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Cardiovascular disease (CVD) is the most common cause of death globally. Human induced
pluripotent stem cell-derived cardiomyocytes (hiPSC-CMs) provide a suitable model for studying
CVD and developing new treatments. Using hiPSC-CMs in heart disease modelling has several
benefits compared to using other cell types such as embryonic stem cells or animal cells. Many
cardiovascular diseases are known to affect cardiomyocyte behaviour including their biomechan-
ics. Therefore, studying the contractile machinery and force production of hiPSC-CMs is central
in CVD research.

Microscopy imaging methods are required for scientists to view cells, their contractile struc-
tures and study their force production. Namely fluorescence microscopy and traction force mi-
croscopy -based imaging methods are often used in studying cellular biomechanics. To quantify
and extract information from microscopy images and videos, image and video processing meth-
ods are required. Therefore, image and video processing methods are a central part of studying
hiPSC-CM biomechanics and CVD.

The ever-increasing amount of imaging data requires high-throughput, fast, accurate and au-
tomated image, and video processing methods. The aim of this thesis is to provide a review of
the state-of-the-art image and video processing methods and tools that can be used for studying
hiPSC-CM biomechanics. The focus of this thesis is on machine learning -based and fully auto-
mated image and video processing methods. Moreover, this thesis acts as an introductory guide
of the available methods and tools for researchers interested in image and video processing for
studying hiPSC-CM biomechanics.

This thesis is divided into three main sections. In the first section the working principles of
fluorescence microscopy and traction force microscopy are introduced in addition to their appli-
cations in studying hiPSC-CM biomechanics. In the second and third sections image and video
processing methods and tools for fluorescence microscopy and traction force microscopy are
introduced respectively.

Keywords: image processing, video processing, hiPSC-derived cardiomyocyte,
biomechanics, machine learning
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Sydan- ja verisuonisairaudet ovat maailmanlaajuisesti merkittdvin kuolinsyy. lhmisen
indusoiduista pluripotenteista kantasolu-johteisista soluista (engl. human induced pluripotent
stem cell, hiPSC) voidaan erilaistaa sydanlihassoluja. hiPSC-johteiset sydanlihassolut (engl.
hiPSC-derived cardiomyocyte, hiPSC-CM) ovat osoittautuneet hyoddyllisiksi sydansairauksien
mallinnuksessa. Niiden kayttoon liittyy useita etuja verrattuna esimerkiksi alkion kantasoluihin tai
eldinperaisiin sydanlihassoluhin. Sydansairaudet vaikuttavat sydanlihassolujen kayttaytymiseen
ja niiden biomekaniikkaan. Taman vuoksi sydanlihassolujen voimaatuottavien rakenteiden ja
voiman tuottamisen tutkiminen on keskeisté sydansairauksien mallinnuksessa ja uusien hoitojen
kehityksessa.

Jotta soluja, niiden voimaa tuottavia rakenteita ja voimantuottoa voidaan tutkia, tarvitaan
mikroskooppikuvantamista. Erityisesti fluoresenssimikroskopia ja siihen perustuvat muut
kuvantamismenetelmat kuten traktiomikroskopia (engl. traction force microscopy, TFM) ovat
osoittautuneet hyddyllisiksi hiPSC-CM-solujen biomekaniikan tutkimuksessa. Kuvista tai
videoista saadun informaation kvantifioimiseksi puolestaan tarvitaan erilaisia kuvan- ja
videonkasittelyn menetelmid. Taman vuoksi kuvan- ja videonkasittelyn menetelmat ovat
keskeinen osa hiPSC-CM-solujen biomekaniikan ja sydansairauksien tutkimusta.

Jatkuvasti kasvava kuvantamisdatan maara vaatii suurikapasiteettisia, nopeita, tarkkoja ja
automatisoituja kuvan- ja videonkasittelyn menetelmid. Siksi tdman Kkirjallisuuskatsauksen
tavoitteena on esitelld sekd huippuluokan ettd uusimpia kuvan- ja videonkasittelyn menetelmia
hiPSC-CM-solujen biomekaniikan tutkimukseen keskittyen automatisoituihin ja koneoppimiseen
perustuviin menetelmiin. Lisaksi tdma ty® toimii oppaana saatavilla olevista kuvan- ja
videonkasittelyn menetelmista seka tydkaluista hiPSC-CM-solujen biomekaniikan tutkimuksesta
kiinnostuneille tutkijoille.

Tama tyd jakautuu kolmeen paaosaan. Ensin lukijalle esitelldaan tyon taustaa hiPSC-CM-
soluista sekd kahdesta  mikroskooppikuvantamismenetelmasta. Ensin  kasitelldaan
fluoresenssimikroskopian ja sitten traktiomikroskopian toimintaperiaatteita ja sovelluksia hiPSC-
CM-solujen biomekaniikan tutkimuksessa. Seuraavassa osiossa perehdytaan
fluoresenssimikroskopialle soveltuviin kuvan- ja videonkasittelyn menetelmiin ja tyokaluihin
keskittyen esikasittelyyn, segmentointiin ja kvantitatiiviseen analyysiin. Kolmannessa osiossa
esitelldadn traktiomikroskopialle soveltuvia kuvan- ja videonkasittelyn menetelmia ja tydkaluja
keskittyen traktiovoimien maaritykseen.

Avainsanat: kuvankasittely, videonkasittely, hiPSC-johteiset sydanlihassolut, biomekaniikka,
koneoppiminen

Taman julkaisun alkuperaisyys on tarkastettu Turnitin OriginalityCheck —ohjelmalla.
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1. INTRODUCTION

Cardiovascular disease (CVD), including cardiomyopathies is the most common cause
of death globally [1]. The treatment, medication, and mortality due to CVD causes a tre-
mendous financial and health burden. For example, in the United States the direct cost
of CVD was 251.4 billion US dollars in 2018 — 2019 [1]. Although research on CVD and
new treatments have made progress, using traditional animal or cancer cell -based dis-
ease models have their limitations. Human induced pluripotent stem cell cardiomyocytes

(hiPSC-CMs) in many ways provide a better alternative for studying CVD. [2]

Induced pluripotent stem cell (iPSC) technology was first introduced by Shinya Yama-
naka and Kazutoshi Takahashi in 2006. It allows for any somatic cell to be artificially
reprogrammed into an embryonic-like pluripotent state. The main advantages of iPSC-
technology are that iPSCs can differentiate into any cell type, regenerate infinitely provid-
ing an endless supply of iPSCs and they contain the genome of the donor. Human in-
duced pluripotent stem cells (hiPSCs) refer to iPSCs from a human donor, therefore con-
taining a human-genome. Due to the previously mentioned advantages of iPSC-technol-
ogy, hiPSCs have a wide range of applications and have allowed for revolutionary devel-
opments in biomedical research; they can be used in vitro disease models, drug discov-

ery and testing. [3], [4]

The main function of the heart muscle is to pump blood and provide a sufficient oxygen
supply to all organs via blood circulation. Therefore, biomechanics is one of the most
central factors governing heart function. Several cardiomyopathies are known to affect
the contractile forces exerted by cardiomyocytes (CMs), leading to abnormal heart func-
tion. Such conditions can be caused by morphological or orientational changes in the
CM contractile structures. Morphology is the study of size, shape, and other structural
features. In addition to cardiomyopathies, several drugs are known to affect heart func-
tion and CM contractile structures. Therefore, studying CM biomechanics is an integral

part of heart disease research and developing new treatments. [3], [5], [6]

Most cells, including hiPSC-CMs, cannot be seen with the naked eye due to their micro-
scopic size and therefore microscopy imaging is needed to examine them. This literature

review provides a brief overview of some of the most common imaging methods that are



used to image hiPSC-CMs and study their biomechanical properties, namely fluores-

cence microscopy and traction force microscopy.

In order to perform quantitative analysis and extract useful information from images and
videos, they often need to be processed in several ways. Image and video processing
are the processes performed on images or videos to produce an enhanced version of
them or to extract useful information from them. The aim of this literature review is to
provide an overview of the newest and state-of-the-art image and video processing meth-
ods that can be used for studying hiPSC-CM biomechanics. Moreover, this thesis acts
as an introductory guide on the available image and video processing methods and tools

for researcher interested in studying hiPSC-CM biomechanics.

This literature review is divided into five chapters. In the second chapter the necessary
background for the topic of this thesis is covered; hiPSC-CMs are introduced in depth,
the working principles of fluorescence microscopy and traction force microscopy, and
some of the most used image processing tools are introduced. In chapter three some of
the most central image processing methods and tools suitable for fluorescence micros-
copy imaging, including pre-processing methods, segmentation algorithms and quanti-
tative analysis. Section four focuses on the most central image processing methods and
tools used to analyse traction force microscopy images, with a focus on traction recon-
struction. Finally in chapter five conclusions are provided with discussion of future pro-

spects.



2. BACKGROUND

In this chapter the necessary background for the topic of this thesis is provided. First
hiPSC-CMs are introduced in depth. In addition, some of the most used imaging methods
for studying hiPSC-CM biomechanics; bright-field-imaging, fluorescence microscopy and
traction force microscopy are introduced, and their working principles are explained. Fi-
nally, some of the most used image and video processing tools in the biomedical field

and related concepts are introduced.

2.1 hiPSC-derived cardiomyocytes

After iPSC-technology was first discovered by Shinya Yamanaka and Kazutoshi
Takahashi in 2006, hiPSC-technology and the use of hiPSC-CMs have become increas-
ingly popular in CVD research. Due to the many beneficial properties of hiPSCs such as
their ability to continuously replicate and differentiate into cardiomyocytes, hiPSC-CMs
have become useful for many applications in CVD research. hiPSC-CMs are used in
CVD-models and researching new treatments for CVDs. In this chapter hiPSC-CMs will
be introduced more in depth; the benefits and drawbacks of using them are discussed
and they are compared to mature cardiomyocytes. In addition, their most central con-

tractile structures and biomechanical properties are introduced. [3]

hiPSC-CMs can be reprogrammed from any somatic cells, most often skin cells, from a
human donor. The donor cells are first treated with transcription factors that revert the
cells back to an undifferentiated pluripotent state. This state is achieved, when the tran-
scription factors influence, how DNA is packed and expressed in the cells. After this, the
cells possess properties similar to those of embryonic stem cells (ESCs); they can dif-
ferentiate into any cell type and divide endlessly. To obtain hiPSC-CMs from hiPSCs, a
differentiation protocol that mimics the most central signalling pathways in embryonic

cardiac specification must be followed. [2], [5]

Alternatives to using hiPSC-CMs include using animal cells, adult CMs, immortalized cell
lines or using ESCs. In many cases hiPSC-CMs provide a better alternative compared
to using other cell types. The main advantage of hiPSC-CMs compared to adult CMs is
that they can reproduce indefinitely unlike non-proliferative adult CMs. In addition, ma-
ture CMs are known for being challenging to culture successfully. While hiPSCs are sim-

ilar to ESCs in several ways, using hiPSCs involves far fewer ethical barriers than using



ECSs obtained from human embryos. Another advantage of hiPSC-CMs is that they con-
tain the genome of the donor. Using animal cells in the research of human diseases has
its limitations. Reaction to treatment can be species specific, which complicates using
animal-based models in drug testing and disease modelling. An immortalized cell line
that models key cardiac physiological properties has not been developed, causing im-
mortalized cells to be a poor option in CVD research. Moreover, using hiPSC-CMs pro-
vides a way to obtain an unlimited supply of human cardiomyocytes that are phenotype
specific, meaning that they contain the exact genome of the donor. This means that,
using cells from a donor, who suffers from a CVD produces affected hiPSC-CMs, which
can then be used to study the disease mechanism, research new treatments or even

study personalized treatment options. [2], [5], [6]

Although hiPSC-CMs address many of the downfalls of using other cell types in CVD
research, they have some drawbacks as well. One of the drawbacks of iPSC-technology
in general is that a large proportion of the donor cells do not reach the pluripotent state
and become induced pluripotent stem cells [5]. One of the major issues specifically with
hiPSC-CMs is their immaturity. They tend to have an immature, embryo-like, physical
structure, electrophysiological and biomechanical properties. Therefore, hiPSC-CMs do
not provide a flawless model of the behaviour and properties of mature CMs, which limits

their applicability in disease modelling and drug testing. [2]

The maturity of hiPSC-CMs depends on their culturing time. New ways of culturing
hiPSC-CMs to allow the development of more mature structures and properties are cur-
rently under research. However, there are still many differences between mature CMs
and hiPSC-CMs. Generally, hiPSC-CMs resemble embryonic or fetal cardiomyocytes
both structurally and functionally. For example, their shape is more rounded compared
to mature CMs, their contractile machinery is underdeveloped, and their calcium transi-

ents and electrophysiology differ. [2], [7]

Contracting is one of the main functional properties of all muscle cells including cardio-
myocytes. Their contractile machinery refers to the cellular structures that take part in
contraction. The main contractile structures in CMs, are sarcomeres comprised of actin
and myosin filaments. A sarcomere is formed of band-like structures including m- and z-
lines, giving CMs a striated-like appearance (Figure 1). Z-lines are responsible for con-
necting individual sarcomeres to each other forming structures referred to as myofibrils.

In Figure 1, the contractile machinery of cardiomyocytes is illustrated.

The maturity of hiPSC-CMs is strongly related to the organization level of their contractile

machinery. The immaturity of hiPSC-CM contractile machinery can be seen for example



in low myofibril density, low sarcomere, and myofibril orientation and poor z-line align-
ment. The unorganized nature of the hiPSC-CM contractile machinery leads to a signifi-
cantly lower ability to produce contractile force compared to mature CMs. hiPSC-CMs
are also known to contract in a spontaneous manner instead of in co-ordination with

neighbouring cells like mature CMs. [2], [5]

In addition to maturity, other factors such as heart diseases and drugs are known to affect
the contractile machinery and force production of CMs. They can affect the morphology
or the alignment of the contractile machinery leading to impaired force production and
heart function. For these reasons studying the biomechanical properties of CMs is an

integral part of CVD research and developing new treatments. [3], [5], [6]

Figure 1. lllustration of cardiomyocyte contractile machinery showing sarcomere,
myofibril, and z-line structures. Adapted from [9].

2.2 Bright-field imaging

Microscopy imaging is required for researchers to be able to view cells and analyse their
properties and behaviour. Therefore, microscopy imaging is an integral part of CVD re-

search. In this chapter one of the simplest methods of microscopy imaging called bright-



field imaging is introduced as background for the following imaging methods, fluores-

cence microscopy and traction force microscopy.

An optical microscope consists of two types of components: imaging and illumination
components. It uses visible light and a collection of lenses to provide a magnified image
of the specimen. Although an optical microscope allows cells to be magnified up to 1000
times, it has a limited resolution of 200 nm due to the diffraction limit of visible light. [5],
[10]

Bright-field imaging is an illumination technique used in optical microscopy. In bright-field
imaging the specimen is illuminated with white light from below. The light is transmitted
through the sample and through an appropriate set of lenses to focus the image on to
the detector. Contrast in the image is a result of attenuation of the light that has passed
through the specimen. However, cells and cellular structures are usually transparent,
which exhibits as poor contrast in the image. Due to a lack of contrast, it may be difficult
to distinguish cells and cellular structures from one another and from the background.
For this reason, dyes are often used to provide better contrast. Alternatively, other imag-
ing methods developed to provide enhanced contrast such as fluorescence microscopy,
can be used. A scheme of a bright-field microscope and some of its main components is
shown in Figure 2. [5], [10]
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Figure 2. Scheme of a brightfield microscope and its main components. Adapted from

[11].

2.3 Fluorescence microscopy imaging

Fluorescence microscopy imaging is a popular imaging method used in biological appli-

cations that addresses the lack of contrast in traditional optical microscopy such as



bright-field microscopy. Fluorescence microscopy is based on the use of fluorophores,
which are chemicals that absorb light and as a result of excitation re-emit photons of a
lower wavelength. Fluorescence microscopy imaging is especially useful when the goal
is to image cellular structures with high accuracy and specificity. Therefore, fluorescence
microscopy imaging has many applications in studying hiPSC-CM biomechanics. It is
especially useful in analysing the morphological features of the cellular contractile ma-
chinery for drug testing, disease modelling and analysing the maturity of the cells. [5],
[10]

A fluorescence microscope is similar to a traditional optical microscope with a few mod-
ifications. A mercury lamp is used to illuminate the sample with UV-light and excite the
fluorophores. The UV-light falls on an excitation filter, which allows only specific wave-
lengths of light to pass through; the wavelengths that excite the fluorophores. Then the
UV-light is reflected by a dichroic mirror onto the specimen. The fluorophores in the sam-
ple react to the UV-light and produce a fluorescent signal as a result of excitation. The
signal passes through an emission filter, that only allows the wavelength of the fluores-
cent signal to pass through, before reaching the detector. A scheme of a fluorescence

microscope showing its main components can be seen in Figure 3. [10]
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Figure 3. Scheme of a fluorescence microscope. Adapted from [11].

One way to further improve the resolution of fluorescence microscopy is to use confocal
imaging (Figure 4). Confocal imaging is a form of fluorescence microscopy. It uses two
pinholes to limit the excitation and detection beams of light in order to suppress any out-

of-focus light. The final images are less out of focus and blurry than traditional fluores-



cence microscopy images and allow the detection of more detailed structures. In confo-
cal imaging a laser is used to illuminate the sample instead of a mercury lamp. Another
difference compared to so-called wide-field microscopy is that the entire sample cannot
be viewed at once. To gain spatial information, various scanning methods are used; ei-
ther the sample or the laser beam can be moved. Confocal imaging also allows the ac-
quisition of three-dimensional (3D) images, when the sample is scanned in the z-plane
in addition to x- and y-planes. Figure 4 illustrates the power of confocal microscopy by

comparing a confocal image to a widefield image of the same specimen. [5], [10]

Another advantage of fluorescence microscopy imaging is its specificity. Fluorophores
are often coupled to antibodies when imaging biomedical samples such as hiPSC-CMs.
This allows the fluorophores to bind to certain molecules such as nucleic acids or pro-
teins within the cells. This way different cellular structures can be viewed with high spec-
ificity and detail. [10]

Figure 4. A comparison of confocal and widefield microscopy images of the same
specimen to illustrate the power of confocal microscopy. a) Widefield imaging provides
a much blurrier image that shows significantly less details. b) Confocal microscopy pro-

vides a sharper image with much more visible details. Adapted from [12].

2.4 Traction force microscopy

Traction force microscopy (TFM) is a microscopy imaging method that can be used to
measure the contractile forces of a cell or multiple cells, called tractions. For this reason,
TFM is a central imaging method used for studying cellular biomechanics. A traction force
is a local force per unit area, that all adherent cells exert on their microenvironment.
Tractions are related to several properties of the cellular microenvironment. The maturity
of the cell and whether it is affected by a disease, or a drug may also affect the strength

of tractions it exerts. TFM has several applications, it can for example be used to study



the mechanical properties of hiPSC-CMs in different microenvironments, at different ma-

turity levels, when treated with a drug or affected by a heart disease. [13], [15]

Most often TFM is used to image a singular cell, but it is also possible to image a system
of multiple cells together. The sample cell or cells are seeded on to a transparent sub-
strate, such as a hydrogel, embedded with fluorescent beads. As the cells contract, they
exert forces on the substrate and the fluorescent beads move as a result. This system is
coupled to a fluorescence microscopy setup to track the movement of the beads in time
and location. Computing the displacement field can be achieved based on comparing a
“stressed state” image, where the cells are contracting and a reference image, where
the cells have been removed from the substrate. From the measured displacement field
the traction force field can be further solved. Figure 5 illustrates the possible outputs of
a TFM image processing pipeline, including a displacement field and a traction intensity
map. [14], [16]

In order to successfully compute the traction field, the mechanical characteristics of the
substrate material must be well-known. Materials such as polyacrylamide and silicon-
gels are often used as the substrate material. These materials are a popular choice be-
cause they exhibit linear-elastic behaviour, making traction field computation feasible. In
addition, their mechanical properties are not known to be affected by biochemical factors.

Their stiffness can also be widely varied depending on the goals of the study. [14], [16]
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Figure 5. Example outputs of a TFM image analysis pipeline performed with a
MATLAB-based software package, TFM, developed by DanuserLab
(https://github.com/DanuserlLab/TFEM, accessed 8.4.2023) a) Displacement field meas-
ured in pixels. b) A map of traction intensities measured in Pascals. [16]
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2.5 Image processing tools

Many types of tools have been developed for image processing. Here some of the most
used tools in biomedical image processing will be introduced in addition to some related
terminology. Some of the most popular image processing software for biomedical image
processing include Imaged and Fiji. Programming languages such as MATLAB, Python

and Java are also used.

Imaged is a Java based open-source image processing software designed for processing
and analysing scientific images. It includes a variety of predefined functions but also
allows the user to further extend the program’s abilities with macros and plugins, which

is one of the reasons it has gained much popularity in scientific image processing. [17]

A macro is a compact program containing a sequence of operations. A macro can be
saved on a computer disk and be rerun at any time. In image processing a macro would
include the operations performed on an image such as filtering or adjusting saturation.
Macros provide an easy way to process a set of images identically and automate this

process. [17]

Plugins are a way to further extend the capabilities of Imaged. A plugin is a program that
works in collaboration with another software, namely ImageJ. They allow the user to
design their own image processing algorithms outside of the native capabilities of Im-
ageJ. Fiji is a distribution of Imaged that includes most of the core functionalities of Im-
ageJ, in addition to many additional plugins. Instead of having to individually download
plugins, Fiji provides a comprehensive bundle of them in one package. None of the
plugins introduced in this thesis are readily available in Fiji. However all the ImageJ
plugins including DeconvolutionLab2, U-net segmentation plugin SarcOptiM and TFM by

Tseng et al. are available to be downloaded for both ImageJ and Fiji. [17]

Different programming or scripting languages such as Python, Java, JavaScript, and
MATLAB can be used to create macros or plugins for image processing software such
as Imaged [17]. Moreover, programming languages such as Python and MATLAB can
also be used on their own to design original image processing algorithms and software
packages. In addition, namely MATLAB has built-in toolboxes and functions designed for
image processing [18]. Many libraries containing image processing and machine learn-
ing functions have also been created for Python including OpenCV and Scikit-Image.
Therefore, programming languages can provide a valuable way to extend existing image
processing software with macros and plugins, but they can also be useful image pro-
cessing tools on their own, providing endless ways to customize an image processing

pipeline.
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3. IMAGE PROCESSING METHODS FOR FLUO-
RESCENCE MICROSCOPY

In this chapter some of the most integral and newest image and video processing meth-
ods and tools for fluorescence microscopy images, that can be used to study the hiPSC-
CM contractile machinery and biomechanics, are covered. These methods include pre-
processing methods, machine learning -based segmentation algorithms and quantitative

analysis.

3.1 Pre-processing

Pre-processing methods are image processing operations that are applied before further
processing. The goal is to enhance an image for further processing steps in order to
guarantee more accurate results. In addition to making images more visually pleasing
for the viewer, their quality should be made optimal for further analysis. The line between
pre-processing and further processing steps is not perfectly clear and the definition may
vary based on the source. In this thesis image processing steps applied before segmen-
tation and quantitative analysis are considered pre-processing steps. There is no specific
pre-processing pipeline that can be applied for all images or all imaging methods. How-
ever, the aim of this chapter is to briefly introduce some of the most common pre-pro-
cessing operations used for fluorescence microscopy imaging keeping in mind the appli-

cation of studying hiPSC-CM biomechanics.

3.1.1 Deconvolution

Deconvolution is a central image pre-processing method especially useful in fluores-
cence microscopy imaging including confocal imaging. Although confocal imaging pro-
duces higher resolution images than widefield microscopy, its resolution is still limited
due to the diffraction limit of light. The microscope object lenses reduce the contrast of
small features causing them to appear blurry and out-of-focus. In other words, the imag-
ing components convolve the image. Deconvolution provides a way to further enhance
the image resolution and counter the convolution effect caused by microscope compo-

nents. The effect of convolution and deconvolution are illustrated in Figure 6. [10]

Convolution is a systematic error meaning that it is native to the imaging setup and the
error is identical in images taken with the same setup. Convolution is characterized by

the point-spread-function (PSF) of the optical system. The PSF of a system can either
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be measured by imaging an ideal point-like light source or estimated with various meth-
ods including mathematical modelling. The final image H taken with an optical system is

the convolution (&) of the real image G and the PSF of the system with noise 1) added
to it:
H=G QPSF+ 1 . (1)

When the PSF is known, its effect can be reversed with deconvolution. This step is crucial
to obtain accurate results in further processing steps. As seen in Figure 6 deconvolution
has a profound effect on the image resolution; the deconvolved image has much higher
resolution showing more details compared to the same image without deconvolution.
[10]

Acquisition :
: Deconvolution

(PSF + model)

(Convolution +
MNoise)

Figure 6. The effect of convolution and deconvolution on a fluorescence microscopy
image. Convolution caused by the PSF of the imaging system causes the image to ap-
pear blurry. When deconvolution is performed on the image, its resolution is visibly in-

creased. [19]

Solving Equation 1 in the Fourier frequency space is simple if the noise 1 is not ac-
counted for. However, in real-world applications noise is always present in images.
Therefore, more complex algorithms are required to perform deconvolution. Many types
of deconvolution algorithms have been developed; including Wiener filtering, iterative
algorithms such as the Richardson-Lucy algorithm and so-called blind deconvolution al-
gorithms for when the PSF is unknown. The choice of algorithm depends on the user
requirements and computational resources, since running complex algorithms especially
for large 3D data sets can be computationally exhaustive in terms of memory usage and
running time. One of the most prevalent deconvolution algorithms for confocal data in-

clude the Richardson-Lucy algorithm. [10]

Many deconvolution software packages including both commercial and open-source

packages exist. For example, ImagedJ has freely downloadable plugins specifically de-
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signed for deconvolution such as DeconvolutionLab2 (https:/qithub.com/Biomedical-Im-

aging-Group/DeconvolutionLab2, accessed 30.4.2023). It is an open-source Java-based

software. It includes several different deconvolution algorithms such as the Richardson-
Lucy algorithm and many others. It is compatible with Imaged, Fiji, and MATLAB. An
advantage of the software package is that it makes several algorithms available for the
user to experiment with. Furthermore, extensive documentation of the software package

is provided in an article by the developers. [19]

3.1.2 Other pre-processing methods

The aim of most pre-processing operations used for fluorescence microscopy images is
to reduce noise and improve the foreground signal to make the images more visually
appealing, guarantee accurate results in further processing steps and make a series of
images more uniformly comparable. Some commonly used pre-processing steps in ad-
dition to deconvolution include background removal, enhancing contrast and applying
filters. Most image processing software, including ImagedJ and Fiji, have these function-
alities integrated in them or available in the form of plugins [17]. Figure 7 illustrates the
effect of using a few simple pre-processing operations on a fluorescence microscopy
image of hiPSC-CMs with fluorescently stained z-lines. The pre-processed image is vis-

ibly enhanced compared to the original one. [8], [20]

Figure 7. The power of pre-processing methods. a) An unedited fluorescence mi-
croscopy image of hiPSC-CMs with fluorescently stained z-lines. b) The same image
after pre-processing including contrast enhancement and background removal. [8]

Contrast is the difference in luminance or hue. Contrast enhancing operations are used
to increase the contrast between foreground and background signals and enhance the
perceptibility of the fluorescently dyed structures such as z-lines. Furthermore, contrast
enhancement can enhance a relatively weak fluorescent signal, making it easier to

threshold for segmentation purposes. [8]


https://github.com/Biomedical-Imaging-Group/DeconvolutionLab2
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Background removal or subtraction is the operation of identifying the foreground and
background signals and removing the background signal. This is often done because the
background of the image is uneven, which can negatively affect further analysis steps.
In short, background subtraction can be performed in order to remove low frequency

signals in the background and enhance the fluorescent foreground signal. [8]

Some noise is always present in images. Noise is the presence of artifacts such as ran-
dom brightness and colour variation in an image or video caused by camera compo-
nents. Fluorescence signals are often low in intensity and noise can make it difficult to
detect the fluorescent signal in the presence of substantial noise. Noise can be removed
in a pre-processing operation called filtering. To remove noise, lowpass, blurring, filters
are used. However, a lowpass filter will impair details due to its blurring effect. To achieve
a satisfactory result, the filter should be adjusted in a way where it effectively removes
noise but does not negatively impact details in the image. Moreover, detail-preserving
low-pass filters such as the adaptive median filter can provide a good compromise be-

tween noise removal and detail preservation. [8], [10]

3.2 Machine learning based segmentation methods

After pre-processing has been completed, further processing steps such as segmenta-
tion can be conducted. Segmentation refers to the process of partitioning an image down
into subgroups, which are referred to as image segments. It allows different structures
to be identified from images. Practically any fluorescently dyed structure can be identified

or in other words segmented from a fluorescent microscopy image. [21]

Segmentation is a crucial image processing step when studying hiPSC-CM biomechan-
ics. When parts of the contractile machinery of hiPSC-CMs are fluorescently dyed, these
structures can be identified from the images with segmentation algorithms and their prop-

erties can be further studied with quantitative analysis.

Many types of segmentation algorithms have been developed over time. Some of the
simplest and most commonly used segmentation methods include thresholding methods
such as Otsu’s method. The disorganized nature of sarcomere structures in hiPSC-CMs
provides an additional challenge to accurate segmentation [8]. In addition, increasingly
large amounts of imaging data are continuously being acquired. Manual segmentation is
burdensome, slow, and not always accurate. The huge amounts of data available require

fast and highly accurate high-throughput segmentation methods. [8]

Deep learning methods, especially convolutional neural networks (CNNs) have proved

to not only be fast but provide accurate segmentation results. CNNs have been used in
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many types of segmentation tasks including biomedical applications such as cell and
nuclei segmentation [22], [23]. A comprehensive summary of biomedical applications that
the CNN architectures introduced in this thesis have been used for is presented in Table
1.

To the knowledge of the author, CNNs have not yet been used in the specific task of
segmenting structures of the contractile machinery of hiPSC-CMs from fluorescence mi-
croscopy images. However, CNNs have potential to provide a faster, high-throughput
and more accurate way to segment hiPSC-CM contractile structures. Using CNNs for
this purpose has been mentioned by Cao et al. as a future step their group will explore
[8]. In the following chapters the working principle of CNN-based segmentation and a
few state-of-the-art CNN architectures that have potential to perform well in this task are
introduced including U-net, Mask R-CNN and YOLOv4.

Table 1. A summary of biomedical applications U-net, Mask R-CNN and YOLOv4
CNN-architectures have been used for.

ISBI challenge 2012, . .
electron microscopic

U-net segmentation of neu- [23]
stacks
ronal structures

ISBI challenge 2015, . :

U-net cell segmentation light microscopy [23]
2018 Kaggle
Data Science Bowl brightfield and fluores-

U-net . . [22]

cell nuclei segmenta- cence microscopy

tion contest

2D fluorescence, differen-
tial interference contrast,
U-net Cell segmentation phase-contrast, bright-field [24]
microscopy, and 3D bright-
field image stacks

U-net Neurite segmentation electron microscopy stacks [24]
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Multiorgan

U-net )
segmentation

computed tomography [25]

Mask R-CNN and fluorescence, brightfield

U-net ensemble  Nuclei segmentation . . . [26]
and histology imaging
model
Mask R-CNN S Iesmp segmen- dermoscopic imaging [27]
tation
Multiorgan
Mask R-CNN segmentation computed tomography [28]

Breast cancer detec-
Mask R-CNN tion, segmentation, ultrasound [29]
and classification

Melanoma lesion . .
YOLOv4 detection dermoscopic imaging [30]

Pulmonary nodule

YOLOv4 detection

computed tomography [31]

3.2.1 Convolutional neural networks

Convolutional neural networks (CNNs) are a deep learning architecture that has proven
to be especially useful in image processing and specifically object identification and im-
age segmentation. CNNs were first introduced in the 1990’s. CNN architecture was in-
spired by the visual perception of living creatures. They make highly accurate object
identification and image segmentation possible with little to no image pre-processing.
Originally CNNs did not provide satisfactory results because of a lack of available training
data and computing power. However, in the past decade CNNs have gained traction due

to an increase in these resources. [32]

Usually three types of basic components can be found in a CNN: convolutional, pooling,
and fully connected layers. Each layer consists of several nodes also known as neurons.
Neurons are connected amongst each other and between layers. Each neuron has a
threshold value called an activation value. If the output of the neuron exceeds its activa-

tion value, it activates and sends information to the next layer. [32]
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The purpose of convolutional layers is to learn features of the input image. An individual
convolutional layer is formed of multiple convolution kernels, which compute feature
maps. One kernel can for example detect vertical lines in the input image and another
horizontal lines. As the depth of the network increases the feature detection becomes
progressively sophisticated detecting increasingly abstract features. For example, going
from detecting shapes, to detecting facial features, an entire face and finally identifying

a person in the input picture. [32]

The output feature maps of convolutional layers are sensitive to the location of the fea-
ture in the input image. To address this and reduce the computational power required for
further operations, feature maps are downsampled meaning that their resolution is low-
ered. Pooling layers are responsible for the downsampling. They either perform average
or maximum pooling. In short average pooling summarises the average presence of a
feature whereas maximum pooling summarises the most activated presence of a feature.
[32]

After multiple consecutive convolutional and pooling layers there may be a fully con-
nected layer. A fully connected layer is usually the last layer in a CNN before an output
layer. Its purpose is to execute high-level reasoning, which is achieved by connecting all
the neurons of the previous layer to its own neurons. However, a fully connected layer is
not necessary since it can be replaced by a 1 x 1 convolutional layer. The final layer of a
CNN is the output layer, which produces the output of the network. The output can be for
example a classification prediction, or in a segmentation task it can be a segmentation

mask alongside classification predictions. [32]

Two types of CNN-based image segmentation methods exist: semantic segmentation
and instance segmentation. Semantic segmentation classifies every individual image
pixel into one or more classes, each being a real-world object. Instance segmentation on
the other hand identifies every instance of an object in the image and separates it with a
bounding box. In addition, it classifies each individual pixel within these boxes. The main
difference between instance segmentation and semantic segmentation is that instance

segmentation is able to separately identify and separate each instance of an object. [33]

Object detection algorithms can also be used in image segmentation to identify regions
of interest for further segmentation. Object detection is a simplified version of instance
segmentation. It does not produce a segmentation mask as an output, instead it only
produces bounding boxes around recognized objects and the predicted class for each
object. An illustration of the different image classification techniques is shown in Figure
8. [30], [33]
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(a) Image (b} Semantic segmentation (€) Image classification

(d) Object detection {e) Instance segmentation

Figure 8. lllustration of different image classification and segmentation types. a) The
original image has not been classified. b) Semantic segmentation classifies each indi-
vidual pixel. c) Image classification assigns one or more class labels to the input image.
d) Object detection identifies each object and marks its location with a bounding box. e)
Instance segmentation identifies each instance of an object in the input image, marks
its location with a bounding box and classifies the object pixels. Adapted from [33].

For studying the contractile machinery of hiPSC-CMs both instance and semantic seg-
mentation algorithms have the potential to produce highly accurate segmentation masks.
For segmentation tasks, where identifying each individual fluorescently dyed structure is
necessary, instance segmentation algorithms would provide a viable option. Object de-
tection algorithms could be used for example to detect individual z-line structures as
regions of interest for further image segmentation. Although, CNN-based segmentation
methods have shown great potential in many biomedical applications, it should also be
noted that these algorithms have not yet been explored for hiPSC-CM contractile struc-
ture segmentation. Therefore, further research is required to compare their performance

to traditional segmentation algorithms and amongst each other in this task. [32]

3.2.2 U-net

U-net is a sematic segmentation CNN architecture designed for biomedical applications
including several types of microscopy imaging data such as bright-field and fluorescence
microscopy images. It was developed at the University of Freiburg and published in 2015.
The source code including the original trained networks for U-net are freely available
online. In addition, a freely available ImageJ plugin for cell detection, segmentation and

counting with U-net has been published (hitps:/sites.imagej.net/Falk/plugins/, accessed

30.4.2023) [24]. U-net was developed to allow accurate image segmentation with a low
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amount of training data, which is made possible by using data augmentation techniques.
U-net has since performed well in many types of segmentation tasks. In 2015 it won the
ISBI cell tracking challenge with a large margin. In addition, an enhanced U-net -based
CNN architecture outperformed other implementations in the 2018 Kaggle Data Science

Bowl cell nuclei segmentation contest [22]. [23]

U-net forms a U-shaped network consisting of a contracting and expansive path also
known as encoder and decoder structures. The left, contracting, path receives the input
image and extracts useful information from it using convolutional layers. The right, ex-
pansive, path upsamples feature maps by performing up-convolutions. After this a con-
catenation with the corresponding feature maps from the contracting path follows in a
process known as skip-connections. Finally, as an output the network produces a seg-

mentation mask. [23]

When unpadded convolutions are used, the output image is smaller than the input image
and therefore some data is lost in the process. To avoid the loss of data, a technique
called overlap tile strategy is used. The pixels of the entire image are classified tile by
tile, where a tile is a small part of the input image. At the image borders the tiles are

extrapolated by mirroring the image as illustrated in Figure 10. [23]

Figure 10. lllustration of the overlap tile strategy. To perform segmentation in the
area highlighted by a yellow box, the pixels in the blue box (input image tile) are re-
quired as an input to not lose data in the segmentation process. [23]

The left, contracting, path is a classic convolutional network consisting of recurrent 3 x 3
convolutions. After each convolution there is a rectified linear unit (ReLu). An ReLu is an
activation function, that introduced nonlinearity to the network and helps it learn complex
features. An activation function takes the output from a node and turns it into an input for

the next node. The RelLu returns the output if it is positive and otherwise it returns zero.
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The Relu is followed by a 2 x 2 maximum pooling operation to down-sample the input
image. The amount of feature channels is doubled in every down-sampling operation.
[23]

In the expansive path each step is comprised of an up-sampling of the feature map,
which is followed by a 2 x 2 up-convolution, each halving the amount of feature channels.
After this a skip-connection follows. Skip-connections take a feature map from the con-
tracting path and feed it straight to the corresponding part of the expansive path. In other
words, skip-connections take features learned in the contracting path and use them to
perform localization in the expansive path. Each skip-connection is followed by two 3 x
3 convolutions and an RelLu. The last layer consists of a 1 x 1 convolution for mapping
each feature vector to a class. In total U-net incorporates 23 convolutional layers. The

U-net network architecture is illustrated in Figure 9. [23]
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Figure 9. U-net network architecture. The x- and y-size of the image tile is marked
at the bottom of the blue boxes. Each of the blue boxes depict a feature map with sev-
eral channels. The number of channels is marked on the top side of every box. White
boxes on the other hand depict copied feature maps and arrows depict each of the op-

erations. [23]
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3.2.3 Mask R-CNN

Mask R-CNN is an instance segmentation CNN architecture. It was not initially designed
for biomedical applications, but it has been widely used in the biomedical field for exam-
ple for skin lesion segmentation and nuclei segmentation [26], [27]. It has gained much
popularity due to its high accuracy, simplicity, and efficiency. It is able to recognize each
instance of an object or several different types of objects in an image, separate them
with bounding boxes and produce high-quality segmentation masks. Mask R-CNN was
first published in 2018. The Python implemented source code is freely available online.
[34]

Mask R-CNN has been used to detect skin lesions in a three-stage segmentation pipeline
with highly accurate results, outperforming previously used state-of-the-art lesion detec-
tion methods [27]. In addition, a network combining Mask R-CNN and U-net has been
used for nuclei segmentation, where the predictions of both U-net and Mask R-CNN were
used as input in an ensemble model. The ensemble model had a slightly higher precision

of 1 % compared to the results obtained with U-net and Mask R-CNN separately. [26]

To find each individual instance of an object in an image, several candidate object loca-
tions also known as proposals must be processed and finally refined when an object is
found. The amount of region proposals also known as regions of interest (Rol) may end
up being exceedingly high causing this approach to be computationally demanding and

not realistic in most real-world applications. [35]

To reduce the amount of selected Rols, region based convolutional neural networks (R-
CNNs) were introduced. R-CNNs are based on selective search that is used to extract a
certain number, up to 2000, proposal regions from the input image. These regions are
reshaped and merged together, forming a smaller image and then fed into a CNN that
performs object classification within the identified Rols. Although, an R-CNN only con-

siders approximately 2000 Rols, it is still rather slow. [35]

To produce classification and detection results faster, an algorithm called Fast R-CNN
was developed. Fast R-CNN is similar to R-CNN in many ways. However, instead of
having to feed 2000 region proposals to the CNN, in the Fast R-CNN architecture an
entire image is used as input for the CNN network. The input image is processed within
the network using convolutional and pooling layers, finally producing a feature map as
an output. The feature maps of corresponding Rols, computed with the selective search
algorithm, are reshaped in a Rol pooling layer. This is done so that feature maps can
further be fed into a fully connected layer. Finally, as an output the network produces

class predictions and offset values for every individual Rol. The offset values are the four
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coordinates determining the location, in other words the bounding box, of a recognized
object. [36]

An algorithm called Faster R-CNN was developed to avoid the slow process of selective
search used in both R-CNN and Fast R-CNN. Similarly, to Fast R-CNN an entire image
is fed into a CNN that provides a feature map as an output. However, the most significant
difference between Fast R-CNN and Faster R-CNN is that, instead of using the selective
search algorithm, another CNN, called a region proposal network is used to predict re-
gion proposals. [37]

Mask R-CNN was built as an extension of Faster R-CNN. The main difference between
Mask R-CNN and the previous R-CNN-based algorithms is that Mask R-CNN produces
a binary segmentation mask for every Rol in addition to the class predictions and bound-
ing box off-sets. The previous R-CNN version Fast R-CNN performed coarse spatial
quantization within the Rol pooling layer, causing inaccuracies in the outputs. To address
this problem, Mask R-CNN introduced a quantization-free layer called Rol-align, that im-
proved mask accuracy up to 10-50 %. The Mask-RCNN framework is illustrated in Figure
11. [34]

A

RolAlign

Figure 9. An illustration of the Mask R-CNN network architecture. [34]

3.2.4 YOLOv4

YOLOV4 is an object detection CNN architecture belonging to the YOLO-family. It is a
continuation of the previous YOLO-version, YOLOv3. The name “YOLO” comes from the
phrase “You only look once”, due to the one stage detection approach used in YOLO-
algorithms contrary to the two-stage object detection approach used for example in Mask
R-CNN. YOLO was not originally developed for biomedical applications. However, it has

produced promising results in biomedical image segmentation. For example, in 2020 it
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was used to detect melanoma lesions in a three-stage image segmentation pipeline with
a higher accuracy than state-of-the-art CNN-based methods [30]. YOLOv4 was pub-
lished in 2020 and open-source code for the implementation is freely available online.
[38]

The main principle of YOLO-algorithms is that an entire input image is fed into the net-
work, where one CNN is used to predict bounding boxes and class probabilities. The
input images are split by YOLO into an S x S grid. Within each grid cell, N bounding
boxes are predicted in addition to confidence for the boxes and C class probabilities.
Each grid cell detects the objects, which centre is located in that cell. The confidence
value expresses, how likely it is that an object is found in that bounding box and how
accurate the box is. Only one set of class probabilities C is predicted for each grid cell
even if multiple bounding boxes are located in that cell. Final predictions are based on
the computation of a class-specific confidence score for every bounding box. An illustra-
tion depicting the working principle of YOLO image detection methods can be seen in
Figure 12. [38]

ce

Final detections

S x S grid on input

Class probability map

Figure 10. An illustration of the working principle of YOLO image detection. [39]

An advantage of YOLO algorithms is their speed. Another advantage of YOLO algorithms
compared to region proposal -based algorithms is that they mistake fewer background
areas as objects, due to their one stage detection approach. In addition, they are highly
generalizable making them easy to apply to new types of inputs. However, due to the
spatial constraint of the algorithms they have difficulties in localizing all objects, espe-

cially ones that are small in size. [39]
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The most significant difference in YOLOv4 compared to YOLOvV3, the previous YOLO
version, is that it can be trained using a single GPU, making the algorithm more acces-
sible. In addition, the YOLO-model was made more robust by applying a set of data
augmentation techniques called “bag of freebies” and “bag of specials” by the authors.
Bag of freebies -methods are data augmentation methods, which are applied to the train-
ing data set. These methods include for example scaling, flipping, rotating, adding noise,
and adjusting saturation. The purpose of these methods is to increase variation in the
training data and thus improve the model robustness. Bag of specials techniques on the
other hand refer to post-processing methods that significantly increase object detection

accuracy. [38]

3.3 Quantitative analysis

After the structures of interest have been segmented, further analysis such as phenotype
measurements can take place. Different measurements are used for different purposes
such as studying the maturity or cardiotoxic effects on the contractile machinery of

hiPSC-CMs. In this chapter some of these quantifiable parameters are briefly introduced.

In 2015 Pasqualini et al. proposed 11 different parameters to describe sarcomere struc-
ture and combined them with machine learning algorithms to measure cardiomyocyte
maturity in mature CMs as well as hiPSC-CMs. These metrics include sarcomere length,
total energy, sarcomeric energy, sarcomeric packing density, orientational order param-
eter (OOP), sarcomeric OOP, non-sarcomeric OOP, z-discs relative presence, weighted
OOP, coverage quality control and coherency quality control. OOP is a parameter rang-
ing from 0O to 1. Its value increases as the sarcomeric organization increases. The main
principle of determining these structural features is based on using histogram operations
and Fourier transformation. Seven out of the eleven metrics developed by Pasqualini et
al. are illustrated in Figure 13. To obtain more detailed descriptions of these parameters

the reader is referred to the publication by Pasqualini et al. 2015. [40]
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Figure 11. lllustration of seven out of the eleven sarcomere structure metrics devel-
oped by Pasqualini et al. in 2015. Adapted from [40].

In 2018 a software package for studying sarcomere structural organization called SOTA
was developed. SOTA stands for “SarcOmere Texture Analysis”. It is based on using
algorithms known as Haralick texture features used for measuring image texture based
on pixel-intensity. The pixel-based approach of SOTA was used to reduce potential bias
in previous methods, including Pasqualini et al. 2015, where sarcomere structures were
analysed based on manually selected rectangular sub-regions of images. The MATLAB-
based the developer’'s GitHub page

implementation is freely available on

(https://github.com/saucermanlab/SarcOrgTextureAnalysis, accessed 30.4.2023). [41]

Another MATLAB-based, freely available, computational analysis tool for segmenting
and studying sarcomeric z-lines, called ZlineDetection, was published by Morris et al. in

2020 (https://qgithub.com/Cardiovascular-Modeling-Laboratory/zlineDetection, accessed

30.4.2023). ZLineDetection allows the fully automated segmentation and analysis of
muscle sarcomeric z-lines. Moreover, ZlineDetection provides several different metrics

for studying z-line architecture including z-line length, z-line OOP and z-line fraction. [42]

In 2019 another open-source MATLAB-based software tool called SarcTrack was pub-
lished. Sarc-Track is available on the developer’s GitHub-page (https:/qithub.com/HMS-
IDAC/SarcTrack, accessed 30.4.2023). For the first time it allowed the tracking of indi-
vidual fluorescently dyed hiPSC-CM sarcomeres based on video footage. Moreover,

SarcTrack provides segmentation and several analysis functionalities. It can be used for

example to determine sarcomere displacement between consecutive image frames as
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well as sarcomere contraction and relaxation parameters. The SarcTrack algorithm is
based on modelling sarcomeres using so-called Morlet wavelets. The developers suc-
cessfully used SarcTrack to assess the effects of compounds known to alter hiPSC-CM

contractile function. [43]

Many other tools and measures for the quantitative analysis of hiPSC-CM contractile
structures exist in addition to the ones mentioned in this chapter. For example, an ImageJ
plugin called SarcOptiM allows the measurement of sarcomere length using Fourier
transformation [44]. Also for example in an automated image processing pipeline for sar-
comere structure analysis to study cardiotoxicity in hiPSC-CMs published in 2022 by Cao

et al., metrics such as z-line fraction area were used. [8]

3.4 Sarc-Graph

Sarc-Graph is one of the most recent developments in quantitative analysis tools for
analysing fluorescence microscopy images and videos of hiPSC-CM. It is an open-
source software developed for segmentation, tracking and analysis of sarcomeres spe-
cifically in hiPSC-CMs. It was developed to analyse video microscopy footage of hiPSC-
CMs with fluorescently labelled z-lines. It allows the tracking and analysis of individual
sarcomere structures instead of providing a single average metric per image. In addition,
it provides analysis tools beyond the scope of previous sarcomere tracking software
SarcTrack. The goal of Sarc-Graph is to provide a way to study the link between hiPS-
CM morphology and contractile function. Sarc-Graph was published in 2021 and its Py-
thon-based implementation has been made freely available online
(https://qithub.com/elejeune11/Sarc-Graph, accessed 30.4.2023). [45]

Sarc-Graph includes functions for segmenting sarcomeres and z-lines and performing
quantitative analysis. In addition, it can be used to track z-lines and sarcomeres in ac-
tively beating hiPSC-CMs. Sarc-Graph also provides tools for data visualization. Further-
more, it allows fully automated quantitative analysis of the contractile behaviour of hiPS-
CMs similarly to TFM-based approaches. However, unlike TFM it does not allow direct
measurement of contractile forces. One of the main advantages of Sarc-Graph com-
pared to other analysis software mentioned in the previous chapter is that it allows the
tracking of changes in the motion and length of single sarcomeres between image
frames. In addition, Sarc-Graph can quantify the direction and magnitude of average cell

contraction. [45]

Sarc-Graph allows the user to perform segmentation, tracking and analysis functions

without much knowledge about the software or underlying algorithms. On the other hand,
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more advanced programmers can use the freely available open-source code and make
modifications depending on their needs. Due to the modularity of the software, it is easy
to pick and choose different functionalities such as segmentation and use it separately
or modify it. An interesting option could be using CNN-based segmentation methods and
combining them with Sarc-Graph tracking and analysis functions. Overall, Sarc-Graph
provides accurate segmentation results with a short runtime and little to no parameter
tuning but supports user-made modifications making it a suitable option for both begin-

ners and experts in the field of image and video analysis. [45]
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4. IMAGE PROCESSING METHODS FOR TRAC-
TION FORCE MICROSCOPY

In order to study the forces hiPSC-CMs exert on their environment, TFM-based methods
are required. The main image processing challenge in TFM is determining the traction
force field based on the measured deformation field. In this chapter a few methods to
solve this problem are introduced in addition to available image processing tools. For a
more detailed review of TFM imaging methods and image processing methods the

reader is referred to the literature review by Zancla et al. 2021 [16].

4.1 Traction reconstruction

4.1.1 Fourier transform traction cytometry

When using a deformation assay in TFM, the traction field can be solved based on the
displacement field of fluorescent beads caused by cellular force production. Together
with the knowledge of the mechanical properties of the substrate material, namely its
Young’s modulus and Poisson’s ratio, the traction field can be solved using the inverse
Boussinesq solution. An issue with this approach is that the displacements of fluorescent
beads are not only determined by local tractions. This is because, point-like traction
forces are known to cause displacements in a wide spatial area. This causes the Bous-
sinesq solution to become anill-posed inverse problem, where any errors in the displace-
ment field will cause a magnified error in the traction force field, resulting in having to

conduct computationally tedious matrix operations. [14], [16]

In the inverse problem cell traction forces t are described in terms of the known displace-
ment field u. The displacement field u is the convolution of Green’s function G and trac-
tion force t. Green’s function describes the impulse response of the system as a result
of a point force. The problem can be solved using a convolutional Fredholm integral as

follows:

ur)=G6Qt=[Gr—rHt@")dr, (2)

where u is the displacement at r = (x,y,z) and t is the traction acting at r’ = (x’,y’,z)) . [14],
[16]

To produce a faster and more computationally efficient solution, Butler et al. developed
a method called Fourier transform traction cytometry (FTTC) and were the first to find a

solution to the Fredholm integral [46]. FTTC is based on the realization that Equation 2
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can be solved in the Fourier frequency space utilizing convolution theorem. According to
convolution theorem the Fourier transform of a convolution becomes a product, allowing

the Fredholm convolutional integral to be solved in the Fourier space as follows:

U(k)

T(k) = ok

where T, U and G are the Fourier transforms of the traction, displacement, and Greens’
function, respectively. k denotes the spatial frequency. A traction force field solved with
FTTC by Butler et al. is illustrated in Figure 14. [14], [16], [46]
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Figure 12. Traction force field computed with FTTC by Butler et al. based on a dis-
placement field of fluorescent beads in TFM. The white line highlights the borders of a
cell. Arrows indicate the relative magnitude and direction of tractions. Background col-

ours illustrate the traction magnitude in Pascals. [46]

FTTC has become the most popular way to solve the traction field -inverse problem, for
which it provides a computationally efficient solution. However, FTTC is easily affected
by noise in the displacement field. Different denoising and regularization strategies have
been introduced to counter this problem. These methods aim to remove as much noise
as possible, while leaving the traction signal untouched. An optimal regularization pa-
rameter can be selected for example based on the Bayesian theory or graphically from

a so-called L-curve. [14], [16]

4.1.2 Other traction reconstruction methods
Several other methods for solving the traction force field have been developed in addition
to FTTC. These methods include for example boundary element method (BEM), finite

element method (FEM) and micro patterning.
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BEM is a numerical method for producing solutions to integral equations. The principle
of using BEM to solve Equation 2 is that the integral is discretised using a computation
mesh with nodes close enough to perform interpolation. The performance of BEM sur-
passes that of FTTC but the computational load of performing BEM is higher, while both
methods are prone to misjudging tractions at adhesion sites, estimating them to be lower

than they really are. [16]

FEM is another numerical technique that can be used to find approximate solutions to
integral equations and partial differential equations. FEM attempts to break the problem
down into ordinary differential equations to simplify it. These equations are solved using
numerical integration. The problems are solved locally in a finite number of subregions,
called elements. An advantage of FEM is that it works well with complex geometries.

Therefore, it has been used especially in 3D-TFM applications. [16]

In micro patterning the substrate used in TFM is marked with fluorescent proteins. These
dot markers can be used to solve displacements and traction forces. In micro patterning
the forces can be modelled with the displacement of singular points, significantly simpli-
fying the solution of traction forces. It allows the automated real-time measurement of
tractions. In addition, the original MATLAB code for this method has been made open-

source and freely available for researchers to use [47]. [16]

4.2 Available image processing tools

Several image processing tools including software packages, plugins and macros spe-
cifically designed for traction reconstruction, have been made available. In this chapter

some of these tools for ImagedJ and MATLAB are introduced.

4.2.1 Traction reconstruction tools for ImageJ
Tseng et al. published an image processing plugin series for Imaged allowing the entire
traction reconstruction process to be executed in Imaged. It has been made freely avail-

able on the developer’s GitHub-page (https./github.com/qztseng/imagej plugins). The

package consists of three plugins called Template matching, PIV and FTTC. [48]

The template matching plugin executes alignment between the “stressed-state” and ref-
erence images to compensate for possible experimental inaccuracies. The displacement
field is computed iteratively using a method called particle image velocimetry (PIV). From
which the traction force field is solved using the previously described FTTC-method. The
FTTC-plugin requires the displacement field solved by PIV, substrate mechanical param-

eters, image spatial calibration data and a regularization parameter as input. [16], [48]


https://github.com/qztseng/imagej_plugins
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The traction reconstruction tool by Tseng et al. does not allow the user to select a custom
regularization strategy, nor does it direct the user in regularization parameter selection.
To automate the calculation process of the plugins by Tseng et al. and solve the mechan-
ical energy accumulated in the substrate gel due to deformation, a macro for ImageJ was

later published in a detailed how-to guide. [49]

4.2.2 Traction reconstruction tools for MATLAB
Several TFM image processing tools have been developed in MATLAB. Danuser et al.
published a freely accessible software for displacement field measurement and traction

reconstruction (https:/qithub.com/DanuserLab/TFM). The displacement field is quanti-

fied with image-based tracking. Tractions are determined based on deformation of the
substrate gel in reference and stressed states. A regularization method called L1-regu-
larization is used by default. Furthermore, the software supports BEM and FTTC traction
reconstruction algorithms based on L2-regularization. The software tool allows creation
of traction magnitude heatmaps and traction vector fields. [16] No article has been pub-
lished by Danuser et al. describing the software tool, but the algorithms used by Danuser
et al. are described in detail in a publication by Han et al. [50]. In addition, software tools
for analysing three- and four-dimensional TFM have also been developed for MATLAB
[51], [52].

4.2.3 Bayesian Fourier transform traction cytometry

Recently in 2020 Huang et al. published a MATLAB software package for the reconstruc-
tion of traction forces. The software package is freely available online

(https://qithub.com/CellMicroMechanics/Easy-to-use TFM package, accessed

30.4.2023). Itis described in detail in the article published by Huang et al., which includes
a user manual for the software package in the supplementary materials. The aim of
Huang et al. was to create an easy-to-use software for traction reconstruction that allows
automated noise removal. Therefore, detailed knowledge of the algorithmic or mathe-
matical background of traction reconstruction is not necessary for the user. The graphical

user-interface is shown in Figure 15, illustrating its simplicity. [53]

The method for traction reconstruction developed by Huang et al. was named Bayesian
Fourier transform traction cytometry (BFTTC). BFTTC uses FTTC for traction reconstruc-
tion and Bayesian regularization for denoising, making the algorithm both computation-
ally fast and robust. The software offers the option of using standard L2 regularization,

where the user must provide a regularization parameter as input, in addition to BFTTC


https://github.com/DanuserLab/TFM
https://github.com/CellMicroMechanics/Easy-to-use_TFM_package
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regularization, which automatically determines the optimal regularization parameter
based on the displacement data and noise. The Bayesian regularization method pro-
posed by Huang et al. was adapted from real-space Bayesian regularization to the Fou-
rier space in order to achieve higher robustness and computational speed. Readers in-
terested in the mathematical background of the method are referred to the article by
Huang et al. [53]

The program requires deformation data as input. The deformation data can be deter-
mined using other software packages. The standard deviation of noise can be provided
as an input parameter to the program. Alternatively, the program can determine this pa-
rameter based on a user-defined image area. Mechanical properties of the substrate
material including Young’s modulus and Poisson’s ratio also need to be provided as input
to the program. A user guide for more detailed instructions for using the program is pro-

vided by Huang et al. in the supplementary materials of their article. [53]

BFTTC was tested using both experimental and synthetic data showing that BFTTC can
handle large measurement noise. Although the accuracy of the method was not im-
proved by a large margin compared to other L2 regularization-based methods, it made
the automated selection of the regularization parameter possible. Furthermore, BFTTC
proved to be a computationally fast method, only taking seconds to a few minutes to be
completed. BFTTC combines the benefits of accuracy, fast computation time and robust-
ness to an easy-to-use user interface, making it a great option for researcher not well-

versed in the mathematical background of traction reconstruction. [53]
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5. CONCLUSIONS AND FUTURE PROSPECTS

The aim of this thesis was to provide an overview of image and video processing meth-
ods and tools available for studying hiPSC-CM biomechanics and function as an intro-
ductory guide for researchers interested in the topic. As illustrated by this thesis, many
types of image processing tools and methods are available. The recent trend in image
and video processing is clearly headed towards automated and machine learning -based
approaches, due to the need for high-throughput and high-accuracy methods. Manual
image and video processing is time-consuming and often requires expertise in the un-
derlying mathematics. In addition to saving time, fully automated, high-throughput meth-

ods make image and video processing more accessible to all researchers.

To study the contractile machinery of hiPSC-CMs, fluorescent microscopy is the widely
adopted imaging technique. A central image processing problem in fluorescence micros-
copy is the segmentation of fluorescently dyed structures. For which many types of seg-
mentation algorithms and techniques have been developed. The ever-increasing amount
of available imaging data requires automated and robust segmentation algorithms. In
addition, the unorganized nature of hiPSC-CM contractile structures poses an additional

challenge to accurate segmentation [8].

In several biomedical applications machine learning -based segmentation algorithms
have been adopted for segmentation. To the best of the author’s knowledge, they have
not yet been used for studying hiPSC-CM contractile structures. However, using them
for this purpose should be further explored as proposed by Cao et al. [8]. A few state-of-
the-art CNN architectures are introduced in this thesis including U-net, Mask R-CNN and
YOLOVA4. In the future, these methods should be compared amongst each other and with
traditional image segmentation algorithms to determine their potential in studying the

hiPSC-CM contractile machinery.

In addition to segmentation, quantitative analysis is needed to study the morphological
features of hiPSC-CM contractile machinery or their kinematic behaviour. Several met-
rics and software tools have been developed for this purpose including the state-of-the-
art software analysis tool Sarc-Graph published recently in 2021. Sarc-Graph for the first
time allows the automated tracking and analysis of individual sarcomere structures in
beating hiPSC-CMs with very little parameter tuning required. In addition, it provides

multiple functions for example for sarcomere and z-line segmentation as well as quanti-
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fying hiPSC-CM contraction. In the future it would be interesting to compare the capabil-
ities of CNN-based segmentation methods to Sarc-Graph segmentation. Moreover,
CNN-based segmentation methods could be combined with the analysis functions pro-
vided by Sarc-Graph. [45]

To explicitly study the contractile forces exerted by hiPSC-CMs, TFM-based imaging is
needed. The most central image processing problem in TFM is the reconstruction of
traction forces. Several algorithms and image processing tools have been developed for
this purpose and for different platforms including ImageJ and MATLAB. One of the new-
est traction force reconstruction software, BFTTC published in 2020 by Huang et al, for
the first time allows the automated denoising of TFM data [53]. However, it requires the
usage of another software tool for determining the deformation field, which is required
by BFTTC as input. The available traction reconstruction tools still lack a fully automated

option that can perform both deformation field computation and traction reconstruction.
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