FOV with our architecture using localized 3D spatio-
temporal windows x; as input. Figure adapted from ((©2022 IEEE).

Definition of the Learning Task

We address the task of estimating local elastic properties of tissue in an end-to-end
fashion using sequences of US images that capture wave propagation over time.
Given a sequence of 2D images, 7, = [z 212 ... 2[] with 2l € Rrwxmwxne
which capture shear wave propagation over time, we try to estimate the elasticity
locally using a spatio-temporal window z, € R™XPwxnexne 7 r. centered at
pixel location o = [i, j]. Hence, we develop and evaluate a spatio-temporal deep
learning approach for learning fg: R™*7wxmxne 4 R An entire elasticity map
can then be estimated by applying our approach pixel-wise, see Figure [6.23]

Experimental Setup and Data Sets

For evaluation of our methods, we use a dataset consisting of 2D US images
over time that capture shear wave propagation in tissue-mimicking gelatin phan-
toms. We use data from phantoms with varying stiffness that results from dif-
ferent gelatin to water ratios. The full dataset consists of gelatin phantoms with
gelatin concentrations C' € [5.0,7.5,10.0,12.5,15.0,17.5] given in p.p.. To obtain
a ground truth elasticity value, i.e., the Young’s modulus for each concentra-
tion, unconfined compression tests are performed using cylindrical phantoms of
each concentration. Details can be found in our corresponding publication [322].
Results for the estimated Young’s moduli are shown in Table [6.16] Note that
the considered elasticity range is similar to values of soft tissue in the litera-
ture [4,[382]. For training and testing of our methods, we consider data from
homogeneous phantoms with a block shape (~ 100 x 100 x 100 mm?) of each
concentration. Moreover, to test our methods on homogeneous phantoms with
stiffer inclusions, we consider data from phantoms with embedded circular inclu-
sions with a radius of approximately 5mm and 10mm. In addition to that, we
also use data from one gelatin phantom with an embedded chicken heart tissue.
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The dataset is acquired with an experimental setup shown in Figure It
consists of a 128-channel ultrasound system (Cicada, Cephasonics Inc), a linear
array probe (128 elements, 0.29 mm pitch, center frequency 7.5 MHz), a serial
robot (UR3, Universal Robots) and a force sensor (Nano43, ATI). Using the
robot, data acquisition is performed at 80 randomly chosen positions for each
gelatin block. At each position, data is acquired for seven different push loca-
tions shown in Figure[6.24] Shear wave excitation is performed with an unfocused
push sequence (120 V, 2000 push cycles, 10 mm depth) using a continuous segment
of 11 piezoelectric elements. The shear wave propagation is imaged with plane
wave imaging with an imaging frequency of 7000 Hz. For data processing and en-
hancement of the scatterer displacement, the Loupas algorithm is applied [289).
Each image sequence x; consists of n; = 35 subsequent images with a FOV of 20
x 33mm and a resolution of 250 x 600 pixels along the depth and lateral axis,
respectively. The corresponding sequence-level ground truth y is given by the
Young’s modulus E, measured for the gelatin concentration of the phantom.

Table 6.16: Estimated ground truth Young’s modulus E for the different gelatin
concentrations C' determined with unconfined compression tests. (Compare [322])
Clpp] 50 75 10 125 15 175
E [kPa] 17.42 37.55 56.04 72.64 97.22 126.05

L US transducer J

Figure 6.24: The setup for ultrasound shear wave data acquisition. (Left) The
experimental setup for data acquisition. (Right) A schematic drawing of the seven
different push locations relative to the ROI that are used for data acquisition. A
push location is indicated by a red cross. Figure adapted from [322] ((C)2022
IEEE).

148



6.2. Dynamic Elastography for Tissue Characterization

Methods

To develop our approach for local elasticity estimation from 3D spatio-temporal
windows, we present both an architecture and a specialized training approach.
Our architecture is based on our CNN concept of this work and is shown in Figure
We explain specific details of our approach in the following paragraphs.

ST-3DCNN. As the backbone architecture of our CNN architecture concept, we
use the concept of DenseNet [210]. We combine our approach with 3D spatio-
temporal convolutions and pooling operations to jointly learn features from space
and time of the spatio-temporal windows z;. This results in a 3D spatio-temporal
CNN, and we consider a spatio-temporal window size of 65 X 65 x n; as the base-
line for our experiments. We also evaluate and compare smaller spatio-temporal
windows x; with a size 33 X 33 x ng, 17 X 17 X ny, 9 X 9 X ny and 5 x 5 X n; with
n; = 35 frames. We use the same architecture for the different spatio-temporal
window sizes, except that we adapt the spatial kernel stride of our architecture
in Figure [6.23] i.e., we use a spatial stride of one for the spatio-temporal window
sizes of 9 x 9 x 35 and 5 x 5 x 35.

Architecture Details. For our ST-3DCNN architecture we use three initial con-
volutional layers with 24 feature maps each, followed by three DenseNet blocks

with four convolutional layers each with a growth rate of 10. Further details are
given in Figure[6.23] All methods are implemented in PyTorch.

Patch-Wise Training. We train our network using homogeneous phantoms, and
hence we assign the corresponding ground truth elasticity Eg of a corresponding
phantom to a spatio-temporal window z;. For training, we minimize the MSE
loss function between the defined target ground truth elasticity Ey and our es-
timated elasticity £, based on a spatio-temporal window. In this way, we train
our network to learn the relationship between elasticity and shear-wave propa-
gation for a small local region in an end-to-end fashion. Each network is trained
for 250 epochs with a batch size of m;, = 250 using Adam [242] for optimization
with a learning rate of Ir = 0.0001. We divide the learning rate after 150 epochs
by a factor of two every 50 epochs. For training of our approaches, we consider
spatio-temporal windows z; that are located within a defined ROI with a size
of 121 x 181 pixels (10 x 12 mm?), see Figure . In each training epoch, we
consider one spatio-temporal window z; with a random location within the ROI
from every image sequence x; in our training data set. We normalize the pixel
intensities of each input Z; to have a zero mean and standard deviation of one.
We apply horizontal and vertical flipping, multiple 90° rotations, Gaussian blur,
and randomized input erasing of the input data for data augmentation.

ToF'. For comparison, we consider the results of a ToF approach performed simi-
lar to Song et al. [425]. Shear wave velocity estimation is performed by dividing
a known travel distance with the time difference of two signals [45,424.425/|452].
Estimations are performed based on a cross-correlation of the time-varying signals
measured at an equivalent distance of 65 pixels along the lateral axis. Estimates
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which are not in the physically plausible range of 0.1ms *-10ms~! are consid-

ered failed estimates. After shear wave velocity estimation, the Young’s modulus
is related using
EToF = QE P 2(1 + V) . U2 (65)

with the density p = 1000 kgm~2 and the Possion’s ratio v = 0.5 [390]. A scaling
factor 0 € R, is used to correct for constant errors between the estimates Fr,p
and the ground truth Young’s modulus E, measured with indentation experi-
ments. Minimizing the offset between Er,r and Ey yields g = 0.75 for the
dataset.

Performance Measure - Evaluation and Metrics

We evaluate our approach with two training scenarios, with and without all elas-
ticities present during training. For the first scenario, we split our data based on
the 80 different positions used for data acquisition of each phantom. We perform
four-fold cross-validation, and in each fold, we randomly split the data and use
data from 60 positions of each phantom for training and data from 10 positions
each for validation and testing.

Second, we systematically leave out elasticities during training to test our ap-
proach on unseen elasticities. To this end, we perform cross-validation and leave
out the entire data of one gelatin concentration, i.e., elasticity. Thereby, we eval-
uate our approach to interpolate between different elasticities. We do not leave
out the boundary elasticities, i.e., C' =5 p.p. and C' = 17.5 p.p., to avoid out
of distribution estimations for the regression task. This results in four-fold cross-
validation, and in each fold, we split the data and use 50% of the data for testing
and 50% for validation.

For all our training scenarios, we remove push at locations one and seven com-
pletely from our training data. We perform this step to evaluate our approach on
unseen push locations further away from the ROI. For evaluation of our approach
using inclusion phantoms, we train the network for additional 10 epochs with
inhomogeneous phantom data to account for wave reflections at boundaries that
are not, present in homogeneous phantoms.

We consider the MAE between the estimated and ground truth elasticity as eval-
uation metric. In addition to that, we also report the pCC, inference time, and
throughput for our deep learning methods. For our inclusion phantoms, we also
report the Dice coefficient to evaluate the segmentation performance of the stiffer
inclusions.

Results

We report the pixel-wise MAE of ST-3DCNN for our ROI w.r.t. the different
push locations and elasticities in Figure [6.25, For comparison, we also report the
results of the ToF approach. Our results show that considering all elasticities
during training leads to a lower MAE compared to the scenario where we system-
atically leave out elasticities. For both scenarios, our results show that the MAE
is independent of the push location and that the MAE increases with increasing
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elasticity. Figure [6.26] visualizes the estimations of our ST-3DCNN in compar-
ison to ToF. For this and the following evaluations, if not indicated otherwise,
we consider the training scenario, where we leave out the evaluated elasticities.
Figure further highlights that ST-3DCNN leads to consistent estimations,
independent of the push location, and also allows for estimations inside the push
location, where the ToF approach fails completely. We also report results for the
entire FOV using push one, four, and seven in Figure Note that push one
and seven are not considered during training and that we train our approach only
based on data within the ROI. Our results show that robust estimations with a
low standard deviation can also be performed outside the ROI and for the push
locations that have not been considered during training. However, our results
show that for lower phantom elasticity (37.55kPa) estimations far away from the
push location become difficult for ST-3DCNN and ToF, i.e., our results show a
high standard deviation.

40 40
35 35 1
30 A 30 4

37.55  56.04 72.64 97.22 2 3 4 5 6
Phantom Elasticity (E) [kPa] Push Location

Figure 6.25: Localized elasticity estimation performance. (Left) MAE w.r.t. dif-
ferent phantom elasticity, considering the results of all push locations. (Right)
MAE w.r.t. the different push locations. (Red) Spatio-temporal CNN, where eval-
uated elasticity is left out during training; (Blue) Spatio-temporal CNN, where
evaluated elasticity is also present during training; (Grey) ToF, note failed esti-
mations are excluded. Figure adapted from [322] ((©)2022 IEEE).

Moreover, we report the performance for different spatio-temporal window
sizes in Table [6.17] Our results show that the largest window size performs best
and that performs gradually reduces for a reduced window size. The largest
spatial input size of 65 x 65 pixels (~ 4 x 5mm?) improves performance by 30%
compared to the smallest spatial size of 5 x 5 pixels (~ 0.32 x 0.4 mm?). However,
this comes at the cost of a notably reduced throughout.

151



Chapter 6. Experiments and Evaluations
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Figure 6.26: Localized elasticity estimation performance. Estimations of the
Young’s modulus with our ST-3DCNN approach (left) and with the conventional
ToF method (right) for different push locations and ground truth elasticities (dif-
ferent rows). The push location is indicated by the black dashed line for push 2
(left line), 4 (middle line), and 6 (right line). For each pixel, we show the mean
Young’s modulus across our different measurements of the test dataset. Failed
estimates are indicated in gray; the black square indicates the ROI with a size
of 10 x 12 mm?. We use a spatio-temporal window size of 65 x 65 x 35. Figure
adapted from ((©)2022 IEEE).

Table 6.17: MAE and pCC for different window sizes using our ST-3DCNN ap-
proach. Throughput denotes the number of positions, i.e., pixel locations, for
which elasticity can be estimated within one second using an nvidia Tesla V100-
SXM2-32GB with a batch size of m;, = 500. (Compare ((©2022 IEEE))

np X,  MAE [kPa]  pCC [%] Throughput [pixels/s]

65 x 65 9.99£749 93.39 508
33 x33  10.64 £7.48 88.55 1688
17x 17  11.83£8.25 87.54 2348
9%x9 12.63 £ 9.01 86.53 5651
5 XD 14.40 £10.82  72.81 15745
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ST-3DCNN

72.64 kPa

37.55 kPa

op [KPA]

72.64 kPa

37.55 kPa

Figure 6.27: Localized elasticity estimation for the entire FOV for three different
push locations (columns) and different elasticities (rows). We show the standard
deviations (og) of the pixel-wise estimated Young’s moduli across our different
measurements of the test dataset. The black rectangle indicates the ROI used for
training. The black dashed line indicates the push locations. From left to right,
we report results for push location one, four, and seven. We use a spatio-temporal
window size of 65 x 65 x 35 pixels. Figure adapted from (©2022 IEEE).

Furthermore, we show results for the phantoms with embedded cylindrical
inclusions in Figure [6.28 and report corresponding performance metrics in Table
and Table |6.19, For each phantom, we consider the mean of the estimations
across nine push and imaging sequences, and we consider the training scenario
where all elasticities are present during training. For the estimation of the Dice
coefficient, we use the mean Young’s modulus of inclusion and background as the
binarization threshold. We also provide estimations for a varying binarization
threshold in Figure [6.29] Our results show that also high performance can be
achieved for inclusion phantoms with ST-3DCNN, outperforming the ToF ap-
proach. Lastly, we report the results for the phantom with the embedded chicken
heart tissue in Figure Note that we do not have ground truth values for the
elasticity of chicken heart, and hence we do not provide any performance metrics.
Our results show that also for such a phantom, estimations are feasible with our
approach.
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Figure 6.28: Localized elasticity estimation for the different phantoms with stiff
inclusions, shown in the different columns. The results show the estimations
for the entire FOV. The first five columns show the result for our ST-3DCNN
approach with different spatio-temporal window sizes. The last column shows
the ToF results. We indicate the shape of the inclusion with a dashed line. The
ground truth elasticity of the backgrounds of the phantoms is 37.55 kPa and the
inclusions have a ground truth elasticity of 97.22 kPa. Figure adapted from |322]
((©2022 IEEE).

Table 6.18: Performance metrics for inclusion (in) and background (bg) with the
corresponding mean g for all five inclusion shapes. Results are shown for spatio-
temporal windows with a size of 65x65 pixels. The inclusion shapes are displayed
in Figure with, e.g., column one referring to phantom #1. (Compare
((©2022 IEEE))

Method # MAE,, [kPa] MAE,, [kPa] Dice
1 1016+13.13 0974230 0.93
2 19.524+19.06 1.06+3.25 0.81
3 4.70+8.32 242+ 501 0.98
ST-3DCNN 4 5.50=+10.98 2.13+£5.25  0.96
5  6.11=+11.51 2.27+584 0.95
u 7.50+12.87 1.64+4.32 0.93
1 1539+10.14 9.19+10.09 0.79
2 13.284+10.38 837+0.89 0.85
ToF 3 17144966 14494924 0.89
4 13874+9.05 13.60+9.77 0.93
5 19.91+10.15 11.99+10.89 0.86
4 16.28+10.05 11.11+10.08 0.86
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Table 6.19: Performance metrics for all inclusion shapes reported for the inclusion
(in) and background (bg) with all studied spatio-temporal window sizes. (Com-

pare (©)2022 IEEE))

np X Ny,  MAE;, [kPa] MAE,, [kPa] Dice
65 x65 750+12.87 1.64+432 0.93
33 x33 11.45+13.55 1.91+£5.05 0.90
17 x 17 14.29 £13.59 4.21+7.81 0.86
9x9 2274 +14.43 530754 0.75
5xX5H 29.68 £13.84 6.37x£7.47 0.60

1.0
0.8 /
2 0.6 -
]
&
3
© 044 — ST-3DCNN (65 x 65)
= —— ST-3DCNN (33 x 33)
—— ST-3DCNN (17 x 17)
029 —— ST-3DCNN (9 x 9)
—— ST-3DCNN (5 x 5)
004 — ToF
T T T T T
40 50 60 70 80 90

Binarization Threshold [kPa]

Figure 6.29: Segmentation performance vs. binarization threshold. Results are
shown for ToF and our ST-3DCNN approach using different spatio-temporal win-
dow sizes. We show the mean value for all inclusion phantoms. Figure adapted

from (©2022 IEEE).
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ST-3DCNN ToF

E [kPA]

Figure 6.30: Localized elasticity estimation for a gelatin phantom with an em-
bedded chicken heart tissue with ST-3DCNN and ToF. We show the estimations
for the entire FOV and indicate the position of the chicken heart tissue with a
dashed circle. The background of the phantom has a ground truth elasticity of
37.55 kPa. Figure adapted from [322] ((©)2022 IEEE).

Discussion

In this experiment, we study localized elasticity estimation from sequences of
US images with our spatio-temporal deep learning approach. To this end, we
present an architecture and training concept and evaluate the performance on
gelatin phantoms considering various push locations and elasticities. We train
our approach to estimate the Young’s modulus as a surrogate for tissue elasticity
in an end-to-end fashion. Thereby, we simplify the traditional data processing
pipeline, which typically includes shear wave velocity extraction and subsequent
estimation of the Young’s modulus [7},236,/547].

Our results demonstrate that localized elasticity estimation can be performed
with our ST-3DCNN and our training approach across a wide range of elastici-
ties. Our findings also highlight that the estimation of elasticity in stiffer phan-
toms with ST-3DCNN is consistent, which is known to be challenging [104,225],
304,376,403}, 481]. These findings demonstrate that the complex relationships of
elasticity and spatio-temporal features of the wave propagation can be learned
with our approach in an end-to-end fashion. Moreover, our results demonstrate
that estimations can be performed independently of the relative push location
and also for push locations that have not been considered during training. These
results further indicate that the underlying spatio-temporal relationships of the
wave propagation can be learned well from the sequences of image data allowing
for robust and high performance. Furthermore, we compare the training scenario
where we consider all elasticities during training compared to the case where we
systemically leave out elasticities that are considered for evaluation. As expected,
our results show that estimating known elasticities improves the performance of
our ST-3DCNN approach, and in this training scenario, our approach outperforms
ToF substantially across the entire range of elasticities. Note that for future appli-
cations additional elasticities can be integrated in the training dataset. However,
our results show that even elasticities that have not been considered during train-
ing can be estimated. This is an important property of our approach to provide
consistent results across a continuous range of elasticities. Also, note that the
ToF approach leads to failed estimates, while our ST-3DCNN approach provides
consistent results across all our experiments. Figure [6.26] highlights that with
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ST-3DCNN, we can perform estimations even within the push location and our
results show that also these complex spatio-temporal relationships can be learned
in an end-to-end fashion. These results are an interesting finding and valuable
contribution considering that such aspects have not been studied in any previous
work that uses deep learning methods in combination with simulated data [3],464].
Although our results demonstrate that estimations can be performed with ST-
3DCNN for a much larger FOV than the ROI that is considered for training,
estimations show an increased standard deviation with an increased distance to
the push location, see Figure These results are similar to the ToF approach.
These findings indicate that our approach fails when no or limited displacement
information is present in the data, highlighting that the actual spatio-temporal
relationships of the wave propagation are learned and used by ST-3DCNN. Simi-
lar, these results show that our approach does not rely on other phantom specific
characteristics that would be independent of the distance to the push location.

Considering our second research question, we present and study a localized train-
ing approach. We evaluate whether the spatio-temporal relationships required for
localized elasticity estimation can be learned from small localized spatio-temporal
windows. In this context, we systematically compare different spatio-temporal
window sizes. Our results show that increasing the spatial window improves
the performance, see Table [6.20] These results are also similar to our findings
from the previous Section[6.2.1] where the results demonstrated that performance
decreases for smaller lateral imaging width. However, our results show that real-
time estimations could become difficult for pixel-wise estimations for a large FOV
using the largest spatio-temporal window size that results in a throughput of 508
pixels/s for our current hardware setup, see Table . Hence, using a smaller
window size such as 33 x 33 pixels might be a good trade-off between performance
and inference time. Another approach could be to downsample the 65 x 65 pixels
spatio-temporal window to 33 x 33 pixels. Also, computations could be shared
across overlapping regions during testing to improve the throughput [405]. More-
over, only sparse estimations could be performed for a FOV, e.g., only estimations
for every nth pixel could be performed, and thereby similar inference times can be
achieved for different FOVs sizes. Also, more powerful hardware could be used,
and estimations could be performed in parallel using multiple GPUs. Thus, our
approach can be scaled effectively, and estimating an entire elasticity map within
a few milliseconds could be achieved. Evaluating such aspects that improve the
efficiency of our approach is an interesting direction for future work.

We also evaluate our spatio-temporal deep learning approach on gelatin phantoms
with stiff inclusions. Our results show that estimations for inclusion phantoms
can be performed, outperforming the ToF approach. Also, our results demon-
strate that elasticity estimation for a phantom with an embedded chicken heart
is also feasible, although training is performed only on gelatin phantoms. This
further indicates that our spatio-temporal deep learning approach generalizes well
and that the underlying spatio-temporal relationships of wave propagation and
elasticity can be learned with our approach. Considering that we use different
spatio-temporal window sizes, a smaller spatial area could lead to more distinct
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boundaries. However, our results show that an increased window size leads to
more consistent estimations and overall the boundary is more distinctly visible,
see Figure [6.28] These results indicate that the reduced performance of smaller
spatio-temporal windows outweighs the benefit that could result from more local-
ized estimations. An interesting direction for future work could be a multi-scale
approach where different resolutions are processed end-to-end at the same time.

Overall, considering our first research question and our results, our results high-
light that end-to-end estimation of localized elasticities can be performed from
sequences of US images with spatio-temporal deep learning, independent of the
wave propagation direction in an end-to-end fashion. Considering our second
research question, our findings demonstrate that with our localized training ap-
proach and our ST-3DCNN architecture the relationship between localized shear
wave propagation and local elasticity can learned with high performance. Our
results highlight that more consistent and robust results can be achieved in com-
parison to the conventional approach.

6.2.3 3D OCT-based Elasticity Imaging

In this section, we evaluate our spatio-temporal deep learning approach combined
with sequences of 2D OCT images for the task of elasticity imaging. Parts of this
section have been published in our study presented in [323] ((©)2020 IEEE). The
study [323] was a collaborative study, the development of the experimental setup,
data acquisition, and evaluation with conventional image processing methods were
performed by M. Neidhardt. The aspects regarding machine learning and deep
learning were developed and evaluated by the author of this thesis and are in the
focus of this work.

Considering our first research questions, we address whether material properties
can also be estimated directly from sequences of 2D OCT data in an end-to-end
fashion using our spatio-temporal deep learning approaches. Considering the fast
acquisition rate of OCT, this requires processing and learning from several hun-
dreds of images. We also contribute to the question of whether similar concepts
can be shared across different imaging modalities and use similar architecture
concepts as for US data processing. In addition to that, we evaluate whether
such an approach can generalize to unknown elasticities.

Considering our second research question, we present and compare several spatio-
temporal deep learning models. Similar to our experiments using 2D US data, we
try to learn from sequences of entire images, i.e., sequences of 2D OCT data, and
compare the performance to lower dimensional space-time map representations
that are widely adopted by conventional approaches [329,(547]. For comparison to
our end-to-end approach, we also study material property estimation using shear
wave velocity as an explicit feature combined with machine learning methods.
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Definition of the Learning Task

Our task is to estimate material properties directly from sequences of 2D OCT
images x, = [z 21 zl"] with 2l € Rm»*mwxne which capture displacement
information over time resulting from wave propagation. We consider gelatin con-
centration C' € R, of phantoms as surrogate value for material properties. As
a first approach, we consider shear wave velocity v € R, as an explicit feature
estimated with conventional methods and try to learn the mapping from shear
wave velocity to gelatin concentration with machine learning regression methods.
Hence, we try to learn the mapping fo,: R — R. As a second approach, we use
a lower-dimensional representation that is typically used for shear wave velocity
estimation [329,547]. Here, we try to learn a function fo,: R™ ™% — R. As
a third approach, we define an end-to-end regression task, and we try to esti-
mate gelatin concentration directly from the entire image sequence. Hence, we
try to learn a function fg,: R™Xmexnexne 5 R Thereby, we map an input
image sequence directly to gelatin concentration C' without feature selection or
assumptions about the wave propagation.

Experimental Setup and Data Sets

For training and evaluation of our methods, we use a dataset consisting of 2D
OCT images over time that capture wave propagation in tissue-mimicking gelatin
phantoms. We use data from phantoms with varying stiffness that results from
different gelatin to water ratios. The full dataset consists of gelatin phantoms
with gelatin concentrations C' € [4.2,4.8,5.6,6.7,8.3,11.1] given in p.p. and we
use data from two phantoms per gelatin concentration. The dataset is acquired
with an experimental setup shown in Figure It consists of a high-speed
swept-source OCT device (OMES, Optores), a clinical needle attached to a piezo-
electric actuator, and a robot (IRB 120, ABB) for automatic placement of the
needle. For imaging, 2D OCT images are acquired at a scan rate of 30 kHz with
an effective size of 32 x 250 pixels along lateral and depths axis, respectively, and
a FOV of approximately 3 x 2 mm? in air.

For data acquisition, the robot inserts the needle within a gelatin phantom, and
shear wave excitation is performed by vibrating the needle with a frequency of
100 Hz using a single burst function. A random time delay between OCT data
acquisition and shear wave excitation is used to increase the variance of the data.
We consider data from each phantom using two different orientations w.r.t. the
FOV of the OCT, and for each orientation, we use data for four different needle
positions 5 mm, 10 mm, 15mm and 20 mm relative to the FOV, see Figure [6.31]
For each combination of needle position and sample orientation, four measure-
ments are used. Overall, this results in the full dataset with 64 2D OCT image
sequences x; for each concentration. All our methods are trained and evaluated
with the unwrapped phase information of the OCT data.

Moreover, conventional shear wave velocity estimation is performed for the dataset
similar to [329]. The displacement resulting from the wave propagation is visu-
alized by calculating the phase difference of subsequent B-scans. Afterwards,
values are averaged along the the axial z-direction, which results in a 1D+t rep-
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resentation and we refer to this input as x; € R™*™>1 Afterwards, shear wave
velocity is estimated by performing a linear regression of the wave peaks in the 2D
space-time image representation. The slope of the regression corresponds to the
shear wave velocity. Results of the conventional shear wave velocity estimation
are shown in Figure [6.32

In summary, our dataset consists of 2D OCT image sequences with n, = 400
B-scans, each corresponding to 13.3 ms. In addition to that, shear wave velocity
v information is available for each sequence x;. The sequence-level label y is given
by the gelatin concentration C' of the phantom.
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Figure 6.31: Experimental setup for data acquisition with a robot, piezoelectric
actuator and needle, OCT scan head, and gelatin sample. For data acquisition
shear wave excitation is performed at four different positions relative to the FOV.

Figure adapted from [323] ((©)2020 IEEE).
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Figure 6.32: Results of the feature extraction, i.e., estimated shear wave velocities
v for the different gelatin concentrations C. Figure adapted from [323] ((©)2020
IEEE).
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Methods

To estimate gelatin concentration from a sequence of 2D OCT images, we con-
sider three different strategies shown in Figure[6.33] We develop all these methods
based on our spatio-temporal CNN concept of this work. As our backbone ar-
chitecture, we use the idea of DenseNet [210]. To address our aforementioned
learning task, we adapt and evaluate our approach in a 2D and 3D fashion. Spe-
cific details of our approaches are given in the following paragraphs.
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Figure 6.33: Our approaches for material property estimation from sequences of
2D OCT images that capture displacement information over time. We consider
gelatin concentration C' as a surrogate for a material property. (A) We follow the
conventional pipeline and extract shear wave velocity and apply various machine
learning methods for conversion of the velocity v to gelatin concentration. (B) We
use a lower dimensional space-time map extracted from the image sequence and
use a ST-2DCNN approach. (C) Our approaches, ST-3DCNN and TC-2DCNN,
estimate gelatin concentration end-to-end from the original image sequence. The
output of our methods is indicated by C'. Note that our actual images are gray-
scale and colored inputs are only shown for improved visualization.
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LR, SVR-RBF, MLP. First, we consider shear wave velocity as an explicit
feature for our task. For conversion of the estimated shear wave velocities to our
surrogate material parameter, i.e., gelatin concentration, we consider three ma-
chine learning approaches. To perform a simple linear regression from shear wave
velocity to gelatin concentration, we use linear regression (LR). Next, we consider
non-linear regression approaches and use support vector regression (SVR) with
a Gaussian kernel (RBF) as well as multi-layer fully connected neural networks
(MLP). We evaluate two MLP configurations using two hidden layers and con-
sider 250 and 500 hidden units in each layer.

ST-2DCNN. Second, we circumvent the feature extraction step, i.e., shear wave
velocity estimation, and try to estimate the gelatin concentration directly from
the lower-dimensional 2D space-time map representation of the image sequence.
To address this learning task, we use our CNN architecture concept with 2D
convolution and pooling operations. In this way, we can process the 2D image
representation with our network in an end-to-end fashion.

TC-2DCNN. Third, we also circumvent the reduction of the dimensionality and
try to learn from the original image sequence in an end-to-end fashion. As a first
baseline approach, we use the concept where the input’s channel dimension is
considered a temporal dimension. In this way, we can still use 2D operations for
our CNN architecture while learning from the entire sequence of 2D images.

ST-3DCNN. Fourth, we evaluate full spatio-temporal feature learning from the
entire OCT image sequence and combine our CNN architecture concept with
3D spatio-temporal convolutions and pooling operations. Hence, this approach
uses the entire sequence as input and thereby uses the entire spatial and tempo-
ral information of the wave propagation. Note that average pooling layers with a
temporal stride and kernel larger than one are an effective way to reduce the com-
putational efforts that result from the large number of OCT images. However,
it also downsamples the temporal dimension and might reduce the performance.
Hence, we also evaluate the case where we set the temporal stride to one. We
refer to this scenario as w/o.

Architecture Details. Our CNN architectures consist of one initial convolutional
layer with eight feature maps. We use a kernel stride of four and two for the
temporal and spatial dimensions, respectively, in the first layer for downsam-
pling. The initial convolutional layer is followed by three DenseNet blocks with
a growth rate of six and three layers each. We connect the DenseNet blocks with
transition layers and use a kernel and stride of four and two for the temporal
and spatial dimensions, respectively, for the average pooling layer. We use a ker-
nel size k = k,, x k, x k; for our spatio-temporal convolutions with k; = 5 and
k. = k, = 3 for the temporal and spatial dimensions, respectively. Note for our
ST-2DCNN approach, we use a similar architecture but use 2D spatio-temporal
kernels, i.e., k = k, x k; = 3 x 5. For our TC-2DCNN approach, we use 2D
spatial kernels & = k,, X k;, = 3 x 3. To reduce the computational efforts when
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learning from the entire image sequence, we downsample the input images to a
spatial size of 32 x 32. All methods are implemented in PyTorch.

Training. We train our methods for 300 epochs with a learning rate of Ir = 0.001
and use the MAE loss function between the ground truth C' and estimated gelatin
concentration C'. During training, we evaluate the performance of a network every
ten epochs on the validation set and use the best network for our final evaluation
on the test dataset. We normalize our inputs to have a zero mean and standard
deviation of one. We use the Adam optimizer [242] with a batch size of m;, = 15.

Performance Measure - Evaluation and Metrics

We apply a two-fold cross-validation approach to test our different methods on
previously unseen gelatin phantoms. For each fold, we leave out the data of one
gelatin phantom of each concentration for testing and use 75% of the remaining
data for training and 25% of the data for validation. Also, we evaluate our best
performing approach in the case where the evaluated concentration is left out
during training. Here, we perform a five-fold cross-validation approach and leave
out the data of an entire concentration for testing, and use 75% of the remaining
data for training and 25% of the data for validation. Note, we do not perform
cross-validation on the border concentrations, i.e., C' = 4.2 p.p. and C' = 11.1
p.p., to avoid out of distribution predictions, i.e., extrapolation. For evaluation,
we consider the regression metrics MAE, rMAE, and pCC. We test for significant
differences in the median of the MAE of our methods using the Wilcoxon signed-
rank test with a significance level of o = 5%.

Results

Performance metrics for our approaches are reported in Table for the sce-
nario where all concentrations are present during training. Considering the entire
range of concentrations, our results show that our deep learning methods signif-
icantly (p < 0.05) outperform the conventional machine learning methods that
use shear wave velocity as an explicit feature. Using shear wave velocity as an ex-
plicit feature leads to similar performance for all methods, while linear regression
performs worst and SVR-RBF performs best. Consistently across all metrics, our
ST-3DCNN approach performs best, followed by our ST-2DCNN approach, TC-
2DCNN performs the worst. Our results also show that the performance of our
networks without temporal pooling (w/o) is reduced compared to our networks
with temporal pooling.

Estimated gelatin concentrations and MAE w.r.t. gelatin concentration for the
different methods are given in Figure and Figure [6.35] respectively. Our
approaches that use shear wave velocity as an explicit feature show a low MAE
for C' < 5.6. p.p.. However, the MAE increases substantially with an increasing
gelatin concentration. Similar, the MAE increases notably for the higher concen-
trations using our ST-2DCNN approach that uses the lower dimensional image
representation. Considering the results for the higher concentrations C' > 5.6.
p.p-, our approach ST-3DCNN still shows good performance and performs best.
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For the lower concentrations, there is no substantial difference between our deep
learning methods. Furthermore, we evaluate our best performing approach ST-
3DCNN, where the evaluated gelatin concentration is left-out during training,
see Figure [6.36] The results demonstrate unknown gelatin concentrations can be
estimated with a MAE< 1 p.p. for C' < 8.3 p.p.. However, the performance
decreases compared to the scenario where all concentrations are present during
training, especially for the stiffer phantoms. Lastly, inference times and the num-
ber of parameters for our deep learning approaches are given in Table [6.21]

Table 6.20: Results for gelatin estimation for the different methods. w/o refers
to a network without temporal pooling.

Input MAE [p.p.] rMAE pCC [%)]
LR veR, 1.16 £1.22 0.45£0.47 76.15
SVR-RBF veR, 0.924+1.02 0.354+0.39 84.95
MLP-250 veR, 0.96+1.01 0.374+0.39 84.44
MLP-500 veR, 0.93+1.01 0.36 +0.40 85.44
ST-2DCNN (2D) 1D+t 0.58 £0.78 0.22+0.30 92.78
ST-2DCNN w/o (2D) 1D+t 0.75+£0.92 020+£0.35  89.11
TC-2DCNN (3D) 2D+t 0.65+1.03 0.25+0.40 88.15
ST-3DCNN (3D) 2D+t 0.44+0.50 0.17+0.19 96.76
ST-3DCNN w/o (3D) 2D+t 0.93+£1.03 0.36+040  84.96

Table 6.21: Number of parameters (#numParam.) for our deep learning ap-

proaches and inference time evaluated on an nvidia TITAN RTX.

inference time [ms| #numParam.
ST-2DCNN 1.92 +0.02 18857
ST-2DCNN w/o 1.95£0.07 18857
TC-2DCNN 1.93 £0.03 47537
ST-3DCNN 2.19 £ 0.06 65753
ST-3DCNN w/o 5.43 £ 0.03 65753
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Figure 6.36: MAE with 95 % confidence intervals over gelatin concentration.
(Red) ST-3DCNN where evaluated elasticity is left out during training; (Blue)
ST-3DCNN where evaluated elasticity is also present during training.

Discussion

In this experiment, we study our spatio-temporal deep learning approach to es-
timate material properties end-to-end from sequences of 2D OCT images that
capture shear wave propagation over time. For comparison, we consider con-
ventional regression methods combined with feature extraction. As a feature for
this task, we consider shear wave velocity estimated from the image data with
a conventional ToF approach. Our results show that the estimated shear wave
velocities are affected by noise, and differentiating the gelatin concentration with
C > 8.3 p.p. seems to be difficult, see Figure [6.32] This highlights once again
that shear wave velocity estimation itself is already a challenging task influenced
by image artifacts and measurement noise. Naturally, noisy shear wave velocity
estimations also affect the performance of methods that use shear wave velocity
as an explicit feature. Our results show that conventional regression methods can
lead to good results for the softer phantoms, i.e., C' = 4.2 p.p. or C' = 4.8 p.p..
However, estimating the gelatin concentration for the stiffer phantoms becomes
difficult. In fact, none of our conventional regression approaches shows good per-
formance for C' = 11.1 p.p., see Figure [6.34] This can be explained by the shear
wave velocity estimation results, where the shear wave velocity estimations for
C > 4.8 p.p. notably overlap. These results confirm our assumption that end-
to-end processing of the data should be performed to overcome limitations and
errors of the feature extraction process.

Our ST-2DCNN approach, which uses the same data representation that was
used for shear wave velocity extraction, already demonstrates improved perfor-
mance. This highlights that more robust and effective features can be learned
end-to-end from data. The performance is increased even further with our ST-
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3DCNN approach that uses the entire sequences of image data and where joint
spatio-temporal feature learning is performed. While our deep learning meth-
ods perform similar for the lower concentrations, ST-3DCNN outperforms all
other methods for the higher concentrations. Across our different deep learning
methods, we find that TC-2DCNN performs worst similar to our experiments
in Section [6.2.1] These results further confirm our findings that spatio-temporal
processing with such an approach is not ideal for learning the complex and rich
features of shear wave propagation. We further study temporal processing with
our ST-2DCNN and our ST-3DCNN approach and evaluate the effect of tempo-
ral pooling. This becomes relevant due to the large number of OCT images of a
sequence (n; = 400). We find that temporal pooling is essential to achieve good
performance. ST-3DCNN without temporal pooling with a MAE of 0.93 + 1.03
p.p.- performs worse than our conventional regression methods, see Table [6.20]
One possible explanation is that temporal pooling might act as regularization
and hence improves performance. Also, temporal pooling increases the effective
receptive field more quickly, which could lead to the performance improvements
considering that the sequences consist of several hundreds of images. In summary,
we find that our spatio-temporal deep learning approaches outperform the con-
ventional pipeline, and ST-3DCNN performs best, clearly outperforming all other
methods for stiffer phantoms. Hence, considering our second research question
of this work, these results highlight the benefit of joint spatio-temporal feature
learning in an end-to-end fashion using our ST-3DCNN approach. However, our
results also show that using ST-2DCNN with a lower-dimensional space time map
representation is also a viable approach. Further evaluating and comparing both
methods using a large-scale dataset that also contains additional elasticities is an
interesting direction for future work. We also evaluate ST-3DCNN to interpolate
between gelatin concentrations, see Figure [6.36 However, our results show that
this is a more challenging scenario, and performance decreases compared to the
case where the evaluated gelatin concentration is also present during training.
Notably, the performance decreases substantially with increasing gelatin concen-
tration, i.e., faster shear wave velocity, similar to the conventional shear wave
velocity estimation. This highlights the difficulty of the task and indicates that
there there are complex spatio-temporal relationships that are difficult to gener-
alize. These spatio-temporal relationships are likely influenced by artifacts that
result from the acquisition process of OCT images, where an image is generated
line-by-line. Still, when present during training, these relationships can be well
captured with our ST-3DCNN approach. Further studying aspects w.r.t. data
acquisition is an interesting direction for future work.

Overall, considering our first research question, our results show that using shear
wave velocity as an explicit feature for tissue characterization is challenging, and
that spatio-temporal deep learning presents a promising and simpler alternative
to the conventional signal processing pipeline. Considering our second research
question, performing this task in an end-to-end fashion directly from the sequence
of image data, and learning spatio-temporal features jointly turns out to be most
effective, especially for stiffer elasticities and resulting faster shear waves.
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6.2.4 4D OCT-based Elasticity Imaging

In this experiment, we address elasticity estimation from a sequence of volumetric
OCT images using reverberate or diffuse wave fields. This is motivated by the
advantages that result from such an approach, such as a higher ratio of shear
waves in tissue and elasticity estimation independent of the wave propagation
direction [549]. Parts of this section have been published in our study presented
in [324]. The study [324] was a collaborative study, development of the experi-
mental setup and data acquisition were performed by M. Neidhardt. The aspects
regarding spatio-temporal deep learning were developed and evaluated by the au-
thor of this thesis and are in the focus of this work.

Considering our first research question of this work, we study whether end-to-end
elasticity estimation can be performed with our spatio-temporal deep learning
approaches using diffuse wave fields and 4D spatio-temporal OCT data. Using
such data that captures wave propagation entirely over space and time, we also
contribute to the questions of whether estimations can be performed independent
of the wave propagation direction and whether elasticities can be estimated that
have not been used during training despite the challenging scenario.

Considering our second research question, we present and compare several differ-
ent approaches that are based on our spatio-temporal deep learning architectures.
We analyze how spatio-temporal feature learning can be performed, and evaluate
to estimate elasticity from entire 4D OCT sequences using different concepts for
processing the data.

Definition of the Learning Task

For our study, we consider tissue-miking gelatin phantoms with varying stiffness
and consider gelatin concentration C' € R, as surrogate value for material prop-
erties. We try to estimate material properties end-to-end from a sequence of 3D
OCT images z; = [z, 21, ... 2] with 2l € Rrxmwxnaxne which capture dis-
placement over time resulting from a reverberate wave field. Formally, we try to
learn a function fg,: R XMwxnaxnexne R,

Experimental Setup and Data Sets

For evaluation of our methods, we use a dataset consisting of volumetric OCT
images over time that capture wave propagation in tissue-mimicking gelatin phan-
toms. We use data from homogeneous phantoms with varying stiffness that results
from different gelatin to water ratios. The full dataset consists of gelatin phan-
toms with gelatin concentrations C' € [5,7.5,...,20.0] given in p.p.. For each
concentration, we use data from six phantoms. The dataset is acquired with an
experimental setup shown in Figure It consists of a high-speed swept-source
OCT system (OMES, OptoRes), a clinical needle attached to a piezoelectric actu-
ator, and a robot (H-820.D1, Physik Instrumente). For data acquisition, C-scans
are acquired with a temporal rate of 831 Hz and volume size of 3 x 3 x 2 mm?
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in air (32 x32x470 voxels) along the x, y, and z-axis, respectively. For each
phantom, a sequence of volumetric images is acquired at the 52 positions shown
in Figure [6.37 At each FOV position, a sequence of n, = 90 OCT volumes is
recorded, resulting in 4D spatio-temporal data of the wave propagation. Shear
wave excitation is performed by vibrating the needle with 100 Hz and using the
robot, data is acquired at the different positions indicated in Figure [6.37, The
position of the needle remains fixed, i.e., it is not changed w.r.t. a phantom. All
our methods are trained and evaluated with the unwrapped phase information of
the OCT data and each volume is resized to 32 x 32 x 32 voxels. In summary,
the dataset consists of 4D OCT data x; acquired at different positions w.r.t. the
excitation point and the corresponding sequence-level y is given by the gelatin
concentration of the phantom.

OCT device

top view -7 N
Y P gelatin sample >
/ L \
needle ;\ Z / \

Figure 6.37: Experimental setup for data acquisition of the 4D OCE dataset.
Shear waves are generated with a vibrating needle interested into a phantom.
Data acquisition is performed at multiple phantom positions indicated by a blue
square. The position of the needle is fixed. For the development and comparison
of our approaches, we consider data within the red rectangle. Figure adapted
from [324].

Methods

So far, there is very little work that considers deep learning and 4D OCE as
outlined in Section [5.2.3. The complex and diffuse wave field and artifacts that
might result from OCT data acquisition combined with the 4D data structure
raises the question of how spatio-temporal feature learning can be performed.
To this end, we evaluate a range of our spatio-temporal deep learning concepts
visualized in Figure We rely on our CNN architecture concept, and we use
the idea of DenseNet [210] as our backbone architecture. Specific details of our
approaches are given in the following paragraphs.
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Figure 6.38: Our deep learning approaches estimate material properties in an end-
to-end fashion using 4D OCT data that captures displacement over time resulting
from a wave field. For the processing of an entire 4D sequence, we present and
compare three different spatio-temporal deep learning approaches. TC-3DCNN
uses the channel dimension of the input as a temporal dimension. ST-4DCNN
performs joint spatio-temporal feature learning by means of convolutions, and
DenseConvGRU performs spatio-temporal feature learning by means of spatio-
temporal recurrence. The output of our methods is indicated by C. Note that
our actual images are gray-scale and colored inputs are only shown for improved
visualization.

TC-3DCNN. First, we try to learn from the 4D spatio-temporal data with our
simple baseline approach, where we use the channel dimension of the input as the
temporal dimension. To this end, we use our CNN architecture concept with 3D
operations, and the input of this approach is x;, € R"»*mwxnaxnt,

ST-4DCNN. Second, we use our approach of a 4D spatio-temporal CNN that
jointly learns features from the temporal and spatial dimensions by means of
4D spatio-temporal convolutions and pooling operations. To this end, we use
our CNN architecture in a 4D fashion. The input of this approach is z; €

R~ XNy XMgXng X1

DenseConvGRU. Third, we consider our hybrid approach of a CNN and Con-
vGRU modulus at different scales. We systematically study and compare a Con-
vGRU module placed at different feature levels and place a module at the front,
middle, or end of the architecture. Also, we evaluate a ConvGRU placed at all
positions. We use this approach in a many-to-one fashion, i.e., we process the
entire sequence and output a single value for the gelatin concentration. The input
of this approach is also x; € R X7wXnaxnex1,

Architecture Details. Our architectures consists of one initial convolutional layer
with 16 feature maps, followed by our DenseNet architecture, which consists of
three DenseNet blocks with a feature growth rate of 12. For each DenseNet
blocks, we use four convolutional layers. The DenseNet blocks are connected
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with transition layer that downsample the spatial dimensions by a factor of two.
To account for the increased number of parameters and complexity based on
the ConvGRU modules, we use three instead of four convolutional layers for our
DenseNet blocks. All methods are implemented in PyTorch.

Training. The dataset consists of sequences with an overall length of 90 vol-
umes. To augment our training data, we randomly crop sub-sequences from the
entire OCT sequences of the dataset. As a baseline, we use a sub-sequence length
of ny = 10 and also evaluate longer sequence length for our best performing ap-
proach. We normalize our inputs to have a zero mean and standard deviation of
one. We train our network for 300 epochs with a batch size of m;, = 10 and a
learning rate of Ir = 0.001 using Adam [242] for optimization combined with a
MSE loss function between our estimations C and the target labels C. After 150
epochs, we reduce the learning rate by a factor of two every ten epochs.

Performance Measure - Evaluation and Metrics

We apply a three-fold cross-validation approach to test our different methods
on previously unseen gelatin phantoms. Given data from six phantoms for each
concentration, in each fold, we leave out the data of one phantom for testing
and one for validation. Moreover, we also test our best performing approach in
the case where the evaluated concentration is left-out during training. Here, we
perform five-fold cross-validation, and in each fold, we leave out the data of an
entire concentration. Note, we do not perform cross-validation on the border
concentrations, i.e., C' = 5 p.p. and C' = 20 p.p., to avoid out of distribution
estimations. Hence, this leads to five folds for our cross-validation, and in each
fold, we use three phantoms for testing and three phantoms for validation. Note
that we strictly split our validation and test phantoms, i.e., we do not use the
same phantom for validation and testing across different folds or training strate-
gies. For the comparison of our methods, we consider data acquired in a fixed
ROT highlighted in Figure [6.37 We also evaluate and train our best performing
approach on data from all positions. For evaluation, we consider the regression
metrics MAE, rMAE, and pCC. We test for significant differences in the median of
the MAE of our methods using the Wilcoxon signed-rank test with a significance
level of o = 5%.

Results

We report performance metrics for our methods in Table [6.22] Comparing the
different methods, our approach DenseConvGRU-End significantly (p < 0.05)
outperforms all other approaches with a MAE of 0.63 4+ 0.87 p.p.. We report the
estimated gelatin concentration and the MAE w.r.t. the different gelatin concen-
trations in Figure and [6.40] respectively. Our results show that the MAE in-
creases substantially for C' > 10 p.p. for all our methods. Still, DenseConvGRU-
end shows good performance and outperforms all other methods across the entire
range of concentrations. Inference times and the number of parameters of the
different methods are given in Table [6.23] The fastest approach is TC-3DCNN,
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with an inference time of around 3 ms. The slowest approach is ST-4DCNN, with
an inference time of around 45 ms.

Furthermore, we evaluate the impact of additional temporal information using
our best performing approach DenseConvGRU-End, see Table We consider
averaging the estimations of multiple sub-sequences with a length of n; = 10
volumes during evaluation or by training our approach end-to-end with longer
sequences. Our results demonstrate that using an increased sequence length im-
proves the performance, except for training with n; = 60. Our results show that
averaging sub-sequences is more effective than directly training the network with
longer sequences. Note, we do not consider training the network end-to-end with
n; = 90 due to GPU memory limitations.

Moreover, we evaluate our approach DenseConvGRU-End in the scenario where
the evaluated concentration is left-out during training. A performance compar-
ison to the scenario where the concentration is also present during training is
given in Figure [6.41] Our results also show that predicting concentrations that
are not considered during training is difficult with a substantially increased MAE.
Furthermore, we evaluate our DenseConvGRU-End on phantoms without wave
excitation to exclude that our network uses other features than the wave propa-
gation and report the performance in Table [6.25] Our results show that gelatin
concentration estimation becomes unfeasible without wave excitation, and the
network estimates approximately the same concentration for all tested phantoms
with different concentrations.

Lastly, we train our DenseConvGRU-End with data from the entire phantom and
report the spatial distribution of the MAE in Figure [6.42] Our results show that
estimations can be performed at all spatial locations with a tendency for a higher
MAE close to the border of the phantom. However, overall, our results show an
increased MAE at inconsistent positions for the different concentrations.

Table 6.22: Performance comparison of the different spatio-temporal deep learn-
ing methods for shear wave elastography from sequences of volumetric OCT data.
Experiments are performed with a sequence length of n; = 10.

Method MAE [p.p.] tMAE [p.p.] pCC [%]
TC-3DCNN 1.19+1.18 0.23+£0.24 94.45
ST-4ADCNN 0.88+1.05 0.18£0.21 96.31

DenseConvGRU-Front 0.97+1.02 0.19+0.21 96.28
DenseConvGRU-Middle 0.79 £0.87 0.16 £0.17 97.30
DenseConvGRU-End 0.63+0.80 0.13+0.16 97.96
DenseConvGRU-AIl 0.85+1.09 0.17+0.22 96.12

173



Chapter 6. Experiments and Evaluations

Table 6.23: Inference time and number of parameters (#numParam.) for our
different spatio-temporal deep learning methods. Experiments are performed
with a sequence length of n, = 10. For our evaluations, we use an nvidia TITAN

RTX.

Method inference time [ms| #numParam.
TC-3DCNN 2.71 4+ 0.08 246 099
ST-4DCNN 44.02 +0.93 6163 23
DenseConvGRU-Front 8.05 £+ 0.08 459 249
DenseConvGRU-Middle 21.82+0.24 695 205
DenseConvGRU-End 23.11 £0.17 1079052
DenseConvGRU-AIl 32.76 +£0.14 1361736

Table 6.24: Evaluation of the impact of the temporal dimension on performance.
Experiments are performed for our approach DenseConvGRU-End. Avg. refers
to dividing a sequence into sub-sequence lengths with a n;, = 10 and averaging
the individual results afterwards. Full. refers to training the network with the
entire sequence length. Note, we do not train our network with the full length of
ns = 90 volumes due to memory limitations.

#vols MAE [p.p.] rMAE pCC [%)] inference time [ms]
10 0.63+ 087 0.13+£0.16 97.96 23.11 £0.17
30 0.60 £0.77 0.12+£0.15 98.10 51.30 £0.17
Avg. 60 0.57+0.74 0.11+£0.15 98.27 97.33 £0.32
90 0.57+0.73 0.11+0.15 9831 147.96 £ 0.99
Full 30 0.58£0.80 0.12£0.16 98.05 56.0 £ 0.36
60 0.77£1.03 0.15£0.21 96.70 109.34 £ 0.61
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Figure 6.39: Boxplots of the estimated gelatin concentrations for our different
methods.
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Figure 6.40: Boxplots of the MAE of the estimated gelatin concentrations using
our different methods.
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75 100 125 15 175
C [p.p]

Figure 6.41: MAE with 95 % confidence intervals over gelatin concentration.
(Red) 3DCNN where evaluated elasticity is left out during training; (Blue)
3DCNN where evaluated elasticity is also present during training.

Table 6.25: Evaluation of our approach DenseConvGRU-End on phantoms with-

out wave excitation.
Concentration [p.p.] 7.5 12.5 17.5

Mean Estimation [p.p.] 15.13+0.9 15.344+0.56 15.36 £+ 0.98
Mean Estimation Error [p.p.] 7.63+0.9 2.844+0.56 2.15+0.97
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Figure 6.42: MAE for the different positions and gelatin concentrations using our
approach DenseConvGRU-End. The gray circle indicates the excitation position.
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Discussion

In this experiment, we study end-to-end elasticity estimation using sequences of
volumetric OCT data that capture the 4D spatio-temporal relationships of wave
propagation over time. So far, there is very little work that considers deep learn-
ing and 4D OCE as outlined in Section [5.2.3] To address the learning task, we
study and compare six different spatio-temporal deep learning methods using our
compact CNN architecture concepts and estimate gelatin concentration as a sur-
rogate for elasticity.

We assume that the volumetric OCT images and the spatio-temporal relation-
ships between the volumes of a sequence are affected by artifacts. These artifacts
likely result from the changing wave field during data acquisition of a volumetric
OCT image. To avoid such artifacts, previous approaches used multiple excita-
tions and synchronized data acquisition such that a volumetric image appears as
if all A-scans were acquired at the same time with an apparent frame rate equal to
the A-scan rate of the OCT system [547,549]. However, this results in substantial
data acquisition times, e.g., 60 s per data acquisition [549]. Instead, our data is
acquired without synchronized data acquisition or repeated excitations and hence
can be acquired in real-time.

Comparing our approaches highlights that DenseConvGRU-End performs best
and that TC-3DCNN performs worst, see Table [6.22] The former approach
shows good performance across the entire range of concentrations, see Figure
While this approach performs best, it indicates that first, learning a com-
pact and robust spatial representation, followed by joint spatio-temporal feature
learning, is beneficial in this challenging scenario and outperforms the inverted
approach as well as joint spatio-temporal feature learning throughout the entire
architecture. Our results in Figure highlight that DenseConvGRU-end gen-
eralizes well between different phantoms and resulting speckle distributions. This
is an important property and represents a relevant scenario for the clinical appli-
cation, as relevant tissues and elasticities can be included in the training data.
However, our results in Figure [6.40] show that estimating higher concentrations
C > 10 p.p. leads to notably increased MAE for all our methods. This becomes
even more severe when the evaluated concentration is left-out during training,
see Figure [6.41] This suggests complex spatio-temporal characteristics influenced
or even defined by artifacts that are difficult to generalize, especially for faster
shear wave propagation. We assume that the characteristics are dependent on
the acquisition rate and scan pattern of the OCT imaging as well as the type
of excitation. However, our findings indicate that such spatio-temporal relation-
ships can be learned and used for end-to-end estimation of elasticity with our
approach. Evaluating and studying these aspects w.r.t. different data acquisition
strategies is an interesting direction for future work. To ensure that our networks
only rely on displacement information resulting from wave propagation, we also
evaluate DenseConvGRU-end on phantoms without wave excitation. Here, our
network fails to estimate the concentration, which demonstrates the dependency
on displacement information, see Table [6.25]
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We also study the spatial distribution of the MAE w.r.t. the wave excitation,
see Figure [6.42] Our results show no clear dependency between MAE and the
relative position. This indicates that estimations can be performed independently
of the location relative to the excitation point and that single estimations are af-
fected by localized phantom inclusions or inhomogeneities. Overall, our findings
suggest that even complex and abstract spatio-temporal relationships influenced
by artifacts can be learned and utilized by our spatio-temporal deep learning ap-
proaches for end-to-end elasticity estimation using 4D OCT data.

We further evaluate the impact of the temporal dimension, i.e., number of vol-
umes, on the performance using our best performing approach DenseConvGRU-
End, see Table [6.24] Here, we find that using an increased sequence length can
improve the performance and consistency, but this comes at the cost of substan-
tially increased inference times. Our results also highlight that performance even
decreases for n; = 60 when trained in an end-to-end fashion. We assume that
this behavior results from reduced variance during training that results from the
longer sequences that are used for random cropping during training. Visa versa,
these results indicate that our random cropping approach during training with a
sequence length of n, = 10 is an effective method to increase the variance during
training. Taking these findings into account, our results suggest that using a few
volumes such as n; = 10 and performing our random cropping approach during
training, combined with our architecture DenseConvGRU-End is a good starting
point for future studies.

Overall, considering our first research question, our results show that elasticity
estimation can be performed end-to-end with our spatio-temporal deep learning
approaches using 4D OCT data, despite the challenging scenario that results from
the diffuse wave fields and the data acquisition process of the OCT images. Our
findings show that elasticity estimations can be performed in real-time and in-
dependent of the measuring position relative to the excitation point. However,
interpolating between elasticities is difficult, and including relevant elasticities
during training is recommended to achieve high performance. Future work could
evaluate this aspect in more detail by including additional phantoms and gelatin
concentrations in the training data. Considering our second research question and
comparing different spatio-temporal deep learning methods, we find that first
learning compact spatial representations and performing spatio-temporal pro-
cessing afterwards, using DenseConvGRU-end, turns out to perform well in this
challenging scenario.

6.2.5 Summary

In the previous experiments, we investigated whether biomechanical properties
can be estimated end-to-end with spatio-temporal deep learning from sequences
of US and OCT images that capture wave propagation. In this context, we fo-
cused on evaluating different spatio-temporal deep learning approaches that can
be used for both 3D and 4D data processing.
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Regarding our first research question of this work, whether multi-dimensional
sequences of medical image data can be processed effectively with deep learning,
our results demonstrated that data processing with spatio-temporal deep learning
could be performed effectively for dynamic elastography, i.e., end-to-end and in
real-time. Our results also highlighted that our spatio-temporal CNN architecture
concept could be used for OCT and US data and for 2D and 3D image data. That
is, a similar concept can be shared for different modalities and dimensionalities.
Thereby, the data processing of medical image sequences can be simplified com-
pared to the previous approach that requires fine-tuned feature extraction and
subsequent model building. In fact, our approach is designed to identify wave pat-
terns in an end-to-end fashion without handcrafted feature extraction or physical
model. Our results showed that estimations with such an approach could be ac-
complished. We showed that estimations could be performed independent of the
position relative to the excitation point and that our approaches generalized well
to different phantoms. However, we observed a decrease in performance when es-
timating completely unknown gelatin concentrations that were not present during
training, particularly for higher concentrations and faster wave velocities. Across
several experiments, our findings showed that our spatio-temporal deep learn-
ing approach outperformed the conventional approach in terms of performance,
flexibility, and consistency. Overall, these findings indicate that the complex end-
to-end relationships to estimate elastic properties from multi-dimensional medical
image sequences can be learned with spatio-temporal deep learning.

Considering our second research question, how spatio-temporal feature learning
can be performed with deep learning, we find that using the entire spatio-temporal
data is beneficial for dynamic elastography and performs better than, e.g., using
a lower-dimensional space-time map representation which is commonly used by
conventional approaches. Similar, our results highlighted that learning spatio-
temporal features throughout the architecture by means of spatio-temporal con-
volutions is superior compared to a simple baseline approach where the channel
dimension is considered as temporal dimension. This highlights the value of joint
spatio-temporal feature learning and processing for the task. In case of diffuse
wave fields and abstract spatio-temporal patterns, our results showed that learn-
ing a compact spatial representation first, followed by joint spatio-temporal pro-
cessing, can improve the performance and consistency. We also demonstrated that
localized estimation of elastic properties could be performed with our patch-wise
training strategy. Overall, our findings show that learning end-to-end from entire
image sequences is beneficial for dynamic elastography and that joint spatio-
temporal feature learning is recommended. Furthermore, our results highlight
that a spatio-temporal CNN architecture is well suited to perform end-to-end
regression of material parameters from sequences of multi-dimensional medical
image data.
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Discussion

In this chapter, we discuss our results and the findings of this work from a more
general perspective in the context of our research questions. We highlight the
scientific contributions of the study and bring together the findings of our ex-
periments. First, we consider processing sequences of medical image data with
spatio-temporal deep learning from a general perspective and address whether
multi-dimensional sequences of medical image data can be processed effectively
with such an approach. In this part, we focus on the general findings regarding
spatio-temporal deep learning. Second, we focus on the different spatio-temporal
deep learning concepts and discuss how multi-dimensional spatio-temporal fea-
ture learning can be performed. Third, we discuss aspects related to training
data and highlight interesting directions for future work.

7.1 Processing Sequences of Medical Image Data

Processing sequences of medical image data is essential in many clinical scenar-
ios ranging from image-guided interventions to computer-assisted diagnosis. In
this work, we focus on end-to-end motion analysis and elasticity estimation us-
ing spatio-temporal deep learning and sequences of US and OCT data. From a
machine learning perspective, motion analysis and dynamic elastography require
estimating a target value from a sequence of images that capture spatial and
temporal relationships. Considering motion analysis, the target value represents,
e.g., the current position of a target or even the future position. The latter is ben-
eficial or even required to address system latencies, resulting in a lag between the
estimation and the target’s actual position. Considering dynamic elastography,
the target values represent elastic properties of tissue such as the shear wave ve-
locity, the Young’s modulus, or direct classification of different tissue types [267].
Fast volumetric imaging can be performed with imaging modalities such as US
or OCT. Thus, spatio-temporal features of a dynamic process can be captured in
three-dimensional space and time.

Considering our first research question of this work, we study whether sequences
of medical image data can be processed effectively with an end-to-end spatio-
temporal deep learning approach. That is, whether competitive performance can
be achieved, whether real-time constraints can be met, and whether a similar
deep learning concept can be shared across different tasks and imaging modali-
ties. The latter is beneficial to reduce network design efforts for individual tasks
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and imaging modalities, which can shift the problem of handcrafting features to
handcrafting specific architectures. For example, comparing deep learning ap-
proaches of motion analysis such as SiamFC |47], and dynamic elastography such
as DSWE-Net [3], it stands out that two very distinctly different architectures are
used. Thus, an effective deep learning approach for analyzing multi-dimensional
medical image sequences that is compact and unified would be beneficial. In this
way, only minor architecture adaptations are required to address different clinical
problems and imaging modalities as well as dimensionalities. As a result of Chap-
ter [ we presented such a unified spatio-temporal CNN architecture concept for
end-to-end regression and evaluated the effectiveness across different application
scenarios in Chapter [6]

To evaluate whether complex end-to-end relationships can be learned effectively
from spatio-temporal medical image data, we studied motion analysis using 4D
OCT data and 4D US data with our spatio-temporal deep learning concept. For
this application scenario, volumetric imaging is beneficial or even required due
to the inherent three-dimensional nature of targets and motion. A challenge of
motion analysis is that it needs to be performed in real-time for different tis-
sue types, appearances, and motion patterns. This brings the challenging task
of learning complex end-to-end relationships directly from 4D spatio-temporal
data. So far, this has hardly been demonstrated considering motion analysis with
OCT [168]/171,254,432], or US [98,175,211},282,307,[335,367,[371},499./506]. We ad-
dress motion analysis as an end-to-end regression task using our spatio-temporal
deep learning approach with sequences of volumetric images as inputs. By per-
forming end-to-end regression, we estimate target motion within a few millisec-
onds in a single forward pass without performing multiple comparisons. Other
approaches typically rely on matching a template image and search images such
as SiamFC [47] that is widely adopted for US-based 2D tracking [175,282,/499).
Notably, such an approach has also been demonstrated using 3D US images with
run-times in the range of 300 ms [212].

Our results demonstrated that motion analysis using sequences of volumetric data
could be performed efficiently and effectively in an end-to-end fashion and that
short-term as well as long-term motion analysis can be performed (Section [6.1]).
In particular, our findings regarding markerless tracking are promising. For both
of our imaging modalities, we demonstrated that after training, tracking could be
performed without distinct landmarks, such as vessels, and for new unseen tissue
areas or even completely new tissue types. So far, such results have hardly been
presented in previous studies that usually rely on landmarks and the same tis-
sue type considering US-based tracking [98]. Thus, our results are an important
contribution demonstrating that spatio-temporal deep learning can learn effective
features for tracking end-to-end from 4D spatio-temporal data. We demonstrated
that even motion forecasting could be performed directly by using and learning
the underlying 4D spatio-temporal relationships of sequences of volumetric im-
ages (Section[6.1.3). We combine motion estimation and forecasting into a single
effective approach. Thus, system latencies can be directly addressed. This can be
performed considering the future motion as an additional target during training.
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Thus, only the loss function and the output of the network need to be adapted.
This contribution allows simplifying otherwise complex data processing pipelines,
e.g., during motion compensation in radiotherapy, which involves motion forecast-
ing as an additional problem after the task of motion estimation [138,226,276./451].

As our second application scenario to study whether complex end-to-end rela-
tionships can be learned effectively, we considered dynamic elastography (Section
. During dynamic elastography waves of displacements are induced into a
tissue, and the resulting wave propagation is then captured spatially and tempo-
rally with sequences of images [415]. Afterwards, spatio-temporal relationships
of the wave propagation are related to elastic properties of tissue [156]. However,
analyzing these features in a hand-crafted fashion is known to be difficult [267].
The conventional data processing pipeline includes many unsolved challenges, in-
cluding shear wave velocity estimation, and estimation of elasticity parameters
such as the Youngs Modulus [7,/236,547]. Deep learning could be a promis-
ing approach to overcome these challenges. However, related work considering
US-SWEI heavily relies on simulated training data [3}464], which introduces a
limiting factor for the performance on real data. Considering OCE, so far, very
little work considers deep learning and end-to-end dynamic elastography. Using
the same spatio-temporal architecture concept as for motion analysis, we address
end-to-end shear wave velocity and tissue elasticity estimation by performing a re-
gression task directly from sequences of images. An advantage resulting from our
end-to-end regression approach is that we learn the direct relationship between
tissue elasticity and wave propagation. Thus, we do not require a specific material
model and handcrafted feature engineering. Our results showed that end-to-end
elasticity estimation could be performed with our spatio-temporal deep learning
approach. Our findings demonstrate that this approach generalizes to unseen
elasticities, phantoms, and wave propagation directions. These results indicate
that the underlying spatio-temporal relationships of dynamic elastography can
be learned effectively with spatio-temporal deep learning.

Furthermore, we present elastography with deep learning and volumetric OCT
data (Section [6.2.4). In the future, such an approach could be valuable to per-
form estimations independent of the wave propagation in all spatial directions.
Another advantage of our approach is that we achieve substantially faster run-
times compared to related work considering 4D OCE [549]. We performed 4D
OCE without synchronized data acquisition and thus performed data acquisition
in one-shot, which likely resulted in diffuse spatio-temporal features due to the
sequential data acquisition of OCT. Still, we achieved robust and high perfor-
mance. These results indicate that robust spatio-temporal feature learning can
be performed, despite artifacts that might result from the data acquisition proce-
dures. This is an interesting finding for imaging modalities such as OCT, where
images are acquired line-by-line. Further exploring the impact of different exci-
tations and acquisition parameters is an interesting and important direction for
future work.

Moreover, we developed and studied the concept of localized elasticity estimation
by training with small localized spatio-temporal windows (Section [6.2.2). Our

184



7.2. Spatio-Temporal Deep Learning Approaches

findings demonstrate that we can perform localized elasticity estimations with
such an approach. This training strategy constitutes an important contribution
and could be an important step in overcoming data collection and annotation
challenges. An advantage of this training approach is that we do not require
entire elasticity maps as ground truth, which is in strict contrast compared to
encoder-decoder approaches that estimate the entire elasticity map at once [3].
Thus, only sparse annotations could be used with our training approach, which
saves annotations efforts, and also allows to focus training on areas where the
annotation has a high reliability and quality. Overall, these results strongly in-
dicate that with spatio-temporal deep learning, the data processing of dynamic
elastography could be simplified compared to the previous approach that requires
fine-tuned feature extraction and subsequent model building.

In summary, we demonstrated marker position estimation and markerless mo-
tion analysis using OCT and US data as well as for short-term and long-term
sequences ranging over several minutes. Moreover, we demonstrated end-to-end
elasticity estimation using OCT and US data. These results indicate that our
spatio-temporal architecture concept can be used without major adaptions across
different tasks and imaging modalities, which reduces architecture design efforts
and thus provides a good starting point for future studies. Moreover, across our
application scenarios, we achieved high performance with inference times in the
range of a few milliseconds. Our findings demonstrate that spatio-temporal deep
learning can effectively address end-to-end processing of sequences of medical im-
age data.

Overall, the results across our application scenarios are promising and indicate
that spatio-temporal deep learning could be an important milestone in achieving
high and robust performance with sequences of medical image data. In the future
spatio-temporal deep learning could be a valuable contribution to improve auto-
matic FOV adjustment during OCT-based intraoperative imaging [62}/132,|134],
to obtain information on surgical tool poses or tissue motion and location to
guide surgical procedures such as laser cochleostomy [535], laser osteotomy [24].
Considering sequences of volumetric US images, in the future spatio-temporal
deep learning could be a valuable contribution to improve motion compensa-
tion during radiotherapy [98,211,282}409,411], in particular, by combing both
motion estimation and forecasting into a single approach. Considering dynamic
elastography, spatio-temporal deep learning could be a valuable contribution to
providing quantitative estimations of tissue elasticities. These estimations could
improve clinical applications such as tumor resection |67, needle placement of
biopsies [262,[351], or diagnostic decisions regarding discriminating different liver
fibrosis stages [148}309], or early tumor detection [306,/540].

7.2 Spatio-Temporal Deep Learning Approaches

Spatio-temporal feature learning with deep learning is known to be a difficult task
with several architecture choices to learn effectively and efficiently from video
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data [503|. Similar, it has been pointed out that the spatial and temporal nature
of image sequences requires tailored deep learning approaches to process such
multi-dimensional and rich data [369]. We address sequences of medical image
data with a focus on regression problems and we address how spatio-temporal fea-
ture learning can be performed with deep learning and contribute to the question
of how high and robust performance can be achieved. In Chapter 4 we pre-
sented different operations and architecture building blocks that can be adapted
to different imaging modalities, dimensions, and tasks. As a result, we developed
and presented a unified architecture concept for both 3D and 4D spatio-temporal
data. Our approach can be adapted to pair-wise processing up to entire long-
term sequences and can be used for image-level and sequence-level estimations
of regression problems. Moreover, we also presented different training strategies
to perform multi-task learning and to address training with long-term sequences
of volumetric images. Considering our first research question, our results demon-
strate that data analysis can be performed efficiently and effectively with our
unified architecture concept, as discussed in the previous section. In this sec-
tion, we discuss our different spatio-temporal deep learning approaches for multi-
dimensional medical image sequence analysis, including spatio-temporal CNNs,
multi-path Siamese CNNs, and mixed approaches of a CNN and a ConvGRU at
multi-scales.

As a first simple baseline, we combined our CNN architecture with the concept
of using the channel dimension of the input as the temporal dimension. This ap-
proach brings the advantage that an architecture with similar computational costs
and inference time compared to single image processing can be used. Note that
compared to a CNN for single image processing, the only adaption is the first layer
of the network. It stands out that even such a simple approach allows improving
performance compared, e.g., using a 3DCNN applied to a single OCT volume
for marker position estimation (Section or compared to conventional shear
wave velocity estimation (Section and Section [6.2.3). This is an interesting
finding that indicates that the approach of a time-channel at the input-level is
an effective baseline approach for the analysis of medical image sequences that
is easy to adapt when first initial results are of interest. However, across all our
experiments, we find that stacking multiple images of a sequence in the chan-
nel dimension of the input is not optimal for achieving high performance. The
approach of joint spatio-temporal feature learning using spatio-temporal convolu-
tions or by means of ConvGRU modules clearly outperforms this simple baseline
approach across all our experiments. These results indicate that the approach
of a time-channel is limited in terms of spatio-temporal feature learning, as also
demonstrated in the natural image domain [457]. We also observed similar results
for our variants of two-path (2P-TC-3DCNN) and multi-path (nP-TC-3DCNN)
architectures, where the joint processing is performed based on channel-wise in-
teractions after the Siamese part (Section [6.1.2). Recall that images are first
processed individually and then concatenated along the channel dimension. Af-
terwards, processing is performed similar to the approach of TC-3D/4DCNN.
Hence, our experiments indicate that joint spatio-temporal feature learning should
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be performed to achieve high performance and to leverage the spatio-temporal
data structure of medical image sequences.

Considering spatio-temporal feature learning, our results demonstrated that spatio-
temporal convolutions are an effective approach to learning from entire sequences
of images in an end-to-end fashion. Spatio-temporal CNNs have extensively been
studied in the natural image domain and demonstrated promising results, e.g., for
tasks such as human action recognition [438|]. However, limited studies consider
sequences of medical image data, particularly sequences of volumetric images.
We present 4D spatio-temporal CNNs, and our results demonstrated that end-
to-end learning could be performed from sequences of volumetric data. Across
the different application scenarios and imaging modalities, we found that robust
and high performance can be achieved with such an approach. An advantage of
spatio-temporal convolutions is that they are conceptually simple and that they
represent a direct extension of CNNs for image analysis to sequences of medical
image analysis. Spatio-temporal convolutions increase the number of parameters
compared to spatial convolutions or the time-channel approach. However, across
our experiments, we did not observe notable overfitting that may result from the
increased number of parameters. We also evaluated 4D factorized convolutions
that allow for less parameter-intensive versions than full spatio-temporal convo-
lutions. Here, a spatio-temporal convolutional layer is replaced by two successive
convolutional layers, i.e, one that performs a spatial convolution and one that
performs a temporal convolution. However, we did not observe any performance
advantages (Section . Overall, across our experiments, our results indicate
that the increased number of parameters of our spatio-temporal CNNs are not a
limiting factor for learning from sequences of medical image data. In fact, as also
outlined in Chapter [3] the effective capacity of a deep learning model is much
more complex and cannot be attributed solely to the number of parameters [233].
Nevertheless, the computational efforts of 4D spatio-temporal CNNs in the range
of several days even for our small datasets cannot be neglected. We demonstrated
transfer learning from 3D to 4D spatio-temporal data to reduce computational
requirements and training times. We first trained a 3DCNN to learn relevant
spatial features, then inflated the architecture to a 4D spatio-temporal CNN, and
then trained with 4D spatio-temporal data. Our findings highlighted that thereby
training times could be reduced (Section [6.1.1]). These results indicate that such
a transfer learning strategy could counter the increased computational efforts of
4D spatio-temporal CNNs combined with medical image sequences.

Learning from sequences of image data also raises conceptual questions regarding
the data. Considering motion analysis, we evaluated dividing a sequence into
image-pairs or sub-sequences or to use the entire sequence at once. Our results
highlight that pair-wise approaches such as 2P-TC-3DCNN can lead to good re-
sults. However, it results in poor performance when there is a small overlap
between the template volume and the current volume (Section and Section
6.1.3). Thus, we presented nP-ST-4DCNN a Siamese approach that processes
multiple volumes and performs joint spatio-temporal processing. This approach
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demonstrated promising results considering short-term motion analysis. This
approach first processes each image of a CNN individually with Siamese convolu-
tional layers. Afterwards, joint spatio-temporal feature learning is performed by
means of spatio-temporal convolutions. Note that the Siamese part of the archi-
tecture leads to reduced parameters compared to the approach, where the entire
image sequence is processed with a spatio-temporal CNN. Considering 4D data,
our approach is a mixed approach between a 3D spatial and 4D spatio-temporal
CNN. Notably, mixing 2D and 3D modeling has also been found to be effective
for video processing [69).

Considering dynamic elastography analysis, we also evaluated using a lower-
dimensional representation of the sequence typically used by conventional ap-
proaches [343,|481] and has also recently been used by deep learning approaches
[225,464]. Our results showed consistently that using the entire image sequences
leads to higher performance compared to using the lower-dimensional space time
map representation (Section and Section . Overall, across both of our
application scenarios, our results indicate that entire image sequences, i.e, the
entire spatio-temporal data should be used and processed with spatio-temporal
deep learning. This is an interesting finding as it demonstrates that end-to-end
learning does not only reduce the requirement of feature selection, it also im-
proves the performance. These results are similar to a study that considers deep
learning and different data representations of medical image data [162], which
also concluded that using higher-dimensional data typically outperforms using
lower-dimensional data representations.

However, processing an entire sequence quickly leads to substantial computational
efforts and run-times that limit real-time processing. We presented DenseCon-
vGRU, a hybrid approach of ConvGRU units and a CNN built based on state-
of-the-art architecture modules. A key advantage of this approach is that it
is highly efficient during evaluation when an output is required for each image
of a sequence. This results from recurrent processing of the data, where only
the current image needs to be processed to generate the output, and the infor-
mation from the history of the sequence is encoded in the hidden states of the
memory units [413,506]. Our experiments regarding long-term motion analysis
using 4D US data demonstrated that this approach performs well, outperform-
ing all other approaches (Section . A key concept of our approach is that
we introduce spatio-temporal recurrence at different feature scales that allow
learning localized and global spatio-temporal relationships. Previously, spatio-
temporal recurrence has usually been considered at the front, or the end of ar-
chitecture [115,1641211,293,319,461,486]. We expected that features at different
scales are beneficial to represent small-scale and large-scale motions. Our results
confirmed our expectation and we found multi-scale spatio-temporal recurrence
particularly beneficial for motion analysis. Moreover, our results demonstrated
that DenseConvGRU is also effective for aggregating spatio-temporal informa-
tion of an entire sequence. Our results regarding 4D OCE highlighted that in
the case of diffuse wave fields and abstract spatio-temporal patterns, learning a
compact spatial representation first, followed by joint spatio-temporal processing,
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can improve the performance and consistency compared to the approach using a
spatio-temporal CNN (Section [6.2.4).

However, training with long-term sequences of volumetric images using recur-
rent approach results in substantial computational requirements. To address
this problem, we presented a training approach that combines truncated BPTT
[136,221,446,/493| and curriculum learning [31]. Our findings highlight that with
this approach, training can be performed with shorter sequences while still achiev-
ing high performance for much longer sequences during testing (Section .
This is an important finding, which indicates that DenseConvGRU is a viable
approach to perform long-term tracking and motion analysis during, e.g., radio-
therapy.

Another aspect of our architecture is the CNN backbone concept. We mostly re-
lied on the concept of DenseNet [210], due to the advantages of a reduced number
of parameters and strengthened feature propagation. We also performed a com-
parison of different backbones, which demonstrated no notable difference between
different architecture concepts such as ResNet [197], Inception [216,442,|443],
DenseNet [210] and ResNeXt [504] (Section [6.2)). These results indicate that the
exact backbone CNN architecture concept has no substantial impact on the per-
formance. Hence, we consider the backbone concept a hyperparameter that can be
tuned and adapted. Considering our results across our different experiments, we
achieved high performance using DenseNet as a backbone. This indicates that the
concept of DenseNet for the backbone is a good default choice for spatio-temporal
data processing and hence is recommended for future studies.

In summary, our results regarding architectures and concepts for learning from
medical image sequences indicate that promising results can be achieved by using
entire image sequences and learning joint spatio-temporal features. Our results
highlighted that spatio-temporal convolutions and ConvGRU modules at different
feature scales are well-suited to this end.

7.3 Training Data and Future Research

For a long time, spatio-temporal CNNs demonstrated limited performance regard-
ing video analysis tasks [192]. Training of spatio-temporal deep learning models
typically requires large-scale datasets with high-accuracy annotation. Collecting
such datasets remains time-consuming and expensive and can also be affected by
labeling errors. For example, annotation errors have been identified as a limit-
ing factor for previous studies considering motion analysis from ultrasound image
sequences [98]. Similar, related studies that consider deep learning and elasto-
graphy rely on simulated data for training [3,/464], which has been identified as
a limiting factor for the performance on real data. In general, data collection
and annotation are fundamental problems of deep learning and medical image
analysis [26}49,281].

To evaluate and compare our methods, we considered data from experimental se-
tups that allowed for automatic data acquisition and even automatic annotation
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for our experiments regarding motion analysis. The advantages of the automated
setups are that we obtain annotation with high accuracy and that we have a con-
trolled setup for our data. However, the experimental setups for data acquisition
also bring limitations and do not include all aspects present during the clinical
setting, e.g., deformation or rotations of a tracking target. We addressed these
aspects with post-processing steps and performed experiments using synthetic
deformations, rotations, or motion artifacts. Our results demonstrated that our
spatio-temporal deep learning approach could still achieve high performance in
these challenging scenarios, which indicates that such aspects could also be ad-
dressed in the clinical setting. For our experiments regarding elastography, we
relied on gelatin phantoms. We assumed a homogeneous and distinct elasticity
for particular phantoms. However, small deviations of elasticity and localized
inhomogeneities are likely. Still, our spatio-temporal deep learning approach per-
formed well, and these results indicate that noisy annotated training data can
also be handled. This is an important finding, as noisy annotations can also be
expected when data from the clinical practice are collected and annotated.

Moreover, our motion analysis and elastography results demonstrate that our
spatio-temporal deep learning approach generalizes well. However, we still ob-
verse reduced performance, e.g., for our experiments regarding dynamic elasto-
graphy, where we estimate new unknown elasticities that were not considered
during training. This effect can likely be reduced by using more training data
with additional variance, but overall, it highlights the importance of the training
data. This should be considered for future studies. Similar, we expect a lower
performance using data from the actual clinical setting without additional train-
ing on such data. This problem could be reduced by acquiring and using more
data for training that represents the clinical setting even more closely. Ideally,
data from the actual clinical setting is acquired and annotated. However, this is
known to be time-consuming and error-prone. Thus, automated setups for data
acquisition and annotation could play an important role in collecting the required
data to train robust deep learning models. Hence, an interesting direction for fu-
ture work could be not only an evaluation in the clinical setting but also the
development of automated setups that provide additional and improved training
data. Large-scale datasets acquired with data acquisition setups combined with
data from the actual clinical setting could be an effective approach.

In general, collecting more data is an effective approach to improve the perfor-
mance. However, this also brings up an additional challenge, that is the process-
ing of large-scale 3D /4D datasets. Notably, this requires building effective data
pipelines and processing strategies to handle training with such data, including
effective data loading, pre-processing, and storage. This challenge is also relevant
and known in the natural image domain that considers video data processing,
where large-scale datasets of thousands of videos ranging over several minutes
are used for training [694369,408|. While we focused on architecture aspects and
strategies to perform spatio-temporal feature learning, addressing aspects regard-
ing data pipelines is also an interesting direction for future work.

190



7.3. Training Data and Future Research

Another interesting direction for future work is raw data processing. Our re-
sults demonstrate that motion analysis can be performed, e.g., without distinct
visual landmarks. This highlights the ability of spatio-temporal deep learning
to learn complex and rich features end-to-end. Thus, raw data processing of
the imaging modalities without data pre-processing could be an interesting step.
For example, performing US-SWEI, spatio-temporal deep learning could directly
process the raw RF-data of the piezoelectric elements. Thereby, data processing
pipelines could be simplified even more. Notably, this scenario is challenging, and
we expect large training datasets to be important.

Another relevant direction for future work is studying our approaches in other
application scenarios, where sequences of medical image data are relevant, such
as fMRI data [261], or hyperspectral image analysis [292]. Notably, our results
demonstrated the flexibility of our approach. Thus, our approach could provide
promising results in these scenarios where sequences of images are present, also,
where the sequence dimension is not necessarily a temporal dimension but an-
other sequential dimension of the data, such as during hyperspectral imaging. We
already achieved first promising results in these scenarios using similar methods
to those we presented in this work [25}36}37]43,129].

Moreover, future work could explore concepts to further reduce the computational
requirements and training times of spatio-temporal deep learning, especially when
high-resolution and large-scale images are used. Considering our results, further
exploring of mixed 3D /4D spatio-temporal architectures or spatio-temporal fea-
ture learning using channel-wise interactions could be interesting directions. Our
results demonstrated that multi-task learning could effectively be addressed. In
the future, also cross-modality learning could be evaluated where a single archi-
tecture is trained, e.g., for motion analysis using multiple modalities such as OCT
and US. Moreover, Transformer approaches |117,465] are gaining traction for med-
ical image analysis, and studying such approaches for medical image sequences
is an interesting direction for future work. However, so far, there are many open
challenges considering Transformer methods and medical image analysis, includ-
ing the requirement for large-scale datasets and pre-training and also substantial
computational complexity [269]. However, as notable efforts are made regard-
ing Transformer, we expect the associated challenges to reduce in the coming
years making such an approach an interesting direction for future studies, e.g., to
address motion analysis or dynamic elastography.
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Chapter 8

Conclusion

In this thesis, we studied and presented spatio-temporal deep learning methods
for analyzing medical image sequences. Sequences of medical image data have nu-
merous clinical applications, yet analyzing the high-dimensional spatio-temporal
data remains challenging, especially with real-time constraints [46,98]. Deep
learning has recently shown promising results for efficient end-to-end process-
ing of medical image data in various clinical applications, including pioneering
results for processing multi-dimensional medical image data [14}/162,[281]. How-
ever, spatio-temporal feature learning with deep learning is a difficult task and
requires tailored deep learning approaches to process such multi-dimensional and
rich data [369]. This results in several architecture choices to learn effectively and
efficiently from such data [503]. Moreover, medical imaging modalities such as
OCT and US even allow for real-time volumetric imaging, which allows to capture
dynamic processes in their entirety, spatially and temporally. However, effectively
analyzing such 3D/4D spatio-temporal data has many unsolved challenges and
usually requires highly specialized data processing pipelines, feature extraction
approaches, and model building [7,|14}21}55],98,267,[281}[377,471].

This results in the two fundamental research questions for our work. First,
whether multi-dimensional sequences of medical image data can be processed
effectively with deep learning. Second, how multi-dimensional spatio-temporal
feature learning can be performed with deep learning.

In Chapter , we presented a range of methods, including 3D /4D spatio-temporal
CNNs (ST-3D/4DCNN), multi-path Siamese CNNs (nP-ST-4DCNN), and hybrid
approaches of a CNN and ConvGRU modules (DenseConvGRU). To reduce the
challenge of hand-crafting architectures for specific problems, we incorporated all
these concepts into a compact and unified CNN architecture concept for end-to-
end regression from sequences of medical image data. We also addressed learning
spatio-temporal relationships end-to-end from sequences of volumetric image data
with deep learning. Using OCT and US image data, we addressed the applica-
tion scenarios, motion analysis, and dynamic elastography. We conceptualized
the entire learning tasks to evaluate our methods and considered data acquired
with experimental setups.

Considering motion analysis using OCT and US data, we studied object position
estimation and markerless motion analysis of tissue (Section [6.1). Our results
demonstrated that our spatio-temporal deep learning approach for end-to-end re-
gression generalized to unseen tissue types, appearances, and motion patterns.
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Across several experiments, our results showed that this could be performed with
run-times in the range of milliseconds and with high performance even without
distinct visual landmarks. A comparison of different methods highlighted that
our approach of a multi-path Siamese network (nP-ST-4DCNN), and our hybrid
approach of a CNN and ConvGRU modules at different scales (DenseConvGRU)
performed best. In particular, the latter was beneficial for long-term motion
analysis. Our results demonstrated that with our architecture and training con-
cept, precise marker-less motion analysis from entire long-term 4D sequences
could also be performed for sequences of several hundreds of volumes ranging
over several minutes. We also combined the task of motion estimation and fore-
casting into a single approach, allowing us to directly address system latencies of
motion compensation systems, e.g., during radiotherapy.

Considering dynamic elastography, our findings demonstrated that with our end-
to-end regression approach, the direct relationship between tissue elasticity and
wave propagation could be learned from sequences of OCT and US images with
spatio-temporal deep learning (Section [6.2). Our results showed that a spatio-
temporal CNN (ST-3D/4DCNN) is well suited to this end and that such an
approach generalized to unseen elasticities, phantoms, and wave propagation di-
rections and that localized elasticity estimation can be performed. We also pre-
sented a training concept using localized spatio-temporal windows allowing for
localized elasticity estimation and generation of entire elasticity maps.

We addressed both of our application scenarios and imaging modalities with the
same architecture concept, processed data in an end-to-end fashion, and achieved
high performance with inference times in the range of a few milliseconds. Thus,
considering our first research question, these results demonstrate that sequences
of medical image data can be processed effectively with spatio-temporal deep
learning. Considering our second research question, we approached the task with
different concepts for learning spatio-temporal relationships from data and also
considered different data representations. Across our experiments, we found that
joint spatio-temporal feature learning performed well and that 3D/4D spatio-
temporal CNNs and ConvGRU modules at different feature scales are effective
to this end. Moreover, we found that entire image sequences, i.e., the entire
3D/4D spatio-temporal data, can and should be processed end-to-end with spatio-
temporal deep learning. Our results demonstrated that, thereby, higher and more
robust performance could be achieved compared to previous approaches that only
process a single image representation or pair-wise images of a sequence.

In summary, in this thesis, we presented and evaluated a range of spatio-temporal
deep learning methods for end-to-end regression using sequences of medical im-
ages. An interesting direction for future work could be an evaluation in the
clinical setting but also the development of automated setups that provide addi-
tional and improved training data. Training spatio-temporal deep learning with
large-scale datasets acquired with data acquisition setups combined with data
from the actual clinical setting could be an effective approach to achieve high and
robust performance during clinical practice. Furthermore, future work could also
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evaluate our approach in other scenarios, such as fMRI and hyperspectral image
analysis, where sequences of medical image data are also relevant.

Overall, our findings highlight that spatio-temporal deep learning is a viable ap-
proach for motion analysis and dynamic elastography and that processing en-
tire sequences end-to-end utilizing joint spatio-temporal feature learning leads
to promising results. Ultimately, our findings demonstrate that spatio-temporal
deep learning can effectively address end-to-end processing of sequences of medi-
cal image data, including sequences of volumetric images. In the future, we expect
spatio-temporal deep learning to provide further advancement of medical image
analysis.
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