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Abstract

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 Farnebéck) 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 Farnebdck was
configured with an iterative refinement to reach notable versatility and robustness.

The iterative Farneback 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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Introduction

Despite years of significant progress in the field of cardiology,
cardiovascular diseases (CVD) remain the leading cause of death
worldwide'. Great effort has been put to understand the aetiology
and pathogenesis of CVD, as well as to define 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’. 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 concerns®. Most impor-
tantly, human and animal CMs present major electrophysiological
differences that compromise the validity of the results®.

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

In fact, iPSCs can differentiate into CMs, offering 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*. The problem is especially prominent for two-
dimensional cell cultures (Figure 1.1a), as cells in vivo behave very
differently from their in vitro counterparts on stiff, flat, un-patterned
2D substrates’. 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 configuration 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-flexible
anchor points® (Figure 1.1b), commonly referred to as micropillars
(or simply pillars).

11 Related work ... .. 2
111 CM quality assays .. 2
112 Optical flow ... ... 3
1.2 Aims and approach . 4
1.3 Contributions . . . .. 5

1 Reamy et al. (2018)

2 Hay et al. (2014)

3 Zuppinger (2019)

# Schaaf et al. (2011)
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Figure 1.1: Two- and three-dimensional

cell cultures of iPSC-CMs. Rearranged

from "Learning from 3D Engineered Heart
Tissue"

2D culture

5 Chase (2020)

6 Takahashi et al. (2006)
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7 Kadota et al. (2012)

OmniQ),

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

8 Dostanic¢ et al. (2020)

9 Mannhardt et al. (2019)

10 Mathews et al. (2012)
1 Sondergaard 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’, their contractile properties are assessed by electrically
stimulating the tissues and recording their behavior at different
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 different
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,
efficient and effective way.

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®. Mannhardt et al. replaced
one micropillar with a piezo-bending actuator to capture the mus-
cle contractions as a measurable electrical current’. Others, instead,
attached a force transducer to one pillar to directly measure con-
traction forces'"!.

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 field imaging-based techniques.
These are generally cheaper and advantageous, since the simplest
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c)

I

Frame 1 Frame 2 Flow vectors

Optical flow map

Figure 1.3: Application of optical flow on the two consecutive frames shown in a). This results in the generation of flow vectors, as
depicted in b), which can be used to generate a motion map (see c) following the conventions of the Middlebury color code (refer to

Figure 1.4). Retrieved and rearranged from Liang et al.?’.

setup is only dependent on standard laboratory and clinical imag-
ing equipment. Hansen et al.'?, 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 effort towards EHTs. Many techniques have been proposed
to assess the motion of iPSC-CMs monolayers, which incorporate
various algorithms based on fast Fourier transforms'®, transmitted
light intensity changes'*, velocity vectors and optical flow (OF)">~"7.
This thesis aims to investigate the applicability of OF for the
analysis of the contractile properties of EHTs.

1.1.2 Optical flow

Optical flow (or optic flow) is defined as the projection of the three-
dimensional motion of objects, relative to the camera/observer,
onto its image plane””. Figure 1.3 presents an example: in (a), two
consecutive frames are analyzed via OF to obtain the flow vectors
depicted in (b). This can be done pixel-wise to obtain a dense vector
field or only for certain regions of the image to generate a sparse
optical flow. 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 flow include the Horn
and Schunk??, the Lucas Kanade?* and the Farnebick?® methods.
They are based on brightness constancy and spatial coherence
constraints?®. These are adequate for handling small subpixel
motion but fail to perform in the presence of motion discontinuities,
occlusions and large displacements?®, as often happens in real-
world applications.

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 flow 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.”!.

22 Beauchemin et al. (1995)
23 Horn et al. (1981)

2% Lucas et al. (1981)

25 Farnebick (2003)

26 Anthwal et al. (2019)

26 Anthwal et al. (2019)
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27 Sun et al. (2008)
28 Rosenbaum et al. (2013)
29 Roth et al. (2005)

30 Dosovitskiy et al. (2015)
3 g et al. (2017)

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

34 Lai et al. (2017)
% 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 mixtures?,
Gaussian mixture models®® and depth maps®’.

Recently, Convolutional Neural Networks (CNNs) have been ex-
ploited to extract and match features in different images. A re-
markable contribution was done by Dosovitskiy et al. with the
development of FlowNet*” and FlowNet2*'. CNN-based methods
proved to be extremely accurate in real-world applications, but
the supervised learning techniques require massive ground truth
training data’®. As a consequence, unsupervised*>** and semi-
supervised®** learning methods have been proposed as possible
alternatives.

Finally, itis noteworthy that all techniques are application-dependant
and therefore must be chosen carefully.

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-field microscopy
recordings. More specifically, given the footage of a beating EHT
the algorithm should provide:

1. A quantitative characterization 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 predefined
frequency).

For a pair of subsequent frames, OF produces a vector field that
describes the displacement of each pixel, whereby the quantitative
characterization required by Point 1 can be derived. Then, each
vector field 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 fulfills 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 defined
later in the Methodology section.



1.3 Contributions

Image-based assessments of the contractile properties of artificial
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-field images. For this reason, this thesis
proposes:

» A general optical flow-based workflow for the assessment of
the contractile properties of EHTs, that is independent of the
chosen OF estimation method;

» The investigation of the feasibility of three optical flow al-
gorithms (block-matching, FlowNet2 and Farnebéck) in the
proposed workflow, followed by a comparison of their per-
formance on the given dataset;

» An iterative Farnebdck-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 workflow and dives
into the details of each step; Chapter 4 applies the workflow to
the three chosen OF algorithms and analyzes the results; finally,
Chapter 5 concludes the paper by summarizing and discussing
the outcomes of the study.

1.3 Contributions

5






Dataset

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 five-
seconds-long videos of EHTs being electrically stimulated at 2
Hz. The bright-field 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 X 13.3 mm, 4.2
megapixel image sensor of the mounted Photometric Prime BSI
camera offers 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. Predefined 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 exemplified 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 effect of the electric
field that stimulates the EHTs. The movement of these debris can
seriously interfere with the computation of the optical flow.

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 definite
source: they may be cells that protrude due to a fault in the growing
process, air bubbles or other undefined entities (see Figure 2.1 d).

Magnitude of the displacement: some videos show EHTs un-
dergoing significant displacement. Others, instead, feature EHTs
whose motion is very gentle and barely perceptible to the naked eye.
This difference is caused by diverse biotechnological conditions
of the tissues (e.g. stiffness of the pillars, biological variability of
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the cells) that are outside the scope of this paper. For the sake
of simplicity, EHTs that experience great displacement will be
referred to as Type 1 Tissues (T1T) while the other typology will be
named Type 2 Tissues (T2T). These behaviors are exemplified in
Supplementary Material 1 and 2.

( N\ [ )
Different illumination Compaction of the tissues

(a) (b)

(c) (d)

Figure 2.1: Bright-field images of different EHTs that show how the videos differ in terms of (a) illumination, (b) compaction of the
tissue, presence of (c) debris and (d) undesired artifacts.



Methodology

The proposed pipeline for the motion analysis of EHTs can be
configured with any optical flow algorithm and covers all steps
from the video import, through information extraction to the final
qualitative assessment of the contractile behavior. It is schematically
illustrated in Figure 3.1 and thoroughly discussed in the next
sections.

3.1 Video import

The EHTs recordings come as ND2 files. Such format is not sup-
ported by the majority of the media players and, for this reason,
one could go through an intermediate step where the input file is
converted into a standard video format (such as .avi). However,
in view of the motion analysis this would be disadvantageous for
several reasons: first, ND2 files contain the microscope metadata
that would go lost in such conversion; secondly, the ND2 format pre-
serves 11-bit image depth, which is not supported by avi files; lastly,
the ND2-to-avi conversion implies iterating over the entire image
sequence and therefore significantly increasing the computational
cost.

For these reasons, the footage is imported in its raw ND2 for-
mat using a dedicated python library, nd2reader® . The function
ND2Reader opens the file as an image sequence and allows easy
access to individual frames.

3.2 Pre-processing

The videos are pre-processed to enhance the quality of the image
frames. There are two issues that we wish to solve prior to the OF
estimation, and these are displayed in Table 3.1 together with the
corresponding proposed solutions.

Problem Pre-processing step

1 Image noise Digital filtering

2 Presence of debris Region of Interest

Background removal

3.1

3.2

3.2.1
3.2.2
3.2.3

3.3

3.4
3.5

3.5.1
3.5.2

3.6

3.6.1

3.6.2
3.7

3.8

Video import
Pre-processing .... 9
Digital filtering . . . . 11
Region of Interest .. 11
Background removal 13

Optical flow estima-

tion ........... 15
Motion map video . . 15
Motion vectors analy-

SiS ... ... 16
Contraction profiles . 17
Histogram of Ori-

ented Optical Flow
(HOOP) . ........ 17

Qualitative characteri-

zation .......... 18
Smoothing of contrac-
tile profiles. . . . . .. 19
Peak detection .... 20
Configuration of the
workflow with spe-

cific OF estimation
methods ........ 23
Assessment of OF
estimation method
performance . . . . .. 24

7 Rybarski et al. (2021)

Table 3.1: Technical problems encoun-

tered in the raw input videos and pro-

posed pre-processing solutions.
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Figure 3.1: Proposed method for EHTs motion analysis. The pipeline can be configured with any optical flow algorithm and covers all
steps from the video import, through information extraction to the final qualitative assessment of the contractile properties of EHTs.



3.2 Pre-processing | 11

(b) Bilateral-filtered image

(a) Original image

Figure 3.2: Noise removal via bilateral filtering. Image (a) shows the original image while (b) illustrates the bilateral-filtered counterpart.
Notice how the filter reduces noise while preserving the edges.

3.2.1 Digital filtering

Noise is reduced by applying a digital filter to blur and smoothen
the image. Both spatial- and frequency-domain filtering can be
performed, but the edge-preserving bilateral filter was found to
yield better OF estimates. Essentially, it replaces the intensity of
each pixel with a weighted average of intensity values from its
neighborhood, where the weights depend not only on Euclidean
distance of the points, but also on their radiometric differences. As
a result, sharp edges are preserved.

Accordingly, bilateral filtering depends on three parameters: (1) d,
the diameter of each pixel neighborhood; (2) os, the filter sigma
in the coordinate space, where a larger value means that farther
pixels will influence each other as long as their colors are close
enough; (3) oc, the filter sigma in the color space, where greater
values mean that farther colors within the pixel neighborhood will
be mixed together.

The best results have been obtained setting these parameters to 5,
80 and 80 respectively. Figure 3.2 illustrates an image frame before
and after filtering.

3.2.2 Region of Interest

As illustrated in Figure 2.1, dead cells may float in the chemical
medium of the EHT and therefore they may be visualized in
the image frame. We wish to remove these debris, as they can
compromise the quality of the motion map video.

In a motion map, the hue and intensity of the colors represent the
direction and the magnitude of motion. The colors (defined by the
Middlebury convention, as seen in Figure 1.4) are normalized on
the greatest displacement of the corresponding vector field so that
the most intense color represents the strongest displacement and
zero vectors are basically colorless. However, we wish to output
a motion map video and, as a consequence, each motion map can
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S (b)

Figure 3.3: Presence of debris (Fig. a) and their interference in the motion map (Fig. b)

38 Firoz (2019)

1% frame extraction
Histogram equalization

Edge detection

GrabCut

ROI extraction

Figure 3.4: The five steps of the auto-
matic definition of a Region of Interest.
The green region contains the steps in
common with background removal, an
alternative pre-processing step that will
be discussed later.

39 Dollér et al. (2013)
40 Rother et al. (2004)

not be normalized on its own greatest displacement. Rather, the
vectors are normalized on the strongest displacement of the whole
image sequence (more details will come in Section 3.4).

The problem with the debris is that if the floating particles undergo
movements that are more rapid than those of the tissue (if the
displacement of the debris is greater than that of the EHT), the
drifting molecules will be displayed with an intense color, while
the moving tissue will barely be visible (as seen in Figure 3.3).

To account for this issue, one possible pre-processing step is to
define a Region of Interest (ROI) and crop the image accordingly.
This reduces the pixels belonging to the background and effectively
decreases the chances of detecting a floating particle. Additionally,
cropping the image enforces the alignment of the tissue in the
center of the image frame. This will be particularly useful in the
post-OF phase to perform region-specific analyses.

The ROI selection is automated and integrated in the workflow. Its
implementation is inspired by an article of Munawwar Firoz*® and
is designed as follows:

1. The first frame of the input image sequence is extracted. The
remaining steps are performed on this frame only.

2. Histogram equalization is applied to enhance the contrast
and facilitate edge detection (see next point);

3. A structured forest approach’®” is used to detect the edges.
Keeping the largest contour by area will return a rough
selection of the tissue, as illustrated in Figure 3.5 under
"Edge selection";

4. The coarse selection undergoes a refinement process by
running a GrabCut algorithm®’. GrabCut requires manually-
provided information regarding the position of the fore-
ground, background and uncertain areas. To do this automat-
ically, a morphological filter is applied to the rough contour
to shrink it and use it as SURE FOREGROUND (white); the initial,
non-reduced contour is marked as PROBABLE FOREGROUND
(gray) and the rest is indicated as SURE BACKGROUND (black),
as depicted in Figure 3.5(a) under "GrabCut". Providing these
regions, the algorithm has enough information to perform
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Edge selection GrabCut Refined mask

Resulting ROT

(a) §

Figure 3.5: Automatic detection of a Region of Interest. First, edge detection is performed using a random forest approach (see the
green contour under “Edge selection”). Then, GrabCut is run using the previously-derived information to refine the initial selection
(illustrated under "GrabCut”). In this picture, white corresponds to SURE FOREGROUND, gray indicates PROBABLE FOREGROUND and black
depicts BACK FOREGROUND. Lastly, the obtained contour (depicted under “Refined contour”) is used to draw a bounding box (See the red
rectangles under “Resulting ROI").

foreground-background segmentation and return a refined
version of the initial selection.

5. Given the refined contour around the tissue, a bounding box
can easily be derived by finding the top-left and bottom-right
extreme points. Since the ROI is defined exclusively based
on the first frame of the video, the resulting rectangle is
expanded by 20 pixels (experimentally determined value) to
account for the beating motion that will occur in later frames.
See "Resulting ROI" of Figure 3.5(a).

This approach yields a success rate of 90.1%, returning a correctly-
positioned bounding box for 73 out of 81 videos of the dataset.
However, it fails when the initial edge detection is inaccurate
(see the "Edge selection" of Figure 3.5b and c). In such scenarios,
GrabCut does not have enough information to refine the selection
and the resulting mask only contains the tissue around one of
the two pillars. The automatically-generated ROI is misplaced:
cropping the image on the bounding box would imply neglecting
the majority of the image, where the motion information resides.
This is exemplified in Figure 3.5(b).

To circumvent the issue, a rectangle is drawn and marked as SURE
FOREGROUND before running GrabCut, as shown in Figure 3.5(c).
Since in the 8 defecting videos the two pillars are always detected,
this enforces the connection of the two components and therefore
the generation of the correct bounding box. This workaround
improves the robustness of the automatic ROI detection algorithm,
returning the appropriate result for all 81 videos.

3.2.3 Background removal

The definition of a ROI reduces the chances of floating cells to ap-
pear by cropping the images and removing part of the background.
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1* frame extraction
Histogram equalization
Edge detection

GrabCut

Check correctness

Background removal

Figure 3.6: The steps of the semi-
automatic background removal. The
green region contains the steps in com-
mon with the ROI definition, as seen in
Figure 3.4.

Figure 3.7: First frame of three videos
processed with background removal.

To reduce the presence of debris even further, one could remove
the background completely.

Background (BG) removal is implemented along the same lines of
ROI detection: the contour of the tissue is extracted from the first
frame of the image sequence, following Steps 1-4; then, we wish to
define a mask that specifies the areas to be kept and those to be
removed.

The contour obtained by GrabCut (which was used to derive the
final bounding box in the previous section) is transformed into the
final background-removing mask in the following manner:

1. The contour is transformed into a binary image;

2. A morphological filter is used to dilate the resulting binary
mask by 20 px (empirically defined value), to account for the
beating motion that will occur in later frames;

3. A Gaussian filter (window size = 30 px, also chosen ex-
perimentally) is applied to the mask in order to blur the
edges and smoothen the transition between background and
foreground.

4. Finally, the mask is applied to the image sequence to remove
the background. Figure 3.7 displays some results.

This approach relies on the assumption that GrabCut returns the
correct contour. In reality, it gives proper results for 73 out of the 81
tissues but still fails in 8 cases, only selecting the area around one
pillar. In those cases BG removal would result in the elimination
of most of the image, which would cause the loss of all the motion
information. To resolve the issue, background removal is made
semi-automatic: the user is asked whether GrabCut returned the
right contour. If it did, the algorithm proceeds; if not, the user
is required to give GrabCut additional information by marking
background and foreground areas on the image. This process is
repeated until the selection is correct, after which background
removal is run.

The final user could decide whether they want to pre-process
the image sequences using ROI detection, BG removal or both.
On the one hand, simply cropping the image using a ROI makes
the process completely automatic, but increases the interference
caused by the debris. On the other hand, BG removal ensures the
elimination of any floating particle but requires the supervision of
the user.

The current implementation includes both pre-processing steps:
ROI aligns the tissue in the center of the image frame, while BG
removal eliminates all obstructions to the OF computation.
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3.3 Optical flow estimation

Asintroduced in Section 1.3, one of the contributions of this thesis is
to include and compare 3 OF algorithms in the pipeline. Obviously,
these must be chosen carefully according to the final application.

For this reason, the following criteria were delineated to determine
whether an algorithm is suitable for this study:

1. Source code:
The source code of the corresponding paper is freely avail-
able on the internet and is written in Python. If applicable,
the authors provide pre-trained models with pre-trained
weights;

2. Small displacements:
The algorithm is capable of detecting subpixel motion;

3. Dense optical flow:
The resulting optical flow is preferably dense;

4. Computational cost:
The OF computation time does not exceed one hour on
the experimental setup (MacBook Pro with Intel Core i7
Processor (2x 3.5 GHz), 16 GB LPDDR3 RAM and Intel Iris
Plus 650 GPU). This is to ensure the feasibility of batch
analyses of large datasets.

Based on these criteria, three algorithms were selected:

1. Block-matching
2. FlowNet2
3. Farneback

(The reader can consult Appendices A.1.1, A.1.2 and A.1.3 respectively to find
more details about the three algorithms)

Many popular and powerful frameworks, instead, were disre-
garded because they were conflicting with these criteria. For in-
stance, the classic Lucas Kanade technique is suitable to handle
small displacements but returns a sparse optical flow; the first
version of FlowNet relies on CNNs but performs poorly on subpixel
motion; RAFT, another CNN-based algorithm, took almost 9 hours
to process one video; finally, the code of the majority of the OF
estimation methods could not be freely downloaded from the
internet.

3.4 Motion map video

As alluded to multiple times, each vector field outputted by the OF
estimation can be imaged in the form of a motion map. The resulting
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Figure 3.8: Contraction profile derived by averaging the vector length over time. Each beating cycle consists of a contraction and
relaxation phase, and both are characterized by a peak.
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image varies in hue and intensity following the Middlebury color
convention: vectors with length zero sit at the center of the color
scheme of Figure 1.4 (and are imaged as white), while the longest
vector(s) lies on the highlighted circumference (and is colored
depending onits orientation); the remaining vectors are normalized
between these two values.

Researchers require a temporal visual characterization that shows
the distribution of the movement over time. This can not simply be
achieved by concatenating all individual motion maps, as these are
normalized locally on the greatest vector length of the respective OF
field. Instead, to obtain a more relevant and insightful visualization
of the contractile motion, each motion map is generated using the
global greatest displacement as a normalization factor (note that
this implies that each video has its own color scale, hence different
tissues are not directly comparable). Only then, the maps are
concatenated and exported in AVI video format using the original
frame rate.

3.5 Motion vectors analysis

For a pair of subsequent image frames, the OF estimation returns
a matrix of vectors. However, the raw optical flow data is a high-
dimensional representation of the motion that does not allow for
an immediate quantitative study of the contractile properties. For
this reason, reducing the dimensionality of the data becomes a
necessity.

A variety of techniques have been devised to address this problem.
The majority of the related papers reduce the dimensionality of the
OF output by only considering the magnitude of the vectors'>7/1%,
The information contained in each matrix is summarized by the
average vector length, which is eventually plotted against time
to give a characteristic curve that will be referred to as contrac-

tion profile (Fig. 3.8). Other publications*"*?, although not related
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to hiPSC-CMs, do consider the direction of the vectors and use
Histograms of Oriented Optical Flow (HOOFs) to summarize the
angle distribution of the movement (Fig. 3.9). In this paper, both
methods are used to extract motion information, although — due to
the limited time available for this study — only the former is used
for the final qualitative assessment.

3.5.1 Contraction profiles

By averaging and plotting the magnitude of the vectors, motion
information can be determined with a time resolution equal to the
frame rate. Although contraction and relaxation occur in opposite
directions, the magnitude of a vector f = (1, v) is a positive value
given by [|f|| = Vu? + v2: this results in a two-positive peak profile
that reflects the contraction-relaxation process (see Figure 3.8).

3.5.2 Histogram of Oriented Optical Flow (HOOF)

Chaudhry et al. firstly introduced HOOF for the recognition of
human actions*® and, subsequently, many other classification tasks
were solved using HOOF. In this paper the histograms are used to
quantify the contractile motion of EHTs in the following manner:
first, one of the chosen optical flow algorithms is applied to generate
OF fields from successive frames of the video; secondly, since each
motion vector can be oriented between 0 and 360 degrees, this range
is quantized in N bins and each vector is assigned to the respective
group based on its orientation; lastly, the value of each bin is

calculated by summing the magnitude of the contained vectors.

In other words, each vector f = (1, v) of the optical flow field is
binned according to its primary direction from the horizontal
axis (0¢ = arc tan(v/u)) and weighed according to its magnitude

(£l = Vu? + 02).

In this work, the directions of flow vectors are quantified into 18
groups (N =18), so that the normalized directions (denoted by bg)
are codified into numbers bg = {1, 2, 3, ..., 18} and represent angle
ranges of 20 degrees, as illustrated in Figure 3.9. The assignment
of a vector to a specific bin is governed by Equation 3.1, while the
value of each bin is computed with Equation 3.2. Note that the first
bin is purposely centered rather than edge-aligned at 0° to capture
more information about the contractile motion. Same holds for
180°.

110°

150° 8

210°

17

1X/330°

B \\\\ 600
NN
v

Figure 3.9: Binning

of an Histogram of

Oriented Optical Flow with N =18.

3 Chaudhry et al. (2009)
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of an EHT from its contraction profile.

The assessment is performed based on

the frequency constraint (Fig. a), the am-
plitude constraint (Fig. b) and the veloc-
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3.6 Qualitative characterization

Motion information is summarized in (1) contraction profiles and
(2) HOOFs but, as already done by others'>'/%, this paper only
utilizes the former to draw qualitative conclusions. The latter,
instead, currently act as an additional source of information, but in
future implementations the HOOFs could serve as input features
for a binary classification problem (well-behaving / misbehaving
tissues).

Based on the expertise of BIOS lab researchers, criteria have been
established to judge the correct functionality of an EHT from its
contraction profile:

1. The contraction peaks (also referred to as high peaks) occur
at a constant frequency of 2 Hz, which is the frequency of
the electric signal that stimulates the tissue. This implies a
time interval of 0.5 seconds between subsequent peaks, as
shown in Figure 3.10(a).

2. For the same reason, the relaxation peaks (also denoted low
peaks) occur at a constant frequency of 2 Hz, as seen in
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Figure 3.10(a). This and condition 1 will be referred to as the
frequency constraints and constitute the main indicator of the
correct functioning of the tissue.

3. The amplitude constraint: each contraction peak is always
higher than the following relaxation peak, as illustrated in
Figure 3.10(b);

4. Velocity constraint: contraction happens faster than relaxation.

This aspect can be recognized in the contraction profile by
looking at the time distance between the peaks and their
preceding valley, see Figure 3.10(c).

The aim is to state whether the tissue is behaving correctly or not.

In the proposed workflow, these criteria are checked by examining
the results of a fine-tuned peak detection algorithm, which is run
after applying a Simple Moving Average to the contraction curve
to smooth noisy profiles while preserving their shape.

3.6.1 Smoothing of contractile profiles

Some contraction profiles (as the ones shown so far) present clearly
distinguishable contraction and relaxation peaks. These curves
are derived from videos where the entire tissue is undergoing
significant motion, i.e. T1Ts. Instead, the recordings of T2Ts often
result in noisy contraction profiles that hinder the peak detection
step.

For this reason, the contraction curves are smoothed out prior
to peak detection. An effective low-pass filter can be designed
to remove high-frequency fluctuations, but only upon a careful
analysis of the curves’ frequency spectrum. A more direct approach
is preferred for this work, namely the Simple Moving Average
(SMA): SMA is a statistical technique that smoothens time series
data, reducing noise and allowing for easier identification of
patterns and trends. It relies on a sliding window that moves along
the data and simply computes the arithmetic mean of the previous
N samples, with N being the size of the sliding window. In our
case, the SMA of a contraction profile P with window size N at
frame ¢ is:

t+ P+ + Py

P
SMA(N, t) = N

(3.3)

where the larger the window, the smoother the final curve. We wish
to eliminate unwanted fluctuations but still preserve the overall
shape of the profile, since it plays a major role in the identification
of the peaks. Therefore, the choice of the optimal window size
becomes crucial.

19
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Figure 3.11: Effects of different SMA window sizes on a contraction profile. After numerous experiments, a time period of 5 frames was

found to yield proper results.
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Figure 3.13: Notation used for the peak

detection.

Numerous experiments have been conducted to determine the
most favorable value. As exemplified by Figure 3.11, a small win-
dow does not help to reduce the high-frequency noise, while an
exaggerated size introduces information losses that compromise
the analyzability of the curve. The optimal balance was found with
a time period of 5 frames, which allows to obtain smoother curves
that yet maintain their pre-SMA properties. Indeed, such value
greatly improves the insightfulness of noisy profiles (see Figure
3.12b) while preserving the quality of already-clean ones (Figure
3.12a).

Finally, one may notice that SMA dampens the amplitude of the
peaks. For our work this is actually tolerable: on the one hand, the
frequency and velocity constraints do not rely on the peaks amplitude;
the amplitude constraint, on the other hand, is not affected since
the relative height between contraction and relaxation peaks is
maintained.

3.6.2 Peak detection

To check if a contraction profile fulfills the four previously men-
tioned conditions, it is sufficient to retrieve the x-position and the
respective y-axis value of peaks and valleys. Then, following the
notation indicated in Figure 3.13:

» Conditions 1 and 2 (the frequency constraints) are checked by
comparing the time that elapses between subsequent con-
tractions and relaxations. Ideally, the Peak-to-Peak Distance
(PPD) of both phases is constant and equals 0.5 seconds (50
frames).
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Parameter Description Value (Peaks) Value (Valleys)
Minimal height Minimal required height of the peaks min(P) + 0.425 - (max(P) — min(P)) min(-P) + 0.3 - (max(-P) — min(-P))
Prominence Minimal Yertlcal distance between the max(P) - 0.05 Imax(-P) - 0.4]
peak and its lowest contour line
. Required minimal horizontal distance in
Distance 7

samples between neighbouring peaks

Table 3.2: Settings of the find_peaks () function used to peaks and valleys. The filtering parameters used are: (1) minimal height, the
minimal required y-value of the peaks. For the peaks, this value is set to 40% of the normalized profile, to detect important peaks while
disregarding meaningless ripples (see Figure 3.12); a similar line of thought is used for the valleys. (2) prominence, which measures how
much a peak stands out from the surrounding baseline of the signal. It is defined as the vertical distance between the peak and its
lowest contour line and is set to 5% and 40% of the maximum profile value for peaks and valleys respectively. This allows to only focus
on meaningful peaks, making the algorithm more robust. (3) distance, the minimum horizontal distance between neighboring pixels. Its
value is set to 5 for positive and 7 for negative peaks, in order to neglect adjacent (noisy) fluctuations but yet be able to capture peaks
deriving from an anomalous behavior of the tissue.

Note that all the values are chosen relatively to considered contraction profile to account for different behaviors of EHTs.

4 Tournade (2019)

» The amplitude constraint (condition 3) is fulfilled if the y-
value of each contraction peak is greater than that of the
subsequent relaxation peak.

» Finally, the velocity constraint (condition 4) is assessed by
comparing the Valley-to-Peak Distance (VPD) of contraction
and relaxation. We expect VPDcontraction < VPDrelaxation-

Many peak detection algorithms have been proposed in the liter-
ature. An article by Tournade** presents an extensive overview
of those specifically available in Python, with a particular focus
on their advantages and disadvantages. For this work, the choice
fell on the find_peaks () function of the Signal Processing library
(scipy.signal), because of its simplicity and filtering support.
The function searches for local maxima based on simple value
comparison of neighboring samples and returns those peaks whose
properties match optionally specified conditions (such as mini-
mum height, width and distance to each other). It is implemented
as follows:

Detection of peaks. First, all peaks (with no distinction between
contraction and relaxation) are detected by the chosen algorithm.
The SMA-smoothed contraction profile is analyzed using the
settings (defined by experiments) shown in Table 3.2 under “Value
(Peaks)”.

Peaks differentiation. Not only do we need to detect all peaks,
but also to determine whether they belong to the contraction or re-
laxation phase. To perform such task, the algorithm first ascertains
if the profile starts with a contraction or with a relaxation; then,
it assigns each peak to a different class in an alternating manner.
This method relies on (1) the assumption that each contraction is
followed by relaxation, but this always holds; (2) the correctness
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of the peak identification, meaning that we assume that only true
peaks (and not potential ripples caused by noise) are detected.

Detection of valleys. One drawback of the chosen peak detection
algorithm is that it can not detect local minima directly. Therefore,
the contraction profile is vertically mirrored (by multiplying it
times —1) and analyzed again. See Table 3.2 under “Value (Valleys)”
for the fine-tuned parameters.

Qualitative classification. Finally, the conditions are checked.
The algorithm generates a text file containing the name of the
video, the qualitative conclusions and other relevant information
such as the date and time. For example, for a correctly behaving
tissue, the text file contains:

------- ASSESSMENT RESULTS FOR VIDEO: videoname -------

High peaks freq = 2Hz:
Low peaks freq = 2Hz:
High peaks > low peaks:
Velocity constraint:

SSENENEN

dd-mm-yyyy hh:mm:ss

3.7 Configuration of the workflow with specific
OF estimation methods

The previous sections outlined the proposed workflow for extract-
ing and assessing the contractile properties of EHTs. However, the
final user should be aware that different OF estimation techniques
may perform differently using the pipeline as is. The work is in-
tended to be a general framework that can undergo adjustments
and variations in order to accommodate specific OF methods. In
fact, as will be evidenced in the Experiments and Results section,
this is also true for the chosen algorithms: FlowNet2 requires post-
processing of the OF fields to neglect irrelevant motion vectors,
while Farnebdck necessitates an iterative refinement to achieve
sufficient robustness.

23
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3.8 Assessment of OF estimation method
performance

This thesis not only implements three different optical flow algo-
rithms, but it also compares their performance on the given dataset.
However, being the first study of its kind, ground truth data or
analogous results (which would enable a direct assessment of the
algorithm’s performance) are not available.

To gauge the applicability of a specific OF estimation method, con-
traction kinetics can provide valuable insights. Recall that in Section
3.6 we delineated several criteria to assess the behavior of a tissue
from the information contained in its contraction profile: actually,
conditions 3 and 4 always hold — even if the tissue misbehaves — due
to the underlying kinetics. Thus, the appropriateness of a specific
OF algorithm on the dataset can be determined by inspecting if
the resulting contraction curves respect the two conditions.



Experiments and results

4.1 Workflow with Block-matching

Block-matching is a motion estimation method that returns a more
or less sparse output depending on the chosen parameters. As such,
block-matching algorithms (BMAs) could potentially violate the
3™ choice criterion. An extensive survey of the existing literature,
however, highlighted their abundant use as non-invasive 2D hPSC-
CMs quality assays'™!"'® and for this reason, a BMA will be used

for analysis and comparison purposes.

Because of the idea behind it, block-matching is very computation-
ally expensive. Consequently, among the available Python-written
implementations, the fast Three Step Search algorithm by Banuru*
was selected (refer to Appendix A.1.1 for the underlying theory). * Banuru (2020)

The workflow proposed in the Methodology section is combined
with block-matching and applied to the given dataset. To start
with and facilitate the OF estimation, the algorithm is given the
video of a T1T (attached in Supplementary Material 1), i.e. a
tissue undergoing abundant motion. Surprisingly, this BMA was
immediately found to be unsuitable for our study: as shown in
Figure 4.1, the resulting contraction profile depicts pure noise.
Individual contraction and relaxation peaks are impossible to
identify and, additionally, fluctuations occur around an average
of ca. 745.80 pixels. Considering that the vertical size of an image
frame does not exceed 500 px, such value clearly suggests a fault
in the OF estimation.

Nevertheless, many combinations of block sizes (N) and search
areas (p) were subsequently tested in order to evaluate different
configurations of the BMA. Yet, all returned wrong estimates on
both T1Ts and T2Ts.

One could argue that the problem is likely to reside in the high
temporal resolution of the videos, since a high frame rate induces
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Figure 4.1: Contraction profile of a T1T obtained with block-matching (N =16 px, p =7 px). The curve is very noisy, making it impossible
to distinguish individual contraction and relaxation peaks; additionally, the fluctuations occur at around 745.80 px which is clearly
incorrect. The results are hence invalid.
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46 Huebsch et al. (2015)

47 Reda et al. (2017)
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Figure 4.2: Results obtained on a TIT
using FlowNet2. Although the contrac-
tion profile (Fig. a) seems correct, the
motion maps (Fig. b) indicate a problem
in the OF computation. To solve it, the
OF fields are filtered using the binary
mask from BG removal (Fig. c). The re-
sulting masked map is shown in Fig. d.

sensor noise in the image. Combined with a window-matching ap-
proach that is surely sensitive to local noise patterns, it expectedly
returns inaccurate OF estimates. However, the hypothesis is con-
futed by related works that prove the applicability of BMAs even
in the presence of higher resolutions: Kunihiro et al. studied the
contractile behavior of CM monolayers using 125 fps recordings',
while Hayakawa et al. conducted a similar study at 150 fps'”. Hueb-
sch et al., instead, investigated the effects of the camera frame rate
on the resulting BMA-derived contraction profiles*® and observed
that, contrarily to the aforementioned supposition, a high temporal
resolution is indispensable to obtain correct waveforms.

Hence, the problem is presumably intrinsic to the specific Python
implementation. In fact, BMAs tend to be slow but are generally
known to be applicable in a variety of situations, including — as
supported by the available literature — in the analysis of CMs
contractile motion. Unfortunately, the public internet lacks of
Python-written BMAs so block-matching had to be disregarded
and defined as not suitable for this study.

4.2 Workflow with FlowNet2

The implementation of FlowNet2 was made possible by the Python-
compatible models provided by Reda et al. on GitHub*. The
repository offers the full pre-trained FlowNet2 model, as well as
several sub-architectures of the neural network (e.g. FlowNetC,
FlowNetCS, FlowNetSD etc. The reader is invited to consult Ap-
pendix A.1.2 for an overview of the relevant theory). For this study,
the complete FlowNet2 is chosen as the OF estimation method
(since it is supposedly the most versatile version of the model) and
it is integrated in the workflow as described in the Methodology
section. Now the automatic assessment can be run and the results
can be studied.

To better analyze the performance of FlowNet2 on our dataset,
two main experiments are conducted: the assessment of a tissue
undergoing significant displacement (T1T) and one whose motion
is barely perceptible (T2T).

4.2.1 Assessment of Type 1 Tissue

The recording of a T1T (Supplementary Material 1) is inputted into
the general pipeline of Figure 3.1. As expected, the outputs are (1) a
series of HOOFs, (2) a contraction profile, (3) a motion map video
and (4) a final qualitative evaluation. For now, let us focus on the
contraction curve and motion maps.



4.2 Workflow with FlowNet2

Although the contraction curve seems correct at first sight (Figure
4.2a), the visual characterization clearly indicates a problem in the
OF computation (Figure 4.2b). FlowNet2 is detecting substantial
movement in the background, but this is actually impossible
since the image sequence was pre-processed with BG removal.
The problem also persisted with other checkpoints of the models:
FlowNetSD, FlowNetC and FlowNetCS were used for inference but
yet returned similar results. Therefore, there must be a smoothing
process responsible for the propagation of the detected motion
beyond the tissue boundaries, causing wrong estimates and invalid
results.

One can attempt to restore (to some extent) the quality of the OF
estimates by recalling that we used a binary masked to perform BG
removal, as demonstrated in Section 3.2.3. Then, the same mask
(Figure 4.2¢) can be applied to the OF fields to keep the vectors
within the tissue and neglect those belonging to the background.
The result of such filtering process is shown in Figure 4.2d.

Refining the OF vectors using the BG removal mask definitely
improves the meaningfulness of the results: the amplitude of
the processed profile is basically halved, as seen in Figure 4.3a.
However, this does not solve the problem. The applied mask is
static and, as such, it does not account for any movement occurring
at the edges. Still, by introducing this adjustment in the overall
pipeline, FlowNet2 is able to analyze T1Ts and to draw qualitative
conclusions on the basis of the contraction profiles, as exemplified
in Fig. 4.3b.

4.2.2 Assessment of Type 2 Tissue

Next, the adjusted pipeline (as schematically illustrated in Figure
4.6) is used to analyze a video of an EHTs whose displacement
is very minimal, i.e. what we defined T2T or Type 2 Tissue (the
concerned recording is available as Supplementary Material 2).
OF fields are filtered with the BG removal binary mask, and the
resulting contraction profile is plotted. This is shown in Figure 4.4,
together with the SMA-smoothed version.

In this situation, FlowNet2 is not capable of detecting the contractile
motion with the needed sub-pixel precision: the shape of the profile
is irregular and individual contraction/relaxation peaks can not
be distinguished. To investigate whether the problem is associated
with the given pre-trained weights, different checkpoints of the
model were tested. In particular, FlowNetSD (= FlowNet Small
Displacement) seemed a promising alternative, since this part
of the network is specifically fine-tuned to better handle small
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Figure 4.3: (a) Contraction profiles before and after filtering FlowNet2 OF fields with the BG removal binary mask. Note that the
final contraction profile is almost halved compared to the initial one. (b) Results of the peak detection algorithm, which is run on the
mask-filtered contraction profile after smoothing it with a 5-samples SMA (as discussed in the Methodology section).

displacements and sub-pixel motion. Unluckily, it performed no
better than FlowNet2.

A theoretical solution to this problem is frame sampling. Sampling
the frames of the original video means reducing the number of
fps and effectively increasing the displacement detected between
subsequent images. A separate experiment is conducted to examine
the effects of frame sampling on the contraction profile of T2Ts.

4.2.3 Effects of frame sampling on T2Ts

Frame sampling could theoretically help to analyze the barely-
visible displacement that T2Ts undergo. However, reducing the
number of fps causes the loss of motion information that would
only be captured at a high frame rate. To restore at least the original
100 fps temporal resolution, the resulting contraction profiles are
interpolated.

The experiment of Section 4.2.2 is repeated for different sampling
frequencies: 1 (no sampling, resulting in 100 fps), 2 (50 fps), 3 (ca.
33 fps) and 4 (25 fps, close to the standard of 24 fps). Then, the
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Figure 4.5: Interpolated contraction profiles of a T2T at different sampling frequencies. (a) shows the curve of the non-sampled video
(sampling frequency = 1), while (b), (c) and (d) are derived from the same recording but with a sampling frequency of 2, 3 and 4
respectively.

contraction curves of the sampled videos are obtained by quadratic
interpolation (the choice of the interpolation method is carefully
reasoned in Appendix A.2). These are displayed in Figure 4.5.

Although frame sampling serves its purpose and indeed strengthen
the magnitude of the displacement (note how the amplitude of the
peaks increases with the sampling frequency), it does not bring
any benefit with respect to the overall quality of the profile. In fact,
the peaks are still not clearly distinguishable and sometimes they
do not even respect the contraction kinetics.

FlowNet2 performs decently on T1Ts but poorly and unreliably on
T2Ts. This limit opposes one of the requirements of the motion
analysis, i.e. robustness, and therefore makes this pre-trained
version of FlowNet2 unsuitable for the given dataset.

4.3 Workflow with Farnebick

The Gunnar Farnebéck’s algorithm requires the user to specify a
number of input parameters, which were experimentally tuned
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Figure 4.6: Adjusted workflow of the EHT motion analysis using FlowNet2. The red-colored parts correspond to additional steps added
on top of the original workflow of Figure 3.1. Here, the binary masked used for BG removal is also applied to the OF fields to clean the
OF estimates and only keep the vectors sitting within the tissue boundaries.
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Parameter = Description Value
r scale Specifies the image scale (<1) to build pyramids for each image; pyr_scale=0.5 means 0.8

pyr- a classical pyramid, where each next layer is twice smaller than the previous one. '

levels Number of pyramid layers including the initial image; levels=1 means that no extra 0.5
layers are created and only the original images are used. '

winsize Averaging window size; larger values increase the algorithm robustness to image noise Varuvin
and give more chances for fast motion detection, but yield more blurred motion field. L

iterations Number of iterations the algorithm does at each pyramid level. 5

Size of the pixel neighborhood used to find polynomial expansion in each pixel; larger
poly_n values mean that the image will be approximated with smoother surfaces, yielding 7
more robust algorithm and more blurred motion field. Typically poly_n =5 or 7.

Standard deviation of the Gaussian that is used to smooth derivatives used as a basis
poly_sigma for the polynomial expansion; for poly_n=>5, you can set poly_sigma=1.1; 1.5
for poly_n=7, a good value would be poly_sigma=1.5.

Table 4.1: Parameters of the Farnebéck algorithm (nomenclature based on the OpenCV function calcOpticalFlowFarneback), with a
short description of their role and their experimentally-defined values.

and reported in Table 4.1 (further details about the relevant theory
in Appendix A.1.3). The most delicate and influential parameter
was found to be winsize, the averaging window size: larger values
increase the algorithm robustness to image noise and give more
chances for fast and small motion detection, but yield more blurred
motion maps. The problem is that there exists no optimal trade-off
value for the specific application of Farnebéck to our dataset, since
T1Ts are — by definition — characterized by greater amplitude of
motion whereas the displacement of T2Ts is barely perceptible.
For instance, as Figure 4.7 shows, a window size of 40 pixels is
adequate to extract motion information of a T1T but does not suffice
for a T2T.

To render the motion analysis algorithm more versatile and robust
to the technical variations of the dataset, an iterative approach
is preferred. Optical flow is estimated iteratively with different
winsizes until the resulting contraction profile is clean enough
for further analysis. To quantify how clean the profile is, the
Signal-to-Noise Ratio is used.

The Signal-to-Noise Ratio (SNR) is a statistical measure used to
compare the level of the signal to the level of background noise. It
is defined as the reciprocal of the coefficient of variation, i.e. the
ratio of mean y to standard deviation o (see Equation 4.1) and it is
expressed in decibels (dB).

SNR = (4.1)

Q=

OF is iteratively estimated until the average SNR value reaches at
least 1 dB (experimentally defined value); should the threshold
not be reached, the optical flow is re-computed with a higher
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Figure 4.7: Contraction profiles and motion maps (extracted at time x = 1s) of the (a) T1T of Supplementary Material 1 and (b) T2T of
Supplementary Material 2 obtained using Farnebéck and a window size of 40 px. For first, notice the huge difference of scales on the
y-axes of the contraction profiles and secondly, realize that the entirety of the T1T is undergoing significant displacement while T2T’s
contractile motion is concentrated at the edges. Both facts support the definitions of T1T and T2T.

winsize (four possible window sizes have been empirically fixed:
40,150, 300, 450), which enables to capture more information about
the contractile motion. In the eventuality that all pre-established
winsizes are utilized and SNR > 1 dB is never reached, frame
sampling is applied to the video (as described in Sec. 4.2.3) and the
iterative refinement is repeated, testing all winsizes again. The
resulting pipeline is illustrated in Figure 4.8 and the corresponding
pseudocode is presented under Algorithm 1. Before proceeding
to the tissues analysis, let us investigate the influence of different
window sizes and sampling frequencies.

4.3.1 Influence of different window sizes

To study the effects of different window sizes on the final contrac-
tion profile, the same tissue of Figure 4.7(b) (the reader can find the
corresponding video in Supplementary Material 2) was analyzed
using the iterative algorithm. The stopping criteria (average SNR
value greater than 1) was reached after 3 iterations with winsize
= 300, as shown in Figure 4.9(d).

Figure 4.9(a) shows the average vector length together with its
standard deviation. Note how the variations around the mean
are reduced with a greater winsize: this is expected, since larger
windows result in smoother and more blurred OF fields that
suppress variations due to noise. These drastic reductions of the
standard deviation are also crucial to reach convergence, as they
are directly related to higher SNR values (recall Eq. 4.1).
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Figure 4.9: Influence of the Farneback window size (blue: 40; red: 150; green: 300) on the resulting contraction profile. Figure (a) shows
the average vector length together with its standard deviation; (b) compares the profile obtained with different windows and (c) shows
the effect of each window on the motion map (imaged at 1s). Finally, (d) illustrates the iterative process that was performed to obtain the
curves: OF was estimated until the average SNR reached least 1 dB. After 3 iterations the stopping criteria was met and peak detection
was performed (see Fig. )
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Figure 4.9(b), instead, compares the profiles shape-wise. The curves
are normalized to facilitate observations and to focus attention on
their shapes, clearly showing that the meaningfulness and ana-
lyzability of the profiles are greatly enhanced by larger windows.
Indeed, the curve obtained in the last iteration (that is, the one
that moves further down the pipeline) can be easily and correctly
processed by the peak detection algorithm, as shown in Figure
4.9(f).

Finally, Figure 4.9(c) highlights the trade-off between the meaning-
fulness of the contraction profiles and the blurriness of the motion
maps.

Algorithm 1: Farnebéack iterative motion analysis

1 import nd?2 file;
2 preprocess image sequence;

3 while SNR < 1 and you can increase winsize or samp_freq do
4 Compute OF for all image pairs;

5 Calculate SNR for each OF field;

6 Compute average SNR;

7 if avg SNR > 1 then

8

9

‘ break;
else
10 if all winsize-samp_freq combination were tried then
11 ‘ break;
12 else
13 if other winsize values still available then
14 ‘ choose next winsize value;
15 else
16 L increase samp_freq and restore initial winsize
/* considering the OFs of the last iteration: */

17 generate motion map video;

18 generate HOOFs;

19 generate contraction profile;

20 smooth profile using SMA;

21 detect peaks;

22 final assessment of the contractile properties;

4.3.2 Influence of frame sampling

As already done multiple times, the 100 fps time resolution of
the contraction profiles is restored by quadratic interpolation.
Figure 4.10 shows the effects of such interpolation method on the
contraction curves obtained with sampling frequencies of 1, 2, 3 and
4 and a winsize of 40 px. First of all, Figure 4.10(a) demonstrates
that — contrarily to what observed with FlowNet2 — frame sampling
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Figure 4.11: Impossibility to detect the
correct valley in the contraction profiles
of T2Ts. The relaxation peak overlap
with that of contraction.

does help Farneback capture more information about the contractile
motion of T2Ts. Figure 4.10(b), instead, shows that increasing the
sampling frequency induces an increase of the standard deviation
of the estimated motion. This is to be expected, since the window
size remains constant throughout the experiments and nothing
changes apart from the magnitude of the displacement. However,
as a consequence, the average SNR increases much more slowly
between iterations and hence the convergence time is increased.
This is why different winsizes are given priority over different
sampling frequencies, as seen in Algorithm 1.

4.3.3 Assessment of T1Ts and T2Ts

The proposed SNR-based iterative approach makes the motion anal-
ysis robust and versatile. In fact, for all 81 videos of the dataset the
algorithm successfully extracts contraction curves that (1) present
well distinguished peaks, meaning that the frequency condition (the
main indicator of correct functioning) can always be checked and
(2) respect the amplitude condition enforced by the underlying kinet-
ics (each contraction peak is higher than the subsequent relaxation
peak). The kinetics-governed velocity constraint can unfortunately
only be assessed for the profiles of T1Ts. These are richer in motion
information than T2Ts, since — as could be seen in Figure 4.9(f) —
the latter often feature relaxation peaks that overlap with those of
contraction. As a consequence, it impedes the detection of correct
relaxation valleys (see Figure 4.11) and thus to check the velocity
condition.

Supplementary Material 3 and 4 show the output of the algorithm
on a T1T and T2T respectively.

4.3.4 Histogram of Oriented Optical Flow (HOOFs)

Although not involved in the final assessment of the contractile
properties, HOOFs still reveal valuable information of EHTs hidden
in the videos. For instance, they are especially helpful to determine
the dominant direction of motion of T2Ts, where the displacement
is scarcely detectable. Supplementary Material 5 demonstrates
such situation.
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Figure 4.10: Study of a T2T’s contraction profile obtained using the same window size (= 40) and various sampling frequencies (1, 2, 3,
4). Fig. (a) shows the interpolated curves and emphasizes the different peak amplitudes and shapes. Fig (b), instead, shows the average
vector length and its standard deviation. It is interesting to notice that the latter does not undergo major changes as observed when
studying the effects of different window sizes (see Figure 4.9a
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Figure 4.12: Comparison of the contraction curves obtained using FlowNet2 and Farnebéck on (a) TIT (whose video is available as
Supplementary Material 1) and (b) T2T (also available under Supplementary Material 2). The results of block-matching were not
included on purpose.

4.4 Comparison of performance

We have observed that block-matching is not suitable for this study,
FlowNet?2 is limited to T1Ts and Farnebéck is the most versatile
algorithm. Let us now focus on these last two and compare their
performance.

The recording of a T1T (Supplementary Material 1) has been
analyzed with both FlowNet2 and Farnebdck and the resulting
contraction profiles have been plotted in Figure 4.12(a). Several
things can be observed:

» The shape of the two waveforms is very similar. In view
of a peak detection-based qualitative characterization, the
performance of FlowNet2 and Farnebédck on T1Ts is alike;

» The curve obtained with FlowNet2 reaches zero in between
cycles. Contrarily, the average vector length of Farneback
is never completely zeroed, possibly due to some leftover
noise;



4.5 Results of classification

» The oscillations captured by FlowNet2 have greater am-
plitude compared to those extracted by Farneback. Such
behavior is expectable: FlowNet2 fields have been filtered
with the binary mask generated earlier during BG removal,
which - as explained in Section 3.2.3 —is derived from an
edge selection that is later expanded to account for possible
motion. Resultantly, the profile does not only contain the
motion vectors belonging to the EHT, but also those lying in
the immediate vicinity of the tissue boundaries; these extra
vectors are likely to contribute to greater amplitude.

Figure 4.12(b) compares the profiles obtained with the two different
OF estimation methods on the recording of a T2T (Supplementary
Material 2). FlowNet2 is unsuitable for this analysis, while a careful
choice of Farnebdck’s parameter allows the algorithm to be robust
and versatile.

4.5 Results of classification

As already proved, the iterative Farnebéck approach extracts mean-
ingful contraction profiles for all 81 videos. However, such curves
still have to go through the peak detection step, which eventually
determines the correctness of classification.

A faulty identification of the peaks results in the classification of
the tissue as misbehaving, since the time position of contractions and
relaxations are incorrect. For this reason, the implemented peak
detection algorithm was finely tuned to analyze correctly-operating
EHTs, whose contraction profiles exhibit distinct peaks (see Figure
4.13a and b). Yet, it is prone to failure in the presence of anomalous
spikes and extra cycles (Figure 4.13c), but this is negligible since
these abnormal situations are an indicator of faulty behavior even
upon accurate peak detection.

In fact, let us compare the robustness of peak detection with that
of the final qualitative categorization. To determine the accuracy
of the peak detection algorithm, one could ideally investigate
whether the kinetics-governed constraints are fulfilled. However,
as already discussed in Section 4.3.3, overlapping peaks of T2Ts
make it impossible to verify the velocity condition. As a consequence,
to establish a homogeneous judgment criterion that is valid for the
entire dataset, the detection of the peaks is defined correct if the
amplitude condition is satisfied. Peak detection was found successful
in 59 out of 81 cases, yielding an accuracy of 72.8%.

To also evaluate the accuracy of the classification algorithm, one
would need to compare the results of the motion analysis with the
ground truth labels of the tissues. However, such labels do not exist
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Table 4.2: Results of classification sum-
marized in a confusion matrix.

yet and researchers from the BIOS lab were unable to generate them
within the timeframe given. To supply an approximate measure
of performance, we can assume that the curves obtained with
Farnebéck are correct, and manually categorize each tissue on
the basis of the motion information contained in its contraction
profile. Only then the results of the classification algorithm can be
compared with those of the manual categorization to generate the
confusion matrix shown in Table 4.2.

Prediction

Positive

Negative

Positive

Ground truth

Negative

N TP + TN
ccuracy =
Y= TP+ FP+ TN + EN

(4.2)

Several performance measures such as accuracy, precision, recall and
F1 score could be extracted and interpreted. Since the ground truth
data are based on an assumption, however, a detailed evaluation of
the model is left for future work. Here we restrict the analysis of the
confusion matrix to the accuracy, in order to enable a comparison
with the peak detection algorithm. Thus, it follows from Equation
4.2 (where T=True, F=False, P=Positive, N=Negative) that the accu-
racy of classification is 88.8%. Such value supports the hypothesis
that peak detection performs poorly on misbehaving tissues but
still (generally) succeeds to return a correct classification.

4.6 Algorithm limitations

The proposed algorithm performs flawlessly under the condition
that the EHTs undergo sufficient displacement. Although the SNR-
based iterative refinement introduced significant improvements
with respect to robustness and versatility of the model, the curves
of T1Ts are still richer in information than those of T2Ts. In fact, the
only limitation of the algorithm is that contraction and relaxation
peaks overlap in the profiles of T2Ts, impeding the verification of
the velocity constraint.
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Figure 4.13: Contraction profiles, peak detection and consequent classification in different scenarios. The peaks are properly detected in
(a) and (b), leading to the correct classification of the tissues as well-behaving and misbehaving, respectively. In (c) instead, peak detection
fails: several contractions are marked as relaxation, and vice versa. Resultantly, peaks are not equally time-distant and the frequency
condition is not fulfilled. The tissue is classified as misbehaving and actually, the tissue does indeed behave unexpectedly and causes the
failure of peak detection. The qualitative categorization is thus not altered.






Conclusions

5.1 Discussion and future outlook

The results of the algorithm provide interesting points of discus-
sion. First of all, the iterative procedure was never found to require
a sampling frequency higher than 1. Larger window sizes were
sufficient to reach the desired SNR threshold, meaning that frame
sampling was never employed. Secondly, several contraction pro-
files contain ripples that compromise the correctness of the peak
detection outcomes. Those fluctuations are certainly caused by
noisy OF estimations, hence one could increase the SNR threshold
to further enhance the performance of the algorithm. Of course,
this is at the expenditure of computational time.

Future implementations could benefit from several other improve-
ments that were precluded by the limited time frame. Firstly,
we remarked the limitation of the algorithm to provide well-
distinguished peaks in the profiles of T2Ts. Huebsch et al. at-
tributed this problem to an insufficient temporal resolution*, thus
further works could experiment the effects of higher fps on the
waveform shape. Additionally, Farnebdck was the only algorithm
defined suitable for this study and it would be worth investigating
variations of the other methods. A reliable block-matching algo-
rithm could be written from scratch or ported from other available
implementations (e.g. many MatLab-written algorithms can be
found on MathWorks, see for example48). FlowNet2, instead, could
ideally be trained on the given dataset if the latter grows signif-
icantly in size. This would however require the labor-intensive
task of generating ground truth data, which implies drawing a
displacement vector for all pixels contained in each frame of each
video. A demanding effort (with doubtful feasibility) that would
yet bring study-worthy changes of FlowNet2 performance.

Moreover, there is particular room for improvement in the qualita-
tive characterization phase. As already mentioned, the classification
model requires a thorough evaluation based on reliable ground
truth data. Besides, the simplest revision to the current implemen-
tation would be rendering the peak detection robuster, possibly by
testing different algorithms; instead, more drastic changes would
be introduced by tackling the qualitative assessment as a binary
classification problem (correctly and incorrectly behaving tissues),
where the input features are either derived from the contraction
profiles or HOOFs themselves. In any case, these features could
eventually be projected on a low-dimensional Euclidean space

“8 Barjatya (2011)
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(so that each recording is described by spacial coordinates) and
clustered using unsupervised machine learning techniques. Pre-
sumably, a correlation between the behavior of the tissues and the
drug that they were subject to would emerge.

Finally yet importantly, this work can be potentially extended to
go beyond the "simple" characterization of the contractile proper-
ties and also assess the clinical utility of EHTs. In fact, clinically
useful cardiac tissues respect the conditions imposed by the Frank-
Starling law*?, the mathematical relation that plays a major role in
treatment of CVDs. It describes the ability of the heart to change its
force of contraction and stroke volume in response to changes in
venous return’’; in other terms, the law relates the initial length of
CMs to the force generated by contraction. Therefore, the studied
contraction profiles can be further examined to derive velocity,
acceleration and possibly forces of contraction. This would un-
doubtedly require additional developments but, combined with
a separate study on the initial length of myocardial fibers, the
workflow can mature into a valuable tool to determine the clinical
usefulness of artificial cardiac tissues.

5.2 Conclusion

The contractile properties of EHTs are directly related to their
health and function. The current state of research offers a vari-
ety of methods to assess their beating behavior, but still lack of
established contact-less techniques. This thesis outlined a novel
optical-flow based workflow for the extraction, analysis and as-
sessment of the contractile qualities of artificial cardiac tissues.
Block-matching, FlowNet2 and Farnebdck were employed as OF
estimation methods and consequently compared in terms of per-
formance: block-matching was found unsuitable for this study;
FlowNet2 was only applicable under specific circumstances while
Farnebick, combined with an iterative refinement, succeeded in
reaching sufficient robustness. The estimated motion vectors were
summarized in (1) Histogram of Oriented Optical Flow, (2) motion
map videos and (3) contraction profiles. The latter underwent
a SMA smoothing process before being analyzed with a peak
detection algorithm, which correctly identified contraction and
relaxation peaks with an accuracy of 72.8%. Despite the discrete ro-
bustness of peak detection, the accuracy of the classification based
on the extracted characteristics of motion amounted to 88.8%. Fi-
nally, this thesis was temporally confined in 10 weeks but provided
numerous insights and points of reflections that will hopefully
incite future students to develop this work further or, at least, to
undertake a similar journey.
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Appendix

A.1 Optical flow algorithms

The following sections focus on each of the three selected OF
algorithms, diving into the technical and theoretical details of their
implementation.

A.1.1 Block-matching

A block-matching algorithm is a way of locating matching macro-
blocks in a sequence of video frames. It segments an image into
blocks of size NXN pixels and assumes that each block under-
goes independent uniform translation, described by the vector
v = (dx, dy) seen in Figure A.1. Each macro-block is searched in the
adjacent frame within a search window, centered around the initial
block. The size of the search window is dictated by the "search
parameter” p, which corresponds to number of pixels on all four
sides of the reference macro-block (as illustrated in Figure A.2).

The best match is found by minimizing a cost function, whose
output gives a numerical indication for the amount of mismatches.
The most common criteria are’' Mean Square Error (MSE), Mean
Absolute Difference (MAD), Sum of Absolute Difference (SAD) and
Peak to Signal Noise Ratio (PSNR), described by Equations A.1, A.2,
A.3 and A .4 respectively.

1 N—l 2
MSE(i, j) = — > (Cj— Ry (A1)
N* "0
1 N-1
MAD(i, j) = — Z ‘Cij - Ri]“ (A.2)
N* 520
N-1
SAD(i,j) = > ‘cij - R,-]-’ (A.3)
i,j=0
K k value of data)?
PSNR = 1010g10 (pea to peak value o ata) (A.4)

MSE

where C;; and R;; are pixels value of the current and reference
macro-blocks.

previous frame |

N
—

N[-|-

reference frame |

_|_

macro-block
at time t+dt

comparison I

Figure A.1: Displacement vector
v = (dx, dy) of an NXN px macro-block
calculated from two consecutive video
frames.

search area p

current p
N macro-block

N

Figure A.2: Search window of a block-
matching algorithm. A macro-block of
size NXN px is surrounded by a search
area that spans for p pixels around the
four sides of the reference macro-block.

51 Khawase et al. (2017)
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convolutional [ )
network

Figure A.3: Schematic representation
of the FlowNet architecture: end-to-end

neural networks trained to estimate op-

tical flow from image pairs. Retrieved

from*'.

Many algorithms have been developed throughout the years,
but this thesis implemented the Three-Steps Search. It runs as
follows:

1. Start with search location at center;

2. Choose a step size S and search parameter p;

3. Search 8 locations +/- S pixels around location (0,0) and the
location (0,0);

4. Among the 9 locations searched, pick the one with minimum
cost function;

5. Set the new search origin to the above picked location;

6. Set the new step size as S=5/2;

7. Repeat the search procedure until S =1

The resulting location for S=1 is the one with minimum cost
function and the macro block at this location is the best match.

A.1.2 FlowNet2

FlowNet is the pioneering application of Convolutional Neural
Networks for OF estimation. The first version (FlowNet 1.0 or
simply FlowNet) was proposed by Dosovitskiy et al. in 2015
and proved that optical flow estimation can be cast as a learning
problem. However, it could still not compete with traditional
methods on small displacements and real-world data. FlowNet 2.0°!
consolidated and enhanced the original FlowNet idea, drastically
improving performance and bringing the algorithm on par with
other state-of-the-art methods.

Since the version 2.0 highly depends on FlowNet 1.0, the latter will
be examined first.

Flownet1.0. Theidea of FlowNetis to take an end-to-end learning
approach to predicting optical flow, meaning that a network is
trained to predict the x — y flow fields directly from the images
(see Figure A.3). The proposed networks contain a contracting
part and an expanding part. These are depicted — respectively —in
Figures A.4 and A.5 and will be discussed individually.

Contracting part

This portion of the network uses pooling to aggregate information
over large areas of the input images. Dosovitskiy et al. proposed
two different approaches:

1. Stack the two input images together. Feed them through a
generic network and let the network decide itself how to
process the inputs and how to extract the motion informa-
tion. This network, depicted in Figure A.4 (top) is named
FlowNetSimple.
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FlowNetSimple

FlowNetCorr
K i l
l3

Figure A.4: The contracting part of the two network architectures: FlowNetSimple (top) and FlowNetCorr (bottom). The green funnel
is a placeholder for the expanding refinement part shown in Fig A.5. Taken from®’.
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64

2. Use the image pair as input for the two branches of a Siamese

network. By using two parallel yet identical processing
streams, the network is constrained to first produce meaning-
ful feature representations of the two images separately and
then combine them on a higher level, resembling the stan-
dard matching approach in which features are first extracted
and then compared. In the case of this network, illustrated
in Figure A.4 (bottom) and named FlowNetCorr, the cor-
respondences of the two feature maps are extracted by a
convolutional layer that performs multiplicative patch com-
parisons. More precisely, it compares patches from f; with
patches from f,, where f, and f; are the two multi-channel
feature maps f1, f» : R> > R with w, h, and ¢ being their
width, height and number of channels.
For computational reasons, correlations c¢(x1,xz) are only
computed in a neighborhood of size D := 2d + 1, where
d denotes the maximum possible displacement. Then the
correlation of two patches centered at x; in the first feature
map and x; in the second map is defined as:

c(x1,x) = >, (fka+o),fix+0)  (A5)
o€~k KIx[~k k]

for a square patch of size K := 2k + 1.

Expanding part

As mentioned above, the contracting partis based on pooling. While
it is essential for the aggregation of information coming from the
input images, pooling also results in a reduction of the resolution
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conv6

1x1

*: upconvolved

Figure A.5: Expanding part of the FlowNet architecture, refining the coarse flow to high resolution. Retrieved from?.

that disallows for the generation of dense per-pixel estimations.
For this reason, a second part of the network is required to refine
the coarse flow (obtained by pooling) to high resolution.

The expanding part of the network is driven by "upconvolutional"
layers and the refinement is indeed performed by applying the
upconvolution to feature maps. Then, to preserve both the high- and
low-level information, the authors concatenated the upconvoluted
feature maps with corresponding feature maps from the contractive
part and with an upsampled coarser flow prediction. This is
repeated 4 times, as illustrated in Figure A.5.

Evolution of FlowNet 1.0. FlowNet 2.0 inherits the advantages
of the original FlowNet while also resolving problems with small
displacements and noisy artifacts. The architecture of FlowNet 2.0
is depicted in Figure A.6. It features:

» A new training data schedule
The authors experimented with the training phase to con-
clude that the final performance is not only determined by
the quality of training data themselves but also by the or-
der they are presented during training. FlowNetSimple and
FlowNetCorr networks trained with the new schedule are
now denoted with FlowNet2-S and FlowNet2-C respectively;

» Stacked architecture
The paper remarks that all state-of-the-art OF techniques
rely on iterative methods and successfully introduce iterative
refinement in FlowNet by stacking multiple network archi-
tectures. In the final configuration, the stack comprises (in
order) 1 FlowNetC and 2 FlowNetS (i.e. FlowNet2-CSS);

» A new network specialized on small displacements
A FlowNet2-CSS architecture was subject to further training
and fine-tuning to better handle small displacements and
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Figure A.6: Schematic view of the complete FlowNet 2.0 architecture, as seen in®l Tt comprises (i) a stack of networks (1 FlowNet2-C
and 2 FlowNet2-S, resulting in FlowNet2-CSS); (ii) a sub-network specialized in small displacements, named FlowNet2-SD; (iii) a small
deep network that fuses FlowNet2-CSS and FlowNet2-SD.

subpixel motion. The resulting sub-network was denoted as
FlowNet2-SD.

» Fusion network
Finally, the authors introduced a small and simple deep net-
work to fuse FlowNet2-SCC and FlowNet2-SD. The resulting
network is FlowNet2.

The final architecture reduced the estimation error of the original
FlowNet by more than 50% and is capable of handling large as
well as small displacements.

A.1.3 Farnebick

The Gunnar Farnebédck (or simply Farneback) technique was intro-
duced in 2003 by the homonym researcher in his paper “Two-Frame
Motion Estimation Based on Polynomial Expansion”*°. Itis a two-frame
motion estimation algorithm that relies on the approximation of
both frames” neighborhoods by quadratic polynomials, which can
be done using polynomial expansion. Then, using the polynomial
expansion coefficients, displacement fields can be estimated by ob-
serving how an exact polynomial transforms under translation.

Polynomial expansion. Instead of working directly on the im-
age intensity values, most image analysis methods start with
some transformation of the data (e.g. Fourier transforms). Gunnar
Farnebéck introduced the concept of polynomial expansion®”: the
basic idea is to approximate a neighborhood of each pixel witha ™ Farnebéck (2002)
polynomial and to assume that its coefficients capture sufficient
information about the signal. The Farnebadck method is based on
quadratic polynomials, which give the local signal model expressed
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in a local coordinate system:

f(x) ~xTAx +bTx +c (A.6)

where A is a symmetric matrix, b a vector and ¢ a scalar. More
specifically:

r ry 2
c=r, b:(é), andA:(é 2) (A7)
2

so that

x,vy) ~ p(x,
fxy) ~plx,y) o A8)
=71+ 72X +T3Y + T4X” + 15X + TeXY

The coefficients r; are estimated from a weighted least squares fit
to the signal values in the neighborhood™’:

2
arg min 3 (w(x, )(F(x, ) - pex, ), (A9)
r,...,%e X,y
where:
-2 N-1 N-1
w(x,y) = ¢ i< T < (A.10)
0, otherwise

Ideal displacement estimation. We wish to estimate the dis-
placement between the first and the second frame. In his paper,
Farnebidck introduces the reader to displacement estimation by
analyzing the ideal case in which an image is described by an exact
polynomial:

filx) = xTAix + blTx +cq (A.11)

and the second translated image is constructed by introducing a
global displacement d:

fox) = ilx—=d) = (x— d)TAl(x -d)+ blT(x -d)+
= x"A;x + (by —2A1d) x + d"A;d - bld + 1 (A.12)

= xTAzx + ng + cp

Then, equating the coefficients in the quadratic polynomial yields:

Ay = A4 (A.13)
b, = by —2A:d (A.14)
co=d"Aid-bjd+c (A.15)
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Finally, if A; is non-singular the global displacement d can be
solved from Equation A.14:

2A1d = —(b2 = by)

1 (A.16)

d= —EA;l(b2 —by)

Practical considerations. This derivation was based on the (un-
realistic) assumptions that:

» An entire image is exactly described by a single polynomial;
» Two consecutive frames are related by a global translation.

To account for these issues, Farnebédck began with replacing the
global polynomial with local polynomial approximations by doing
a polynomial expansion of both images. This gives the expansion
coefficients A1(x), b1(x) and c1(x) for the first frame and A,(x),
by(x) and cp(x) for the second frame. Ideally we wish to have
A; = A; according to Equation A.14, but a practical solution is to
settle for the arithmetic mean:

Aq(x) + Ax(x)

A(x) = >

(A17)

Next, we wish to move from global to local translations. To simplify
notation, the author introduced the variable Ab(x):

Ab(x) = =3 (b2(x) ~ b1 (x) (A18)

so that plugging A.17 and A.18 in Equation A.14 yields:

A(x)d(x) = Ab(x) (A.19)

which is the final system that we wish to solve. Here, d(x) indicates
that we have also replaced the global displacement with a spatially
varying displacement field.

Estimation over a neighborhood. Equation A.19 can be solved
pointwise, but leads to noisy results. Instead, Farneback assumes
that the displacement field is only slowly varying, allowing to
integrate information over a neighborhood of each pixel. Thus we
try to find d(x) from Eq. A.19 which also minimizes:

> w(Ax) [|A(x + Ax)d(x) — Ab(x + Ax)||’ (A.20)
Axel
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Where w(Ax) is a weight function for the points in the neighbor-
hood. The minimum is obtained for:

dx) = (I wATA) " ST wATAb (A.21)

and the minimum value is given by:

e(x) = (> wAb'Ab) —d(x)" > wATAb (A.22)

Parametrized Displacement Fields. The robustness can be im-
proved if the displacement field can be parametrized according to
some motion model. In this 2D case, the author uses:

dx(x,y) = a1 +axx + azy + arx? + agxy

) (A.23)
dy(x,y) = as + asx + agy + azxy + agy
This can be rewritten as:
d=Sp (A.24)
1 2
S = x y 00 0 x xg (A.25)
0 001x vy xy vy
T
P= (ﬂ] a Aasz dg ds dg Ay ag) (A.26)

Inserting this into leads to weighted least squares problem:

> willAiSip — Ab;||? (A.27)
;

where i is used to index the index the coordinates in a neighborhood.
The solution is

-1
p= (Z w;STATA;S;
i

> wiS]A] Ab; (A.28)
i

Iterative and multi-scale displacement estimation. In his paper,
Farnebéck highlighted the possibility to incorporate a priori knowl-
edge in the calculation of the displacement, allowing for better
estimates. Essentially, we compare the polynomial at x of the first
image to the polynomial at x + a(x) in the second image, where
El(x) is the a priori displacement rounded to integer values. Then,
we simply estimate the relative displacement between the real
value and the rounded a priori estimate. More formally, we replace
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Equations A.17 and A.18 — respectively — with:

A1(x) + Ax(X)

Alx) = : (A.29)
Ab(x) = =3 (bo(®) = bi() + AWK (A30)

where
x=x+dx) (A.31)

The a priori knowledge can be used to estimate the displacement
iteratively or using a multi-scale approach. In both cases, we
repeatedly estimate the displacement in one step and use it as a
priori displacement in the next step, usually setting it to zero for
the first iteration. In the iterative approach the same polynomial
expansion coefficients are used in all iterations and need to be
computed only once. The second approach uses a multi-scale
estimation to better handle large displacements, propagating the
image trough a coarse-to-fine scale that gradually increases the
accuracy of the estimates. This approach, however, implies the
re-computation of the coefficients for each scale.

A.2 Interpolation method in contraction
profiles

Throughout the report, we attempted to obtain cleaner T2T profiles
by frame sampling the original video. Then, to restore the original
100 fps time resolution, the contraction curves were obtained by
interpolation. This section shows the motivation behind choosing
a specific interpolation method, i.e. quadratic.

One possible way of determining the best interpolation method
would be to compare the contraction profile obtained from a sam-
pled video with that of the non-sampled version. More specifically,
one could try to interpolate the profile of the sampled record-
ing and see which interpolation method (linear, quadratic, cubic)
yields a curve that resembles the non-sampled video’s profile the
closest. The problem with this strategy is that the two curves are
not directly comparable, since the sampled video results in a profile
that has much higher peaks (the higher the sampling frequency,
the greater the displacement, hence the higher the peaks). As a
workaround, before the analysis one could do a normalization
of these curves (to make them comparable shape-wise), but due
to the information loss introduced by frame sampling the maxi-
mum (and/or minimum) value of the original curve will likely not
correspond to those extracted from the sampled video.
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Still, we don’t want to blindly assume that the displacement is
linear /quadratic/cubic. What can be done to reason a choice is to
perform the experiment on a synthetic sampled profile:

1. Take the contraction profile derived from a video without
any frame sampling;

2. From that curve, sample points at a specific frequency. The
result will be a synthetic sampled profile that can now be
directly compared to the non-sampled curve;

3. Interpolate the sampled points using different interpolation
methods (see Figure A.7);

4. Conclude which method reconstructed the original curve
the closest.

Linear interpolation is the one that (obviously) performs the worst.
Both quadratic and cubic interpolation, instead, yield more accurate
curves as well as similar distributions of the residuals. Their
performance difference will likely become more prominent for
higher sampling frequencies, but here the difference is minimal.
Therefore, to keep the model simple, quadratic interpolation is
chosen as the preferred interpolation method.
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Figure A.7: Effects of different interpolation methods on a 1 seconds-range of a contraction profile. Linear (blue), quadratic (red) and
cubic (green) interpolation are tested with a sampling frequency of 3 (Fig. a) and 4 (Fig. b).
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A.3 Supplementary material

Several videos have been attached to the report to facilitate the understanding of the text. This
supplementary material is attached below.

Supplementary Material 1 Raw video of a T1T link
Supplementary Material 2 Raw video of a T2T link
Supplementary Material 3 Results of the motion analysis of a T1T link
Supplementary Material 4 Results of the motion analysis of a T2T link
Supplementary Material 5 HOOQOFs of a T2T link

Table A.1: Supplementary material.


https://youtu.be/93lJRjXvHwA
https://youtu.be/oKy39PNgI8A
https://youtu.be/246fZYk9xT4
https://youtu.be/qlXTOB-8_pU
https://youtu.be/ZqvuszSY8D8
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