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Due to their physiological and behavioral resemblance to in-vivo cardiac muscles, Engi- 
neered Heart Tissues (EHTs) are a promising tool for cardiovascular drug discovery, cell 
therapy and disease modeling. The beating pattern of EHTs is a direct indicator of their 
health and function, hence various techniques have been devised to gauge their contractile 
behavior; nevertheless, the established methods rely on invasive, expensive and delicate 
procedures. This thesis presents a novel workflow for the extraction, characterization and 
assessment of the contractile properties of EHTs that relies on motion estimation by optical 
flow (OF) and is purely based on bright-field images. It returns information in the form of 
(1) motion maps, (2) contraction profiles and (3) Histogram of Oriented Optical Flow, then 
classifies the tissue as correctly- or incorrectly-behaving according to the extracted charac-
teristics of motion. Additionally, this paper tests the proposed method with three OF algo-
rithms (block-matching, FlowNet2 and Farnebäck) and compares their performance on 
the given dataset: block-matching was found unsuitable for this study; FlowNet2 was only 
capable of analyzing tissues undergoing significant displacement while Farnebäck was 
configured with an iterative refinement to reach notable versatility and robustness.
The iterative Farnebäck algorithm resulted in a classification accuracy of 88.8%, proving 
the applicability and potential of OF for the assessment of EHTs’ contractile properties.
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Figure 1.1: Two- and three-dimensional
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Despite years of signi�cant progress in the �eld of cardiology,
cardiovascular diseases (CVD) remain the leading cause of death
worldwide 1

1 Reamy et al. (2018)

. Great e�ort has been put to understand the aetiology
and pathogenesis of CVD, as well as to de�ne prevention measures
and possible cures. Yet, developments exhibit high failure rates
during preclinical investigations and low likelihood of approval
at all phases of clinical trials 2. The problem presumably resides
in the unreliability of the model systems: for more than a century,
laboratory studies have been limited to animal models due to the
unavailability of in vivo-like human cardiomyocytes (CMs). Indeed,
experiments were conducted on heart cells of small-sized animals
like mice, rats and swine and larger mammals such as minipigs and
goats. Although they resulted tremendously helpful to understand
the basic mechanisms of the heart, animal models are relatively
expensive, need experienced personnel, long-term housing, strict
quality control, and are subject to ethical concerns3. Most impor-
tantly, human and animal CMs present major electrophysiological
di�erences that compromise the validity of the results 4.

Only recently, researchers at Kyoto University in Japan identi�ed
conditions that would allow specialized somatic adult cells to be
genetically "reprogrammed" to a stem cell-like state 6. These cells,
called induced pluripotent stem cells (iPSCs), can di�erentiate into
any cell type and open the possibility to investigate and understand,
in-vitro , the behavior of di�erent cells.

In fact, iPSCs can di�erentiate into CMs, o�ering a new source
of in vivo-resembling human cardiac cells that could potentially
represent a breakthrough in drug discovery, cell therapy and
disease modeling. In practice, however, the realization and use of
iPSC-derived cardiomyocytes (iPSC-CMs) are still hindered by poor
levels of maturation 4. The problem is especially prominent for two-
dimensional cell cultures (Figure 1.1a), as cellsin vivo behave very
di�erently from their in vitro counterparts on sti�, �at, un-patterned
2D substrates3. Alternatively, bioengineered environments have
been used to develop 3D cell culture systems, known as Engineered
Heart Tissue (EHTs), that attempt to resemble in vivo conditions.
A commonly used con�guration features a matrix of biomaterials
mixed with and populated by cells. These cells form an hourglass-
shaped contracting tissue that is grown between two semi-�exible
anchor points3 (Figure 1.1b), commonly referred to as micropillars
(or simply pillars).



2 1 Introduction

8 Dostani¢ et al. (2020)

9 Mannhardt et al. (2019)

10 Mathews et al. (2012)
11Sondergaard et al. (2012)

The Department of Applied Stem Cells Technologies AST and the
BIOS lab-on-a-chip group of the University of Twente (UT) are
collaborating on the development of a platform that allows for
the fabrication of 3D cardiac tissues. EHTs are grown from human
iPSCs (hiPSCs) and are kept in culture for 10 days under controlled
temperature and humidity conditions (see Figure 1.2). Since the
beating pattern of EHTs is a direct indicator of their health and
function 7

7 Kadota et al. (2012)

, their contractile properties are assessed by electrically
stimulating the tissues and recording their behavior at di�erent
time points.

Due to their ability to replicate in vitro the behavior of in-vivo
cardiac tissues, a common application of EHTs is drug screening.
When EHTs are used for such purpose, experiments are conducted
with many compounds and each compound is tested at di�erent
concentrations. The result is a large number of recordings that
require a careful and labor-intensive study. In these situations,
an automatic and robust visual analysis becomes a necessity to
examine the contractile properties of EHTs in a more accurate,
e�cient and e�ective way.

Figure 1.2: Bright-�eld images of four
EHTs developed using hiPSC at day 10
of culture. Note how the images vary in
illumination and how the tissues have
di�erent densities and conformations.

1.1 Related work

1.1.1 CM quality assays

Various techniques have been proposed to characterize and as-
sess the contractile properties of EHTs. Dostani¢ et al. utilized a
nanorobotic system with a micro-force sensing probe to measure
the displacement of one of the pillars 8. Mannhardt et al. replaced
one micropillar with a piezo-bending actuator to capture the mus-
cle contractions as a measurable electrical current9. Others, instead,
attached a force transducer to one pillar to directly measure con-
traction forces10,11.
While these methods yield accurate and reliable measurements,
they have the following disadvantages: nanomechanical sensing is
invasive and requires expensive machinery; current-based analyzes
depend on specialized culture environments equipped with piezo-
electric actuators and force transducers rely on delicate procedures
to attach the micropillar to the experimental setup. In general,
they all require extra expertise and costs, further complicating the
validation processes of EHTs.

In contrast, the contractile properties of EHTs can be assessed
by means of contact-less, bright �eld imaging-based techniques.
These are generally cheaper and advantageous, since the simplest



1.1 Related work 3

Figure 1.3: Application of optical �ow on the two consecutive frames shown in a). This results in the generation of �ow vectors, as
depicted in b), which can be used to generate a motion map (seec) following the conventions of the Middlebury color code (refer to
Figure 1.4). Retrieved and rearranged from Liang et al.20.

12 Hansen et al. (2010)

13 Pasqualin et al. (2016)

14 Stummann et al. (2008)

15 Kunihiro et al. (2012)
16 Chen et al. (2014)
17 Hayakawa et al. (2014)
18 Kopljar et al. (2017)
19 Sala et al. (2018)

Figure 1.4: The Middlebury color
scheme used to convert �ow vectors
into motion maps. Vectors with length
zero sit at the center (and are imaged
as white), while the longest vector(s) lie
on the highlighted circumference (and
are colored depending on their orienta-
tion); the remaining vectors are normal-
ized between these two values. Image
courtesy of Chantas et al.21.

22 Beauchemin et al. (1995)

23 Horn et al. (1981)

24 Lucas et al. (1981)

25 Farnebäck (2003)

26 Anthwal et al. (2019)

26 Anthwal et al. (2019)

setup is only dependent on standard laboratory and clinical imag-
ing equipment. Hansen et al.12, for instance, used a customized
software package by Consulting Team Machine Vision (Pforzheim,
Germany) to perform video optical analysis. The software relies
on image processing to measure the distance between the top and
bottom ends of the tissue and track the beating process.

Image processing and Computer Vision techniques are commonly
used to analyze the contractile properties of 2D iPSC-CMs, with
less e�ort towards EHTs. Many techniques have been proposed
to assess the motion of iPSC-CMs monolayers, which incorporate
various algorithms based on fast Fourier transforms 13, transmitted
light intensity changes 14, velocity vectors and optical �ow (OF) 15�19.
This thesis aims to investigate the applicability of OF for the
analysis of the contractile properties of EHTs.

1.1.2 Optical �ow

Optical �ow (or optic�ow) is de�ned as the projection of the three-
dimensional motion of objects, relative to the camera/observer,
onto its image plane22. Figure 1.3 presents an example: in (a), two
consecutive frames are analyzed via OF to obtain the �ow vectors
depicted in (b). This can be done pixel-wise to obtain a densevector
�eld or only for certain regions of the image to generate a sparse
optical �ow. Then, the Middlebury color convention (Figure 1.4)
can be used to image the resulting vectors in the form of a motion
map, where the hue and the brightness represent the direction and
the magnitude of the vectors � respectively. Such map can be seen
in Figure 1.3(c).

Classic approaches to compute the optical �ow include the Horn
and Schunk23, the Lucas Kanade24 and the Farnebäck25 methods.
They are based on brightness constancy and spatial coherence
constraints26. These are adequate for handling small subpixel
motion but fail to perform in the presence of motion discontinuities,
occlusions and large displacements26, as often happens in real-
world applications.



4 1 Introduction

27 Sun et al. (2008)

28 Rosenbaum et al. (2013)

29 Roth et al. (2005)

30 Dosovitskiy et al. (2015)

31 Ilg et al. (2017)

32 Ahmadi et al. (2016)
33 Yu et al. (2016)

34 Lai et al. (2017)
35 Yang et al. (2018)

36 Tavakoli et al. (2008)

Statistical learning techniques have also been used for over a decade.
OF statistics have been studied using Gaussian scale mixtures27,
Gaussian mixture models28 and depth maps29.
Recently, Convolutional Neural Networks (CNNs) have been ex-
ploited to extract and match features in di�erent images. A re-
markable contribution was done by Dosovitskiy et al. with the
development of FlowNet 30 and FlowNet2 31. CNN-based methods
proved to be extremely accurate in real-world applications, but
the supervised learning techniques require massive ground truth
training data 26. As a consequence, unsupervised32,33 and semi-
supervised34,35 learning methods have been proposed as possible
alternatives.
Finally, it is noteworthy that all techniques are application-dependant
and therefore must be chosen carefully36.

1.2 Aims and approach

The aim of this thesis is to develop an OF-based algorithm that
automates the extraction, analysis and assessment of the contractile
properties of 3D cardiac tissues from bright-�eld microscopy
recordings. More speci�cally, given the footage of a beating EHT
the algorithm should provide:

1. A quantitativecharacterization of the motion;
2. A temporal visual mapping of the movement over the tissue,

to identify regions involved in the beating process;
3. A qualitative assessment of the contractile motion, to de-

termine if the tissue is behaving as expected (for instance,
contractions and relaxations should respect a prede�ned
frequency).

For a pair of subsequent frames, OF produces a vector �eld that
describes the displacement of each pixel, whereby the quantitative
characterization required by Point 1 can be derived. Then, each
vector �eld can be transformed into a motion map that gives a
visual representation of the displacement; the concatenation of all
these maps generates an image sequence (which will be referred
to as "motion map video") that ful�lls Point 2. Finally, the obtained
characteristics of motion can be used to ascertain whether the tissue
is behaving as expected, resulting in the qualitative categorization
presented in Point 3; the exact expected behavior will be de�ned
later in the Methodology section.
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1.3 Contributions

Image-based assessments of the contractile properties of arti�cial
cardiac tissues have been widely explored in the context of 2D
iPSC-CMs, but we lack visual analysis tools for EHTs that are
purely based on bright-�eld images. For this reason, this thesis
proposes:

I A general optical �ow-based work�ow for the assessment of
the contractile properties of EHTs, that is independent of the
chosen OF estimation method;

I The investigation of the feasibility of three optical �ow al-
gorithms (block-matching, FlowNet2 and Farnebäck) in the
proposed work�ow, followed by a comparison of their per-
formance on the given dataset;

I An iterative Farnebäck-based motion estimation algorithm
that relies on the Signal To Noise Ratio of the estimated
motion.

The rest of this thesis is structured as follows: Chapter 2 describes
the available dataset to gently introduce the reader to the topic;
Chapter 3 thoroughly discusses the general work�ow and dives
into the details of each step; Chapter 4 applies the work�ow to
the three chosen OF algorithms and analyzes the results; �nally,
Chapter 5 concludes the paper by summarizing and discussing
the outcomes of the study.





Dataset 2
The contractile properties of 3D cardiac tissues are assessed by
recording and visually analyzing their response upon electrical
stimulation. The dataset used in this work comprises 81 �ve-
seconds-long videos of EHTs being electrically stimulated at 2
Hz. The bright-�eld microscopy recordings are captured using a
Nikon Ti2-E Inverted Microscope and come in the NIS-Elements
Image Sequence format (ND2). The 11-bit, 13.3 mm� 13.3 mm, 4.2
megapixel image sensor of the mounted Photometric Prime BSI
camera o�ers the ability to transmit only a region of the sensor
(Region of Interest, or ROI). This reduces the image size and the
bandwidth required for each image, increasing the frame rate
without causing resolution losses. Prede�ned ROIs were used to
increase the default acquisition rate of 63 frames per second (fps)
to 100 fps.

From a technical point of view, the videos contain variations with
respect to:

Illumination: some recordings feature a completely white back-
ground. Others present much darker areas. This is exempli�ed in
Figure 2.1 (a).

Compaction of the tissues: EHTs can contain regions where the
tissue compaction is lower. In such situations the surface area
appears nonuniform in terms of contrast and illumination, deter-
mining noisy motion estimations. See Figure 2.1 (b) for a visual
reference.

Presence of debris: numerous videos display small particles that
move within the image window, as seen in Figure 2.1 (c). These
objects are dead cells displacing under the e�ect of the electric
�eld that stimulates the EHTs. The movement of these debris can
seriously interfere with the computation of the optical �ow.

Presence of undesired artifacts: tissues can have unexpected ob-
jects anchored on their surface area. These artifacts may appear
at any position relatively to the EHT and do not have a de�nite
source: they may be cells that protrude due to a fault in the growing
process, air bubbles or other unde�ned entities (see Figure 2.1 d).

Magnitude of the displacement: some videos show EHTs un-
dergoing signi�cant displacement. Others, instead, feature EHTs
whose motion is very gentle and barely perceptible to the naked eye.
This di�erence is caused by diverse biotechnological conditions
of the tissues (e.g. sti�ness of the pillars, biological variability of
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